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Abstract: Engineering workflow management enables the digital representation and management of various
collaborative engineering processes. However, additional knowledge in the minds of involved domain experts is often
crucial for executing these processes efficiently. Additionally, most small and medium-sized enterprises (SMEs) do not
have an adequate IT infrastructure for sufficient information management. This paper presents a generative Al-based
approach to gather and integrate heterogenous digital data objects and undocumented expert knowledge into a linked
meta model.
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1 Data Integration as Prerequisite for Systems Engineering Processes

With the increasing complexity of (smart) products, product development processes require an increasing amount of
integration and teamwork between different engineering disciplines (e.g., mechanics, software, electronics) (Tomiyama et
al. 2019). This interdisciplinary collaboration generates several data sources, leading to challenges, particularly in terms
of growing effort for their management (Dong und Srivastava 2013). Especially in the domain of information technology
(IT), this means that data from the software systems commonly used in these disciplines must also be integrated.
engineering disciplines require software systems like Model-Based-Engineering software or 3D modelling software to
perform the requirement traceability or the digital construction, whereas mechanical technicians in production use CAD-
Modell in CNC router software and generate various data. State-of-the-art development methodologies, e.g., the VDI 2206
V-Model (2206) or System-Driven Product Development (Salehi et al. 2017), can be used to manage this complexity and
to link data from different information sources within a value-creation network. These methodologies are crucial in
reducing unnecessary steps and accelerating innovation processes in product development (Mollahassani et al. 2023).
Similar challenges can be seen in other areas of engineering data management, such as the integration of necessary data
in the creation of digital twins (Layer et al. 2023; Wilking et al. 2022). The latest research visions and current research
approaches in the field of Al-supported systems modeling and geometry modeling have already shown enormous potential
to support these methodologies (Chami et al. 2022; Gerschiitz et al. 2023). Especially in small and medium-sized
enterprises, limited resources often lead to a generally lower maturity level of engineering data integration. In particular,
not all data is managed in an advanced software solution, e.g., a PLM system. In addition, changes to the IT infrastructure
are often not implemented immediately as this would disturb day-to-day processes. Even in larger companies, there are
often several legacy IT systems that contain important information that is not integrated into a coherent metamodel.

A practical data integration has the potential to improve various design and systems engineering processes. For example,
an immediate use case for an integrated data access is an enterprise-wide search. More specifically, an integrated data
model that makes it easy to connect related data objects from different systems can vastly improve impact analysis for
engineering change management (Ernst 2016), or simplify the preparation of data for industrial data analytics (Deuse et
al. 2024). This paper presents an approach towards data integration as well as specific improvements on the basic approach
to make it more usable in the context of small and medium-sized enterprises (SMEs), using both Al and conventional
methods to simplify the integration process.

2 Engineering Data Integration for SME

Consolidating experiences from several industrial use cases across past research projects (e.g., the publicly funded projects
InnoServPro (Aurich et al. 2019), InAsPro (Aurich et al. 2020), and AKKORD (Deuse et al. 2024)), we have identified
several barriers to digitization efforts in the context of SMEs. While defining universal requirements for all SMEs is not
possible, the following general requirement clusters (RC) can describe the challenges that must be addressed.

Low impact on day-to-day operation: A fitting data integration solution must be easy to implement, as the day-to-day
business cannot be put on hold for disruptive changes in the company's IT infrastructure. More specifically, in SMEs, there
are often existing IT systems that cannot be easily replaced. These systems have typically been chosen in isolation and are
not necessarily compatible. Thus, a data integration should not require replacing existing IT systems (RC1).
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Required effort: Additionally, there is often no dedicated in-house software development team, so the development effort
should be minimized. This rules out approaches requiring comprehensive software solutions built around an all-
encompassing data model (RC2).

Pragmatism over conceptual purity: In the spirit of finding a pragmatic approach, a potential solution should be
available in a usable form. Approaches like the Open Services for Lifecycle Collaboration (Amsden und Speicher 2021)
can be seen as an ideal solution in theory but often require context-specific extensions or awaiting the completion and
subsequent adoption of additional specifications (RC3).

