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Abstract

As traditional data management approaches increasingly become barriers to innova-
tion, emerging modern approaches such as data spaces, fabrics and meshes provide
much-needed flexibility. To demonstrate the potential of these modern approaches,
we conducted a structured literature review and comparative analysis of 189 con-
tributions to explore the differences between data platforms, data spaces, data fab-
rics and data meshes, highlighting their unique advantages in terms of governance
mode and application area. Throughout our delimitation, the study reveals that data
platforms and data fabrics offer centralized structures, ensuring control, accessibil-
ity, and streamlined management while decentralized data meshes and data spaces
prioritize flexibility. We provide a data management matrix that provides valuable
insights for organizations seeking to optimize their data management strategies in
the sharing economy.

Keywords Data management - Data platform - Data space - Data mesh - Data fabric

1 Introduction

In the digital era, the exponential growth in the volume, velocity, and variety of data
poses profound challenges to traditional data management approaches (Achanta
& Boina 2023). Conventional approaches, such as data lakes and data ware-
houses, often struggle to meet the dynamic demands of contemporary, data-driven
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decision-making processes (Nambiar & Mundra 2022). Their inherent limita-
tions, including centralized architectures and schema-on-write approaches, hinder
their ability to facilitate real-time data analysis effectively (Giebler et al. 2019).
To address these shortcomings, emerging data management approaches struc-
tured around collaborative organizations or partnerships have gained prominence
(Machado et al. 2021). These approaches promote stakeholder interaction and mark
a transition away from rigid data sharing approaches towards architectures tailored
to enhance specific business requirements, such as data transparency (Geisler et al.
2022). This evolution underscores the necessity of adopting more flexible, decen-
tralized data management approaches, which align with the growing complexity of
the data landscape and the imperative for adaptability in digital infrastructures (Port-
ner et al. 2023). Further, data has emerged as a strategic asset, necessitating a reeval-
uation of its value and utility (Otto et al. 2015). This redefinition emphasizes the
development of data products despite persistent challenges in cross-organizational
data sharing (Bartelheimer et al. 2022; Beverungen et al. 2022; Gelhaar et al. 2023).
Furthermore, the increasing generation of vast quantities of unstructured data high-
lights the critical need for FAIR (Findable, Accessible, Interoperable, and Reusable)
data infrastructures (Scheffler et al. 2022). The FAIR principles provide a founda-
tional approach for advancing both the discoverability and the usability of data, thus
ensuring that data management aligns with organizational goals and broader societal
objectives (Wilkinson et al. 2016).

Conventional approaches to data management are being recognized more fre-
quently as hindrances to contemporary requirements (Bode et al. 2023). Modern
approaches, such as data spaces, data fabrics, and data meshes, provide the neces-
sary flexibility for data across diverse organizational contexts (Franklin et al. 2005;
Kuftinova, Maksimychev, et al. 2022). These approaches not only deliver enhanced
agility but also align with evolving business practices, addressing the demands of
today’s dynamic market environments (Kuftinova, Maksimycheyv, et al. 2022). Addi-
tionally, the growing emphasis on data sovereignty and privacy—reinforced by
regulatory frameworks such as GDPR—introduces added complexity to data man-
agement practices (Truong et al. 2020). Organizations are increasingly requiring
nuanced approaches that offer precise control over data while navigating complex
legal and operational specifications (Machado et al. 2022a; Truong et al. 2020). This
need for enhanced sovereignty is particularly evident in cross-border data opera-
tions, where compliance with varying regulatory requirements adds layers of com-
plexity to organizational procedures (Opriel et al. 2024).

This study seeks to clarify the evolving concepts and interrelationships within
modern data management approaches, aiming to support organizations in select-
ing approaches that align with their specific objectives and operational require-
ments (Sherman 2015). A detailed examination of the current literature uncovers
a notable gap in comparative research (e.g., authors mistakenly use various terms
synonymously) and practical guidelines for implementing these approaches in dif-
ferent organizational contexts, revealing a significant lack of comprehensive analysis
on their real-world applications and implications for data management in different
environments (Bergman & Wang 2013). Consequently, this paper not only addresses
the limitations of conventional data management approaches but also highlights
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the benefits of embracing flexible data approaches (Azad et al. 2020). The findings
emphasize the urgency for organizations to adopt contemporary data management
approaches to fully capitalize on their data assets and maintain competitiveness in
an increasingly data-driven economy. Given the scarcity of empirical studies on the
adoption and effectiveness of these approaches, this research aims to support organ-
izational decision-making by addressing both strategic and operational considera-
tions. To this end, the study poses the following Research Question (RQ):

RQ How can modern data management approaches (i.e., data platforms, data spaces,
data mesh and data fabric) be delimited from each other?

Our study is organized as follows, including specific contributions to answering
the question: First, the study outlines the development of data management, identi-
fying areas that have not been fully explored through the review of existing litera-
ture. It then outlines the methodology of the systematic literature review, detailing
the search approach and the process of gathering a comprehensive set of articles.
In addition, the study presents visual representations of the distribution of signifi-
cant literature and provides an in-depth examination of data platforms, data spaces,
data meshes and data fabrics, including their similarities and differences. Finally, the
study aims to guide future research by discussing the limitations, considering the
theoretical and practical implications, and summarizing the insights gained from the
analysis.

