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Abstract

Increasing regulatory influences on artificial intelligence (AI) impose new requirements on the trust-
worthiness of complex AI systems, i.e., compound software systems using at least one AI method.
When embedded in value chains and other regulatory scopes, it must be ensured that AI activities
and AI-generated results remain explainable throughout the entire process. This work is motivated
by the domain of AI-based requirements engineering (RE) in the automotive industry, where the
overall objective is to meet homologation requirements with AI-generated contents influencing system
development. In support thereof, this paper presents two contributions: an orientation framework
for the alignment of individual use cases in this domain and a set of requirements for AI explanation
design following the framework.

Keywords: requirements engineering; knowledge engineering; AI systems; explainability; trustworthi-
ness

1. Introduction
Around the world, increasing regulatory influences on artificial intelligence (AI) impose new

requirements regarding trustworthiness on AI systems. For different stakeholders, such as the United
Nations1, OECD2, or governments3, the use of AI is subject of critical examinations regarding aspects
such as transparency, explainability, reliability, quality, or sustainability, culminating in regulations
such as the European Union’s AI Act (EU regulation 2024/1689) [1]. At the same time, AI comes
with promising approaches to mastering domain-specific complexities at scale. This paper takes its
motivation from the domain of requirements engineering (RE) in the automotive industry, where in
system development huge sets of requirements need to be processed using interlinked AI methods in
order to support homologation. Hence, AI-influenced results contribute to the shaping of the final
product, where other leading regulations apply. In view of the AI-related regulatory aspects, this
implies that in their structure and functioning AI systems need to fulfill various criteria to be used
in such domains. This paper aims at the requirements for an ontology that enables the provision of
different kinds of explanations by complex AI systems in support of their trustworthiness and of their
end-to-end explainability along the entire system development.

The paper is organized as follows: Section 2 introduces the background of the domain while
Section 3 addresses relevant regulatory influences. Section 4 describes necessary capabilities and
relevant dimensions. Section 5 investigates related work while Section 6 derives general requirements.
Section 7 concludes the paper.

1 https://www.un.org/digital-emerging-technologies/ai-advisory-body
2 https://oecd.ai
3 https://iapp.org/resources/article/global-ai-legislation-tracker/
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2. Initial Situation
In the automotive domain, requirements for the design and manufacturing of products, i.e., vehi-

cles, are typically given in text form and often detailed by multimodal artifacts such as tables, figures,
equations, or diagrams, and follow regulations and standards [2,3]. Initiated by the original equipment
manufacturer (OEM), the requirements are extended along the supply chain by Tier-n suppliers, using
requirements management systems. Based on these requirements and their interpretation by require-
ment engineers, downstream developers, and engineers, the development processes and tools for both
products and corresponding production systems, and finally the manufacturing of the products, are
influenced [4]. In automotive, system development typically follows the V-model of ISO/IEC 330xx
[5] resp. ASPICE [6], which define a well-structured development process. For the final products,
eventually, the goal is to obtain road permission, and hence meeting homologation requirements
[7], which is documented by the passing of product conformity assessments. Such describe, e.g.,
limits for values for the operation of vehicles or subsystem properties, and whether these are adhered
to using standardized tests. Likewise provided as texts or tables, these requirements’ formats and
languages additionally depend on the respective country and the testing organization, which adds to
the complexity. In case of failed conformity tests, assessing requirements for explanations is common.
In addition, the entire domain is characterized by the longevity of the systems, knowledge, data, and
products involved. This interplay is outlined in Figure 1.

Figure 1. Overview of the considered domain

Due to the increasing complexity of vehicles, the numbers of related requirements typically range
in thousands of interlinked items [8–10]. This exceeds human capabilities to efficiently handle such
complexities and increases both the risks of errors and the development time. In order to tackle
these challenges, AI-based approaches are considered promising and are introduced into RE. The
requirements themselves must be interpreted on different levels, i.e., they must be syntactically,
semantically, and logically consistent [11–14]. In equipping requirements engineers with suitable
AI-based functionalities, [15,16] identified two key challenges:

1. Homologation check, addressing the key question "Are the requirements fulfilled?"
2. MBSE support, addressing the key question "Are the requirements consistent?"

