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ARTICLE INFO ABSTRACT

Keywords: The adoption of industrial Artificial-Intelligence (AI) systems in production environments has increased
Artificial-Intelligence systems considerably in recent years, enabling new forms of process automation, engineering support, and data-driven
Deve}opme‘nt decision making. However, practitioner-oriented insights regarding their practical development, configuration,
Configuration and operation remain limited. To address this gap, we conducted a four-round Delphi study with 26
fak;zﬂief:iejring practitioners involved in industrial Al-system development. Using iterative expert assessments, thematic
Production analysis, and consensus-oriented evaluation, the study synthesizes benefits, issues, risks, and mitigation
Delphi study strategies. The findings indicate that industrial Al systems are increasingly evolving from isolated analytical

models toward integrated and highly configurable production ecosystems. While experts associated Al systems
with operational and economic benefits, they simultaneously emphasized challenges related to integration
complexity, configurability, dependency management, traceability, lifecycle management, and governance. In
particular, dependency hell, combinatorial explosion, and configuration mismatches emerged as recurring
practical concerns. Overall, the study suggests that many practical challenges of industrial AI systems no
longer primarily emerge from model development itself, but from their integration and operation within
heterogeneous production environments. We argue that our findings provide practice-oriented insights into
the development, configuration, and operation of industrial AI systems.

1. Introduction increasingly important role in other fields, such as construction (Sholeh

et al., 2026) or healthcare (Denecke et al., 2024).

Industrial Artificial-Intelligence (AI) systems are increasingly inte-
grated into production environments to support operational and en-
gineering activities based on learning processes, such as production
control, quality assurance, predictive maintenance, or process optimiza-
tion (Scotti, 2019; Chryssolouris et al., 2023). In this context, their
adoption is frequently associated with expectations regarding improve-
ments in central strategic objectives of production, particularly product
quality, production time, and operational costs. For example, industrial
Al systems are expected to support faster and more adaptive decision
making, reduce downtime, or improve process robustness (Monostori
et al., 2016; Wang et al., 2018; Rakholia et al., 2024). In fact, these
incentives are not limited to the production domain but also play an

e
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However, the development, configuration, and operation of in-
dustrial Al systems introduce substantial technical and organizational
complexity (Elahi et al., 2023). Unlike isolated software applications,
industrial AI systems are commonly embedded into heterogeneous
production environments involving interconnected and highly config-
urable software components with complex dependencies on hardware
systems and individual devices (Schuh and Scholz, 2019; Peres et al.,
2020; Serddio et al., 2024). This tight cyber—physical integration in-
creases the complexity of configuring, deploying, and operating indus-
trial Al systems, since changes in software, hardware, or operational
contexts may propagate across interconnected system components and
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production processes. Consequently, developing, configuring, and oper-
ating industrial Al systems becomes substantially more challenging in
practice (Peres et al., 2020; Weber et al., 2023). For example, failures or
inappropriate mitigation strategies may directly affect production con-
tinuity, system reliability and safety, operational efficiency, or product
quality in production contexts (Steimers and Schneider, 2022; Sinha
and Lee, 2024).

Prior research extensively investigates industrial Al technologies
and application scenarios, including model and application develop-
ment (Pimenov et al., 2023), digital twins (Bhambri et al., 2024), or
Internet of Things environments (Khang et al., 2024). However, this
body of work is often shaped by theory-oriented settings, prototyp-
ical implementations, or application-specific evaluations. In contrast,
practitioner-based studies remain comparatively limited and frequently
focus on specific domains, working areas, or use cases. We argue that
broader practical experiences regarding industrial Al systems therefore
remain insufficiently consolidated across industrial contexts. This gap
is particularly relevant because the successful transfer of industrial Al
research into production practice depends not only on technological
advances, but also on a deeper understanding of practical experiences
(e.g., adoption challenges) (Schuh and Scholz, 2019; Schuh et al.,
2020; Scholz, 2022). At the same time, such practical perspectives
become particularly valuable when they are not only collected once
(e.g., through surveys), but systematically reflected upon, reconsid-
ered, and consolidated through iterative assessments by experienced
practitioners (e.g., Delphi study) (Hsu and Sandford, 2007). Hence, we
argue that a structured synthesis of expert perspectives on industrial
Al systems can contribute a broader empirical understanding of their
development, configuration, and adoption in practice.

To address this research gap, we formulated the following two
Research Questions (RQs):

* RQ: What are practitioners’ experiences and assessment regarding
the development, configuration, and adoption of industrial Al systems
in production environments?

* RQ,: What are typical benefits, issues, risks, and mitigation strategies
related to the development, configuration, and adoption of industrial
Al systems in production environments?

To answer these RQs, we conducted a four-round Delphi study (Hsu
and Sandford, 2007) with 26 experts involved in the development,
configuration, and operation of industrial AI systems in production
environments. Using iterative expert assessments and thematic anal-
ysis, the study investigates practical experiences, development and
configuration-related challenges, perceived opportunities, and mitiga-
tion approaches associated with industrial AI systems. Based on the col-
lected assessments, we derive implications for research and industrial
practice.

Our contributions are summarized as follows:

We conduct a Delphi study with experts involved in the devel-
opment, configuration, and adoption of industrial Al systems in
production environments to systematically capture and reassess
practitioner experiences.

We synthesize expert assessments based on a thematic analysis to
provide relevant benefits, issues, risks and mitigation strategies
from a software-engineering perspective.

We identify and discuss theoretical and practical implications of
the derived benefits, issues, risks and mitigation strategies.

We provide an openly accessible repository containing the study
data and supplementary research artifacts.!

1 www.doi.org/10.5281/zenodo.22301848
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Our study’s results suggests that industrial Al systems introduce
opportunities and challenges that emerge throughout their integration
into production environments and operational processes. Rather than
being limited to isolated Al functionality, practitioner experiences are
strongly connected to engineering activities, configuration practices,
industrial infrastructures, and organizational conditions surrounding
these systems. We expect that the insights obtained from this study
contribute to a more practice-oriented understanding of industrial Al
systems and support future research as well as industrial decision
making in production contexts.

The remainder of this article is structured as follows. Section 2
described the background and related work. Next, Section 3 presents
the design and conduct of the Delphi study. The results are reported
in Section 4 and synthesized into benefits, issues, risks, and mitigation
strategies in Section 5. Subsequently, Section 6 discusses implications
for research and industrial practice, followed by threats to validity in
Section 7. Finally, Section 8 concludes the article.

2. Background & related work

The following paragraphs provide an overview of the technological
structure, engineering and configuration characteristics, as well as
adoption-related aspects of industrial AI systems.

2.1. Technological structure of Al systems

From a structural perspective, industrial Al systems in production
can be described through multiple interconnected technological lay-
ers (Schuh and Scholz, 2019; Schuh et al., 2019, 2020) that we organize
into three dimensions:

The application dimension describes the operational context of a
system, including its working areas (e.g., predictive mainte-
nance) and use cases (e.g., tool-wear prediction).