2 Theoretical background

Data management spans an extensive array of disciplines, encompassing a suite
of processes essential for efficiently managing data across its entire lifecycle (K.
Sharma et al. 2021). These processes are traditionally categorized into five core
domains: collection, curation, consumption, conceptualization, and control (Chua
et al. 2022). The evolution of data management within organizational contexts has
transitioned from rudimentary administrative tasks and quality assurance practices
to strategic frameworks that leverage big data as a driver of innovation and enhanced
decision-making capabilities (Legner et al. 2020). This evolution is deeply inter-
twined with advancements in computational technologies, including the advent of
big data analytics, cloud computing and the Internet of Things (IoT) (Chen et al.
2014). Historically, the transition from manual to electronic data processing during
the mid-twentieth century marked a pivotal juncture in data management approaches
(Gray 1996). The introduction of database management systems (DBMS) in the
1970s, particularly the relational model developed by Codd (1970), revolution-
ized data storage and retrieval methods, paving the way for modern relational data-
bases and subsequent innovations in big data and cloud-based storage solutions
(Mazumdar et al. 2019). These technological advancements have been instrumen-
tal in addressing the challenges posed by the increasing volume, velocity, and vari-
ety of data (Kashyap 2021), culminating in the sophisticated and interconnected
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information systems observed today (Ghasemaghaei & Calic 2020; Opriel et al.
2024).

Modern data management faces several critical challenges, including the expo-
nential growth of disparate and heterogeneous data, concerns over privacy, and the
effective application of advanced analytics (Kumari & Muthulakshmi 2022). Cen-
tral to addressing these challenges is the implementation of robust data govern-
ance frameworks and quality management protocols, which emphasize core prin-
ciples such as accuracy, completeness, and consistency (Truong et al. 2020; Wang
& Strong 1996). Distinctions in analytical paradigms further underscore the com-
plexity of data management. Data warehouses, for instance, provide structured
approaches optimized for analytical querying, whereas data lakes offer flexible stor-
age solutions capable of accommodating raw, unstructured, and semi-structured
data (Giebler et al. 2020). The increasing reliance on distributed approaches rep-
resents a fundamental shift in managing the complexity and scale of contemporary
data systems (Paik et al. 2019). These approaches enhance scalability and flexibil-
ity by leveraging interconnected components that facilitate parallel processing and
mitigate bottlenecks (Abadi 2009). Additionally, distributed approaches enable hori-
zontal scalability, allowing for system growth through networked resource expan-
sion rather than costly hardware upgrades (Stonebraker & Cetintemel 2018). The
establishment of comprehensive metadata infrastructures is another cornerstone
of modern data management, enabling organizations to address data quality issues
effectively while navigating the complexities inherent in large-scale systems (Chen
et al. 2014; Elouataoui et al. 2022). In the coming years, significant developments
in the realm of data management are anticipated, characterized by the integration of
artificial intelligence (AI) for automated governance, the evolution of adaptable and
flexible data platforms, and the enhancement of privacy and security frameworks
(Tian 2022). Decentralized architectures, such as data mesh, are emerging as critical
innovations, emphasizing domain-specific data ownership and facilitating seamless
data integration across diverse environments (Dehghani & Fowler 2022; Kuftinova,
Maksimycheyv, et al. 2022).

The existing literature provides a comprehensive examination of the theoretical
underpinnings and practical implications of modern data management approaches
(Machado et al. 2022a). Despite the substantial body of research on modern data
management, notable gaps remain. Specifically, there is limited clarity on how these
approaches address the operational complexities of diverse data landscapes or how
their defining characteristics influence implementation effectiveness. These gaps
underscore the necessity for further investigation into distinguishing and optimizing
modern data management approaches—including data platforms, data mesh, data
spaces, and data fabrics—for practical applications.

3 Research design
This study undertook a rigorous and expansive literature review to critically

examine how the approaches "data platform", "data mesh", "data space" and
"data fabric" are conceptualized, operationalized, and differentiated within the
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field of Information Systems (IS) research. Employing a systematic research
approach articulated by Webster and Watson (2002) and subsequently refined by
vom Brocke et al. (2015), the review expanded its analytical scope to evaluate the
implications of these approaches across academic, industrial, and governmental
contexts. By situating data management approaches within their broader socio-
technical landscapes, as emphasized by Benzies et al. (2006), the study integrated
findings from both theoretical and practical research endeavors to construct a
comprehensive understanding. The review utilized targeted keyword searches
across multiple scholarly databases, including ACM, ScienceDirect, Springer,
AIS eLibrary, Scopus, IEEE, and ProQuest. This effort culminated in the iden-
tification of an initial corpus comprising 1485 documents by December 2023, as
visualized in Fig. 1.

The dataset underwent a thorough quality assessment, which involved remov-
ing 534 duplicate entries, leaving 951 unique sources for detailed evaluation. Each
source was subjected to a meticulous full-text review to determine its relevance to
the study’s central research question. This review prioritized sources offering in-
depth definitions, explanations, and critical analyses of the focal IS terms. Arti-
cles lacking substantive insights or merely referencing the terms in passing were
excluded. For ambiguous cases, a detailed secondary review was conducted by the
research team to uphold methodological rigor and minimize selection bias. Follow-
ing the initial exclusion phase, reverse citation tracing was employed on key foun-
dational works to identify additional relevant studies not indexed in the primary
databases. This process adhered to the backward search methodology advocated by
Kuhrmann et al. (2017). To further enhance the comprehensiveness of the dataset,
supplementary searches were conducted using meta-search engines, capturing addi-
tional scholarly and non-indexed contributions. This iterative approach continued
until theoretical saturation was achieved, ultimately adding 32 new articles to the
dataset. The final corpus consisted of 189 articles: 157 derived from primary data-
base searches and 32 sourced from supplementary search. Each article was anno-
tated with detailed metadata to facilitate an in-depth analytical process.

The review approach, depicted in Fig. 1, was designed to prioritize transpar-
ency, reproducibility, and rigor, aligning with the principles of robust IS research
as championed by vom Brocke et al. (2015). Two researchers independently con-
ducted data extraction, focusing on delineating data management approaches, and
collaboratively resolved any discrepancies. Table 1 presents an exemplary coding
overview, providing a structured approach for categorizing the key characteristics
of data management approaches while ensuring analytical depth and consistency.