To address these challenges of requirements engineers, specific AI-based functionalities were developed
in alignment with the common requirement engineers’ workflows:

• Search & Find: Finding semantically and contextually interrelated requirements.
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• Formalize & Check: Evaluating and checking the logical consistency of requirements.
• MBSE Integration & Virtual Testing: Translation of requirements to MBSE artifacts for downstream

reuse.

Each of these uses special AI methods, ranging from natural language processing capabilities over
logical validation to SysML-from-text generation. These functionalities were offered via AI-based
pipelines on the overall requirements corpus (see Figure 2).

Figure 2. Complex AI system architecture developed in [15,16] (adapted from [15])

In view of the high demands for knowledge processing in the domain, a key insight is that there is
no single AI method nor AI system that can handle all challenges. Instead, combinations and pipelines
of interrelated AI methods with special capabilities must be used to address the different needs. In
consequence, this makes RE systems complex AI systems in the sense of system composition. In
that, a complex AI system is composed of at least two systems, i.e., subsystems, with at least one
of them being an AI system, i.e., a system using at least one AI method, and the input and output
being requirements that may be influenced, modified, or generated by means of AI methods (see
Figure 3). Here, this dependency (indicated in red) between requirements and AI methods is subject to
trustworthiness considerations.

Figure 3. Conceptual model for a complex AI system

Although being partially orchestrated by the pipelines they are part of, the overall orchestration
of the AI (sub)systems effectively depends on the human interaction with the RE tool. This introduces
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an element of randomness into the AI-based requirements processing flows. Considering today’s
already strong demands for compliance in the domain combined with the fast-pace evolution in AI
capabilities and shorter AI system lifecycles, this raises the question of how the explainability of such
complex AI systems can be continuously safeguarded along their entire lifecycles and those of the
products that were built using them.

3. Regulatory Influences
Considering the two challenges from Section 2, the main regulatory influences come from ho-

mologation and AI.
For the automotive industry, obtaining roadworthiness status for products, i.e., vehicles, or parts,

and thus international markets access is paramount. Homologation is the mandatory, jurisdiction-
dependent official process to check, ensure, and document that all respective legal requirements are
met in order to declare the roadworthiness of a vehicle [17]. In that, it addresses specific safety-related
parts of a vehicle. The parts to be taken into account and how they need to be tested depend on the
country; however, leading international regulations apply. In the case of the European Union these are
prescribed by the United Nations Economic Commission for Europe (UNECE) [7], comprise more than
160 individual regulations, and are mutually recognized by other jurisdictions to varying degrees. In
total, this forms a highly complex body of interrelated regulatory influences whose fulfillment becomes
even more challenging due to vehicles being able to move between different countries.

Introducing AI into the system development process and tools constitutes a shaping influence on
the design and manufacturing of vehicles or parts. However, AI is increasingly subject to regulatory
influences worldwide. Within the European Union as the market of origin, these influences mainly
originate from the AI Act (EU regulation 2024/1689) and the associated regulatory landscape (see
[18], chapter 1.4). By equipping software tools with AI functionalities these tools become AI systems
according to the EU AI Act (AI Act, Article 3(1)). Thus, at least minimum transparency obligations
apply (AI Act, Article 50). Since AI-based results of RE are used for product design, manufacturing,
and permission of operation, impacts from AI and product liability also apply to such AI systems.
Given that along the entire RE value chain the involved AI systems may be composed from other
AI systems, continuous explainability needs to be ensured, also throughout the entire AI systems’
lifecycles.