Existing Best Practice Solutions: Finally, a data integration strategy should follow best practice principles from software
engineering, e.g., it should satisfy the single source of truth principle. This also includes the usage of open standards and
following the Linked Data principles, which approaches such as OSLC already do (RC4).

Several existing approaches at managing data from all phases of product development, product lifecycle management, and
enterprise resource planning integrate different data sets across several hierarchy levels. Some of these approaches address
the integration of heterogeneous engineering data sources (Bergsjo et al. 2006; Gerhard et al. 2023) following different
basic strategies for engineering data integration.

Monolithic IT integration

One approach is the integration of all necessary data into a monolithic IT system. The integration process can be supported
using various advanced techniques to ease the transition (Stark et al. 2014). This results in a very coherent solution but,
by definition, requires the existence of one such system. In an existing IT landscape, it is not always achievable to move
everything into one system, especially in scenarios where several different, incompatible systems have been used for a
long time.

Redundant Synchronization

Another approach is synchronization via a standard exchange format. In this case, all existing systems can continue to
exist. However, duplicating information in several systems brings its own challenges: If different copies of a data object
contain conflicting information, determining which information is authoritative is a nontrivial task. Additionally, copying
information comes with increased memory consumption. Finally, the exchange format must address all edge cases of the
representations found in each source system. Data exchange formats such as those defined within the Application Protocols
of STEP have been used in practical solutions (Petzelt et al. 2010). Commercial solutions in this space can work quite
well, as can be seen in (Bajaj et al. 2017). However, the authors point out the effort that must go into ensuring consistency
across synched objects.

Decentralized Linking

A third approach is the use of decentralized approaches. Here, data objects remain in their respective source systems. Data
objects from other source systems can be used via links and querying the other source system on demand. This approach
is very promising, but it also requires a common interface that can handle all requirements from all source systems.
Existing approaches like OSLC only cover a subset of these requirements, and additional extensions are necessary, leading
to an additional development effort and a not wholly compatible solution.

Based on these conditions, a hybrid solution that requires no duplication of big data objects but is also not completely
decentralized can be used. Although not originally designed specifically for SMEs, previous research has led to a hybrid
approach towards data integration.

Metadata-based data integration

The metadata-based data integration approach takes some key concepts from the previous approaches. The general
structure is depicted in Figure 1. Metadata-based integration includes a common integration platform, but instead of storing
all integrated data (like in the monolithic approach), only metadata about the existence of a data object or a link between
data objects is stored in the integration platform’'s Metadata Store. The actual data objects remain in their original source
system. Like in the decentralized linking approach, data can be queried from the source systems using REST APIs.

Instead of relying on all software vendors to implement compatibility for this approach, each source system is connected
to the integration platform via a small connector. This connector has to be developed for each new system individually but
only requires the implementation of a small interface to the platform's core component. The communication between the
systems and the core works via REST interfaces; all data is exchanged using the JSON format. The core manages a graph
with metadata about all objects stored in the source systems and their connections. One central aspect of the solution is
the fact that new nodes and connections can be added to the graph to represent connections between data objects across
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system orders. Data in different systems about the same conceptual object (e.g., part data from a PLM system and
corresponding work plans from the ERP system) can be merged into conceptual meta-nodes.

mmmme Al Support

Metadata Store

Metadata-based Integration Platform

| | | |

Connector Connector Connector Connector

Figure 1 Metadata-based integration architecture

The specific improvements to this approach described in this paper introduce an Al support mainly used to generate
connections in the metadata store.

The approach helps to address the requirements of RC1-RC4. In particular, RC1 is satisfied, as the existing source systems
can be used as before. The development effort (RC2) can be reduced by choosing a simple model for the connectors and
by leveraging the Al support. The use of minimalistic connectors addresses the challenges of RC3, as the approach does
not presume that all source systems already speak a common language. Adherence to best practice solutions (RC4) is
possible in all described approaches except for synchronization-based approaches, which violate the single-source-of-truth
principle by definition.

