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Abstract. Decision-making in complex production environments is
challenging as the information and knowledge requirements must
be constantly observed since the ecosystems they operate in are
continuously changing. Artificial intelligence (AI) can tackle complexity
in decision-making by making machines more intelligent. But reacting to
changing or new problems and related decision processes to facilitate the
understanding of the involved humans is an equally important problem.
Therefore, decision support systems are required to assist complex decisions
and enable flexibility to support the decision-makers. Within this scope,
we will introduce the Democratic Al-based Decision Support System
(DAI-DSS), which is designed and implemented within the EU-funded
FAIRWork project, considering both human and machine actors during
decision-making. The FAIRWork project proposes a model-based approach
to both express high-level decision scenarios and formally describe the
decision processes, which are then used as input for configuring the decision
support system to meet concrete decision problems.
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1 Introduction

European manufacturing companies are experiencing growing pressure due to the effects of
international competition [1]. They have to act in global production ecosystems and proactively
adapt to changing circumstances on various levels (e.g., in the design of their supply chain
network [2], legal regulation, market needs, and novel and sustainable production techniques [3]).
Integration of advanced technological capabilities within the management of these production
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environments [4], [5] has played a vital role and affects the way how decision makers (re-)act
in these situations, considering the complexity of such a system where human and virtual/artificial
actors collaborate [6] to achieve a common goal.

The increased complexity within the manufacturing domain impacts decision-making processes
as coordination mechanisms are required, and a shared understanding between the involved actors
is needed. Decision support is evolving from a central, potentially hierarchical structure towards a
decentralized [4], networked setting, bringing it closer to the context where solutions are applied.
Complexity also increases through the number of parameters that influence the decision-making
process. Market competitiveness is enhanced by optimizing production time or machine utilization
within production lines and integrating factors such as resource efficiency, sustainability, energy
consumption or worker well-being.

One example of a decision problem is assigning workers to production lines by considering
various parameters, such as their availability, whether the workers have the required qualifications,
and their current physical condition [7]. This not only includes the planning of the worker allocation
but also quickly adapting the plan to urgent changes, e.g., if a worker is absent or materials are
missing. In such cases, the plan of produced products must be changed, and subsequently, the
workers must be newly assigned. This gets even more complex if the workers’ preferences should
be considered. Therefore, sophisticated decision support is needed.

To tackle such challenges, the Democratic Al-based Decision Support System (DAI-DSS) is
prepared, designed, and implemented within the EU-funded FAIRWork project. FAIRWork is a
collaborative project within the Horizon Europe Programme involving eight partners from six
countries with an overall budget of 3.5 million EUR.

The DAI-DSS supports the configuration of domain-specific decision strategies enabled by
Al-based decision services, which can be applied to concrete decision problems during the design
and operation of production processes.

This article is an extension of 8], providing additional details on the model-based design process
established in relation to the DAI-DSS and how conceptual models can support the configuration of
the DAI-DSS. As the project is still running, this article introduces the first results by presenting the
envisioned architecture and a first prototype for the model-based configuration and orchestration
of decision services.

The development of the architecture and the prototype was facilitated by design thinking
workshops organized in collaboration with the industrial pilot project partners Stellantis/CRF*
and Flex®, following OMiLAB’s Digital Innovation Environment (DIEn) approach [9] [10] and
using the Scene2Model tool [11] as a means to digitally capture the design results as input for the
requirements engineering process. The models created for the model-based configuration prototype
are derived from the design process and use well-established and standardized modeling methods
to enable exchange with other systems and organizations.

The remainder of this article is structured as follows: Section 2 discusses related work and
the theoretical background. Section 3 introduces the project context and idea in relation to the
DAI-DSS. This section is followed by the discussion of the design procedure in Section 4, resulting
in an elaboration of decision support challenges (see Section 4.2). These challenges are input for
designing the DAI-DSS, from the perspective of model-based alignment of decision problems (in
Section 4.3) to the proposal of the architecture of DAI-DSS (in Section 5) and the first model-based
configuration prototype (in Section 6). The article concludes by highlighting the next steps in the
implementation and the industrial evaluation of the results at FAIRWork partners Flex and CRF.

4 https://www.stellantis.com/
> https:/flex.com/
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2 Theoretical Background and Related Work

Multi-Agent Systems. Distributed decision-making is a process where the decision-making
responsibility is distributed across a group of individuals or agents instead of centralizing it with a
single agent or group [12]. Such distributed decision-making is typically modeled using multi-agent
systems. The global system behavior emerges from the interaction of the individual agents. Each
agent contributes to its objectives and has defined knowledge, behavior, and skills. This allows the
development of a management system from a bottom-up perspective. Each agent has a partial view
of the system and must interact with others to achieve its objectives as described in [13]. Agents
operate by an explicit definition of their behavior. Each agent has a formally modeled strategy and
acts according to this definition.

Conceptual Models. As a means to externalize the knowledge in an environment, such as agents’
strategies or definition of the decision logic for a service, hybrid models [14] are required. Hybrid
models address the needs for human expert interpretation such as intuitive readability, graphical
representation, ease of use, and machine interpretation (e.g., formal correctness, completeness, and
expressiveness). This can be achieved by using models of different degrees of formalization to
act as “mediators”. This means that strictly formalized, machine-interpretable models are linked
with less formalized but intuitive and graphically represented human-interpretable models. For
instance, the Business Process Model and Notation (BPMN) is typically used to model business
processes and can act as such a “mediator” as it can be extended, e.g., with Business Process Feature
Model (see [15]) to deal with process variability or as suggested by [16] a separation of business
process and the decision models can be achieved. This is specifically relevant for the DAI-DSS
as the mechanisms are required to move between the formalization/abstraction levels to enable
decentralization (involvement of stakeholders with different domain expertise) and democratization
(transparency for communication). A possibility to represent these hybrid models is conceptual
modeling.

Conceptual models can not only be used as mediators between machine-readable models
and human interpretable models but can also be used to connect high-level design models of
human experts with abstractions of runtime systems (e.g., using Cyber-Physical Systems, CPS),
as introduced in the approach of [17]. This approach implies that the mediation is not only on the
level of mapping and communication but that — assuming well-defined execution semantics of the
underlying metamodel — these models also impact run-time configuration. This means that they
bridge representations of business ecosystems with technical aspects of digital or physical twins. A
prototyping environment, in the context of a product-service system, is presented and discussed in
[9]. Models on different abstraction levels are used and linked together, enhancing the model value.
However, to utilize model value, not only modeling methods but also modeling tools are needed to
implement processing and interaction capabilities. This results in a more understandable planning
process for involved stakeholders in a setting where people have autonomy and use agile methods
to ensure the alignment [18].

Design Thinking. To allow support for designing innovative solutions in complex systems, such
modeling tools must not only be able to manage and process digital models but also support
the co-creation by different stakeholders [19]. For the creation of high-level representations of
complex systems, OMiLAB offers the Scene2Model tool to support design thinking workshops.
In these workshops, physical objects (e.g., article figures) are used to represent the system under
study on an abstraction level that is suitable and understandable. Scene2Model offers an automated
transformation from the physical objects to a digital model: the physical objects are identified and
mapped to a digital model using an ontological lookup mechanism. The identification is feasible
using different approaches, for instance, by enhancing the physical objects with pre-defined tags
[11] or by using Al-based methods to recognize the used objects utilizing trained, domain-specific
neural networks [20]. This Scene2Model supported design thinking approach is specifically
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applicable in the FAIR Work project as it involves the expertise of various stakeholders (production
engineers, shop-floor operators, business management, potentially customers, legal experts) during
the design but also retrospectively during the assessment of the decision-support system.

