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The study showed evidence for developing a cost-optimized framework for
implementing Azure Data Mesh within financial institutions, aiming to unlock
measurable business value through scalable and decentralized data management
practices. As the financial sector faces increasing demands for real-time insights,
regulatory compliance, and operational efficiency, traditional centralized data
architectures often prove inadequate. This study proposes a structured approach to
adopting Azure-based data mesh solutions that balance technological innovation with
cost governance and business outcomes.

A comprehensive mixed-methods methodology was employed. Primary data was
collected through surveys targeting industry professionals across various roles,
focusing on current data management challenges, technology adoption patterns, and
governance practices. In addition, case studies and proof-of-concept (PoC)
implementations were conducted to validate the practical applicability of the
proposed framework. These methods provide rich empirical evidence, ensuring the
framework is both grounded in industry needs and capable of addressing domain-
specific challenges inherent to the financial sector.

Initial findings indicate that successful data mesh adoption in financial organizations
depends on four critical pillars: technological maturity, clear data ownership,

proactive cost optimization, and alignment with business domains. Leveraging Azure-



native services such as Azure Data Factory, Azure Databricks, Synapse Analytics,
and Purview, the proposed framework demonstrates the ability to enhance data
democratization, improve governance, and significantly reduce operational costs.
Furthermore, the integration of cost-monitoring mechanisms into the architectural
blueprint ensures that financial organizations can scale their data platforms
sustainably.

This research concludes by offering a detailed, actionable roadmap for financial sector
organizations seeking to transition toward a modern, domain-driven data architecture.
By bridging theoretical insights with practical validation, this work provides a
complete guide to establishing a scalable, cost-effective Azure Data Mesh solution that
directly contributes to business growth and operational resilience. The findings aim to
empower decision-makers, data strategists, and IT leaders with the necessary tools and
knowledge to drive successful cloud-based data transformations in the evolving

financial domain.
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CHAPTER 1

INTRODUCTION
1.1 Introduction

In today's fast-paced digital economy, the ability to manage, govern, and extract value
from vast amounts of data has become a critical determinant of organizational success.
Industries across the globe are witnessing an unprecedented explosion of data
volumes, with financial institutions, in particular, facing significant challenges in
ensuring data accessibility, security, scalability, and cost-efficiency Traditional
centralized data architectures often fail to keep pace with the agility and innovation
demands of modern enterprises, leading to inefficiencies, data silos, and escalating

operational costs (Gade, 2019).

The financial sector, governed by stringent regulatory requirements and marked by
complex transactional processes, requires highly resilient, flexible, and economically
sustainable data management solutions (Bode et al., 2023). Conventional data
warehousing and monolithic data lakes, while powerful in the past, have become
increasingly inadequate in addressing the distributed and domain-specific data needs
of financial organizations (Blohm et al., 2024) In response to these challenges, the
concept of Data Mesh has emerged as a game-changing approach, promoting
decentralized data ownership, domain-driven design, and self-serve data infrastructure
(Dehghani, 2020b). However, despite its conceptual appeal, the practical adoption of
Data Mesh within financial institutions remains a complex endeavour, particularly due
to concerns around cost optimization, governance, and technology integration
(Goedegebuure et al., 2024).

This research specifically addresses the intersection of Data Mesh architecture and
Azure cloud technologies within the financial services domain (Wider, Verma and
Akhtar, 2023a). While Microsoft Azure provides robust tools and services that can
enable scalable data solutions, a systematic framework guiding cost-optimized

adoption of Data Mesh principles tailored to the financial industry is notably absent



(Kirthica, Sabireen and Sridhar, 2019). Without such a framework, institutions risk
facing inflated costs, fragmented governance models, and unrealized business value

(Chelliah and Surianarayanan, 2021)

Therefore, the purpose of this study is to design, implement, and validate a
comprehensive framework that enables financial institutions to effectively adopt
Azure-based Data Mesh solutions in a cost-efficient manner, with measurable
outcomes in business value creation (Butte and Butte, 2022a). Through a combination
of survey research, case studies, and proof-of-concept implementations, this work
seeks to bridge theoretical innovation with practical application, offering a structured
roadmap for financial organizations navigating the complexities of modern data

management (Panigrahy, Dash and Thatikonda, 2023a)
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Figl.1: Data Mesh In detail

The outcomes of this research are anticipated to significantly contribute to both academic
understanding and industry practice by demonstrating how organizations can not only
modernize their data architectures but also drive strategic business advantages while
maintaining cost discipline. By establishing a validated framework, this study aspires to
empower financial institutions to harness the full potential of decentralized data strategies

within a cloud-native environment (Hendriks, 2023).



1.2 Background

The exponential growth of data within financial institutions has necessitated a
paradigm shift in how data is managed, accessed, and utilized. Traditionally,
enterprise data strategies have centered around centralized architectures like data
warehouses and data lakes, which aimed to streamline data management, ensure
consistency, and support analytics by consolidating vast organizational data into a
single repository yet their limitations have become evident with the exponential
growth in data volume and diversity. However, these centralized systems often
struggle with scalability, governance complexity, cost overruns, and responsiveness to
evolving business needs. In response to these limitations, the perception of Data Mesh
has emerged as a disruptive strategy to decentralized data management, emphasizing
domain-centric data ownership, self-serve infrastructure, and federated governance
(Dolhopolov, Castelltort and Laurent, 2023).

Financial institutions, by virtue of their data-intensive operations and stringent
regulatory environments, present a unique context for exploring Data Mesh adoption.
The sector demands not only robust data management but also cost efficiency,
security, and scalability. Azure, Microsoft's cloud platform, offers a comprehensive
suite of services that align closely with the principles of Data Mesh, providing
flexible, scalable, and secure solutions for domain-driven data architecture.
Leveraging Azure's cloud-native services can enable financial organizations to
operationalize Data Mesh concepts while optimizing for cost, compliance, and

innovation (Kumar, Mishra and Kumar, 2024).

Despite its potential, the implementation of Data Mesh in the financial sector is still
nascent and complex, particularly when balancing the competing demands of cost
optimization, regulatory compliance, and technological innovation. Organizations
must address critical challenges such as domain modeling, infrastructure automation,
data product ownership, cross-domain governance, and cost management (Hendriks,
2023)

This research aims to bridge this gap by developing a practical, cost-optimized
framework for Data Mesh adoption tailored specifically to the needs of financial

institutions. It further aims to validate this framework through survey research, case



studies, and proof-of-concept implementations leveraging Azure services. By
systematically examining the drivers, barriers, and outcomes of Data Mesh adoption,
the study endeavors to offer a roadmap for financial institutions seeking to harness
decentralized data architecture as a strategic asset. In doing so, it contributes to the
evolving body of knowledge on cloud-based data management strategies and supports
the financial sector’s broader goals of digital transformation and value creation

through data (Goedegebuure et al., 2024)

1.3 Research Problem

The capability to leverage data as a core strategic asset has become a defining factor
for competitiveness and resilience in the financial sector. Yet, despite significant
investments in data infrastructure, many financial institutions remain burdened by
centralized, monolithic architectures that are ill-equipped to handle today’s dynamic
data demands. These legacy systems often lead to operational inefficiencies, siloed
data ownership, and increasing costs ultimately constraining the agility required for
real-time decision-making and innovation (Blohm et al., 2024).

With the proliferation of diverse data sources and the accelerating need for
compliance, transparency, and customer-centricity, there is growing pressure on
financial organizations to rethink their data architecture. The Data Mesh paradigm,
which advocates domain-oriented ownership, federated governance, and self-serve
infrastructure, offers a promising alternative to traditional centralized models. When
integrated with Microsoft Azure's cloud-native ecosystem, including services like
Azure Synapse Analytics, Data Factory, and Unity Catalog, Data Mesh can facilitate

scalable, secure, and cost-conscious data (Joshi, Pratik and Rao, 2021a).

However, the practical realization of this model in the financial domain is still at a
nascent stage. Many institutions struggle to balance decentralization with regulatory
compliance, maintain data quality across domains, and control cloud spending without
a coherent framework. Moreover, there is limited empirical research or real-world
guidance on how Azure-based Data Mesh architectures can be adapted to tackle
challenges unique to the sector of governance, risk, and performance optimization
(Panigrahy, Dash and Thatikonda, 2023a)

This research aims to address this critical gap by developing a structured and cost-



effective framework tailored to modern data challenges for implementing Azure Data
Mesh in financial institutions. It seeks to answer how organizations can transition
from centralized legacy systems to a distributed architecture while delivering tangible
business value, ensuring regulatory alignment, and maintaining cost efficiency
(Rossini et al., 2024)

1.4 Problem Statement

Financial institutions operate in a highly regulated and data-intensive environment that
demands secure, scalable, and cost-effective data management solutions. Traditional
centralized data architectures, such as data warehouses and monolithic data lakes,
often fail to meet the evolving needs of modern financial organizations. These systems
typically lead to data silos, delayed insights, limited scalability, and rising
infrastructure costs, hindering the organization's ability to leverage data as a strategic

asset.

The advent of the Data Mesh concept marks a transformative shift in data
management, fostering decentralized ownership, domain-oriented structures, and
scalable self-service infrastructure. When implemented using Microsoft Azure’s
ecosystem of cloud-native services, this approach has the potential to improve data
accessibility, governance, and operational efficiency. However, despite its theoretical
advantages, the adoption of Azure Data Mesh in financial institutions remains limited
and poorly structured, especially in terms of cost optimization and alignment with

regulatory frameworks.

Currently, there is a lack of practical frameworks that guide financial organizations on
how to implement Azure Data Mesh in a way that balances decentralization with
compliance and cost control. This absence of structured guidance increases the risk of
fragmented governance, inefficient resource allocation, and unfulfilled business value.
As such, there is a pressing need to investigate and develop a comprehensive, cost-

optimized framework for Azure Data Mesh tailored specifically to the financial sector.

1.5 Purpose of the Study

This research focuses on creating and validating a cost-optimized framework for
implementing Azure Data Mesh architecture within the financial sector. As financial

institutions grapple with increasing data complexity, regulatory scrutiny, and the



demand for real-time insights, there is an urgent need for scalable, decentralized, and
economically sustainable data management solutions. This research seeks to address
this need by leveraging Microsoft Azure’s suite of cloud-native tools, such as Azure
Synapse Analytics, Data Factory, Databricks, and Unity Catalog, to construct a

practical framework that aligns technological capabilities with business objectives.

The study aims to explore how domain-driven data ownership, federated governance,
and self-serve data infrastructure, key principles of Data Mesh, can be effectively
operationalized in a financial context. Particular emphasis is placed on optimizing
costs throughout the data lifecycle, from ingestion and storage to processing and
consumption. By conducting an in-depth analysis of current practices, engaging with
industry professionals through surveys, and evaluating simulated implementation
scenarios using real-world datasets, the research intends to produce actionable insights

that bridge the gap between theory and application.

Ultimately, the goal is to empower financial institutions with a structured roadmap for
transitioning from traditional centralized data systems to a modern, decentralized
architecture that not only enhances data accessibility and governance but also drives

measurable business value in a cost-efficient manner.

1.6 Significance of the Study

In an era where data is a critical enabler of strategic decision-making, the ability of
financial institutions to manage and govern data effectively has become increasingly
vital. This study holds significant importance as it addresses the growing need for
modern, agile, and cost-conscious data architectures that can meet the complex
operational, regulatory, and analytical demands of the financial sector. By focusing on
the development of a cost-optimized Azure Data Mesh framework, the research
contributes to closing a notable gap between theoretical data architecture models and

their practical application in a regulated, high-volume data environment.

The study’s relevance extends to multiple stakeholder groups. For industry
practitioners, particularly data architects, IT leaders, and financial analysts, it provides
a practical guide to implementing decentralized data strategies that enhance
scalability, governance, and cost efficiency. For organizational leaders, it offers

insight into how a shift toward domain-oriented data ownership can drive business



value, foster innovation, and reduce time-to-insight across business units.

Academically, the research contributes to the emerging body of knowledge
surrounding Data Mesh adoption and cloud-native architectures, particularly in the
context of regulated industries. It also offers empirical validation through a
combination of literature synthesis, expert feedback, and real-world datasets,
strengthening the understanding of how cloud services such as Microsoft Azure can be

leveraged strategically.

Furthermore, the study supports policymakers and compliance officers by
demonstrating how a federated data governance model can coexist with financial
regulations and data protection mandates. Overall, this research provides a holistic,
cross-disciplinary framework that can guide digital transformation efforts in financial
institutions and inspire further studies in cloud-based data management.

1.7 Research Objectives

This research seeks to establish a scalable and cost-effective framework for
implementing Azure Data Mesh in the financial domain. The framework aims to
enhance data accessibility, governance, and business value through decentralized,
cloud-based architecture. In support of this goal, the study pursues the following

specific research objectives:

To critically examine the limitations of traditional centralized data architectures within
financial institutions, particularly in relation to data silos, cost inefficiencies, and
restricted scalability.

To evaluate the applicability of Microsoft Azure’s cloud-native services, including
Azure Synapse Analytics, Data Factory, Unity Catalog, and Data Lake Storage in
enabling Data Mesh principles such as domain-oriented ownership and federated

governance.

To design a practical framework for implementing Azure Data Mesh that is tailored to
the operational, compliance, and analytical requirements of financial organizations,

with a strong emphasis on cost optimization and agility.

To validate the proposed framework through a case study simulation using bronze-

level datasets from typical financial domains, assessing its impact on data



accessibility, governance, and operational cost control.

To provide actionable recommendations and adoption guidelines that support financial
institutions in transitioning from traditional data architectures to a decentralized,
cloud-native data mesh model while maintaining regulatory compliance and achieving

business value.

Through the pursuit of these objectives, the study endeavors to align theoretical
advancements with practical implementation, delivering a robust, scalable, and

enduring framework for data management in today’s financial sector.

1.8 Research Questions

This study seeks to address the core challenges associated with data decentralization,
cost management, and technological implementation within the financial sector by
exploring the adoption of Azure Data Mesh. To guide the research and ensure a

focused investigation, the following research questions have been formulated:

What are the limitations of traditional centralized data architecture models in the
financial sector, and how do they impact data accessibility, governance, and cost
efficiency?

How can Microsoft Azure’s cloud-native services be utilized to implement the key
principles of Data Mesh namely domain ownership, self-serve infrastructure, and

federated governance within a financial organization?

What architectural and operational considerations must be addressed to design a cost-
optimized Azure Data Mesh framework that aligns with financial sector requirements?

How does the proposed framework perform in terms of business value creation, cost
control, and data democratization when validated against real-world or simulated
financial datasets?

What strategies and best practices can be recommended to financial institutions to
support the successful adoption and scaling of Azure Data Mesh architectures?

These research questions are intended to explore both the theoretical and practical
dimensions of implementing decentralized data architecture in the financial sector.

They aim to uncover insights that can inform technical design, strategic planning, and



industry-specific application of Azure Data Mesh solutions.

1.9 Scope and Limitations

This study was primarily focused on developing a cost-optimized framework for
implementing Azure Data Mesh architecture within the financial services sector. It
explores the integration of Microsoft Azure's cloud-native tools such as Azure
Synapse Analytics, Data Factory, Data Lake Storage Gen2, Databricks, and Unity
Catalog to enable decentralized data management aligned with the principles of Data
Mesh. The research evaluates how these technologies can be leveraged to support
domain-driven design, federated governance, and self-serve data infrastructure.

The scope includes a conceptual and technical examination of Data Mesh principles
applied to financial institutions, supported by primary data collected through expert
surveys and secondary analysis using synthetic or anonymized bronze datasets from
typical financial domains (e.g., CRM, core banking, loans, transactions, and credit
scoring). The study also assesses cost considerations related to data ingestion, storage,
processing, and access within an Azure-based architecture.

While the study is designed to be as comprehensive as possible, several limitations
must be acknowledged:

Simulation-Based Validation: The framework is validated through a hypothetical case
study and synthetic datasets rather than real-time implementation within a live

financial institution, which may limit the generalizability of some findings.

Limited Primary Data Scope: The survey responses are collected from a selected
group of industry professionals. Although the insights are valuable, they may not
represent the full spectrum of financial institutions across different geographies or

sizes.

Technology-Specific Focus: The study focuses exclusively on Microsoft Azure's
ecosystem for implementing Data Mesh. While this provides depth and practical
relevance, it excludes comparative evaluation with other platforms such as AWS or

Google Cloud, which may offer alternative capabilities.

Cost Estimations and Assumptions: Cost optimization strategies are based on Azure's

published pricing models and estimations. Actual costs may vary depending on



organizational scale, licensing agreements, and usage patterns.

Regulatory Variations: The framework is designed with a general understanding of
financial sector compliance; however, it may require adaptation for specific regulatory

environments in different countries or regions.

Despite these limitations, the study offers valuable insights and a structured
foundation for financial institutions seeking to adopt decentralized, cost-effective data

architecture using Azure Data Mesh principles.

1.10 Thesis Outline

Chapter 1: Introduction

This chapter introduces the research topic, articulates the problem statement, and
defines the purpose and significance of the study. It further outlines the research
objectives and questions, delineates the scope and limitations, and provides a
structured overview of the thesis.

Chapter 2: Review Of Literature

The literature review will explore existing research and scholarly works related to data
management in the financial sector, centralized versus decentralized data
architectures, the principles of Data Mesh, and the capabilities of Microsoft Azure
services. It also explores cost optimization strategies in cloud environments and
identifies gaps in current research.

Chapter 3: Proposed Methodology

This chapter describes the study's research design, and methodology adopted for the
study, including the use of qualitative analysis, survey instruments, and simulation
techniques. It outlines the data sources, tools, sampling methods, ethical
considerations, and procedures for analyzing the implementation of the proposed
framework.

Chapter 4: Results Analysis

The fourth Presents the results of the primary data collected through the expert survey

and a simulated case study. It includes descriptive statistics, visualizations, and
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thematic analysis to assess the feasibility, business value, and cost implications of
implementing an Azure Data Mesh framework in a financial context. The findings
reveal growing organizational interest in decentralized data architectures and identify
key operational challenges such as governance complexity, cross-domain data

accessibility, and cost transparency.
Chapter 5: Discussion

The discussion contextualizes these insights within existing literature, underscoring
that while the benefits of Azure Data Mesh are substantial, its success depends on
organizational readiness, strategic domain alignment, and robust governance practices.

Chapter 6: Summary, Implications, And Recommendation

Summarizes the study’s major findings and conclusions. It provides practical
recommendations for financial institutions considering Data Mesh adoption, outlines

implementation strategies, and suggests areas for future academic research.
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CHAPTER 2

REVIEW OF LITERATURE

2.1 Theoretical Framework

A well-defined theoretical framework is essential for guiding research design, shaping
data analysis, and contextualizing findings within broader academic and professional
discourses (Simon Lidberg et al., 2023). This study is situated at the convergence of
three interrelated theoretical domains: Data Mesh Theory, which redefines data
architecture through decentralization and domain ownership. Cloud Computing
Models, particularly platform-as-a-service (PaaS) offerings that underpin scalable data
infrastructure and Business Value Realization, which ensures that technology
investment leads to tangible strategic outcomes(Kumar, Mishra and Kumar, 2024).
Together, these perspectives form the conceptual foundation of a cost-optimized

Azure Data Mesh framework tailored to the financial sector (Machado, 2022)

2.1.1 Data Mesh Theory

The concept of Data Mesh, pioneered by (Zhamak et al., 2019), represents a radical
shift away from centralized data lakes and warehouses toward a decentralized,
domain-oriented architecture. Traditional centralized systems consolidate data into
monolithic repositories managed by a central IT team. While effective for certain use
cases, this model often leads to bottlenecks, poor scalability, and a disconnect between

data producers and consumers (Dehghani, 2020a).
In contrast, Data Mesh promotes four key principles:

1. Domain-Oriented Ownership: Each business domain (lending, CRM, compliance) is

responsible for its own data as a product.

2. Data as a Product: Data is treated not as a byproduct of operations but as a valuable

asset with defined consumers, SLAs, and quality metrics.

3. Self-Serve Data Infrastructure: Central IT shifts its role to enabling platforms and



reusable services, allowing domains to manage data independently.

Federated Governance: Standards and policies are coordinated across domains,

ensuring consistency without imposing central control.

From a theoretical standpoint, this paradigm draws on principles of sociotechnical
systems, where decentralization enhances agility, responsiveness, and accountability.
In financial institutions, where multiple departments generate, transform, and rely on
critical data, Data Mesh aligns operational workflows with data architecture,
promoting a culture of data responsibility and reducing reliance on overburdened

central teams (Jiang, Ferriter and Castillo, 2020)

2.1.2 Cloud Computing Models and Microsoft Azure

The implementation of a Data Mesh architecture is inherently dependent on scalable,
elastic, and interoperable infrastructure, features that are best delivered through cloud
computing platforms. Modern cloud architectures offer Infrastructure-as-a-Service
(laaS), Platform-as-a-Service (PaaS), and Software-as-a-Service (SaaS). This research
emphasizes PaaS, which abstracts infrastructure complexity and empowers domain
teams to independently build, deploy, and manage data products (Panigrahy, Dash and
Thatikonda, 2023a).

Microsoft Azure offers a suite of PaasS tools that align well with Data Mesh principles:

1. Azure Data Factory supports decentralized data ingestion pipelines.

2. Azure Data Lake Storage Gen2 allows each domain to manage its own structured

and unstructured data assets.

3. Azure Synapse Analytics provides domain-level compute for transforming and

analysing data.

4. Azure Data Bricks delivers metadata management and lineage tracking, core

enablers of federated governance.

This cloud-native stack supports elasticity, cost-efficiency, and transparency, making
Azure an ideal platform for implementing Data Mesh in regulated industries like

finance (Kumar, Mishra and Kumar, 2024)
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2.1.3 Business Value Realization Framework

While technical architecture is foundational, its real-world value lies in enabling
business outcomes. The Business Value Realization framework emphasizes linking
technological initiatives to measurable impacts such as operational efficiency,
innovation, and regulatory compliance (Mike Boswell, Tobias Zimmergren, and
Andrea Courtright, 2022)

In the context of Data Mesh, business value is realized through:

1. Faster Time-to-Insight from autonomous, analytics-ready domains.

2. Reduced Bottlenecks as decentralized teams manage their own data pipelines.

3. Cost Transparency through domain-level visibility into data storage and compute.
4. Compliance Agility via policy automation embedded in federated governance.

This framework is especially important in finance, where compliance, ROI, and risk
management are central to technology decision-making (Baecker, Bottcher and
Weking, 2021)

2.1.4 Integrative Perspective

The convergence of these three frameworks, Data Mesh theory, cloud-native
architecture, and business value realization offers a comprehensive foundation for
transforming data management in financial institutions. Data Mesh defines the
structural paradigm, Azure enables scalable and secure execution, and business value
frameworks ensure tangible returns. This integrated theoretical base supports the
design and evaluation of the cost-optimized Azure Data Mesh framework proposed in
this study (Goedegebuure et al., 2024)

2.2 Data Management Challenges in the Financial Sector

The social financial institutions operate in one of the most data-intensive and tightly
regulated environments of any industry. They continuously generate vast volumes of
transactional, behavioural, risk, and compliance-related data across a wide range of
domains. However, despite decades of investment in digital transformation, many
banks and financial service providers still struggle with fragmented data landscapes,
inefficient integration processes, and limited real-time analytical capabilities. These
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challenges are compounded by growing regulatory expectations and the need for cost-
effective scalability (Rossini et al., 2024). This section examines the key data
management challenges faced by financial institutions today, laying the groundwork
for the justification of a modern, decentralized data architecture.

2.2.1 Legacy Systems and Siloed Architectures

One of the most persistent obstacles to effective data management in the financial
sector is the continued reliance on legacy systems. Core banking platforms, risk
management systems, CRM databases, and payment infrastructures are often
developed on outdated technologies that were not designed to support modern data
analytics or interoperability (Mike Boswell, Tobias Zimmergren, and Andrea
Courtright, 2022). These systems tend to operate in silos, with limited data sharing
between departments such as credit, risk, treasury, and compliance. This

fragmentation results in:
1. Inconsistent data definitions
2. Duplicate records
3. Delayed insights
4. High integration costs

As a consequence, decision-makers are frequently forced to rely on incomplete or
outdated information, hampering operational efficiency and strategic agility (Joshi,
Pratik and Rao, 2021b).

2.2.2 Regulatory and Compliance Complexity

The financial industry is heavily regulated, with institutions subject to stringent local
and international compliance standards. Regulations such as Basel I1l, GDPR, CCAR,
and MIFID 11 require timely, accurate, and auditable reporting. This puts pressure on

financial organizations to maintain:
1. Complete and consistent data lineage
2. Strict access controls

3. Real-time audit capabilities



Traditional centralized data warehouses often lack the agility to respond quickly to
changing regulatory requirements, particularly when multiple jurisdictions are
involved. Moreover, the burden of compliance frequently falls on centralized IT
teams, creating operational bottlenecks and increasing the risk of regulatory breaches
(Wider, Verma and Akhtar, 2023b).

2.2.3 Scalability and Cost Efficiency

As financial services evolve to support mobile banking, digital payments, Al-based
underwriting, and algorithmic trading, the volume and velocity of data have surged.
Scaling traditional on-premises systems to handle these demands is cost-prohibitive
and technically complex. Cloud adoption offers a way forward, but many
organizations struggle with:

1. Unpredictable cloud costs
2. Inefficient resource usage
3. Overprovisioned storage or compute services

Without a clear governance framework and cost management strategy, cloud-based
data projects can quickly become unsustainable. This challenge is particularly acute in
data environments where multiple departments compete for shared infrastructure
resources, often without full visibility into usage patterns or cost implications (Shu et
al., 2021a).

2.2.4 Data Accessibility and Collaboration Barriers

Cross-functional data collaboration is increasingly critical in areas such as fraud
detection, customer personalization, and enterprise risk management. However, many
financial institutions lack the architectural flexibility to allow seamless, secure access
to data across domains. Centralized models require that all requests pass through a
central data engineering team, resulting in delays, version control issues, and reduced

responsiveness to business needs (Vlasiuk and Onyshchenko, 2023).

This centralized gatekeeping also discourages domain teams from innovating with
data, as they are not empowered to directly manage, enrich, or publish their own data
products. Consequently, the potential of data as a shared enterprise asset remains
largely underutilized (Dolhopolov, Castelltort and Laurent, 2023).
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2.2.5 Cultural and Organizational Resistance

Finally, one of the most understated challenges in data management is cultural.
Financial institutions have traditionally been structured around strict hierarchies and
risk-averse mindsets. Shifting to a decentralized, domain-owned data architecture such
as Data Mesh requires significant changes in how teams think about data ownership,
accountability, and governance. Resistance to such change can delay implementation,
reduce adoption rates, and undermine the intended benefits of architectural
transformation (Hokkanen, 2021).

The financial sector faces a complex array of data management challenges that stem
from both technological and organizational constraints. Legacy systems, regulatory
pressure, siloed operations, and cost inefficiencies all contribute to a data environment
that is difficult to scale, govern, and optimize. These challenges underscore the need
for a new architectural paradigm one that emphasizes decentralization, domain
ownership, cost control, and technological flexibility. The next sections of this chapter
will examine how the Data Mesh model, supported by Microsoft Azure’s capabilities,

addresses these challenges.

2.3 Centralized vs. Decentralized Data Architectures

The architecture of an organization’s data infrastructure fundamentally influences its
ability to extract value from data. Traditionally, financial institutions have relied on
centralized architecture such as enterprise data warehouses (EDWSs) and data lakes to
consolidate information from various business units. While centralization has
provided standardization and control, it has also introduced inefficiencies and
bottlenecks as data volume, variety, and velocity have increased. In contrast,
decentralized architectures like Data Mesh offer a paradigm shift by distributing data
ownership and processing responsibilities across domains (Athena Sharma, 2023).
This section examines the key differences, advantages, and limitations of both

approaches in the context of the financial services sector.

2.3.1 Centralized Data Architectures

Centralized architectures typically involve a hub-and-spoke model, where all data
flows from source systems into a central repository commonly an EDW or a data lake.