The physical dimension comprises machines (e.g., CNC machines)
and processes (e.g., milling, sawing) that generate and execute
operational data.

The cyber dimension contains the technological realization of the
Al system itself, including data base (e.g., vibration, force
strength, sound), learning strategies (e.g., supervised learning),
tasks (e.g., classification), operations (e.g., neural networks),
and their implementation infrastructures (e.g., Al development
frameworks, programming languages) (Schuh et al., 2020;
Scholz, 2022; May et al., 2023b).

This layered technological structure highlights that industrial AI sys-
tems are not limited to isolated machine-learning models, but emerge
from interactions between operational environments and processes,
hardware infrastructures, and data-driven software. Consequently,
changes within individual technological layers may influence intercon-
nected system components and operational production environments.

2.2. Engineering and configuration of Al systems

Industrial Al systems are commonly engineered along processing
workflows that include data collection, pre-processing, learning, eval-
uation, and application (Goodfellow et al., 2016; Schuh et al., 2020).
Data collection refers to acquiring operational and environmental data
from production environments (Wan et al., 2016), while pre-processing
prepares and transforms data for subsequent analytical tasks with the
goal of achieving the highest possible quality (Zhang et al., 2011,
2019). Learning describes the training of AI models based on prepared
data (Goodfellow et al., 2016), while evaluation assesses the behavior
and performance of the resulting model (Domingos, 2012; Schuh et al.,
2020). Finally, application refers to integrating evaluated Al models
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into systemic production contexts (i.e., as Al systems) to generate
actionable outputs that provide certain added value (Kusiak, 2018;
Zhang et al., 2019).

In production environments, these steps do not occur in isolation,
but depend on the configuration and integration of a variety of com-
ponents, for example, industrial devices or sensors (Peres et al., 2020;
Serddio et al., 2024). Thus, engineering industrial Al systems requires
coordinating Al-specific processing steps with the surrounding produc-
tion infrastructure while considering dependencies between technolog-
ical layers, parameter settings, data characteristics, and operational
processes (Scholz, 2022; Hollender et al., 2024). This configurability
introduces highly variable and interconnected system structures in
which changes to individual components may affect related processes,
interfaces, or system behavior (Binder et al., 2022; Mo et al., 2023; May
and Adler, 2025).

2.3. Adoption of Al systems

Besides challenges in engineering and configuring industrial Al sys-
tems, their adoption is strongly influenced by the expected operational
and strategic implementation incentives within production environ-
ments (Monostori, 2014; Wang et al., 2018). At the operational level,
Al systems are commonly associated with objectives such as improving
system robustness, detecting anomalies, optimizing resource usage, or
reducing downtime (Schuh and Scholz, 2019; May et al., 2023b; Ross
et al., 2024). At the strategic level, organizations further aim to improve
the central production objectives of cost efficiency, production time,
and product quality (Monostori, 2014; Wang et al., 2018; Plathottam
et al.,, 2023). However, these objectives are closely interconnected
and may introduce practical trade-offs during development and oper-
ation. For example, achieving high production quality together with
short production times may increase operational or implementation
costs, whereas strong cost reductions may negatively affect flexibility
or quality requirements (Bolstorff and Rosenbaum, 2007; Orm and
Jeunet, 2018). Consequently, the perceived added value of industrial
Al systems represents both a major adoption incentive and a practical
operational challenge in production environments (Elahi et al., 2023;
Khan et al., 2023).

2.4. Related work

Research on industrial AI systems covers a broad range of techno-
logical and organizational topics within production environments. Prior
studies investigate, for example, industrial Al application (Hou et al.,
2017) and use case scenarios (Soori et al., 2023), key enabling tech-
nologies (Xiang et al., 2023), changes in operational processes (Mithas
et al., 2022), or cost-effectiveness (Soldatos, 2024). Additional work
further discusses concepts related to engineering and configuring Al
systems, including research on software engineering practices in Al
system development (Gopinathan, 2025), architecture frameworks for
human-AI teaming (Haindl et al., 2022), configurability in sustainable
manufacturing (Todescato et al., 2023), or self-configuring industrial
Al systems (Rehman et al., 2021).

We acknowledge that compared to the vast amount of theoreti-
cal research there is a quite limited number of literature involving
practitioner or even expert voices. Using semi-structured interviews
with industrial practitioners, Kutz et al. (2022) identified practical
challenges related to Al system implementation, particularly regarding
data quality, operational integration, and stakeholder involvement.
Alon et al. (2025) reviewed Delphi studies on AI published during the
last decade, including insights on the increasing integration of Al in
manufacturing. Further, Van Dyck et al. (2023) focused on a future-
oriented assessment of digital twins with consideration of Al potentials.
Demlehner et al. (2021) applied a Delphi study in the automotive
manufacturing domain to determine promising industrial Al application
scenarios and implementation potentials. Similarly, Culot et al. (2020)
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used a Delphi-based approach with participants from research and
industry to analyze expected opportunities and barriers associated with
Industry 4.0 technologies, including Al systems.

We argue that existing studies often focus on specific fields within
a domain, isolated organizational aspects, or selected adoption-related
topics. The closest work to our study is our previous survey on Al sys-
tem development and added value perception (May et al., 2025), which
is based on a subset of the first-round responses of the present Delphi
study. This earlier work primarily investigated development-related
challenges and perceived added value of AI systems in production
environments.

In contrast to existing work, the presented Delphi study explic-
itly incorporates configuration-related perspectives as an increasingly
relevant topic in addition to development and added value aspects.
To achieve this, we use a multi-round Delphi study to systematically
analyze and reassess practical experiences of industrial Al experts to
synthesize them in the context of benefits, issues, risks, and mitigation
strategies in the context of industrial AI systems. Through this iterative
consolidation process, the study contributes consolidated practitioner-
oriented insights into established and emerging challenges associated
with industrial Al systems in production environments.

3. Method

To systematically collect expert perspectives, we designed a Delphi
study oriented toward (Hsu and Sandford, 2007). The study aimed to
capture experiences in developing industrial Al systems, supporting
the synthesis of typical benefits, issues, risks, and mitigation strate-
gies. Delphi studies provide a structured mechanism for collecting and
refining expert knowledge in domains where consolidated empirical
evidence is still scarce. Instead of relying on single-time observa-
tions (e.g., survey), the Delphi method collects insights over multiple
iterations, refining them through repeated survey rounds combined
with controlled feedback. This structured process allows participants
to reconsider their perspectives in light of aggregated responses, which
supports the gradual emergence of shared assessments and (possible)
consensus across the expert panel (Hsu and Sandford, 2007; Vernon,
2009). We emphasize that the Delphi method is particularly useful for
technologically complex domains, in our case industrial Al systems in
production, where practical experience from practitioners represents
a valuable source of knowledge. Note that across rounds, aggregated
feedback from the previous iteration was provided to participants to
support reflection and potential reconsideration of their responses (Hsu
and Sandford, 2007).

