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ABSTRACT

The integration of large language model-based cognitive assistants (LLM-CAs) into manufacturing offers opportunities to enhance
decision-making, quality, and efficiency. However, aligning LLM-CAs with quality management systems (QMS), such as ISO
9001:2015, remains a complex task. This study systematically reviewed 53 studies (2022-2024) to identify 84 literature-based
requirements related to LLM-CAs deployment for QMS. We translated the identified challenges into 24 actionable requirements
using thematic analysis. Grounded in the human, technology, and organization concept (HTO), we classified the requirements
across HTO subsystems and their overlaps and mapped them to the seven ISO 9001:2015 clauses. Our analysis reveals strong
alignment between LLM-CAs and QMS principles, particularly in areas such as support in decision-making processes and contin-
uous improvement. Moreover, our findings highlight persistent challenges, such as transparency, compliance risks, and workforce
adaptation. An illustrative case study of setup time optimization demonstrates the practical application of these findings. The
results provide a structured foundation for QMS-compliant integration of LLM-CAs into manufacturing. Future research should
extend these findings through stakeholder-driven validation, system architecture development, and real-world implementation
studies. This extension would, therefore, support responsible and human-centered LLM-CA adoption in digitalized manufactur-
ing environments.

1 | Introduction Large language models (LLMs) are algorithms pre-trained on

extensive, heterogeneous data corpora. Thereafter, they are
The integration of large language model-based cognitive assis-  fine-tuned with specific data to optimize context alignment and
tants (LLM-CAs) into manufacturing presents a significant performance. Drawing from diverse data sources, for example,
opportunity to enhance operational performance. This integra- web texts, academic literature, and code, LLMs acquire knowl-
tion is particularly relevant when aligned with established quality edge and demonstrate capabilities in advanced data processing
management systems (QMS), such as ISO 9001:2015. and interpretation [1].
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Several studies illustrate the application potential of LLMs.
Jin et al. [2] highlight their capability in time series fore-
casting. Paroha and Chotrani [3] emphasize their potential
in predictive maintenance to enhance operational efficiency
and reduce unplanned downtimes. Additionally, Kernan Freire
et al. [4] demonstrate how LLM-CAs can collaborate with
shop floor employees, mimicking human-like cognitive func-
tions, for example, communication and interaction with multiple
users.

These LLM-CA applications are especially relevant in manufac-
turing, a field undergoing rapid digital transformation driven by
technologies such as artificial intelligence (AI) [5]. Manufactur-
ing involves complex systems that integrate production processes,
human resources, machinery, and technology [6]. In this context,
digitalization transforms individual work tasks and enables new
business models, while digitalizing processes and driving innova-
tive solutions that enhance customer value [5]. Additionally, digi-
talization can lead to improvements in process efficiency through
information and communication technologies [7].

QMS provides the foundational structure for manufactur-
ing operations. As defined by the International Organiza-
tion for Standardization (ISO), its QMS framework supports
consistent product quality, regulatory compliance, and con-
tinuous improvement [8]. Adopting QMS can bring benefits
like: “(a) the ability to consistently provide products and ser-
vices that meet customer and applicable statutory and regu-
latory requirements; (b) facilitating opportunities to enhance
customer satisfaction; (c) addressing risks and opportunities
associated with its context and objectives; (d) the ability to
demonstrate conformity to specified quality management sys-
tem requirements” [8, p. 6]. This approach drives operational
improvements, for example, cost reductions and increased work
efficiency [9].

Despite the potential synergy between LLM-CAs, QMS, and man-
ufacturing, several challenges hinder integration. These chal-
lenges include lack of data privacy and security [10-14], lack of
skilled workforce [15-17], hallucination [18-20], among others.
Identifying these challenges and translating them into actionable
system requirements is essential for enabling the deployment of
LLM-CAs for QMS in manufacturing.