At the same time, the legal requirements regarding homologation need to be unchangedly met and
potential discrepancies explained. Hence, RE toolchains must support the required explainability. The
use of AI then imposes additional constraints, ranging from the interlinking of AI-based functionalities
to the user interface level. Furthermore, due to global operations of OEMs and their supply chains, the
use of AI-based RE in jurisdictions other than the EU must also be considered.

4. Necessary Capabilities
Due to the increasing complexity of requirements management, tasks will increasingly be sup-

ported by machine learning techniques, which have proven effective in decision-making in sensitive
areas [19]. Also, the use of AI systems must comply with the growing number of regulatory influences
from homologation and AI to obtain approval in various markets [20]. To be trustworthy, AI systems
need to support different users with explanations tailored to their needs [21]. Therefore, a solution
must have specific capabilities that are precisely aligned with the explanation requirements of different
users to gain trust and avoid a mismatch between expectation and reality [22].

The challenges in the automotive industry described in Section 2 can be broken down into various
use cases on working level. The overarching goal of the identified use cases is to reduce repetitive
tasks in requirements management to increase efficiency in an increasingly complex automotive
development environment. For example, changes in various requirements documents need to be
identified to locate changes in different development stages. Other use cases require the comparison
of documents from different domains to uncover connections between text segments or address
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the automatic extraction of requirements from textual documents. To systematically specify these
capabilities, a closer look at the characteristics of the use cases and the respective complexity of the
explanation task is necessary. Hence, a systematization of explanation use cases and associated user
stories in an orientation framework is well suited for this purpose.

The first dimension of the framework is the consumer perspective, which describes information
needs of users interacting with the system. If an error occurs in the automated processing of a
development document, users require different types of explanations to understand the problem
and take appropriate action. While a system or a component requires an output from the system that
is machine-readable, a knowledge engineer is skilled enough to work with all levels of explanation.
Furthermore, a requirements engineer needs explanations in the context of requirements management. A
homologation tester needs explanations in form of format-specific justifications. Finally, lawyers need
justifications that are legally usable in court.

The second dimension is the system perspective and refers to the topology of a complex AI system
or process executed by it, thus to the AI-supported process steps. Some explanations refer only to the
static structure of the elements of the AI system in use. Others require analysis of the interdependencies
between individual system elements referring to the dynamic case. The most complex case is a mixture
of the static and dynamic structure, where an interaction of elements and their related interdependencies
is relevant.

The third dimension is the depth of explanation. While a visual summary of the results is often
sufficient when simply comparing documents, more in-depth explanations are often necessary for
security-related topics. The simplest case is pure perception. For example, a simple traffic light can
indicate that processes have been completed successfully or that errors have occurred. The complexity
increases in the area of cognition. An example would be the enrichment of a traffic light with additional
outputs and reasoning that describe the events in the executed process in more detail. The third and
most complex case requires formal logic. In this case, the traffic light status is explained by additional
information.

The fourth dimension is the performance dimension. For some background applications, a basic
performance that takes days to calculate is acceptable. In other cases, the answer is needed in a faster
time frame of hours or minutes in an enhanced performance. Optimal performance creates responses in the
matter of seconds and enables real-time interaction.

As the individual dimensions are located further away from the origin, the complexity of infor-
mation processing also increases. The orientation framework with the four dimensions is shown in
Figure 4.

Figure 4. Orientation framework for the systematization of use cases relevant for explainability
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In addition to the conceptual capabilities that consider the requirements of the end users, the
system to be developed must have various formal capabilities. These include a certain degree of
robustness. Robustness describes the ability of a system or algorithm to deal with errors in execution,
missing values, faulty data, and unknown information. It also ensures that AI-based systems do
not take unnecessary risks and cannot be easily misused during their lifecycle [20]. Furthermore, a
telemetry capability that provides identifiers for different pre- and post-execution contexts should
be provided. For this purpose, a universally applicable key performance indicator system must be
developed. In addition, end-to-end declarations must be available so that the context can be fully
integrated throughout the configured system at all times.