Artificial Intelligence Services. In today’s industry, individual and complex decisions are
made using Al-based methods [21]. This starts with multi-objective methods [22] that
distinguish between different system concerns, such as interacting with a digital twin or
applying individual decisions. Other Al techniques are used to improve the multi-dimensional
optimization of these multi-objective solutions, such as reinforcement learning, supervised
learning, unsupervised learning, and symbolic Al [23]. The decision support system then presents
multiple recommendations to the user. This enables informed and collaborative decision-making
[24]. To provide the context to Al services, (i) an adequate knowledge representation is required,
and (i) the data asset services [5] must be available to train the system based on historical cases.
For these aspects, digital shadows and digital twins are applied.

Digital Twins. Building upon the definition of digital shadows [25] and digital twins [26], in
FAIRWork, these concepts are understood from a knowledge and data representation perspective,
specifically in the context of complex industrial processes. In FAIRWork, these concepts are used
to gather real-time information and make it available within the knowledge base as input for
decision-making.

An adapted version of the definition and approach of [27] is relevant:

e Digital shadow (DS) and digital twin (DT) exist for physical and virtual assets, i.e., objects that
change their state over the asset’s life cycle.

e The digital shadow is defined as an assignment of status data to a specific asset at a particular
time.

e There is only one and no second digital shadow of an object, including and combining all
relevant properties along the specific asset’s life cycle.

e The structure of twins is application-oriented and not universally valid.

e In contrast to a digital shadow, the digital twin allows for an adaptation of the asset via the twin
(bi-directional).

In the FAIRWork project, the concepts are applied via model-based techniques. As discussed
above, conceptual models are considered digital shadows of the production environment, enhanced
with historical operation data. The digital twin exists through model-processing techniques and
abstraction/decomposition approaches. Based on model-level learning, scenarios are developed and
can be deployed directly on the production infrastructure.

3 Project Idea

Manufacturers can no longer afford to use only time and costs for production planning; due
to the global scope of today’s economy, environmental and social factors must be considered,
too. Through the EU-funded FAIRWork project, novel technologies are applied to tackle these
challenges and improve the decision-making processes. These technologies can gather and
pre-process data, allow multiple actors to participate in the decision process, and use Al to identify
the solution space for complex problems. One project result will be the Democratic Al-based
Decision Support System (DAI-DSS), integrating different technologies to support decision makers.
This section will discuss the influencing factors for the development of the DAI-DSS.

One goal for the DAI-DSS is the facilitation of democratic and flexible decision-making.
Democratization in this context means that we focus on the participation aspect and do not
delve into the political aspects of democratization. Therefore, we support democratization through
participation, which means in our context that all involved decision stakeholders can contribute and
are considered in the decision-making process. Consequently, participation-based democratization
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requires decentralized decision-making, where the involved stakeholders can contribute, in contrast
to centralized decision-making, where a central person or small group makes the decisions on behalf
of the organization.

Decentralization can be accomplished by directly involving the actors or using agents
representing them and acting on their behalf. Using agents allows for further support, as the agents
can negotiate between themselves and find solutions benefiting the involved actors. Information
is needed to define the decision process, independent of whether a decision is made centrally or
de-centrally. Therefore, a knowledge base is required to save, offer, and manage data from different
sources, encode it in various formats, and provide static, dynamic, or even real-time input.

The FAIRWork decision support system utilizes Al algorithms capable of (i) understanding
complex decision problems and (ii)) providing feasible solutions as decision support. The goal
is not to identify a single AI algorithm that can help with every decision problem but to offer
different implementations of Al algorithms within the decision support system configured for
specific purposes to support concrete problems. The decision support system can manage and
control the different modules and make them work together. It orchestrates the modules (e.g.,
various implementations of Al algorithms, data from the knowledge base, input from involved
stakeholders, etc.) to identify solutions to concrete decision problems. This granular structure of
the system and the reconfigurability of the decision services facilitate the flexibility of the overall
system and will be supported through model-based configuration.

An example of such a decision problem is allocating workers to production lines. Considering
their qualifications or physical capabilities is essential, and integrating them with their individual
needs establishes the knowledge base to be considered (e.g., how much experience the worker has
with a specific production line). This example will be used in Section 6 for our prototype. Another
scenario in the project targets the support of choosing an alternative for a given decision problem.
The most adequate solution may be a combination of various parameters such as lead time, worker
satisfaction, and environmental conditions.

These cases are examples identified within the FAIRWork project to provide input for the
system’s design. The cases stem from the two manufacturing companies Stellantis/CRF and
Flex. The concrete use cases have been abstracted to Decision Support Challenges, introduced
in Section 4.2. A more detailed description of the use cases can be found in [7].

4 DAI-DSS Design Procedure

In this section, we introduce the procedure which guides the creation of the DAI-DSS in the
FAIRWork project and how the DAI-DSS will be applied in real-world scenarios.

Our approach is in line with the research methodology of design science [28]. We start with an
industry-relevant decision-making problem. From this application-oriented scenario, an "artifact’ is
created. In our case, this is the decision process, which consists of several individual decisions. This
is used to implement the solution approach. The solution is then tested. In this way, we understand
how the solution works.

These phases follow a Plan-Do-Check-Act (PDCA) procedure [29], which consists of four phases
that are circular in nature, i.e., they are repeated several times to improve the overall result (design
iterations, continuous improvement). This procedure was created to fulfill two main tasks within
FAIRWork.

Firstly, it served as a tool to guide the user through the different phases of the selected artifact
(i.e., the decision-making process with the proposed solution approach). We modeled our approach
by using PDCA, as it provides an iterative approach to continuously improve the current state
in each phase. This fits our approach as we want to enable feedback loops with the stakeholders
involved. If the proposed solution approach leads to an improvement, the approach can be improved
in further iterations, e.g., different configurations.
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Secondly, if the solution approach does not lead to an improvement and therefore no benefit,
the process starts with an alternative solution approach for the chosen decision process. This new
solution (e.g., a new artifact) will also go through all the phases of the PDCA approach.

4.1 Phases of the Design Procedure

The Plan phase analyses the problem and creates one or more solution strategies to solve it. In
this article’s context, the type of decision and its context must be understood to provide “fitting”
and “adequate” decision support. After it is understood, the essential aspects of the decision
are captured and described comprehensibly. This requires a domain-specific vocabulary in the
form of a metamodel to derive conceptual models. The model-based approach for understanding
and capturing the needed knowledge of the decision problems and their context is described in
Section 4.3 and visualized in the top layer of Figure 1. This approach was established and used in
two manufacturing companies to guide the design of the DAI-DSS, and the results were abstracted
into the decision support challenges, introduced in Section 4.2.

After the decision problem is understood, a solution strategy is designed and configured utilizing
the models. The configuration contains the preparation and orchestration of different decision
support modules and the connection to the knowledge base to gather the needed information.
Therefore, after the Plan phase, the DAI-DSS is established to offer support for the identified
decision problem.

In the Do phase, the prepared system is used in real-world environments to support the production
process containing the identified decision problems. In the project, an experimental approach is
applied to evaluate DAI-DSS first in a small-scale setting under laboratory conditions. This enables
the project’s industrial partners to assess its applicability. This includes real-time data processing of
the system, containing actors’ input, to provide contextual information, or start a decision support
process. During the execution of a decision support process, data is collected as input for a later
evaluation and planning of adaptations. Which data is collected depends on the concrete usage. Still,
the system enables mechanisms to persist this data, for instance, through log files or directly save
it to the knowledge base as input for calculating the system’s key performance indicators (KPI).

