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Abstract

Background: The rapid growth of clinical data, driven by digital technologies and high-resolution sensors, presents significant
challenges for healthcare organisations aiming to support advanced Al research and improve patient care. Traditional data

management approaches may struggle to handle the large, diverse and rapidly updating datasets prevalent in modern clinical
environments.

Objective: This study compares three clinical data management architectures - clinical data warehouses (cDWH), clinical data
lakes (cDL) and clinical data lakehouses (cDLH) - by analysing their performance using the FAIR principles and the Big Data 5
Vs (Volume, Variety, Velocity, Veracity, Value). Theaim is to provide guidance on selecting an architecture that balances robust
data governance with the flexibility required for advanced analytics.

Methods: We developed a comprehensive analysis framework that integrates aspects of data governance with technical
performance criteria. A rapid literature review was conducted to synthesise evidence from multiple studies, focusing on how
each architecture manages large, heterogeneous and dynamically updating clinical data. The review assessed key dimensions
such as scaahility, real-time processing capabilities, metadata consistency, and the technical expertise required for
implementation and maintenance.

Results: The results show that cDWHSs offer strong data governance, stability and structured reporting, making them well suited
for environments that require strict compliance and reliable analysis. However, they are limited in terms of real-time processing
and scalability. In contrast, cDLs offer greater flexibility and cost-effective scalability for managing heterogeneous data types,
although they may suffer from inconsistent metadata management and challenges in maintaining data quality. cDLHs combine
the strengths of both approaches by supporting real-time data ingestion and structured querying; however, their hybrid nature
requires high technical expertise and involves complex integration efforts.

Conclusions: The optimal data management architecture for clinical applications depends on an organisation's specific needs,
available resources, and strategic goals. Healthcare institutions need to weigh the trade-offs between robust data governance,
operational flexibility and scalability to build future-proof infrastructures that support both clinical operations and Al research.
Further research should focus on simplifying the complexity of hybrid models and improving the integration of clinical standards
to improve overall system reliability and ease of implementation.
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Enhancing Clinical Data Infrastructure for Al Research: A
Comparative Evaluation of Data Management Architectures

Abstract

Background: The rapid growth of clinical data, driven by digital technologies and high-resolution
sensors, presents significant challenges for healthcare organisations aiming to support advanced Al
research and improve patient care. Traditional data management approaches may struggle to handle
the large, diverse and rapidly updating datasets prevalent in modern clinical environments.
Objective: This study compares three clinical data management architectures - clinical data
warehouses (cDWH), clinical data lakes (cDL) and clinical data lakehouses (cDLH) - by analysing
their performance using the FAIR principles and the Big Data 5 Vs (Volume, Variety, Velocity,
Veracity, Value). The aim is to provide guidance on selecting an architecture that balances robust data
governance with the flexibility required for advanced analytics.

Methods: We developed a comprehensive analysis framework that integrates aspects of data
governance with technical performance criteria. A rapid literature review was conducted to
synthesise evidence from multiple studies, focusing on how each architecture manages large,
heterogeneous and dynamically updating clinical data. The review assessed key dimensions such as
scalability, real-time processing capabilities, metadata consistency, and the technical expertise
required for implementation and maintenance.

Results: The results show that cDWHs offer strong data governance, stability and structured
reporting, making them well suited for environments that require strict compliance and reliable
analysis. However, they are limited in terms of real-time processing and scalability. In contrast, cDLs
offer greater flexibility and cost-effective scalability for managing heterogeneous data types,
although they may suffer from inconsistent metadata management and challenges in maintaining data
quality. cDLHs combine the strengths of both approaches by supporting real-time data ingestion and
structured querying; however, their hybrid nature requires high technical expertise and involves
complex integration efforts.

Conclusions: The optimal data management architecture for clinical applications depends on an
organisation's specific needs, available resources, and strategic goals. Healthcare institutions need to
weigh the trade-offs between robust data governance, operational flexibility and scalability to build
future-proof infrastructures that support both clinical operations and Al research. Further research
should focus on simplifying the complexity of hybrid models and improving the integration of
clinical standards to improve overall system reliability and ease of implementation.

Keywords: Clinical Data Management; Big Data in Healthcare; Data Architecture Evaluation; Data
Warehouse; Data Lake; Data Lakehouse

Introduction

As digital technology advances, the healthcare sector is experiencing a considerable increase in data
volume. Forecasts predict an average annual increase in the volume of data generated worldwide of
approximately 24.37%, a trend that underscores the significance of data management of big data in
the medical field [1]. The integration of modern sensors and wearables, the adoption of electronic
health records, and advancements in medical imaging and genome sequencing have led to an
increase in both semi-structured and unstructured data [2,3]. The adoption of HL7 Fast Healthcare
Interoperability Resources (FHIR) as an international standard relying on semi-structured data
formats, and its adoption by the European Union for cross-border healthcare, has changed the digital
landscape by making it easier to integrate and exchange these complex datasets [4]. In order to
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achieve a sustainable and transparent secondary use of data, it is crucial that data governance and
management practices address organisational requirements, ensuring data is securely available,
traceable, and managed in compliance with established standards for data exchange and security.