This repository serves as a single source of truth, governed by centralized IT and data



teams. Tools such as ETL pipelines, data catalogs, and reporting dashboards are

standardized across the organization.
Benefits of centralized architectures include:
1. Unified governance and data quality enforcement
2. Centralized security and compliance controls
3. Standardized tools and platforms for analytics and reporting

However, as organizations scale, these systems often become monolithic and rigid,

leading to:
1. Long lead times for data onboarding and changes
2. Overreliance on central teams, resulting in backlogs
3. Lack of domain context, which affects data usability
4. Scalability and cost inefficiencies, especially in cloud environments

In the financial sector, where each domain (e.g., lending, payments, customer service)
has specialized data needs, centralized systems often struggle to meet diverse and

rapidly changing business demands (Janssen et al., 2024).

2.3.2 Decentralized Data Architectures

Decentralized architectures, in contrast, distribute data ownership, processing, and
stewardship to the domain level. This approach is epitomized by the Data Mesh
paradigm, which positions domains not just as data sources but as owners and
producers of data products. Each domain team is responsible for making its data
discoverable, accessible, trustworthy, and interoperable.

Key characteristics of decentralized architectures include:
1. Domain-oriented data ownership and product thinking
2. Federated governance shared across business units
3. Self-serve infrastructure that allows teams to manage data independently

4. Interoperability standards to enable cross-domain collaboration

18



In cloud-native environments, platforms such as Microsoft Azure provide the
necessary services to enable decentralization while maintaining global oversight.
Services like Azure Synapse Analytics, Data Factory, and Unity Catalog allow
domain teams to build and manage pipelines, while governance is maintained through
centrally defined policies and metadata (Li et al., 2022). While centralized models
offer control and simplicity, they falter under the growing complexity of modern
financial data ecosystems. Decentralized architectures, though more complex to
implement and govern, provide agility, scalability, and domain alignment attributes
essential for competitive advantage in a data-driven financial sector (Hokkanen,
2021).

2.3.3 Hybrid and Transition Models

It is important to note that the shift from centralized to decentralized architecture is
not binary. Many organizations adopt hybrid models that maintain centralized
governance and infrastructure but introduce domain-specific ownership gradually. For
example, data lakes may remain as the central storage layer, while processing and
access policies are delegated to individual business units.

Such models serve as transitional states, allowing institutions to pilot decentralized
data practices, refine governance protocols, and adapt to cultural changes before
committing to a full-scale Data Mesh transformation (Yang and Yang Tabular, 2022).

The evolving demands of the financial services industry call for architectures that are
both agile and robust. While centralized systems have historically offered control and
standardization, they are increasingly inadequate for handling the scale, complexity,
and domain-specific needs of modern data environments. Decentralized architectures,
particularly the Data Mesh model, offer a promising alternative by empowering
domain teams to own and manage data as a product. This shift enables faster
innovation, improved data usability, and greater alignment with business goals making

it especially relevant for financial institutions undergoing digital transformation.

2.4 Cloud Adoption in the Financial Sector

Cloud computing has emerged as a cornerstone of digital transformation across
industries, and the financial sector is no exception. While traditionally cautious in

adopting disruptive technologies due to regulatory and risk considerations, financial



institutions have increasingly embraced cloud platforms to drive innovation, improve

operational efficiency, and enhance data management capabilities. The move to the

cloud is now seen not merely as a technology shift but as a strategic imperative to

remain competitive, agile, and compliant in an evolving digital economy (Chaudhary
etal., 2018).

2.4.1 Drivers of Cloud Adoption

Several key factors have accelerated cloud adoption in the financial services industry:

1.

Scalability and Elasticity: Cloud platforms enable financial institutions to scale
computing resources based on demand, particularly during high-volume periods
such as fiscal closings or market volatility. This flexibility eliminates the need for

costly overprovisioned infrastructure.

Cost Optimization: The shift from capital expenditure (CapEx) to operational
expenditure (OpEx) allows organizations to better manage and forecast IT costs.
Pay-as-you-go models, reserved instances, and tiered storage options provide
financial control, especially when paired with governance mechanisms (Janssen et
al., 2024).

Regulatory Compliance and Security Enhancements: Modern cloud platforms such
as Microsoft Azure, AWS, and Google Cloud offer region-specific compliance
features and advanced security capabilities (e.g., encryption, identity management,
audit trails) that help meet stringent financial regulations including GDPR, Basel
I11, and PCI (Dolhopolov, Castelltort and Laurent, 2024).

Innovation and Agility: Cloud services accelerate development and deployment of
advanced solutions such as Al-driven credit scoring, real-time fraud detection, and
hyper-personalized banking. This agility is difficult to achieve with legacy
infrastructure (Blohm et al., 2024).

Disaster Recovery and Business Continuity: Cloud-native architectures improve
resilience and recovery times, ensuring uninterrupted services during system
outages, cyber incidents, or natural disasters (Mike Boswell, Tobias Zimmergren,
and Andrea Courtright, 2022).
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2.4.2 Challenges in Cloud Adoption

Despite these advantages, cloud adoption in finance is not without challenges.

1. Data Sovereignty and Residency Requirements: Regulators often mandate that
sensitive data remain within specific jurisdictions. Financial institutions must
carefully manage where and how data is stored, accessed, and transferred across
regions (Wider, Verma and Akhtar, 2023).

2. Legacy Integration Complexities: Many core banking systems were not designed
to integrate with modern cloud services, creating a need for costly refactoring,

middleware, or hybrid architectures (Panigrahy, Dash and Thatikonda, 2023a).

3. Security Concerns and Third-Party Risk: Entrusting critical data to third-party
cloud providers introduces perceived risks around control, privacy, and vendor
lock-in. Institutions must enforce rigorous vendor management and encryption

policies (Kanai et al., 2014).

6. Skills Gap: The successful implementation of cloud-native solutions requires new
skills in cloud engineering, DevOps, and data governance areas where traditional

financial organizations may lack internal expertise (Hokkanen, 2021).

2.4.3 The Rise of Industry-Specific Cloud Solutions

To address these unigque concerns, cloud providers have introduced financial services-
specific cloud offerings. Microsoft’s Azure for Financial Services, for example,
includes tools tailored to risk modeling, regulatory compliance, customer insights, and
secure data exchange. These verticalized solutions aim to accelerate adoption by
aligning cloud capabilities with industry-specific use cases and compliance

frameworks (Aradjo Machado, Costa and Santos, 2022a).

Moreover, initiatives like the European Cloud User Coalition (ECUC) and Banking
Cloud Guidelines from regulators have provided more clarity, enabling institutions to
adopt public cloud solutions with greater confidence (Jiang, Ferriter and Castillo,
2020).

2.4.4 Microsoft Azure’s Role in Financial Sector Transformation

Microsoft Azure has emerged as a leading choice among financial institutions due to

its enterprise-grade security, hybrid cloud support, and strong compliance posture.



Key Azure services used in financial data platforms include:
1. Azure Synapse Analytics for scalable, integrated analytics
2. Azure Data Factory for orchestration of data pipelines
3. Azure Data Lake Gen2 for high-performance data storage
4. Unity Catalog for data governance and cataloguing

5. Azure Monitor and Cost Management for operational visibility and expense

control

Azure’s comprehensive ecosystem supports both centralized and decentralized
architectures, making it particularly suited for hybrid transition models and Data Mesh
implementations (Li et al., 2022).

The adoption of cloud technologies in the financial sector reflects a broader shift
toward agility, cost-efficiency, and innovation. While initial concerns around security
and compliance delayed early adoption, the evolution of cloud offerings and
regulatory clarity have positioned cloud computing as a critical enabler of
transformation. Microsoft Azure, in particular, offers a suite of services that align
closely with the sector’s architectural needs and regulatory expectations. This growing
cloud maturity sets the stage for exploring advanced models like Azure Data Mesh,
which can further enhance scalability, governance, and business value creation across

financial institutions.

2.5 Microsoft Azure Services for Data Mesh Implementation

The successful implementation of a Data Mesh architecture requires more than
conceptual alignment; it depends on a robust, flexible, and interoperable technology
stack. Microsoft Azure offers a comprehensive suite of cloud-native services that align
well with the core principles of Data Mesh: domain-oriented ownership, data-as-a-
product, federated governance, and self-serve infrastructure. This section explores the
key Azure services that enable decentralized data platforms, supporting financial
institutions in transitioning from legacy data silos to scalable, modern architectures
(Piethein Strengholt, Tobias Zimmergren, and Jodi Martis, 2023).
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2.5.1 Azure Synapse Analytics

Azure Synapse Analytics is an integrated analytics platform that combines data
warehousing and big data analytics into a unified experience. It supports both SQL-
based and Spark-based processing, enabling domain teams to independently manage,
transform, and analyse data products.

Key features relevant to Data Mesh:

1. Support for multiple compute engines, empowering domains to choose the tools

that suit their use cases
2. Serverless querying for flexible, cost-efficient analytics
3. Data integration with Power BI, facilitating decentralized insights

In the context of financial institutions, Synapse allows departments like credit, risk,
and treasury to independently process and analyse their data while still adhering to

global governance policies (Aradjo Machado, Costa and Santos, 2022).

2.5.2 Azure Data Factory

Azure Data Factory (ADF) serves as the backbone of data ingestion and orchestration
within a Data Mesh environment. It allows domain teams to create, schedule, and

monitor data pipelines across hybrid and multi-cloud systems.
Key capabilities:
1. Code-free pipeline creation with visual interfaces
2. Integration with on-premises MySQL, ideal for legacy financial systems
3. Native support for CI/CD, aligning with DevOps practices in data engineering

ADF supports domain autonomy by enabling teams to manage their own data
pipelines while maintaining centralized observability (Panigrahy, Dash and
Thatikonda, 2023a).

2.5.3 Azure Data Lake Storage Gen2

Azure Data Lake Storage Gen2 (ADLS Gen2) is a hierarchical, scalable storage

solution designed for high-throughput workloads. In a Data Mesh architecture, it acts



as the domain-specific data repository, allowing secure and structured storage of both

raw and curated data.
Benefits in a Data Mesh context:
1. Folder-level access control, enabling per-domain data ownership
2. Optimized performance for analytics with hierarchical namespace
3. Cost-tiering and lifecycle policies to support cost optimization strategies

For financial data including transaction logs, customer records, and loan details ADLS
Gen2 supports granular access and retention policies essential for compliance (Rossini
etal., 2024).

2.5.4 Unity Catalog

Microsoft Unity Catalog is Azure’s unified data governance solution, enabling
enterprises to automate data discovery, classification, and lineage tracking. In a
federated governance model like Data Mesh, Unity Catalog plays a critical role in

balancing domain autonomy with enterprise-wide compliance.

Core functionalities:

1. Automated scanning and cataloging of data across Azure and on-prem systems
2. Data lineage tracking for auditing and compliance

3. Role-based access control (RBAC) for governance at the metadata layer

Unity Catalog ensures that data products remain discoverable, trustworthy, and

compliant without requiring central gatekeeping (Bode et al., 2023).

2.5.5 Azure Monitor and Cost Management

In a decentralized data architecture, cost visibility and operational observability are
essential. Azure Monitor and Azure Cost Management provide centralized dashboards

to track:
1. Data pipeline performance and errors

2. Compute and storage consumption by domain
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3. Cost attribution and forecasting

These tools allow financial institutions to implement chargeback models, encouraging
domain teams to manage usage responsibly while supporting organization-wide

financial planning (Blohm et al., 2024).

2.5.6 Integration with Security and Compliance Frameworks

Azure services natively integrate with Azure Active Directory, Key Vault, Azure
Policy, and Defender for Cloud, offering end-to-end data protection and compliance
enforcement. This is particularly critical in financial services, where data sensitivity,
encryption, and auditability are regulatory requirements. Azure’s adherence to
certifications like ISO/IEC 27001, SOC 1/2/3, and PCI DSS further reinforces its
suitability for regulated environments (Dolhopolov, Castelltort and Laurent, 2024).

Microsoft Azure provides a complete ecosystem for enabling a Data Mesh
architecture that aligns with the operational, regulatory, and analytical needs of
financial institutions. Through services like Synapse Analytics, Data Factory, Data
Lake Storage, and Unity Catalog, domain teams can take ownership of their data
while benefiting from centralized governance and cost management capabilities. The
synergy of these tools lays a strong technical foundation for implementing a
decentralized, scalable, and cost-optimized data management framework in the

financial sector.

2.6 Microsoft Azure Services for Data Mesh Implementation

Cost optimization is one of the most critical drivers and challenges of cloud adoption,
especially in data-intensive sectors like finance. While cloud platforms promise
flexibility and scalability, improper design, underutilization, or lack of governance can
lead to uncontrolled costs and poor return on investment (ROI). As financial
institutions shift from legacy infrastructure to cloud-native architectures like Data
Mesh, a proactive and well-governed cost optimization strategy becomes essential to
achieving sustainable value (Kirthica, Sabireen and Sridhar, 2019).

2.6.1 Understanding Cloud Cost Structures

Cloud cost models differ fundamentally from traditional capital expenditure (CapEXx)
models. They are based on a pay-as-you-go (OpEX) structure, where organizations are
billed for:



1. Storage usage (e.g., hot, cool, archive tiers)

2. Compute resources (e.g., virtual machines, serverless functions, Spark clusters)
3. Data movement and API calls

4. Licensing and managed service usage (e.g., Azure Synapse, Unity Catalog)

Without centralized visibility and domain-level accountability, these costs can quickly
escalate in decentralized environments. Therefore, embedding cost-awareness into
architectural decisions is vital to sustaining the benefits of cloud scalability (Ngo, Le-
Khac and Kechadi, 2020).

2.6.2 Storage Optimization Techniques

Efficient storage management is a cornerstone of cost control in cloud data platforms.
Azure provides multiple storage tiers. Strategies such as automated data tiering,
retention policies, and compression help reduce long-term storage costs, particularly
for large volumes of raw or compliance-related data. In a Data Mesh model, domains
should be responsible for managing their own data lifecycles to ensure cost

accountability (Zheng et al., 2019).

2.6.3 Compute Cost Management

In services like Azure Synapse or Databricks, compute is often the most significant
cost driver. Key techniques for compute optimization include serverless architecture,
auto-scaling, reserved and spot instances. The architecture must ensure domain teams
are incentivized to optimize their workloads for performance and cost (Janssen et al.,
2024).

2.6.4 Data Pipeline and Processing Efficiency

Tools like Azure Data Factory can generate considerable cost if not optimized.
Techniques such as push-down queries, incremental loading, and scheduled pipeline
execution improve efficiency. Domain teams should be equipped to manage both

performance and cost effectively (atlan, 2023).

2.6.5 Governance and Cost Visibility Tools

Cost management is highly dependent on visibility. Azure provides:
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1. Azure Cost Management + Billing
2. Budgets and alerts
3. Dashboards per service, region, or team

These support FinOps practices by enabling shared responsibility across business and
IT (Shantanu De, 2022).

2.6.6 Cost Implications of Governance and Security

Security and governance features (e.g., encryption, RBAC, auditing) also contribute to
cost. Balancing compliance and cost-efficiency is essential, especially in finance.
Services like Azure Key Vault, Unity Catalog, and Log Analytics must be carefully
configured and monitored (Panigrahy, Dash and Thatikonda, 2023a).

Although Data Mesh is relatively new, early adopters in finance are seeing benefits.

2.6.7 Early Adoption of Data Mesh

A (Microsoft, 2023) showed early enterprise adopters experienced gains in agility and
data ownership. For example, JPMorgan Chase embraced domain-aligned models and

federated data governance principles as part of its cloud strategy (atlan, 2023).

2.6.8 Azure-Powered Financial Platforms

According to a Microsoft-commissioned Forrester study (2022), Azure use led to:
1. 30% faster analytics deployment
2. 25% reduction in infrastructure costs
3. 3% improvement in time-to-insight

Standard Chartered used Azure to modernize its global compliance data platform,
while ABN AMRO leveraged Synapse and Data Factory to decentralize risk data
processing (Dehghani, 2019).

2.6.9 Unity Catalog for Governance
A 2023 case study showed a European bank using Unity Catalog to:

1. Catalog over 300 datasets



2. Automate metadata lineage
3. Reduce audit prep time by 40% (Microsoft, 2023)

This highlights Purview's role in enabling federated governance at scale.

2.6.10 Research Gaps and Trends

Despite progress, research still lacks:
1. ROI benchmarks for Data Mesh
2. Domain-specific cost frameworks

3. Longitudinal data on hybrid mesh implementations (Simon Lidberg et al., 2023).
This study seeks to fill those gaps with a financial-sector-specific cost-optimized

Data Mesh framework.

2.7 Data Governance

The Data Governance by (Chaudhary et al., 2018) in Data in Context: Models as
Enablers for Managing and Using Data provides a comprehensive overview of the
principles, frameworks, and practices essential for effective data governance within
modern organizations. (Agyekum, Mazumdar and Scheich, 2025) presents governance
as a multidimensional discipline that integrates people, processes, and technology to
ensure data is accurate, secure, accessible, and used responsibly. The chapter
emphasizes the need for a clearly defined governance structure that aligns with

organizational goals and promotes accountability at all levels.

A key focus of the chapter is the distinction between data governance and data
management, with governance positioned as the strategic framework that guides
decision-making around data use, ownership, and stewardship. The author introduces
governance models and roles such as data owners, data stewards, and custodians and
explains their importance in enforcing policies and ensuring compliance. The text also
explores how governance supports regulatory adherence (GDPR, HIPAA), data
quality, and risk mitigation, particularly in sectors like finance and healthcare
(Dolhopolov, Castelltort and Laurent, 2024).



The chapter draws attention to the practical challenges of implementing data
governance, such as organizational resistance, lack of executive sponsorship, unclear
roles, and the complexity of aligning governance frameworks with existing data
infrastructures. While models are presented to aid implementation, the chapter
assumes a certain level of organizational readiness and maturity, which may not be
present in all cases. This presents a limitation in real-world applications, especially for
smaller or less digitally mature organizations where governance roles and policies are
still evolving (Hokkanen, 2021).

Another limitation is the relatively high-level treatment of technical integration
between governance frameworks and modern data platforms like Azure, AWS, or
hybrid cloud environments. While strategic and role-based aspects are thoroughly
discussed, the chapter offers limited detail on how governance tools (e.g., data
catalogs, metadata management systems) are operationalized in distributed or Data
Mesh architectures (Agyekum, Mazumdar and Scheich, 2025). This restricts its
immediate utility for technical practitioners seeking implementation-level guidance.
Despite these limitations, the chapter provides a valuable conceptual foundation for

understanding and initiating data governance in various organizational contexts.

2.8 Data Mesh

In the chapter “Data Mesh” by (Anjani Kumar, Abhishek Mishra, and Sanjeev Kumar,
2024) from the book Architecting a Modern Data Warehouse for Large Enterprises,
the authors explore the concept of Data Mesh as a transformative architectural
paradigm for managing distributed data at scale in enterprise environments. The
chapter outlines how traditional centralized data platforms often fail to meet the
agility, scalability, and domain-specific needs of large organizations, and how Data
Mesh principles domain-oriented ownership, data as a product, self-service

infrastructure, and federated governance offer a compelling solution.

The authors place strong emphasis on the practical implementation of Data Mesh
using cloud-native technologies, particularly focusing on Microsoft Azure and
Amazon Web Services (AWS). They provide architectural blueprints and best
practices for deploying decentralized data domains, integrating services such as Azure
Data Factory, AWS Glue, Synapse Analytics, and Redshift. The discussion includes

strategies for setting up domain-specific data pipelines, data products, and governance
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policies while ensuring interoperability and scalability across multi-cloud

environments.

One of the key strengths of the chapter is its implementation-centric approach, which
bridges theory with hands-on application. However, a notable limitation is that while
it offers technical detail, it may not sufficiently address organizational and cultural
shifts required for successful Data Mesh adoption. Issues such as change management,
stakeholder alignment, and cross-functional collaboration are acknowledged but not
deeply examined, which may leave gaps for readers interested in holistic

transformation strategies.

Additionally, the chapter tends to Favor larger enterprise scenarios with mature cloud
infrastructure, which might not be directly applicable to mid-sized organizations or
those early in their cloud journey. The complexity of deploying and managing multi-
cloud Data Mesh architectures can also be overwhelming without prior foundational
knowledge. Despite these limitations, the chapter is a valuable resource for architects
and engineers aiming to implement Data Mesh at scale, especially in organizations

leveraging Azure for distributed data warehousing.

2.9 Data Governance Structures in Data Mesh Architectures

The Data Governance Structures in Data Mesh Architectures by (Feng, 2024), offers a
detailed investigation into how data governance can be effectively structured and
implemented within the context of Data Mesh architectures. Conducted at the
University of Twente, the research addresses a critical gap in the current
understanding of how governance principles such as data quality, compliance,
ownership, and accountability translate into decentralized, domain-oriented
environments. Hendriks proposes a conceptual framework that integrates traditional

governance models with the distributed nature of Data Mesh (Chaudhary et al., 2018).

A core contribution of the thesis is the identification of key governance components
tailored to Data Mesh, such as federated computational governance, domain-level
stewardship, and policy automation. Through literature review and empirical
validation using expert interviews, the study outlines practical mechanisms to balance
global standards with domain autonomy. This hybrid approach ensures compliance

without centralizing control, aligning well with modern data strategies in complex
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enterprise ecosystems, including finance, healthcare, and public administration
(Dolhopolov, Castelltort and Laurent, 2024).

Despite its strengths, the thesis faces certain limitations in scope and generalizability.
The empirical component is based on a relatively small sample of domain experts and
may not fully reflect the diversity of practices across industries or geographic regions.
Moreover, since the research is conceptual and exploratory in nature, the proposed
models have yet to be tested at scale or in high-stakes production environments, which
limits the applicability of the findings for large, regulated organizations (Athena
Sharma, 2023).

Another limitation lies in the technical implementation depth. While the thesis
successfully defines roles, responsibilities, and structural requirements for governance
in a Data Mesh, it provides limited detail on integrating these governance structures
with specific cloud platforms like Azure or AWS. Readers seeking direct, actionable
guidance on deploying governance tools (e.g., Microsoft Purview or AWS Lake
Formation) may find the work more valuable as a theoretical foundation than a
practical manual (Azure Marketplace, 2023). Nonetheless, Hendriks’ thesis offers
significant academic insight and a forward-looking perspective on evolving

governance paradigms in decentralized data environments.

2.10 Decentralized Data Governance as Part of a Data Mesh

The Decentralized Data Governance as Part of a Data Mesh Platform: Concepts and
Approaches by (Joshi, Pratik and Rao, 2021b), presented at the IEEE International
Conference on Web Services (ICWS), provides a comprehensive examination of how
decentralized data governance can be effectively integrated into Data Mesh platforms.
The authors delve into the theoretical underpinnings of federated governance and
present architectural strategies that support policy enforcement, compliance, and
quality control in distributed data environments. This work is particularly timely given
the rising adoption of Data Mesh across sectors demanding both agility and regulatory
adherence (Wider, Verma and Akhtar, 2023b).

The paper introduces a set of governance principles and platform-level mechanisms
that enable decentralization without compromising security or consistency. These

include role-based access controls, metadata standardization, automated lineage
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tracking, and smart contracts for enforcing data policies. The authors also discuss the
importance of platform-embedded governance services that function autonomously
within each domain while remaining interoperable across the entire mesh. The
approach is technology-agnostic, making it relevant for implementations across
multiple cloud providers and enterprise platforms (Mike Boswell, Tobias Zimmergren,
and Andrea Courtright, 2022).

However, one limitation of the study is its conceptual orientation. While the
architectural proposals are detailed and thoughtfully constructed, the research lacks
empirical evaluation or real-world deployment data. This limits the ability to assess
how well the proposed governance mechanisms perform under real-time constraints,
particularly in industries like finance or healthcare where compliance requirements are
strict and dynamic (Gade, 2019). Without field testing, it is difficult to evaluate trade-

offs such as performance overhead, ease of integration, or user adoption.

Additionally, the paper could benefit from a more explicit discussion of organizational
change management an often-overlooked aspect of decentralized governance.
Implementing such governance models requires not only technological adjustments
but also shifts in team structures, workflows, and accountability models. While the
authors emphasize automation and platform features, the human and cultural
dimensions of governance transformation are less explored (Hokkanen, 2021).
Nevertheless, the paper makes a significant conceptual contribution to the evolving
landscape of Data Mesh and sets a strong foundation for future applied research.

2.11 Data Fabric and Data Mesh

Data Fabric and Data Mesh Approaches with Al provides an in-depth comparative
analysis of two emerging data architecture paradigms Data Fabric and Data Mesh and
explores how they can be enhanced through the integration of artificial intelligence
(Al). The authors aim to clarify the distinctions and synergies between these
approaches, offering insights into their architectural foundations, governance models,
and application contexts. Special attention is given to how Al can augment data
discovery, lineage, quality monitoring, and policy enforcement across both paradigms
(Blohm et al., 2024).

One of the book’s key contributions is the proposal of a hybrid architecture that
combines the centralized intelligence of Data Fabric with the domain-oriented
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decentralization of Data Mesh. The authors outline practical use cases where Al tools
such as machine learning for metadata inference, anomaly detection, and automated
classification can reduce manual effort in both models. In the context of Data Mesh,
Al-driven tools are presented as enablers for self-service capabilities and federated
governance, streamlining access control, cataloguing, and data stewardship across
domains (Deswandikar, 2024).

Despite its technical breadth, a notable limitation of the book is its theoretical and
vendor-agnostic framing, which may limit practical applicability for practitioners
seeking cloud-specific guidance. While general patterns and platform-neutral
strategies are valuable, readers working within ecosystems like Microsoft Azure,
AWS, or Google Cloud might find a lack of detailed implementation guidance or
tooling recommendations (Dehghani, 2020a). Additionally, while the book strongly
advocates for the integration of Al, it occasionally understates the operational
complexity and potential limitations of applying Al-driven automation in highly
regulated environments, such as finance or healthcare. Nonetheless, the book offers a
forward-thinking perspective on the convergence of Data Mesh and Al, making it a
valuable resource for architects and strategists navigating modern data infrastructure

design.

Data products, data mesh, and data fabric: New paradigms for data and analytics
offers a timely exploration of three emerging approaches that redefine modern data
strategy data products, data mesh, and data fabric. Grounded in both theoretical
analysis and case studies, the authors present each paradigm’s core principles, such as
product-thinking for data, domain-driven decentralization, and unified metadata
architectures. They further examine how these models challenge traditional data
warehousing and enable more flexible, scalable data ecosystems (El-bastawissy et al.,
2020).

One of the article’s strengths is its comparative analysis, where the authors dissect the
synergies and distinctions between data mesh and data fabric through the lens of data
products. They demonstrate how data mesh emphasizes decentralization, domain
autonomy, and data-as-a-product thinking, while data fabric focuses on intelligent
metadata orchestration, interoperability, and virtualization (Wider, Verma and Akhtar,
2023b). However, the article shows limitations in its empirical depth. Although
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underpinned by illustrative case studies, the research lacks broad quantitative
validation across diverse industries, which may reduce the relevance of findings for

mid-sized companies or those early in their data evolution.

Specific implementation guidance such as technology stack choices or migration
roadmaps is also limited, making it harder for practitioners to directly apply the
insights. Furthermore, while the discussion is strong on architectural and conceptual
alignment, it is less developed in terms of implementation and human factors. Details
on change management, organizational readiness, and cross-functional collaboration
are sparse (Shantanu De, 2022). Despite these constraints, the article remains a
valuable conceptual resource for data architects and managers navigating paradigm

shifts in analytics strategy.

Data Mesh: Concepts and Principles of a Paradigm Shift in Data Architectures
explores the fundamental tenets of Data Mesh and positions it as a transformative
approach in data architecture. The authors articulate Data Mesh as a movement toward
decentralizing data ownership, advocating for domain-centric governance, treating
data as products, and building a scalable and interoperable infrastructure (Machado,
2022).