After executing one or multiple decision support processes, the Check phase is applied. First,
KPIs are defined to evaluate the DAI-DSS configuration for the specific decision problem.
Afterward, the KPIs are calculated and prepared based on the available data to assess the decision
support system as a whole or to analyze specific parts, e.g., determining if the chosen Al approach
was feasible or not. The KPIs themselves focus on different aspects, e.g., analyzing the influence
of the decision support system on the production process, whether the available data is sufficient,
whether all needed stakeholders could participate, or whether the decision support tool is adequate
for the task.

Last but not least, in the Act phase, reflection on the results from the previous phase is triggered
to learn how the decision support can be improved for future usage for the same or similar decision
problems. Different starting points for improvement can be identified based on the identified
problems with the current solution, e.g., the specification of the problem, the used Al algorithms, or
other parts of the configuration. The identified problems and starting points are then used as input
for the Plan phase of the next iteration. The findings from the Act phase can be applied not only
to upcoming iterations of the configured system, as they can also be utilized as lessons learned for
similar decision support processes, or insights can be generated on how new decision problems can
be supported with the DAI-DSS.

4.2 Decision Support Challenges

To guide the design of the DAI-DSS, multiple decision problems of the two manufacturing
companies CRF and Flex, were thoroughly investigated during the Plan phase of the
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above-introduced design procedure (see Section 4.1). Following the set objective to support flexible
adaptation to changing or newly identified decision problems, three categories of decision support
challenges were abstracted from the concrete decision problems of the industrial partners. These
challenges are used to guide the design of the DAI-DSS and are introduced in this section. More
information on the underlying use cases from the manufacturing companies can be found in [7].

The idea behind using abstracted decision support challenges and not concrete decision problems
is attributed to the project’s aim of achieving system flexibility. The DAI-DSS should be
configurable to allow its use in changed or new decision problems. Therefore, the design of
the overall system and the individual decision services must consider this adaptability, which
leads to the definition of the decision problems on a higher abstraction level, hence the decision
support challenges. Different decision services can then be usable for one or more decision support
challenges and be adapted to work in specific cases belonging to the challenge.

Adapting a generic version of a decision service to a concrete instance should be done preferably
through model-based configuration and only through (re-)implementing a service where necessary.
Using conceptual models should lower the barrier to entry so that not only technical experts but
also domain experts can establish their decision services.

The goal is not to design one decision service for one decision challenge but to ensure that users
of the DAI-DSS can find and use services that best fit their needs. Additionally, as the decision
services are designed to be more generic, they may not cover a whole decision challenge. Multiple
services should be orchestrated to fulfill one concrete decision problem.

Below, the identified decision support challenges will be introduced.

1) Resource Mapping is the category of decisions where a requester and a provider of artifacts or
services must be matched to achieve a common goal. For instance, workers (providers) with specific
capabilities must be matched to machines (requesters) to fulfill the orders. Here, the characteristics
of the provider and the requester must be considered and compared to each other. This does not
necessarily lead to the decision of whether an allocation is a match but how fitting it is so that
different allocations can be compared. This mapping goes beyond a one-to-one mapping towards
mappings between sets of requesters and sets of providers.

2) Solution Configuration is applied in the context of an adaptive system (e.g., a production line),
and the decision support helps to decide which configuration of the system is feasible or allows
a comparison between the configurations. The resulting configuration must be feasible within the
company and the current restrictions, based on available resources and orders, therefore considering
the production ecosystem as a whole.

3) Selection is the decision support challenge for decisions that are applied after resource mapping
or solution configuration, which result in a list of possible alternatives from which one must be
chosen. Selection contains algorithms that support a comparison of different possible solutions and
rank them accordingly. Therefore, context information of the solution proposals (from resource
mapping and solution configuration) is used as input to be used for comparison, including the
human in the loop.

Lastly, it should be mentioned that the objective of the established decision support challenges
is not to cover every possible decision problem in every production environment and provide a
complete set of all possible decision support problems. They are abstractions of the project’s pilot
cases and are used as the foundation of the DAI-DSS so that the design is not too focused on the
specific cases but allows for decision support for a broader range of problems. Therefore, additional
decision-support challenges may be identified in the future.

4.3 Aligning Decision Problems to Decision Support Configurations

The common requirements from the above challenges result in the following aspects of the
DAI-DSS to be considered in this article:
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e Common understanding of the decision scenario: The decision problem scenario and its
context must be sufficiently understood. This requires means to have an adequate knowledge
representation in place.

e Decision support configuration: The adequate decision services and their algorithms need to be
identified (based on the common understanding), configured, and then orchestrated to fulfill the
needs of the decision scenarios.

Within the DAI-DSS, these two aspects are tackled through model-based alignment, visualized
in Figure 1. The figure shows three layers, where the top layer represents how the decision problem
is understood and formalized (different levels of abstraction are applicable). In contrast, the bottom
layer shows what the DAI-DSS offers concerning decision support. The middle layer mediates
between the needs and the available resources. The layers are introduced below, starting from the
top and followed by the bottom layer, and then the middle layer of DAI-DSS that is concerned with
the configuration environment for decision support challenges.
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Figure 1. Model-based alignment of decisions problems and DAI-DSS configuration (figure taken from
figure 3 of [30, p.25], accessed 29.01.2024)

Application Scenario. As a means to understand the decision problem scenario, which should be
supported by the DAI-DSS (represented on the top layer of Figure 1), a model-based approach
is used. The first step in establishing automated decision support is understanding the decision
problem, its context, and the goal. Without this information, no sufficient solution can be found.

The following decision elicitation and design methods were created and used in the FAIRWork
project to support this crucial first step. This method was made to analyze and understand the
decision problems of FAIRWork’s use case partners, from which the decision support challenges
were later derived. Additionally, it will be later used as part of the DAI-DSS and guide its usage.
Therefore, the method was used in two manufacturing companies, one from the automotive sector
and one focusing on creating small lot-size products for varying companies.

The method aims to facilitate stakeholders’ understanding of the decision, its goal, its parameters,
and its context to establish sophisticated decision support. The method uses conceptual models as
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the primary artifacts to capture and communicate information about the decision problem. Different
conceptual modeling methods with varying levels of abstraction are used in various stages of the
method. The created models will start on a high abstraction level focused on understanding, and
over time, more formal and exact models containing the decision information will be made. The
five stages of the method are visualized in Figure 2 and were first introduced in our deliverable [7].
The models for High level scenario, Process landscape and Decision process shown in Figure 2
are shown in larger size in Section 6.

The first two stages focus on exploring and understanding the problem domain by defining
concrete decision scenarios that must be made in the company. They are based on applying physical
workshops to capture the needed information from involved and knowledgeable people. For the
workshops, we used the Scene2Model tool (cf. [11]), which uses paper figures based on SAP
Scenes™S$. The physical paper figures are placed on a table and then used to visualize and discuss
the participants’ understanding. The physical interaction facilitates cooperation and participation
during the workshop.
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Figure 2. Visualisation of the method for understanding the decision process (based on Figure 1 from [7],
accessed 17.01.2024)

The Preparation stage prepares the workshop. Therefore, the workshop’s goal, the participants,
and the used paper figures must be specified. Even though the workshops should be explorative
and allow for creativity, the overall context should be set by knowing which decisions should be
analyzed, what the problem is, and what should be solved. This information is essential in preparing
and running the workshop smoothly. The preparation stage includes finding and preparing the paper
figures and the workshop environment to be used. For the workshop environment, Scene2Model’s
technical infrastructure must be set up, e.g., preparing the modeling tool to work with the selected
paper figures. More information is available in [11]. The paper figures must fit the problem domain
so the participants can use and understand them.