Remove Duplicates,

Search String 3 Sum
Filtering & Selection

(Full text:, characteristic” or Full
text:, definition”) (e.g., publication date 189
AND —>{ Data Platform 732 |— after 2020) Relevant

(Title:, Data Space” OR Title:, Data Articles
Data Mesh 38 R
Platform” OR Title:,Data Mesh“ OR +32 Articles
Title:, Data Fabric) Data Fabric 48 Backward Search

Fig. 1 Literature search process

Data Space 667
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The methodological rigor of this study enabled the creation of a nuanced
approach for systematically categorizing and analyzing the defining characteris-
tics of data management approaches. The process began with an abstract review to
identify significant contributions and insights, which were subsequently integrated
into broader academic discussions. This iterative approach facilitated the systematic
organization of information, transitioning from general theoretical constructs to spe-
cific operational traits and applications. The final article data set list, included in the
appendix, ensures full transparency, and supports the reproducibility and verifica-
tion of the research findings.

4 Results

The following section contains the results of the systematic literature review. To this
end, the authors have comprehensively evaluated all relevant publications. After a
comprehensive overview of the literature, the authors define the terms data platform,
data mesh, data space and data fabric in detail and show their origins and current
applications. Based on the RQ, a summary of each term and its characteristic is pro-
vided in the text box at the end of each subsection. This is not an attempt to create a
new definition, but rather to draw conclusions from the various descriptions of the
articles in the literature review.

4.1 Descriptive findings

Research on data management first occurred in the mid of the twentieth century
(Roach 1962). However, most publications, especially about data mesh and data fab-
ric, stem from the last years. Figure 2 (left side) shows the cumulative number of
publications for every approach in the last twenty years based on the Scopus data-
base. Articles are counted in the statistics if they cover at least one of the four data

. . L Terminology Distribution on
Cumulative Year Distribution Rel T[ tetatiiFe: St
clevant Literature Sef
50 5000
’,
/4500
b Data Fabric
/s 1000 14%
/
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P4 g
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- PR T Sor R
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Fig.2 Cumulative publication distribution of the past twenty years (left) and terminology distribution on
the relevant literature set (right)
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management approaches. Around 12,7% of the scanned literature refers to publica-
tions that do not exclusively focus on data platforms, data spaces, data meshes or
data fabrics but observe more than one term. An example is the research of Hechler
et al. (2023f) that mentions data fabric and data mesh. In this case, the authors
counted this paper twice, one time for each category. The graph shows that data plat-
form has always been the most discussed term, which is possibly due to many differ-
ent potential interpretations of the phrase. However, the terms data space, data mesh
and data fabric are also gaining increasing attention lately. More concretely, 44,9%
of the analyzed 189 articles specialize in data platforms, while 28,5% focus on data
spaces, 12,6% focus on data mesh and 14,0% cover data fabric, as summarized in
Fig. 2 on the right side. The rapid rise in research requires a systematic review of
previous findings to assist future research and avoid ambiguities in term definitions.

4.2 Data platform

The development and utilization of data platforms represent a cornerstone in the
evolution of data management, transforming domains and enabling innovative
applications across diverse domains (Borrero & Mariscal 2022). Data platforms
form the foundation of modern digital ecosystems by facilitating data collection,
processing, and monetization at an unprecedented scale (Beverungen et al. 2022).
Unlike traditional digital platforms, data platforms emphasize the active exchange
and utilization of data to foster value creation while addressing challenges related
to governance or scalability (Bagheri et al. 2021; Reuver et al. 2022). They bal-
ance the need for openness with the risks of losing data sovereignty and privacy,
offering specialized, context-dependent solutions that emphasize interoperability
(Reuver et al. 2022). Hence, this evolution highlights the growing importance of
governance approaches that range from centralized to decentralized control (Louki-
ala et al. 2021). The architectural evolution of data platforms has transitioned from
traditional two-tier models, which separate transactional and analytical layers, to an
lakehouse approach (Armbrust et al. 2021; Harby & Zulkernine 2022). The lake-
house approach combines the scalability of data lakes with the structured querying
capabilities of data warehouses, enabling a unified approach to handle diverse work-
loads (Armbrust et al. 2021). Moreover, data platforms like the City Data and Ana-
lytics Platform (CiDAP) demonstrate how blockchain smart contracts and modular
architectures can link data sources to smart city applications, fostering secure and
efficient data sharing (Cheng et al. 2015; Nanthaamornphong et al. 2020).
Generally, data platforms serve as a transformative approach across various
sectors (Fioriti et al. 2023). In urban environments, data platforms such as Snap-
4City provide scalable IoT-enabled infrastructures for real-time data streams,
enabling applications in traffic management, environmental monitoring, and
emergency response (Badii et al. 2018; Colarusso et al. 2022). Therefore, data
platforms employ modular architectures that offer extensibility and advanced
analytics, supporting sustainable and intelligent urban ecosystems (Cheng et al.
2015). By integrating data collection and analysis, they accelerate connected
technology development for stakeholders (Lim et al. 2021). In agriculture, data
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platforms address socio-economic challenges by empowering smallholder farm-
ers with decision-support tools that integrate IoT and satellite data (Borrero &
Mariscal 2022). Hence, data platforms emphasize transparency, data ownership,
and equitable benefit-sharing while enabling predictive analytics for crop man-
agement and irrigation (Borrero & Mariscal 2022; Sedek et al. 2021). Domain-
specific solutions such as these highlight the flexibility and specialization of
data platforms required to address unique industry needs (Papageorgopoulos
et al. 2022; Sestak & Copot 2023). Moreover, an open data platform for smart
cities aimed at app developers may feature various components, including data-
bases, semantically enriched databases, development kits, and reusable applica-
tion components (Badii et al. 2018).