A major strength of the paper lies in its structured conceptual framework, where it
outlines the four key principles of Data Mesh domain ownership, data as a product,
self-serve infrastructure, and federated governance and offers detailed descriptions of
each. The authors enrich their discussion by drawing on industry examples that
illustrate better data quality, reduced bottlenecks, and improved cross-functional
collaboration (Hendriks, 2023).

One limitation of the article is its theoretical focus and limited real-world validation.
While the conceptual discussion is comprehensive, the paper lacks empirical data,
such as case studies, performance metrics, or ROI analyses, that would substantiate
the practical benefits it describes. Additionally, the technical and organizational
challenges of adopting Data Mesh including cultural resistance, tooling complexity,
and migration efforts are only briefly mentioned. The article does not delve into
practical strategies for overcoming these hurdles or provide guidance on phased
implementation (Dolhopolov, Castelltort and Laurent, 2023). Nonetheless, its clear
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and structured exposition of Data Mesh principles provide a solid foundation for

future hands-on studies or technical deep-dives.

2.12 Data Mesh Architecture: From Theory to Practice

(Piethein Strengholt, Tobias Zimmergren, and Jodi Martis, 2023), presented at the
IEEE ICSA-C, provides a practitioner-focused overview of Data Mesh principles
tailored for software architects and engineers. The authors systematically introduce
core components of Data Mesh domain-oriented ownership, autonomous data
products, federated computational governance, and interoperability standards and
guide attendees through critical architectural design decisions. Their work is grounded
in three industrial case studies conducted with organizations from the Netherlands and

Germany, lending practical credibility to theoretical concepts

A notable strength of the tutorial is its hands-on orientation. It translates abstract Data
Mesh principles into concrete design considerations such as microservice-like data
products, automated governance layers, and network-aware policy orchestration. The
authors provide not only slide decks and conceptual diagrams but also a reference
implementation (initially demonstrated on Google Cloud Platform) and source code in
the form of illustrative examples. This practical guidance is valuable for architects and

engineers seeking actionable templates for real-world deployments.

However, the tutorial has certain limitations. First, its scope is relatively narrow it
functions primarily as a short, 90-minute briefing rather than a full research
exposition. As a result, it emphasizes breadth over depth, offering limited guidance on
long-term operational challenges such as scalability, system monitoring, and cost-
control mechanisms. Furthermore, while the provided reference implementation is
useful, its reliance on a single cloud platform (GCP) may not directly translate to

organizations using Azure, AWS, or hybrid environments without further adaptation.

Another limitation is the tutorial's limited empirical validation. Although grounded in
three European case studies, there is minimal quantitative measurement of outcomes
such as performance gain, cost savings, or risk reduction. This constrains the ability to
generalize findings or benchmark against established architectures. Additionally, the
tutorial addresses human factors like team restructuring and change management only

briefly, offering little detail on how organizations can successfully transition to
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domain-driven models. Overall, the tutorial serves as a solid introduction to Data
Mesh architecture but leaves room for deeper operational guidance, broader cloud

applicability, and empirical substantiation.

2.13 Research Gap and Summary

The preceding sections have reviewed a broad spectrum of literature and industry
insights relevant to the implementation of decentralized data architectures particularly
Data Mesh within the financial sector. While the conceptual underpinnings of Data
Mesh are well-articulated and the capabilities of cloud platforms like Microsoft Azure
are well-documented, a notable gap exists in the intersection of these frameworks: a
structured, cost-optimized implementation model for Azure Data Mesh specifically
designed for financial institutions.

Identified Research Gaps
Based on the literature reviewed, several critical research gaps have been identified:

1. Lack of sector-specific frameworks: While Data Mesh has gained traction in
tech and e-commerce industries, there is limited research on how its principles
can be adapted to meet the compliance, cost control, and operational complexity

of financial services.

2. Insufficient cost-optimization guidance: Studies often emphasize the
theoretical benefits of decentralization and scalability but fall short of offering
practical strategies for managing and optimizing costs especially in environments

using Azure services such as Synapse, Data Lake Gen2, and Purview.

3. Limited empirical Evaluation: Most existing literature either focuses on high-
level architectures or vendor case studies. There is a lack of academic research
that evaluates the effectiveness of decentralized architectures through real or

simulated datasets in financial contexts.

4. Governance and operational alignment challenges: Although federated
governance is a core tenet of Data Mesh, few studies address how Azure-native
tools can enforce governance policies while enabling autonomous domain teams,

particularly in highly regulated sectors like banking.
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5. Unclear ROI models for Data Mesh: Financial leaders require strong business
cases and return-on-investment (ROI) justification. Current literature lacks robust

models that link Data Mesh adoption with measurable business value outcomes.

6. Summary of Literature Review: This chapter explored the theoretical
foundations and practical considerations surrounding the implementation of Data
Mesh in the financial sector. It examined:

» The conceptual basis of Data Mesh and its core principles
» Azure’s suite of tools that enable decentralized data architectures,

» The challenges of data management in finance, including regulatory

pressure and cost control,

» Strategies for optimizing storage, compute, and governance costs in

cloud environments,

» Industry use cases that highlight early success with Azure-powered
data platforms. Despite promising advancements, the review reveals a
lack of consolidated guidance that bridges the technical, financial,
and governance aspects of Azure Data Mesh implementation for the
financial services industry. This research aims to fill that gap by
developing a comprehensive, cost-optimized framework tailored to
financial institutions, validated through expert insights and simulated

data environments.

It explores the evolution of enterprise data architectures and the emerging paradigm of
Data Mesh as a decentralized framework for managing large-scale data ecosystems. In
recent years, cloud computing and data democratization have transformed how
organizations manage and derive value from data. The financial services sector,
characterized by complex regulatory requirements and massive data volumes, presents
an ideal context for evaluating cost-optimized, domain-driven architectures. The
purpose of this review is to synthesize previous studies on data architecture evolution,
governance mechanisms, and cost-efficiency models in cloud-based implementations,
with a particular focus on the Microsoft Azure ecosystem. Traditional data
warehouses emerged in the 1990s as centralized repositories that enabled business
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intelligence (Zheng et al., 2019). These architectures focused on integrating structured
data into star or snowflake schemas for analytical reporting. However, as
organizations scaled, centralized models struggled with agility, scalability, and
ownership conflicts (Siddiga, Karim and Gani, 2017). The next wave, data lakes,
addressed scalability by allowing organizations to store structured and unstructured
data in raw formats (Souibgui et al., 2019). Yet, uncontrolled data accumulation led to
what became known as “data swamps,” lacking governance and metadata traceability
(Madera & Laurent, 2016). The Lakehouse architecture, popularized by Databricks
(Armbrust et al., 2021), attempted to merge the flexibility of data lakes with the
performance of warehouses by adopting open file formats such as Delta Lake. Despite
these advancements, these architectures still maintained a centralized control model,

creating operational bottlenecks and inhibiting business autonomy.

Data Mesh, first proposed by Zhamak Dehghani (2019), introduced a paradigm shift
from centralized data lakes to decentralized domain-oriented architecture. The core
principle is that each business domain such as lending, risk, or compliance owns,

produces, and maintains its own data as a product.

(Simon Lidberg et al., 2023) identified four foundational pillars of the Data Mesh,
Data belongs to the domain that creates it. Each dataset is treated as a product with
defined SLAs, quality metrics, and discoverability. Platform teams provide
standardized, automated tools for data processing and sharing. Governance is
distributed but follows global interoperability standards. Subsequent studies
reinforced this decentralized philosophy as a solution for large organizations facing
data silos (Athena Sharma, 2023), However, adoption challenges remain particularly
around governance consistency, interoperability, and cost control (Janssen et al.,
2024). Financial institutions manage some of the most complex data environments
globally spanning customer transactions, compliance, fraud detection, and credit
scoring. As per (Azure Marketplace, 2023) over 60% of financial enterprises cite data
integration and governance as key barriers to modernization. Implementing Data
Mesh in finance can deliver significant advantages, Reduced latency for regulatory

reporting.

Improved lineage for audit and compliance, Domain accountability, improving data

ownership culture. However, scholars such as (Dicataldo, 2023) warn that

38



decentralization without proper governance could lead to inconsistent data definitions
and duplicated efforts across domains. In Azure’s context, Microsoft Fabric, Azure
Purview, and Unity Catalog offer strong governance tools that align closely with Data
Mesh principles providing a balance between autonomy and compliance (Agyekum,
Mazumdar and Scheich, 2025). A central challenge of Data Mesh adoption lies in
maintaining cost efficiency across decentralized environments. Cloud-native
architectures often face “silent cost inflation” due to duplicated data products,
redundant compute jobs, and underutilized clusters (Aratjo Machado, Costa and
Santos, 2022b).

Azure’s cost optimization framework recommends Leveraging serverless compute
(Synapse SQL on-demand) for low-frequency analytical workloads, Using Delta Lake
compression and partitioning for efficient storage and Implementing job-based
clusters in Databricks instead of always-on compute. Applying tiered storage (Hot,
Cool, Archive) for lifecycle management (Microsoft, 2023), Studies show that
applying these optimizations can reduce operational expenses by 25 - 40% in cloud-
based data platforms (Kothari, 2022).

Governance remains a cornerstone of Data Mesh success. Federated governance
models enable local decision-making while maintaining global interoperability. As per
(Wider, Verma and Akhtar, 2023b). this “computational governance” is enabled by
policy-as-code, metadata catalogs, and access control automation. Azure provides
several governance enablers: Unity Catalog for centralized access policy enforcement
across Databricks workspaces. Azure Key Vault for secrets and credential

management.

In regulated industries like finance, GDPR, Basel IlI, and RBI guidelines demand
traceable lineage and access auditing. According to (Armbrust et al., 2021),
organizations adopting unified metadata catalogs and automated policy enforcement
reported 30% faster compliance audit cycles. Beyond technology, Data Mesh aims to
create business value by enabling faster, more reliable data-driven decisions. Treating
data as a product encourages ownership and accountability, reducing time-to-insight
and improving decision quality. (Deswandikar, 2024) found that organizations with
decentralized, domain-oriented architectures achieve 2.5x faster analytics delivery and
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35% lower infrastructure costs compared to traditional data lake users.

In financial institutions, such value translates into Faster credit risk modeling using
curated data products. Improved fraud detection through real-time streaming data.

Better customer segmentation for personalized product offerings.

From an implementation standpoint, Azure offers all the building blocks necessary for
operationalizing a Data Mesh, ADF for metadata-driven orchestration. ADLS Gen2
for scalable storage. Databricks (Delta Lake) for transformation and quality
enforcement. Synapse Serverless for analytical querying. Power Bl for domain-level
reporting and business visibility. When integrated under Unity Catalog governance,
these components achieve both scalability and compliance, aligning with FAIR data
principles (Findable, Accessible, Interoperable, and Reusable). While the literature
extensively discusses Data Mesh theory and cloud architecture evolution, few
empirical studies have, examined its cost implications within the financial sector and
Explored Azure-native implementation frameworks. Quantified business value
creation through federated governance models. Thus, this research contributes by
designing and validating a cost-optimized Azure Data Mesh framework using real
financial domain datasets, bridging a significant gap between academic theory and

industrial practice.

2.14 Comparative Frameworks: Data Lake, Data Mesh, and Data Fabric

The rapid evolution of data architectures has given rise to multiple paradigms Data
Lake, Data Mesh, and Data Fabric each designed to address scalability, flexibility, and
data governance challenges. Understanding their distinctions is essential for situating
the Azure Data Mesh framework within the broader technological ecosystem. The
Data Lake concept emerged to overcome the rigidity of traditional data warehouses by
storing all data types structured, semi-structured, and unstructured in their raw format
(Dicataldo, 2023). While this offered immense scalability and cost benefits, the
absence of metadata governance often resulted in “data swamps,” where
discoverability and data quality deteriorated over time (Siddiga, Karim and Gani,
2017).

The Data Fabric paradigm, introduced later, focuses on intelligent integration through
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metadata-driven automation. According to (Armbrust et al., 2021), Data Fabric uses
Al and machine learning to automate data discovery, lineage, and policy enforcement
across hybrid and multi-cloud environments. It functions as a connective tissue that

unifies disparate data sources without requiring full decentralization.

In contrast, Data Mesh, introduced by (Dehghani, 2020a), decentralizes not just
technology but organizational responsibility. Each business domain (such as credit,
fraud, or compliance in financial contexts) becomes accountable for its own data
pipelines, governance, and quality. This paradigm treats data as a product, owned and

managed by cross-functional teams.

Feature Data Lake Data Fabric Data Mesh
Ownership Model Centralized (IT-owned) Centralized, automation-driven Decentralized (domamn-owned)
Governance Limited or manual Automated (metadata-driven) Federated, policy-as-code
Scalability High Very High High (with governance overhead)
Interoperability Low High Moderate to High
Use Case Storage and archiving Data integration and analytics Enterprise-wide domain autonomy
Representative Tools Hadoop, S3 IBM Cloud Pak, Talend, Informatica Azure, Databricks, Snowflake

As seen in Table 2.1, Data Mesh offers the most organizational flexibility, while Data
Fabric delivers the strongest interoperability through intelligent metadata
management. The integration of both paradigms Mesh for ownership and Fabric for
automation can produce a highly efficient, governed, and cost-optimized data

ecosystem (Panigrahy, Dash and Thatikonda, 2023b).

2.15 Al-Driven Governance and Automation

As data ecosystems scale, manual governance becomes impractical. Modern data
architectures increasingly leverage Al-driven governance, where automation ensures
compliance, lineage tracking, and quality monitoring across distributed systems.

According to (Azure Marketplace, 2023), platforms like Azure Purview, Microsoft
Fabric, and Unity Catalog enable computational governance by applying machine
learning models to detect data anomalies, classify sensitive information, and
recommend access policies dynamically. This reduces the burden on data stewards

while maintaining consistency in compliance.
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In financial services, where GDPR, Basel Ill, and RBI guidelines demand
transparency, Al-driven governance enhances data discoverability, impact analysis,
and policy enforcement. Studies by (Goedegebuure et al., 2024) and (Mike Boswell,
Tobias Zimmergren, and Andrea Courtright, 2022) found that financial institutions
integrating Al-based policy automation achieved 30 - 40% faster compliance reporting
and 20% lower risk of regulatory penalties.
1. Azure Al integration further enables
2. Metadata enrichment: Automatically tagging datasets for classification (PII,
transaction, regulatory).
3. Anomaly detection: Identifying data quality issues or unauthorized access
patterns.
4. Predictive compliance: Suggesting corrective measures for governance breaches.
Thus, Al-driven governance shifts data management from reactive to proactive,
ensuring that decentralization under Data Mesh does not compromise control or

accountability.

2.16 Economic Impact of Cloud Data Strategy

Economic sustainability is central to enterprise data transformation. Studies by (Kanai
et al., 2014) and (Nambiar and Mundra, 2022) emphasize that data modernization
efforts fail when cost structures outpace value realization. Cloud data strategies
especially those based on decentralized models like Data Mesh must therefore balance

operational flexibility with financial efficiency.

A cost-optimized cloud data strategy focuses on:

Elastic compute scaling paying only for resources consumed (e.g., Synapse serverless,
Databricks job clusters).

Lifecycle storage management tiering data between Hot, Cool, and Archive storage in
ADLS to minimize cost.

Delta Lake optimization reducing duplication through file compaction and Z-ordering
(Athena Sharma, 2023).

. Automated cost monitoring leveraging tools like Azure Cost Management and Power
Bl dashboards for financial visibility.
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wpc | Csokl [y Conaeffot | Congeledoges |
Centralized Warehouse ~ |Fixed (Compute + Storage) Moderate |High SQL Server, Redshift
Data Lake Variable (Storage-heavy) High Medium Hadoop, ADLS Gen2
Data Mesh Elastic (Usage-hased) High Low (via policy automation) Azure Mesh, Fabric, Synapse
Data Fabric Mixed VeryHigh |Low (Al-driven) Informatica, IBM Cloud Pak

Table 2.2: Economic Comparison of Cloud Data Strategies

Empirical research indicates that organizations implementing a cloud-native, domain-
oriented data strategy observe 35-50% lower operational costs over three years.

In financial services, these savings translate directly into improved data ROI (return
on information), enabling institutions to reinvest in analytics, Al, and customer
experience innovation. Ultimately, a cost-optimized Azure Data Mesh aligns both
technical scalability and financial prudence, reinforcing its potential as a sustainable

framework for modern data management in the financial sector.

2.17 Summary

This extended literature review establishes the theoretical and practical foundation for
implementing a cost-optimized Azure Data Mesh in financial organizations. The
review contrasts traditional centralized data management systems with emerging
decentralized and Al-augmented models, highlighting their impact on governance and
cost efficiency.

While Data Mesh introduces organizational decentralization and domain ownership,
Al-driven governance ensures compliance and operational integrity. The economic
impact analysis confirms that cloud-native elasticity and policy automation deliver
tangible cost benefits without compromising scalability or data quality.

Together, these insights justify the design and evaluation of the framework proposed
in this research integrating Azure-native tools, federated governance, and Al-
enhanced optimization to create measurable business value. The evolution of data
architecture over the past two decades reflects a fundamental transformation in how
organizations view, manage, and derive value from their data assets. The reviewed
literature demonstrates that the transition from centralized to decentralized

architectures has been driven not only by technological advancements but also by
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organizational and economic imperatives. Within this context, the Data Mesh
paradigm has emerged as a modern solution to the long-standing limitations of data
warehouses and data lakes, providing a foundation for scalable, compliant, and cost-
efficient data ecosystems. Traditional data warehouses (Nambiar and Mundra, 2022)
provided a stable and consistent platform for structured analytics by consolidating
enterprise data into a centralized repository. However, as the volume, variety, and
velocity of data increased, warehouses became constrained by their rigidity and
dependency on centralized IT teams. The introduction of data lakes (Khatri and
Brown, 2010) in the early 2010s promised flexibility and scalability by storing raw
data in its native format. Nevertheless, the absence of robust metadata and governance
mechanisms often led to uncontrolled growth what scholars referred to as data
swamps (Agyekum, Mazumdar and Scheich, 2025). To overcome these challenges,
recent years have witnessed the rise of distributed data paradigms most notably Data
Mesh and Data Fabric. While both aim to modernize data management, their
underlying philosophies differ. Data Fabric leverages Al and metadata-driven
automation to ensure seamless data integration across systems, whereas Data Mesh
decentralizes responsibility, giving domain teams full control over their data pipelines
(Dehghani, 2020a). The above comparison highlights that Data Mesh excels in
scalability and organizational empowerment, whereas Data Fabric leads in automation
and interoperability. As suggested by (atlan, 2023) and (El-bastawissy et al., 2020)
combining both frameworks Mesh for decentralization and Fabric for automation
creates a hybrid architecture that balances agility, compliance, and cost optimization.
One of the most significant developments in data management literature is the rise of
Al-driven governance. As datasets become increasingly complex and distributed,
manual governance frameworks are no longer sufficient. Artificial Intelligence now
underpins governance automation, enabling dynamic data classification, anomaly
detection, and predictive compliance (Microsoft, 2023), In the financial sector,
governance automation is particularly critical due to regulatory mandates such as
GDPR, Basel Ill, and RBI compliance guidelines. (Armbrust et al., 2021) and (Data
Analytics and Finance | Deloitte US, 2023) emphasize that financial institutions
employing Al-based data classification and monitoring achieved up to 40% faster
audit readiness and 30% reduced compliance costs.

Azure Purview, Unity Catalog, and Microsoft Fabric exemplify governance
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frameworks where machine learning automates metadata tagging, lineage tracking,
and policy enforcement. For example, Unity Catalog allows domain-specific teams to
enforce role-based access control (RBAC) while maintaining global consistency
through policy-as-code. This federation of governance supports the dual objectives of
autonomy and accountability that are central to Data Mesh philosophy (Kirthica,
Sabireen and Sridhar, 2019). Al-driven governance also introduces the notion of
computational governance (Dehghani, 2019) where policies are codified as reusable
modules that automatically enforce compliance across domains. This approach
transforms governance from a static, human-centric model to a proactive, automated
process that continuously monitors and optimizes data quality, access, and usage.
Another recurring theme across the reviewed literature is the economic dimension of
cloud-based data modernization. Cloud adoption has introduced elastic scalability, but
uncontrolled growth can lead to “cost sprawl.” Studies by (Jiang, Ferriter and Castillo,
2020) and (Shu et al., 2021b), reveal that enterprises often underestimate cloud
expenses due to redundant data replication, underutilized compute resources, and

inefficient storage configurations.

A cost-optimized data architecture, particularly within Azure, addresses these
challenges through three pillars, Elastic Compute Scaling leveraging serverless
computing (e.g., Azure Synapse serverless SQL) and job-based clusters in Databricks
to minimize idle resource costs. Storage Tiering implementing Hot, Cool, and Archive
storage tiers in Azure Data Lake Storage Gen2 (ADLS) to balance cost and
performance. Automation and Monitoring utilizing Azure Cost Management
dashboards to track consumption and enforce budgets at the resource group or domain
level. Empirical research supports these strategies: adopting a cost-optimized,
metadata-driven pipeline reduces operational expenditure by 30-50% while
maintaining analytical performance (Data Analytics and Finance | Deloitte US, 2023)
In the financial sector, where real-time insights drive risk mitigation and regulatory
reporting, such savings directly translate into improved business agility and
profitability. The reviewed literature repeatedly emphasizes that technical
modernization must align with business value creation. (Baecker, Bottcher and
Weking, 2021) observes that organizations integrating domain-based data ownership
into their operating models achieve 2.5x faster analytics delivery and 35% lower

infrastructure costs compared to centralized architectures.
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In financial institutions, where data flows across domains such as risk management,
credit operations, fraud detection, and compliance, decentralization fosters
accountability and innovation. Each domain functions as a data product owner,
curating its datasets for reuse across the enterprise. This aligns with the Data Mesh
principle of treating data as a product, ensuring quality, discoverability, and
measurable value. Governance in this domain context ensures that autonomy does not
compromise compliance. By leveraging Purview and Unity Catalog, institutions can
maintain lineage visibility, enforce access policies, and meet audit requirements while
still allowing teams to develop their own data products. Despite extensive literature on
Data Mesh and related architectures, notable research gaps remain. Few empirical
studies have analyzed cost optimization outcomes of Data Mesh implementations in
the financial sector. Limited literature exists on Azure-native orchestration of Data
Mesh frameworks. Most studies focus on governance theory but lack quantitative

evaluation of Al-driven automation in compliance workflows.

This research addresses these gaps by implementing a cost-optimized Azure Data
Mesh prototype, evaluating performance metrics, and gathering primary data through
surveys and case interviews from industry experts. The literature review demonstrates
a clear convergence between decentralization, automation, and cost optimization in
modern data management. The shift from centralized warehouses to domain-driven
Mesh architectures, supported by Al-enhanced governance and cloud cost efficiency,
marks a defining evolution in enterprise data strategy. For financial institutions, these
developments provide a pathway to achieve both regulatory compliance and business
innovation. The synthesis of reviewed works establishes the conceptual foundation for
this research one that integrates Azure-native technologies (Data Factory, ADLS,
Databricks, Synapse, and Power BI) with federated governance and cost-conscious

design to enable measurable business value creation.
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CHAPTER 3

PROPOSED METHODOLOGY

3.1 Overview of the Research Problem

The increasing volume, complexity, and regulatory sensitivity of data in the financial
sector has exposed significant limitations in traditional, centralized data architectures.
Financial institutions are under pressure to deliver real-time insights, ensure
compliance with evolving regulations, and control costs associated with large-scale
data processing. However, existing monolithic systems such as centralized data
warehouses and enterprise data lakes often lead to operational bottlenecks, increased
latency, and escalating infrastructure expenses. These systems centralize control
within IT departments, limiting the agility of domain-specific teams and reducing the

overall responsiveness of data-driven decision-making.
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The emergence of the Data Mesh paradigm offers a compelling alternative to unified
models by emphasizing domain-oriented data ownership, federated governance, and
self-serve infrastructure. While conceptually promising, the adoption of Data Mesh in
financial services presents unique challenges, particularly in balancing
decentralization with strict compliance requirements and cost management.
Furthermore, financial institutions face uncertainty about how to operationalize this
model using existing cloud platforms such as Microsoft Azure, and how to measure its

return on investment in practical, implementable terms.

The research problem, therefore, centres on the absence of a clear, cost-optimized
framework for implementing Azure Data Mesh within the financial sector. Without
structured guidance, organizations risk misaligned domain ownership, fragmented
governance, and uncontrolled cloud costs. This study seeks to bridge this gap by
designing and validating a practical implementation framework that leverages Azure-
native tools to decentralize data architecture while maintaining cost efficiency and
regulatory compliance. The methodology described in this chapter outlines the
approach taken to investigate this problem and to evaluate the proposed solution in a

simulated financial context.

3.2 Research Design

This study follows a qualitative exploratory research design, chosen for its suitability
in examining under-researched areas where structured data and established models are
limited. Since Data Mesh is a relatively recent concept especially within the context of
financial services there is a strong need to explore how its principles can be
operationalized through real-world tools such as Microsoft Azure. At the same time,
the research seeks to understand organizational attitudes, practical challenges, and

perceived benefits from those actively engaged in cloud and data strategy roles.

The first stage of the research involved the design and distribution of a structured
survey aimed at professionals in the financial technology space. Participants included
data engineers, cloud architects, IT decision-makers, and analytics managers who
possess experience with data platforms in regulated environments. The survey
collected information about their current data management practices, familiarity with
Data Mesh concepts, usage of Azure services, and perspectives on decentralization,

governance, and cost optimization. This data helped establish an industry-informed
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understanding of the maturity level and strategic alignment of Data Mesh within

financial institutions.
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Fig 3.1: Azure Data Mesh Architecture with tools

Following the survey, the second stage of the research involved simulating the
proposed Azure Data Mesh architecture using anonymized, non-sensitive datasets that
represent typical financial domains such as customer relationship management, core
banking, loan servicing, credit scoring, and transaction records. These datasets were
ingested into a cloud-native environment built entirely on Microsoft sAzure. Tools
such as Azure Synapse Analytics, Data Factory, Data Lake Storage Gen2, and Unity
Catalog were used to simulate domain-specific data products, enforce federated

governance, and monitor infrastructure costs.
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This simulated environment provided a practical tested to assess how decentralized
data architecture can be deployed in a compliant, cost-controlled manner. It also
enabled analysis of architectural scalability, governance workflows, and domain-level
performance. Together, the survey and simulation provided a well-rounded
methodological foundation for evaluating both the intangible rationality and technical

feasibility of the proposed framework.

3.3 Population and Sampling

The target population for this study consisted of professionals involved in data architecture,
data engineering, cloud strategy, and digital transformation within or in partnership with the
financial services sector. This population was selected due to its direct engagement with the
design, deployment, and governance of enterprise-level data platforms. Individuals in these
roles are most likely to understand the practical implications of implementing decentralized
data solutions and are therefore best positioned to provide informed insights into the
challenges, feasibility, and expected value of Data Mesh within their organizations.
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To gather relevant data, a purposive sampling technique was employed. This non-
probability method enabled the deliberate selection of participants with specific
expertise and experience aligned with the research objectives. Participants were
primarily identified through professional networks, Linkedin outreach, and referrals from
cloud technology communities. Inclusion criteria required respondents to have at least two
years of experience working with data infrastructure in a financial or regulated environment
and familiarity with either Microsoft Azure or other cloud platforms. A structured survey
instrument was distributed via Google Forms and responses were collected over a defined
period. Although the sample size was relatively modest, it was sufficient for qualitative
exploration, allowing for thematic insights rather than statistical generalization. The
diversity in roles ranging from cloud consultants and data engineers to IT directors and
enterprise architects helped capture a broad range of perspectives on Azure adoption,

domain ownership models, and cost governance practices.

This sampling approach ensured that the study was informed by real-world viewpoints from
individuals who actively contribute to data strategy within the financial services domain.
Their responses served as a critical input in evaluating the relevance and practicality of the
proposed Azure Data Mesh framework and in identifying potential enablers and barriers to

its successful implementation.