The next stage is called Scenario Development, and it is based on physical workshops where
stakeholders with different backgrounds who are influenced by the decision problem participate.
The workshops are used to externalize the participants’ knowledge through high-level-abstraction
representations with paper figures. It focuses on a visually understandable representation of the
decision problems through the provided figures and not a rigorous formalization. The formalization

© https://apphaus.sap.com/scenes, accessed 17.01.2024
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isneeded and will be created later, but in this stage, understanding and communication are the focus,
and, therefore, high-level-abstraction visual representations are used. An example of the results of
a workshop can be seen in Figure 2 on the top right.

After a workshop, the digitalized knowledge is concretized using fitting conceptual modeling
methods. This formalization is done over the following two stages of the method, which are called
Digital Process Landscape Design and Decision Process Design. In these stages, the context of
the decision problem and the definition from the second stage are formalized in more detail. The
knowledge needed to implement the decision support later is specified through this formalization.
In FAIRWork, we used the BPMN modeling language because it could represent the context and
steps, and most project partners were familiar with it.

To increase the available knowledge and fill in the blanks that could not be provided during
the workshops, interviews and discussions with the experts on the decision problem were held as
follow-ups. These were used to improve the models created in stages three and four.

In the Digital Process Landscape Design stage, an overview in the form of a process landscape
is created. These models represent the high-level processes related to the decision problems and
provide context for the concrete decisions that should be made. An example of a process landscape
can be seen in Figure 2.

Afterward, in the Decision Process Design step, the concrete processes containing the decision
problems are modeled to capture the semantics of the decision in dedicated BPMN models. Here,
capturing the decision, the sub-decisions, and the influencing factors is essential. An example of
such a BPMN model can be seen in Figure 2. After the initial version of the decision process
design is created, it is evaluated by interviewing experts who know this decision, e.g., production
line managers. If the model is not correct, it is adapted and re-evaluated until it reaches a state
where the experts accept it.

The last stage visualized in Figure 2 aligns the identified decision processes with the DAI-DSS by
configuring it to support instantiate decision support for the concrete decision problem. However, a
semantic gap exists between the modeled decision processes and the knowledge needed to execute
them in a decision support system such as the DAI-DSS. To close this gap, we used decision models
to capture the decision knowledge within FAIRWork. No concrete modeling method is defined
here, but one that fits the decision problem should be chosen.

The decision models are derived from the decision processes and specify parts of them where
decisions must be made. For one decision process, it may be necessary to create multiple decision
models if the process contains various sub-decisions. The decision models are used to capture
the decision knowledge, and the models, as artifacts, can be used as input for a configuration
environment if designed this way. However, not any modeling method can be chosen, as it must be
understandable by the DAI-DSS and the used decision services. More information on the decision
services and how they fit into the DAI-DSS can be found in the next layer of the model-based
alignment. The prototype for using models as configuration input for decision services can be found
in Section 6.

Enabling Data and Al Environment. This layer focuses on how the DAI-DSS can provide
decision support using different Al algorithms. The goal is to provide Al algorithms in the
form of various adaptable services, which can then be bundled to offer decision support for a
specific problem. Therefore, the configuration of the DAI-DSS consists of adapting the Al-enriched
decision services to concrete decision problems and combining fitting decision services. But first,
the services must be selected, configured, and deployed to make them usable.

The services that should be used influence the possible modeling methods for creating the
decision models, as they must provide the decision knowledge in a way that is understandable
to the decision service.
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As decision services are technical components that consume data and provide possible solutions,
they must be integrated into the infrastructure to enable information exchange with other
components. To allow interaction with the production environment, we use digital twins and digital
shadows connected to the DAI-DSS and the Al services. In this way, actual data can be accessed,
and the decision result can be integrated into the production processes.

The integration within the DAI-DSS of the configured services means that they can be integrated
using the orchestrator; the data consumed and created comes and goes from the knowledge base and
the result and input interfaces can be made over the user interfaces provided through the DAI-DSS.

DAI-DSS Layer: Model-based Alignment. Al services can only lay the foundation for the desired
flexibility. Users must be supported in utilizing the flexibility and easing their workload for
configuring the system to meet their needs. From the bottom layer, the services’ interfaces are
provided so they can be integrated. From the top layer, the knowledge of the decision problem
domain is provided. In the middle layer, the configurator combines the other two layers to allow
the system to provide decision support, as visualized in Figure 1.

The configurator component of the DAI-DSS offers interfaces, which can be graphical for
users or APIs, for flexible adaptation. The configuration does not only influence the used decision
services but also how they are combined, how the data is gathered from the knowledge base, how it
is saved there, how the end users interact with the system to provide input for a decision, and how
they can access the result of a decision. Therefore, data exchange between these components must
be possible, and the configurator must provide the configuration information so that the needed
components can be deployed if necessary and then configured. More information on the different
components and how they work together is discussed in the architecture section (see Section 5).

The configurator and the orchestrator must be aware of the available services in a decision service
repository. However, the input on the decision and how the different services are configured and
orchestrated comes from the top level, where the information is encoded in models. The goal is
not to manually translate the modeled knowledge in a DAI-DSS configuration but to reuse the
information from the models to support the users. Depending on the decision service and how it
is implemented, more or less additional manual configuration must be provided. The better the
models created fit into the decision support environment, the better the user can be supported.

Using an instantiated configuration for the decision support bears the additional benefit that the
instantiation can be made in different environments, such as experimentation or production. An
experimentation environment can be used to evaluate the defined decision support, and only if
everything works as anticipated, will it be used in a real system. The experimentation environment
can be used to explain how the decision is made and how different parameters influence the final
decision.

Last but not least, a configured decision can be reused, adapted to similar cases, and then
deployed. This further increases the flexibility, allowing parts of the decision to be reused if they
are similar, rather than starting from scratch.

Based on this conceptual perspective on alignment, the technical architecture is presented in the
next section.

5 DAI-DSS Architecture

As an initial result, the technical architecture of DAI-DSS has been established. Based on the
scenarios/challenges (see Section 4.2) and alignment consideration, the architecture is presented
as a distributed, service-oriented environment that utilizes models as a configuration, interaction,
and operational artifact. As such, it acts as a blueprint for implementation.

This section will provide an overview of the architecture’s main components. A detailed
description of the architecture can be found in [30]. The architecture is visualized in Figure 3,
and the main components are highlighted with red boxes.
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Figure 3. DAI-DSS architecture overview (based on Figure 2 of [30], accessed 29.01.2024)

User Interface. The user interface enables involved stakeholders to interact with the DAI-DSS.
Different interfaces will be provided to achieve various tasks. For instance, decision-makers need
an overview of possible alternative solutions and their differences. Other users need an overview
of the KPIs of the decisions so that they can evaluate their applicability, or actors need an interface
to trigger the required decision process. The user interface is defined as its own component, as
interfaces for different tasks and also various devices (e.g., laptops, smartphones, TVs, AR glasses,
etc.) are needed. Therefore, the user interfaces are implemented separately and linked to the core
system via defined interfaces. An important aspect related to the interface layer is provenance and
trust. This means that the presented results or visualization are required to enable the drill-down
mechanisms to assess how results (algorithm, data) have been achieved.