A recurring topic in data platform development is the trade-off between open-
ness and control (Reuver et al. 2022). Open platforms encourage innovation and
interoperability through APIs, modular extensions, and boundary resources, but
simultaneously raise concerns over data misuse, privacy violations and eco-
system fragmentation (Beverungen et al. 2022; Reuver et al. 2022).These risks
are exacerbated by market dynamics such as industry consolidation, which
can lead to power asymmetries and disadvantage users in terms of pricing and
contract terms (Turland & Slade 2020). Effective governance models, coupled
with privacy-preserving technologies like multi-party computation, are critical
to balancing these dynamics and maintaining trust (Rieyan et al. 2024; Sestak
& Copot 2023). Privacy loss and data security are significant challenges, par-
ticularly under regulatory requirements such as the European Union’s GDPR
framework (Comandé & Schneider 2022). These regulations influence platform
design and necessitate collaboration among diverse actors, including data own-
ers, developers, and policymakers, to ensure sustainable governance and compli-
ance (Rieyan et al. 2024).

Advanced management features, including metadata layers, transactional sys-
tems, and schema enforcement, enhance the reliability and quality of data plat-
forms analytics (Ait Errami et al. 2023; Armbrust et al. 2021; Harby & Zulker-
nine 2022). These capabilities make platforms more resilient to inconsistencies
while improving performance for machine learning workloads and analytics
(Armbrust et al. 2021; Harby & Zulkernine 2022). Additionally, data platforms
typically incorporate layered structures for raw, refined, public, and sensitive
data, enabling secure transitions from production to analysis (Colarusso et al.
2022). The evolution of data platforms into broader ecosystems with diverse
data analysis capabilities underscores their centrality in modern data manage-
ment analysis (Francia et al. 2021). Data Platforms now integrate Software-as-
a-Service (SaaS), Platform-as-a-Service (PaaS), and Infrastructure-as-a-Service
(TaaS) to enhance scalability and enable comprehensive services for data inte-
gration and security (Yao et al. 2021).

A data platform is a traditional comprehensive architecture, that facilitates storage, processing,
and analysis of data within a unified platform. These platforms offer organizations the ability to
manage their data lifecycle comprehensively from a single platform operator
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4.3 Data space

Data spaces represent a novel approach in data management, emphasizing secure,
interoperable, and sovereign data sharing across diverse organizations (Jarke et al.
2019). Unlike traditional centralized architectures, data spaces prioritize decentrali-
zation while maintaining interoperability through shared services and standardized
protocols (Drees et al. 2021). This hybrid approach enables data owners to retain
full control over their assets while engaging in heterogeneous ecosystems (Franklin
et al. 2005). As organizations increasingly adopt data spaces, they address the com-
plexities of data sovereignty, traceability, and compliance, establishing a foundation
for trust in inter-organizational environments (Beverungen et al. 2022).

Data spaces are designed to manage and integrate heterogeneous data sources
while guaranteeing their autonomy (Franklin et al. 2005). They emphasize coexist-
ence rather than rigid integration, allowing incremental, pay-as-you-go scaling to
address evolving organizational needs (Kotsev et al. 2020). A defining characteristic
is data sovereignty, which ensures that data providers retain control over access and
usage rights while enabling secure and compliant data sharing (Jarke et al. 2019).
Interoperability is achieved through shared ontologies, semantic models, and stand-
ardized APIs, which enable seamless integration across systems (Curry et al. 2019).
The modular nature of data spaces allows for incremental adoption and the addition
of functionalities, ensuring scalability and adaptability (Brost et al. 2018). Further-
more, data spaces are uniquely capable of addressing dynamic interactions between
datasets without requiring a centralized custodian, supporting diverse formats such
as structured and unstructured data (Guo et al. 2021).

The architecture of data spaces integrate multiple components to ensure secure
and efficient operations. Data providers and consumers form the foundational par-
ticipants, responsible for generating and utilizing data within the ecosystem (Drees
et al. 2021). These interactions are facilitated by standardized connectors (Giel3 et al.
2024) and shared services that enforce secure and compliant exchanges (Bader et al.
2020). Data sovereignty frameworks allow participants to define and enforce own-
ership and usage policies, ensuring compliance with governance standards (Jarke
et al. 2019). Semantic integration layers, such as knowledge graphs and ontologies,
enhance discoverability and semantic alignment, allowing meaningful interactions
across datasets (Curry et al. 2019). Federated governance approaches provide decen-
tralized structures, ensuring that shared rules and standards are adhered to while
maintaining local autonomy (Hutterer & Krumay 2022). Additionally, the integra-
tion of International Data Spaces (IDS) standards enables secure, trusted, and scal-
able data exchange, further enhancing interoperability and governance (Brost et al.
2018).

Data sovereignty ensures that providers maintain full control over their data by
defining access and usage rights (Bader et al. 2020). Interoperability is supported
through standardized metadata, shared semantic frameworks, and APIs, which ena-
ble seamless communication between systems (Hutterer et al. 2023). Additionally,
data spaces integrates heterogeneous data and supports intelligent decision-making
without a centralized database, evolving from early relational databases to systems
with a flexible, pay-as-you-go approach (Guo et al. 2021). Interoperability enhances
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scalability, allowing for incremental integration of participants and functionalities
as the data space evolves (Kotsev et al. 2020). Robust mechanisms for trust and
security, such as encryption, identity management, and federated governance frame-
works, ensure compliance and foster confidence among participants (Bader et al.
2020; Jarke et al. 2019). Privacy-preserving mechanisms like secure communication
and trust management further enhance usability and regulatory compliance (Alonso
et al. 2018). Feature such as best-effort query capabilities are also a key aspects of
data space design, enabling continuous operational functionality even in complex
environments (Franklin et al. 2005).

Data spaces have transformative applications across industries, showcasing their
versatility and impact (Gief et al. 2025). For example, in Industry 4.0 and smart
manufacturing, data spaces facilitate real-time data sharing and predictive analyt-
ics, optimizing production processes and enabling autonomous decision-making
(Alonso et al. 2018). These capabilities enhance operational efficiency and reduce
costs (Alonso et al. 2018). In smart cities, integrated IoT data streams enhance urban
planning, traffic optimization, and citizen services, enabling sustainable urban man-
agement (Curry et al. 2019). The energy management sector benefit from real-time
data integration, which supports optimized resource allocation and sustainability
initiatives (Berkhout et al. 2022).