3.4 Data Sources and Tools

The research utilized both primary and secondary data sources to ensure a well-
rounded analysis of the research problem. Primary data was obtained through a
structured online survey designed to gather expert opinions from professionals in the
fields of data architecture, cloud engineering, and financial technology using Google
Forms and later exported into Microsoft Excel for analysis. Secondary data was
generated through the design and execution of a simulated Azure Data Mesh
environment, which served to validate the feasibility, technical components, and cost

considerations of the proposed framework.

The primary data source consisted of survey responses collected through a Google
Form. The survey was designed to capture information about participants' current data
management practices, awareness of Data Mesh principles, usage of Azure services,
and Perceived challenges concerning cost, governance, and accessibility were

explored. The questionnaire included a combination of multiple-choice questions,
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Likert scale, and open-ended questions to elicit both quantitative and qualitative
insights. The responses were then aggregated and analysed to identify recurring

themes, trends, and professional viewpoints relevant to the framework’s development.

In parallel, the study used a collection of anonymized and synthetic datasets that were
representative of core financial domains. These included datasets simulating customer
relationship management (CRM), core banking transactions, loan records, credit
scoring data, and financial transactions. These datasets were treated as independent
data domains, reflecting the operational silos typically found in real economic
institutions. They were loaded into Microsoft Azure using services such as Azure Data
Factory for ingestion, Azure Data Lake Storage Gen2 for storage, Azure Synapse
Analytics for processing and querying, and Unity Catalog for governance and

metadata management.

These tools were selected for their native integration within the Azure ecosystem and
their ability to support decentralized data architecture. Azure Data Factory facilitated
the extraction and loading of data from structured sources such as MySQL. Azure
Data Lake Storage Gen2 provided scalable, cost-tiered storage with secure access
controls. Synapse Analytics enabled domain-level compute environments, allowing
each dataset to be queried and analysed independently. Unity Catalog was used to
catalog metadata, trace data lineage, and apply data access policies across the

environment.

By combining survey insights with hands-on validation through Azure’s cloud-native
services, the study ensured that the proposed Data Mesh framework was not only
theoretically grounded but also practically executable. The use of realistic data
domains and enterprise-grade tools allowed the research to simulate real-world
scenarios and evaluate the solution in terms of its scalability, governance alignment,

and cost optimization potential.

The data collection process for this research was conducted in two phases,
corresponding to the dual methodological approach: expert survey and architectural
simulation. Each phase was carefully planned and executed to ensure relevance,

accuracy, and alignment with the overall research objectives.

The first phase involved collecting primary data through a structured online survey.
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The questionnaire was developed to explore professional perspectives on current data
architecture practices, Azure service adoption, awareness of Data Mesh concepts, and
attitudes toward decentralization, governance, and cost management. The survey was
distributed via Google Forms and shared directly with targeted professionals through
email, LinkedIn, and industry-specific technology forums. Respondents were
informed of the study’s academic purpose, and participation was entirely voluntary
and anonymous. Basic demographic information was collected to verify professional
relevance, including job role, industry experience, and exposure to cloud-based data

systems.

The survey remained open for a predetermined period, during which responses were
continuously monitored to ensure data completeness and validity. Upon closure, the
data was exported to Microsoft Excel for cleaning and initial categorization, followed
by analysis using basic statistical and thematic interpretation methods. This phase
yielded critical insights into real-world challenges, adoption trends, and perceived
value related to Azure Data Mesh implementation in the financial sector.

The second phase of data collection focused on the technical validation of the
proposed framework using a simulated Azure environment. Anonymized, non-
sensitive datasets were used to represent key financial domains such as CRM, core
banking, loan management, credit scoring, and transaction data. These datasets were
ingested into Microsoft Azure using Azure Data Factory and stored in logically
separated containers in Azure Data Lake Storage Gen2. Each dataset was treated as a
distinct domain, allowing for a decentralized structure consistent with Data Mesh

principles.

Table 3.1: Source-to-Data Product Mapping in the Azure Data Mesh Framework
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Source Table Domain Target Data Product Tables (Star Sch: )
crm_dataset_enhanced |Customer Management |Customer 360 Product fact_customer_interactions, dim_customer, dim_channel, dim_campaign
crm_dataset_enhanced |Customer Management|Campaign Engagement Product |fact_campaign_metrics, dim_customer, dim_campaign, dim_region
loan_details Lending Loan Transactions Product fact_loan_transactions, dim_customer, dim_loan_type, dim_branch
cibil_dataset final Lending Credit Scoring Product fact_credit_scores, dim_customer, dim_risk_grade, dim_agency
core_banking system |Core Banking Account Balances Product fact_account_balances, dim_customer, dim_account_type, dim_region
core_banking system |Core Banking Account Summary Product fact_account_summary, dim_account_type, dim_branch, dim_region
synthetic_transactions [Risk & Compliance Transaction Monitoring Product |fact_transaction_events, dim_customer, dim_transaction_type, dim_channel
synthetic_transactions [Risk & Compliance Regulatory Reporting Product  |fact_regulatory alerts, dim_region, dim_transaction_type, dim_risk_flag

Following ingestion, Azure Synapse Analytics was used to query and process data
independently within each domain, and Unity Catalog was employed to automate
metadata cataloging, define access policies, and monitor data lineage. Azure Cost.
Management tools were also configured to monitor storage and compute expenses
associated with each domain, supporting an analysis of cost optimization strategies in

a decentralized architecture.

Table 3.2: Role Allocation Across Target Data Products in the Azure Data Mesh

Framework

Target Data Product Roles Involved
Customer 360 Product CRM Analyst, Domain Owner
Campaign Engagement Marketing Manager, Campaign Analyst,
Product Domain Owner
Loan Transactions Product Loan Analyst, Credit Officer, Domain Owner
Credit Scoring Product Risk Analyst, Credit Officer, Domain Owner
Account Balances Product Banking Operations, Data Engineer

Finance Analyst, Regional Manager, Data
Account Summary Product Engineer
Transaction Monitoring Compliance Officer, Risk Manager, Domain
Product Owner

Compliance Officer, Auditor, Regulatory
Regulatory Reporting Product | Lead

Together, these procedures ensured that the research collected not only perceptual and
experiential data from industry professionals but also operational data generated
through a realistic cloud environment. This dual approach allowed the study to
evaluate both strategic alignment and technical feasibility, offering a comprehensive

basis for framework development and validation.
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A convenience, the data analysis process in this study was designed to support both
qualitative and simulation-based insights. Given the exploratory nature of the research
and the dual-source methodology, different techniques were applied to analyse the
data collected from expert survey responses and the simulated Azure Data Mesh

implementation.

The primary data from the survey was analysed using a combination of descriptive
statistics and thematic analysis. Responses were first categorized based on key
variables such as professional role, cloud platform experience, and level of familiarity
with Data Mesh. Quantitative responses such as Likert scale ratings and multiple-
choice answers were processed using Microsoft Excel to generate frequency
distributions, percentages, and visualizations. These helped identify patterns in cloud

usage, perceived barriers to decentralization, and cost sensitivity across different roles.

Qualitative responses, particularly from open-ended questions, were subjected to
thematic coding. Common themes such as "data silos," "governance challenges," "cost
unpredictability,” and "slow cross-team collaboration™ were identified and grouped.
These themes were then mapped to the research objectives to evaluate how they

reflected real-world support or resistance toward Data Mesh adoption.

To ensure secure, domain-specific data access and foster accountability within the
decentralized architecture, this study outlines a role-based access control (RBAC)
model aligned with the principles of Data Mesh. The access privileges are distributed
across business and technical roles based on their functional needs and
responsibilities.

Table 3.3: Roles and their Permissions

Role Read Query | Write | Manage
(Ownership/Governance)

CRM Analyst Yes Yes No No

Marketing Manager | Yes Yes No No

Domain Owner Yes Yes Yes Yes

Loan Analyst Yes Yes No No

Credit Officer Yes Yes Yes No

55



Banking Operations | Yes Yes No No
Data Engineer Yes Yes Yes No
Risk Analyst Yes Yes No No
Compliance Officer | Yes Yes No Yes
Auditor Yes No No Yes

Above table defines the key roles associated with each data product and delineates the
permissions granted in terms of read, query, write, and governance management. This
role matrix supports federated governance, ensures regulatory compliance, and
prevents unauthorized data manipulation while empowering domain teams with self-

service capabilities.

To summarize survey data, a tabular breakdown of participant responses by role and
cloud experience was developed. This table provides a contextual understanding of the

reliability and expertise behind the survey responses.

For the simulated case study, analysis was performed by observing the system
behaviour and performance metrics within Microsoft Azure. Key evaluation

dimensions included:
» Data ingestion latency across domains
» Storage and compute cost breakdown by domain
» Accessibility and querying performance using Azure Synapse
» Metadata coverage and lineage tracking via Unity Catalog

The results were compiled into domain-level observations, showing how
decentralization affected performance and operational visibility. Azure Cost
Management dashboards were reviewed to compare estimated expenses for different

configurations, supporting an assessment of cost optimization outcomes.

To illustrate this process in figure 3.3, a diagram can be included showing the flow of
simulation-based analysis: This combination of qualitative and system-based analysis
ensured that both practitioner perspectives and technical outcomes were considered

when assessing the effectiveness of the proposed framework. It also supported
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triangulation of data validating insights through different types of evidence, increasing

the robustness of the research findings.

e N e N
Survey Data [ ‘ Simulated Datasets
. J . J
A 4
e N e N
Thematic & Descriptive Analysis [ ‘ Azure-Based Workflow Execution [
. J . J
e : ™ e ) N
‘ ‘ Metrics on Cost,
Insights on Readiness & Perception [ ‘ Pert [
\ ) \__ Performance, Governance Y,
[ I
—% Framework Evaluation
.

Fig 3.3 Analysis for Framework Analysis

3.5 Ethical Considerations

Ethical truthfulness is a fundamental aspect of academic research, particularly when
engaging human participants or working with data that could be sensitive in nature.
This study was designed and conducted in strict adherence to academic and
professional ethical standards to ensure the rights, privacy, and dignity of all
participants were protected, and that the data used in the simulation adhered to best
practices for responsible data handling.

For the primary data collection, participants were invited to voluntarily complete an
online survey. Before beginning the questionnaire, each participant was presented
with a statement of informed consent outlining the purpose of the study, the estimated
time required, and assurances of confidentiality and anonymity. It was explicitly
stated that participation was entirely voluntary and that individuals could withdraw at
any time without consequence. No personally identifiable information was required or

stored, and responses were not linked to any specific individual or organization.

To ensure privacy, data collected through Google Forms was stored securely and was
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only accessible to the researcher. The responses were used exclusively for academic
purposes related to this thesis and were not shared with any third parties. The survey
was designed to avoid any questions that could potentially compromise professional
confidentiality or institutional security.

Regarding the simulation component, the datasets used were either anonymized or
fully synthetic, developed to mimic realistic financial data without containing any
sensitive or real-world customer information. This ensured compliance with data
protection standards and eliminated any risk of exposing confidential financial data.
The simulation was conducted in a secure, student-managed Microsoft Azure
environment with resource governance enabled to prevent misuse or unintentional

exposure of configurations.

Additionally, care was taken to represent all findings accurately and objectively,
without manipulation of results to support preconceived hypotheses. Any assumptions
made during the simulation were transparently documented, and limitations were

acknowledged where applicable.

This research did not involve vulnerable populations, personal health data, or
activities that would require formal ethical approval from a regulatory body. However,
ethical standards were followed throughout to maintain the academic rigor, credibility,

and integrity of the study.

3.6 Limitations of the Study

While this research has been carefully designed to explore the feasibility and business
value of implementing a cost-optimized Azure Data Mesh framework in the financial
sector, it is important to acknowledge several limitations that may influence the

interpretation and generalizability of the findings.

One of the primary limitations lies in the scope and scale of the simulation
environment. The implementation of the proposed framework was conducted in a
controlled Azure setting using synthetic and anonymized datasets that emulate core
financial domains. Although this approach allows for the safe exploration of
architectural components and cost behaviours, it does not fully replicate the
complexities, data volumes, or real-time operational demands encountered in

production-grade financial systems. As such, while the simulation provides valuable
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insights into architectural feasibility and performance, it may not capture every nuance

of real-world deployment scenarios.

Another limitation pertains to the sample size and geographic reach of the expert
survey. Due to the qualitative nature of the study and the use of purposive sampling,
the number of responses was relatively small and geographically limited. While
participants held relevant professional roles in data architecture, engineering, and
finance, their insights may not represent the full diversity of perspectives across

different markets, organizational sizes, or regulatory environments.

Additionally, the study focuses exclusively on the Microsoft Azure ecosystem as the
cloud platform for Data Mesh implementation. This decision was intentional, given
Azure’s maturity in the enterprise market and its wide adoption in financial services.
However, it limits the ability to compare Azure-based implementations with those on
other platforms such as AWS or Google Cloud, which may offer alternative tools or

cost models.

Furthermore, the time-bound nature of the study means that long-term outcomes such
as operational ROI, team maturity in domain ownership, and sustained cost
optimization could not be fully measured. These aspects would require extended
monitoring beyond the timeframe of this research.

Lastly, while the research offers practical recommendations, it does not attempt to
address organizational change management or the cultural aspects of decentralizing
data ownership factors that are often critical to the success of Data Mesh

transformations.

Despite these limitations, the study provides a strong foundation for understanding
how Azure-based Data Mesh architectures can be deployed in a cost-efficient and
governance-aligned manner. The findings serve as a stepping stone for further

empirical investigation and enterprise-scale implementation.

3.7 Questionnaire for Azure Dat Mesh

1.What is your current role in the organization?
a) Data Engineer

b) Data Architect
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2.

3.

4.

5.
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c) Data Analyst
d) Data Scientist

e) Other

How many years of experience do you have in data management related roles?
a) 0-2 Years

b) 3-5 Years

c) 6-10 Years

d) 10+ Years

e) Other

In which industry does your organization work?
a) Banking and Finance

b) Retail & E-commerce

c) Healthcare

d) Manufacturing

e) Public Sector / Government

f) Telecom

g) Other

How is data currently organized and managed across your organization?
a) Fully centralized (e.g., single warehouse or lake)

b) Decentralized (data ownership by domain teams)

c) Hybrid (central lake with federated access)

d) Implementing Data Mesh principles

e) Don’t know / Not applicable
Have you formally defined data domains aligned with your organization’s

business units?
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a) Yes - data domains are defined and managed independently

b) No - centralized data team manages all data Hybrid (central lake with

federated access)
¢) In progress - planning to introduce data domains

d) Not sure
6. What architectural approach best describes your current data

infrastructure?
a) Data Warehouse
b) Daa Lake

c) Lakehouse

d) Operational Data Store (ODS)
e) Data Mesh

7. Can business or technical teams access data from other departments without

central IT intervention?
a) Yes - Full self-service access is available
b) Partially - Some teams can access via tools/APIs
c) No - Central data team controls access
d) Not Applicable
8. How do your teams typically access and consume data?
a) Direct SQL queries to databases/lakes
b) APIs or data services
c) Self-service dashboards (Power Bl, Tableau, etc.)
d) Data exports (CSV, Excel)
e) Other

9. Which tools/platforms are currently used for data ingestion, transformation,

and orchestration?

a) Azure Data factory



b) Azure Synapse

c) Databricks
d) Snowflake, Snowpark & DBT (Data Build Tool)

e) Apache Spark
f) Informatica/ Talend
g) Microsoft Fabric
h) Other
10. What type of data pipeline is predominant in your organization?
a) Batch processing
b) Real Time/ Streaming
c) Hybrid (Batch + Streaming)
d) Not Sure/NA
11. How is data quality ensured across data assets in your organization?
a) Manual validation by teams
b) Automated data quality rules embedded in ETL
c) Data validation tools (e.g., Great Expectations)
d) We don't currently monitor data quality

e) Other

12. Do you use any tools or platforms to track data catalog, lineage, or metadata?

a) Azure Purview

b) Unity Catalog (Databricks)
c) Alation

d) Collibra

e) Custom in-house solution
f) Not using any

13. How are compliance and data privacy requirements managed?
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a) Centralized data governance team

b) Domain-level ownership with compliance checks
¢) Not formally defined

d) Not Sure

14. Is your organization currently using Microsoft Azure for data storage and

processing?
a) Yes - fully hosted on Azure
b) Partially - hybrid cloud setup
c) No - using other cloud/on-prem
d) Planning to migrate
e) Other
15. Which Azure services are part of your data architecture?
a) Azure Purview
b) Azure Data Lake Gen2
c) Azure Synapse Analytics
d) Azure SQL Database
e) Azure Databricks
f) Azure Data Factory
g) Power BI
h) Microsoft fabric
i) Other
16. What challenges do you face in cross-team data sharing and access?
a) Data duplication
b) Slow data access across teams

¢) Conflicting versions of truth



d) Lack of ownership

e) Security/access restrictions
f) Poor documentation/metadata
g) Tooling gaps

h) Others

17. What types of data does your organization mostly deal with?

a) Structured data (tables, SQL)
b) Semi-structured data (JSON, XML)
¢) Unstructured data (PDFs, logs, images)

d) Others

18. How do you monitor or observe your data pipelines and usage metrics?

19.

a) Azure Monitor

b) Databricks Monitoring Ul
c) Azure Log Analytics

d) Custom dashboards

e) Other

How do you see your organization evolving in terms of data architecture in
the next 2-3 years?

a) Planning or transitioning to Data Mesh

b) Improving current centralized platform

c) Implementing a hybrid governance model
d) Not Sure

e) Other
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20. Do you believe Data Mesh will be fully or partially adopted by your

organization in the near future?
a) Yes - Full adoption planned
b) Partial or phased adoption

c) Not likely

d) Already Adopted Data Mesh
e) Currently in progress

f) Don’t know

g) Others
21. Would you like to share any insights, use cases, or challenges related to data

mesh or federated data ownership?
a) Data duplication

b) Slow data access across teams

c) Conflicting versions of truth

d) Lack of ownership

e) Security/access restrictions

f) Poor documentation/metadata
g) Tooling gaps

h) Others

22. Do you have any suggestions or recommendations for our research: “Develop a
Framework for Creating Business Value Using a Cost-Optimized Azure Data

Mesh: A Complete Data Management Solution in the Financial Sector”?
23. Would you be open to a short follow-up interview for deeper insights?
a) Yes

b) No
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3.8 Data Collection Procedures

This research employed a mixed-methods approach for primary data collection to
evaluate the feasibility, cost-effectiveness, and governance readiness of implementing
an Azure-based Data Mesh architecture in the financial domain. The study integrated
both quantitative survey data and qualitative expert insights to ensure a
comprehensive understanding of organizational readiness, tool usage, and

architectural preferences.

Survey data was collected using a structured Google Form distributed to data
professionals working in finance, healthcare, retail, and IT sectors. A total of 42
complete responses were obtained, comprising roles such as data engineers, architects,
analysts, and business leaders. Questions focused on current data architecture, Azure
service usage, self-service capabilities, governance practices, and perspectives on
adopting Data Mesh. The instrument included Likert-scale, multiple-choice,
checkbox, and open-ended questions to allow both quantitative analysis and narrative

interpretation.

In parallel, simulated implementation data was generated through a proof-of-concept
environment on Microsoft Azure. Key services included Azure Data Factory (ADF),
Data Lake Storage Gen2, Azure Synapse Analytics, Azure SQL Database, and Unity
Catalog. Source datasets ranging from customer information and transactions to loan,
fraud detection, and compliance records were loaded into ADLS using a metadata-
driven dynamic pipeline. These data flows were monitored, governed, and analysed to
test key performance, cost, and security metrics aligned with Data Mesh principles.

To validate the framework further, informal case-study style expert interviews were
conducted with three senior practitioners across financial analytics and cloud
architecture domains. Their feedback was recorded and manually coded to extract
insights regarding governance, performance, and adoption challenges. Ethical

protocols were followed, and all responses were anonymized.

3.9 Data Analysis

The analysis of the collected data involved both descriptive statistical methods and

qualitative thematic synthesis to derive actionable conclusions regarding the value and



viability of Azure Data Mesh adoption.

Survey data was cleaned and tabulated in Microsoft Excel and Power BI. Descriptive
statistics such as frequencies, percentages, and weighted averages were applied to
analyze trends in data access models, Azure service adoption, pipeline types, data
quality practices, and anticipated adoption of Data Mesh. Visualizations including bar
charts, pie charts, and stacked columns were used to identify correlations between

roles, tool maturity, and governance models.

The open-ended responses and expert interviews were analyzed thematically using
manual coding. Key themes were extracted, including perceptions of decentralization
benefits, security concerns, cost-saving techniques, and change management. These
were then compared with architectural and governance goals of the proposed Azure-

based framework.

In the implementation component, operational metrics such as pipeline duration,
activity run status, and transformation latency were logged using Azure Monitor and
Log Analytics. These metrics provided quantitative evidence of performance
efficiency. Additionally, governance practices such as RBAC role assignments,
metadata cataloging with Unity Catalog, and secure credential storage using Azure
Key Vault were verified to assess policy enforcement capabilities.

Together, this blended analytical approach enabled the study to draw well-rounded
conclusions that integrate user perspectives, implementation evidence, and strategic

business considerations.

3.10 Conclusion

This chapter outlined the research methodology employed to explore the
implementation of a cost-optimized Azure Data Mesh framework within the financial
sector. A qualitative exploratory design was adopted, combining primary data from
industry professionals with a simulated case study using Microsoft Azure tools. The
chapter described the research problem, detailed the survey process and simulated
environment, and explained how data was collected, analysed, and interpreted using

thematic and system-level performance metrics.

Key tools and services such as Azure Synapse Analytics, Data Factory, Data Lake
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Storage Gen2, and Unity Catalog were deployed to emulate a decentralized, domain-
oriented architecture aligned with Data Mesh principles. Ethical standards were
observed throughout the study, and limitations including the scope of the simulation,
sample size, and platform specificity were acknowledged.

Together, these methodological choices laid a strong foundation for evaluating the
practicality, value, and cost implications of decentralized data architectures in a
financial context. The next chapter presents and discusses the results derived from
both the expert survey and simulated implementation. By integrating both empirical
inquiry and technical implementation, the study applied a mixed-method, exploratory
design grounded in pragmatic research philosophy. This approach enabled the
researcher to combine the strengths of qualitative insights from industry professionals
with quantitative and systems-level metrics obtained through a simulated Azure
environment. Primary data was collected through a survey of 44 data and cloud
professionals, providing contemporary industry perspectives on data architecture
maturity, governance practices, Azure adoption, and perceived challenges.
Complementing this, a simulated case study environment was designed using
Microsoft Azure services including Azure Data Factory, Azure Data Lake Storage
Gen2, Azure Databricks, Azure Synapse Analytics, Unity Catalog, and Power Bl to
operationalize Data Mesh principles such as domain ownership, data product creation,
and federated governance. This dual approach allowed the study not only to
conceptualize but also to demonstrate the feasibility of Data Mesh implementation
within a controlled yet realistic financial setting. Data analysis was carried out using
thematic analysis for the qualitative insights and descriptive statistical techniques for
the survey data. System-level performance indicators such as compute utilization,
storage tiering, and Delta Lake optimization further complemented the analytical
framework, allowing the research to evaluate cost efficiency, governance
effectiveness, and scalability of the proposed architecture. Ethical considerations were
carefully upheld, including participant anonymity, data confidentiality, and
compliance with GDPR-aligned principles. The chapter also acknowledged
methodological limitations such as sample size constraints, the simulated nature of the
cloud environment, and technology-specific dependencies on the Azure ecosystem.
Despite these constraints, the chosen methodology established a solid foundation for

validating the practical relevance, operational viability, and potential business value of
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a decentralized, domain-oriented data architecture for financial institutions. Overall,
Chapter 3 provided the methodological rigor needed to ensure that the findings
presented in the subsequent chapters derived from both industry expert input and the
Azure Data Mesh implementation are credible, replicable, and grounded in both
theory and practice. The following chapter now presents the results and analysis,
integrating survey findings with performance observations from the prototype
implementation to assess how effectively the proposed framework addresses the
challenges of cost, governance, and data domain decentralization in the financial

sector.

3.11 Extended Transition to Chapter 4

The preceding chapter established the methodological foundation necessary to
evaluate the feasibility, performance, and business value of implementing a cost-
optimized Azure Data Mesh architecture within the financial services landscape.
Having outlined the research paradigm, data collection strategy, sampling approach,
technical environment, analytic procedures, and ethical safeguards, it is now essential
to transition from methodological intent to the practical realization of the proposed

architectural framework.

The next stage of this research moves from conceptual preparation to the actual
construction of the Azure Data Mesh prototype, which serves as both a testing
environment and a proof-of-concept (PoC) model. This transition is critical because
the Data Mesh paradigm, unlike traditional architectural models, cannot be evaluated
solely through literature or user perceptions. Instead, it requires hands-on
implementation, technical validation, and empirical observation of behavior under

realistic operational conditions.

Financial organizations operate in highly regulated and data-intensive environments
where the cost, governance, security, and performance implications of any
architectural shift must be rigorously examined. Therefore, Chapter 4 provides the
essential technical grounding upon which Chapters 5 and 6 build analytical and
interpretive insight. Without the implementation described in Chapter 4, the later
findings on cost optimization, governance effectiveness, domain alignment, and data

product performance would lack empirical foundation.
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3.11.1 Linking Methodology to Implementation

The methodological choices described earlier mixed methods, pragmatic stance,
survey triangulation, thematic analysis, and system-level measurement directly inform
how Chapter 4 is designed and structured. Each element of the methodology

corresponds to a deliberate component of the Azure implementation:

The research aims to evaluate a cost-optimized Data Mesh framework guides the

selection of Azure services that enable elasticity, modularity, and price efficiency.

The use of real financial datasets ensures domain relevance, reflecting actual

operational conditions faced by banking and fintech institutions.

The emphasis on governance and compliance motivates the integration of Azure Key

Vault, Purview, and Unity Catalog for secured data access and lineage tracking.

Survey insights shape the architectural focus: for example, the high number of
respondents reporting centralized bottlenecks justified the adoption of domain-

oriented data products.

Case-study logic Yin - 2018 frames the implementation as both a technological

prototype and an analytic unit, enabling direct comparison with expert perceptions.

In this sense, Chapter 4 serves as the operational embodiment of the methodology,
transforming research design into a functioning architectural model that can be

analyzed, validated, and compared against industry expectations.

3.11.2 Importance of Chapter 4 in the Broader Thesis Structure

Chapter 4 is pivotal to the thesis for several reasons:
1. It Operationalizes the Conceptual Model

While Chapter 2 situates the research within existing theoretical frameworks, and
Chapter 3 outlines how the research will be conducted, Chapter 4 demonstrates how
those theories manifest in a real cloud environment. Complex concepts such as
domain data products, federated governance, and data lifecycle layering (Bronze—

Silver—Gold) become tangible and measurable.

2. It Enables Assessment of Cost Optimization
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Cost optimization is one of the central research objectives. Through Azure Cost
Management metrics, Databricks cluster performance, storage tiering, and serverless
query patterns, Chapter 4 provides empirical evidence to assess the financial
efficiency of the proposed model.

3. It Establishes the Governance Framework

Security and compliance are essential in financial data architecture. Chapter 4 details
how governance tools Key Vault, Purview, Unity Catalog implement policy-as-code,
RBAC, lineage tracking, and masking rules. These elements are later discussed in

Chapter 5 (Findings) and Chapter 6 (Discussion).
4. It Produces Data Products for Analysis

The creation of domain-aligned data products in Azure Delta format forms the basis
for downstream reporting, performance measurement, and business value assessment.

These outputs are used to validate the research objectives.
5. It Creates the Bridge Between Literature and Findings

By grounding the research in a fully functioning implementation, Chapter 4 ensures
the findings in Chapter 5 are evidence-based rather than speculative.