The availability of large and well-prepared datasets is a key factor in the development of modern Al
applications, such as predictive analytics and personalised medicine. These algorithms are able to
learn patterns and insights more accurately when they have access to clean and consistent data [5]. In
practice, this requires healthcare organisations to implement comprehensive data collection,
integration, and quality control processes to ensure that the final datasets accurately reflect the truth
from the complex clinical environment. Underscoring the importance of reliable, standardised data
for training robust machine learning models and facilitating real-time clinical decision support, the
selection of data architecture has a direct impact on the ability to apply Al systems and their
subsequent performance.

Looking at the current state of data architectures in the clinical application highlights the legacy of
clinical data warehouses (cDWHs), a data architecture that has been established for decades [6]. As
central hubs, they have been used to bring together data from various sources, optimise data
processing by ensuring interoperability standards and protect patient data. Historically, using
cDWHs, data has been organized in table structures. This helps create one reliable source of truth for
all data storage systems. To understand the resulting challenges from this state of the art, some key
information about DWHs need to be considered. In DWHs, transactions follow ACID properties
(atomicity, consistency, isolation, durability). Atomicity means transactions are all-or-nothing,
consistency ensures data remains the same before and after transactions, isolation means transactions
do not affect each other and durability ensures that once a transaction is completed, it stays saved. If
there is a failure or a change in the data structure, the existing data is not affected. Also, changes are
not made automatically. These properties make sure the data is valid and reflect the high priority of
data validity in healthcare.

However, cDWHs now face growing challenges. The rapid increase in data volume from diverse
sources, such as imaging, sensor data, and genomics, makes it difficult to maintain the traditional
fixed schema approach [7]. In addition, Al-driven workflows require not only large and varied
datasets but also near real-time data processing to handle streaming information and provide timely
insights [8]. If data arrives in formats with inconsistent structures or with missing values, it can
reduce the accuracy and reliability of AI outputs. This situation has led to a new set of technical
demands on data management, including more flexible storage, advanced data governance strategies,
and scalable infrastructure for large-scale analytics [9].

To meet these increasing requirements, more recent concepts of data lakes and data lakehouses have
been adapted to the clinical context, resulting in clinical data lakes (cDLs) and clinical data
lakehouses (cDLHs).

A cDL is an architectural approach that enables the storage of large amounts of raw data in its
original format, including structured, semi-structured and unstructured data [10]. This is in contrast
to traditional cDWHs, which store data in a highly structured, organized way. cDLs are designed to
provide high scalability and flexibility in data storage, allowing organisations to store data without
the need for a defined schema first.

The cDLH is a new, more complex hybrid approach that combines the scalable storage options of a
cDL with the structured queries and performance optimisations of a cDWH [11]. This architecture
aims to overcome the limitations of the two previous models by providing a platform on which raw
data can be stored cost-effectively and processed in structured formats as required by applying open
data formats and ACID-transactions as well as comprehensive data management techniques.
However, this architecture is still relatively new and designed primarily for cloud-based
infrastructures, which may not align with the strict on-premise requirements of many European
healthcare institutions.

This paper aims to analyse and compare the data management architectures cOWH, cDL and cDLH.
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We focus on aspects such as data variety, real-time analytics, governance, and regulatory
requirements that are necessary for reliable and Al-enabling healthcare. By evaluating clinical data
architectures against established technical and data governance requirements - guided by the FAIR
Principles and the 5 V's of big data — we provide in-depth insights into their efficiency and usability
for clinical research data management. Our goal is to develop practical guidance for healthcare
institutions of different aims and sizes, offering support in choosing a future-oriented data
architecture that improves both medical research and patient care.

In the following sections, we describe our methodology, present the comparative results, discuss the
implications of our findings, and conclude with recommendations.

Methods

To perform a systematic analysis and comparison of data management architectures designed to
manage clinical data, we applied a comprehensive methodological framework that integrates the 5
V's of Big Data with the FAIR Principles. The resulting requirements are specifically tailored to the
needs of big data research in healthcare to enable the comparison of the data architectures.

Step 1: Defining Analysis Criteria

In order to enable a comprehensive comparison of the architectures for clinical data management, we
decided to analyse two different types of requirements. On the one hand, we aim to analyse aspects
that relate to the more fundamental handling and management of the data itself and can be
summarised under the term data governance. The FAIR Principles are a suitable framework for this,
which has been established in recent years [12,13]. On the other hand, we aim to cover technical
requirements, e.g. the handling of large amounts of data or the speed of data updates. These are
considered by deriving analysis criteria from the 5 Vs of Big Data. We then adapted both frameworks
to the clinical context and specified their general definitions to highlight healthcare characteristics,
e.g. interoperability standards in healthcare and typical complexity of clinical data. Moreover, we
emphasise certain aspects that are directly relevant to Al applications, such as data quality and real-
time processing. This underlines the importance of having a data architecture that can support
advanced Al methods.

Step 2: Conducting a Rapid Literature Review

Based on the requirements defined in section 2.1, a rapid literature review was conducted in relevant
databases on the PubMed, Scopus, ACM Digital Library and Web of Science databases.

We focused on literature that addressed the relationship of data architectures to the FAIR Principles
or to at least three of the five Vs of Big Data (Volume, Velocity, Variety, Veracity, Value).

We applied inclusion and exclusion criteria as provided in Textbox 1.