3.1. Delphi-study design

Overall, we followed a four-phase study process, including (1)
preparatory phase, (2) Delphi rounds, (3) data processing and analysis,
(4) concluding and reporting (cf. Fig. 1).

Preparation. In this phase, the first round questionnaire was designed.
This questionnaire and all questionnaires of the subsequent round
were developed using the online-survey tool Microsoft Forms, which
enabled efficient distribution of the questionnaires, structured data
collection, and centralized response management. In total, the first
questionnaire consisted of 18 questions. Excluding demographics, the
first questionnaire comprised 49 initial items oriented toward RQ;. In
our study, items denote the individual elements presented to the experts
for evaluation, for example, including statements assessed via rating
scales as well as options considered in ranking questions. Note that
these assessments provide the empirical basis for the thematic synthesis
addressing RQ,. Overall, the questions were distinguished into four
thematic sections:

Section 1 — demographics: The first section gathered basic participant
characteristics through three questions. These covered Q; years of
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iteration per round

i

preparation

1: demographics

2: development

3: configurability

4: experiences/adoption

3 4 ——
Q E
Delphi rounds processing concluding

round 1—(n=26) and analysis & reporting
round 2 (n=24, RR=92%) C screening CREDES
round 3 (n=22, RR=92%) cleaning
round 4 (n=21, RR=94%) preparing D

coding

analyzing D

C discussing

Fig. 1. Overview of the Delphi-study design and process, including preparation, four Delphi rounds (n = participants; RR = Return Rate), processing and analysis,

as well as concluding and reporting.

experience in developing Al systems (single choice), Qo industry back-
ground (multiple choice, including prefer not to say option), and Qs
employment role (multiple choice). Participants were also asked to
create an individual pseudonym that allowed responses to be linked
across the Delphi rounds while maintaining privacy. The individual
pseudonyms were created using the last letter of the birth month,
the second letter of the mother’s first name, and the first two letters
of the birthplace. In all subsequent rounds, demographics were not
requested again; instead, the previously generated pseudonyms were
used exclusively to associate responses with the same participant.

Section 2 — development: The second section (ten items) focused on
development-related aspects of Al systems and consisted of three ques-
tions. These addressed Q4 the development phases perceived as most
challenging (ranking), Qs key development-related issues encountered
in practice (free text), and Qg typical strategies used to address or
mitigate these issues (free text).

Section 3 — configurability: The third section (26 items) referred to
practical aspects related to configuring Al systems, containing eight
questions. Participants were asked to evaluate Q, the awareness of
configurability of Al systems (Likert scale). Subsequent questions ex-
plored Qg frequently observed configuration issues (multiple choice),
Qo whether these issues mainly stem from the Al systems themselves
or from interacting systems (single choice), Q;o how often configu-
ration problems occur in practice (Likert scale), and Q;; the impact
of configuration decisions (multiple choice). Additional questions fo-
cused on Q4 typical domains or working areas in which configuration
activities take place (free text), Q3 how configuration practices dif-
fer between traditional software systems and Al systems (free text),
and Q4 strategies commonly applied to mitigate configuration issues
(multiple choice). Note that all multiple-choice questions offered an ad-
ditional other option, allowing participants to complement predefined
answers with further explanations in free text.

Section 4 — experiences: In the fourth section (13 items), we collected
practitioners’ experiences with the AI system with which they had
the greatest personal involvement in their organization, assuming that
this system reflects their most substantial practical experience. Here,
the broader goal was to consolidate these insights after analysis and
generalize them into statements for evaluation in the subsequent Delphi
rounds. Participants first reported Q5 the system’s primary use case
(single choice) and Q,¢ the learning strategy applied (single choice),
both including an other option to allow additional entries. Then, they
were asked to describe Q;, the main incentives for introducing this sys-
tem in their organization (free text). Finally, participants evaluated Qg
whether the implementation was considered economically worthwhile
(Likert scale).

Delphi rounds. The iterative Delphi process constituted the second
step of the study. All questionnaires were made accessible via Microsoft
Forms, with participants receiving an invitation link by email for each
round. After the first round, all open-ended responses were systemati-
cally analyzed and organized (cf. data processing and analysis). This
method allowed us to synthesize the collected free-text statements
into a structured set of items that served as the basis for subsequent
evaluations. Then, participants were asked to rank or assess these
categories in the following rounds (cf. Table 1). Questions that had
originally been formulated as rating items, such as those addressing
the frequency of configuration issues, remained in their original Likert-
scale format. Across rounds, participants were additionally encouraged
to provide comments and reflections for each thematic block, namely
development, configurability, and adoption (created out of experiences).
The overall questionnaire structure remained stable throughout the
second, third, and fourth rounds, i.e., it consisted of the same set of 13
core questions to support comparability across these rounds. Naturally,
wording and presentation of individual items and item orders were
adapted based on results obtained from the previous round.

Processing and analysis. As the third step of the study, the collected
responses were reviewed and analyzed by RM, HH, and MTS after each
Delphi round. As an initial step, all submissions were screened to ensure
completeness and sufficient response quality.

Quantitative analysis: Quantitative responses were analyzed using com-
monly applied procedures for Delphi studies. For questions requiring
the ranking of items, we applied Kendall’s coefficient of concordance
(W) to assess the degree of agreement among participants regarding
the relative ordering of items (Diamond et al., 2014). Kendall’s W
reflects how consistently participants assign similar ranks to the same
set of items and ranges from O (no agreement) to 1 (perfect agree-
ment). Values above 0.7 are typically interpreted as strong agreement
among participants (Schmidt, 1997). To ensure statistical robustness,
we considered results meaningful only when the associated significance
level satisfied p < 0.05. For rating questions based on five-point Likert
scales, responses were coded numerically from 1 (strongly disagree)
to 5 (strongly agree). Then, the interquartile range (IQR) was used to
measure the distribution of responses (Von Der Gracht, 2012).

Qualitative analysis: Free-text responses were reviewed after each round
by RM, HH, and MTS and analyzed using thematic analysis (Clarke and
Braun, 2017), supported by open-card sorting to structure emerging
themes (Zimmermann, 2016). After familiarizing with the responses,
HH and MTS jointly coded the data, while RM conducted an in-
dependent coding of the same responses. The coding results were
subsequently compared and discussed among these authors until agree-
ment was reached. Based on this process, items were either retained
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Overview of the Delphi study questionnaire for round 2 (n = 24), round 3 (n = 22), and round 4 (n = 21), focusing on development and configurability questions.