Configurator. The configurator component allows the adoption of the DAI-DSS and its
components so that it can be flexibly adapted to various decision problems. This component will be
model-based, meaning it can use models created with dedicated tools to configure the DAI-DSS and
its decision services. Additionally, the configurator will offer functionality to asses the configured
decisions based on usage data (e.g., logged information or user feedback via questionnaires).

Al Enrichment Services. The Al enrichment services component represents the usage of Al
algorithms to provide solutions for decision problems. Different Al algorithms are implemented as
the backbone for provided services, following a microservice architecture (cf. [31]). The services
themselves can be configured to support different decision problems and are then used by the
orchestrator to support concrete decision problems with the DAI-DSS.

Al algorithms of different types, such as symbolic, sub-symbolic, or hybrid approaches (cf. [32]),
can be used by this component. It is essential that the algorithm allows an adaptation and usage in
the context of the abstracted decision support challenges, which implies that (i) the input/output
requirements are clearly defined and (ii) configuration possibilities are foreseen.

The Al enrichment service component aims to create an extensible catalog of Al services, which
can then be configured to fit concrete decision problems. Within the service, we use different types
of techniques, such as Al-based optimization ([33] or [34]) and reinforcement learning [35]. If a
new problem should be solved, the preferred strategy is to first check if fitting decision services are
in the catalogue; if not, a new one is developed based on existing libraries or APIs, if applicable,
or implemented from scratch, if necessary.
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The data for the Al algorithms were provided by the companies involved in FAIRWork,
Stellantis/CRF, and FLEX. The usual data quality assurance processes (e.g., missing value checks,
consistency checks, etc.) were then carried out. This data was adapted to be used for Al solutions
(e.g., Reinforcement Learning). All company data was documented accordingly. In addition, the
companies defined KPIs for the use cases and FAIRWork. The aim is always to improve the status
quo over time. These KPIs are then also used to evaluate the purely data-driven Al algorithms.

The services are implemented following the microservice principle so that they can be integrated
into the DAI-DSS. A discussion of all planned and prototyped services would go beyond the scope
of this article.

Agent System. This component represents the environment that enables agents which will be
created to represent human and virtual actors within the DAI-DSS. The agents themselves will
negotiate for the represented actors to support the decision-making process. Additionally, agents
can be used by the orchestrator to support the orchestration of the different services, not through
centrally designed workflows, but by cooperating to find feasible solutions.

Orchestrator. The orchestrator is a critical component of the DAI-DSS, as it controls the
configured microservices and facilitates decision support. This includes, on the one hand, managing
the life cycle of the microservices, like starting, stopping, restarting, or decommissioning them. On
the other hand, the orchestrator also manages the information flow between different services. For
instance, one decision in a production line may be separated into two sub-decisions that are executed
separately utilizing independent implementations of microservices. The results are later combined
into one proposed solution.

The orchestration can be done by using workflows or multi-agent systems. Users define
workflows and specify which service or other components are used at which stage of the decision
support process and how data is exchanged. If a multi-agent approach is chosen, the individual
agents will coordinate their actions to find solutions for the decision problem.

Knowledge base. The knowledge base of the DAI-DSS will be the central repository for saving
and retrieving data. The DAI-DSS requires data from different sources, which are used as input,
e.g., real-time data from a production line or context information such as workers’ qualifications.
Additionally, the data created by the decision support system is stored and persisted in the
knowledge base. The structure of the knowledge base is based on two concepts: digital twins/ digital
shadows and data lakes. Digital shadows/twins have been introduced in Section 2. The question of
the differences between the digital shadow and the digital twin arises. The digital shadow can be
seen as a preliminary stage of the digital twin. The digital shadow forms the basis for the digital
twin, which describes measurement data or metadata associated with a specific object with a spatial
or temporal reference, but not yet the physical object itself with all its properties. Data lakes (cf.
[36]) are relevant to storing data from multiple sources combined to provide access in a distributed
system, independent of the actual source system/provider.

The knowledge base is implemented using the industry proven EDMTruePLM™ tool, which
can handle various heterogeneous data and offers REST APIs to retrieve, add, and change the
available data [7]. It allows the storage of data over its lifecycle in the form of documents, files, data
sets, and so on, whereby the implementation of EDMTruePLMM™ is based on various standards
easing the data transfer with other applications. In addition, the tool also allows the integration of
additional protocols (e.g., MQTT) to support the creation of digital twins.

Within the knowledge base, an individual structure for each supported use case will be created
to tailor the structure to the concrete needs. For instance, for the worker allocation use case used for
the prototype, the types for the production line and the worker were created. For the production line,
information such as the geometry that should be produced, the importance of the product, and the
due date is saved. Identified workers and attributes for mapping them to production lines are saved,

7 https://jotneit.com/products/edmtrueplm/0, accessed 23.04.2020
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for instance, the workers’ experience with the geometry, their endurance, their availability, their
medical condition, and so on. More details on the knowledge base can be found in our deliverable
[37].

Real-World Use Cases in the Production. This part of the architecture does not represent a
component of the DAI-DSS like the others but represents a collection of interfaces and data sources
that will be accessible within the DAI-DSS. This can either be data created directly by machines
from production lines, from external data catalogues or from laboratories. The goal is to support
the gathering of data needed to establish decision support through the decision services. Therefore,
the DAI-DSS should be capable of using other data sources, e.g., external data catalogues, if the
production environment does not possess the data on its own.

The architecture itself is designed to support the system’s flexibility and allow for an adaptation
to concrete, domain-specific decision problems. Data can be saved and exchanged using the
knowledge base component, which decouples the singular components and further supports
flexibility.

6 Model-Based Service Configuration Prototype

This section will introduce FAIRWork’s first DAI-DSS prototype, focusing on how model-based
configuration can support decision-making. Therefore, not all aspects of the DAI-DSS prototype
and components of the above-introduced architecture are described. Within this section, we focus
on the Configurator and Al Enrichment Services components and discuss their connection to the
Orchestrator.

To create the prototype, we took one of the identified decision problems from our use case
partners and created the prototype to support the design methodology introduced in section 4.3.
Therefore, the remainder of this section is structured in accordance with this methodology. It
will first introduce the procedure and tools which were used to identify the application scenario,
and subsequently, the concrete scenario used for this prototype will be described. Afterwards,
the environment for creating the configurable decision service will be introduced. Next, the main
focus of this prototype, the model-based configuration, will be discussed. Finally, the usage of the
decision service in the orchestrator will be introduced.

6.1 Application Scenario

As a use case for the prototype, we took the CRF Workload Balance case from our deliverable
[7]. In short, this use case focuses on assigning workers to production lines based on the current
orders that the production lines must fulfil. It belongs to the Resource Mapping (as introduced in
Section 4.2) decision support challenge.

To define this use case, the design method introduced in Section 4.3 (and visualized in Figure 2)
was used in the project. First, a workshop for creating the high-level representation was held
at the location of the project partner CRF. For this workshop, the Scene2Model tool was used,
representing the decision problems with paper figures and using the modeling tool to digitally
capture and enrich the visualization. Project partners traveled to CRF as workshop organizers,
preparing and leading the workshop. They also knew how to use Scene2Model and what objectives
should be analyzed. To provide domain knowledge, experts from the production environments were
invited to the workshop as participants.