5. Related Work
To address the identified capabilities, solution elements can be drawn from various existing

approaches to be combined and expanded as needed. The following section describes a selection of the
most important application-oriented approaches and summarizes them to form a basis for deriving
specific requirements.

Confalonieri [23] discuss the role of ontologies in explainable AI from three perspectives: refer-
ence modeling, everyday knowledge and knowledge refinement with special regard to complexity
management. Ontologies provide formal models that are essential for designing explainable systems
and generating explanations by promoting interoperability and reusability across different domains.
They enable explanations to be created with linked semantics that can be refined through logical
reasoning.

Tsakalakis [24] developed a nine-dimensional typology of explanations to support an explainability-
by-design strategy. It introduces the role of a “legal engineer” who acts as an interface between compli-
ance and engineering teams and aligns the structured collection of explanation-related requirements.
The typology enables the derivation of computationally processable explanation elements that can be
translated into system requirements in the technical design process.

Golpayegani [25] present an ontology named AIRO for the formal, machine-readable, and in-
teroperable representation of risks associated with AI systems, based on the EU AI Act and the
ISO 31000 family of standards. It particularly supports the identification of high-risk AI systems
and the generation of technical documentation through semantic web technologies such as SPARQL
and SHACL. In addition, AIRO enables automated management, temporal tracking, and analysis
of risk information, which supports organizations in complying with regulatory requirements and
implementing monitoring systems in accordance with regulations.

Chari [26] developed an ontology for explanations that helps system designers integrate different
types of explanations into AI-supported systems. The ontology extends existing explanation patterns
and uses the SIO ontology to define the necessary classes and properties for generating user-centered
explanations. It was developed through extensive literature research and requirements from clinical
practice and is flexible and extensible to address future needs. The ontology supports system designers
in selecting appropriate explanation types and will serve as the basis for a middleware framework that
generates personalized explanations based on user input and context.

Allemang [27] present an approach to improve the accuracy of LLM-supported question-
answering systems by using ontologies. Ontology-based query checking is used to verify the semantic
correctness of SPARQL queries and identify errors. The LLM is then triggered with the explanations of
the errors to correct the queries. This cycle is repeated until the query is correct or an upper limit of
cycles is reached.

An analysis of related work shows that systematic interlinking of information has the potential
to provide complex explanations in line with demand. Existing ontologies can be used as a basis
and expanded with the context of application-specific knowledge to manage complexity. It should
provide formal models that promote interoperability and reusability while enabling understandable
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explanations. In summary, it can be stated that the capabilities developed in Section 4 can be well
fulfilled by an ontology.

6. Requirements Elicitation
The capabilities and insights from Sections 4 and 5 serve as a basis for addressing the needs for

explanation arising from the challenges and influences from Sections 2 and 3, following the method
from [28]. The key question of explainability "Why was a given result generated?" (ISO/IEC 22989
[29], 3.5.7) is broken down into requirements categories for the design of explanations of complex AI
systems as ontological concepts and data objects. For each of the dimensions described in Section 4
respective requirements are derived and justified in Table 1.

1. System Perspective: These requirements relate to the basic information to be represented for
retracing the inner workings of a complex AI system and thus to the information to be conveyed
by an explanation. Hence, the subject of interest is an AI system or AI method, respectively.

2. Consumer Perspective: These requirements relate to the consumer of generated explanations.
Hence, these are the subject of interest.

3. Depth of Explanation: These requirements address the amount of information presented to the
recipient of an explanation. Hence, the subject of interest is the information content of an
explanation.

4. Performance: These requirements address the guidance of consumer expectations towards the
provision of explanations. Thus, the subject of interest is the classification of an explanation.

Table 1. Requirements per dimension of the orientation framework.

# Requirement Reason
System perspective: An AI system or an AI method shall provide information about...

R-SP.1 ...its self-identification Within an explanation, this provides the identity and type of the
subject of interest.

R-SP.2 ...the inputs used for its
execution and the outputs
generated

Within an explanation, this allows for insights about the data
consumed and provided by the subject of interest.