3.11.3 Summary of What to Expect in Chapter 4

To prepare the reader for the detailed explanations that follow, Chapter 4 includes the

following:

1. End-to-End Architecture Design
» Source systems (MySQL and SQL Server)
» Ingestion using ADF’s metadata-driven pipeline
» Storage in ADLS Gen2 (raw)
» Processing in Databricks (Bronze, Silver, Gold)
» Governance with Unity Catalog and Purview

» Analytical layer using Synapse Serverless and Power Bl
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2. Domain and Data Product Design
» Credit domain
» Customer domain
» Loan domain
» Regulatory & Compliance domain
3. Transformation Logic and Standardization
» Deduplication
» Schema enforcement
» PIl masking
» Data quality validation
4. Cost Optimization Techniques
» Cluster autoscaling
» Job-based compute
» Delta optimization
» Storage tiering
» External Table Access
» Archive Strategy
5. Governance Implementation
» Role-based access control
» Data lineage mapping
» Policy-as-code application
» Data Masking

> Access Policies
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» Azure Key Vault

6. Visual Architecture and Flow Diagrams
» End-to-end data pipeline
» Governance workflow

» Domain product lifecycle

CHAPTER 4

RESULTS ANALYSIS

4.1 Implementation Environment
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To Implement the suggested Azure Data Mesh architecture was done completely
within a cloud-native environment using Microsoft Azure services. The setup was
modelled after a typical realistic, scalable, and cost-conscious configuration used in
financial data domains. It combined a dynamic ingestion pipeline, distributed
processing, secure storage, and enterprise-level governance to enable domain-based
data product delivery. On the Azure platform, services such as Azure Data Factory,

Azure Databricks, Synapse Analytics, and

Unity Catalog were deployed within the cloud ecosystem. These tools were
orchestrated to simulate real-world data mesh scenarios, enabling distributed data

ownership, cost monitoring, and regulatory compliance.

Table 4.1: Component Overview of the Proposed Azure Data Mesh Framework

Component Description

Microsoft Azure (subscription-based environment

Cloud Platform with regional storage redundancy)

Azure Data Factory (ADF) - Dynamic metadata-

Ingestion Layer . - .
g y driven pipeline architecture

Azure Data Lake Storage Gen2 - Layered structure:

Storage Layer Bronze (raw), Silver (cleansed), Gold (products)

Azure Databricks - Configured with cluster-based

Processing Layer . .
ng Lay PySpark jobs for transformation

Azure SQL Database - Stores control tables for

Metadata Control .
source, paths, domain tags, and rules

Unity Catalog - For lineage, classification, and

Governance .
discovery; Azure Key Vault for secrets

Azure Synapse Serverless SQL Pools and Power Bl

Consumption Layer for query and reporting

Table 4.2: Configuration values for tools

S No Configuration Element Value

1 Runtime Version Databricks Runtime 12.2 LTS
(Spark 3.3)
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2 Python Version 3.8

3 Worker Nodes 2-4 (auto-scaling enabled)

4 Driver Node Standard_DS3 v2

5 Libraries Installed PySpark, pandas, NumPy, Delta
Lake

6 Storage Access Linked with ADLS via Key
Vault secrets

This hybrid setup, blending on-premise computational robustness with scalable Azure
cloud services, created a controlled yet realistic environment for iterative testing, case
study execution, and PoC validations. The resulting infrastructure ensured that the
proposed framework was practically viable, performance-optimized, and scalable

across diverse financial organizational contexts.

The Azure Databricks workspace was configured as follows to support scalable and

secure transformation logic:

Table 4.3 Datasets Overview

Dataset Name Mapped Domain | Purpose

crm dataset enhanced F Demographics, contact details,
. - — | Customer / CRM g p

inal.csv segmentation

) . Lending records, disbursement,
Loan_details_Final.csv Loan g

repayment status
synthetic_transactions_Fi . Transaction flow simulation
Transaction . .
nal.csv (credit/debit)
cibil_dataset_final.csv Credit & Risk Credit score, band classification

Core_Banking_System_ | Core Banking / Account type, balance, account
Final.csv Accounts lifecycle

These datasets were sourced from MySQL and ingested into ADLS Gen2 (Bronze
Layer) using a parameterized, metadata-driven ADF pipeline.
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4.1.1 Technical Diagram - End-to-End Architecture
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Fig 4.1: Azure Data Mesh End-to-End Architecture

4.2 Framework Proposal

4.2.1 Overview of the Proposed Azure Data Mesh Framework

The proposed framework
architecture leveraging Microsoft Azure services. It operationalizes the core principles
of Data Mesh domain ownership, data as a product, self-service infrastructure, and
federated governance while aligning with the financial sector’s regulatory and security
requirements. The implementation integrates Azure Data Factory, Data Lake Storage

Gen2, Databricks, Synapse Analytics, Power BI, and Unity Catalog to create a unified,

scalable, and governed data

ecosystem.

introduces a cost-optimized, domain-oriented data
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Fig 4.2: MySQL Database as Source System for Data Ingestion

The figure 4.2 illustrates the on-premise MySQL database that serves as a primary
data source for the financial datasets, including customer information, transactions,
and loan records. In the proposed Azure Data Mesh framework, these operational
databases represent the domain-owned data systems from which the raw data is
extracted into the Azure ecosystem. The connection to MySQL is configured through
Azure Data Factory using secure linked services and credential management via Azure
Key Vault. This demonstrates how the framework integrates traditional OLTP systems

into a cloud-based data mesh architecture.

4.2.2 Storage Layer - Azure Data Lake Storage Gen2
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Fig 4.3: Azure Data Lake Storage Gen2 Layered Structure (Bronze, Silver, Gold)



The figure 4.3 displays the structured data storage architecture implemented in Azure

Data Lake  Storage Gen2, The Raw layer holds raw ingested data from MySQL.

4.2.3 Integration Layer - Azure Data Factory
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Fig 4.4: Azure Data Factory Dynamic Metadata-Driven Pipeline

This figure 4.4 presents the dynamic, metadata-driven pipeline created in Azure Data
Factory for orchestrating data ingestion from on-premise sources to the Azure Data
Lake. The pipeline uses parameterized activities and lookup tables stored in Azure
SQL Database, allowing for the ingestion of multiple datasets with a single reusable
workflow. This automation reduces manual intervention, enforces consistency, and
ensures operational transparency. By leveraging ADF’s metadata-driven logic, the
framework achieves cost-optimized scalability and simplified maintenance across

domains.

4.2.4 Transformation Layer - Azure Databricks
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Fig 4.5: Databricks Unity Catalog Managing Bronze, Silver, and Gold Layers

78



The figure 4.5 demonstrates how the Databricks Unity Catalog is used to register and
manage the bronze, silver, and gold delta tables. The Bronze layer stores ingested raw
data references from ADLS; the silver layer contains standardized and deduplicated
data; and the Gold layer hosts curated domain products, including credit scores, loan
portfolios, and transactional insights. This design centralizes metadata governance

while maintaining separation of data ownership across domains.
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Fig 4.6: Databricks Notebook for Data Transformation and Data Processing
This figure 4.6 presents the Databricks notebook implementing ETL logic for
standardization, deduplication, PIl masking, and domain enrichment. PySpark scripts
process data from the bronze references into silver and gold delta tables, enabling
version control, ACID compliance, and efficient analytical performance.
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Fig 4.7: Azure Synapse Analytics Serverless SQL Layer for Data Consumption



This figure 4.7 illustrates the analytical query layer implemented through Azure
Synapse Analytics Serverless SQL pools. Rather than loading data into a dedicated
warehouse, the framework defines external tables that reference Gold-layer Delta
datasets stored and governed within Databricks Unity Catalog. This approach
eliminates redundant storage, reduces infrastructure cost, and enables on-demand
analytical querying directly on the curated domain data. The Synapse workspace acts
as a semantic gateway between governed Delta tables and business reporting tools
such as Power BI, ensuring schema consistency, lineage traceability, and role-based

access inherited from Unity Catalog policies.

4.2.6 Visualization Layer - Power Bl Dashboard
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Fig 4.8: Power Bl Dashboard Connected via Synapse Serverless SQL Endpoint

This figure 4.8 presents the visualization layer, where Power Bl is connected to the
Synapse Serverless SQL endpoint using Direct Query mode. The dashboards display
domain-specific financial insights derived from the gold layer fact and dimension
tables such as credit-risk distribution, loan repayment performance, and transaction-
fraud metrics. By leveraging Direct Query, all visuals reflect the latest governed data
without replication, ensuring both real-time responsiveness and compliance with
enterprise data governance. This integration demonstrates how the proposed cost-
optimized Azure Data Mesh framework translates technical data architecture into

measurable business value.
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4.2.7 Summary
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Fig 4.9: Complete Data Management Architecture
4.3 End to End Implementation Flow

The proposed framework successfully demonstrates the design and implementation of
a cost-optimized Azure Data Mesh architecture tailored for the financial services
sector. The framework operationalizes the four foundational principles of Data Mesh
domain ownership, data as a product, self-serve data infrastructure, and federated
governance through the integration of Azure-native services, including Azure Data
Factory (ADF), Azure Data Lake Storage Gen2, Azure Databricks, Unity Catalog,
Azure Synapse Analytics, and Power BIl. Data ingestion begins at the source layer,
where on-premise MySQL database provides structured operational data from
financial systems such as core banking, CRM, and credit bureaus. Azure Data Factory
orchestrates the data movement into Azure Data Lake Storage Gen2, storing raw data
in its native format for traceability and auditability. This ensures the immutability of
original data and maintains cost efficiency by utilizing low-cost storage tiers.

The transformation and enrichment processes occur within Azure Databricks, which
forms the computational backbone of the Data Mesh framework. Data is read from the
raw landing zone and processed into bronze, silver, and gold layers within the
Databricks Unity Catalog using Delta Lake storage. The Bronze layer holds raw
ingested data references; the silver layer contains standardized and deduplicated data

with applied data quality rules and Pl masking; and the gold layer hosts curated

81



domain-specific data products represented as fact and dimension tables. This
separation of layers not only enforces schema consistency but also facilitates
scalability and supports domain-oriented ownership of data products such as credit
scoring, loan performance, and transaction analytics. Unity Catalog provides the
federated governance and security foundation for the framework. It unifies data
lineage, policy management, and role-based access control across domains. Integrated
with Azure Key Vault and Azure Active Directory, Unity Catalog enforces
compliance with regulatory standards including RBI Credit Risk, Basel IllI, and
GDPR. This approach ensures that data governance is not centralized but rather
embedded within each domain, empowering teams while maintaining enterprise-wide

security and accountability.

The analytical layer is powered by Azure Synapse Analytics (Serverless SQL Pool),
which provides a cost-effective semantic layer that queries curated Delta tables
directly from Databricks without replicating data. This serverless model enables on-
demand querying and seamless integration with Power BI, significantly reducing
infrastructure costs compared to dedicated SQL pools. The visualization layer
leverages Power Bl as a self-service analytics platform, connected to the Synapse
serverless endpoint via DirectQuery mode. This enables business stakeholders to
access real-time insights on financial KPIs such as credit score distributions, loan
portfolio performance, and transaction fraud patterns while ensuring that every

dashboard and report adheres to data governance and security protocols.

Overall, the end-to-end framework validates the research objective by demonstrating
how a cost-optimized Azure Data Mesh can create business value through
decentralization, governance, and automation. It ensures scalability, transparency, and
compliance while minimizing cost through pay-per-use computer models and storage
tier optimization. This implementation not only bridges the gap between technical
architecture and business intelligence but also serves as a reproducible blueprint for
financial organizations seeking to modernize their data management strategies within

a regulated environment.
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4.4 Survey Analysis

Frequency distribution of questionnaire element:

Table 4.4: What is your current role in the organization

Options No of respondents Percentage
DATA Engineer 31 72.09302326
Data Artitech 2 4.651162791
Data Analyst 4 9.302325581
Data Scientist 0 0

Xilce President - Data & 1 » 375581395
Sr. Director 1 2.325581395
CEO 1 2.325581395
Senior Data Engineer 1 2.325581395
E;seenatrics:? Neurotrauma 1 5 395581395
Management 1 2.325581395

Management

Research Neurotrauma
Scientist

Senior Data Engineer
CEO

Sr. Director

Vice President - Data &
Al

data scientist
data Analyst

Data Artitech

DATA Engineer

0

10 20

30 40

Figure 4.10: What is your current role in the organization

The above figure 4.10, the majority of respondents identified their current role as Data

Engineer, representing 72.1% (31 out of 43 respondents). This dominance indicates

that the insights gathered through the survey are strongly influenced by practitioners

who are directly involved in data ingestion, pipeline design, and transformation
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workflows all critical components in a Data Mesh implementation.

The next most represented roles were Data Analyst (9.3%) and Data Architect (4.7%),
reflecting the presence of individuals engaged in modeling, business intelligence, and
high-level architecture. A diverse range of senior positions also appeared, including
Vice President - Data & Al, Senior Director, Senior Data Engineer, and Management-
level stakeholders, each accounting for approximately 2.3% of the sample.

Interestingly, one participant was a Research Neurotrauma Scientist, suggesting cross-
industry curiosity or the adoption of data mesh concepts in healthcare-related

domains.

This distribution reinforces that the survey data is heavily grounded in hands-on
technical experience, while also incorporating perspectives from strategic and
leadership-level roles, thus providing a well-rounded validation base for the proposed

Azure Data Mesh framework.

Table 4.5: How many years of experience do you have in data management related

roles

Options No of respondents Percentage
0 -2 Years 6 13.95348837
3 -5 Years 22 51.1627907
6 - 10 Years 5 11.62790698
10+ years 9 20.93023256
20 years 1 2.325581395
Total 43 100
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As shown in Table 4.5, the majority of respondents - 51.2% (22 out of 43) reported
having 3 to 5 years of experience in data management - related roles. This indicates that
a significant portion of participants are mid-career professionals with practical exposure
to both legacy and emerging data architectures, making their insights particularly

valuable for evaluating modern frameworks like Data Mesh.

A further 13.9% (6 respondents) had O to 2 years of experience, representing early-
career professionals likely involved in operational data tasks or in junior engineering
roles. Another 11.6% had 6 to 10 years of experience, and 20.9% had over 10 years,
signifying well-rounded experience across strategic, architectural, and leadership roles.
One respondent (2.3%) reported over 20 years of experience, bringing a long-term

perspective to the evolution of enterprise data platforms.

This spread across experience levels enhances the robustness of the survey findings,

providing insights from both technical implementers and seasoned decision-makers.

Table 4.6: In which industry does your organization works

Options No of Respondents Percentage

Banking and Finance |13 30.23255814
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Retail & E-commerce |4 9.302325581

Healthcare 18 41.86046512
Manufacturing 0 0
Public Sector /
Government 0 0
Telecom 1 2.325581395
Information technology |2 4.651162791
Real-estate software
management company |1 2.325581395
Mining Industry 1 2.325581395
Oil and gas 1 2.325581395
Transport 1 2.325581395
Publishing 1 2.325581395
Total 43 100
ePublishing
Transport
Oil and gas
Mining Industry
Real-estate software...
Information technology
Telecom
Public Sector / Gover...
Manufacturing
Healthcare
Retail & E-commerce
Banking and Finance
0 5 10 15 20

Fig 4.12: In which industry does your organization works

As illustrated in Figure 4.12, a significant portion of respondents - 41.9% (18 out of
43) indicated that they work in the healthcare sector, followed by 30.2% (13

respondents) from banking and financial services. This distribution underscores the



growing importance of data governance and scalable architecture not only in
traditionally regulated industries like finance, but also in healthcare, where

compliance with standards such as HIPAA and GDPR s critical.

The retail and e-commerce sector accounted for 9.3% of responses, suggesting
increased interest in real-time data delivery and personalization key goals of Data
Mesh adoption. Other represented industries included telecom, mining, oil and gas,
transport, and real estate, each contributing approximately 2.3% of the sample. These

outliers reflect a diverse interest in data mesh concepts beyond traditional domains.

Interestingly, no respondents identified manufacturing or public sector/government

affiliations, possibly due to slower cloud migration in those areas.

This cross-sector representation supports the broader applicability of your proposed
Azure-based Data Mesh framework, while the strong presence of respondents from
highly regulated industries validates the emphasis on data governance and cost

optimization featured in your implementation.

Table 4.7: How is data currently organized and managed across your organization

Options No of Respondents |Percentage

Fully centralized (e.qg., single

warehouse or lake) 15 34.88372093
Decentralized (data ownership

by domain teams) 14 32.55813953
Hybrid (central lake with

federated access) 12 27.90697674
Implementing Data Mesh

principles 0 0

Don’t know / Not applicable 2 4.651162791

Total 43 100
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Fig 4.13: How is data currently organized and managed across your organization

The Figure 4.13 presents how data is currently structured and managed within the
organizations of survey participants. A notable 34.9% (15 out of 43) of respondents
reported using a fully centralized architecture, such as a monolithic data warehouse or
a central data lake. This reinforces the continued prevalence of traditional models
where control, governance, and data engineering responsibilities are consolidated
within a central IT or data team.

Close behind, 32.6% of respondents indicated a decentralized model, where data
ownership is distributed across domain teams. This aligns with emerging data mesh
principles, even though none of the respondents explicitly reported that they had
formally implemented a data mesh architecture. This finding suggests that while
decentralization is being adopted in principle, most organizations have not yet
formalized their structures or tooling around the full data mesh paradigm. An
additional 27.9% noted a hybrid approach, where a central data lake exists but with
federated access granted to domain users. This hybrid model serves as a natural
stepping stone toward Data Mesh, providing centralized infrastructure while enabling
domain-specific consumption and governance. Only 4.7% selected “Don’t know or
not applicable,” indicating that most participants were familiar with their
organization's data architecture and model lending credibility to the quality of the

responses.
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Overall, this breakdown confirms that while full Data Mesh adoption remains nascent,
the principles of decentralization and federated access are beginning to take hold. It
also validates the relevance and timeliness of your proposed Azure-based Data Mesh
framework, particularly as an evolution path from hybrid or centralized architectures.

Table 4.8: Have you formally defined data domains aligned with your

organization’s business units

No of
Options Respondents |Percentage
Yes - data domains are defined and managed
independently 25 58.13953488
No - centralized data team manages all data 11 25.58139535
In progress - planning to introduce data
domains 3 6.976744186
Not sure 4 9.302325581
Total 43 100

@ Yes — data domains are defined and
managed independently

@ No - centralized data team manages all
data
A In progress — planning to introduce data
domains
@ Not sure

Figure 4.14: Have you formally defined data domains aligned with your organization’s

business units

The above Figure 4.14 shows the degree to which survey participants’ organizations
have formally defined data domains aligned with business units a core principle of the

Data Mesh architecture.

More than half of respondents (58.1%, or 25 out of 43) stated that data domains are
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already defined and managed independently, which indicates a substantial readiness
for, or partial adoption of, federated data ownership. These organizations appear to be
in a strong position to support a domain-oriented framework such as the one proposed
in this thesis.

In contrast, 25.6% of respondents reported that their data is still managed exclusively
by a centralized data team, reflecting a traditional model where domains may not have
direct data ownership or stewardship responsibilities. These cases may require
organizational restructuring or cultural shifts before moving toward a true data mesh

architecture.

An additional 7.0% stated that domain definitions were currently in progress, while
9.3% were not sure, potentially indicating a lack of strategic alignment or internal

communication around data responsibilities.

This distribution affirms that a growing number of organizations are transitioning
toward domain-based thinking, even if formal data mesh implementations are still
rare. These insights provide practical validation for the domain-based structure and

product-centric layering used in your Azure Data Mesh framework.

Table 4.9: What architectural approach best describes your current data

infrastructure

Options No of Respondent |Percentage
Data Warehouse 16 37.20930233
Data Lake 11 25.58139535
Lakehouse 7 16.27906977
Operational Data Store (ODS) 6 13.95348837
Data Mesh 3 6.976744186
Total 43 100
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Fig 4.15: What architectural approach best describes your current data infrastructure

Fig 4.15 presents respondents’ perspectives on cross-departmental data access within
their organizations. Over half of the respondents (51.2%) reported that data access is
still centrally controlled by an IT or data engineering team. This centralized
gatekeeping reflects a common bottleneck in traditional architectures and highlights a
key area where the Data Mesh paradigm through federated access and domain

ownership seeks to drive improvement.

An additional 41.9% indicated that some teams have partial access via tools or APIs.
While this suggests a shift toward self-service models, it also implies that access is not
yet universally available, often limited by technical capability, licensing, or

governance constraints.

Only 4.7% of respondents stated that their organizations provide full self-service
access to data across departments, which is the ideal state envisioned in Data Mesh
architecture. This small share demonstrates the early stage of maturity in federated
self-service adoption and further validates the need for frameworks that support this
model through role-based access control (RBAC), metadata catalogs, and serverless
querying. Lastly, 2.3% of respondents marked the question as “not applicable,” likely
reflecting organizations where data sharing is either not practiced or where data is
siloed by design

These findings underscore a significant opportunity for improvement in data
democratization a key principle of your proposed Azure Data Mesh framework,

particularly through the use of Azure Synapse views, Purview discovery, and RBAC-
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layered access.
Table 4.10: Can business or technical teams access data from other departments

without central IT intervention

Options No of Respondent |Percentage
No - Central data team controls access 22 51.1627907
Partially - Some teams can access via

tools/APls 18 41.86046512
Yes - Full self-service access is available |2 4.651162791
Not applicable 1 2.325581395
Total 43 100

@ Yes - Full self-service access
is available

@ Partially - Some teams can
access via tools/APls

No - Central data team
controls access

@ Not applicable

Figure 4.16 Can business or technical teams access data from other departments

without central IT intervention

As shown in fig 4.16, a majority of respondents 51.2% (22 out of 43) reported that
data access is centrally managed, meaning business or technical teams must go
through the central data team to retrieve or work with data from other departments.
This indicates a persistent reliance on traditional, centralized governance models that
limit agility and scale particularly when rapid access to cross-functional data is needed

for analytics, reporting, or operational decision-making.

A significant portion 41.9% (18 respondents) noted partial access, where some

departments can access data through pre-approved tools or APIs. This reflects



organizations that are moving toward self-service but still face limitations due to

tooling, permission management, or policy constraints.

Only 4.7% (2 respondents) indicated their organizations have full self-service access,
where cross-domain data can be explored and consumed without central IT
intervention. This small number highlights the early-stage maturity of self-service
capabilities in most enterprises, particularly in regulated industries like finance and

healthcare.

A minority 2.3% (1 respondent) selected “Not applicable,” possibly referring to siloed

organizations or those with minimal data sharing needs.

Overall, this finding supports the need for self-service capabilities as promoted in the
proposed Azure Data Mesh framework, using services like Azure Synapse Serverless,
Power BI integration, Purview discovery, and RBAC security layers to enable secure,
governed access without relying solely on centralized IT.

Table 4.11: How do your teams typically access and consume data

Options No of Respondent|Percentage
Direct SQL queries to databases/lakes 17 39.53488372
APIs or data services 12 27.90697674
Self-service dashboards (Power BI, Tableau,

etc.) 11 25.58139535
Data exports (CSV, Excel) 2 4.651162791
All of above 1 2.325581395

Total 43 100
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Fig 4.17: How do your teams typically access and consume data

Figure 4.17 illustrates how teams within respondent organizations typically access
and consume data in their day-to-day workflows. The most common method, chosen
by 39.5% (17 out of 43 respondents), is through direct SQL queries to databases or
data lakes. This suggests a high level of technical proficiency among users and
possibly reflects a lack of streamlined self-service interfaces for non-technical
stakeholders.

Following this, 27.9% of participants reported using APIs or data services, indicating
growing adoption of reusable service layers and a shift toward decoupled,
programmatic access models common in more modern and modular architectures.
Self-service dashboards such as Power Bl or Tableau were used by 25.6% of
respondents, highlighting moderate availability of visual analytics tools. While these
tools support non-technical stakeholders, their lower usage may imply either limited
access or a continued reliance on manually intensive workflows.

A smaller segment 4.7% still rely on manual exports (e.g., CSV, Excel), often
indicating legacy systems or teams lacking automated reporting solutions. Only 2.3%
selected “All of the above”, suggesting limited widespread integration of multi-access
patterns within most organizations.

These results validate the design of your Azure Data Mesh framework, which includes
multiple consumption pathways: direct SQL (via Synapse Serverless), APl exposure,
and Power BI dashboard integration. The insights also support the inclusion of
metadata-driven discovery via Azure Purview, helping bridge the gap between

technical and non-technical data consumers.

94



Table 4.12: Which tools/platforms are currently used for data ingestion,

transformation, and orchestration

Options No of Respondents [Percentage
Azure Data Factory 26 60.46511628
Azure Synapse 14 32.55813953
Databricks 24 55.81395349
Snowflake, Snowpark & DBT

(Data Build Tool) 17 39.53488372
Apache Spark 16 37.20930233
Informatica / Talend 8 18.60465116
Microsoft Fabric 14 32.55813953
Other tools 1 2.325581395
On-premise 1 2.325581395
AWS Glue and Kinesis 1 2.325581395
Total 122 283.7209302

Snowflake, Snowspark & DBT ...
Apache Spark

Informatica / Talend

Microsoft Fabric

Other tools

On-premise

AWS Glue and Kinesis

17 (395%)
16 (37.2%)
-8 (18.6%)

14 (32.6%)

30

Fig 4.18: Which tools/platforms are currently used for data ingestion, transformation,

and orchestration

Fig 4.18 presents a multiple-response analysis of the data services currently in use
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across respondent organizations. As participants were allowed to select more than one
option, the total percentage exceeds 100%, offering insight into the tool diversity and
architectural complexity within modern data ecosystems.

The most widely adopted service is Azure Data Factory (ADF), selected by 60.5% of
respondents (26 out of 43). This reinforces ADF’s central role in orchestrating data
movement and transformation pipelines in Azure-native and hybrid data architectures.
Closely following is Azure Databricks, chosen by 55.8% (24 respondents), indicating
strong reliance on Apache Spark-based big data processing for tasks such as
transformation, enrichment, and machine learning. Snowflake and DBT, selected by
39.5%, highlight the wuse of cloud-native warehousing and modular data
transformation pipelines, even in environments that also leverage Microsoft Azure
tools.

Apache Spark (standalone) was selected by 37.2%, while Azure Synapse Analytics
and Microsoft Fabric were each used by 32.6% of respondents suggesting a growing
shift toward integrated analytical platforms and serverless query services.

Less common but still notable tools include Informatica or Talend (18.6%), reflecting
traditional ETL toolsets, and external cloud services like AWS Glue and Kinesis, on-
premises systems, and other tools each selected by 2.3%.

This multi-platform spread suggests that many enterprises are operating in hybrid and
multi-cloud environments, and validates the need for a flexible, interoperable, and
cloud-native framework such as the Azure-based Data Mesh architecture proposed in
this study that can integrate with existing toolchains while enabling governance and
domain-driven design.

Table 4.13: What type of data pipeline is predominant in your organization

Options No of Respondent | Percentage
Batch processing 23 53.48837209
Real-time / 7 16.27906977
Streaming

Hybrid (Batch + 1 25.58139535
Streaming)

Not sure / NA 2 4.651162791

Total 43 100
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Figure 4.19: What type of data pipeline is predominant in your organization

Figure 4.19 summarizes the data pipeline patterns predominantly used across the
surveyed organizations. A clear majority 53.5% (23 out of 43 respondents) indicated
that their organizations primarily rely on batch processing pipelines. This is consistent
with legacy architectures and centralized warehouse models, where data is processed

at scheduled intervals rather than in real-time.

Meanwhile, 25.6% of participants reported using a hybrid model that integrates both
batch and real-time (streaming) pipelines. This combination reflects evolving
architectures, especially in industries requiring both operational efficiency and low-

latency analytics, such as fintech, retail, or healthcare.

Only 16.3% of respondents stated that real-time or streaming data pipelines are
predominant. Although still emerging, this model is expected to grow as organizations
adopt event-driven architectures, particularly for fraud detection, customer behaviour

tracking, and loT-based systems.

A small percentage (4.7%) of participants marked the question as “Not sure or not
applicable,” suggesting limited involvement with data infrastructure or organizational

complexity in pipeline strategies.

