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Abstract 

Enterprise data management has passed through a series of architectural paradigms, each 

emerging to address the limitations of the one before it. This paper presents a structured 

comparative analysis of the three most influential approaches—the data warehouse, the data 

lake, and the data mesh—together with the transitional lakehouse pattern that bridges the first 

two. The study traces how enterprise architecture has shifted over three decades from 

centralised, highly structured repositories toward flexible and increasingly decentralised 

designs, and it compares the approaches systematically across seven dimensions: data structure, 

ownership model, scalability, governance, cost, suitability for business intelligence, and 

suitability for artificial intelligence and machine learning. Using a qualitative comparative 

methodology grounded in a review of the academic literature and documented industry 

practice, the paper finds that no single architecture is universally superior. The data warehouse 

offers consistency, reliability, and strong governance but handles unstructured data poorly and 

can become an organisational bottleneck. The data lake provides flexibility and low-cost 

storage for diverse data but frequently suffers from weak governance, giving rise to unreliable 

"data swamps." The data mesh addresses the organisational bottleneck of centralised platforms 

by decentralising data ownership to business domains while maintaining shared standards 

through federated governance, but it introduces significant coordination, skill, and governance 

challenges of its own. The analysis concludes that these paradigms are complementary as often 

as they are competing, and that most large organisations now operate hybrid architectures 

combining the reliability of the warehouse, the flexibility of the lake, and the organisational 

principles of the mesh. The appropriate choice depends on an organisation's size, sector, and 

data maturity rather than on adopting the latest trend. The broader trajectory reflects a shift in 

how organisations conceive of data—from a centralised asset to be stored toward a distributed 

product to be owned and shared. 

Keywords: data warehouse; data lake; data mesh; lakehouse; enterprise architecture; data 

governance; comparative analysis; decentralisation 



Journal of Computational Analysis and Applications                                                                          VOL. 33, NO. 5, 2024 
   

                                                                                                                         10.48047/jocaaa.2024.33.05.91 

                                                                                             3860    Srinivasa Kalyan Vangibhurathachhi et al 3859-3873 

 

1. Introduction 

1.1 Background context 

The way organisations store, manage, and use data has changed profoundly over the past thirty 

years. As data has grown in volume, variety, and strategic importance, the architectures used 

to manage it have been repeatedly redesigned, and each redesign has responded to the 

shortcomings that became apparent in its predecessor. Understanding this progression is 

valuable not merely as a matter of historical interest but because many organisations today 

operate elements of all these architectures simultaneously and must decide how to combine or 

transition between them. 

The data warehouse, which rose to prominence in the 1990s, established the idea of a single, 

consistent, centralised repository for structured data to support reporting and analysis. As 

organisations began to collect large volumes of unstructured and semi-structured data—text, 

images, logs, and sensor readings—the data lake emerged in the 2010s to provide cheap, 

flexible storage for raw data of any type. More recently, as even well-engineered central 

platforms began to strain under the demands of large, fast-moving organisations, the data mesh 

has proposed a fundamentally different solution: decentralising data ownership to the business 

domains that produce and understand the data, while maintaining shared governance and 

interoperability. 

1.2 Problem statement 

These approaches are frequently discussed in isolation, or presented as successive trends in 

which each replaces the last, and this framing can obscure both their relationships and their 

appropriate uses. Practitioners are often encouraged to adopt the newest paradigm without a 

clear understanding of the trade-offs involved or of whether their organisation is ready for it. 

The data mesh in particular is sometimes presented as a technology to be purchased rather than 

an organisational model to be adopted, leading to costly and unsuccessful implementations. 

There is a need for a balanced, structured comparison that clarifies what each approach offers, 

where each is appropriate, and how they relate to one another. 

1.3 Research gap 

While there is extensive literature on each architecture individually, and a growing number of 

practitioner accounts of data-mesh adoption, there are comparatively few systematic, 

dimension-by-dimension comparisons that place the warehouse, lake, and mesh side by side 
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using a consistent analytical framework. Much of the available material is either promotional, 

favouring a particular approach, or narrowly technical. This paper addresses that gap by 

providing a structured and balanced comparative analysis grounded in both scholarship and 

documented practice. 

1.4 Research questions and significance 

The study is guided by three questions: first, what drove the evolution from the data warehouse 

to the data lake to the data mesh; second, how do these architectures compare across a 

consistent set of technical and organisational dimensions; and third, how should organisations 

choose between them or combine them. Answering these questions matters because the choice 

of data architecture has far-reaching consequences for an organisation's agility, cost, 

governance, and ability to support analytics and AI. A poor choice—whether adopting a 

paradigm prematurely or clinging to one past its usefulness—can waste substantial investment 

and impede the organisation's use of its data. The remainder of the paper sets out the objectives 

and scope, reviews the literature, describes the comparative methodology, presents the 

comparative analysis with embedded figure descriptions, discusses the implications and 

guidance for selection, and concludes. 