R-SP.3 ...the system configuration
context in which it is used

Within an explanation, this allows to understand the structure of
the subject of interest.

R-SP.4 ...the flow context in which
it is used

Within an explanation, this allows to understand the activity
context of the subject of interest.

R-SP.5 ...the temporal context of its
use

Within an explanation, this provides information about when the
subject of interest was executed.

R-SP.6 ...the initiator of its use Within an explanation, this refers to the person, organization, or
system that triggered execution of the subject of interest.

R-SP.7 ...the reason for its use Within an explanation, this refers to the particular situation, i.e.,
interaction, that triggered the subject of interest.

R-SP.8 ...the spatial context of its
use

Within an explanation, this refers to the geographical region or
jurisdiction of the subject of interest. This is relevant when
information processing is distributed over multiple regions with
varying legal contexts.

R-SP.9 ...the metrics of its use Within an explanation, this refers to quality-related data
permitting insights about the performance of the subject of
interest.
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Table 1. Cont.

# Requirement Reason
Consumer perspective: An explanation shall permit its representation...

R-CP.1 ...in machine-interpretable
form usable for automated
information processing

This addresses the software level and permits procssing of
explanations by tools or interconnections with other AI systems
or AI methods

R-CP.2 ...in logic form usable for
knowledge engineering and
formal checks

This addresses expert-level understanding, modeling, and usage
of the related knowledge.

R-CP.3 ...in a form usable for the
target application domain

This refers to delivering information generally understood in the
application domain of the AI system.

R-CP.4 ...in a form usable for
compliance testing in the
target application domain

This refers to delivery of information that are needed and
understood when the AI system’s outputs or results are
considered in compliance assessments.

R-CP.5 ...in a form usable for legal
conformity assessments in
the target application
domain

This refers to the presentation of explanation-related information
for the target user group of non-technical users, such as auditors
or lawyers, who must verify the compliant operation of the AI
system.

Depth of explanation: An explanation shall permit its...
R-DE.1 ...condensing into a

meaningful single indicator
This addresses the ability to provide simple traffic light-style
status indicators for the result of an AI system or an AI method
with view to large numbers of results.

R-DE.2 ...expanding to deliver
justifications for a certain
indicator value

This refers to the provision of the underlying explanation for a
single indicator on-demand.

R-DE.3 ...underpinning with formal
logic-based justifications

This addresses the low-level drill-down understanding of
explanations.

Performance: An explanation shall permit its...
R-P.1 ...a-priori classification

regarding the expected
complexity of its generation
and provision

This allows users to choose from explanation types, depending
on the acceptable "time until ready" of an explanation.

R-P.2 ...classification regarding
suitability for specific
purposes

This allows users to choose the right level of explanation
provision..

R-P.3 ...classification regarding
suitability for specific
consumers

This allows different kinds of users to choose the right
explanation level.

7. Conclusion and Outlook
In this paper, basic requirements for explanations of complex AI systems, i.e., compound systems

with at least one AI method involved, have been addressed. The motivation for this comes from RE in
the automotive industry, where the insertion of AI, along with its increasing regulatory constraints,
into the system development process of products, i.e., vehicles, meets leading regulatory constraints
from homologation. To narrow down the roles, influences, and effects of the involved AI systems on
requirements management, an orientation framework with four perspectives on capabilities for the
provision of explanations has been presented, and explanation-related requirements have been derived.
Although originating in a specific domain, the approaches shall be generalizable and applicable to any
domain and kind of AI system.

Next steps include the design and implementation of a suitable telemetry approach in support,
evaluation, and validation of the presented requirements, together with a suitable key performance
indicator system to address the needs of different recipients of explanations. Ultimately, the goal is to
enable the automated derivation of end-to-end chains of explanations for AI-based data processing
activities and flows. This is considered a cornerstone for the trustworthiness of such complex AI
systems.
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