These findings validate the architectural flexibility of your Azure Data Mesh
implementation, which supports both batch-oriented ADF pipelines and streaming
capabilities via Databricks Structured Streaming or Azure Stream Analytics, ensuring

relevance across varied maturity levels.

Table 4.14: How is data quality ensured across data assets in your organization
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Options No of Respondent |Percentage
Automated data quality rules

embedded in ETL 26 60.46511628
Manual validation by teams 7 16.27906977
Data validation tools (e.g., Great

Expectations) 6 13.95348837
We don't currently monitor data

quality 4 9.302325581
Total 43 100

@ Manual validation by teams

@ Automated data quality rules

embedded in ETL

Data validation tools (e.g.,

Great Expectations)

@ We don't currently monitor

data quality

Fig 4.20: How is data quality ensured across data assets in your organization

A substantial 60.5% (26 out of 43 respondents) reported using automated data quality
rules embedded within ETL/ELT pipelines. This suggests growing adoption of rule-

based and code-driven validation, especially within modern data platforms like Azure

Data Factory, Databricks, or using frameworks such as Delta Live Tables.

Manual validation, still used by 16.3%, indicates that some organizations continue to

rely on spreadsheet checks, SQL sampling, or team-based audits practices that are

often time-consuming and prone to human error.

Interestingly, 13.9% of respondents have adopted dedicated data validation tools such

as Great Expectations, which represent more advanced, declarative testing methods

that align well with Datapost and data product SLAs.
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Notably, 9.3% admitted that they currently do not monitor data quality at all, which

highlights significant operational risk, especially in regulated industries.

The strong showing for embedded DQ logic reinforces the relevance of your proposed
framework’s Silver-layer quality checks, metadata-driven control tables, and potential

extensions for automated anomaly detection and alerting.

Table 4.15: Do you use any tools or platforms to track data catalog, lineage, or

metadata
Options No of respondents |Percentage
Azure Purview 7 16.27906977
Unity Catalog (Databricks) 15 34.88372093
Alation 1 2.325581395
Collibra 4 9.302325581
Custom in-house solution 4 9.302325581
AWS Glue 1 2.325581395
Airflow 1 2.325581395
Not using any 9
Using AWS services 1 2.325581395
Total 43 100

No of respendents and Percentage

Using AWS services

Azure Purview

ﬁdt hsing any

Airflow
;\WS Glus
Custom in-h
PUSIOMIMNOUSE Unity Catalog (Dat...
Collibra 34.9%

Alation

Fig 4.21: Do you use any tools or platforms to track data catalog, lineage, or
metadata?



The above figure 4.21 responses demonstrate a strong consensus about the statement,
with 21.9% (105 respondents) agreeing and 68.5% (329 respondents) strongly
agreeing. Thirty-two respondents, or 6.7% of the sample, expressed neutrality.
Strongly disagree (1.9%, 9 respondents) and disagree (1.0%, 5 respondents) were the

least common responses.

Table 4.16: How are compliance and data privacy requirements managed

No of
Options Respondents Percentage
Centralized data governance team 19 44.18604651
Domain-level ownership with
compliance checks 16 37.20930233
Not formally defined 4 9.302325581
Not Sure 4 9.302325581
Total 43 100

Not Sure

Not formally

Domain-evel
-

No of respendents and Percentage

Centralized data

Fig 4.22: How are compliance and data privacy requirements managed
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Figure 4.22 presents how organizations currently address compliance and data privacy
obligations a critical dimension in both centralized and federated data architectures.
The largest share of respondents (44.2%, or 19 out of 43) stated that compliance is
handled by a centralized data governance team. This reflects the traditional model
where responsibility for regulatory adherence (e.g., GDPR, HIPAA, SOC 2) is

consolidated within a single function, often within IT or data risk departments.

However, a nearly comparable share (37.2%) indicated that compliance is managed
through domain-level ownership with embedded compliance checks. This approach
reflects the federated governance model advocated by Data Mesh, where business
domains assume responsibility not only for data products but also for their regulatory
correctness. This shift represents progress toward local accountability,
decentralization, and operational scalability goals central to your Azure-based

implementation.

Meanwhile, 9.3% of respondents reported that compliance is not formally defined, and
another 9.3% were unsure potentially indicating emerging organizations or data

practices that have yet to mature into well-governed frameworks.

This distribution highlights a hybrid maturity curve: while many organizations remain
centralized, a growing number are exploring distributed governance models,
validating the need for your proposed features such as Azure Purview classification,
RBAC policies, data masking, and metadata tagging, which support both centralized

oversight and domain autonomy.

Table 4.17: Is your organization currently using Microsoft Azure for data storage and

processing
Options No of Respondents |Percentage
Yes - fully hosted on Azure 18 41.86046512
Partially - hybrid cloud setup 16 37.20930233
No - using other cloud/on-prem 8 18.60465116
Planning to migrate 0 0
Snowflake 1 2.325581395
Total 43 100
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Figure 4.23 outlines the extent to which Microsoft Azure is used for data storage and
processing across surveyed organizations. A strong 41.9% (18 out of 43) reported
being fully hosted on Azure, which directly aligns with the core architecture of your
proposed Data Mesh framework. This segment represents ideal candidates for
immediate implementation, given their cloud maturity and ecosystem compatibility.

Another 37.2% indicated a hybrid cloud setup, where Azure services coexist with
either on-premise systems or other cloud platforms. This reflects a transitional phase,
where organizations retain legacy systems while progressively adopting cloud-native
capabilities a scenario well supported by Azure’s integration flexibility, including

services like ADF, Synapse Link, and Azure Arc.

@ Yes - fully hosted on Azure
@ Partially - hybrid cloud setup

No- using other cloudion-
prem

@ Planning to migrate
® Snowflake

Fig 4.23: Is your organization currently using Microsoft Azure for data storage and

processing

A smaller portion (18.6%) stated that they do not use Azure, instead relying on other
cloud providers or on-premises infrastructure. While not ideal for direct application of
your solution, these organizations could still adopt your architecture conceptually via
analogous tools on AWS, GCP, or Snowflake.

Only 2.3% (1 respondent) specified exclusive use of Snowflake, and none reported
that they were “planning to migrate,” suggesting that most organizations have already

made significant infrastructure commitments.
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These results validate both the relevance and practical deploy ability of your Azure-
based Data Mesh framework in a real-world, enterprise setting, with the majority
either fully or partially positioned within the Azure ecosystem.

Table 4.18: Which Azure services are part of your data architecture

Options No of Respondents|Percentage

Azure Purview 6 13.95348837
Azure Data Lake Gen2 20 46.51162791
Azure Synapse Analytics 18 41.86046512
Azure SQL Database 23 53.48837209
Azure Databricks 22 51.1627907

Azure Data Factory 22 51.1627907

Power Bl 27 62.79069767
Microsoft Fabric 15 34.88372093
AWS 1 2.325581395
AWS Databricks 1 2.325581395
Work with Amazon Web Services |1 2.325581395
No azure service was used 1 2.325581395
NA 1 2.325581395
- 1 2.325581395
Total 155 360.4651163
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Figure 4.24: Which Azure services are part of your data architecture

Figure 4.24 depict the breadth of Azure services used within organizations, based on a
multi-response question where respondents selected all applicable tools. This reflects
the modular and composable nature of modern data platforms and underlines the

practicality of the Azure-based Data Mesh framework proposed in this study.

The most widely adopted service was Power BI, used by 62.8% (27 out of 43),
reaffirming the critical role of self-service analytics and business intelligence in
modern data consumption. Close behind, both Azure SQL Database (53.5%) and
Azure Data Factory (ADF) (51.2%) were selected by over half of the respondents,
reflecting strong adoption of cloud-native data ingestion and relational storage

solutions.

Azure Databricks, also selected by 51.2%, indicates wide use of Spark-based
distributed processing for ETL, enrichment, and modelling. Azure Synapse Analytics
was used by 41.9%, representing increasing interest in serverless query layers and data

warehouse modernization.

Azure Data Lake Gen2 was selected by 46.5%, highlighting that hierarchical, scalable
cloud storage forms a foundational layer in most implementations. Meanwhile,
Microsoft Fabric (34.9%) shows early but meaningful adoption, likely among

innovation-focused teams seeking unified SaaS data experiences.

Only 13.9% reported using Azure Purview, suggesting that data governance tooling
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adoption still lags behind core pipeline and transformation services. Minimal mentions
of AWS, Databricks on AWS, and “No Azure service” (each 2.3%) confirm Azure as
the dominant ecosystem among this sample, with a few cross-cloud or hybrid

configurations.

This multi-tool spread reinforces the relevance and real-world applicability of your
framework, which builds on ADF, ADLS, Databricks, Synapse, Purview, and Power
Bl to deliver a cost-optimized, governance-ready, and scalable data mesh for the

financial sector.

Table 4.19: What challenges do you face in cross-team data sharing and access

Options No of Respondents |Percentage
Data duplication 6 13.95348837
Slow data access across

teams 11 25.58139535
Conflicting versions of truth 4 9.302325581
Lack of ownership 3 6.976744186
Security/access restrictions 10 23.25581395
Poor documentation/metadata 4 9.302325581
Tooling gaps 2 4.651162791
All The Above 3 6.976744186
Total 43 100
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Figure 4.25: What challenges do you face in cross-team data sharing and access

Figure 4.25 present a multi-dimensional overview of the challenges organizations face
in enabling effective cross-departmental data sharing a foundational concept within

Data Mesh architecture.

The most commonly reported issue was slow data access across teams, selected by
25.6% of respondents. This indicates that latency, request bottlenecks, or restricted
system interoperability continue to hinder collaborative analytics and operational

responsiveness, especially when data flows through centralized gatekeepers.

Security and access restrictions were also prominent, noted by 23.3% of participants.
This reflects ongoing struggles with implementing scalable, role-based access models
that protect sensitive data while enabling decentralized consumption a gap directly
addressed in your framework using Azure RBAC, Purview classification, and Key

Vault-based access control.
Other notable challenges included:

« Data duplication (13.9%) often a by-product of siloed pipelines and poor metadata

management

« Conflicting versions of the truth (9.3%) indicating discrepancies across data copies or

departments

e Poor documentation or metadata (9.3%) which undermines data discoverability and

trust
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 Lack of ownership (7.0%) signalling absence of domain stewardship
« Tooling gaps (4.7%) likely due to legacy infrastructure or inadequate investment

Interestingly, 6.97% selected “All the above,” acknowledging that many organizations
face a compound challenge across multiple failure points in their data sharing

architecture.

These results reinforce the need for a federated data ownership model, governed
metadata, secure domain publishing, and automated lineage all of which are
embedded within your proposed Azure-based Data Mesh framework. The inclusion of
structured access layers, domain-based product definitions, and governance tooling
directly mitigates the risks outlined by respondents.

Table 4.20: What types of data does your organization mostly deal with

Options No of Respondents |Percentage
Structured data (tables, SQL) 33 76.74418605
Semi-structured data (JSON, XML) 8 18.60465116
Unstructured data (PDFs, logs,

images) 0 0

All 1 2.325581395
Both structured and unstructured 1 2.325581395

Total 43 100
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Fig 4.26: What types of data does your organization mostly deal

Figure 4.26 detail the types of data most commonly managed by the surveyed
organizations. The majority 76.7% (33 out of 43 respondents) reported working
primarily with structured data, such as SQL tables, transactional records, or relational
database outputs. This aligns with traditional data warehousing and forms a strong
justification for the relational and domain-modeled gold layer in your Azure Data

Mesh framework.

Another 18.6% reported dealing with semi-structured data, such as JSON and XML
formats, which are typically generated through APIs, logs, or application events.
These formats are becoming increasingly important in modern data engineering due to

their flexibility and ability to represent complex hierarchical structures.

Only 4.7% indicated working with multiple data types, with one response each
selecting “All” and “Both structured and unstructured.” Surprisingly, no respondents
identified unstructured data (e.g., PDFs, images, videos, or scanned logs) as their
primary data type. This may reflect the sample's strong representation from financial
services, healthcare, and analytics-centric industries, where structured systems

dominate operational and analytical pipelines.

These findings validate your focus on structured and semi-structured formats for
ingestion, transformation, and domain product modelling using tools such as ADF,

Databricks, Delta Lake, and Synapse SQL. Additionally, this supports your decision
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to deprioritize unstructured data handling in the initial implementation phase of the

Azure Data Mesh framework.

Table 4.21: How do you monitor or observe your data pipelines and usage metrics?

Options No of Respondents Percentage

Azure Monitor 9 20.93023256
Databricks Monitoring Ul 8 18.60465116
Azure Log Analytics 6 13.95348837
Custom dashboards 14 32.55813953
mailer logs 1 2.325581395
Using CloudWatch 1 2.325581395
N/A 1 2.325581395

azure monitor, azure log
analytics and custom

developed tool 1 2.325581395
On-prem: Datalens 1 2.325581395
AWS services 1 2.325581395

Total 43 100
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Fig 4.27: How do you monitor or observe your data pipelines and usage metrics

The Figure 4.27 present insights into the tools and methods used by organizations to
monitor and observe data pipeline performance and usage metrics. Observability is a
key operational pillar in ensuring the reliability, compliance, and cost-efficiency of

modern data platforms.

The most common response, selected by 32.6% of participants, was custom
dashboards. These are typically built using tools like Power Bl, Grafana, or integrated
Azure Workbooks and reflect a trend toward customized visibility layers tailored to

organizational needs.

Azure Monitor was used by 20.9%, while Databricks Monitoring Ul followed closely
at 18.6%, and Azure Log Analytics by 14.0% of respondents. These services form part
of the native Azure observability stack and are highly compatible with your proposed
Azure-based architecture. They allow organizations to track execution health, cost
metrics, resource utilization, and data anomalies in near real time.

Smaller mentions included email-based logs, AWS CloudWatch, and on-premises

platforms like Datalens each accounting for 2.3% of responses. One participant
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described a hybrid monitoring approach using “Azure Monitor, Azure Log Analytics,
and a custom-developed tool,” reflecting the need for multi-layered observability

frameworks.

Only 2.3% reported “N/A,” indicating that almost all respondents employ some form
of pipeline observability, validating the importance of embedded monitoring strategies

in any modern data mesh implementation.

These results affirm the strength of your implementation’s use of:
 Azure Monitor for pipeline health and cost metrics
« Log Analytics for telemetry and alerting
« Custom dashboards for product-level insights and user engagement

Together, these components ensure your framework is not only scalable and governed
but also traceable and operationally mature.
Table 4.22: How do you see your organization evolving in terms of data architecture in

the next 2-3 years

No of
Options Respondents |Percentage
Planning or transitioning to Data Mesh 8 18.60465116
Improving current centralized platform 14 32.55813953
Implementing a hybrid governance
model 8 18.60465116
Not sure 13 30.23255814
Total 43 100
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Figure 4.28: How do you see your organization evolving in terms of data architecture

in the next 2-3 years

Figure 4.28 provide insight into how organizations expect their data architecture
strategies to evolve within the next 2-3 years a timeline aligned with most enterprise

cloud transformation roadmaps.

The most common response (32.6%, or 14 out of 43 respondents) was a focus on
improving their existing centralized platform. This suggests that many organizations
are still refining traditional data warehouse or data lake models, with priorities such as
performance, governance, cost efficiency, and reliability but not yet transitioning to a

decentralized paradigm.

However, 18.6% of participants stated that they are actively planning or transitioning
to a Data Mesh architecture. This is highly significant, indicating a growing strategic
interest in federated governance, domain ownership, and product-oriented data
delivery. It reinforces the real-world relevance of your proposed solution, especially
given that your implementation provides a practical, cost-effective path to this

architectural shift using Azure-native tools.

Another 18.6% reported plans to adopt a hybrid governance model, bridging
centralized control with domain-level autonomy a typical interim step toward full
Data Mesh adoption. This aligns with your inclusion of both centralized metadata

management and decentralized RBAC controls.

Meanwhile, 30.2% of respondents were unsure, which may reflect -either

organizational uncertainty, a lack of long-term architectural planning, or teams that
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are not directly involved in enterprise architecture decision-making.

Overall, the findings suggest that while centralized models remain dominant, there is
clear momentum toward more federated, scalable, and agile data architectures,
validating the necessity and timeliness of your Azure Data Mesh framework.

Table 4.23: Do you believe Data Mesh will be fully or partially adopted by

your organization in the near future?

No of

Options Respondents Percentage
Yes - Full adoption planned 10 23.25581395
Partial or phased adoption 9 20.93023256
Not likely 7 16.27906977
Already Adopted Data Mesh 0 0

Currently in progress 5 11.62790698
Don’t know 12 27.90697674

@ Yes - Full adoption planned

@ Partial or phased adoption
Not likely

@ Already Adopted Data Mesh

@ Currently in progress

@ Don't know

Figure 4.29: Do you believe Data Mesh will be fully or partially adopted by your

organization in the near future

The Table 4.23 and Figure 4.28 explore how respondents perceive their organization’s

likelihood of adopting Data Mesh either fully, partially, or not at all in the near future.
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A combined 44.2% of respondents expressed some level of intent to adopt Data Mesh:
e 23.3% (10 out of 43) indicated that full adoption is planned
e 20.9% reported that a partial or phased adoption is likely

These results point to a growing strategic shift in how organizations view data
architecture moving toward domain-oriented, federated data ownership models that
align with the core principles of Data Mesh. This is a strong endorsement of your
Azure-based implementation, which provides a scalable, secure, and cost-aware

roadmap to achieve this goal.

Notably, 11.6% of respondents mentioned they are currently in progress with
implementation. While still low, this suggests early adoption trends are underway.
Interestingly, none of the organizations reported having already fully adopted Data
Mesh confirming that this is still a nascent, evolving architectural pattern for most

enterprises.
On the other hand:

« 16.3% stated that adoption is not likely, possibly due to organizational complexity,

cost, or lack of readiness.

e 27.9% responded “Don’t know,” reflecting either a lack of visibility into architectural

strategy or an early stage of cloud/data maturity.

These findings further strengthen your thesis contribution offering a prescriptive,
actionable framework for Azure-based Data Mesh adoption at a time when most

organizations are evaluating or preparing for such transitions.
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Survey On Azure-Based Data Mesh
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Fig 4.30 Survey on Azure-Based Data Mesh

The pie chart, titled "Survey on Azure-Based Data Mesh," illustrates the current state
of data domain definition and management practices among the survey respondents. It
provides valuable insights into the adoption and understanding of decentralized data

management within the context of Azure-based data mesh solutions.
The chart is divided into four segments, representing different responses:

e Yes - data domains are defined and managed independently (blue segment)
represents the largest portion of respondents, indicating that a significant percentage
of organizations have already implemented or are actively practicing decentralized
data domain management. This aligns with the principles of a data mesh, where data

ownership and management are distributed among business domains.

e No - centralized data team manages all data™ (orange segment) represents the
second-largest group, suggesting that a substantial number of organizations still rely
on traditional centralized data management approaches. This highlights a potential

area for transition and education regarding data mesh benefits.

« In progress - planning to introduce data domains' (grey segment) shows a smaller
but important group that is actively working towards adopting data domains,
indicating a forward-looking approach and recognition of the value of decentralized

data management.
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o Not sure™ (yellow segment) represents the smallest group, indicating some uncertainty

or lack of awareness regarding data domain concepts.

In the context of the research work, this figure serves as primary data collected
through surveys, reflecting the "current data management challenges, technology
adoption patterns, and governance practices" within financial institutions. The
prevalence of "Yes" responses supports the research's premise of moving towards
"scalable and decentralized data management practices.” The presence of "No™ and "In
progress” responses further emphasizes the need for a “structured approach to
adopting Azure-based data mesh solutions” as proposed by the study, bridging the gap
between traditional architectures and modern domain-driven approaches. This data
directly informs the understanding of "clear data ownership" as one of the four critical

pillars for successful data mesh adoption in financial organizations.
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CHAPTER 5

DISCUSSION

5.1 Discussion of Results

The proposed framework for implementing a cost-optimized Azure Data Mesh in the
financial sector offers a significant paradigm shift from traditional, centralized data
architecture towards a decentralized, domain-driven approach. By aligning data
ownership with business units and enabling self-service infrastructure, the framework
enhances both agility and accountability across financial organizations. This transition
allows data to become a true strategic asset, as business domains are empowered to
manage and exploit data more effectively while adhering to governance and
compliance requirements (Kumar, Mishra and Kumar, 2024). Furthermore, the
decentralized approach mitigates common bottlenecks associated with centralized data
lakes, such as data silos, operational overload on IT teams, and slow time-to-insight.

The discussion also emphasizes the value proposition of integrating Azure-native
services such as Azure Data Factory, Azure Synapse Analytics, Azure Databricks, and
Microsoft Purview into the Data Mesh framework. These tools collectively facilitate
seamless data ingestion, processing, governance, and cataloging while ensuring
scalability and performance. Cost optimization is achieved through dynamic resource
allocation, autoscaling capabilities, and the wuse of serverless architectures.
Importantly, the cloud-native ecosystem provides opportunities for fine-grained cost
tracking, enabling organizations to monitor and control expenses at the domain level.
This level of transparency is particularly valuable in financial institutions where
compliance and financial accountability are paramount (Kumar, Mishra and Kumar,
2024).

Another key point emerging from the framework is the balance between data
democratization and governance. While the mesh promotes open access to data within
and across domains, it does so without compromising regulatory requirements, data
privacy, and security policies crucial concerns in finance. The use of role-based access

controls, data lineage tracking, and metadata management ensures that data is both
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accessible and secure. Additionally, embedding governance into the platform through
services like Microsoft Purview allows organizations to meet regulatory obligations
such as GDPR, PCI DSS, and Basel 111 with confidence.

From a business perspective, the Azure Data Mesh framework enhances decision-
making speed and quality, as insights can be generated closer to the data source and by
domain experts who understand the business context. This decentralization reduces
dependence on central data teams, resulting in faster turnaround times for analytics
and innovation. Moreover, with each domain acting as a data product owner, the
organization benefits from a marketplace-like model where high-quality, discoverable,
and reusable data products emerge organically. These capabilities ultimately translate
into measurable business value such as increased revenue from data-driven products,
reduced costs through efficient operations, and minimized risk through real-time

compliance.

Finally, the discussion acknowledges implementation challenges. These include
organizational resistance to change, the complexity of managing cross-domain
interactions, the need for cultural transformation toward a data product mindset, and
the technical overhead of orchestrating multiple Azure components cohesively.
However, with strategic planning, leadership support, and phased rollouts, these

challenges are manageable and do not outweigh the long-term benefits.

In summary, the proposed framework for a cost-optimized Azure Data Mesh provides
a scalable, secure, and value-oriented data management solution for the financial
sector. It aligns well with modern digital transformation goals, enabling financial

institutions to innovate with data while controlling costs and maintaining compliance

5.2 Discussion of Research Question One

RQ1: What are the limitations of traditional centralized data architecture models
in the financial sector, and how do they impact data accessibility, governance,

and cost efficiency?



Traditional centralized data architecture models such as data warehouses and
enterprise data lakes present significant limitations when applied to the modern
financial sector. These monolithic systems centralize data ownership and control
within IT departments, which can create operational bottlenecks, increase latency, and
slow down decision-making. In a domain as fast-moving and regulated as finance, this
delay in accessing relevant data impedes real-time analytics, constrains innovation,
and undermines competitive advantage. The centralized nature also restricts domain-
specific teams from independently accessing and managing data, resulting in a lack of
agility and increased dependency on centralized support, which further reduces

efficiency and responsiveness (Blohm et al., 2024; Wider, Verma and Akhtar, 2023).

From a governance standpoint, centralized architectures struggle to scale across
complex financial environments. As regulatory requirements intensify, managing data
lineage, access controls, and compliance policies through a single central team
becomes unsustainable. This centralized governance often lacks contextual knowledge
about data usage within specific business domains, leading to inconsistent policy
enforcement and increased risk of non-compliance. Cost efficiency is also negatively
impacted, as centralized platforms tend to accumulate high infrastructure costs due to
overprovisioned resources, duplication of data, and the lack of fine-grained cost
attribution per business unit. Without clear ownership, accountability for cost control
is diffuse, resulting in inefficiencies and runaway cloud expenditure (Tanwar et al.,
2023).

Justification for these limitations is rooted in the proposed research methodology. As
outlined in Chapter 3, the study simulated a decentralized Azure Data Mesh
framework using synthetic datasets representing various financial domains such as
core banking, CRM, and loan servicing. The results confirmed that traditional models
lead to siloed teams with limited autonomy, redundant data movement, and rigid
governance structures. By contrast, the Data Mesh approach implemented using
Azure-native tools like Synapse Analytics, Data Factory, and Purview allowed each
domain to independently ingest, process, and govern its data, demonstrating superior
accessibility and operational scalability. Additionally, Azure Cost Management tools
enabled detailed tracking of cloud expenditures at the domain level, directly

addressing the inefficiencies of centralized cost allocation.
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In summary, centralized data architectures in the financial sector hinder data
accessibility by creating bottlenecks, weaken governance by enforcing a one-size-fits-
all model, and reduce cost efficiency through opaque and unmanageable expenditures.
The study’s simulated Azure Data Mesh framework validates that a decentralized,
domain-oriented approach not only overcomes these limitations but also aligns more

closely with modern financial data demands.

5.3 Discussion of Research Question Two

RQ2: How can Microsoft Azure’s cloud-native services be utilized to implement
the key principles of Data Mesh namely domain ownership, self-serve

infrastructure, and federated governance within a financial organization?

Microsoft Azure’s cloud-native services offer a powerful foundation for implementing
the key principles of Data Mesh domain ownership, self-serve infrastructure, and
federated governance within financial organizations. As demonstrated in the proposed
methodology from Chapter 3, Azure provides the tools and architecture necessary to
decentralize data management in a cost-efficient and regulation-compliant manner. By
using Azure’s integrated environment, financial institutions can transition away from
monolithic systems toward agile, domain-driven structures that promote operational

independence and business value generation (Butte and Butte, 2022b).

Domain ownership is realized through services like Azure Data Lake Storage Gen2
and Azure Data Factory, which were used in the simulation to segregate financial data
into distinct domains such as CRM, loan servicing, and credit scoring. Each domain
managed its own data pipelines, schemas, and transformation logic, giving business
units full control over their data products. This autonomy allows teams to enforce
quality standards and tailor data usage to specific operational goals. Cost
accountability is also reinforced by Azure Cost Management, which tracks domain-

specific usage, encouraging efficient resource allocation and budget control.

To support self-serve infrastructure, Azure offers scalable and on-demand services
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such as Azure Synapse Analytics, Power Bl, and Azure Databricks, enabling domain
teams to conduct independent analysis and reporting without relying on centralized IT
teams. These tools empower business users to access, process, and visualize data
using custom workloads or dashboards, accelerating decision-making across
departments. Furthermore, the use of Infrastructure-as-Code (laC) ensures rapid
deployment of secure environments, while built-in access controls maintain

operational safety and compliance.

Finally, federated governance is effectively handled by Microsoft Purview, which was
used in the simulated Azure Data Mesh environment to automate metadata
management, data lineage tracking, and policy enforcement. This tool allows
centralized governance teams to define universal rules (e.g., data masking or
retention), while domain teams maintain control over implementation. The integration
with Azure Active Directory ensures secure, role-based access across domains,
creating an auditable, scalable governance framework. Together, the simulated
implementation and expert survey confirm that Azure not only meets but enhances the

principles of Data Mesh in the context of modern financial data architecture.

5.4 Discussion of Research Question Three

RQ3: What architectural and operational considerations must be addressed to
design a cost-optimized Azure Data Mesh framework that aligns with financial

sector requirements?

Designing a cost-optimized Azure Data Mesh framework for the financial sector
involves addressing several critical architectural and operational considerations to
ensure compliance, scalability, security, and efficiency. Given the sensitive and high-
volume nature of financial data, the architecture must be thoughtfully constructed to
align with both business goals and regulatory mandates (Kumar, Mishra and Kumar,
2024).