Section D Question Answer options
Q4 Please rank the AIS development phases according to how Data preparation; design; implementation; deployment,
challenging they are. operation; testing; change management
Development ging they P & 8 8
Qs Please rank the most important challenges that arise in the Data quality; system configurability; system
development or use of AIS according to their relevance. adaptability/change management; meeting stakeholder
expectations; model efficiency; system scalability; data
handling/processing
Qs Please rank the most important challenges that arise in the Regular dataset testing; system templates; communication;
development or use of AIS according to their relevance. improving data quality; iterative system optimization; holistic
requirements engineering
- Further comments Free text
Q, Is there an awareness of AIS configurability and related 5-level Likert scale on agreement
issues in industry?
Qg Please rank the most common configuration issues Incorrect parameter settings; hard-ware-software mismatch;
encountered when deploying machine learning models in unwanted feature interactions; dependency issues;
Configurability industrial settings according to their relevance. programming errors; version issues; high latency; scalability
limitations; security limitations;
Qo Do configuration issues arise more within AIS themselves or In combination with other systems
in combination of AIS with other systems?
Q1o How often do AlS-related configuration issues occur? 5-level Likert scale on frequency
Qn Please rank the typical impacts of configuration issues Reduced accuracy; inconsistent outputs; increased downtime;
regarding the performance and reliability of AIS according to computational inefficiency; system vulnerabilities; scalability
their relevance. issues
Qi Please rank the working areas where configuration issues are Feature-rich working areas; real time data working areas;
more prevalent in AIS according to their relevance. security-critical working areas; monitoring systems; all
working areas; less common working areas
Qi3 Please rank the differences of configuration issues between Higher complexity; lack of legal standards; greater data
AIS and traditional software systems in industrial dependence; usage of real time data; more challenging
environments. versioning/configuring; black-box characteristics; need for
more parameters; more specific requirements
Q4 Please rank the most important solutions to overcome Hyperparameter optimization; regular testing; data as code

configuration issues in AIS according to their relevance.

approach; iterative development; reducing system variability;

- Further comments

continuous monitoring; configuration-management tools

Free text

as originally formulated, content-wise revised, or grouped into new
themes. These themes were subsequently incorporated into the ques-
tionnaire of the following round or, in the case of the final round, used
as the basis for the interpretation of the results.

Consensus: Consensus among participants was primarily assessed using
the percentage of agreement, adopting a commonly reported threshold
of 75% as an indication of agreement in Delphi studies (Diamond
et al., 2014). For rating questions, consensus was additionally evaluated
using the IQR. Lower IQR values indicate a stronger convergence of
opinions among participants. Following common recommendations, we
interpreted IQR < 0.5 as evidence of consensus (Von Der Gracht, 2012;
Diamond et al., 2014).

Stability: Building on recommendations for assessing stability in Delphi
studies summarized by Von Der Gracht (2012), we defined thresholds
to evaluate stability between Delphi rounds. For ranking questions,
stability was assessed by comparing the percentage of participants
assigning the same rank to an item between rounds. For categorical
questions (e.g., single-choice items), stability was assessed by com-
paring the percentage of participants selecting each option between
rounds. Responses were considered stable when the change in these
percentages was <15%. For rating questions based on a five-point Likert
scale, stability was assessed by comparing the difference between the
coded mean ratings of two rounds based on the numerical codings
(cf. quantitative analysis). Responses were considered stable when this
difference is <0.5 (i.e., half a Likert-scale category).

Stopping criteria: The study was initially designed to comprise four Del-
phi rounds. Additional rounds would have been considered if sufficient
agreement and stability had not been established across at least 75%
of the items (Von Der Gracht, 2012; Diamond et al., 2014). Another
stopping criterion concerned the participant dropout (Hoerger, 2010).

For the dropout, we defined a threshold of more than 30% relative to
the initial Delphi panel.

Concluding and reporting. In the final phase of the study, the findings
of all Delphi rounds, however, primarily focusing on the results of
round 4, were systematically concluded and reported by RM. More
specifically, we reported following the Conducting and REporting of
DElphi Studies (CREDES) guidelines proposed by Jiinger et al. (2017).
Although originally described for healthcare research, the reporting
principles are not domain specific. Thus, we adopted the relevant
elements and applied them to the context of industrial AI systems. To
further support transparency and reproducibility, all collected data and
the CREDES document are provided in an open-access repository.

3.2. Study conduct

Participants. For panel size, we aimed to recruit 10 to 20 participants,
which is commonly recommended for Delphi studies to obtain robust
insights (Okoli and Pawlowski, 2004; McMillan et al., 2016; Belton
et al., 2021). We recruited only participants who actively work in the
field of Al systems, such as programmers, data scientists, or Al-system
operators. The targeted working area was the production industry.
Participants were specifically recruited based on their experience with
Al systems in production environments. However, we did not restrict
recruitment to a specific industry in the context of these environments,
such as manufacturing or logistics. We relied on four separate channels
to reach potential participants:

1. a manually created mailing list (89 persons)
2. the professional network of the authors
3. the LinkedIn network of RM
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Response overview of the demographics across all Delphi rounds. Values are reported as n (%). Percentages may exceed 100%

due to multiple selections.

Question Options Round 1 Round 2 Round 3 Round 4
0to2 2 (8%) 1 (4%) 1 (5%) 1 (5%)
0,: experience 3to5 7 (27%) 6 (25%) 6 (27%) 6 (29%)
1: eXp 6 to 10 7 (27%) 7 (29%) 5 (23%) 5 (24%)
11+ 10 (39%) 10 (42%) 10 (45%) 9 (43%)
Manufacturing 20 (77%) 19 (79%) 17 (77%) 16 (76%)
Information technology 14 (54%) 14 (58%) 13 (59%) 13 (62%)
Q,: industry Research 10 (39%) 10 (42%) 10 (45%) 9 (43%)
Logistics 3 (12%) 2 (8%) 2 (9%) 2 (10%)
Prefer not to say 1 (4%) 1 (4%) 1 (5%) 1 (5%)
Research & development 23 (87%) 22 (92%) 20 (91%) 19 (90%)
Operations 11 (42%) 9 (38%) 8 (36%) 8 (38%)
Q3: employment Quality 3 (12%) 3 (13%) 3 (14%) 3 (14%)
Management 2 (8%) 1 (4%) 1 (5%) 1 (5%)
Other 2 (8%) 2 (8%) 2 (9%) 2 (10%)
4. snowballing via participant networks 4. Results

Delphi process. Using the defined recruitment channels, we reached at
least 94 potential participants; however, the exact number of persons
approached via LinkedIn and snowball sampling remains unknown.
The first Delphi round was conducted from May 22 to June 22, 2024
(i.e., four weeks) and yielded 27 responses in total and 26 valid
responses after data cleaning. Although this exceeded our initially
targeted panel size of 10 to 20 participants, we retained all 26 eligible
participants to preserve the breadth of practitioner perspectives repre-
sented in the recruited panel. Moreover, as some participant dropout
is common across Delphi rounds (Hoerger, 2010), the larger initial
panel was considered beneficial for maintaining a sufficient panel size
throughout the subsequent rounds. All subsequent rounds were open
for two weeks, with a cooling period of two weeks between consecutive
rounds. Round 2 involved 24 participants (return rate 92%), followed
by 22 participants in round 3 (return rate 92%). A fourth round was
conducted from September 29 to October 12, 2025, after an inten-
tionally longer interval of approximately one year. This round again
allowed two weeks for participation and resulted in 21 participants
(return rate 96%). The extended pause was introduced to examine the
stability of expert assessments over time and to identify potential shifts
in priorities after a prolonged reflection period. Thus, the fourth round
was conducted to assess the stability of the previous assessments rather
than in response to substantial disagreement among the experts. By the
end of round 4, sufficient agreement and stability had been established
across at least 75% of the items, while participant dropout remained
below the predefined threshold. Therefore, no additional Delphi round
was considered necessary.