Although potentially beneficial, this integration leads to
increased work systems complexity. The human, technology,
and organization (HTO) concept offers a suitable approach for
this purpose. It emphasizes the interrelation of human, techno-
logical, and organizational subsystems in shaping effective work
environments [21, 22].

Although relevant, current research lacks a structured classifica-
tion of LLM-CA requirements based on the HTO concept, partic-
ularly for QMS in manufacturing. On that basis, a multisystem
approach is needed to assess the feasibility of this integration. As
an example, Ghimire et al. [14] stress the importance of aspects
such as workforce training, copyright and intellectual property,
and the collaborative involvement of industry experts and poli-
cymakers. Similarly, Doanh et al. [23] call for interdisciplinary
studies that integrate researchers and practitioners from varied
disciplines, that is, technical, social, economic, and ethical. Both

authors identify these needs as directions for future research, but
do not address them in their current work.

Bridging this gap is crucial for enabling the deployment of
LLM-CAs for QMS in manufacturing. This study addresses the
gap by answering the following main research question (MRQ)
and its sub-research questions (SRQ):

MRQ. How can HTO-aligned requirements support the deploy-
ment of LLM-CAs for QMS in manufacturing?

SRQ 1. What are the key challenges in deploying LLM-CAs for
QMS in manufacturing?

SRQ 2. How can the identified challenges be translated into
requirements according to the HTO concept?

SRQ 3. How can the interaction of the derived requirements
leverage LLM-CAs for QMS in manufacturing?

The goal of this study is to provide a holistic and structured clas-
sification of literature-based requirements to support the inte-
gration of LLM-CAs for QMS in manufacturing grounded in the
HTO concept (Figure 1). To achieve this goal, we first identify key
challenges related to LLM-CAs for QMS. Next, we translate the
identified challenges into HTO-aligned requirements. Finally, we
analyze how the derived requirements interact to leverage QMS
under ISO 9001:2015.

Throughout this article, we use the acronym LLM-CAs for QMS
to refer to “large language model-based cognitive assistants for
quality management systems in manufacturing.”

This study targets researchers, industry practitioners, and pol-
icymakers working at the intersection of artificial intelligence,
QMS, and manufacturing. It is particularly relevant to profes-
sionals and researchers involved in digital transformation and
operational excellence. By providing a structured classification of
requirements for integrating LLM-CAs for QMS, this study offers
a baseline for developing human-centered, technology-driven
solutions.

This paper is structured as follows: Section 2 presents the theo-
retical background, covering key concepts and theories related to
LLM-CAs, manufacturing, QMS, and HTO. Section 3 describes
the methods. Section 3.1 details the systematic literature review
(SLR) used to find relevant studies and challenges. Section 3.2

Human (H)
Requirements H

Technology (T)
Requirements T

(HO Eequirements HTO TO W

Requirements O

Requirements HT

Organization (O)

FIGURE1 | Schematic classification of requirements according to
the HTO concept.
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outlines the Thematic Analysis (TA), explaining how the chal-
lenges identified were turned into requirements and then associ-
ated with the HTO concept. Section 4 presents the results, provid-
ing a detailed classification of the identified requirements. The
discussion in Section 5 interprets these results in the context of
ISO 9001:2015 and showcases application through a case study.
Finally, Section 6 concludes the paper with a summary of the find-
ings and an outlook on future research directions and potential
practical and theoretical applications.

2 | Theoretical Background

2.1 | Large Language Model-Based Cognitive
Assistants

LLMs revolutionized natural language processing (NLP) by using
advanced architectures and vast datasets to enable machines to
process and generate human-like text [24]. A key breakthrough
came in 2017 when Vaswani et al. [25] introduced the Trans-
former architecture, now the foundation of most LLMs. Unlike
earlier models that processed text sequentially, the Transformer
uses attention mechanisms to capture dependencies across entire
texts. This design supports parallel processing, making it easier to
scale and train models on extensive data corpora [25].