Textbox 1. Inclusion and exclusion criteria for the rapid review.
Included if a paper:
e discussed at least one of the data architectures (cDWH, cDL, or cDLH).
e addressed the FAIR Principles (Findable, Accessible, Interoperable, Reusable)
or covered at least three of the 5 Vs of Big Data in a meaningful way.
o connected these frameworks (FAIR and/or 5 Vs) with the chosen data

architecture.
e focused on clinical, healthcare or biomedical contexts.
Excluded if a paper:

e was not available to us as a full text.
e was not written in English.
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Following a PRISMA-like workflow, all records from the four databases were assembled using the
combined search string, as provided in Textbox 2.

Textbox 2. Search string for the literature search.

(""clinical” OR "medical" OR "healthcare" OR "biomedical") AND ("lakehouse" OR "data lake" OR
"data warehouse") AND ("FAIR Principles” OR ("findable" AND "accessible" AND "interoperable"
AND'"reusable") OR "5V" OR (("volume" AND "velocity" AND "variety") OR ("volume" AND "velocity"
AND "veracity") OR ("volume" AND "velocity" AND "value") OR ("volume" AND 'variety" AND
"veracity") OR ("volume" AND "variety" AND "value") OR ("volume" AND "veracity" AND 'value")
OR ("velocity" AND 'variety" AND 'veracity") OR ("velocity" AND '"variety" AND 'value") OR
("velocity" AND "veracity" AND "value") OR ("variety" AND "veracity" AND "value")))

Next, duplicate records were removed, followed by a title and abstract screening to quickly exclude
papers that were clearly out of scope. Finally, a full-text review of the remaining papers was
performed to determine whether they met all inclusion criteria. During this process, one person
screened the titles, abstracts and full-paper.

Then, a detailed review of these studies and documentation of their key characteristics were carried
out, resulting in a comparison table.

In the discussion, we append with step 3:

Step 3: Developing Recommendations for Healthcare Data Management

Based on the results of the literature review and supplemented with secondary literature, we
developed a set of recommendations. Given that Al applications rely heavily on the underlying data
infrastructure, it is essential that the recommendations also ensure that data is optimised for advanced
Al analytics. These recommendations are aimed at healthcare executives and technical experts
involved in the evaluation, selection and implementation of data management solutions. In addition,
we considered the implications of each data architecture for Al applications. For example, the ability
to support real-time data streaming, high-quality structured data and flexible schema management
are key for Al-driven tasks such as clustering, classification, and predictive analytics. Detailed
considerations on these recommendations will be presented in the Discussion section.

Therefore, in this paper, we present the complete process from requirements through comparison of
variants to use-case specific recommendations for clinical data architectures.

Results

To arrive at our findings, we first present a set of comprehensive requirements derived from existing
frameworks. Given the increasing role of Al in healthcare, these requirements are critical as they
support the data quality and structure that Al systems demand. These requirements serve as the basis
for our following analysis of clinical data architectures.

Defining Analysis Criteria

The FAIR Principles set out the most important governance requirements for data management.
Specified for (clinical) data architectures, these aspects ensure that the data is [14]:

e Findable: Data must be identified by unique and persistent identifiers [14] (e.g., GUIDs). It

should be indexed or catalogued so both humans and machines can locate relevant datasets

easily. Descriptive metadata must be consistently provided [14]. While “Findable” might
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intersect with “Interoperable” in terms of using common standards, its main emphasis is on
how easily data can be located rather than how data integrates with other systems. In a
clinical context, patient data often resides in multiple departments (e.g. the main clinical
information system or specialised systems for laboratory results, imaging data). Unique
identifiers, such as the patient IDs, medical case IDs and lab result ids as well as well-
structured metadata enable clinicians or researchers to quickly find and retrieve the needed
information [13].

Accessible: Data should be retrievable via standard communication protocols and appropriate
authentication or authorization methods [14]. Even if the data itself becomes unavailable
over time, associated metadata should remain accessible [14]. “Accessible” emphasizes
secure retrieval under clearly defined rules [14]. This differs from “Findable” (which focuses
on locating data) and from “Interoperable” (which focuses on format and standardisation). In
a clinical context, a clinician who e.g. needs a patient’s MRI scans from the radiology archive
must be able to securely access the images through hospital-approved protocols (e.g.,
DICOM servers, controlled hospital networks [12]). This ensures that sensitive data is
protected yet still available to authorized personnel.

Interoperable: Data is stored in commonly applicable, machine-readable formats, using
standardized vocabularies (e.g., SNOMED CT, LOINC) to maintain semantic consistency. It
should link to related datasets and metadata, enabling systems to exchange and understand
the information [14]. “Interoperable” focuses on seamless data exchange and shared
definitions. It does not overlap with “Accessible,” which deals with how authorized users
obtain data, or “Reusable,” which deals with how data can be used repeatedly. In a clinical
context, when patient data is transferred between hospitals or systems, interoperability
ensures that e.g. terms like “blood pressure” or “fever” are interpreted identically. Thus, a
cardiology department in Hospital A can share vital signs data with Hospital B’s critical care
unit without losing meaning, thanks to standardized formats like HL7 FHIR [12].

Reusable: Data must have detailed domain-specific metadata and clear usage licenses or
conditions so that it can be effortlessly repurposed for new studies or applications [14].
“Reusable” highlights the potential for data to be employed in future projects. This does not
repeat “Findable” or “Interoperable,” as it deals with the conditions enabling repeated use
rather than how data is discovered or shared. In a clinical context, e.g. a research group
conducting a clinical trial on diabetes may decide to use past laboratory measurements (e.g.,
glucose levels) if these values are documented in a standardised format. Clearly stated
permissions and provenance records allow them to reuse the data responsibly, improving
reproducibility and speeding up new investigations [13].