The Semantic Product/Process Information and Digitized Engineering Repository (SP2IDER) is a software solution for
integrating heterogeneous data sources based on creating a lightweight integration solution. The general structure of the
platform follows the metadata-based approach described in this section, although it did not include an Al support
component. The system has been described in previous publications (Eickhoff et al. 2020). The SP2IDER platform does
not require a complex data model. The metadata graph only consists of objects and connections. However, the platform
distinguishes between objects and types. Additional nodes and edges can be introduced on both the object and the type
level. This makes it possible to import existing ontologies or type hierarchies and link them to the types extracted from
the connected data sources. Integrating the types specified by OSLC or STEP profiles and providing additional API
functionalities could make the system compatible with those approaches at the cost of additional development effort.
Previous descriptions were based on the idea that the mapping of data types across system boundaries can be performed
manually (Eiden et al. 2021). The system forms the basis of the software support developed for this paper.

3 SME-adapted Data Integration

Adapting the metadata-based approach for SMEs, in particular, opens up the potential for further improvements. In
particular, the effort required in merging data from different source systems can be reduced by using an Al support.
Additionally, to improve the approach's practicality for SMEs, measures need to be taken to address the ad-hoc nature of
IT infrastructure in SMEs.

To address the first point, it should be noted that the metadata store currently uses no standardized ontology or general
data model. This simplifies the development of the platform and new connectors but poses the question of how the
heterogeneous data models of the different source systems can be merged into a coherent metadata graph. The existing
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solution in the SP2IDER platform has been described in (Eiden et al. 2021). However, at that point, the mapping at the
data type level always happens manually. In this paper, we will present additional developments toward the automated
generation of data mappings on the data type level based on generative Al.

For the second point, small and medium-sized enterprises often use ad hoc solutions for storing data in addition to more
structured systems like PLM systems. Important data objects can often be found on network drives, ad hoc databases, and
sometimes mission-critical Excel spreadsheets. The existing connectors for the SP2IDER platform connect to structured
systems. In this paper, we will present an approach towards integrating data from these less structured sources into the
metadata graph.

4 Improved Data Model Mapping Using Generative Al

The basic problem of data model mapping is as follows: Different systems A and B each contain several different data
types. Each type has a set of attributes. Some of these types may correspond to each other. Corresponding types can be
found by comparing the types' names and their respective attributes. However, the structure of data types can be different
across systems. The SP2IDER platform only requires that each type is given as a JSON object, with only a few standardized
attributes (e.g., the type's name, source system, ...). Everything else is provided using the names and structure provided
by the system's internal representation. This makes the problem of finding similar types in two different systems difficult
to solve by traditional algorithmic approaches.

The recent advances in the field of generative Al offer another approach. Large language models (LLMs) that are capable
of analyzing text in several human languages and computer languages. In particular, LLMs have been used to generate
JSON code. A naive solution to the mapping problem is to copy the types' descriptions from the SP2IDER core directly to
a publicly available LLM (e.g., ChatGPT) and simply “ask nicely” to find similar types and provide a data mapping in the
required format. However, this leads to suboptimal solutions for several reasons.

First, the model might not generate the answer in the required format. Even though many popular LLMs use computer
programs in various programming languages in their training data (including both actual JSON data and its inspiration,
JavaScript data literals), the models are usually focused on generating text in natural languages and tend to add
explanations to any program code they generate.

Second, the generated mapping might not be valid or correct. LLMs tend to confabulate output that looks plausible but is
not necessarily based on facts. Specifically, the model can make up types that do not appear in the corresponding source
system, or it might map types to each other that do not fit together. Based on these risks, we propose a process with four
steps that can help to ensure correctness. The process is shown in Figure 2.

The type’s descriptions are fed to an LLM, together with a prompt describing the desired output. By providing some short
example output within the prompt, we can guide the model towards the correct format, described as ’Few Shot Learning”
(Karpathy 2023). Additionally, a grammar file is used to force the model to generate only valid JSON output and to ensure
that each mapping entry contains all required data. This ”Grammar-Constrained Decoding” approach has been described
in (Geng et al. 2023). Together, these two steps ensure that the output has the correct structure.