One of the most prominent Transformer-based models is GPT-4,
developed by OpenAlI [26]. GPT-4 demonstrates exceptional per-
formance on human-designed tests, for example, it achieved a top
10% score on a simulated bar exam (licensing test for aspiring
lawyers), surpassing most human test-takers.

LLMs are pre-trained on diverse datasets, for example, web-
sites, academic texts, and code, which enables them to generalize
across tasks and domains. This flexibility is evident in their abil-
ity to perform zero-shot, one-shot, and few-shot learning [27]. In
zero-shot learning, LLMs complete tasks without any previous
examples. In one-shot learning, one example supports model task
completion, while few-shot learning involves multiple examples.
For instance, Li et al. [28] proposed a few-shot learning approach
for code-to-code translation, that is, from Java to Python and
from Java to C#. In contrast, fine-tuning updates the weights of
pre-trained models to particular tasks using labeled data [27].
Chenetal. [1], for example, developed Data-Juicer, which is a sys-
tem that enables both pre-training and fine-tuning by generating
custom data recipes.

These previous examples reflect human-like capabilities of LLMs,
particularly when used as cognitive assistants in industrial set-
tings. Kernan Freire [29] emphasizes that LLMs can support
knowledge acquisition, sharing, and application through conver-
sational human-machine interactions. Figlié et al. [30] proposed
an LLM industrial cognitive assistant for human-centered appli-
cations. The authors designed an LLM-CA to support managers
and operators in their daily activities through the connection of a
chatbot and machines. Initial user feedback confirmed the assis-
tant’s potential but also revealed limitations such as uncertainty
about data sources and the credibility of the content generated.

Despite their disruptive aspect, LLM-CAs still face several chal-
lenges. These include difficulties in integrating with legacy and

heterogeneous factory systems [7], reasoning errors [4], and lim-
ited real-time responsiveness [7, 12]. Furthermore, deployment
in manufacturing environments requires attention to human and
organizational factors, besides technological ones. For instance,
researchers identified the need to address artificial intelligence
avoidance [16, 31, 32] and the lack of a skilled workforce [15-17].

In conclusion, LLMs, such as GPT-4 by OpenAlI [26] have trans-
formed NLP through the Transformer architecture. In manu-
facturing, LLM-CAs can enhance worker competencies by sup-
porting knowledge acquisition and application. However, their
effective integration depends on addressing human, technolog-
ical, and organizational challenges. These are best understood
through the lens of the HTO concept.

2.2 | Manufacturing

Manufacturing is a complex system that integrates production
processes and systems, human labor, machinery, and technol-
ogy [5]. As Jones et al. [33] describe, the manufacturing industry
functions like a dynamic, evolving organism that innovates and
produces, not being a rigid and mechanized system. Moreover, it
plays a vital role in national economies by contributing signifi-
cantly to GDP, employment, innovation, science and technology,
and education [34].

Shabur [35] emphasizes that, since 2011, when the German gov-
ernment coined the term Industry 4.0, manufacturing has been
undergoing a digital revolution. Industry 4.0 refers to the digital-
ization of production processes and entire value chains. It inter-
connects people, processes, and objects through digital systems
via real-time data exchange via the internet [36]. Suleiman et al.
[37] argue that by integrating key technologies, for example, Al,
Industry 4.0 disrupts both production processes and manufactur-
ing systems. According to the World Economic Forum [38], the
adoption of AI, cloud computing, and big data remains a top pri-
ority throughout industries. Seventy-five percent of companies
plan to adopt them by 2028 [38].

The impact of Industry 4.0 is already visible in practice. For
example, a Mercedes-Benz plant in Brazil integrated Azure
Machine Learning into its sales operations to generate more
accurate, data-driven sales recommendations. The solution com-
bined internal data, for example, sales records, with external
data, for example, macroeconomic indicators, to tailor its sales
offers [39].

