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Abstract
Data Spaces are an important component in modern cyber-physical systems, for example, digital twins rely on a
semantic foundation for data exchange. However, designing systems that use Data Spaces remains a challenge.
Systems designs must consider not only the requirements and constraints of the cyber-physical system itself,
but (a) incorporate semantic constraints integrated into the digital infrastructure for data generation, and (b)
ensure that the data space is used correctly, to minimise overhead for developers. In this work, we describe
ongoing work on using system models to integrate Data Spaces and their specification into Model-Based Systems
Engineering workflows. Using an industrial case, we show how Data Spaces can be referred to from system
models, and how this enables (a) a system approach to data space-aware components, and (b) a (semi-)automatic
inclusion of semantic data quality attributes into the digital infrastructure.
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1. Introduction
Data Spaces have emerged as the critical infrastructure in modern cyber-physical systems, which have
often been used in digital twin solutions and rely on a semantic foundation for data exchange across
industrial sectors. Driven by regulatory initiatives like the European Data Governance Act (DGA)1,
they provide the necessary governance and architectural blueprints for secure, fair, and interoperable
data exchange.

However, while legal and architectural frameworks are maturing, the practical implementation of
Data Spaces remains a significant engineering challenge. For users and developers, one technical
challenge is to ensure that data exchanged across heterogeneous systems and organisational boundaries
is interpreted consistently and correctly [1]. While the FAIR principles provide the goal, mature methods
for automated, scalable integration in complex industrial settings are not available [2]. At the same
time, Data Spaces must be integrated into existing digital solutions for cyber-physical systems and
infrastructures to avoid long-term maintenance burdens or architectural complexity.

This paper presents a position on how to address the challenges of (a) enabling engineers to provide
reusable blueprints2 for developers, and (b) describing pipelining workflows3 as part of these blueprints
and discussing the use of model-based systems engineering as a solution. The difficulties in applying
model-based systems engineering are based on the following two interconnected (sub-)challenges that
currently hinder the development and broader adoption of Data Spaces from a systems engineering and
developer perspective:
• C1: Integrating Semantic Constraints into the SystemDesign. For data to be truly interoperable,
its semantic meaning and quality must be assured at the point of origin. Currently, a gap exists
between the industrial control and sensing systems that generate data and the semantic rules of
the Data Space. This forces developers to conduct a post-hoc integration, where data are generated
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first and then manually follow some pipelines to ensure data semantic meaning and constraints to
make sure it is ready for Data Spaces consumption. For example, a temperature sensor on a weaving
machine generates some critical measurements. When semantic constraints are not considered
during system design, the system designer typically lacks awareness of the semantic requirements
imposed by Data Space connectors. As a result, the generated data cannot be directly consumed by
a Data Space and need to undergo post-hoc, often semi-manual, integration steps to align with the
required semantic rules. These rules are typically specified in Data Product definitions [3] or in the
IDSA reference architecture, where mechanisms such as vocabulary hubs [4] and asset governance
guidelines [5] define the expected semantics.

• C2: Minimizing Developer Overhead. The complexity of Data Space architectures and standards
can overwhelm developers, acting as a barrier to entry. Making the generated data ready to be shared
with a designed Data Space requires engineers to check the data’s semantic meaning with system
context information, both the engineering system design and how to connect to the Data Space,
which is time-consuming and error-prone. To make data easily shared and used via Data Spaces, a
developer building a data product should not need deep expertise in system design; the integration
should be a simplified, model-driven task.
Model-Based Systems Engineering has been used to tackle similar challenges in interdisciplinary,

large-scale development efforts for cyber-physical systems, where constraints from one engineering
domain must be considered, integrated and referred to from another [6, 7, 8, 9]. It is based on the use
of semi-formal models to describe requirements, system architecture and developed product. These
models may be domain-specific and refer to one another. Semantic technologies are used in model-based
systems engineering to ensure correctness between models or integrate exchanged data [10, 11, 12].
Our core insight is that Data Spaces must be considered at the systems engineering level, and their
specification treated as a model that can be referred to and used for semantic integration of data.

In this work, we report on our ongoing work on using system models with semantic technologies for
addressing these two challenges. We propose a model-based co-design approach where Data Space
semantics are embedded as constraints within the system engineering models and the corresponding
system model knowledge graphs. Building on this foundation, we show how Data Spaces can be
referred to from system models, and how this enables (a) a system approach to build Data Space-aware
components, and (b) a (semi-) automatic inclusion of semantic data quality attributes into the digital
infrastructure tackling the above challenges.

