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Abstract 

Artificial intelligence has moved from isolated experiments to the operational core of many 

organisations, giving rise to a new category of institution in which AI drives decisions, 

products, and services rather than supplementing them. For these "AI-first" institutions, the 

enterprise data architecture is no longer a back-office concern but a strategic foundation that 

determines how quickly and reliably intelligent systems can be built and deployed. Yet most 

enterprise architectures in use today were designed for reporting and transaction processing, 

and they struggle to meet the volume, variety, velocity, and reproducibility requirements of 

machine learning. This paper examines the principles, components, and organisational 

conditions required to design enterprise data architecture for AI-first institutions. Using a 

qualitative, design-oriented methodology that combines a structured literature review with an 

analysis of established industry reference architectures, the study develops and justifies a five-

layer reference model comprising ingestion, storage, feature processing, model serving, and a 

cross-cutting governance layer. It argues that AI-first architecture differs from conventional 

architecture not only in scale but in orientation: data must be treated as a continuously flowing, 

reusable product rather than a static historical record, and governance must be embedded 

throughout rather than applied at the end. The analysis finds that the most decisive factors in 

successful AI-first architecture are not raw technology but reproducibility, timeliness, data 

quality, and governance discipline, supported by an organisational culture of data ownership. 

Institutions that align these elements shorten the path from raw data to deployed model and 

reduce the risk of unreliable automated decisions, while those that neglect governance build 

systems that are fast but fragile. The paper offers a practical reference model and a set of design 

principles that institutions can adapt to their own scale, sector, and maturity. 

Keywords: enterprise data architecture; artificial intelligence; AI-first institutions; data 

pipelines; feature store; MLOps; data governance; data-as-a-product 
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1. Introduction 

1.1 Background context 

Artificial intelligence has become a central driver of competitiveness across almost every 

sector. Banks use machine learning for credit scoring and fraud detection, hospitals for 

diagnostic support and patient-risk prediction, retailers for demand forecasting and 

personalisation, and public institutions for resource allocation and service delivery. This 

widespread adoption has produced a distinctive kind of organisation, often described as "AI-

first," in which intelligent systems are embedded in core processes and products rather than 

treated as peripheral tools. In such institutions, the quality, timeliness, and availability of data 

directly determine the quality of the AI, and therefore the quality of the organisation's decisions 

and offerings. The data architecture that supplies these systems has consequently moved from 

a technical support function to a matter of strategic importance. 

The term data architecture refers to the overall structure of an organisation's data assets and the 

systems, processes, and policies that govern how data is collected, stored, transformed, served, 

and protected. For decades, enterprise data architecture was shaped by the needs of business 

intelligence: producing accurate reports, supporting compliance, and enabling structured 

analysis of historical events. The dominant designs—relational databases and data 

warehouses—were optimised for these purposes, with data cleaned and loaded in regular 

batches and organised around predefined schemas. These systems served their intended 

purpose well, but they were not designed for the demands that machine learning now places on 

data. 

1.2 Problem statement 

The central problem addressed by this paper is that conventional enterprise data architectures 

are poorly suited to the requirements of AI-first institutions, and this mismatch has become a 

significant barrier to scaling AI. Machine learning requires large volumes of diverse data, 

including unstructured data such as text, images, and sensor readings; it requires rapid and 

often real-time access to data; and, critically, it requires the ability to reproduce the exact data 

used to train a model so that results can be audited and models retrained reliably. Traditional 

architectures, built around batch loading of structured data into fixed schemas, cannot easily 

meet these needs. As a result, many organisations find that although they can build promising 
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AI prototypes, they cannot move them into reliable production use because the underlying data 

foundation does not support it. This gap between experimentation and production is widely 

recognised as one of the main reasons AI initiatives fail to deliver value. 