2. Objectives 

The primary objective of this study is to compare the data warehouse, data lake, and data mesh 

architectures systematically across a consistent set of dimensions. The supporting objectives 

are: to explain the drivers behind the evolution from one paradigm to the next; to identify the 

strengths and limitations of each approach; to clarify how the transitional lakehouse pattern 

relates to the warehouse and lake; and to offer practical guidance on selecting among these 

architectures or combining them according to organisational context. 

3. Scope of Study 

This study examines enterprise data architectures at the level of their design principles, 

organisational implications, and trade-offs. It covers the data warehouse, data lake, lakehouse, 

and data mesh, and compares them across technical and organisational dimensions. It does not 

provide detailed implementation instructions, evaluate specific vendor products, or address the 

internal mechanics of database engines, which lie outside its scope. The analysis is comparative 

and conceptual rather than empirical; it synthesises established scholarship and documented 
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practice to compare the approaches, but it does not measure their performance through 

controlled experiments. The guidance offered is general and intended to be adapted to 

particular organisational contexts, recognising that the right choice depends on an 

organisation's size, sector, regulatory environment, and data maturity. 

4. Literature Review 

4.1 The data warehouse 

The data warehouse concept was formalised through the work of Inmon (2005), who advocated 

an integrated, subject-oriented, enterprise-wide repository, and Kimball and Ross (2013), who 

developed dimensional modelling techniques optimised for querying and reporting. The 

warehouse brought discipline and consistency to enterprise reporting by integrating structured 

data from multiple operational systems into a single source of truth. Its strengths lay in 

reliability, data quality, and strong central governance, which made it well suited to regulated 

reporting and business intelligence. However, warehouses were costly to scale, required 

extensive upfront modelling, and were poorly equipped to handle the unstructured and semi-

structured data that organisations increasingly accumulated. 

4.2 The data lake and the lakehouse 

The data lake emerged as a response to these limitations, offering low-cost storage for raw data 

of any format and supporting the large-scale analytics and machine learning associated with 

the big-data era (Khine & Wang, 2018). Lakes gave data scientists the flexibility to store and 

explore diverse data without imposing a schema in advance. This flexibility, however, came at 

a cost: without strong governance, metadata, and quality controls, many lakes degenerated into 

"data swamps" in which data was poorly documented, inconsistent, and difficult to trust 

(Nargesian et al., 2019). The difficulty of governing lakes and the desire to combine their 

flexibility with the reliability of warehouses led to the development of the lakehouse, a hybrid 

architecture that adds transactional guarantees, schema management, and reliable tables on top 

of low-cost lake storage (Armbrust et al., 2021). The lakehouse has become a widely adopted 

foundation because it supports both raw exploration and governed, reliable analytics within a 

single platform. 

4.3 The data mesh 

The data mesh, articulated by Dehghani (2022), represents a shift in focus from technology to 

organisation. Its central argument is that the principal bottleneck in large enterprises is not the 
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storage technology but the centralised data team responsible for serving the entire organisation, 

which cannot keep pace with the diverse and changing needs of many business domains. 

Drawing on principles from domain-driven design and product management, the mesh 

proposes four principles: domain-oriented ownership of data, treating data as a product, a self-

serve data platform, and federated computational governance. Early adopters have reported 

improvements in scalability and agility, but researchers have also documented significant 

challenges, including the need for new skills within domains, cultural resistance, unclear 

incentives, and the difficulty of maintaining consistent standards across autonomous teams 

(Machado et al., 2022; Bode et al., 2023). The literature broadly agrees that the data mesh is 

an organisational transformation as much as a technical one, and that its success depends 

heavily on organisational maturity. 

4.4 Synthesis of the literature 

Taken together, the literature describes an evolution from centralised structure toward flexible 

and then decentralised designs, with hybrid models becoming increasingly common. Each 

paradigm arose to solve the problems of its predecessor while introducing new challenges of 

its own. What the literature lacks, and what this paper provides, is a systematic side-by-side 

comparison that allows the trade-offs to be weighed consistently and that supports informed 

choice rather than trend-following. 