While the FAIR Principles address data management and governance aspects, ensuring that data can
be effectively found, retrieved, combined and reused, the area of big data also presents significant
technical challenges. These challenges are captured by the 5 V's of Big Data - Volume, Velocity,
Variety, Veracity and Value - which serve as essential characteristics and requirements for modern
data management systems:

Volume addresses the challenge of storing, processing and managing large data sets from
sources [15,16] like electronic health records, whole-genome sequencing, and high-
resolution imaging. It includes handling structured clinical data and the costs of scaling
storage and processing capabilities. This ensures data integrity and accessibility without
sacrificing security. “Volume” purely addresses the size and storage challenges. It does not
address different data formats (which are the focus of “Variety™), or data flow speed (which is
the focus of “Velocity”).

Variety refers to the management of different types of medical data [15]. This includes
structured data from electronic medical records and laboratory results, semi-structured data
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such as HL7 v2 messages or FHIR resources and unstructured data such as clinical notes,
waveforms and radiology images. This ensures a comprehensive view of patient information.
“Variety” is about handling different types of data. It does not address data quality (focus of
“Veracity”), or the usefulness of data insights generated from this comprehensive view of the
patient (evaluated by “Value”). While “Interoperable” focusses on exchanging the same data
between systems, “Variety” addresses the combination of different kinds of data in one
system.

» Velocity includes the ability to both efficiently batch process large volumes of mass data and
handle speed-critical data updates in near real-time via streaming [15,16]. This duality
supports time-critical medical decisions by providing up-to-date patient data and enables the
rapid integration of new data sources to ensure data relevance and currency [16]. Velocity”
centers on the timeliness of data processing, independent of the amount (“Volume™) or kind
(“Variety”) of data.

» Veracity highlights the critical importance of data quality and integrity, including traceability
and comprehensive data management to ensure data accuracy and reliability [15]. This
includes the development of a semantic understanding that allows the meaning and context of
data to be captured and interpreted, which is essential for making accurate clinical decisions
and maintaining patient safety [16,17]. “Veracity” emphasizes trustworthiness and data
quality. This differs from “Interoperable” in the FAIR Principles, even though interoperability
supports better veracity of data by reducing sources of error through common standards.

e Value measures the ability to query and analyse data to generate insights for research and
patient care [18]. This includes support for analytics tools such as business intelligence (BI),
big data exploration, machine learning (ML) and AI, which are essential for extracting
insights from complex data sets [18]. It also considers the complexity in maintenance,
handling and management of data management tools and infrastructures to not only maximize
the immediate value but also ensure the long-term sustainability and adaptability of data
management solutions. “Value” focuses on the eventual benefits of data usage. However,
medical research has high demands on “Veracity” of data as a prerequisite to create “Value”
from it. Furthermore, bringing different data sources with high “Variety” together is often a
key element of success in clinical research. Therefore, clinical “Value” will often benefit from
high performance in these two Vs. Also, while the FAIR framework does not address the
“Value” created by data, it aims to provide the data governance necessary to create “Value”
from data in a sustainable way by “Reuse”.

Taken together, the FAIR Principles and the five V’s establish a robust set of both governance and
technical requirements against which clinical data architectures can be systematically assessed.

Conducting a Rapid Literature Review

Searching for data architectures combined with the FAIR principles or the 5Vs, a total of 43 records
were identified from the combined databases. After the removal of seven duplicates, the titles and
abstracts of 36 papers were screened, leading to the exclusion of 22 that did not meet the inclusion
criteria. Then, a full-text review was conducted on the remaining 14 papers, resulting in the
exclusion of another five papers. These exclusions were primarily due to a lack of clear descriptions
of data architecture or insufficient consideration of the FAIR Principles or the 5 Vs of Big Data. The
final result set contained nine papers. This workflow is illustrated in figure 1.

As a result of the rapid literature review, the following characteristics of the data management
architectures cDWHSs, cDLs and cDLHs are shown in Table 1.

Table 1. Comparison of the data management architectures using the 5 V’s of Big Data [7,19-26].
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Although certain criteria overlap, this evaluation differentiates between governance and metadata
management (FAIR) and technical performance metrics (5V's). This means, a quality control system
that includes automated validation and detailed provenance tracking can be listed under 'Veracity' to
show trustworthiness and consistent schema enforcement. It can also be listed under 'Reusability’ to
show its capacity to support repeated use of the data.
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Requirement

cDWH [7,19,21-23,25,26]

cDL [19,21,24-26]

c¢DLH [20,25]

Findable

Pros: Centralised metadata with unique
persistent IDs, standardised schemas,
integrated catalogues, detailed data
lineage

Pros:  Flexible schema-on-read enables
dynamic cataloguing, supports diverse data
formats

Pros: Hybrid metadata management
combines  centralised and federated
approaches, global unique identifiers,
standardised API interfaces enhance
integration,  supports  structured  and
unstructured data

Cons: Fixed structure limits adaptation to
heterogeneous data, high maintenance
effort, scalability challenges

Cons: Decentralised metadata can lead to
inconsistencies, missing fixed data schema
complicates cross-system retrieval, requires
continuous harmonisation