The result of the workshop in the form of the enriched digital model can be seen in Figure 4.
This model was then used to share the created knowledge with the other project partners.

Based on the high-level scenario model, the process landscape model (shown in Figure 5) and
the decision process model (shown in Figure 6) were created with the Adonis® business process

8 https://www.boc-group.com/en/adonis/, accessed 24.04.2024
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Scene2Model

Figure 4. High-level scenario model for the CRF Workload Balance case (Figure 17 from [7], accessed
29.01.2024)
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experts, the process model was adapted and reevaluated in interviews with the experts, leading to
multiple interview rounds. The resulting models helped to deepen the understanding of the decision
problem and communicate it to the partners so that all the needed information could be derived to
implement the prototype.
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FigureS. Process landscape model for the CRF Workload Balance case (Figure 21 from [7], accessed
29.01.2024)

From the models, it was derived that the available orders influence which products or parts
are produced on certain production lines, further influencing which workers can be allocated to
specific production lines. First, which workers are allowed on production lines must be decided,
especially considering their knowledge about the machines used and the product to be created.
Further, the workers’ physical capabilities must be considered, especially if heavy and bulky parts
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must be manually moved. Within the company, knowledge exists about which characteristics of the
workers must be considered to allow workers to work on specific production lines and products.
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Figure 6. Decision process model for the CRF Workload Balance case (Figure 22 from [7], accessed
29.01.2024)

For the use case, the following parameters are needed to decide if a worker is allowed to work
on a specific production line (in this list, we also provide how this parameter is later called in the
configuration of the service to fit the FAIRWork project and its initial prototype [38] in which
context it was created):

e Medical Condition: Are there any permanent or temporary medical restrictions why a worker
cannot be used for a specific order? The medical condition is checked in a true or false manner.
This parameter is called MedicalCondition in the prototype.

e Availability: Is the worker available during the time when the product should be produced? The
availability is checked in a true or false manner. This parameter is called Availability in the
prototype.

e Experience: Is the worker experienced with the products that should be produced? The
experience is checked in a true or false manner. This parameter is called UTEExperience in
the prototype.

e Resilience: Can a worker withstand the physical strain of working on the product? The resilience
is scored between 0 and 1. This parameter is called Resilience in the prototype.

e Production Priority: Is the order prioritized? The production priority is checked in a true or
false manner. This parameter is called ProductionPriority in the prototype.

e Due Date: In how many days is the order due? The due date is evaluated as an integer in how
many days the order is due or as a negative integer if it is already due. This parameter is called
DueDate in the prototype.

e Preference: This is a rating of the production line, which the workers themselves provide to the
system and, in this way, signal their preferences to the system.

All except the last parameter are used to decide if a worker can be assigned to a production line.
The last parameter, which is called preference, is used to make the final assignment of the possible
workers to the production line. This parameter was added to the decision problem by the FAIRWork
project and illustrates how the workers’ preferences can be considered during decision-making. The
parameter presents a vote on which production line and order the workers prefer to work on. The
vote is encoded by a value between zero and one, which the worker provides for the different
production lines, signaling which production line they prefer.
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6.2 Decision Service Environment

To enable decision support for this case, fitting decision services must be utilized. Therefore,
the DAI-DSS must offer an environment where different services can be created and used. This
subsection discusses the decision service environment used for the prototype.

Based on the identified use case, we separated the decision into two parts for the prototype;
wherefore two services are needed. One is the decision if a worker can generally be assigned to a
production line producing a specific order, and the second is the concrete assignment of possible
workers to the production line, based on their provided preferences.

Two decision services will be used to provide decision support. One will be a rule-based and
configurable Al service, and the other will be a service that was specially created for the case.
Their combination will be done through a workflow-based orchestrator. Last but not least, a
model-based configuration of the Al-based service will be used to encode the already available
decision knowledge, which is the used parameters and how their values influence the decision.

We chose a rule-based Al approach as we did not have enough data to train a machine-learning
model for the use case. However, we were able to extract the expert knowledge with the procedure
introduced in Section 4.3. With a symbolic Al approach, expert knowledge can be encoded in a
machine-understandable way [32].

A fitting framework is needed to allow the instantiation of the Al-based decision service and
support a configuration. For this prototype, we chose the Olive’ microservice framework [39],
which allows the configuration and starting of microservices. The framework has already been
applied in multiple EU-funded projects, where it was used together with conceptual models to
configure it or represent information created by its services.

Olive allows the creation of new microservices within a single installation through the
configuration. Here, a microservice can be created containing different operations, which are
configured instances of functionality offered by the microservice. The operation then offers an
endpoint where REST calls can be received. The operation processes the information and provides
the result based on the configuration.

The framework allows to add to its functionality or introduce new types of operations by
implementing what is called a connector in Olive terms [39]. Simply put, a connector implements
a generic functionality, which can be instantiated within a microservice to create an operation.
Therefore, the generic implementation must consider configuration capabilities, which are part of
the implementation. Then, users of the Olive framework can create their own microservices and
use the available connectors to configure their operations.

We used Olive as an environment where the Al-based decision service can be configured using
information from a model. Therefore, we prepared a connector which takes a model containing
the definition of the rules, which are used as input for the configuration. After the configuration is
done and the connector is instantiated, a REST interface is available, which can be called by other
applications to use the decision logic.

In the prototype, the decision models provide the decision logic and the needed parameters for
the decision. The modeled parameters are then configured to be parameters of the decision service
endpoint so that another application can gather the required information, send it to the endpoint,
and then retrieve the proposed solution for the decision. Olive offers a web interface to configure
the service where the decision model can be uploaded as input. The other parameters needed for
the service usage, such as the endpoint parameters’ names, can also be configured in the graphical
interface.

The second service for assigning the allowed work to a production line based on the preference
was implemented from scratch and integrated into the decision service environment as an endpoint.

? https://www.adoxx.org/live/olive, accessed 29.01.2024
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Therefore, all the services, including the Olive environment, are offered over web applications and
offer their endpoint.

The expertise needed in this step depends on the concrete situation, where configurable services
are available for the concrete use case or if a dedicated service must be implemented. If a dedicated
service must be created, software engineers who know about the DAI-DSS and how to integrate new
services are needed. In addition, experts on how the specific case can be solved through decision
service are needed; therefore, they are knowledgeable about applicable algorithms.

No software engineer or expert on decision support algorithms is needed if a configurable
service is available. Here, someone familiar with the DAI-DSS and its model-based configuration
environment is required. This person must know which services can be used and how they can be
configured to fit the concrete case.

Independent if a service must be implemented or configured, a domain expert, understanding the
decision scenario, must be available to provide input and evaluate if the decision service is working
correctly.

6.3 Model-Based Alignment

This section discusses how the model-based alignment, as it was introduced in section 4.3, was
implemented in the prototype. The discussion is starting with the modeling method used for the
decisions, followed by the configuration of the decision service, and ends with a short introduction
to how this relates to orchestration.

Decision Model. In this first prototype, we used a well-established modeling language for creating
the decision models as the basis for configuring decision services. We chose the Decision Model
and Notation (DMN) method (cf. [40]), as it was dedicated to decision modeling (cf. [41]). To
represent the model, the Bee-Up tool was chosen, as it has the DMN method already implemented,
it is free to use and adaptable. We then adapted it to define the rules more efficiently and create an
export for the modeled knowledge to be used in the Olive-based decision service.