After the LLM generates a suggested mapping, we use a conventional program to filter out all mapping entries that try to
map a type that does not exist in the corresponding source system. This can be achieved by comparing the generated
mappings to the data types present in SP2IDER’s metadata graph. As proposed in the original description of the mapping
engine, the resulting mapping is then checked by a domain expert to filter out any unsuitable mappings.
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Existing Data Models

{ {
"type" : "Artikel", “type" : "Part",
“spider_system" : “cim-db", “spider_system" : “aras",
"spider_uri® : "http://cim...", “spider_uri" : "http://aras...”, i
"source" : { “source” : { Grammmar Flle
"@id" ;| “type” & root  ::= mapping
"cdb_clag  rtype" : "Benutzer”, “attribul  ttype" : "user", value ::= object | array | string | number |
"spider_system" : “"cim-db", “spider_system" : "aras", ("true” | "false" | "null") ws
} "spider_uri" : "http://cim...", } “spider_uri” : “http://aras...”, object ::=
} "source" : { } "source" : { " ws (
"@id" : "http://cim...", "type" : "ItemType", string ":" ws value
"cdb_class_name" : “"cdb_class", “attributes” : {...}, ("," ws string ":" ws value)*
)? "} ws
} }
} }

Constrain
Model
Output

Insert into
Prompt

Prompt (simplified)

»Find corresponding data objects
in the input data at the end of
this imput text. For each pair of
data objects coming from the
spider_systems cim-db and aras
respectively, list the following
JSON output:

Large Language Model

Filtering

Data mapping

"cim-db type": "Artikel",
"aras-type" : "Part",

Automated

o
[ ]

Domain expert

Figure 2 Al-based mapping procedure

5 Connector for Network Drives

Information retrieval from network drives has become challenging due to various individual data storage customs and the
vast number of stored files (Zhou und Li 2012). Various departments frequently use different information sources, creating
challenges in seamlessly sharing and managing data. We often spend substantial time seeking accurate information, such
as definitions and reports, in unstructured drives. This situation becomes more challenging when the data owner has
already left the company, where nobody knows where the files are and what they contain.

One approach in this use case is the implementation of a platform component that can consider the files and folders in a
network drive as objects and categorize them based on their properties. If the folder in the information's sources contains
recursive folders, they will all be listed. The mentioned platform fetches the pertinent object's properties (metadata),
identifies, and lists all found metadata to selectively filter them based on the expressions or a group of expressions set by
the user. The first step to look for files with relevance is to identify the properties that fit the looking Keyword or a group
of keywords with a high probability. The SP2IDER platform saves the found metadata and requires a connection to the
data source system and a bilateral communication instance known as a connector (Eyers und Voulgaris 2022). Connectors
enable a defined data transfer from network drives to the platform and in the other way. This connector has access to file
metadata like file name, extension, creation, or modification date for the file classification. Further information, such as
the file owner, can be extracted and used to track the collaboration between colleagues. Files with relevance can be found
with this approach and stored in a more structured repository.

A second approach relates to a scenario, such as finding documentation for a device or seeking specific information related
to the usage of a device component. Many SMEs use an unstructured knowledge repository or more repositories. They
store all kinds of information, such as observations, videos, and communication records, in files and use them to accelerate
daily work. It is useful to collect all of them to enable a better understanding of new tasks and potentials (Okoli und
Schandl 2009). This approach aims to explore the feasibility of configuring a new connector capable of looking for a
keyword or a group of keywords within company drives and generating knowledge. A search algorithm can be used to
enhance the efficiency of the research and significantly reduce the search time. A knowledge integration mechanism
employs the connector to identify and open accurate files at a high level of abstraction. The connector considers all files
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as objects, with their content acting as their attributes. Additionally, the search results include some content keywords that
can be processed to provide clues for understanding workflows in a company and interpreted as new knowledge source
and are enriched with user’s expertise, consolidated into new knowledge resources. Through an integration platform, this
knowledge can be linked to existing data objects. This approach assists users in creating new expertise from existing
information and ensures not only the knowledge transfer between colleagues but also an efficient data exchange.