Cons: Cons: High initial financial and
resource investment (including hardware
acquisition, infrastructure setup, and
extensive personnel training), coupled with
complex inter-organisational coordination

Accessible

Pros: Centralised repository, standardized
SQL  access, robust authorization
controls, high data availability, user-
friendly interfaces

Pros: Flexible REST API access, support for
HL7 and FHIR data feeds, diverse access
methods, versioned data access

Pros: Open and standardized APIs and
interfaces (REST, SQL), scalability through
distributed services, high availability,
seamless integration of structured and
unstructured data

Cons: Limited flexibility for external
access, expensive scaling for very large
volumes

Cons: Variable performance under heavy loads,
requires advanced technical skills, complex
protocol management

Cons: Complex initial setup for multi-
layered data access, requiring advanced
technical expertise in configuring distributed
systems, securing diverse interfaces (e.g.
REST, SQL), and integrating heterogeneous
APIs

Interoperable

Pros: Standardized SQL-based data
models, centralized ETL ensuring
traceable data
harmonization, comprehensive metadata
management

Pros: Supports semantic focus on data
governance through metadata, flexible
integration with external systems, flexible
schema-on-read

Pros: Unified architecture leveraging shared
services, controlled vocabularies with
standardized API frameworks, hybrid real-
time and batch processing, integrated
metadata frameworks

Cons: Rigid, batch-oriented schema
limits rapid updates, high curation and
maintenance effort

Cons:  Decentralized structure complicates
harmonization, continuous integration
demands, potential lack of ACID consistency

Cons: Significant initial integration and
governance effort, coordination challenges
across federated systems

Reusable
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Pros: Structured data model, detailed | Pros: Flexible schema-on-read, accommodates | Pros: Combines structured reliability with
provenance, comprehensive metadata, | diverse data types, supports curated data marts, | flexible data handling, semantic enrichment,
robust quality controls, strong | enables versioning integrated metadata and versioning
compliance
Cons: Fixed schemas limit adaptability | Cons: Inconsistent metadata, variable data | Cons: Integration and maintenance require
and exploration of new research | quality significant resources
questions

Volume
Pros: Optimised for large volumes of | Pros: Highly scalable distributed storage is cost | Pros: distributed software architecture
structured data with efficient indexing | effective for very large (petabyte-scale) raw | supports dynamic scaling, balanced support
and query performance data for structured and unstructured data with

large volumes

Cons: Requires expensive vertical Cons: Complex resource management and
scaling, relies on batch processing integration required
causing performance peaks

Variety
Pros: Defined schemas maintain | Pros: Schema-on-read easily integrates | Pros: supports diverse data types and
consistent quality for homogeneous data | structured, semi-structured and unstructured | evolving standards, supports multiple data
types from multiple data sources data, highly scalable for diverse formats models
Cons: Inflexible when facing rapidly | Cons: Requires robust ontology mapping to | Cons: Demands ongoing monitoring,
changing or unstructured formats, | maintain semantic consistency requires strong governance to manage new
integration of heterogeneous data types formats effectively
requires specialized solutions or blobs

Velocity
Pros: Established batch processing, | Pros: Near real-time ingestion, rapid | Pros: Integrates real-time and batch
consistent scheduled updates, ideal for | processing enabling timely analytics, support | processing using advanced frameworks
retrospective analysis for continuous data streams (e.g., Delta Lake), achieves low-latency

pipelines

Cons: Limited real-time capabilities, | Cons: = Complex resource optimisation, | Cons: Challenging configuration and scaling
higher latency when current data is | increased integration and harmonisation
needed, scalability challenges demands
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Veracity

Pros: Strong data quality management,
harmonised data and clear lineage build
trust

Pros: Retains original integrity of data,
versioning supports traceability

ACID transactions, enforced schemas and
advanced version management ensure high
data integrity and real-time validation

Cons: Complex handling of unstructured
data, basic versioning and error
correction restrict comprehensive quality
assurance

Cons: Complex harmonisation of
heterogeneous data and limited lineage
tracking can challenge consistency

Cons: Demands higher technical and
governance efforts to maintain quality

Value

Pros: Centralised integration produces
reliable research utilities, analytics and
reporting

Pros: Enables flexible data exploration with
real-time insights, supports diverse data types
and exploratory research

Pros: Combines reliability of traditional
warehousing with innovative data handling,
high data quality, interoperability and
scalability add overall value

Cons: High  implementation and
maintenance costs, limited flexibility
may restrict secondary use

Cons: Continuous management required to
ensure long-term value

Cons: Specialist expertise and significant
integration efforts needed for effective
management
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These results show that choosing the right data architecture for clinical research and
healthcare depends on an institution’s needs, resources, and goals. Our literature review
shows that each clinical data architecture has different requirements in terms of
implementation effort, maintenance, technical expertise and coordination. The analysis
shows that the complexity increases progressively from cDWH to clinical cDL and cDLH
[25,27-29]. The following discussion examines the complexity associated with each data
architecture and outlines the most appropriate use cases.

Discussion
Complexity

To verify and deepen these findings, we have supplemented our study with secondary
literature. In the following sections, we explore four key aspects of complexity that are
critical for healthcare organisations when selecting and implementing a data architecture:
implementation effort, maintenance and scalability, required technical expertise, and
coordination.