2. Context and Challenge Alignment
This section positions our work within the evolving landscape of Data Spaces, semantic technologies
and model-based systems engineering. We analyse current research to clarify the specific gap our
approach aims to fill.

2.1. Semantic Interoperability in Data Spaces

The reference architecture model for Data Spaces is well-established, with the International Data Spaces
Reference Architecture Model (IDS-RAM) serving as the blueprint [13]. Aiming to provide a basis for
smart services and cross-company business processes, while at the same time guaranteeing data owners’
sovereignty over their content, an ontology has been proposed following IDS-RAM [14]. Current
research increasingly focuses on addressing semantic interoperability, which remains a key barrier
to scalable integration [15]. One notable direction is the Semantic Data Link (SDL) framework [16],
which aims to democratize data description through a layered architecture that separates definitional,
structural, and contextual aspects, independent of specific domains. One complementary work is
building a semantic layer in Data Space, such as federated vocabulary hubs [4], to enable agreement
on semantics across interconnected Data Spaces. In addition to semantic layers, novel methods are
being proposed to automate the matching of heterogeneous data assets using graph and contextual
embeddings [17], and pipelines that extend existing ontologies with a toolkit aiming to enable semantic



interoperability across local data silos and sharing via IDSA connectors [18]. These works address how
to describe, connect, and evaluate data that has already been produced but do not solve the upstream
problem of how to generate data that is natively compliant with these descriptions and quality metrics
from its origin C1.

2.2. Lowering the Barrier to Enter Data Spaces

Minimizing developer’ efforts in building and operating data products for Data Spaces has been recog-
nised as one key challenge [19]. Data Spaces related organizations have already taken initiatives: works
such as Tekniker Data Space Connector tries to pack complex functions (contract negotiation, policy
enforcement) into reusable components with a clean interface [20], and the Simpl-Open initiative fthe
rom European Commission [21] aims to pack various critical and modular components for operating
Data Spaces that users can adopt whole or in part. At the same time, recent research is moving toward
model‑driven approaches that hide architectural complexity. Klímek et al. [22] provide a model‑driven
framework that enables domain experts to define data exchange models and automatically generate the
necessary artifacts. Despite these advances, no solutions provide a methodology that binds Data Space
requirements to system design, while it can be generalised and reduce the workload of Data Space
developers C2.

2.3. Model-Based Systems Engineering

To bridge the methodological gaps identified above, we look beyond traditional IT integration patterns
and aim to employ the benefits of Model-Based Systems Engineering (MBSE). Systems engineering is
a transdisciplinary and integrative approach to managing complex engineering projects [23]. At its
core, MBSE aims to connect different engineering disciplines by providing an integrative, overarching
perspective across the entire design and operation lifecycle of a system. We argue that by extending the
system model to include digital semantic contracts, we can shift Data Space compliance from a fragile,
post-hoc IT task to a rigorous, systems engineering property.

3. Model-Based Approach to Data Space Readiness
Next, we report on ongoing work that utilises system models to address the challenges of semantic
interoperability between system design and Data Space compliance C1 and developer overhead C2.

3.1. A Systems Approach to Data Space-Aware Components

We present our core position that the challenges C1 and C2 cannot be solved solely by more compre-
hensive ontologies or better data connectors. These issues are raised from a data-first paradigm, where
integration is treated as a reactive, post-hoc task. To overcome these challenges, we propose a shift
toward a system-first approach, enabling the creation of natively Data Space-aware components.

The core of this shift is a design framework that positions the system model as the authoritative
source for orchestrating Data Space integration and explicitly describes not only the internal logic of
designed systems but also their conceptual data connectors. To be specific, this design requires system
models to include:

• Where the Data Space connector is connected: Explicitly modelling where the Data Spaces
connector resides in the system model and identifying where information exits the system
boundary to be delivered to the Data Space. This establishes that the integration point is an
intrinsic part of the system design.

• What part of the Data Space specification is related: Defining what information is being
shared, its intended purpose, and the specific semantic and technical requirements it must fulfill.
This ensures that the system’s output is aligned with the requirements of the target Data Space.
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Figure 1: The system model describes the relation of the Data Space connectors to the rest of the system, as
well as their relation to the semantic constraints defined by the Data Space. The implementation can then make
use of these explicit references during development.