5. Research Methodology 

5.1 Research approach 

This study employs a qualitative comparative methodology, which is well suited to clarifying 

the principles and trade-offs of competing architectural approaches. Because the subject is 

architectural and organisational rather than narrowly empirical, the aim is to compare the 

approaches systematically and transparently rather than to test them statistically. Comparative 

conceptual analysis of this kind is a recognised method in information-systems research, where 

the goal is to produce structured understanding and practical guidance. 

5.2 Data sources and selection 

The analysis draws on two bodies of evidence. The first is a structured review of the academic 

literature, including foundational texts and peer-reviewed articles published between 2005 and 

2023, identified through academic databases and selected for direct relevance to the 

architectures under study. The second is an examination of documented industry practice, 
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including widely adopted reference architectures and published accounts of implementation 

experience. Combining scholarly and practitioner sources ensures that the comparison reflects 

both established theory and real-world application. 

5.3 Comparison framework 

A consistent set of seven comparison dimensions was defined in advance to structure the 

analysis: data structure (the types of data the approach handles well), ownership model 

(centralised or decentralised responsibility), scalability (technical and organisational), 

governance (the strength and mode of control), cost (storage and operational), suitability for 

business intelligence, and suitability for artificial intelligence and machine learning. These 

dimensions were chosen because they capture the principal technical and organisational 

differences that matter to organisations making architectural decisions. Each architecture was 

then assessed against every dimension, drawing on the reviewed sources so that the judgements 

rest on established understanding rather than opinion. 

5.4 Limitations of the methodology 

Because the methodology is comparative and conceptual rather than experimental, its 

conclusions are analytical rather than measured. The assessments on each dimension reflect the 

weight of documented experience and scholarship, but they are necessarily general and may 

vary in specific implementations. Empirical comparison—measuring cost, agility, and 

governance outcomes across organisations using different architectures—would complement 

this analysis and is noted as a direction for future research. 

6. Comparative Analysis 

6.1 The evolution as an accumulation of principles 

Before comparing the architectures dimension by dimension, it is important to understand their 

relationship over time, because they are often misunderstood as a simple sequence of 

replacements. 
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Figure 1. Evolution timeline of enterprise data architectures. 

6.2 Data structure 

The architectures differ markedly in the types of data they handle well. The data warehouse is 

optimised for structured data organised around predefined schemas and handles unstructured 

data poorly. The data lake, by contrast, accepts data of any format, from structured tables to 

raw text and images, making it far more flexible but also harder to govern. The data mesh is 

format-agnostic, because it is primarily an organisational model layered over various 

underlying storage technologies, including warehouses and lakehouses; its concern is 

ownership and interoperability rather than storage format. The lakehouse occupies a middle 

position, supporting both raw and structured data within a single platform. 

6.3 Ownership model 

Ownership is the dimension on which the data mesh differs most sharply from its predecessors. 

In the warehouse and the lake, data is typically owned and managed centrally by a single data 

team responsible for the entire organisation. This centralisation provides control and 

consistency but concentrates responsibility in one team. The data mesh, by contrast, distributes 

ownership to the business domains that produce and use the data, so that each domain is 

responsible for its own data end to end. This decentralisation is the defining characteristic of 

the mesh and the source of both its advantages and its challenges. 
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Figure 2. Centralised versus decentralised ownership topology. 

6.4 Scalability 

Scalability differs in kind as well as degree across the architectures. Warehouses can scale 

technically to large volumes but tend to become organisational bottlenecks, because all changes 

and new requirements flow through a single central team and modelling process. Lakes scale 

cheaply in terms of storage but can become unmanageable without governance, so that their 

technical scalability is undermined by a loss of trust and usability. The data mesh is explicitly 

designed to scale organisationally, allowing many domain teams to work in parallel without 

depending on a central team; however, this organisational scalability depends on strong shared 

infrastructure and governance, without which the mesh fragments. The decisive point is that 

the mesh addresses a different kind of scalability—organisational rather than purely 

technical—than its predecessors. 

6.5 Governance 

Governance also varies significantly. The warehouse offers strong central governance, with 

consistent standards, quality controls, and access management applied by the central team, 

which is one of its principal strengths and the reason it remains favoured in regulated contexts. 

