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Abstract

Semantic integration across diverse data sources is a major challenge. This paper
proposes a framework leveraging Data Spaces and International Data Spaces
(IDS) connectors to develop an evolving domain reference model. Our approach
proposes the use of a continuously enriched knowledge graph (KG), combined
with intelligent unification techniques like knowledge completion and alignment.
The framework integrates heterogeneous data using knowledge and data wrap-
pers, extractors, and mappings, resulting in an updated domain reference model
that adapts to new information. This approach not only supports the semantic
integration process but also enhances the discovery of hidden relationships and
insights within the knowledge and data, contributing to a comprehensive and
evolving understanding of domain-specific knowledge.
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1 Introduction

Reference models, often referred to as ”universal models, generic models, or model pat-
terns” [1], are crucial for understanding domain-specific structures. Gray and Rumpe
[2] expanded this concept by introducing the importance of the expert and their
domain knowledge, defining a reference model as a domain-specific structure that
clearly expresses the expertise produced by an expert or body of experts.
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In the context of Data Spaces and IDS connectors, these reference models may
support the semantic integration of knowledge and data. Data Spaces emphasize the
sovereign and sharing of data across various domains, requiring robust semantic inte-
gration solutions. A domain reference model represents a set of models within the
same domain and its multi-relational contexts, making a graph-structured data model
suitable for representing domain knowledge.

Due to this, KGs are, as defined by many authors, data models that can represent
and extract knowledge using deductive and inductive techniques, integrating infor-
mation from diverse, dynamic, and large-scale collections of data [3–5]. Experts may
model the same domain differently, reflecting their unique perspectives and techni-
cal understanding. Combining these varying perspectives to create a comprehensive
domain reference model is a complex task, often referred to as knowledge fusion or
knowledge integration. Our proposal aims to address this challenge by providing a
mechanism for the continuous evolution and validation of the domain reference model.

This article proposes a novel framework that leverages evolving KGs to address
the semantic integration challenges inherent in Data Spaces. By accommodating
the dynamic nature of both data and domain expertise, our approach ensures that
the domain reference model remains current and accurate, thereby enhancing data
interoperability.

2 Background

The knowledge fusion problem was described in the study of Dong et al. [6] as the
process of employing multiple knowledge extractors to extract values from each data
source, and then deciding the degree of correctness of the extracted knowledge. The
both definitions of knowledge fusion problem are strongly aligned with the Gray and
Rumpe [2] definition of domain reference model.

A significant challenge in updating a domain reference model is the requirement
to reevaluate the knowledge and data each time new information is added [7]. This
is because new knowledge and data can potentially change the context or validity of
previous integrations (become outdated [7, 8]) in earlier integrations. As a result, not
only must the new knowledge and data be integrated, but the entire model must also
be reassessed to ensure that all integrations remain coherent and accurate.

KGs, due to their flexible structure, offer a promising approach to this challenge.
However, traditional KGs do not incorporate evolving features, where knowledge
dynamically grows and changes over time to include continuously emerging new facts
[9]. In the process of incremental construction of KGs, the input encompasses not only
the new data intended for addition, but also the existing version of the KG [10]. The
research of Liu et al. [9] identifies key differences between traditional KGs and evolving
KGs. The authors argue that evolving KGs depict interactions across different gener-
ation times, adding a temporal dimension that traditional KGs cannot model due to
their inherent incompleteness.
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3 Proposal

Semantic integration across multiple data sources and domains is a significant chal-
lenge in today’s data-driven world. Our proposal. depicted in Figure 1, leverages Data
Spaces and IDS connectors to create an evolving domain reference model that tackles
this challenge effectively. The accompanying diagram illustrates our approach, which
centers on continuously enhancing and updating a domain-specific KG. The starting
point of our approach is the Domain Reference Model Knowledge Graph. At
this stage, the KG encapsulates the current state of domain-specific knowledge, includ-
ing entities and their relationships. This graph serves as a foundation upon which we
build and refine our understanding of the domain. To enrich this model, we employ
Knowledge and Data Intelligent Unifiers.

These methods perform essential tasks such as blocking, linking, knowledge com-
pletion, and alignment. By doing so, they ensure that the KG is accurate, complete,
and well-aligned with various data sources. Next, Knowledge and Data Wrappers
encapsulate the extracted knowledge and data, preparing it for integration into the
domain reference model. This step is crucial for maintaining the integrity and usabil-
ity of the integrated information. An Assessment phase follows, where the quality
and relevance of the integrated knowledge and data are evaluated. This step ensures
that only relevant information is incorporated into the evolving model. T

TheKnowledge and Data Extractors and Mappings components are respon-
sible for extracting knowledge and data from a variety of external sources, including
schemas, ontologies, domain vocabularies, and data through the IDS connector. The
extracted information is then mapped onto the existing domain reference model, facil-
itating seamless integration. This integrated knowledge and data lead to the creation
of an updated Domain Reference Model (t+1). This new version represents the
next stage in the evolution of the domain model, enriched with new knowledge and
data. Our framework can operate within the broader ecosystem of Data Spaces
(k+1). Data Spaces represent the diverse and dynamic data environments from which
new knowledge and data are continuously sourced. The iterative nature of this process
ensures that our domain reference model remains relevant and up-to-date.

Our approach addresses the semantic integration problem by creating an evolving
domain reference model that adapts to new knowledge and data. This model benefits
from the robustness of KGs and the standardized data exchange provided by IDS
connectors. The process involves:

• Incremental Evolution: Continuously updating the domain reference model with
new knowledge and data.

• Intelligent Unification: Ensuring the integrated knowledge is accurate, complete,
and aligned.

• Dynamic Adaptation: Iteratively enhancing the reference model to keep pace
with evolving domains and data sources.
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Fig. 1 Proposal of an Evolving Domain Reference Model framework to a Data Space

4 Conclusion

This paper introduces a novel framework designed to address the complexities of
semantic integration within Data Spaces. By leveraging evolving KGs and intelligent
unification techniques, our approach enables the creation of a dynamic and adaptable
domain reference model.

A key challenge that remains unexplored is the assessment of the validity and
the relevance of knowledge after new integrations. Furthermore, ensuring that the
information is not outdated and remains accurate is still an ongoing concern. There-
fore, the dynamic process of alignment must be continuously improved to handle
the growing and changing nature of KGs. This includes developing artifacts (meth-
ods, models, frameworks, etc.) that can adapt to new knowledge and data, ensuring
seamless integration and accurate alignment.

Future work will focus on refining the knowledge and data extraction and mapping
processes, as well as exploring advanced techniques for knowledge completion and
alignment. Additionally, we aim to evaluate the framework’s effectiveness in real-world
Data Space scenarios, further solidifying its potential to improve semantic integration
in the ever-evolving landscape of data-driven technologies.
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