By leveraging semantic technologies, modern modelling languages, such as SysML v2 [24], the
Ontological Modeling Language (OML) [25], or the Information Modelling Framework (IMF) [26],
are able to serialise system models into RDF-based knowledge graphs. This semantic grounding
allows engineers to incorporate digital exchange requirements directly into the engineering model,
transforming the system model into a unified foundation for both physical and digital design.
Consequently, this facilitates a design-and-assure workflow that automates the generation of compliant,
self-describing information units. By capturing the essential context of data exchange at the source,
this approach yields several advantages.

For one, it is easier to integrate semantic constraints directly into the system model and enforce them
in the final system. Instead of treating technical and semantic requirements as secondary considerations,
they become intrinsic to the component’s definition. This fusion ensures the model captures the system
context from the beginning to prevent the typical loss of constraints in post-hoc integration, where the
integration is not enforced by the model.

As the constraints are integrated, it is possible to validate them earlier, which is indeed one of the
main advantages of model-based systems engineering [27]. Because the data-generating components
and conceptual Data Space connectors are modelled in one system model, engineers can perform early
validation and verification on a system level. This ensures that the system-data design is physically and
semantically consistent before deployment. As the system model is designed to be Data Space-aware,
the system integration and data integration can operate on a shared foundation.

The relation between the systemmodel, which describes where the Data Space connector is w.r.t. other
components of the system, the system implementation, including this very Data Space connector, and
the semantic constraints and vocabulary defined by the Data Space specification are illustrated in Fig. 1.

3.2. System Modeling

In the following, we describe how we apply the system-first paradigm using the Information Modelling
Framework (IMF) [26] to structure the system design. While other semantic-enabled systems modelling
languages, such as SysML [24] or the OML [25] possess the theoretical capability to support this
workflow, we employ IMF as the primary workflow within the context of our current EU research
activities.

The IMF provides a structured methodology for describing complex systems through three core
elements: blocks, terminals (ports), and connectors. One defining feature of the IMF is its multi-aspect
approach, where every element is characterised by aspects such as product, function, or location to
ensure the design structure and context of the system are preserved. The framework is built upon a
formal semantics that enables the serialisation of the system model into RDF knowledge graphs.

During the system modelling phase, our approach extends the traditional systems engineering
architecture by explicitly integrating the conceptual Data Space connectors into the design. We model
the conceptual Data Space connector as an imf:Block, which interacts with internal system components



Figure 2: Semantic System Model referring to a Data Space Specifications

through its terminals. This fulfills the ”Where” requirement of our framework: it establishes a definitive
interface where internal operational data transitions into a sovereign, externally shared Data Space.
By anchoring the connector as a distinct block, we explicitly define the boundary of data sovereignty
within the system’s topology.

To address the ”What” requirement, we configure these connector terminals to act as binding semantic
contracts. Based on the target Data Space’s specifications, we enrich the terminals with attributes with
precise quantifiers such as required units of measure, measure constraints (e.g., lower limit, upper limit),
and mode (e.g., design, operating, allowable). In this way, we describe exactly what type of data, and
under what quality constraints, the system is authorised to exchange.

Because these rigorous exchange specifications are embedded directly into the system model, serial-
ising the model into an RDF knowledge graph yields a powerful result: the Data Space requirements
become intrinsic to the graph. During the serialisation, we can specify which external ontologies
mandated by the Data Space that we need to map to. The resulting system model knowledge graphs
serve as a computable ground truth that binds the generated data to its engineering context. This
unified graph foundation not only dictates the generation of compliant data products but also supports
advanced reasoning, allowing engineers to automatically query and verify that the physical system
design satisfies all external Data Space constraints long before actual deployment.

4. Use Case in the Data Space for Manufacturing Equipment

Fig. 2 shows a system model in the IMF language for a simplified use case in the SM4RTENANCE Data
Space for Data Exchange for Manufacturing Equipment. IMF is a system modelling language which
interprets system models as knowledge graphs4.

Itema is amanufacturer of weavingmachines, which transmit information about their state, concretely
the data collected by an optical sensor about the wear on a certain part of the machine. Itema also
offers a cloud-based predictive maintenance service. This service relies on data products exchanged
between the owner of the weaving machine and the cloud infrastructure to function effectively across
organisational boundaries. The system must securely share high-fidelity operational data.