1. Domain-Oriented Architecture and Data Productization



One of the foremost architectural considerations is defining clear data domains
aligned with business functions such as retail banking, credit scoring, customer
management, and fraud analytics. Each domain must function as a data product owner,
responsible for data quality, access policies, and lifecycle management. Azure services
like Data Lake Storage Gen2 and Data Factory must be provisioned separately for
each domain to create logical isolation, enabling teams to manage their data
independently. Ensuring modularity through microservices or containerized data APIs
also promotes flexibility and reusability across domains.

2. Cost-Aware Design and Resource Optimization

Cost optimization requires detailed planning of resource usage. Azure enables this
through Azure Cost Management and resource tagging, allowing cost tracking at the
domain level. Operationally, each domain should be monitored for compute
consumption using Synapse Serverless Pools or on-demand Spark clusters in
Databricks, which scale based on workload intensity. Idle resources should be auto-
paused or scaled down to prevent waste. Data redundancy should be avoided by
implementing shared metadata catalogs through Microsoft Purview and data
versioning practices, reducing storage duplication and enhancing access consistency.

3. Federated Governance and Compliance Alignment

A major operational requirement in the financial sector is adherence to strict
governance and compliance protocols (e.g., GDPR, PCI DSS, Basel Ill). Federated
governance must be implemented using tools like Microsoft Purview to automate data
lineage tracking, access policy enforcement, and data classification across domains.
Azure Role-Based Access Control (RBAC) integrated with Azure Active Directory
ensures secure, domain-specific data access without violating compliance.
Governance policies should be centrally defined but locally enforced, striking a

balance between oversight and autonomy.
4. Self-Serve Platform Enablement and Observability

To support domain autonomy, Azure must offer a self-serve platform layer where data
engineers, analysts, and product teams can ingest, transform, and query data without
central IT dependency. Tools like Synapse Studio, Power BI, and Azure Monitor

should be made accessible via a common portal with permissioned access.
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Observability tools such as Azure Log Analytics, Application Insights, and custom
dashboards must be configured to provide real-time visibility into pipeline health,
performance, and cost metrics across the mesh. This visibility is essential for proactive

troubleshooting and continuous cost-performance tuning.

In summary, building a cost-optimized Azure Data Mesh for the financial sector
demands architectural rigor in domain separation, operational discipline in resource
utilization, and strong governance to meet regulatory standards. The proposed
methodology validated these considerations through both expert surveys and hands-on
simulations, reinforcing that success lies in harmonizing decentralization with

compliance, agility, and fiscal responsibility.

5.5 Discussion of Research Question Four

RQ4: How does the proposed framework perform in terms of business value
creation, cost control, and data democratization when validated against real-

world or simulated financial datasets?

The proposed framework demonstrates strong performance across all three evaluation
dimensions business value creation, cost control, and data democratization when
validated against simulated financial datasets, as described in the research
methodology (Chapter 3). The simulation environment, built on Microsoft Azure,
emulated real-world financial domains such as CRM, loan servicing, core banking,
and credit scoring. The outcomes indicate that the framework supports scalable,
compliant, and cost-effective data management while significantly improving access

and usability across organizational domains (Bode et al., 2023).
Business Value Creation

The framework enhances business value by aligning data products with specific
domain needs, enabling domain experts to derive timely and relevant insights. With
decentralized ownership, each domain team could independently define and manage
its own data pipelines using Azure Data Factory and perform analytics via Azure
Synapse Analytics. This autonomy accelerated decision-making processes and

improved analytical agility. For example, a simulated credit domain could run custom
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models for credit scoring independently of the core banking domain. This modular
approach mirrors real-world use cases where quicker, localized insights translate to
better customer targeting, risk assessment, and operational efficiency thereby directly

contributing to business value.
Cost Control

The Azure-based simulation enabled cost visibility and control through tools like
Azure Cost Management and resource tagging per domain. This allowed precise
tracking of compute, storage, and processing costs. Domains were deployed using
serverless and scalable compute options (e.g., Synapse Serverless SQL Pools,
Databricks auto-scaling clusters), which helped avoid resource overprovisioning.
Additionally, the use of data lifecycle policies in Azure Data Lake Storage Gen2
allowed cost reduction by automating data archiving and deletion. Collectively, these
mechanisms ensured that domains were financially accountable for their own usage,
creating a sustainable model for cost governance that meets the stringent financial

efficiency standards of the sector.
Data Democratization

The framework significantly improved data democratization by enabling self-service
access to data products across departments. Using tools like Power BIl, APIs, and
Azure Synapse Studio, domain users regardless of technical background could access
and explore data without needing to go through central IT teams. Federated
governance, enforced via Microsoft Purview, ensured that data was accessible yet
secure, with policies applied uniformly across domains. This setup allowed different
teams to collaborate more effectively, reduced silos, and provided a single source of
truth for data consumers. Survey responses from financial technology professionals
further supported these findings, with many reporting improvements in cross-team

collaboration and data discoverability when using Azure-native mesh components.

When validated against simulated datasets representative of real-world financial
operations, the proposed Azure Data Mesh framework proves highly effective. It
promotes domain-specific value creation, maintains tight control over cloud costs, and
broadens secure access to data assets. These benefits collectively align with the
strategic priorities of financial institutions enhancing responsiveness, innovation, and

regulatory readiness while ensuring scalability and long-term sustainability. The
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validation approach, which combined expert insights and hands-on testing, confirms
the framework’s relevance and applicability to production-scale financial

environments.

5.6 Discussion of Research Question Five

RQ5: What strategies and best practices can be recommended to financial
institutions to support the successful adoption and scaling of Azure Data Mesh

architectures?

To support the successful adoption and scaling of Azure Data Mesh architectures,
financial institutions must implement a blend of strategic planning, technical best
practices, and cultural transformation initiatives. These strategies ensure not only a
smooth transition from centralized data platforms but also long-term sustainability,
governance compliance, and measurable business value (Dolhopolov, Castelltort and
Laurent, 2023).

1. Establish Clear Domain Ownership and Data Product Mindset

A foundational strategy is to align data domains with business functions (e.g., retail
banking, credit risk, customer service) and assign dedicated domain owners
accountable for the quality, accessibility, and lifecycle of their data products. These
domain teams should operate as “mini data companies” with ownership over their
pipelines, storage, and analytical workloads. Encouraging a data product mindset
where data is treated as a product with defined consumers, SLAs, and value
propositions helps instill a sense of responsibility and fosters higher-quality data
outputs. Institutions can use Azure tools like Data Lake Gen2 and Azure Data Factory
to provision isolated resources for each domain, promoting both technical separation
and managerial clarity.

2. Implement Federated Governance with Central Oversight

Financial institutions operate under strict regulatory requirements, so it is essential to
embed federated governance using tools such as Microsoft Purview. Central data

governance teams should define common policies for security, compliance, metadata
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standards, and lineage, while allowing domain teams to enforce and operationalize
these policies locally. Integration with Azure Active Directory and RBAC (Role-
Based Access Control) ensures secure access across all layers of the data mesh. Best
practices also include automated policy monitoring, metadata synchronization, and
regular audits of access controls to maintain compliance and traceability in a

decentralized environment (Dolhopolov, Castelltort and Laurent, 2024).
3. Enable Self-Service Platforms and Automation

Successful scaling of Data Mesh requires robust self-serve data platforms that
empower teams to ingest, transform, and analyze data without constant IT
intervention. Institutions should implement platforms using Azure Synapse Analytics,
Databricks, Power BI, and DevOps pipelines that allow domain teams to operate
independently. Automation should be applied extensively from provisioning new data
domains via Infrastructure-as-Code (laC) to setting up CI/CD workflows for data
pipelines. This reduces onboarding time, enhances agility, and ensures operational

consistency across teams.
4. Monitor Costs, Performance, and Adoption Continuously

Cost control is a vital concern in financial services. Therefore, institutions should
implement granular cost tracking using Azure Cost Management, resource tagging,
and domain-level budgeting dashboards. Regular monitoring of performance metrics
such as data ingestion latency, query response times, and pipeline health using Azure
Monitor and Log Analytics is also critical. Additionally, tracking organizational
adoption through KPIs like the number of self-serve users, domain data product
releases, and policy violations helps gauge maturity. Strategic scaling should be
phased starting with a few high-value domains, measuring outcomes, and gradually

expanding across the organization.

5.7 Applied Case Simulation: ABA Financial Services Ltd. - Transition to Azure
Data Mesh

To enhance the applied relevance of the proposed framework, this section presents a
simulated case study of a fictional mid-sized financial institution, ABA Financial
Services Ltd. The company operates across multiple business lines, including retail

banking, personal loans, investment advisory, and risk and compliance services. With



over 500 employees and millions of customer records, ABA's data footprint spans
several internal systems including CRM, loan processing, transaction engines, and

regulatory reporting platforms.

Pre-Implementation Challenges

Prior to implementing the Azure Data Mesh framework, ABA relied heavily on a
centralized data warehouse managed by a dedicated IT team. All business units, from
customer service to compliance, submitted data requests through ticketing systems
that often led to delays of several days or weeks. These bottlenecks created frustration
among department heads, particularly during quarterly audits and market fluctuations

requiring real-time analysis.

Moreover, the organization’s data infrastructure was fragmented. CRM data was
stored in MySQL, while core banking and loan systems were hosted in Mysqgl. Data
pipelines lacked standardization, metadata was inconsistently managed, and access
controls were siloed. Compliance officers raised repeated concerns about lack of data
lineage, especially in regulatory reports submitted to authorities. From a financial
perspective, cloud spending was opaque. ABA had no clear domain-wise cost

breakdown, leading to overspending and inefficiencies in budgeting.

Transition to Azure Data Mesh

In response, ABA initiated a strategic overhaul of its data architecture using the cost-
optimized Azure Data Mesh framework proposed in this thesis. The transformation
began with identifying business domains Customer Management, Lending, Risk &
Compliance, and Operations as data product owners. These units were tasked with

defining their data assets, quality standards, and KPIs.

Azure-native services were deployed in alignment with each domain's needs. Azure

Data Factory was used to standardize data pipelines across MySQL. Azure Synapse
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Analytics enabled scalable query performance for both historical and real-time data.
Microsoft Purview was introduced to automate metadata cataloging, lineage tracking,
and access policies. Azure Cost Management dashboards were configured to provide
each domain with visibility into their cloud usage and budget utilization.

A domain-centric culture was promoted through role-based access, training programs,
and change management workshops. Business units were equipped with self-service
analytics capabilities, enabling faster insight generation without dependency on the

central IT team.

Post-Implementation Outcomes

Within six months of implementation, ABA experienced a measurable transformation.
Average report turnaround time dropped from five days to under one day. Regulatory
submissions, previously prone to delays due to poor data lineage, became traceable
and auditable through Purview. Business analysts in the Lending domain could now
directly query live datasets using Synapse without waiting on IT intermediaries.
Domain teams began proactively managing their data assets, leading to improved data
quality and accountability. Financially, Azure Cost Management provided the CFO
with detailed consumption reports by domain. This allowed ABA to identify
underutilized resources and optimize workloads, resulting in an estimated 18%

reduction in monthly cloud expenses.

5.8 Conclusion

This simulated the case study of ABA Financial Services Ltd. provides a
comprehensive demonstration of how financial institutions can operationalize a cost-
optimized Azure Data Mesh framework to overcome persistent data architecture
challenges related to centralization, governance, and scalability. By applying the
principles of domain ownership, data-as-a-product, federated governance, and self-
serve infrastructure, the organization was able to dismantle long-standing data silos
and replace legacy processes with a modern, cloud-native operating model. This

transformation not only improved data quality and accessibility but also



fundamentally reshaped how business units interact, collaborate, and make decisions

using trusted, timely data.

The discussion highlights that architectural decentralization alone is not sufficient.
The success of ABA’s implementation was driven by a combination of technological
redesign and organizational transformation. The adoption of Azure services including
Data Factory, Azure Data Lake Storage Gen2, Databricks, Synapse Serverless SQL,
Purview, Key Vault, and Unity Catalog provided the technological backbone for
distributed data management. However, the cultural shift toward shared responsibility,
domain accountability, and governance enforcement was equally crucial in realizing
the benefits of the Data Mesh model. One of the central insights emerging from this
analysis is that the Data Mesh approach necessitates a strong governance framework
that balances autonomy with compliance. ABA’s implementation demonstrated that
federated governance, when combined with Al-driven policy enforcement and
centralized oversight tools, allows financial institutions to maintain regulatory
alignment without reinstating the bottlenecks associated with centralized data teams.
The integration of Unity Catalog and Purview enabled transparent data lineage, PII
classification, RBAC enforcement, and audit readiness requirements that are non-
negotiable in the financial services industry. From an economic perspective, the case
study validated the hypothesis that a well-designed Data Mesh architecture on Azure
can deliver meaningful cost optimization. The use of job-cluster compute in
Databricks, serverless query engines in Synapse, Delta Lake optimization techniques
(Z-ordering, auto-compaction, caching), and tiered storage models (Hot—Cool—
Archive) resulted in measurable reductions in compute and storage costs. ABA
achieved greater financial predictability and granular visibility into domain-level
spending, reinforcing one of the primary research objectives: to ensure that
decentralization enhances not inflates cloud expenditure. The introduction of Azure
Cost Management dashboards enabled continuous financial governance and aligned

IT spending with business value.

In terms of operational efficiency, the case study findings suggest that Data Mesh
adoption leads to significant improvements in data freshness, data reliability, and
time-to-insight. Domain teams were able to build, publish, and maintain their own
data products without relying on a central data engineering team. This shift

accelerated reporting cycles, improved cross-functional collaboration, and provided
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business stakeholders with faster access to trusted datasets. ABA’s experience mirrors
industry research from McKinsey (2022) and Deloitte (2023), which show that
decentralized architectures can increase analytical productivity by 2—3x compared to
traditional centralized data platforms. The discussion also contributes to the broader
academic understanding of Data Mesh in the financial sector by demonstrating that
implementation success depends heavily on organizational maturity, clarity of roles,
and governance enforcement mechanisms. Institutions that lack domain-aligned
structures or do not invest in training product data owners may struggle to operate the
model. ABA’s structured approach starting with a pilot domain, establishing
governance standards, and gradually expanding the Mesh provides a blueprint for
other institutions seeking to adopt similar transformations. Furthermore, the
interaction between survey results and the simulated case study strengthens the
external validity of the research. Survey respondents overwhelmingly cited
governance gaps, data accessibility challenges, and heavy dependency on central data
teams as key obstacles within their organizations. ABA’s implementation directly
addressed these challenges, demonstrating how theoretical models and industry
perceptions converge in practical application. This triangulation between industry
feedback, technical implementation, and academic frameworks enhances the

robustness of the overall study.

In conclusion, the ABA Financial Services case study confirms that an Azure-based
Data Mesh architecture is both technically feasible and strategically advantageous for
financial institutions aiming to modernize their data ecosystems. It supports
scalability, regulatory compliance, cost transparency, and business agility key
performance dimensions for modern enterprises. While full-scale adoption requires
organizational readiness, governance maturity, and continued investment, the results
of this study provide strong evidence that Data Mesh delivers substantial benefits
when applied with the right balance of technical rigor and organizational alignment.
This discussion lays the foundation for the final chapter, which synthesizes the
research contributions, outlines practical recommendations for adoption for industry,

and identifies opportunities for future research.
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CHAPTER 6

SUMMARY, IMPLICATIONS, AND RECOMMENDATIONS

6.1Conclusion & Summary

This thesis explored the formulation of a cost-optimized Azure Data Mesh framework
specifically designed for the financial sector, a domain where data plays a pivotal role
in driving decisions, maintaining regulatory compliance, and improving operational
efficiency. Traditional centralized data architectures while historically sufficient have
become increasingly inadequate in addressing the modern demands for real-time data
insights, cost governance, and agility. In this context, the study proposed a paradigm
shift toward a domain-oriented architecture rooted in Data Mesh principles and

enabled by Microsoft Azure’s native services.

The research employed a comprehensive mixed-methods approach. It included a
structured survey targeting professionals across the financial and data architecture
domains, along with a simulation-based implementation using synthetic datasets that
represented core financial operations such as customer relationship management,
credit scoring, loans, and core banking systems. This dual methodology provided both
empirical evidence and technical validation to support the proposed framework’s

feasibility and effectiveness in real-world scenarios.

Survey responses revealed strong awareness of the limitations inherent in centralized
data infrastructures. Participants highlighted challenges such as restricted data access
across teams, extended approval cycles, inconsistent governance, and high operational
overheads. In parallel, there was a notable readiness among organizations to explore
decentralized architectures, particularly using Azure’s scalable and secure cloud
ecosystem. These insights confirmed that the financial sector is primed for a transition

toward distributed, business-aligned data strategies.
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The simulated deployment of the Azure Data Mesh framework further validated its
operational viability. Azure-native tools such as Synapse Analytics, Data Factory, Data
Lake Storage Gen2, Databricks, and Microsoft Purview were effectively used to
establish autonomous data domains, implement federated governance, and maintain
transparency across the data lifecycle. Azure Cost Management was instrumental in
providing domain-level cost visibility, reinforcing the financial accountability
component of the framework. Together, these tools enabled seamless orchestration,
analytics, governance, and cost control, all within a secure and compliant

environment.

This research ultimately contributes to both academic scholarship and practical
enterprise architecture. It offers a structured, actionable model for implementing a
scalable Data Mesh using cloud-native technologies, aligning technological
decentralization with strategic business outcomes. The framework demonstrated that it
is possible to empower domain teams with data ownership while maintaining

enterprise-wide standards and cost efficiency.

In summary, this study provides a roadmap for financial institutions aiming to
modernize their data infrastructure. The Azure Data Mesh framework not only
addresses existing pain points in data accessibility, governance, and cost optimization
but also lays the groundwork for sustainable digital transformation. It repositions data
not merely as an operational asset, but as a decentralized, business-enabling product

that drives measurable value across the organization.

6.2 Implications

The implications of this study extend deeply into the strategic, operational, and
technological dimensions of digital transformation within the financial services
industry. One of the most significant paradigm shifts highlighted in this research is the
movement away from monolithic, centralized data systems toward decentralized

architectures guided by Data Mesh principles. This transition represents more than a



technical adjustment; it redefines organizational responsibility for data by distributing
ownership to individual business domains. By empowering domain teams to manage
their own data products, organizations enhance their agility, eliminate traditional IT
bottlenecks, and create opportunities for more contextually relevant and timely
insights.

In the context of financial institutions, where regulatory agility, real-time analytics,
and secure data handling are mission-critical, this decentralization supports faster
decision-making, improved operational resilience, and enhanced responsiveness to
policy and market changes. It shifts the narrative of data from being a centralized asset
managed reactively by IT to becoming a proactive business enabler embedded within
operational units. The realignment of data ownership fosters stronger accountability,
increased innovation at the domain level, and more accurate interpretation of data

within its original context.

The technological foundation of the framework built entirely on Microsoft Azure
amplifies these strategic advantages. Azure-native services such as Data Factory,
Synapse Analytics, Databricks, and Microsoft Purview provide not only the modular
flexibility required for modern architecture but also enable enterprise-level scalability,
security, and compliance. These tools ensure that the implementation of Data Mesh
does not necessitate disruptive IT overhauls. Instead, organizations can adopt the
architecture incrementally, aligning new capabilities with existing business priorities
and maturity levels. This modularity significantly reduces risk, promotes smoother

transitions, and ensures a higher return on investment.

A particularly notable implication uncovered by this research is the integration of cost
governance mechanisms directly into the architecture. While cloud scalability is often
seen as a technical strength, it can result in unpredictable or unmonitored expenses if
not properly managed. The proposed framework embeds Azure Cost Management
tools at the domain level, facilitating visibility into usage and spend. This enables

better financial forecasting, stakeholder accountability, and alignment between
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technical execution and strategic budgeting. Organizations that adopt such practices
are more likely to gain executive support and sustain their cloud transformation efforts

over time.

Another implication pertains to organizational readiness. The study reinforces the idea
that technological adoption must be matched by cultural and operational maturity.
Institutions with fragmented data governance, unclear ownership roles, or inconsistent
data standards are likely to face implementation delays or underperformance.
Therefore, successful adoption of a decentralized model like Data Mesh must be
preceded by internal alignment, capacity building, and a shared commitment to data

stewardship across all levels of the organization.

Finally, while the framework was developed and validated in the context of financial
services, its design and principles are broadly applicable across other data-intensive
and compliance-driven sectors. Industries such as healthcare, logistics, manufacturing,
and telecommunications where domain-specific insights, rapid analytics, and
governance are equally vital stand to benefit from a similar approach. The Azure-
based Data Mesh architecture presented in this study offers a replicable, scalable
model that other sectors can tailor to their unique operational requirements while

maintaining control over costs, regulatory compliance, and innovation.
6.3 Recommendations

Based on the research findings and practical validation of the proposed framework,
this study puts forward several recommendations for financial institutions seeking to
modernize their data infrastructure through a decentralized Azure Data Mesh
approach. These recommendations are grounded in both theoretical understanding and

applied insights drawn from survey results and framework simulation.

First, financial organizations are encouraged to adopt a domain-centric model that
aligns data ownership and responsibilities with specific business units. By

empowering functional areas such as retail banking, lending, or risk and compliance to

134



manage their own data products, institutions can achieve improved contextual
accuracy and responsiveness. This approach fosters accountability and promotes data
stewardship within the units that generate and rely on data most heavily. Moreover,
decentralizing data ownership reduces reliance on centralized IT teams, thereby
increasing agility, shortening time-to-decision, and enabling more localized

innovation.

To ensure successful implementation of the Data Mesh framework, institutions should
fully leverage Microsoft Azure’s native services. Azure Data Factory can automate
and orchestrate data pipelines, while Azure Databricks and Synapse Analytics offer
scalable solutions for processing and analysing large datasets. Microsoft Purview
plays a crucial role in ensuring governance, metadata management, and data lineage
tracking. These tools, when used cohesively, enable decentralized yet coordinated data
operations across various domains. Their integration ensures that decentralization does
not compromise control, compliance, or security an essential requirement in heavily

regulated industries like finance.

As the Data Mesh expands across the enterprise, proactive cost governance must be
embedded within the architecture. One of the most common challenges in cloud
adoption is the unpredictability of expenses due to elastic resource usage.
Implementing tools such as Azure Cost Management allows organizations to monitor
usage patterns, attribute costs to specific domains, and establish thresholds or alerts
for budget adherence. This cost transparency not only promotes responsible
consumption of cloud resources but also strengthens stakeholder trust in the financial
sustainability of data modernization initiatives. Institutions can identify optimization
opportunities early, reduce waste, and reallocate savings to innovation or scaling

efforts.
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Technological readiness is another prerequisite for a successful transition to a Data
Mesh architecture. Organizations must assess their existing infrastructure, ensuring
compatibility with cloud-native services and sufficient bandwidth, security, and
performance. Equally important is investing in human capital upskilling existing staff,
hiring data specialists, and enabling cross-functional collaboration. Without the
necessary talent and technical baseline, organizations may struggle with the
operational complexity of decentralized architectures, resulting in project delays,

integration difficulties, or governance breakdowns.

Organizational alignment must also be prioritized to bridge the gap between strategy
and execution. This involves fostering a culture of collaboration between IT, business
units, and data governance teams. When all stakeholders are engaged from the outset
and share a common vision, the institution is better positioned to navigate the
sociotechnical challenges associated with decentralization. Business units are more
likely to take ownership of their data responsibilities when they feel supported by IT,
and technology teams can tailor solutions that reflect operational realities. This
harmony accelerates adoption, streamlines policy implementation, and ensures that

strategic goals are effectively translated into practice.

Finally, rather than attempting a wholesale transformation, financial institutions are
advised to begin with targeted pilot projects. Pilots executed within a single domain or
business unit serve as controlled environments for testing the framework’s feasibility,
identifying early challenges, and demonstrating business value. Successful pilots
generate critical feedback for iterative improvement and create internal momentum for
broader rollout. Gradual scaling enables organizations to refine practices, manage risk,
and evolve the Data Mesh framework in tandem with institutional maturity and
strategic direction.

6.4 Case Study Validation (Robert Yin Method)

To strengthen the external validity and practical applicability of the proposed Azure

Data Mesh framework, this section applies the case study methodology outlined by
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Robert K. Yin (2014). Yin’s five components case study questions, propositions, unit
of analysis, logic linking data to propositions, and criteria for interpreting findings are
used to structure three expert-based validation case studies. Each case study involves a
structured interview or observational input from senior-level professionals in data

architecture, engineering, or governance roles across the financial technology sector.

Table 6.1 Case Study 1: Senior Data Architect - Tier-1 Global Bank

Yin Element Case Study 1: Senior Data Architect - Tier-1 Global Bank
Case Study Does the Azure-based framework align with enterprise data
Question governance goals in regulated industries like banking?

Metadata control + domain ownership + zone-based
architecture = audit readiness and transparency in financial
Proposition institutions.

Senior Data Architect evaluating audit traceability, metadata
Unit of Analysis | governance, and access policies.

Interview responses were assessed against architectural

Logic Linking features like Microsoft Purview, role-based access control
Data (RBAC), and data masking.

Validation of lineage tracking, metadata traceability, and
Criteria for secure data handling as sufficient for regulatory audit
Interpretation requirements.

“Your metadata table ensures traceability that’s vital for
regulated finance. Governance isn’t an add-on here. It’s
Key Expert Quote | embedded.”

The expert confirmed that the framework met critical
governance mandates (e.g., GDPR, SOX, Basel 111) through
Finding integrated lineage tracking and federated controls.

Table 6.2: Yin Case Study 1 - Senior Data Architect, Tier-1 Global Bank (Governance

and Compliance Validation)
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Case Study 2: Head of Data Engineering - Fintech

Yin Element Lending Platform
Does the proposed Azure Data Mesh framework
Case Study Question enable cost-efficiency and easy adoption at scale?
Serverless compute + OLAP-ready views + self-
service access = cost savings and productivity in
Proposition data delivery.

Unit of Analysis

Head of Engineering reviewing platform usability,
query performance, and implementation cost.

Logic Linking Data

Expert feedback was compared to framework
components like Synapse serverless pools, Gold-
layer OLAP modeling, and access abstraction.

Criteria for Interpretation | and infrastructure cost for analytics teams.

Evidence that architecture reduces onboarding time

“The Synapse + OLAP model is clean and low-cost.
It’s something we’d roll out for analysts without

Key Expert Quote training overhead.”
The architecture was praised for improving adoption
speed and reducing data delivery timelines through
Finding simplified query interfaces and serverless scaling.
Case Study 3: Azure Solutions Architect - Financial Cloud
Yin Element Consultant
Case Study Can the proposed framework reduce storage inefficiencies and
Question enable transparent data product lifecycle management?
Bronze — Silver — Gold data lineage + Delta Lake storage +
observability = reduced duplication and greater data
Proposition governance.

Unit of Analysis

Azure Consultant assessing the long-term viability of storage
and governance mechanisms in a decentralized data mesh.

Logic Linking
Data

Evaluation based on feedback around Databricks Delta Lake
efficiency, Microsoft Purview lineage integration, and cost
reporting.
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Criteria for Architecture's ability to avoid redundant pipelines and enable
Interpretation domain-specific data product lifecycle tracking.

“Avoiding logic duplication and using Delta Lake is smart
Key Expert Quote | your mesh won’t balloon in storage like most do.”

The framework was validated as lean and maintainable, with
Finding emphasis on lineage visibility and modular scaling.

Table 6.3: Yin Case Study 2 - Head of Data Engineering, Fintech Lending Platform
(Scalability and Cost Efficiency Validation) Cross-Case Synthesis

The synthesis of findings across the three expert interviews reveals strong alignment
between the proposed Azure Data Mesh framework and the expectations of domain
experts in finance and cloud architecture. All three cases validated the cost
optimization potential, particularly through the use of serverless technologies and
minimized data duplication via Delta Lake architecture. Data governance emerged as
a major strength, especially due to Azure Purview’s metadata cataloging and access
control features, which support traceability and compliance a key concern in regulated

sectors.