1.3 Research gap 

While there is extensive literature on individual components of AI infrastructure—such as 

feature stores, data pipelines, and machine-learning operations (MLOps)—and a growing body 

of work on data architecture paradigms such as data lakes and data meshes, there is relatively 

little consolidated guidance that brings these elements together into a coherent architectural 

model specifically designed for AI-first institutions. Much of the existing material is either 

highly technical and focused on single tools, or conceptual and focused on organisational 

principles, with few sources integrating the technical and organisational dimensions. This paper 

addresses that gap by synthesising both into a single reference model and set of design 

principles. 

1.4 Research questions and significance 

The study is guided by three questions: first, how do the data requirements of AI-first 

institutions differ from those of traditional reporting-oriented organisations; second, what 

components and layers constitute an enterprise data architecture capable of meeting those 

requirements; and third, what organisational and governance conditions are necessary for such 

an architecture to succeed. Answering these questions matters because the ability to deploy AI 

reliably and at scale increasingly determines organisational performance, and because poorly 

designed data foundations lead not only to wasted investment but to automated decisions built 

on flawed or unreliable data. The remainder of the paper sets out the study's objectives and 

scope, reviews the relevant literature, describes the methodology, presents the proposed 

reference architecture with embedded figure descriptions, discusses the implications and trade-

offs, and concludes with practical guidance and directions for future work. 

2. Objectives 

The primary objective of this study is to define the design principles and components of an 

enterprise data architecture suited to AI-first institutions. The supporting objectives are: to 

compare the data requirements of AI-first institutions with those of traditional data 

architectures; to propose a layered reference model that organisations can adapt to their own 

context; to clarify the role of governance and data-as-a-product thinking in supporting AI at 
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scale; and to identify the organisational and cultural conditions that influence whether such an 

architecture succeeds in practice. 

3. Scope of Study 

This study focuses on the architectural and organisational design of enterprise data systems 

that support artificial intelligence and machine learning. It covers the main architectural 

layers—ingestion, storage, feature processing, model serving, and governance—and the 

organisational conditions that enable them. It does not address the detailed design of specific 

machine-learning algorithms, the selection of particular vendor products, or the mathematical 

foundations of model training, which lie outside its concern. The study is conceptual and 

design-oriented rather than empirical; it synthesises existing knowledge and established 

practice to construct and justify a reference model, but it does not test that model through 

implementation in a specific institution. The guidance offered is intended to be adaptable across 

sectors and organisation sizes, though the paper notes throughout that the appropriate design 

depends on an institution's scale, sector, regulatory environment, and data maturity. 

4. Literature Review 

4.1 The evolution of enterprise data architecture 

Enterprise data architecture has evolved through several distinct stages, each responding to the 

limitations of its predecessor. The relational database, introduced in the 1970s, established the 

foundation for structured data management. The data warehouse, formalised by Inmon (2005) 

and refined by Kimball and Ross (2013), brought the ability to integrate structured data from 

multiple sources into a single consistent repository optimised for querying and reporting. 

Warehouses became the backbone of enterprise business intelligence, but they were expensive 

to scale and ill-suited to the unstructured and semi-structured data that organisations 

increasingly collected. 

The data lake emerged in the 2010s as a response to these limitations, offering low-cost storage 

for raw data of any format and enabling the large-scale analytics and machine learning 

associated with the big-data era (Khine & Wang, 2018). Lakes gave data scientists the 

flexibility to work with diverse data, but without strong governance many degenerated into 

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

(Nargesian et al., 2019). This problem led to the development of the "lakehouse," a hybrid 
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design that combines the low-cost flexibility of the lake with the structure, reliability, and 

transactional guarantees of the warehouse (Armbrust et al., 2021). The lakehouse has become 

a common foundation for AI-oriented architectures because it supports both raw and curated 

data within a single platform. 

4.2 The distinctive requirements of machine learning 

The rise of machine learning has introduced requirements that earlier architectures did not 

anticipate. In an influential analysis, Sculley et al. (2015) described the "hidden technical debt" 

in machine-learning systems, observing that only a small fraction of the effort in deploying AI 

lies in the modelling itself; the majority lies in data collection, feature engineering, 

configuration, dependency management, and monitoring. This insight reframed the challenge 

of AI as primarily a data and systems-engineering problem rather than an algorithmic one, and 

it motivated the development of specialised infrastructure. 