The model consists of three parts. The yellow elements at the top denote the required functions to
monitor the system, transmit the data from the monitor to an interface and gather the data from all

4https://www.imfid.org
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monitors in that interface. The blue elements below are a system breakdown of the weaving machine,
annotated with data, such as the ID of the sensor and the sensor.

Finally, the Data Export and Data Import realise the connection of the data space, modelled by
extending the Dataspace Connector block. The export is our focus here. At its input, its port describes
what data is collected (e.g., Sensor Status), its type (e.g., Float) and an internal name (e.g., status). Its
output port has three parts. Two describe outputs (e.g., sensor status) and how it is computed (e.g., it
copies sensor and sets the timestamps to the current time). The last gives an idea, composed of the id of
theweavingmachine and the sensor. This describes how this connector has to be implemented, what data
access it needs. The connection itself, the circle in the orange box, refers to the Data Space specification,
concretely the Data Product specification5 [3] for SM4RTENANCE, or the vocabulary hub6 if following
the IDSA architecture, where semantic and federated approaches are available for both vocabulary hubs
and semantic asset management [4, 5]. The outputs sensor status and sensor measurement must
occur there. The model is simplified as the full model is not publicly available, and does not contain
the cloud infrastructure and the actual operational part of the weaving machine for this reason.

Semantics play a two-fold role. First, the IMF model serializes to RDF/OWL knowledge graphs,
allowing it to be checked for consistency w.r.t. logical and other constraints. For example, a SHACL is
used to ensure that the pattern for dataspace-connectors is used correctly. Second, the data exchange is
described in terms of semantic constraints itself by referring to the vocabulary of the Data Space. Thus,
one can query the IMF model for these constraints.

The system model addresses the identified challenges as follows. Challenge C1 is addressed by the
explicit references to the constraints in the system model. The semantics of data is, thus, a first-class
citizen of the system design, and must not be added after deployment. Early validation can be done
on this level: For example, the semantic constraints require that the ID of the machine is transmitted,
which in turn requires already in the design of the weaving machine, it must be considered which
element’s ID is used and how to transmit it to the data connector. Challenge C2 is addressed by giving
the developer of the data connector a system model that can either be refined into executable code, or
used as a requirement for manual development. This system model, as described above, can also be
queried to automatically retrieve information needed to develop and deploy a data connector.

5. Discussion

The Itema use case demonstrates the feasibility of using a systemmodel to include Data Space connectors
together with semantic technologies, such as vocabulary hubs, in system design to enable engineers
to provide reusable blueprints that can serve as a description of the workflow and pipeline to be
implemented by software developers. Through our ongoing work, we also notice that the proposed
method introduces new methodological and technical challenges.

Our framework requires system model to be mapped to external semantic specifications (e.g., specific
ontologies). The first challenge is that it shifts the semantic integration burden onto mechanical or
systems engineers, who may lack expertise in formal knowledge representation. Existing tools and
languages use different approaches to connect a system model with an ontology and corresponding
knowledge graphs, but there are numerous companies and domains that are currently combining systems
engineering and semantic technology. Thus, there is no clear best practice right now, bridging the gap
between systems engineering tool and semantic web standards is a current challenge beyondData Spaces.

In addition, as we scale from single machines (like the weaving machines) to entire factory floors or
System-of-Systems design, the resulting knowledge graphs will become complex. It remains unclear
whether the computational performance of graph-reasoning engines when verifying extensive semantic
contracts scales across millions of interconnected nodes.

Despite these methodological and technical challenges, the additional effort required for semantic
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enrichment during design is outweighed by the potentially substantial reduction in manual and error-
prone data integration during deployment. While our approach does not eliminate the need for mapping
over time, embedding constraints natively in the system model provides traceability. In this sense, the
proposed approach shifts effort from post-hoc integration to system-first and early-stage formalisation,
resulting in a more robust and maintainable Data Space architecture. As this work is preliminary, future
empirical validation and tooling are needed to fully assess its value.

6. Conclusion

We have presented our vision and ongoing work on combining system engineering and semantic
technologies to make semantic constraints a formally grounded component in system models and use
these system models then as structured and queriable requirements for software developers. We are
currently investigating further uses for dataspace-aware system models, for example, to provide a
Digital Thread or as an enabler for self-adaptation [28], and are developing a methodology, including
patterns, to enable practitioners to use our approach.
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