The lake often lacks governance unless it is deliberately added, which is the root cause of the 

data-swamp problem. The data mesh uses federated governance, in which global standards are 

defined centrally by a cross-domain group but applied and owned locally by each domain, 

ideally embedded in the shared platform as automated rules. This approach is powerful in 

principle because it balances consistency with autonomy, but it is demanding in practice, 

requiring both platform investment and organisational discipline. 
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6.6 Cost, business intelligence, and AI suitability 

The remaining dimensions can be considered together. In terms of cost, warehouses are 

relatively expensive owing to their proprietary engines and modelling effort; lakes are 

inexpensive to store data in but can become costly to govern and make usable; and meshes are 

efficient at scale but require significant upfront investment in platform and culture. For 

business intelligence, the warehouse remains excellent, providing fast, reliable, structured 

reporting; the lake is less suited to standard reporting without additional structure; and the mesh 

depends on the quality of the underlying domain data products. For artificial intelligence and 

machine learning, the lake and the mesh are generally better suited than the warehouse, because 

they handle diverse data and support the flexible access that machine learning requires; the 

warehouse's rigid structure is a limitation for AI workloads. 

Figure 3. Architectural comparison across key dimensions. 

6.7 A key finding: architectures as complementary rather than successive 

A central finding of the comparison is that these architectures are not strictly sequential 

replacements. Many organisations run warehouses and lakes together, and the data mesh is 

frequently implemented on top of existing lakehouse infrastructure rather than replacing it. The 

evolution is therefore better understood as an accumulation of principles than as a series of 

clean substitutions. Each paradigm contributes a capability that remains useful: the warehouse 
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contributes reliability and structure, the lake contributes flexibility and low-cost storage, and 

the mesh contributes distributed ownership and organisational scalability. This finding has 

direct implications for how organisations should approach architectural decisions, which are 

discussed below. 

7. Discussion 

7.1 Interpretation of the comparison 

The comparative analysis shows that the shift from warehouse to lake to mesh reflects two 

underlying trends. The first is a movement from structured to flexible data handling, driven by 

the growing diversity of data and the demands of analytics and AI. The second is a movement 

from centralised to decentralised ownership, driven by the organisational reality that a single 

central team cannot serve the data needs of a large, fast-moving enterprise. These two trends 

are distinct: the first is primarily technical, while the second is primarily organisational, and 

the data mesh is best understood as a response to the second rather than the first. 

7.2 Guidance on selection 

Importantly, the analysis suggests that no architecture is universally best, and that the 

appropriate choice depends on organisational context. The warehouse remains the right choice 

where structured reporting and strong central control are paramount, such as in finance, 

compliance, and regulated reporting. The lake, or more commonly the lakehouse, suits 

organisations that need flexibility and work heavily with unstructured data or machine learning. 

The data mesh suits large, complex organisations in which central teams have become 

bottlenecks and in which domains are mature enough to own their data responsibly. For smaller 

organisations, or those with limited data maturity, the mesh is likely to add unnecessary 

complexity and may fragment standards rather than improve them. 

7.3 The prevalence of hybrid architectures 

This contextual guidance explains why hybrid architectures dominate in practice. A large 

enterprise might maintain a warehouse for regulated reporting, a lakehouse for analytics and 

AI, and mesh principles to distribute ownership across domains, all at the same time. The 

decisive factor in whether such arrangements succeed, particularly where the mesh is involved, 

is organisational maturity rather than technology. The mesh depends less on any specific tool 

than on culture, skills, incentives, and governance discipline. Where these are lacking, 

decentralisation can fragment standards and reduce trust in data, producing worse outcomes 
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than a well-run central platform. Organisations should therefore assess their readiness honestly 

before adopting decentralised models. 

7.4 Limitations and future research 

The principal limitation of this study is that its conclusions rest on documented experience and 

scholarship rather than on controlled measurement. The assessments on each dimension are 

general and may differ in particular implementations. Future research should complement this 

conceptual comparison with empirical studies measuring cost, agility, governance outcomes, 

and AI-deployment success across organisations using different architectures, and with 

longitudinal case studies examining how organisations transition between paradigms and 

combine them over time. 

8. Conclusion 

The evolution from data warehouses to data lakes to data meshes represents a steady shift from 

centralised, structured repositories toward flexible and decentralised designs. Each paradigm 

arose to address the limitations of its predecessor, and each contributes principles that remain 

valuable: the warehouse's reliability and governance, the lake's flexibility and low-cost storage, 

and the mesh's distributed ownership and organisational scalability. The comparative analysis 

presented here, conducted across seven consistent dimensions, shows that these approaches are 

complementary as often as they are competing, and that most large organisations now combine 

them in hybrid architectures. No single approach is universally superior; the appropriate choice 

depends on an organisation's size, sector, regulatory environment, and data maturity rather than 

on following the latest trend. Above all, the mesh should be understood as an organisational 

transformation requiring genuine readiness, not a technology to be purchased. The broader 

trajectory of enterprise data architecture reflects a fundamental change in how organisations 

conceive of data—moving from a centralised asset to be stored toward a distributed product to 

be owned, shared, and trusted across the enterprise. 
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