The questionnaire was iteratively refined across the Delphi rounds.
Round 1 included 49 items. For round 2, eleven items were removed
and 42 new items were added based on expert responses. These changes
resulted from systematically coding and categorizing the participants’
round-1 responses; all new items were derived from this content, with
no additional content introduced by the research team. Precisely, in
the development section, one item was removed and 13 added, while
19 items were added in the configurability section. In the experiences
section, all initial items were replaced by ten statements derived from
the participants’ free-text responses, and the section was renamed
adoption. Thus, removed or replaced items reflect restructuring rather
than the exclusion of participant-derived content. In rounds 3 and 4,
no further items were added or removed. Only the ordering of ranking
options was adjusted based on the previous round’s results. Note that
the aggregated feedback given between rounds did not result in further
additions or removals of items across the subsequent rounds.

In the following, we present the results of our Delphi study, focus-
ing on demographics, development, configurability, and adoption, which
are called experiences in round 1 (cf. RQ;). While demographics are
reported across all rounds, the analysis of the remaining topics focuses
on the final outcomes of round 4. Data from the earlier rounds are
available in our open-access repository. Except for the demographics,
we report the agreement (%) for each item. Note that the IQR remained
0 for all rating questions.

4.1. Demographics

In Table 2, we show an overview of the Demographics. Generally,
our panel reflected a high level of Q; professional experience in Al-
system development. Across the rounds, between 66%-67% of the
experts reported more than six years of experience. Only around 6%
have zero to two years of experience. Most respondents reported their
Q, industry backgrounds in the manufacturing sector (77%-79%) and
information technology (54%-62%), while smaller shares indicated
affiliations with research (39%-45%) and logistics (8%-12%). One par-
ticipant selected the prefer not to say option. In terms of Q3 employment
roles, research and development positions were most common among
the panel (87%-92%). Further roles referred to operations (36%—-42%),
quality management (12%-14%), general management (4%-8%), and
other (8%-10%), including, for example, risk management. Note that
all participants included in our study are from Germany.

Based on the characteristics described, our expert panel can be
regarded as well aligned with the focus of this study. At the same
time, the number of participants remained largely stable throughout
the Delphi process and, even in the round 4, slightly exceeded the panel
sizes commonly reported for specialized Delphi studies (cf. Section 3.2).

We emphasize that these factors support a high level of confidence
in the relevance and reliability of the collected assessments.

4.2. Development

As shown in Fig. 2, participants identified data preparation (95%) as
the most Q4 challenging development phase of Al systems (W = 0.96).
Deployment (100%), operation (76%), and change management (81%)
followed, whereas testing (95%), design (91%), and implementation
(91%) generally received lower ranks (all stable). Data quality (100%)
was clearly perceived as the most Qg critical development challenge
(W =0.99). The following challenges referred to system customization
and configurability (100%), system adaptability and change manage-
ment (100%), meeting stakeholder expectations (100%), and model
efficiency (100%) Besides system scalability (71%) and data handling
(71%), which were considered less critical overall, all other items
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development phases development challenges

data preparation data quality

system customization/

deployment configurability

system adaptability/

operation
change management

stakeholder
expectations

change
management

testing model efficiency

design system scalability

data handling/

implementation

0 1 2 3 4 5 6
mean rank (lower = higher relevance)

processing

0 1 2 3 4 5 6 7
mean rank (lower = higher relevance)

Fig. 2. Ranking of development phases (Q,) and development-related challenges (Qs) in round 4. Lower mean ranks indicate higher relevance. Light gray bars

indicate unstable rankings.

configuration issues

version issues

dependency issues

unwanted
feature interactions

scalability limitations

incorrect
parameter settings
hardware-software
mismatch

programming errors
high latency

security limitations

increased downtime

inconsistent outputs

system vulnerabilities

configuration issue impacts

scalability issues

computational
inefficiency

reduced accuracy

0 1 2 3 4 5 6 7 8

mean rank (lower = higher relevance)

9 0 1 2 3 4 5 6
mean rank (lower = higher relevance)

Fig. 3. Ranking of configuration issues (Qg) and configuration issue impacts (Q;;) in round 4. Lower mean ranks indicate higher relevance. Light gray bars

indicate unstable rankings.

remained stable. Interestingly, the perceived importance of these two
fluctuated across rounds, as some participants continued to interchange
their positions until the final round. Regarding Qg mitigation strategies
(W = 0.96), regular testing (100%) and the use of Al-system tem-
plates (100%) were most frequently considered appropriate strategies.
Stakeholder communication (81%) and improvements in data quality
(81%) followed as additional, stable strategies. Iterative system opti-
mization (71%) and holistic requirements-engineering processes (71%)
were ranked lowest and remained unstable until the final round. Ten
experts provided additional comments. Specifically, they mentioned the
importance of Al explainability and traceability (2), compliance with
new legal regulations (2), and integration of different Al technologies
(2). Other comments concerned Al-system templates (1), organizational
readiness (1), preprocessing effort (1), and limited training data (1).

4.3. Configurability

Responses regarding the Q, awareness of configurability in Al
systems indicate stable consensus that most participants selected the
neutral option, with 95% neither agreeing nor disagreeing; 5% agreed.
Referring to typical Qg configuration issues (cf. Fig. 3), all opinions
remained stable with versioning issues most frequently selected at the
first rank (100%). Dependency issues (95%) and scalability limitations
(95%) followed. Less relevant issues were ranked as following (stable):
unwanted feature interactions (100%), incorrect parameter configura-
tions (100%), mismatches between hardware and software components

(100%), programming errors (86%), high latency (86%), and security
limitations in the target infrastructure (100%). Related to Qg (W =
0.99), the results show that configuration issues occur primarily when
Al systems interact with other systems rather than within AI systems
themselves (100%). Moreover, in the context of Qo configuration-
issue occurrences, all responses indicate that these occur frequently
(100%, stable). Regarding the Q;; impacts of configuration issues
(W = 0.97), all participants agreed on increased downtime as most
prominent impact (100%). As illustrated in Fig. 3, the remaining im-
pacts were ranked as follows: scalability limitations (86%), inconsistent
system outputs (67%), system vulnerabilities (81%), computational in-
efficiency (100%), and reduced accuracy (100%). Besides inconsistent
system outputs, all items were stable. The responses on the Q5 working
areas (W = 0.98) were all stable and showed that most participants
ranked working environments characterized by high feature-richness
as most dominant area in the context of configuration issues (100%).
It is followed by areas relying on real-time data (81%), monitoring sys-
tems (81%), not-specified areas (100%), areas with increasing security
requirements (100%), and areas in which Al systems are still uncom-
mon (100%). The Q5 differences between Al systems and traditional
cyber physical systems (W = 0.98) were ranked as follows (stable):
higher system complexity (100%), use of real-time data (91%), greater
data dependence (100%), more challenging versioning and configuring
(91%), need for more parameters (91%), more specific infrastructure
requirements (91%), missing legal standards (100%), and black-box
characteristics (100%). The participants ranked in the context of Q4
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Table 3
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Assessments of adoption statements regarding industrial Al-system practice as well as operational and economic benefits, including ratings, agreement levels, and

stability in Delphi round 4.