Future directions for data spaces include the integration of advanced technolo-
gies such as Al blockchain, and edge computing (Brée et al. 2024). Al and machine
learning enhance data analytics and predictive capabilities, unlocking new insights
and efficiencies (Tardieu 2022). Blockchain introduces decentralized trust mecha-
nisms, ensuring secure and transparent data sharing (Pampus et al. 2022). Edge
computing supports real-time processing at the network edge, enhancing decision-
making in distributed environments (Gallay et al. 2017). Initiatives such as GAIA-
X aim to create globally compliant and interoperable data spaces, addressing chal-
lenges in privacy, security, and governance while fostering collaboration (Tardieu
2022). Furthermore, data spaces are expected to evolve into foundational applica-
tions for public—private collaboration, enabling a wide range of data-driven services
and applications (Drees et al. 2021). By emphasizing data sovereignty, interoperabil-
ity, and trust, they empower stakeholders to collaborate securely while maintaining
control over their data.

A data space is a federated architecture that refers to a decentralized data infrastructure where
organizations can securely exchange data while maintaining sovereignty over their data assets. It
supports collaboration by enabling controlled access to data across organizational boundaries

4.4 Data mesh

The data mesh paradigm represents a transformative approach to organizational data
management, addressing the limitations of traditional centralized approaches such
as data lakes and warehouses (Bode et al. 2023; Machado et al. 2022b). Emerging
architectures such as the data mesh approach further decentralize control, empower-
ing domains to manage their data autonomously and independently (Loukiala et al.
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2021). By decentralizing data ownership and aligning it with domain expertise, data
mesh fosters scalability and adaptability within organizations (Dahdal et al. 2023).
Unlike monolithic architectures, this approach treats data as a product, emphasizing
its usability, quality and lifecycle (Pongpech 2023). As a socio-technical approach,
data mesh enables organizations to become more data-driven, empowering indi-
vidual domains to manage their data autonomously while adhering to governance
requirements (Machado et al. 2022b).

Data mesh is built on four foundational principles: domain-oriented data own-
ership, data as a product, self-serve data infrastructure, and federated governance
(Machado et al. 2022a). Each domain is a self-contained unit, responsible for man-
aging its data throughout its lifecycle, thereby minimizing bottlenecks caused by
centralized IT teams (Loukiala et al. 2021). Architecturally, data mesh comprises
several key components. Data domains are foundational, with each domain manag-
ing its own data lifecycle independently (Machado et al. 2022a). These domains are
supported by a self-serve infrastructure that enables autonomous data processing
and sharing without reliance on centralized systems (Joshi et al. 2021). This decen-
tralization allows those closest to the data source to take full responsibility for its
quality and usability (Joshi et al. 2021). The principle of "data as a product" ensures
that data is treated with the same rigor as consumer products, emphasizing discover-
ability, reliability, and user-focused design (Wrembel 2023). Self-serve infrastruc-
ture equips domains with tools and platforms to autonomously create, maintain, and
share data products (Pongpech 2023). Federated governance establishes decentral-
ized yet standardized policies for compliance, security, and interoperability across
the organization (Dahdal et al. 2023).

Governance frameworks ensure interoperability and compliance through stand-
ardized rules, ensuring that the decentralized approach operates cohesively across
the organization (Wider et al. 2023). Critical elements such as APIs, metadata lay-
ers, and data catalogs enhance interoperability and streamline data discovery and
integration across domains (Machado et al. 2022a). In addition, the core concept
of the architecture is the data product, which interacts with the mesh via ports, sup-
ported by an operator app for orchestrating tools and managing product lifecycles,
a data catalog for enhancing discoverability and lineage, and a governance layer
for implementing rules like access control, all integrated to provide APIs for both
the data product developer experience plane and the mesh experience plane (Wider
et al. 2023). The concept aligns with DATSIS principles—discoverability, address-
ability, trustworthiness, self-description, interoperability, and security—to ensure
data quality and usability (Dahdal et al. 2023).

The core concept of the data mesh architecture is the data product, which inter-
acts with the mesh through well-defined interfaces, supported by governance frame-
works and tools for lifecycle management (Machado et al. 2022a). Operational com-
ponents like mesh catalogs, metadata layers, and communication channels facilitate
efficient development and management of domain-aligned data products (Machado
et al. 2022b). Data stewardship is decentralized, with each data source maintain-
ing integrity and accessibility through uniform interfaces, enabling robust govern-
ance and interoperability (Wrembel 2023). By decentralizing data ownership and
emphasizing data as a product, it addresses the inefficiencies of centralized systems
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and enables organizations to scale effectively (Machado et al. 2022b). The data
mesh approach shifts the focus from technology to data as the core of value crea-
tion, emphasizing quality, transparency, and responsibility through data domains,
reliable access enforced by governance rules, and enhanced interoperability through
standards (Krystek et al. 2023). Consequently, data product advertisements should
detail traits like discoverability for easy web indexing, clarity and explicitness in
descriptions, manageable direct references for workflow integration, compliance
with standards in data handling, robust security measures for access control, verified
quality for trustworthiness, and valuation to highlight potential business profits and
applicability (Krystek et al. 2023).