As Fonseca et al. [40] note, the key features of Indus-
try 4.0 are digitalization, automation, customization, flexibil-
ity, short time-to-market, human-machine interaction, auto-
matic data exchange and communication, and decentralized
decision-making. However, the transformation goes beyond tech-
nical upgrades. Caliy Duman and Akdemir [41] argue that
Industry 4.0 also requires a fundamental rethinking of organi-
zational structures, business models, and work methods. The
reorientation of business models and corporate strategies will
shift work tasks and dissolve strict structural limits in com-
panies. Therefore, Industry 4.0 fosters flexible organizational
structures because of the increased permeability of business
areas [41].
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At the employee level, Industry 4.0 introduces novel forms
of work. Fettig et al. [42] highlight that Industry 4.0 enables
self-dependent work, decision and location independence, and
time-flexible working arrangements. Fantini et al. [43] empha-
size the emergence of a symbiotic relationship between employ-
ees and technological systems. In this context, employees con-
tribute with human capabilities hardly replaceable by artificial
intelligence and automation. These capabilities encompass, for
instance, data-driven decision-making, conceptualization, and
idealization of innovative processes and projects [43].

Yet, there are also workforce challenges. As Sony [44] states,
Industry 4.0 demands a highly skilled workforce with techni-
cal, e.g., coding, methodological, e.g., problem-solving, social,
e.g., teamwork, and personal, e.g., adaptability, competencies.
Meeting these demands requires targeted training programs and
strategic investments in workforce development, which may lead
to increased organizational costs [44].

In summary, Industry 4.0 is reshaping manufacturing through
digital technologies, leading to greater efficiency, flexibility, and
innovation. At the same time, it requires a reconfiguration of
organizational structures and a highly skilled workforce. Bridg-
ing these demands requires strategic training programs coupled
with strategic technology implementation.

2.3 | Quality Management Systems as Per ISO
9001:2015

Quality management systems, as defined by ISO 9001:2015, pro-
vide a structured framework to ensure consistent quality, regula-
tory compliance, and organizational excellence [8]. According to
Hoyle et al. [45], QMS help organizations showcase their ability to
meet customer needs while committing to continuous improve-
ment. Originally released in 1987 by the International Organiza-
tion for Standardization (ISO), ISO 9001 aimed at harmonizing
fragmented quality standards, especially within manufacturing,
and at supporting global trade [46]. The version ISO 9001:2015
emphasizes risk-based thinking, leadership commitment, stake-
holder engagement, process approach, change and knowledge
management, and continuous improvement [47].

ISO 9001:2015 [8, p. 2] defines QMS as follows:
1. A QMS comprises activities by which the organization

identifies its objectives and determines the processes and
resources required to achieve desired results.

2. The QMS manages the interacting processes and resources
required to provide value and realize results for relevant
interested parties.

3. The QMS enables top management to optimize the use
of resources considering the long- and short-term conse-
quences of their decision.

4. A QMS provides the means to identify actions to address
intended and unintended consequences in providing prod-
ucts and services.

ISO 9001:2015 comprises seven quality management princi-
ples: customer focus, leadership, engagement of people, process
approach, improvement, evidence-based decision-making, and
relationship management [8]. These principles are operational-
ized through seven clauses, as per Figure 2. The clauses offer a
step-by-step structure for designing, implementing, and improv-
ing a QMS.

The seven clauses ensure that QMS strategies align with an orga-
nization’s strategic direction and customer needs [48]. Empirical
evidence supports the value of QMS. For instance, Solomon et al.
[49], through quantitative research, found that the dissemina-
tion of QMS improves the electricity industry. According to them,
QMS positively affected attitudes towards securing a sustainable
long-term energy supply. It improved processes, fostered a quality
culture, and contributed to continuous improvement.