Item Rating n (%) Consensus Stability
Industrial Al-system practice
Supervised learning is currently the most popular learning strategy for industrial Agree 21 (100%) Yes Yes
environments.
The prediction of machine or component failures is currently one of the most Agree/disagree 17 (81%) Yes Yes
popular use cases for industrial Al systems.
Operational benefits
Al systems enhance the decision-making capabilities in industrial sectors. Agree 18 (86%) Yes Yes
A main reason for the implementation of Al systems is to improve operational Agree 18 (86%) Yes Yes
efficiency.
A main reason for the implementation of AI systems is to reduce the downtime Agree 17 (81%) Yes Yes
in industrial environments.
The implementation of Al systems typically leads to an increase in production Agree 21 (100%) Yes Yes
capacity and a reduction in manual labor.
The implementation of Al systems improves the overall efficiency in engineering Agree 18 (86%) Yes Yes
tasks (i.e., planning, production, and maintenance).
A main reason for the implementation of Al systems is their positive impact on Agree/disagree 19 (90%) Yes Yes
production quality.
Economic benefits
A main reason for the implementation of AI systems is to save costs. Agree 18 (86%) Yes Yes
The implementation of Al systems is typically worthwhile from an economic Agree 20 (95%) Yes Yes
point of view.
mitigation strategies to address configuration issues (W = 0.93) regular 5.1. Benefits

testing (100%) first, followed by continuous monitoring (91%) and the
use of configuration-management tools (71%, unstable). These were
followed by reducing system variability (71%, unstable), data-as-code
approaches (91%), hyperparameter optimization (100%), and iterative
development practices (100%). Additionally, we got further comments
from 17 experts. They mentioned dependency hell (5), combinatorial
explosion (5), configuration reproducibility and feature traceability (4),
versioning issues (3), parameter variability (2), misconfigurations (2)
and operator fatigue (1).

4.4. Adoption

Out of the experiences (round 1), we derived ten statements to be
assessed by the experts. In Table 3, all items and their assessments
are presented. Eight items reached agreement while the participants
neither agreed nor disagreed with two items. Each item reached sta-
ble consensus. Further comments concerned system integration (4),
learning strategies (2), data infrastructures (2), architectures and con-
figurability (2), human and explainability aspects (2), and system
lifecycle management (1).

After describing the results, we answer RQ; as follows:

RQ; - Development, configuration, and adoption: Practition-
ers perceive industrial Al systems as challenging particularly in terms
of data preparation and quality, configurability, adaptability, and
system integration. Configuration issues occur frequently and predom-
inantly emerge from interactions with other systems, with versioning,
dependencies, scalability, and downtime being central concerns. At the
same time, practitioners associate industrial AI adoption with opera-
tional and economic benefits, including improved efficiency, reduced
downtime, increased production capacity, and cost savings.

5. Thematic synthesis

By synthesizing the data retrieved from the questionnaire responses,
we derived recurring themes related to benefits, issues, risks, and
mitigation strategies that are currently part of the daily business
practice of our experts (cf. RQ,).

Operational and economic enablement. Industrial Al systems are
perceived as operational and organizational enablers rather than iso-
lated analytical models (Zdravkovic et al., 2021). Experts associated
Al systems with improved operational efficiency, reduced downtime,
increased production capacity, lower manual effort, and improved
engineering processes. In addition, the findings imply that industrial AI
systems are generally perceived as economically worthwhile and bene-
ficial for production quality, which is already highlighted by a variety
of research (Elahi et al., 2023; Plathottam et al., 2023). Altogether,
these findings indicate that the practical value of Al systems is primarily
associated with measurable operational improvements and economic
optimization within industrial environments.

Infrastructure-level integration and scalability. There is a clear
transition from isolated AI pilots toward integrated and scalable pro-
duction infrastructures. Experts repeatedly highlighted the importance
of modular architectures, configurable components, standardized data
infrastructures, and unified data models for deploying Al systems across
heterogeneous production environments. Furthermore, the integration
of Al capabilities into existing operational systems such as mainte-
nance, quality management, and manufacturing execution system plat-
forms (Rakholia et al., 2024; Lin, 2024) was perceived as important.
Hence, perceived benefits emerge not only from individual AI models,
but also from their integration into larger operational ecosystems and
smart factory architectures.

Human-centered decision support. While automation remains an
important objective, experts perceive Al systems as supporting rather
than replacing human operators. This opinion is also reflected by
recent research (Rakholia et al., 2024; Tarafdar, 2025). More broadly,
this human-centered perspective is increasingly emphasized in the
context of Industry 5.0 (Martini et al., 2024; Yan et al.,, 2025). In
particular, explainability and interpretability (Arrieta et al., 2020)
were emphasized by our panel, especially in safety-relevant produc-
tion environments where operators must understand system behavior
and decision processes. These capabilities are essential for validat-
ing Al-generated recommendations, understanding unexpected system
behavior, and maintaining confidence in operational decisions. Thus,
successful industrial Al adoption depends not only on automation capa-
bilities but also on the ability of operators to understand, supervise, and
effectively integrate Al-supported decisions into existing production
processes, reflecting the Industry 5.0 emphasis on integrating human
capabilities with advanced technologies.
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5.2. Issues

Integration and infrastructure complexity. A major issue of indus-
trial Al systems concerns their integration into heterogeneous pro-
duction and automation environments. Experts emphasized difficulties
related to legacy infrastructures, proprietary communication protocols,
and the integration of Al capabilities into existing operational systems.
In particular, the combination of multiple Al modules, automation tech-
nologies, and heterogeneous runtime environments was associated with
increasing system complexity and unexpected side effects. Furthermore,
the results imply that many industrial Al initiatives fail not because
of insufficient model capabilities, but because of challenges related
to operational integration and infrastructure compatibility. Therefore,
integration complexity represents a central practical barrier for indus-
trial Al deployment in real-world production environments (Kutz et al.,
2022; Sinha and Lee, 2024).