Implementation Effort

The implementation effort differs notably between the three architectures.

e DWHs require detailed data models, extensive ETL processes and a stable
database system[7,30]. This usually requires a fixed project plan with defined
phases for schema design, ETL development, testing and go-live [22,30].
Although the initial effort is high, the resulting structure is clear and stable for
consistent data management.

* ¢DLs benefit from a schema-on-read approach, which reduces the need for rigid
upfront data modelling. However, continuous maintenance and data
harmonisation demand a high level of expertise [31]. Additionally, an
infrastructure for big data technologies-such as Hadoop and cloud object storage-
must be established. This requires experts who can set up and manage distributed
systems [27,29,31]. The inclusion of streaming frameworks like Kafka or Flume
further increases the complexity [32]. In summary, the absence of a unified data
model may be advantageous initially but leads to significantly more complex
metadata management over time.

e ¢DLH’s hybrid nature combines elements from both cDWHs and cDLs. In
addition to schema-on-read functionalities, cDLs require schema-on-write
techniques and ACID transactions [27,32]. This dual requirement calls for the
orchestration of complex ETL/ELT pipelines, robust security concepts and
distributed compute environments [27,28]. Consequently, the initial integration
and development effort is very high. Often, specialised applications and
frameworks are needed-tools that are still in the early stages of evaluation within
the medical domain.

Maintenance and Scalability

The maintenance and scalability of data management architectures are important factors
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for smooth operation.

e ¢DWHs require continuous maintenance. Changes in data sources, schema
extensions, and performance tuning demand regular attention [7,30]. Vertical
scaling to increase storage and compute becomes very expensive as data volumes
grow [31]. In addition, the batch-oriented structure of cDWHs may become a
bottleneck when there is an increasing need for real-time data processing [22].
cDWHs offer stability and clear data governance but may struggle with the costs
and limitations of scaling for real-time applications.

e cDLs are maintained through active monitoring, strict data governance and
continuous data quality management. These measures help to avoid the creation
of data swamps. The schema-on-read method requires constant adaptation of
ingestion pipelines and greater coordination during verification [33]. In terms of
scalability, the use of distributed file systems allows for affordable horizontal
scaling, making it easier to handle large and diverse datasets [33]. cDLs offer
flexible maintenance and cost-effective scalability, but require careful
coordination and robust data governance to maintain data quality.

» cDLHs combine components from cDWHs and cDLs. This integration leads to
more complex maintenance tasks, as both cDL and cDWH elements must be
managed by multiple granular applications for distributed systems [27]. Although
cDLHs support dynamic scalability for both compute and storage capacity, this
flexibility requires specific expertise in resource and cost management [32]. In
summary, cDLHs offer dynamic and scalable solutions that bridge the gap
between structured and unstructured data, but require a more complex
maintenance management.

Required Technical Expertise

The technical expertise needed to implement and maintain clinical data management
systems is a key consideration.

* cDWHes rely on relational database systems, SQL, ETL tools, and established data
warehousing concepts including data modelling [7,21,30]. An additional
technical stack and expertise is required for extended requirements such as near
real-time processingd. cDWHs depend on well-established database technologies
and practices, but advanced processing needs may require extra skills and tools.

e cDLs require expertise in big data frameworks such as Hadoop and Spark, cloud
storage solutions, streaming tools like Kafka or Flume and technical expertise in
distributed systems [19,33]. Users must also be skilled in analysing and
modelling unstructured data [33]. Moreover, more extensive change management
and monitoring are necessary because changes are only detected when data is read
from the lake. cDLs demand specialised big data skills and a proactive approach
to change management, making them suitable for organisations with robust
technical capabilities.

e cDLHs combine traditional data warehousing with modern big data techniques.
They require interdisciplinary expertise covering both classic DWH principles
(e.g. schema-on-write, ACID transactions) and contemporary big data methods
(e.g. schema-on-read, distributed systems, streaming). Often, these systems are
cloud-native, which means additional skills in cloud technologies and DevOps
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practices (such as Docker, Kubernetes, security, and identity access management)
are needed even for on-premise solutions [27,32,34]. cDLHs require a broad
range of technical expertise across both traditional and modern data management
technologies, posing a challenge for organisations with limited specialised
resources.

Complexity of Coordination

e cDWHs operate with a centralised governance model where responsibilities are
clearly defined. Departments and IT teams must work closely to ensure
continuous schema adjustments and maintain data quality within the data models
[7,30,31]. cDWHs rely on largely internal coordination, as a single main instance,
such as a clinic or data integration centre, typically manages the system.

e cDLs use a decentralised and flexible approach, which demands robust metadata
strategies. Different domains, such as laboratory data, imaging, and genomics,
must be coordinated effectively [31,33]. Coordination in cDLs is particularly
challenging when integrating new data sources, establishing new governance
standards or maintaining schema changes [33].

e cDLHs require synchronisation of governance and security updates across both
the cDLs and cDWHs components [28,29,34]. They have to manage the complex
requirements of big data systems alongside traditional data warehousing. This
hybrid processing approach, which integrates both near real-time and batch
processing workflows, requires careful coordination to ensure seamless operation
and data integrity cDLHs result in increased coordination complexity due to their
combined systems and the need to manage parallel processing methods.

Limitations and Additional Considerations

Our primary focus in this research was on comparing data management architectures
regardless of local conditions. Still, our experience shows that factors such as cost
implications and legacy system integration are critical. Furthermore, we excluded
alternative data integration architectures and acknowledged the inherent limitations of
frameworks such as the FAIR Principles and the Five Vs of Big Data. We briefly address
these aspects here to provide a broader perspective.