Two developments are particularly important. The first is the feature store, a centralised system 

for defining, computing, storing, and serving the engineered variables ("features") that models 

consume. Feature stores address a critical requirement of machine learning—reproducibility—

by ensuring that the same feature definitions are applied consistently during both training and 

prediction, preventing the subtle discrepancies known as training-serving skew. The second is 

the set of practices known as MLOps, which apply the discipline of software engineering and 

operations to the machine-learning lifecycle, bringing version control, automated testing, 

continuous deployment, and monitoring to models and the data they depend on (Kreuzberger 

et al., 2023). Together, these developments reflect a recognition that AI requires not just storage 

and compute but a managed, reproducible lifecycle. 

4.3 Organisational and governance perspectives 

A further strand of literature emphasises that the challenges of AI-first architecture are as much 

organisational as technical. The data mesh concept, articulated by Dehghani (2022), argues that 

in large enterprises the bottleneck is not storage technology but the centralised data team 

responsible for serving the entire organisation, which cannot keep pace with the diverse needs 

of many domains. The mesh proposes decentralising data ownership to domain teams while 

maintaining shared standards through federated governance, and treating data as a product with 

clear ownership and quality guarantees. Other work stresses the importance of data quality and 

lineage, noting that AI amplifies the consequences of poor data because errors and biases 

propagate directly into automated decisions (Gudivada et al., 2017). Across this literature a 
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consistent theme emerges: supporting AI at scale depends on treating data as a governed, 

reusable product with clear ownership, rather than as an incidental by-product of operations. 

However, few sources integrate these organisational principles with the technical components 

into a single coherent architecture, which is the contribution this paper seeks to make. 

5. Research Methodology 

5.1 Research approach and design 

This study uses a qualitative, design-oriented methodology appropriate to architectural 

research, where the objective is to produce a well-reasoned and justified design rather than to 

test a hypothesis through statistical analysis. Rather than collecting new empirical data, the 

study synthesises existing knowledge from scholarship and documented practice to construct a 

reference model. This "design-and-evaluate" approach is widely used in information-systems 

and software-architecture research, where proposed designs are developed from established 

principles and then assessed conceptually against known requirements. 

5.2 Data sources and selection 

The study draws on two main sources of evidence. The first is a structured review of the 

academic and technical literature on data architecture, machine-learning infrastructure, and 

data governance, covering peer-reviewed articles, foundational texts, and technical reports 

published between 2005 and 2023. Sources were identified through academic databases and 

reputable technical repositories and were selected for their direct relevance to AI workloads, 

data architecture, and governance. The second source is an analysis of the published reference 

architectures of major cloud and technology providers, which document widely adopted 

patterns and components. Examining these practitioner architectures alongside the scholarly 

literature ensures that the resulting model reflects both theoretical understanding and real-world 

practice. 

5.3 Analytical procedure 

The analysis proceeded in three stages. First, the literature and reference architectures were 

reviewed to identify the recurring components and requirements of AI-oriented data systems. 

Second, these components were grouped thematically into architectural layers, each 

corresponding to a distinct function in the flow of data from source to deployed model. Third, 

the resulting layered model was evaluated conceptually against the four defining requirements 

of AI workloads identified in the review—scale, timeliness, reproducibility, and governance—
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to confirm that each layer addresses a genuine need and that the model as a whole is coherent 

and complete. 

5.4 Limitations of the methodology 

Because the study is conceptual rather than empirical, the proposed reference model is justified 

by reasoning and established practice rather than validated through implementation and 

measurement in a specific institution. This is an appropriate and common approach for 

architectural research, but it means that the conclusions are analytical rather than experimental. 

Empirical validation—measuring outcomes such as time-to-deployment, model reliability, and 

governance incidents in institutions that adopt the model—would be a valuable direction for 

future work and is noted as such in the discussion. 