As the DMN method is already established and known, we did not have to start from scratch to
create a specialized modeling method, which is a difficult task. In the later stages of the FAIRWork
project, tailored modeling methods could be used as input for the configuration if no fitting and
well-established methods can be identified.

To create the DMN model, we took the input from the use case and first structured the available
decision model. The goal was to model the rules for deciding if a worker is allowed on a specific
production line. For this decision, two knock-out criteria were identified. Workers can never be
assigned if they are unavailable or do not fit the medical condition. Within the definition of the
decision structure, we considered this by creating a sub-decision with these two parameters, which
we called Worker Able. This allows us later to keep the rules more understandable. The result of
the sub-decision is then used as input for the final decision, which we called Worker at Line in the
model. The decision model is shown in Figure 7.

The other identified parameters for the decision were used as direct input for the final decision.
For the parameters, not only the name but also their data type must be provided. For instance, if a
”1” or a ”’0” is then used, it must be defined if it should be interpreted as a boolean or an integer.

The model was created for our project deliverable, where more technical aspects can be found
[38]. The input parameter names are those we used within the project.

The next step in defining the decision logic was to establish the rules. To further reuse existing
and evaluated knowledge to fit the DMN modeling method, we aligned the rule definition within
the prototype with the DMN standard (cf. [40]). Here, we used the syntax and semantics for the
rules defined in decision tables. For each decision, the rules must be defined in its own decision
table, where each line defines then one rule. The service takes these definitions and then searches
for fitting answers to the posed question.
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Figure 7. Screenshot of the Bee-Up tool with the decision model created for the prototype (picture based on
Figure 32 from [38], accessed 29.01.2024)

The decision table for the sub-decision ensures that it returns true if the medical condition and
the worker’s availability are true and otherwise returns false as input for the main decision. The
rules defined for the main decision can be seen in Figure 8. To ease the interaction of the modeler
with creating the decision rules, they are created in CSV format and then imported into the model.
For the creation of the decision table, a local program like Microsoft Excel or Libre Office Calc
can be used, whereby the modeling tool can make the basic structure of the CSV file so that the
parameter names fit the ones used in the models.

In the decision table, the values which should be considered in one rule are written in one line,
and the most right column specifies the outcome of the rule. The other values are connected with
and logic. Additionally, to state the input parameters’ value, the wanted value can be provided
directly or short expressions can be used. For instance, for numbers, we used comparison operators
> or <=. For numbers, one can also specify intervals, which a number is allowed in this rule. The
syntax is here /[<lower-bound>..<upper-bound>], as it was used in the due date column.

Worker Able |UTEExperience |Resilience |ProductionPriority |DueDates |Worker at Line
TRUE TRUE [0.0..1.0] FALSE [-10..10] 1
TRUE TRUE [0.0..1.0] TRUE [-10..10] 1
TRUE FALSE >=0.5 FALSE [-10..10] 1
TRUE FALSE >=0.5 TRUE [-10..10] 1
TRUE FALSE <0.5 TRUE [-10..10] 1
TRUE FALSE <0.5 FALSE <=1 1
TRUE FALSE <0.5 FALSE >1 0
FALSE FALSE [0.0..1.0] TRUE [-10..10] 0
FALSE TRUE [0.0..1.0] TRUE [-10..10] 0
FALSE FALSE [0.0..1.0] FALSE [-10..10] 0
FALSE TRUE [0.0..1.0] FALSE [-10..10] 0

Figure 8. Decision table for the main decision of the experiment

To create decision models, persons knowledgeable of the used modeling method and the decision
which should be supported are needed. They then have to translate the knowledge from the use case
into decision models.

Model-based Configuration of the Decision Service. After all the rules and input parameters
are defined, the information must be made available to the configuration of the decision service.
For this, the modeled information is exported in an XML file, which will be uploaded to Olive’s
configuration interface. Additionally, the modeling tool provides the configuration information
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needed for the implemented Olive controller. A screenshot of the configuration interface can be
seen in Figure 9.

The configuration consists of three main steps. Upload the file with the decision logic from the
model, define which of the decisions in the model should be returned, and which input parameter
the endpoint offers. The first step is done by uploading the file exported from the modeling tool.
This is done in the DMN File Path field of the configuration interface. In the next step, in the
Decision Key, the identifier of the main decision, as defined in the uploaded file, must be provided.
This key is shown by the modeling tool at the end of the file export and can just be copied and
pasted.

In the third step, the parameters used in the model must be mapped to parameters used in the
service’s endpoint. The Decision Variables and Call Configuration Inputs fields are used for this.
The modeling tool also provides the configuration string for Decision Variables and they can
be copied and pasted. Last but not least, in the Input ID field, the name offered by the endpoint
must be provided, and in Matching Name, the string used in Decision Variables. This establishes
the connection between the endpoint parameters and the decision parameters. A more detailed
description of how this can be used and the source code can be found in the OMiLAB GitLab
repository!?.

Figure 9. Screenshot of the Olive Configuration Interface for the decision service

To configure the system, the user needs to know about the Olive framework as a whole and the
concrete implemented configurable services.

Orchestration of the Decision Services. After the configuration of the decision service, the
endpoint for this decision is ready to be used. In the context of the DAI-DSS, the orchestrator
can use the service to support users in their decisions. The orchestrator is essential, as it manages
the order of the decision services that must be called and transforms the data between the services,
the knowledge base, and the user interface. In our prototype, the orchestrator first gathers the
input information, such as the current production line with the products and the information about
the workers from the knowledge base, transforms it, and sends it to the above-described decision
service to get a list of all the workers that can be assigned to the needed production lines. Then, it
takes this list and sends it to the next service, assigning possible workers to the production line based
on their preference. This service also ensures that no worker is assigned to multiple production lines.

This service represents tailored services specifically developed for decision problems. This is
possible as the DAI-DSS architecture uses the decision service to support the decision-making.

10 https://code.omilab.org/research-projects/fairwork/decision-services/bee-up-dmn-extension,  accessed
27.01.2024
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These can be configured to fit the needs or specific services can be implemented and added to the
DAI-DSS.

For the orchestration in this experiment, we used a workflow-based orchestrator, based on the
Conducter OSS''. We used the orchestrator, which could connect to the knowledge base, the
decision services, and the user interfaces. In this case, the user interfaces were used to show the
decision results. As the focus of this article is using conceptual modeling within FAIRWork to
support the configuration of the decision-making within the DAI-DSS, we are not going into the
details of the knowledge base, the orchestrator, or providing the information to the users of the
DAI-DSS so that they can receive the result of the decision support.

To explain how the orchestration can work, Figure 10 shows under a) what the orchestration
workflow used for the prototype can look like. Here, workers for three production lines needed
to be assigned. Therefore, the orchestrator gathers the information for each line separately and
calls the service configured with the model to decide which workers are allowed on a production
line. Then, the orchestrator joins the three lists and sends this information to the overall allocation,
where a section of the result can be seen in the Figure 10. Under b), it shows the service returns a
JSON code containing information on the production line and which workers, identified by their
ID number, are assigned. Additionally, to these service returns, the input parameters are available
in the result, as it is later provided to the users of the DAI-DSS. The result is shown to the decision
maker, who can then decide if this allocation should be taken or something should be changed.