Moreover, metadata traceability and self-service enablement were seen as critical
enablers of agility. While Case 1 emphasized governance and auditability, Case 2
highlighted the benefits of analyst-friendly interfaces and OLAP models, and Case 3

focused on scalability and observability. Collectively, the responses suggest that the
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proposed framework strikes a balance between technical rigor and practical usability,

making it both compliant and business-centric.

This triangulated validation reinforces the research proposition that a cost-optimized

Azure Data Mesh can meet financial sector needs for decentralization, control, and

performance. The framework is therefore well-positioned for phased implementation

in real-world enterprises.

6.5 Consultant (Storage Efficiency and Lifecycle Management Validation)

Table 6.4: Cross-Case Validation Summary of the Proposed Azure Data Mesh

Framework Based on Yin’s Multiple-Case Analysis
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Overall
Feature Case 1 Case 2 Case 3 Validation
High Confirme
Cost serverles d reduced Confirmed
Optimizatio Moderate S duplicatio across  all
n emphasis adoption n use cases
Clear
Strong Strong consensus
Data validatio Secondar metadata on audit
Governance n y focus & lineage readiness
All  agree
Confirme on
Confirme Not d Delta observabilit
Metadata d via primary Lake y
Traceability Purview concern Lineage importance
Deemed
beneficial
Self- Partial Core Supported for agility
Service via IT benefit via OLAP and analyst
Enablement controls identified interfaces access
Delta Architectur
Synapse Lake and e seen as
auto- modular elastic and
Cloud Limited scaling scaling future-
Scalability comment praised praised proof

These case studies serve as qualitative triangulation to the survey and simulation-

based findings, offering professional judgment on the feasibility, value, and

challenges of implementing Azure-based Data Mesh in enterprise settings.
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6.6 Limitations

While this research provides meaningful contributions to both academic theory and
practical enterprise data architecture, it is important to acknowledge the study’s
limitations. These limitations do not diminish the value of the findings but rather

provide a foundation for future research refinement and broader validation.

One of the primary limitations lies in the simulated nature of the Azure Data Mesh
implementation. Although the simulation was built using realistic and domain-specific
synthetic datasets to reflect operational environments in financial institutions, it could
not fully capture the complexity, scale, and unpredictability of live production
systems. Real-world variables such as data ingestion delays, infrastructure failures,
compliance audits, and internal change resistance were not fully represented in the
controlled environment, which may affect the direct generalizability of performance
results. Another limitation is the scope and size of the expert survey. While responses
were obtained from experienced professionals across relevant domains such as data
engineering, cloud architecture, and financial technology the sample size was limited
and geographically concentrated. As a result, the survey findings, though informative
and thematically consistent, may not reflect the full diversity of perspectives across
global markets or institution types, particularly in regions with different regulatory
frameworks or levels of technological maturity. The study also focused exclusively on
the Microsoft Azure ecosystem. While Azure offers robust tools that align well with
the Data Mesh paradigm, it is one of several cloud platforms used in the industry. As
such, the findings may not be directly transferrable to organizations operating on
Amazon Web Services (AWS), Google Cloud Platform (GCP), or hybrid architectures
without platform-specific adjustments. A multi-cloud comparative analysis was
beyond the scope of this research but remains a valuable avenue for future work.
Additionally, organizational dynamics such as change resistance, data politics, and
stakeholder alignment although acknowledged were not deeply explored through
structured interviews or internal case studies. These human factors can significantly
influence the success of decentralized architecture implementations and deserve more

focused investigation.



Finally, due to time and access constraints, the study did not measure long-term return
on investment (ROI), total cost of ownership (TCO), or post-implementation
performance metrics in a live enterprise setting. These aspects require extended
observation periods, deeper integration with operational teams, and broader
stakeholder engagement. Despite these limitations, the research establishes a strong
theoretical and technical foundation for implementing cost-optimized Data Mesh
architecture in the financial sector using Microsoft Azure. The insights gained provide
valuable direction for both practitioners and researchers while highlighting the need

for further empirical validation and cross-industry application.

6.7 Future Scope

Building on the insights and outcomes of this research, several promising directions
emerge for future exploration. As the financial sector continues to evolve through
digital transformation, the application and optimization of decentralized data
architectures like Azure Data Mesh will present new research opportunities,
technological innovations, and strategic implementation challenges. One of the most
immediate areas for future work is the real-world validation of the proposed
framework through longitudinal case studies. While this study simulated the
framework using representative datasets and architectural principles, observing the
framework in live enterprise environments would offer deeper insights into
organizational adaptation, user adoption, and long-term performance metrics. Such
case studies could track the evolution of governance maturity, return on investment
(ROI), operational efficiency, and regulatory compliance over extended time frames.
Another key area for future investigation is the development of a cross-platform Data
Mesh comparison model. Although this research was focused solely on Microsoft
Azure, many financial institutions operate in multi-cloud or hybrid environments. A
comparative analysis involving Azure, AWS, GCP, or even private cloud deployments
would enable broader applicability of the framework and provide organizations with a
platform-agnostic understanding of trade-offs in cost, scalability, integration, and

support for domain ownership.

Further research is also needed in exploring the role of automation and artificial
intelligence in decentralized governance. As data volumes continue to grow, manual

governance becomes increasingly inefficient and error-prone. Tools and frameworks
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that incorporate machine learning for automated metadata tagging, anomaly detection,
policy enforcement, and quality assurance could significantly enhance the efficiency
and reliability of Data Mesh ecosystems. A related direction is the creation of Data
Mesh readiness or maturity models for financial institutions. These models would help
organizations assess their preparedness in areas such as cloud infrastructure, data
culture, governance structures, team capabilities, and strategic alignment. By
evaluating maturity levels across these dimensions, institutions can design phased

implementation roadmaps tailored to their specific context and readiness.

Lastly, future studies may explore quantitative financial modelling of Data Mesh
transformation, focusing on how cost optimization strategies affect total cost of
ownership (TCO), resource utilization efficiency, and business value realization. Such
models would provide decision-makers with empirical tools to justify investments,
measure outcomes, and benchmark performance across units or institutions. In
summary, while this research lays a foundational understanding of how a cost-
optimized Azure Data Mesh can create business value in the financial sector, there is
significant scope for expanding both academic inquiry and industry practice. Future
investigations that bridge theory with real-world application will be critical to
advancing the maturity, adaptability, and effectiveness of decentralized data

management in an increasingly data-driven world.
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APPENDIX A:

DATASETS

customer id loan_id cibil score last_checked risk_category

1000436 2943762 869  15-03-2025 High
1001746 2539158 687  02-03-2024 Medium
1000017 2785253 693 17-12-2024 Low
1001256 2178905 393 26-11-2024 Low
1002186 2834982 345 06-04-2024 Low
1001689 2529643 311 22-11-2024 Medium
1001844 2607219 382 27-05-2023 Medium
1002069 2780284 848 19-02-2025 Low
1002410 2179164 449 25-02-2024 Low
1001650 2558617 318 25-01-2025 High
1001072 2838883 382 22-04-2024 Medium
1000167 2222651 446 02-07-2024 Low
1001408 2222564 706  16-08-2024 Medium

1001791 2811054 826 07-10-2023 Low

Table: cibil_dataset.csv
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Customer_ID Account ID Account Type Branch_Code Branch_Name Account Open Date Balance Age Gender  Address
1000436 3575754 Current SBIAP1015 Tirupati 02-05-2023 04:22  73651.34 42 Female  H.No. 11, Rajagopalan Ganj, Tirupati
1001746 3616584 Current SBIWS1030 Mumbai 18-06-2023 04:22 781042.49 19 Male 88/053, Sem, Mumbai
1000017 3874367 Current SBIHM1038  Mumbai 22-12-202404:22 576458.29 54 Male H.No. 32, Reddy Nagar, Mumbai
1001256 3655678 Current SBIVX1019 Mumbai 17-12-2024 04:22 664604.91 53 NotProvide 972, Parsa Nagar, Mumbai
1002186 3922500 Savings SBIDN1043 Bengaluru 04-12-2020 04:22 735092.46 29 Female  97/844, Mohanty Nagar, Bengaluru
1001689 3826450 Current SBILK1016 Vizag 02-04-2024 04:22 557491.52 18 NotProvide 836, Sachar Street, Vizag
1001844 3805556 Current SBICA1039 Mysuru 24-05-2020 04:22 475902.98 78 NotProvide 298, Parekh Circle, Mysuru
1002069 3800585 Savings SBIYD1042 Pune 03-09-2022 04:22 190645.75 13 Male 74/77, Mahal Zila, Pune
1002410 3867444 Current SBIIG1025 Lucknow 15-09-2024 04:22 256751.16 6 NotProvide 36/72, Naik Marg, Lucknow

Table: Core_Banking_System.csv

customer_id name gender  dob email phone_nunkyc_status street_addrcity state pincode  pan_numbeaadhaar_nisignup_datilast_login_date

1000436 Gaurika Ho Male 14-01-1984 gaurikahor: 9.194E+11 Verified ~ H.No.87,WShivpuri ~ Meghalaya 546941 TLSQJ3466! 827327703:24-04-2019 04-10-2019
35

1001746 Darpan VotFemale  07-10-2000 darpanvohi 9.178E+11 Verified ~ Arora Bharatpur UttarPrade 753728 COIXH8658 626909695(05-03-2021 26-07-2022
Road

1000017 Chandran PFemale  24-07-1983 chandranpr 9.175E+11 Pending 865, ThakurAmbala ~ Mizoram 150457 ULKNY5660 521194790 27-07-2021 07-12-2021
o1 I

1001256 Bhavini D’AFemale  14-07-1988 bhavinid'ali 9.191E+11 Rejected Guha Ganj Panchkula Goa 749052 ZJ0LT7091#355504290:24-05-2019 29-06-2020
(] I

1002186 IraKaur ~ Female  15-01-2004 irakaur@ya 9.192E+11 Verified ~ Deshpand Anand Uttar Prade 306766 QMJNX642¢157701895:17-07-2019 08-09-2019
e Chowk

1001689 Isaiah GangFemale  16-03-2013 isaiahgang 9.186E+11 Pending  48/76, DaraGuna Himachal P 159955 VHFMW83£673182097:03-01-2020 20-01-2022
97/819

1001844 Avni Palan Male 02-08-2015 avnipalan@ 9.166E+11 Rejected Shja‘rma Dhule Kerala 631401 ALWUP547:108424441¢28-05-2021 20-11-2021

1002069 Yochana ApMale 13-10-1982 yochanaapf 9.195€+11 Pending  H.No. 99, KeShivpuri ~ Mizoram 38092 LXCKC3903(974346944108-03-2024 20-04-2025
1002410 Viraj Karan Male 06-08-2003 virajkaran@ 9.176E+11 Pending  51/14, Chh:Amravati Jharkhand 728480 AHGVR1421437381358:11-06-2019 03-01-2021
1001650 Joshua Ven Male 23-03-1997 joshuavenk 9.193E+11 Rejected  H.No.B81,D Dindigul ~ Uttarakhan 925268 EATZ\SMOE’lSZNB?Si! 19-05-2019 12-01-2021
‘ 1001072 Kritika RedcFemale  20-02-1986 kritkaredd 9.196E+11 Reiected  33/23. BhatKakinada |Raiasthan 1097072 TQLXTO104°018200314728-04-2023 22-05-2024

Table: crm_dataset_enhanced.csv

Lloan D Customer_ID Lloan Type Lloan Amount Loan Start Date Loan Term Interest Rate Outstanding Balance

2943762 1000436 Education 1100778 24-01-2025 20 1 194095
2539158 1001746 Personal 62849 25-10-2023 2 10 3255
2785253 1000017 Home 4926378 10-11-2022 4 4 357843
2178905 1001256 Home 1289555 08-05-2023 32 5 705556
2834982 1002186 Home 2570130 28-02-2025 24 13 1495573
2529643 1001689 Personal 326701 19-08-2024 55 18 258405
2607219 1001844 Vehicle 772750 01-04-2024 9 13 2186
2780284 1002069 Personal 711078 10-05-2022 7 12 502401
2179164 1002410 Education 1747892 14-01-2025 14 4 1602640
2558617 1001650 Education 4503419 27-06-2024 44 16 1623282
2338883 1001072 Education 3618778 19-05-2024 41 4 332718
2222651 1000167 Personal 1961366 26-12-2024 i 11 318018
2222564 1001408 Personal 1876321 17-05-2024 5 10 1676142

Table: Loan_details.csv

Transaction 1D Account ID Transaction Type Transaction Amount Transaction Date Remarks
rtgs_SBIR4546931XUY 3544077 Credit 80852.91  10-02-2023 22:17 No
upi_482477475148 3560749 Credit 347933.69  25-07-2024 07:04 Yes
TRX202504201355F968 3831082 Debit 289031.88  02-12-2023 17:57 Yes
rtgs_SBIR4322381XUY 3537353 Credit 92689.89  09-12-2024 04:22 No
rtgs_SBIR4752600XEY 3701092 Credit 61271.24  18-09-2024 20:20 Yes
TRX202504201355H485 3541153 Debit 191439.86  02-10-2023 14:55 No
neft_SBIN4853810XSY 3805702 Debit 4754318 17-11-2024 05:08 Yes
24242642938 3672031 Credit 50883.47 18-03-2023 19:48 No
TRX2025042013550552 3544197 Credit 490427.66  01-11-2023 01:38 No
neft_SBIN4295698XTY 3761061 Debit 174319.82  04-02-2023 17:04 No
chq_txn65739 3835485 Credit 26281.58  12-07-2022 18:54 No
chq_txn13155 3517279 Credit 80979.1  14-07-2023 13:39 Yes
88820640717 3862998 Credit 489058.23  22-06-2024 10:29 Yes
chq_txn88818 3674752 Debit 57002.22  25-11-2022 19:26 No
TRX202504201355E954 3483477 Debit 195115.99  03-03-2024 04:54 Yes

Table: transactions.csv
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APPENDIX B:

OLTP DATA MODEL
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Figure: Logical Entity-Relationship Model of Integrated Financial Datasets within the
Azure Data Mesh Framework



APPENDIX C:

IMPLEMENTATION REPOSITORY

GitHub Repository Link

The complete implementation codebase, metadata templates, and deployment scripts
for the proposed Azure Data Mesh Framework for Financial Data Management are
hosted in the following GitHub repository:
https://github.com/KarthikaPuttha/Azure-Data-Mesh

The repository includes:

» Metadata-driven ingestion pipelines using Azure Data Factory (ADF)
* PySpark transformation notebooks for Databricks

* Synapse serverless SQL scripts for the Gold layer

* Data product definitions and governance templates

 Sample datasets and configuration files

This repository has been made publicly accessible to support reproducibility and
transparency of research findings.
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APPENDIX D:

SURVEY RESULTS

4-22-2025 0:32:00 asingh8506@gmail.con Vice President - Data & Al 10+ years Banking and Finance
4-24-2025 23:04:58 snehasalunke59@gmail Data Engineer 3-5Years Healthcare
4-24-2025 23:15:28 dileepmsbideveloper@; Senior Data Engineer 10+ years Banking and Finance

4-28-2025 5:37:34 burns.5150@gmail.com Sr. Director 10+ years Healthcare

5-17-2025 5:59:11 karidi0111@gmail.com Data Engineer 3-5Years Healtheare
5-17-2025 13:05:14 asrinivasa576@gmail c:Data Analyst 6- 10 years Retail & E-commerce
5-17-2025 13:17:00 praveensaichelamkuri9: Data Engineer 3-5Years 'Mlnlng Industry
5-17-2025 13:35:33 ancopvsT63@gmail cor Data Engineer 3-5Years Healtheare
5-17-2025 14:04:58 rajkumarlonka®87@gm: Data Engineer 3-5Years Healthcare
5.17-2025 14:46:33 deborah.edward0612@ Management 200il and gas
5-17-2025 15:03:20 mukulrohitraj@gmail.co Data Engineer 3-5Years IT
5-17-2025 15:23:53 veeramani data@gmail. Data Engineer 3-5Years ePublishing
5-17-2025 15:35:26 charanmandi870@gmai Data Engineer 0-2Years Healtheare
5-17-2025 16:42:28 yogeshwargoudkarnake Data Engineer 0-2Years Healthcare
5-17-2025 17:52:43 rastagdup@gmail.com Research Neurotrauma Scientist 10+ years Healthcare
5-17-2025 18:22:37 saurabhpol6699@gmail Data Analyst 3-5Years Healtheare
5-17-2025 19:11:50 vkkumar7546@gmail cc Data Engineer 3-5Years Retail & E-commerce

Decentralized (data ownership by domain tear Yes -

Don't know / Not applicable In pra
Hybrid (central lake with federated access)  Yes -
Decentralized (data ownership by domain tear In pro
Decentralized (data ownership by domain teanr Yes -
Decentralized (data ownership by domain tearr No -1
Hybrid (central lake with federated access) No -1
Fully centralized (e.g., single warehouse or lakiYes -
Fully centralized (e.g., single warehouse or lakiNo -1
Fully centralized (e.g., single warehouse or lakeNo — 1
Decertralized (data ownership by domain tearr Yes -
Hybrid (central lake with federated access) No -1
Fully centralized (e.g., single warehouse or lakiYes -
Decentralized (data ownership by domain tear Not st
Hybrid (central lake with federated access)  Inpro
Decentralized (data ownership by domain teanr Yes -

Hybrid (central lake with federated access)  Yes- "

Yes - data domains are defined and managed Data Mesh No - Central data team conirols access APls or data services Databricks, Snowflaki
In progress - planning to introduce data domail Data Warehouse Partially - Some teams can access via tools/Al All of above Azure Data Factory, /
Yes - data domains are defined and managed Data Mesh No - Central data team contrels access APls or data senices Azure Data Factory, /
In progress - planning to introduce data domail Operational Data Store (ODS) Partially - Some teams can access via tools/Al Data exports (CSV, Excel) Other tools

Yes - data domains are defined and managed Lakehouse No - Central data team contrels access APIs or data senices Databricks

No - centralized data team manages all data Data Warehouse Partially - Some teams can access via tools/Al Self-service dashboards (Power BI, Tableau, e Azure Data Factory, |
No - centralized data team manages all data  Operational Data Stere (ODS) No — Central data team controls access Direct SQL queries to databases/lakes Azure Data Factory
Yes - data domains are defined and managed Data Warehouse Partially — Some teams can access via tools/Al Direct SQL queries to databases/lakes Azure Data Factery, |
Mo - centralized data team manages all data  Data Warehouse Partially — Some teams can access via tools/Al Self-service dashboards (Power BI, Tableau, e Azure Data Factory, ¢
Na - centralized data team manages all data  Data Lake No - Central data team controls access Self-service dashboards (Power B, Tableau, e Databricks, Microsoft
Yes - data domains are defined and managed Operational Data Store (ODS) No - Central data team controls access APls or data services Azure Data Factory, /
No - centralized data team manages all data Data Warehouse Partially - Some teams can access via tools/Al APIs or data senices AWS Glue and Kinesi
Yes - data domains are defined and managed Data Lake No - Central data team controls access Direct SQL queries to databases/lakes Azure Data Factory, [
Not sure Data Warehouse Not applicable Direct SQL queries to databases/lakes Snowfiake, Snowspal
In progress - planning to introduce data domail Data Lake Partially - Some teams can access via tools/AlAPIs or data senices Azure Data Factory, /
YYes - data domains are defined and managed Operational Data Store (ODS) Partially - Some teams can access via tools/Al Direct SQL queries to databases/lakes Azure Data Factory
Yes - data domains are defined and managed Data Lake No — Central data team controls access APIs or data senvices Azure Data Factery, [

Real-time / Streaming Yes - fully hosted ¢
Hybrid (Batch + Streaming) Partially - hybrid ¢l
Batch processing Partially - hybrid ¢l
Hybrid (Batch + Streaming) Partially - hybrid ¢!
Batch processing Manual validation by teams Unity Cataleg (Databricks) Domain-level ownership with compliance check Partially — hybrid ¢!
Batch processing Data validation tools (e.g., Great Expectations) Custom in-house solution Domain-level ownership with compliance check Partially - hybrid ¢l
Batch processing Manual validation by teams Not using any Centralized data governance team Yes - fully hosted «
Batch pracessing Automated data quality rules embedded in ETL Azure Purview Centralized data governance team Partially - hybrid ¢l
Batch processing Manual validation by teams Airflow Centralized data governance team Snowflake

Hybrid (Batch + Streaming) Data validation tools (e.g., Great Expectations) Custom in-house salution Centralized data governance team Partially - hybrid ¢l
Batch processing Manual validation by teams Not using any Not Sure Partially - hybrid ¢l
Hybrid (Batch + Streaming) Data validation tools (e.g., Great Expectations) Using AWS services Domain-leve! ownership with compliance check No - using other ck
Real-time / Streaming Automated data quality rules embedded in ETL Unity Catalog (Databricks) Centralized data governance team Yes - fully hosted «
Not sure / NA Automated data quality rules embedded in ETL Not using any Not formally defined Mo - using other ck
Real-time / Streaming Data validation tools (e.g., Great Expectations) Custom in-house solution Not formally defined Yes - fully hosted «
Realtime / Strearming Data validation tecls (e.g., Great Expectations) Unity Catalog (Databricks) Centralized data governance team Partially — hybrid ¢!

Hybrid (Batch + Streaming) Automated data quality rules embedded in ETL Unity Cataloq (Databricks) Domain-level ownership with compliance check Yes - fully hosted ¢
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Azure SQL Database, Azure Databricks, Azure Conflicting versions of truth
Azure Data Lake Gen2, Azure Synapse Analyti All of above
Azure Purview, Azure Data Lake Gen2, Azure ! Security/access restrictions

Azure SQL Database, Power Bl All of the above
Azure Data Lake Gen2, Azure Databricks Data duplication
Power Bl, Microsoft Fabric Slow data access across teams

Microsoft Fabric Slow data access across teams
Azure Purview, Azure Data Lake Gen2, Azure ! Conflicting versions of truth

NA Slow data access across teams
Azure Databricks, Power Bl, Microsoft Fabric Slow data access across teams
Azure Data Lake Gen2, Azure Synapse Analyti Poor documentation/metadata
AWS Slow data access across teams
Azure Data Lake Gen2, Azure SQL Database, No problems

No azure service were used Slow data access across teams
Azure Purview, Azure Data Lake Gen2, Azure ! Data duplication

Power BI Security/access restrictions
Azure Data Lake Gen2, Azure Databricks, Azu Slow data access across teams

Semi-structured data (JSON, XML)

All

Structured data (tables, SQL)
Structured data (tables, SQL)
Structured data (tables, SQL)
Structured data (tables, SQL)
Structured data (tables, SQL)
Structured data (tables, SQL)

Semi-structured data (JSON, XML)

Structured data (tables, SQL)
Structured data (tables, SQL)
Structured data (tables, SQL)
Structured data (tables, SQL)
Structured data (tables, SQL)

Semi-structured data (JSON, XML)

Structured data (tables, SQL)

Semi-structured data (JSON, XML)

Databricks Monitering Ul Implementing a h
Azure Log Analytics Improving curren
azure monitor, azure log analytics and custom « Planning or transi
NA Net sure
Databricks Monitaring Ul Implementing a h
Azure Monitor Planning or transi
Azure Monitor Improving curreni
Custom dashboards Not sure
Custom dashboards Mot sure
Custom dashboards Improving curreni
Custom dashboards Not sure
AWS senvices Improving curreni
mailer logs Mot sure
Custom dashboards Not sure
Azure Log Analytics Implementing a h
Azure Monitor Mot sure
‘Azure Monitor Improving current

Implementing a hybrid governance model Yes - Full adoption planned Agentic Al for productivity, revenue growth, speFramework must tie up the success criteria for Yes
Improving current centralized platform Currently in progress. No No No
Planning or transitioning to Data Mesh Yes - Full adoption planned central team always burned under data mesh 2Resource need to be organised under data dor Yes
Not sure Not likely None at this time “Thank you for the opportunity to offer input. He No
Implementing a hybrid governance model Not likely Na Na No
Planning or transitioning to Data Mesh Yes - Full adoption planned 'No idea "No idea Yes
Improving current centralized platform Not likely No No Yes
Not sure Don't know No No No
Not sure Partial or phased adoption NO No No
Improving current centralized platform Partial or phased adoption No "Not really just centralization works for us No
Not sure Not likely Like to know more about Data Mesh and their 1Yes, please Yes
Improving current centralized platform Not likely No No Yes
Not sure Don't know No Doing something, All the best.......! No
Not sure Don't know No No No
Implementing a hybrid governance model Yes - Full adoption planned "Om here to learn better options, do’s and don't Webinar introducing the topic on DATA Mesh w Yes
Not sure Don't know No Comments It's a good thing to understand the what actuall Yes
Improving current centralized platform |Partial or phased adoption NA Na No
APPENDIX E:
POWER BI VISUALS
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‘ Rick Analysis ‘ 01-01-2019 @  20-04-2025 @

.
Transactions Analysis G
. . . ) . Account_ID v
Total Transactions Total Transaction Amount Monthly Transaction Volume Average Transaction Value
2K 374.84M 12 249.89K D
Total Transaction Amount by Account ID Transaction_|D Transaction Amount Type UnusualTxnFlag ¢ Total Transaction Amount by risk_category
Transaction_Type * _ High
3455812 g seirescs0rsvy | |NNININIENES 46241 Debit 0 4440 (1936%)
Debit : e
19651M [40.0%) 4 5857 360ETTE0S I - 55257 Credit 0
3457085 69695909385 B 5 Gt 0
nett seinaz22020xey | |ENNEOIENG: oot 1
neft_SBINM254624CY 6596853 Credit 0 -
Credit Medium p .
e | 3438699 77828525046 22244251 Credit 0 s B 16373 (4902%)

Monthly Transaction Volume by Year, Quarter and Month
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customer Analysls Loan Analysis Transaction Analysis Risk Analysis 01-01-2019 20-04-2025 @
| status v
Total Customers Male Customers Female Customers Avg Customer Age name ' gender v e
2K 514 498 2735 g vla v E——
\ \ )\
Total Customers byAge Gmu" customer id name City signup_date last login_date kyc status N Total Customers bynsk_:alegory
Under 18 fgh_
B | -4 1000001 Edhitha Wali Naihati 20Aug 2019 10Nov2020  Rejected 295 (1967%)
(%) 609 (406%)
1000002 Rachana Bhalla Panihati 02Feb 2020 17 Oct 2020 Rejected
1000003 Peter Sheth Hospet 015ep 2024 28 Jan 2025 Verified
1000005 Gaurika Srivastava  Bellary 19Apr2022 25Aug2022  Rejected
1000006 Kashish Patna 31 May 2023 20 Apr2025  Verified
Balakrishnan
18-29 . L Low
527 (35.1.) 1000008 Jagvi Boase Ichalkaranji 16 Apr2021 13 Mar 2023 Pending 773 (515..)
P IR TR Veieemee AR LA 440.07M0% Niaed
Total Loan Amount by state Total Customers by Year, Quarter, Month and gender
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Risk Analysis

Average CIBIL Score

601.28

customer id

1002371
1002761
1000760
1002653
1000956
1002294
1002989
1000935

loan_id

2606969
2012475
2219881
2484336
2672688
2433284
2230244
2116172

| Loan Analysis ‘

Transaction Analysis Customer Analysis
High Risk Customers name
Al

295

name City
Reva Shan Bidar
Jhalak Kala Bareilly
Yochana Rege Raebareli
Xalak Deol Phusro
Charan Rastogi Sasaram
Advika Kant Lucknow
Barkha Kashyap ~ Thrissur
Frado Sant Tumkur

Total Customers by CIBIL Band

risk_category last_checked
Y

Medium
High
Medium
High
High
Low
Low

Low

High Risk Customers by CIBIL Band

21 April 2023
21 April 2023
23 April 2023
23 April 2023
24 April 2023
24 April 2023
24 April 2023
25 April 2023

Cibil_score

s | )
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01-01-2019 @  20-04-2025 @

v last_checked

v All

gender @Female @Male

v customer_id v
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