A data mesh is a decentralized architectural approach that treats data as a product. Ownership
and accountability for data quality and governance are distributed across different domains (i.e.,
cross-functional teams)

4.5 Data fabric

Data fabric represents an advanced data management paradigm that leverages Al
and automation to unify access to diverse data sources, integrating them seamlessly
across decentralized architectures while maintaining data consistency and govern-
ance (Strengholt 2023). It integrates and manages structured and unstructured data
across on-premises, cloud, and edge environments, providing seamless real-time
access without centralizing data into a single repository (Hechler et al. 2023d).
Unlike traditional data integration approaches, data fabric employs metadata-driven
methodologies and semantic knowledge graphs to optimize data handling and
reduce silos, thereby enhancing operational efficiency and scalability (Hechler et al.
2023b; Li et al. 2022). It acts as the foundational layer, bridging gaps between dis-
parate systems and promoting a decentralized yet unified data management approach
(Hechler et al. 2023f). By focusing on real-time analytics and operational efficiency,
data fabric enables organizations to address challenges such as data silos and regu-
latory compliance (Hechler et al. 2023c). This is achieved through its robust sup-
port for scalable architectures, advanced encryption mechanisms, and adherence to
frameworks like GDPR and HIPAA (Rieyan et al. 2024; Saini et al. 2023). Unlike
data mesh, which prioritizes domain-centric data product creation, data fabric pro-
vides the necessary technical infrastructure to support such decentralized systems,
creating a symbiotic relationship between the two approaches (Hechler et al. 2023e).

The architecture of data fabric is typically organized into a modular, multi-layer
framework to manage complex data environments. Several studies propose five-
layer architectures, including collection, storage, processing, analytics, and applica-
tion layers (Kuftinova et al. 2023; Zhu et al. 2019). These frameworks aim to inte-
grate data across various platforms and storage locations, enabling seamless access
and sharing in distributed environments (Anand 2022; Kuftinova et al. 2023). Some
researchers suggest alternative layer configurations, such as four-layer models (Nema
2010; Zhao et al. 2016) or domain-oriented decomposition approaches (Kuftinova
et al. 2023). Data fabric architectures can be designed as modular microservices or
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integral single fabric systems, with their effectiveness varying across industries (Cao
& Iansiti 2022). Implementing data fabric requires careful consideration of domain
models and data modeling approaches (Ostberg et al. 2022), as well as the use of
specialized tools and languages for data processing (Kuftinova, Maksimychev, et al.
2022). Data fabric distinguishes itself by consolidating organizational knowledge
into a unified schema through ontological modeling (Kuftinova, Maksimycheyv,
et al. 2022). This integration is further enhanced by supporting technologies such as
machine learning, cloud-based solutions, and microservices, which streamline data
operations and minimize inefficiencies (Kuftinova, Maksimycheyv, et al., 2022).

The design of data fabric revolves around four primary principles: modular-
ity, interoperability, scalability, and security (Strengholt 2023). Interoperability is
achieved through shared ontologies, semantic frameworks, and standardized APIs,
ensuring seamless data integration across heterogeneous environments (Hechler
et al. 2023e). Scalability is a core feature, allowing organizations to expand their data
ecosystems without compromising performance or security (Hechler et al. 2023c;
Strengholt 2023). Meanwhile, privacy and security are reinforced by advanced tech-
niques like partially homomorphic encryption and federated learning, which protect
sensitive data while enabling collaborative analytics (Saini et al. 2023). Notable fea-
tures include real-time data sharing, best-effort query capabilities, and robust regula-
tory compliance mechanisms, which enhance the usability and governance of data
fabric architectures (Rieyan et al. 2024).

Data fabric has transformative applications across various industries. For
instance, its federated learning capabilities allow institutions to analyze medi-
cal images collaboratively while adhering to privacy regulations (Theodorou et al.
2021). In manufacturing and logistics, data fabric unifies supply chain data, facili-
tating predictive maintenance and enhancing operational efficiency in Industry 4.0
environments (Kuftinova, Ostroukh, et al. 2022a, b). Financial services leverage its
real-time analytics capabilities to optimize portfolio management and enhance fraud
detection (Hechler et al. 2023f). Looking to the future, platforms like the MEDAL
architecture exemplify the potential for runtime adaptation and cloud-native data fib-
ers, driving automation and enabling intelligent, data-driven decisions (Theodorou
et al. 2021). Data fabric represents a paradigm shift in data management, offering a
flexible, scalable, and secure approach to unify disparate data sources across com-
plex ecosystems (Saini et al. 2023). By leveraging Al, metadata-driven methodolo-
gies, and semantic knowledge graphs, it addresses critical challenges in data govern-
ance, interoperability, and scalability (Li et al. 2022).

A data fabric is an emerging centralized integration approach that focuses on creating a seamless
data environment across different business units within an organization, allowing for integrated
data management and governance.

4.6 Delimitation

The findings from this comprehensive review illuminate critical dimensions of how
the four focal IS terms are conceptualized, applied, and differentiated across diverse
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contexts. These distinctions are pivotal for advancing both theoretical understand-
ing and practical applications within the realm of data management approaches,
particularly in applications requiring real-time data integration and advanced ana-
lytics, such as smart cities and IoT ecosystems. Data platforms emerged as foun-
dational systems, typically characterized by centralized architectures that enable
robust operational analytics and streamlined data workflows. These setting-oriented
data platforms serve as the flexible cornerstone for many organizations, particularly
those requiring centralized solutions to manage large-scale operational and transac-
tional analytics. Their emphasis on structured data workflows and centralized con-
trol optimizes performance for standardized use cases, making them essential for
organizations with significant data processing needs. In contrast, data meshes have
gained prominence as scalable solutions for large, multifaceted organizations. These
domain-oriented architectures promote decentralization by embedding data owner-
ship and responsibility within specific organizational domains. By empowering indi-
vidual domains to manage their data as independent products, data meshes enhance
scalability and agility, facilitating rapid innovation while maintaining consistency
across broader organizational settings. Data spaces were conceptualized as a decen-
tralized data infrastructure emphasizing governance, sovereignty, and interoperabil-
ity. They enable multi-stakeholder data sharing while maintaining individual con-
trol, fostering data availability through enhanced interoperability and seamless data
exchanges across organizational boundaries. This approach is particularly critical in
sectors such as healthcare and manufacturing, where data sovereignty and regulatory
compliance are paramount. Meanwhile, data fabrics were defined as integration-
centric solutions leveraging advanced technologies like Al for automation to unify
disparate data sources and facilitate seamless data flows across complex data eco-
systems. These holistic, technology-driven approaches dynamically adapt to evolv-
ing data landscapes, ensuring efficient data integration and accessibility in diverse
organizational contexts as a further extension of data platforms capabilities. As the
field continues to evolve, these findings underscore the importance of adaptive, con-
text-sensitive approaches to data management that align with the unique demands of
diverse organizational and societal contexts. Table 2 provides a comparative analysis
of the four data management approaches.