6. Findings and the Proposed Reference Architecture 

6.1 Overview of the five-layer model 

The analysis identifies five layers that together constitute an enterprise data architecture suited 

to AI-first institutions: ingestion, storage, feature processing, model serving, and a cross-

cutting governance layer. The first four layers describe the vertical flow of data from raw 

sources to deployed models, while the fifth spans all of them to ensure quality, control, and 

accountability throughout. 
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Figure 1. Five-layer reference architecture for AI-first institutions. 

6.2 The ingestion layer 

The ingestion layer is responsible for collecting data from the institution's many sources and 

bringing it into the architecture. In contrast to traditional architectures, which typically rely on 

scheduled batch loading, the ingestion layer of an AI-first architecture must support both batch 

and streaming ingestion. Batch ingestion remains appropriate for large, periodic data transfers, 

but many AI applications—fraud detection, recommendation, dynamic pricing—depend on 

acting upon fresh data within seconds or minutes, which requires streaming ingestion. 
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Designing this layer to handle both modes is one of the first distinguishing features of an AI-

ready architecture, and it directly addresses the requirement of timeliness. 

6.3 The storage layer 

The storage layer holds the institution's data in a form that balances cost, flexibility, and 

reliability. The analysis finds that the lakehouse pattern is well suited to AI-first institutions 

because it allows raw and unstructured data to be stored cheaply in a data lake while still 

providing structured, reliable, queryable tables for curated datasets. This combination is 

important because machine learning often requires access to raw data for exploration and 

feature engineering, as well as to clean, governed datasets for reliable training and auditing. 

The storage layer therefore addresses the requirement of scale, enabling the institution to retain 

large volumes of diverse data without prohibitive cost. 

6.4 The processing and feature layer 

The processing and feature layer is where raw data is transformed into the features that models 

consume, and it is the layer most distinctive to AI-first architecture. At its centre is the feature 

store, which allows features to be defined once and reused across many models and teams, and 

which ensures that the same transformations are applied during both training and prediction. 

This directly addresses the requirement of reproducibility, which is essential both for reliable 

model performance and for auditability. By centralising feature definitions, this layer also 

reduces duplication and inconsistency, which are common sources of error and inefficiency in 

large organisations. 

Figure 2. From raw data to deployed model — the data lifecycle with governance 

checkpoints. 



Journal of Computational Analysis and Applications                                                                          VOL. 32, NO. 1, 2024 
   

                                                                                                                       10.48047/jocaaa.2024.32.01.105 

                                                                                             1567    Srinivasa Kalyan Vangibhurathachhi et al 1558-1573 

6.5 The model serving layer 

The model serving layer supplies data to models running in production and manages their 

deployment, monitoring, and retraining. This layer embodies MLOps practices, treating models 

as managed assets with version control, automated testing, and continuous monitoring of 

performance. It ensures that models can be updated reliably as data changes and that 

degradation in performance—whether from data drift or changing conditions—is detected and 

addressed. By managing the full lifecycle of models in production, this layer connects the data 

architecture to the institution's operational decisions and products, closing the loop between 

data and action. 

6.6 The governance layer 

The governance layer spans all the others and, the analysis finds, is the most decisive element 

of an AI-first architecture. It manages data quality, lineage, access control, privacy, and 

documentation. In an AI-first institution, governance cannot be an afterthought because any 

errors, gaps, or biases in the data propagate directly into automated decisions that may affect 

large numbers of people. Strong governance ensures that data is trustworthy, that its origins 

and transformations can be traced, that access is appropriately controlled, and that the 

institution can explain and audit how its AI systems reach their conclusions—an increasingly 

important requirement in regulated sectors. The governance layer is therefore what 

distinguishes an architecture that is merely fast from one that is both fast and reliable. 