6 Prototypical Implementation of the SME-adapted Data Integration Approach

The SP2IDER platform is currently being developed as a Python program. The metadata store is based on the existing
graph database ArangoDB. The Al-based mapping engine is implemented as a component within the SP2IDER core. As
such, it only needs to consume the SP2IDER core's data model and generate mappings accordingly. The mapping procedure
itself is also implemented in Python. The LLM used for the mapping generation is run as an external process; the
communication works via a REST interface. The particular model we chose was leo-hessianai-13b-chat-bilingual (Pluster
2023), which was chosen for its multilingual capabilities as well as its modest hardware requirements. The model is
licensed under the Llama-2 community license, which allows small and medium-sized enterprises to run the model in a
commercial context (Touvron et al. 2023).

Mapping Engine

Suggested Mapping for System 1 and System 2
Show invalid mappings (lka-this)

System 1 type name System 2 type name Include in data mapping

Part Artikel
Part Bauteil
Identity Benutzer
File cdb_file
Requirsment Document requirement_document
Order ariey D
Product Produkt
Relationship cdbral

JSON for Mapping

[
{
"system-1-type": "Part”,
"system-2-type" : "Artikel",

"system-1-type": "Part”,
"system-2-type" : “"Bauteil”,

s

"system-1-type": "Identity”,
"system-2-type" : “"Benutzer”,

e

"system-1-type”: "File",
“system-2-type" : “cdb_file",

-

"system-1-type”: "Product”,
“system-2-type" : “Produkt®,

Figure 3 Prototypical Implementation of the Al-supported mapping engine

The network drive connector is implemented as a regular SP2IDER connector. Advanced functionalities like semantic
search can also use the LLM component to provide embeddings for textual documents.

Applying the Al-based mapping engine to a newly connected source system (e.g. a network drive) helps to integrate the
connected data to the existing data models. Figure 3 shows a preliminary user interface for the final manual check of such
a mapping.

The generated mappings show the potential of LLMs in reducing repetitive tasks (corresponding data objects which have
the same name in different languages are identified with a high accuracy). On the other hand, the prototype also highlights
the necessity of a final check by a domain expert, as the model includes “hallucinated” data types and nonsensical
mappings. The quality of the results varies with small modifications to the system prompt or changes to the parameters
that control inference on the LLM.
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After the mapping is generated, the unified data model can be used to access data from the different sources via the
integration platform. The platform provides a visual representation of the metadata graph, including search functionality
across all connected data sources. This can be used to improve processes such as engineering change management (Ernst
2016).

7 Future Improvement Potential for the Al Support

Both the Al-based mapping improvements and the network drive connector are currently being developed further. The
precision and correctness of the Al-based mappings could further be improved by using a more capable language model
or even a model that has been fine-tuned to this particular use case. Additionally, advanced techniques such as Retrieval-
Augmented Generation could be used to enhance the model's understanding of the problem space (Lewis et al. 2001). For
the network drive connector, advanced semantic search capabilities could be provided using the upcoming multimodal
LLMs to provide semantic search capabilities for images and video files. This involves executing a semantic search into
the found files. The research results could then be processed or displayed as pop-up windows. This allows the user to read
the highlighted information in each pop-up and select the one with the most relevance.

Further processing of the generated knowledge items could also be considered. Found knowledge items could not only be
displayed and highlighted. They could also be used from an algorithm that performs a series of analyses and stores the
information on a knowledge basis, which is the foundation of a chatbot. The user interacts with the chatbot; he is required
to enter his questions in the chatbot's text dialog and should receive more content-specific information.

8 Conclusion

The presented concepts and software prototypes provide a metadata-based approach to data integration. While a
completely decentralized approach is a conceptually cleaner model, the introduction of a metadata store allows for a simple
management of data links across system boundaries. The presented extensions make the existing platform more capable
(by integrating generative Al into the data model mapping process) and more practical (by acknowledging the existing
"shadow IT" in companies and providing a method of integrating network drives into a coherent metadata management.
Both extensions should not be seen as individual, finished solutions but as building blocks along the way toward more
coherent information management.
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