Each approach is examined through key aspects, including architecture, charac-
teristics, governance, goal, scope, key strengths, use case and examples. By out-
lining these aspects, Table 2 aims to clarify the strengths and applications of each
approach, offering conceptual clarity to assess their suitability for various organiza-
tional applications.

Our study emphasizes the transition from centralized to decentralized
approaches. Centralized approaches, such as data platforms and data fabrics,
provide a unified framework for data management, improving accessibility and
governance. By consolidating data into a common infrastructure, e.g., within
an organization, these systems streamline operations and strengthen governance
control. However, they can sacrifice flexibility, responding slowly to changing
requirements. In contrast, decentralized approaches like data meshes and data
spaces prioritize agility and autonomy through federated governance, promoting
secure data sharing without a central custodian. This allows for a dynamic data
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infrastructure that quickly adapts to new opportunities, such as increased data
sovereignty, or evolving needs, like interoperability in the digital era. The deline-
ation of insights into data management approaches reflects various philosophies
around federalization, governance, and sovereignty. Centralized models, such
as data platforms and data fabrics, focus on creating a cohesive platform, while
decentralized approaches, like data meshes and data spaces, emphasize flexibility
and decentralized data control. Our data management matrix, outlined in Fig. 3,
identifies four key roles: Federator, Third Party Accelerator, Monolithic, and In-
house Enhancer. This framework helps organizations select and adapt the most
suitable data management approach for their specific needs within data sharing
contexts. It allows them to choose between a centralized structure that prioritizes
control and governance, and a decentralized one that offers agility and rapid
response to changing demands.

To navigate the increasingly complex landscape of data management, organi-
zations must consider two primary dimensions: governance mode and application
area. Governance mode delineates centralized approaches, which offer unified
governance mechanisms, from decentralized approaches that distribute govern-
ance across domains. Application area differentiates approaches intended for
in-house data sharing within a single organization from those facilitating inter-
organizational data sharing (third-party). This classification informs the struc-
tured data management matrix, which comprises four primary roles:

e Monolithic Role: Centralizes data management, enabling direct access to data
and related services through platforms operated by a single entity. These systems
emphasize control and efficiency.

e Federator Role: Supports a broader data-sharing ecosystem by offering services
such as identity verification and metadata cataloging without directly managing
data. Federators establish trust and interoperability within multi-entity networks.

e Third Party Accelerator Role: Optimizes cross-organizational data sharing by
streamlining data flows, enhancing interoperability, and enabling collaborative

Fig. 3 Data management matrix
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data usage. Accelerators are critical for industries with extensive third-party
interactions.

e In-house Enhancer Role: Refines internal data management processes through
advanced integration, analytics, and governance frameworks, driving operational
excellence within organizations.

These roles can operate independently or in conjunction with one another. For
example, a Monolithic system may oversee a centralized data platform with compre-
hensive control, while a Federator might facilitate mediation platforms that support
proprietary and third-party services without direct data oversight. This flexibility
allows organizations to tailor their data management approach to align with specific
operational needs and existing digital infrastructures.

In-house approaches, such as data meshes and data fabric, often serve as Enhanc-
ers, streamlining internal workflows and improving governance. Third-party
approaches, like data platforms and data spaces, typically act as Accelerators, facili-
tating broader cross-organizational data sharing. While these roles are conceptually
distinct, their practical implementation frequently involves hybrid configurations.
For instance, a data fabric may integrate with a data mesh to combine the benefits of
centralized integration with decentralized autonomy. Similarly, interconnected data
spaces can form a comprehensive data space mesh network, delivering scalable and
interoperable solutions (Drees et al. 2022). Such integrations illustrate the flexibility
and adaptability of modern data management approaches, enabling organizations to
effectively respond effectively to the complexities of contemporary environments.

The conceptual data management matrix not only provides a robust framework
for categorizing and understanding these approaches but also highlights their practi-
cal applications and benefits. It acknowledges that while centralized and decentral-
ized approaches offer distinct advantages, their interplay often results in innovative
hybrid solutions tailored to organizational requirements.

By leveraging this matrix, organizations can strategically evaluate and implement
data management approaches that align with their operational, strategic, and regula-
tory objectives. Such a structured approach ensures resilience and efficiency in the
face of continual technological advancements and organizational changes. Further-
more, this adaptability positions organizations to harness the full potential of their
data assets, enhancing decision-making and maintaining a competitive edge.

5 Discussion

This study undertakes a comprehensive and critical examination of contemporary
data management approaches, including data platforms, data spaces, data meshes,
and data fabrics, to provide a robust theoretical foundation and actionable insights
for advancing the field. By evaluating their similarities, differences, and contex-
tual applications, this research addresses pivotal challenges in data sharing and
management. Centralized approaches, such as data platforms and data fabrics, are
characterized by unified governance, operational consistency, and enhanced secu-
rity measures. These approaches are particularly advantageous for organizations
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with substantial and complex data needs. However, their inherent rigidity often lim-
its their ability to adapt to dynamic and rapidly evolving business environments. In
contrast, decentralized approaches like data meshes and data spaces prioritize agil-
ity, autonomy, and federated governance. These approaches enable secure data shar-
ing and collaboration, reflecting a growing demand for approaches that balance gov-
ernance and control with the adaptability required to meet evolving technological
and business requirements.