General Limitations

Some essential requirements for clinical data management are not fully covered by the
FAIR Principles or the five Vs of Big Data. These include privacy and confidentiality,
audit and compliance mechanisms, management and documentation of ethical consent,
long-term archiving, risk management, detailed user access management and cultural
sensitivity. However, it should be noted that regulatory compliance and the protection of
sensitive data must always be ensured, regardless of the chosen data architecture.
Therefore, we did not include these aspects in the comparison of data architectures, as
they should be addressed by separate legal and organisational measures. A comprehensive
data management strategy must take into account specific legal and ethical requirements
in addition to the FAIR Principles and the five Vs to ensure holistic and compliant data
management.

It is important to note that this study does not consider data integration architectures such
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as Lambda (batch) and Kappa (stream). Similarly, no combination or generalisation of
approaches such as Data Fabric or Data Mesh have been evaluated for several reasons.
Most importantly, Data Fabric was not considered a viable option because in the clinical
domain, production systems cannot be accessed for complex queries. Furthermore, Data
Mesh represents an organisational approach that focuses on domain-specific data
products rather than traditional architectural archetypes such as Data Lakes or Data
Warehouses.

Cost Analysis and Resource Implications

In addition to technical and organisational considerations, cost analysis plays a critical
role in the selection of a data management architecture. For example, while cDWHs may
have high up-front costs due to extensive ETL development and schema design, they may
offer lower long-term operational costs due to their stable nature. In contrast, cDLs offer
cost-effective scalability for large datasets, but require ongoing investment in metadata
management and system monitoring. cDLHs promise a balance between structure and
flexibility, but require significant initial integration costs and ongoing maintenance.
Future implementations should carefully weigh these cost implications against the
performance and scalability benefits of each architecture.

Legacy System Integration

Integration with legacy clinical systems remains a critical factor. cDWHs generally offer
smoother integration with existing relational databases and established clinical
information systems. In contrast, cDLs may require additional data transformation layers
and custom connectors to interface effectively with legacy systems. While cDLHs aim to
combine the strengths of both, their hybrid nature can present challenges when
integrating older data systems. Institutions should consider their current infrastructure
and plan transitional strategies that bridge legacy systems with modern data
architectures.

Application Scenarios and Recommendations

Depending on the type of data, analysis requirements and available resources, a different
model is recommended in each case. In the following sections, we describe the scenarios
in which each of the three architectures offers the greatest benefits.

cDWHs

cDWHs are ideal for environments that require consistent reporting, strong compliance
and reliable analysis of structured data. They work best when data is mostly relational
and fixed schemas ensure high data quality. Moreover, the structured and standardised
character of cDWHs provides a stable foundation for Al applications, where reliable data
is essential for training robust machine learning models. This is particularly useful for
hospital governance and controlling, where clear and powerful analysis is required.

Scenarios, where cDWHSs should be considered:

e Structured Analysis and Compliance: In scenarios where data is primarily in
tabular form (for instance, as recorded in a Hospital Information System) and
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there is an urgent need for rigorous data protection and comprehensive
traceability, the optimal solution is often a cDWH. Stable reporting, long-term
trend analyses or controlling systems as well as business intelligence tools with
regular audits and fixed key performance indicators benefit from a cDWH.

e Resource-Limited IT Environments: In settings where SQL expertise is
available but there is limited capacity for complex big data or cloud solutions.
Therefore, small or medium-sized clinics may prefer a cDWH. These institutions
can rely on well-established ETL processes and structured reports.

e Low to Moderate Data Diversity: Departments that record mostly numerical and
tabular data (as seen in standardised clinical management systems) benefit from
the fixed schema of a cDWH. The simplicity of the data model helps maintain
consistency and ease of reporting and research.

e Legacy System Integration: Institutions with established relational databases or
enterprise resource planning systems may find it easier to integrate these with a
cDWH. This reduces the need for extensive data transformation and minimises
complexity.

Although cDWHs often involve high initial implementation effort, their structured nature
ensures clear data governance and auditability. However, they may be less suitable for
real-time processing and highly diverse data sources.

cDL

cDLs are designed for exploratory research and the management of heterogeneous data
sets. They enable organisations to store large volumes of raw data in its original format,
which is useful when data arrives in many different types and formats. In addition, this
flexibility is a key enabler for Al research, as it allows researchers to experiment with
diverse data types and develop innovative algorithms that can learn from unstructured
and semi-structured information.

Scenarios, where cDLs should be considered:

» Exploratory Research: In projects where data requirements are not yet fully
defined, a cDL offers the flexibility to store various data types. Researchers can
work with unstructured data such as doctors’ notes, images, and sensor outputs
without a fixed schema.

e Machine Learning Prototyping: A cDL is ideal for experimental machine
learning or data science projects. It allows users to quickly explore data, test
different algorithms and develop without the need for complex ETL pipelines or
strict data modelling. This supports innovative research.

e Analysis of Log and Streaming Data: When near-real-time data is needed-such
as recordings from IoT devices or sensor networks-a cDL can efficiently handle
fast data ingestion. For example, it can support automated anomaly detection in
patient vital signs or system logs.