{
4 \ "allocations": [
| start | ‘

{
"LineId": "17",

"WorkersRequired”: 6,
fork _join (my__fork_join_ref) “i”kers i
"Id": "100060",

\ “WorkerPreference": .9,
http_task_order1 http_task_order2. http_task_order2

"UTEExperience": "
(http_task) (http_task) (http_task)

"WorkerResilienc

h g h g h g “Availability": "True",
; ; o I . "MedicalCondition": "True"
http_task_transformation_order1 http_task_transformation_order2 http_task_transformation_order3 b
(http_task) (http_task) (http_task) {
L ) ) J "Id": "100045",
+ ‘ + "WorkerPreference”: .83,
N N \ "UTEExperience”: "False”,
http_task_lineassigment_order1 http_task_lineassigment_order2 http_task_lineassigment_order3 "WorkerResilience": @.66,
(http_task) (http_task) (http_task) “Availability": "True",
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Y | Y ‘ Y ‘ .
http_task_removeworker_order1 http_task_removeworker_order2 ‘ http_task_removeworker_order3 ' “Id": "100070"
(http_task) (http_task) (http_task) 4 4
L J L J L "WorkerPreference”: .82,
"UTEExperience”: "False”,
"WorkerResilience": @.7,
i ) "Availability": "True",
"MedicalCondition": "True"
http_task_workerallocation {
(http_task) *Id": "100011",
"WorkerPreference”: @.8,
; "UTEExperience”: "True",

“WorkerResilienc
| final ) "Availability": "
/ "MedicalCondition": "True"

a) Orchestration Workflow b) Result Example

Figure 10. The figure shows a) visualization of the orchestration workflow from our deliverable [38, p 21]
(Figure 12) and b) an example of the result of the workflow for one production line

To use the orchestrator, a user knowledgeable of the overall design for the decision support, how
to configure the DAI-DSS orchestrator, and the instantiated decision services is needed.

7 Conclusion

In this article, we extended [8] by providing deeper insights into how we use conceptual modeling in
the EU-funded FAIRWork project. Within the project, we develop the democratic AI-based decision

' https://github.com/conductor-oss, accessed 30.01.2024
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support system (DAI-DSS) to improve decision-making in production environments. This article
first introduces the project’s goal, which decision challenges should be supported by the DAI-DSS
in its final state, the initial architecture, and how we use conceptual modeling to support both the
understanding of the decision and the definition of the decision logic.

Within FAIRWork, conceptual modeling supports the elicitation and definition of the decision
logic, facilitating the knowledge exchange between the involved actors, who can be human
or artificial agents. Different modeling methods are used based on the stage of the elicitation
procedure, ranging from high-level representation of the decision scenario over the processes in
which the decisions are made to the definition of the decision itself.

The configuration component is the basis for increasing the flexibility of the DAI-DSS. But
also, the orchestrator and the decision services must be designed and implemented to support
the configuration and collaboration with the configurator. In our first prototype, we prepared a
rule-based decision service to enable the creation of endpoints to make the rule-based decisions
based on the configured rules. By combining configurable decision services with decision models,
the flexibility of the DAI-DSS is further improved, meaning that the modeled knowledge is reused
to configure and instantiate decision services. Using comprehensible modeling methods to define
the knowledge and using it to configure and instantiate a service reduces the effort to provide
decision support. This is further supported by separating a complex decision problem into multiple
sub-problems, which can be solved individually. These are then combined to offer decision support
for complex problems.

For the introduced prototype (see Section 6), we used the well-established DMN modeling
language to represent the core of the decision logic. But here, we also had to extend the basic
functionality to support the configuration of the decision service. The functionality for the export
ofthe decision logic and additional attributes in the concepts were needed. However, not all decision
algorithms or configuration aspects of the DAI-DSS can be covered with DMN. Therefore, further
adaptations or new modeling methods are needed.

This also poses a challenge during the development, as the underlying metamodels must be
appropriate for the purpose. This becomes specifically relevant when utilizing domain-specific
modeling languages where execution semantics need to be considered as part of the
conceptualization of the modeling method. Consequently, techniques are assessed that allow for
dynamic modification of metamodels (potentially at runtime) to capture these aspects and classify
modeling techniques according to their specific purpose as defined in [42].

Future work is scheduled according to the project lifecycle to evaluate the environment’s
feasibility and trigger the components’ implementation and integration. The OMiLAB
infrastructure is available at FAIRWork partners BOC and JOANNEUM RESEARCH and is used
to perform small-scale experiments and trigger community involvement to extend and contribute
services and/or model-based approaches based on the challenges identified. Through this approach,
community-based innovation processes are made feasible.

The project’s ongoing and future work regarding this article’s topics can be categorized into
different branches. One branch is the improvement of the Al-based decision services regarding
the covered decision support challenges. The introduced prototype focused on a use case from the
Resource Mapping decision support challenge (as introduced in Section 4.2). It was chosen as the
first case in the FAIRWork project, as it had a high priority for the use case partners, and feasible
approaches to handle this problem, like rule-based system and DMN, were identified. But within
the project, we also identified other cases for Resource Mapping and two more decision support
challenges, Solution Configuration and Selection, which pose their own use cases and challenges.

Therefore, part of FAIRWork’s future work is to add decision support for new cases, including
ones from the other two decision support challenges.

For instance, another use case from Resource Mapping would be to support the maintenance
of machines by matching the currently found issues in the production line semantically to
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already-applied solutions. Therefore, the description of the problem must be possible in an ad-hoc
manner and mapped to possible solutions that can fit exactly or loosely to the current situation. The
collection of solutions should be extendible.

A case from Solution Configuration is that the configuration for a system should be designed
and evaluated to find the best solution. Therefore, the decision support must help describe such a
configuration and allow the system to understand and change the parameters to optimize towards
a defined goal.

Finally, the system must be enhanced to find solutions for concrete decisions by using the
decision services with various parameters and then comparing them. Afterward, it should provide
the list with a recommendation based on a predefined objective function to the user so that the user
has the last say. This falls into the Selection decision support challenge.

In addition, multiple Al algorithms should be made available to support different types of
problems. These different AI methods (e.g., symbolic Al, decision trees, heuristics, machine
learning, deep learning) can be combined for individual decisions. Orchestration can be centralized
or distributed with agent-based orchestration. This service-oriented approach enables good
integration with legacy systems in our industrial application domain. In this way, we create different
decision services that fit the identified use cases and support different types of Al algorithms. Here
future work is to evaluate and implement additional decision services, which can be used in the
DAI-DSS. We have one rule-based prototype described in more detail in Section 6. Additionally,
we have created first prototypes for services using neural networks, multi-agent systems, fuzzy
logic, or decision trees. In this context, future work in the project concerns the identification and
implementation of additional Al services, as briefly outlined above.

Another branch of future work will relate to how decisions can be visualized with models to
make them comprehensible. Modeling is used not only for configuring decision services but also
for capturing more abstract context information for the decisions. The models are used as input
to the decision models and can further be used to explain the decisions to be made. Whether the
models are used for the decision model or for capturing general knowledge about the decision, the
modeling methods must use domain concepts to improve their comprehensibility.

The aim is to use the information available within the DAI-DSS and encode it in models,
facilitating a comprehensible representation and explainability. For instance, models can be used
to assess and certify solutions, making them better understandable and more reliable [43].

The last branch focuses on investigating how the design procedure (see Section 4.3) can be
better supported to ease users’ work. Therefore, introduced steps and their resulting artifacts, in
the form of models or decision services, must be integrated. How this integration can be supported
is still ongoing research in the project. For instance, an early prototype was created that allows
technical aspects of the decision service environment to be added to the decision model, allowing
the modeling tool to instantiate a decision service directly. Other efforts for automating the steps go
toward supporting knowledge exchange between the modeling methods used in the different steps.
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