Although prior research has clarified distinctions among data warehouses, data
lakes, data lakehouses, data meshes, and data fabrics (Bode et al. 2023), signifi-
cant gaps remain in understanding the nuanced differences between data platforms,
data spaces, and broader data ecosystems (Beverungen et al. 2022). Recent studies
emphasize the critical role of flexible data management approaches to enable fed-
erated data sharing (Hechler et al. 2023d). Among these, data spaces have gained
traction for their ability to address pressing issues such as data sovereignty and inter-
operability (Scherenberg et al. 2024). Political initiatives, such as those led by the
European Commission, underscore the importance of data spaces in fostering reli-
able and sovereign data ecosystems (European Commission 2023). In this context,
data spaces are increasingly recognized as essential approach for maintaining data
sovereignty within multi-organizational environments (Hutterer & Krumay 2022).

Data fabrics and data meshes represent distinct yet complementary roles in mod-
ern data management approaches. Data fabrics excel in constructing Al-driven
architectures to integrate and manage diverse data sources. By leveraging advanced
analytics and automation, data fabric streamlines workflows and provides centralized
solutions for intricate data integration challenges. Conversely, data meshes decen-
tralize governance by empowering domain-specific teams to create and manage
self-service data products. This paradigm fosters organizational autonomy, agility,
and localized decision-making (Hechler et al. 2023a). By systematically reviewing
both academic and industry literature, this study elucidates the roles and contribu-
tions of these approaches, emphasizing their increasing relevance since 2019 (see
Fig. 2). The thematic classification outlined in Fig. 3 extends these insights (Bode
et al. 2023), offering significant implications for advancing Information Systems
(IS) research and related disciplines.

The study’s findings demonstrate that each data management approach is tailored
to specific scenarios, with distinct implications for practical applications. Data plat-
forms serve as an approach for cross-organizational data sharing, acting as central-
ized contact points for stakeholders. CiDAP, for instance, integrates multiple data
sources, offering a unified platform for managing smart city data (Cheng et al.
2015). Data fabrics are particularly effective in automating data management by
incorporating advanced technologies, including Al. They are ideally suited for cen-
tralizing data workflows and integrating disparate data sources within organizations.
For example, the M-Data-Fabric architecture employs metadata-driven techniques
to unify and analyze enterprise data (Liu et al. 2022), while the MEDAL Data Fab-
ric automates data orchestration across data and resource layers (Theodorou et al.
2021). Decentralized approaches, such as data meshes, focus on federated gov-
ernance and domain-specific autonomy to meet internal organizational needs. For
example, a data mesh implemented in smart city applications enhances operational
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efficiency and governance structures (Krystek et al. 2023). Similarly, data spaces
enable trusted, cross-organizational data sharing through secure and reliable data
infrastructures, as exemplified by the Mobility Data Space (Drees et al. 2021).

Collaboration and interoperability among these paradigms are crucial to prevent
conceptual fragmentation and ensure cohesive digital ecosystems. Initiatives like the
International Data Spaces (IDS) and GAIA-X directly address these challenges by
promoting principles of data sovereignty and fostering trust (Tardieu 2022). Addi-
tionally, the concept of a data space mesh, which interconnects multiple data spaces,
offers a scalable and adaptable framework for managing data within trustworthy
ecosystems (Drees et al. 2022). Data fabrics further enhance these initiatives by
providing the technical foundation for data meshes while retaining centralized over-
sight when necessary (Hechler et al. 2023a). By understanding the unique strengths
and limitations of each paradigm, organizations can develop tailored approaches
that optimize data management practices. Ultimately, the integration and collabora-
tion of these approaches will be instrumental in advancing data ecosystems, ensur-
ing their adaptability and resilience amid ongoing technological and organizational
transformation.

6 Conclusion, limitations, and future research

This study provides a detailed exploration of contemporary data management
approaches, specifically data platforms, data spaces, data meshes, and data fabrics.
By elucidating their distinctions, the study demonstrates that each approach offers
unique benefits tailored to the application contexts, addressing diverse organi-
zational needs and data management challenges. Data platforms and data fabrics,
with their more centralized structure, provide a cohesive approach for managing and
controlling data, ensuring broad accessibility and streamlined management. Data
meshes and data spaces, on the other hand, advocate decentralization and focus on
domain-specific data ownership or federated platform ecosystems that improve data
sovereignty for cross-organizational collaboration.

While this study offers significant contributions, it also acknowledges several
limitations. A primary challenge lies in the lack of empirical evidence directly
comparing the real-world effectiveness of these paradigms, as research in this
area remains nascent. The broad scope of this study, while comprehensive, may
not capture all possible organizational scenarios or industry-specific requirements,
potentially limiting the applicability of its findings. Additionally, the dataset ana-
lyzed reflects a snapshot of the continuously expanding body of literature on data
management, underscoring the need for ongoing updates to ensure relevance and
comprehensiveness.

Future research should address these limitations through rigorous empirical
investigations that evaluate the adoption, implementation, and operational impact
of these approaches across diverse contexts. Moreover, exploring the interoperabil-
ity of these paradigms within existing digital infrastructures would yield valuable
guidance for practitioners. Examining their adaptability to evolving data govern-
ance requirements, driven by technological advancements and regulatory shifts,
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could further refine their practical utility and broaden their applicability. An espe-
cially promising area for future exploration involves the development of hybrid
approaches that integrate the strengths of centralized and decentralized approaches.
Hybrid approaches could leverage the governance and integration efficiencies of
centralized approaches while incorporating the flexibility, scalability, and agility of
decentralized ones. These approaches have the potential to address a wider array
of organizational demands, ranging from enhancing data sovereignty to supporting
comprehensive digital transformation initiatives. Investigating the optimal configu-
rations and practical implementations of such hybrid solutions would contribute to
the evolution of resilient and versatile data management approaches. For instance,
studying the integration of data fabrics with data meshes within specific industries
could provide insights into their combined potential to deliver scalable and adaptive
solutions. Similarly, examining the role of emerging technologies, such as Al and
machine learning, in enhancing these paradigms would offer valuable perspectives
on their future trajectories.
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