6.7 The central finding: data as a product 

A central finding of the analysis is that AI-first architecture requires a fundamental 

reorientation of the institution's relationship with data. Rather than storing data as a static record 

of past events, institutions must treat it as a continuously flowing, reusable product. This shift 

requires not only the technical components described above but also clear ownership, defined 

quality standards, and a culture in which teams are accountable for the data they produce and 

share. The analysis suggests that institutions that adopt this data-as-a-product mindset, 

supported by strong governance, move from experiment to reliable production far more quickly 

and with fewer failures than those that focus only on acquiring tools and storage. 
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Figure 3. Traditional architecture versus AI-first architecture. 

7. Discussion 

7.1 Interpretation of the findings 

The proposed reference model demonstrates that designing for AI is not simply a matter of 

adding more storage or compute to an existing architecture. The distinguishing features of AI-

first architecture are reproducibility, timeliness, and reuse, each addressed by specific layers of 

the model. Reproducibility, enabled by the feature store and by lineage tracking in the 

governance layer, ensures that models can be trained, audited, and retrained reliably. 

Timeliness, enabled by streaming ingestion, allows AI to act on current rather than historical 

data. Reuse, enabled by treating data as a product with clear ownership, prevents the 

duplication and inconsistency that slow large organisations and undermine trust in their data. 

7.2 Theoretical and practical implications 

These findings reinforce and extend the view in the literature that the hardest problems in AI 

are data-related and organisational rather than algorithmic (Sculley et al., 2015). The 

governance layer emerges as particularly decisive: without it, faster pipelines simply deliver 

unreliable data more quickly, and automated decisions inherit hidden errors and biases. This 

has significant practical implications, especially for institutions in regulated sectors such as 

finance and healthcare, where the ability to explain and audit data flows and model decisions 
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is not optional but a legal and ethical requirement. For such institutions, investing in 

governance and lineage is not a cost to be minimised but a prerequisite for deploying AI at all. 

7.3 Trade-offs and contextual factors 

The analysis also highlights important trade-offs. Decentralising data ownership, as advocated 

by the data-mesh literature, improves scalability and domain relevance but can fragment 

standards if shared governance is weak. Real-time streaming pipelines add complexity and cost 

that not every application justifies; many use cases are served perfectly well by batch 

processing. The right architecture therefore depends on the institution's scale, sector, and 

maturity, and the reference model should be adapted rather than copied wholesale. A small 

organisation may implement a simplified version with a single team and modest streaming 

capability, while a large, complex institution may require full decentralisation and extensive 

governance automation. The model is intended as a structured starting point for these decisions, 

not a prescription. 

7.4 Limitations and future research 

The principal limitation of this study is that the reference model is evaluated conceptually 

rather than through implementation and measurement. While it is grounded in established 

scholarship and documented practice, its benefits have not been quantified in a specific 

institutional setting. Future research should test the model empirically, measuring outcomes 

such as time-to-deployment, model reliability, the frequency of data-quality incidents, and the 

auditability of decisions in institutions that adopt it. Comparative case studies across sectors 

would also help clarify how the model should be adapted to different regulatory and 

organisational contexts, and longitudinal studies could examine how AI-first architectures 

evolve as institutions mature. 

8. Conclusion 

AI-first institutions depend on an enterprise data architecture designed for machine learning 

from the outset rather than adapted from systems built for reporting. This paper has argued that 

such an architecture consists of five layers—ingestion, storage, feature processing, model 

serving, and a cross-cutting governance layer—and that its defining qualities are 

reproducibility, timeliness, and reuse. Above all, it has shown that the decisive shift is 

conceptual as well as technical: data must be treated as a governed, reusable product rather 

than a static record, supported by clear ownership, quality standards, and an organisational 
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culture that values data. Technology alone is insufficient. Institutions that align their 

architecture with strong governance and data-as-a-product thinking position themselves to 

deploy AI reliably and at scale, shortening the path from raw data to deployed model. Those 

that invest only in storage and tools while neglecting governance risk building systems that are 

fast but fragile, delivering unreliable data and flawed automated decisions more quickly. The 

reference model and design principles offered here provide a practical foundation that 

institutions can adapt to their own scale, sector, and maturity as they build the data foundations 

for an AI-first future. 
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