Configuration complexity. Another issue concerns the increasing con-
figuration and variability complexity of industrial Al systems (Peres
et al.,, 2020; Rabiser and Zoitl, 2021; Sinha and Lee, 2024). The
quantitative findings already highlighted configurability, adaptability,
and deployment as major challenges. These findings were strongly
reinforced by the qualitative statements, where experts referred to
dependency hell (Boué et al., 2023), hidden dependencies (Nyakundi,
2026), parameter variability (Eggensperger et al., 2019), combinato-
rial explosion (Fortz, 2023), and configuration mismatches between
training and production environments (Rahman et al., 2025). In addi-
tion, experts highlighted that variability is frequently tolerated rather
than systematically engineered, resulting in fragile dependencies and
unstable system behavior across different production settings. In ad-
dition, the complexity of industrial Al systems extends beyond the
configuration of individual models or software components. Since con-
figuration decisions frequently affect multiple system dimensions and
layers simultaneously (cf. Section 2.1), dependencies can propagate
across technological boundaries and create unforeseen interactions.
As a result, local configuration changes may also trigger system-wide
effects that are difficult to predict, validate, and manage throughout
the system lifecycle.

Data and lifecycle management challenges. The findings further
show substantial challenges related to data management, traceabil-
ity, and lifecycle control. Experts described high efforts for cleaning,
synchronizing, and contextualizing industrial data, as well as limi-
tations caused by missing labeled failure events. At the same time,
reproducibility, versioning, and configuration traceability were de-
scribed as difficult and often associated with unclear or highly manual
workflows (Semmelrock et al., 2025). Several experts additionally em-
phasized growing requirements for long-term lifecycle management,
including monitoring, retraining strategies, and configuration manage-
ment. In general, the operation of industrial Al systems increasingly re-
quires continuous lifecycle-oriented management processes that extend
far beyond initial model development.

Organizational and governance limitations. The results show that
organizational readiness and governance capabilities represent impor-
tant practical limitations for industrial AI adoption (Kinkel et al.,
2022). Experts reported that many organizations, including small and
medium-sized companies, lack sufficient resources, validation proce-
dures, and operational structures for deploying and maintaining indus-
trial AI systems at scale. Furthermore, increasing regulatory require-
ments (e.g., EU Al Act, 2024) were frequently perceived as difficult
to operationalize due to limited guidance and unclear implementation
strategies. The findings therefore suggest that barriers to industrial Al
adoption often arise from missing organizational capabilities and gov-
ernance structures rather than from limitations of the AI technologies
themselves.
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5.3. Risks

Operational risks. The findings indicate that unresolved configuration,
integration, and deployment issues can directly threaten operational
stability within industrial environments. The quantitative results al-
ready identified increased downtime, scalability issues, and inconsis-
tent outputs as major consequences of configuration-related problems,
which are widely known issues in research (Xu and Zhou, 2015; Rah-
man et al., 2025). These findings were reinforced by qualitative expert
statements describing degraded model performance, configuration mis-
matches between training and production environments, and even
complete machine stops after deployment errors. In addition, experts
repeatedly emphasized that hidden dependencies and combinatorial
interactions between models, data sources, and runtime components
create fragile operational environments with difficult-to-predict system
behavior. Thus, our findings imply that industrial Al systems increas-
ingly introduce risks related to operational instability and production
disruptions in heterogeneous production infrastructures.

Transparency and control risks. A major risk concerns the increasing
loss of transparency, traceability, and controllability of industrial AI
systems (Kroll, 2021; Mora-Cantallops et al., 2021). Several times,
experts stated explainability, traceability, and documentation as critical
requirements, particularly in safety-relevant production environments.
At the same time, the findings revealed substantial difficulties regarding
versioning, reproducibility, and configuration tracking. The growing
variability of configurations, parameters, models, and deployment envi-
ronments further amplifies these challenges. As a result, organizations
may struggle to understand which configuration states, model versions,
or dependencies are responsible for specific system behaviors. Alto-
gether, the findings indicate that industrial Al systems risk evolving into
both difficult-to-trace and difficult-to-control operational ecosystems.

Human and organizational risks. There are several human-centered
and organizational risks associated with industrial Al adoption, which
are related to the already described issues. Experts highlighted that
frequent configuration problems and false alarms may lead to oper-
ator fatigue (Rozanec et al., 2023) and reduced trust (Dorton and
Harper, 2022) in Al-supported processes. Furthermore, insufficient ex-
plainability may limit operator acceptance and reduce confidence in
safety-relevant decision support systems (Arrieta et al., 2020). The
findings also indicate that many organizations still lack sufficient val-
idation capabilities, governance structures, and operational readiness
for deploying Al systems at scale (Uren and Edwards, 2023; Hussein
et al., 2026). Consequently, we state that industrial Al risks increasingly
emerge not only from technical failures, but also from organizational
limitations and human operational factors.

Governance and compliance risks. Our findings also indicate grow-
ing governance and compliance risks associated with industrial Al
systems. As already stated, experts referred to increasing regulatory
pressure, leading to high risks regarding successful Al system imple-
mentation. In fact, risks may also arise in other regulatory areas,
including security (ISO/IEC 27000, 2018). In particular, security inci-
dents in safety-critical areas may have severe consequences, as security
breaches may compromise system functionality, potentially causing en-
vironmental damage and endangering human lives (May et al., 2023a,
2024a,b). However, integrating security comes with huge challenges,
such as considering increasing system complexity due to growing con-
figuration spaces (Mellado et al., 2010; Varela-Vaca et al., 2021).
Consequently, increasing configurability and operational integration
can make industrial Al systems more difficult to govern, audit, and se-
cure. This challenge is further amplified when configuration decisions,
model versions, and system dependencies are insufficiently documented
or traceable, limiting organizations’ ability to demonstrate compliance
and maintain operational control.
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5.4. Mitigation strategies

Standardization and modularization. Standardization and modular-
ization represent central mitigation strategies for managing the growing
complexity of industrial AI systems. Modular architectures and com-
ponents (Pfeiffer et al., 2023), reusable templates (May et al., 2023b),
and standardized data infrastructures (Liang et al., 2022) are important
approaches for improving scalability and operational integration. In
particular, unified data models and reusable parameter configurations
were perceived as important mechanisms for reducing integration ef-
fort and configuration inconsistencies across heterogeneous production
environments.

Traceability and lifecycle management. Another mitigation strategy
concerns the establishment of traceability and lifecycle-oriented man-
agement practices, which are ongoing challenges at the same time.
Concrete approaches concerned tagging mechanisms, unique identi-
fiers, configuration tracking, versioning approaches, and monitoring
processes as important measures for improving reproducibility and
operational transparency (Mora-Cantallops et al., 2021; Schlegel and
Sattler, 2023). In addition, several statements emphasized the growing
importance of lifecycle management strategies (Kreuzberger et al.,
2023) including retraining processes, drift monitoring, and continu-
ous configuration management. To conclude, the results suggest that
effective operation of industrial Al systems depends on the ability to
continuously track configurations, model versions, data changes, and
system behavior throughout the system lifecycle. Without such trace-
ability mechanisms, organizations may struggle to reproduce results,
diagnose failures, or manage the evolution of deployed Al systems.

Transparency and operational oversight. Transparency and oper-
ational oversight are essential mitigation strategies for industrial Al
systems. Experts stated explainability, documentation, and traceability
as prerequisites for understanding system behavior, diagnosing unex-
pected outcomes, and validating Al-supported decisions (Arrieta et al.,
2020; Tarafdar, 2025). In particular, these practices become increas-
ingly important in safety-relevant production environments, where op-
erators remain responsible for assessing and acting upon Al-generated
recommendations.