» Cost-Effective Storage of High-Volume Data and Compute: Due to the big
data paradigm, cDLs offer scalable, distributed storage that can handle petabytes
of data. This makes them well suited for institutions collecting large amounts of
diverse data on a limited budget.

» Future-Proofing Data: By storing raw data, a cDL allows organisations to
reprocess or model the data later, as new analytical methods emerge. This is
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particularly valuable in fast-evolving research environments.
While cDLs offer cost-effective scalability and flexibility (via a schema-on-read
approach), they demand disciplined metadata management and robust data governance.
Without these measures, there is the risk of creating a data swamp. Consequently,
managing the complexity of heterogeneous data may require specialised technical
expertise.

cDLH

cDLHs combine the strengths of cDWHs and cDLs. They offer the robust governance
and ACID compliance of a cDWH along with the flexibility and scalability of a cDL.
Crucially, this hybrid approach supports advanced Al-driven analytics by ensuring that
data remains both standardised and adaptable, which is vital for real-time processing and
training of machine learning models. This hybrid approach is best suited to institutions
that need both structured reporting and the capacity to manage unstructured data.
However, this adds more complexity and requires high technical expertise.

Scenarios, where cDLs should be considered:

e Comprehensive Data Integration: In large, research-intensive hospitals, a cDLH
can integrate classic tabular data with vast amounts of unstructured research data
(such as images and omics data). This allows the same data set to be used for
standard reporting and advanced Al applications.

 Real-Time and Batch Processing: Institutions that require both routine batch
analyses and live data streaming for real-time decision support benefit from a
cDLH. For example, care centres with real-time alarm systems in intensive care
units can use a cDLH to support both immediate and historical analyses.

e  Multi-Stakeholder Research Platforms: When several partners (such as clinics,
research institutions, and industry) collaborate, a ¢cDLH provides a unified
platform. It supports strict access controls and data governance while offering the
flexibility needed for varied analytical or machine learning methods.

e Long-Term Investment in Flexibility: Organisations planning for future growth
may choose a cDLH to avoid redundant systems. By integrating reporting, data
science, real-time analyses, and exploratory research in one platform, they can
reduce long-term operational complexity and ensure users acceptability.

The main challenge with cDLHs is the high complexity of implementation and
maintenance. They require a broad range of technical expertise and resources to manage
both traditional data warehousing and modern big data processes. However, for large
organisations with complex data landscapes, the benefits of a unified platform can
outweigh these challenges.

Conclusions

In summary, each data management architecture offers distinct advantages and
limitations, as illustrated in figure 2. cDWHs are best suited for stable, structured
environments with strong compliance and legacy system integration. They are ideal when
clear, predefined data models are needed and when audit trails are critical. cDLs provide
a flexible, cost-effective solution for exploratory research and high-volume,
heterogeneous data sets. They excel in environments where rapid prototyping and
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scalability are key. cDLHs combine the strengths of both approaches, delivering robust
governance alongside flexibility. They are best suited for large, research-intensive
institutions that require both real-time processing and traditional reporting.

The choice of architecture should consider immediate analytical needs, long-term
scalability, technical expertise, and overall maintenance complexity. Healthcare
organisations must balance these factors with their available resources and strategic
goals.

This study emphasizes the importance of choosing the right data management
architecture for medical research, patient care and advanced Al applications. The analysis
shows that cDWHs, cDLs and cDLHs not only offer distinct strengths and weaknesses
but also provide the essential foundation of reliable, standardised data that Al systems
require for effective learning and decision support. The choice depends on the unique
needs of each institution. By conducting this analysis, we've provided a clear framework
to help healthcare institutions to identify the most suitable data architecture.

Using our comparison and recommendations, healthcare organisations can make focused
decisions about which data architecture suits their needs to manage big data effectively.
Focussing on the potential, cDLHs would be best suited for the diverse requirements of
the healthcare sector, as they offer the most diverse functionalities and flexibility.
However, cDLHs have the disadvantage of requiring high technical expertise and
involving complex integration efforts. Future research should focus on fine-tuning
cDLHs with the aim of reducing their complexity and integrating medical standards more
effectively. This will expand their usability while meeting the high demands of the
healthcare sector.
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Thisfigure illustrates the PRISMA-like workflow used in this study. It shows the identification of records from four databases,
the removal of duplicates, the screening of titles and abstracts, and the full-text review leading to the final inclusion of nine

articles.
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A comparative summary of clinical data warehouses (cDWH), clinical datalakes (cDL), and clinical datalakehouses (cDLH).
It highlights the strengths and weaknesses of each architecture based on the FAIR Principles and the Big Data 5 Vs,
summarising key features, advantages, and limitations.

Clinical Ivata Warehounse

Pros: Stable and structured,
strong compliance,
straightforeard auditing

Cons: High initial effort, limited
flexibility, real-tune challenges

Suited for: Stable and structured
data, strict compliance, clear
andit trails

@

n= *u

@o-

Clinical Idata Lakehouse

Pros: Combines strocture amd flexibility,
supports real-time and batch analvses

Cons: High technical complexity, requires
specialised knowledge, difficult 1o maintain

Smited For: large instiutions, hvbrid needs
{real-time + batch), advanced analytics

Climical Idata Lake

Pros: Flexible, scalable, cost-
effective for large or varied data

Cons: Complex governance,
risk of *data swamp’, more
metadata management

Suited for: Exploratory
research, large and varwed data,
machine learning protofyping
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