Governance and structured reuse. Governance frameworks and or-
ganizational capability development are also relevant from the experts’
perspective. While regulatory frameworks and standards can lead to
issues and risks, they are also a chance for structuring industrial Al
governance and operational control (Agarwal and Nene, 2024; Saleh
and Abdulsalam, 2025). Investing in standardized infrastructures based
on core assets (e.g., templates) and the subsequent derivation of con-
figured variants can lead to several advantages, including systematic
reuse, improved quality assurance, or reduced engineering effort (Apel
et al,, 2013; Rabiser and Zoitl, 2021; May and Adler, 2025). We
argue that effective mitigation requires not only technical solutions,
but also structured governance mechanisms, standardized engineering
practices, and systematic reuse strategies.

Based on the thematic synthesis of our results, we answer RQ, as
follows:

RQ, - Benefits, issues, risks, and mitigation strategies: Rele-
vant benefits primarily concern operational efficiency, reduced down-
time, increased production capacity, and improved decision support.
Issues mainly arise from integration and configuration complexity,
data and lifecycle management, and organizational limitations. Risks
include operational instability, limited transparency and control, hu-
man factors, and governance and compliance concerns. Mitigation
strategies focus on standardization and modularization, traceabil-
ity and lifecycle management, operational oversight, and structured
governance and reuse.
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6. Implications

To make the insights we described more actionable, we provide
additional implications for both research and practice based on them.

Research implications. For researchers, the findings suggest that fu-
ture work should move beyond isolated model evaluations and place
greater emphasis on the engineering and operation of industrial AI sys-
tems in production environments. Research should investigate how in-
dustrial Al systems can be engineered as configurable software ecosys-
tems through systematic variability management, reusable core assets,
and configurable platform architectures. In particular, approaches orig-
inating from software product line engineering (Apel et al., 2013), such
as reusable core assets, templates, reference architectures, and con-
figurable variants, appear promising for improving scalability, main-
tainability, and systematic reuse in industrial Al environments. Future
studies should therefore complement performance metrics with oper-
ational qualities, such as configurability, maintainability, traceability,
or reproducibility. This broader system-level perspective can help align
academic evaluation criteria more closely with the practical concerns
encountered by industrial practitioners.

Practical implications. For practitioners, the findings indicate that
investments should primarily target operational and organizational ca-
pabilities rather than model development alone. Organizations should
establish reusable Al platforms based on standardized architectures,
templates, and configurable core assets that support the systematic
derivation of Al system variants for different production contexts. Here,
we recommend to take product line engineering approaches (Apel et al.,
2013) into account. Such approaches can reduce engineering effort,
improve consistency, facilitate traceability, and support the scalable
deployment and maintenance of industrial Al systems across heteroge-
neous environments. Finally, organizations should complement these
technical capabilities with structured governance mechanisms, includ-
ing lifecycle management, configuration management, and clear owner-
ship of models, data assets, and configurations, to maintain operational
control and long-term system reliability.

7. Threats to validity

Next, we describe relevant threats to the internal, external, and
construct validity of our study.

7.1. Internal validity

Internal validity may be influenced by researcher interpretation
during the analysis and consolidation of qualitative responses. Free-text
responses from the initial Delphi rounds were analyzed using thematic
analysis and open-card sorting, which required us to interpret and
group statements into themes and structured items. Furthermore, the
final synthesis of qualitative feedback after round 4 may introduce
subjective bias. To mitigate these threats, responses were indepen-
dently reviewed and coded by multiple researchers and discussed until
consensus was reached. The general robustness of our results is sup-
ported by the stability of the consensus process. In the final round,
agreement levels were high (W > 0.93) with statistically significant
results (p < 0.001), indicating a strong and reliable convergence of
expert opinions that transcends individual round-to-round fluctuations.
Nevertheless, another primary threat relates to the iterative nature of
the Delphi process. Participants received aggregated feedback, which
might trigger a bandwagon effect where experts align their assessments
with emerging group tendencies rather than maintaining their initial
perspectives (Bhandari and Hallowell, 2021).
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7.2. External validity

The generalizability of the findings is limited by the specific study
context. The Delphi panel consisted exclusively of experts involved in
developing or operating industrial AI systems. While this focus en-
sured practical expertise, the results may not directly transfer to other
Al domains, e.g., healthcare. Furthermore, the expert panel covered
heterogeneous industry backgrounds, potentially limiting the trans-
ferability of findings to specific industries. However, manufacturing,
information technology, and research were most strongly represented,
providing a relatively consistent production-related context. Addition-
ally, the recruitment strategy may have introduced selection bias, as
practitioners already connected to these professional networks might
be more inclined to participate. The panel size, however, supports
the external validity within the industrial domain. Starting with 26
valid participants and maintaining high return rates (cf. Fig. 1) aligns
with established recommendations for Delphi studies in specialized
fields (McMillan et al., 2016; Belton et al.,, 2021). Despite this, a
potential social-desirability bias remains, as participants might report
practices that align with organizational expectations rather than actual
daily-business operations.

7.3. Construct validity

Construct validity concerns whether the questionnaire items ade-
quately represent the complex concepts of industrial Al systems. A
primary threat arises from the diverse backgrounds of the practition-
ers; different technical roles and responsibilities can lead to varying
interpretations of terms like development challenges or configuration is-
sues. So, participants may interpret individual items differently despite
identical formulations and explanations from our site. Furthermore,
the operationalization of these socio-technical concepts into discrete
items may not fully capture the entire depth of real-world industrial
practice. To address this issue, the questionnaire was iteratively refined.
Although removing or introducing items after the first round (Diamond
et al., 2014) limits strict comparability between rounds, it ensures that
the constructs measured are more accurately aligned with the actual
experiences of the experts.

8. Conclusion

In this article, we presented a four-round Delphi study with 26
practitioners involved in the development, configuration, and adoption
of industrial AI systems in production environments. Using iterative
expert assessments, we consolidated practical experiences across these
three areas (RQ;) and, through thematic synthesis, derived recurring
benefits, issues, risks, and mitigation strategies (RQ,).

The findings indicate that industrial Al systems are increasingly
evolving from isolated analytical models toward integrated and highly
configurable operational ecosystems. While experts strongly associ-
ated Al systems with operational efficiency, production optimization,
and scalable infrastructures, they simultaneously emphasized substan-
tial challenges related to integration complexity, variability, lifecycle
management, traceability, and governance. In particular, dependency-
related problems, configuration mismatches, and operational integra-
tion into heterogeneous environments emerged as recurring practical
concerns.

Overall, the study suggests that many practical challenges of indus-
trial Al systems no longer primarily emerge from model development
itself, but from their operational embedding into highly configurable,
socio-technical production environments. Thus, future research should
focus on system-centric engineering perspectives, particularly regard-
ing variability management, lifecycle governance, explainability, and
operational integration of industrial Al systems.
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