Beyond traditional industries, QMS are also being adapted for
emerging technologies. Mustroph and Rinderle-Ma [50] pro-
posed a QMS concept delivered as Software as a Service (SaaS),
aligned with the European Union Artificial Intelligence Act (EU
AT Act). The software’s goal was to monitor, document the design,
and manage Al system quality and risk. Their proof-of-concept
showed the incorporation of data from a sub-service into techni-
cal documentation. This example highlights the growing applica-
bility of QMS to domains like AI, extrapolating traditional QMS
application fields.

Despite their strengths, QMS implementation is not without chal-
lenges. Fadilasari et al. [51] classify these challenges into three
categories:

1. Ecosystem enablers, for example, innovation ecosystem and
people involvement;

2. Information technology and governance, for example, cyber
security and data protection; and

.

Contex.t of: the Support Operation
L organisation )
Leadership Pcrforms_mcc
L evaluation J
Planning Improvement

FIGURE2 | Clauses of the ISO 9001:2015 quality management systems—requirements.
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3. Organizational behavior, for example, resistance to change
and leadership.

Nevertheless, the adoption of QMS is vital to foster the compet-
itiveness of companies, especially in Industry 4.0, where digital-
ization and quality are interdependent [52].

In summary, ISO 9001:2015 offers a comprehensive framework
for ensuring product and service quality while promoting adapt-
ability and continuous improvement. As industries evolve, par-
ticularly under Industry 4.0, the role of QMS becomes even more
vital, bridging the gap between operational excellence and the
demands of modern digital systems.

2.4 | Human, Technology, Organization
Concept (HTO)

The HTO concept provides a structured approach for understand-
ing, analyzing, and designing human work systems. As defined
by Berglund et al. [21], HTO emphasizes the interplay among
three subsystems: human factors, e.g., tacit competences, tech-
nological tools, for example, software, and organizational struc-
tures, for example, management style [21]. Rooted in sociotech-
nical systems theory, which emerged in the mid-20th century, the
concept views these three subsystems as interconnected [22]. On
that basis, they shape the system’s performance, health issues,
and safety [53, 54].

Karltun et al. [22] state that each subsystem, that is, human, tech-
nology, and organization, has its own set of requirements. Yet,
these subsystems interact inseparably in real-world work activi-
ties. For instance, effective task execution depends not only on the
capabilities of human operators but also on supporting technolo-
gies and the surrounding organizational context [22]. By account-
ing for these interactions, HTO facilitates the design of work sys-
tems that are not only efficient but also supportive of human
needs [21].

In industrial settings, the HTO concept applies to guiding both
technological deployment and organizational changes. Aas and
Johnsen [55], for example, used the HTO concept to address
human factors in the design of control centers in petroleum
projects. They argued that ISO 11064 (Ergonomic design of con-
trol centers) should better incorporate the HTO elements. These
include organizational roles and competence development to
improve usability and performance.

Similarly, Hallén et al. [56] applied the HTO concept in Building
Information Modeling (BIM). They used BIM as a process of cre-
ating and managing information for a building asset. Their results
revealed that successful BIM implementation requires more than
just robust technology, as the acceptance of BIM plays an essen-
tial role in its deployment. They concluded that “BIM is a holistic
and social system” [56, p. 1], which is better captured through the
HTO lens.

In summary, the HTO concept offers a valuable human-centered
perspective for understanding, analyzing, and designing work
systems [21]. By accounting for the interdependence of human,
technological, and organizational subsystems, HTO helps ensure

that new developments, for example, LLM-CAs, are both effective
and accepted. The concept’s application across industries illus-
trates its potential for guiding integrated system design in rapidly
evolving technological contexts [55, 56].

3 | Methods

This study employs two distinct but complementary methods to
achieve its goals. The first of them is the systematic literature
review according to the Preferred Reporting Items for Systematic
Reviews and Meta-Analyses (PRISMA) [57]. The second method
is the Thematic Analysis [58], which aims at analyzing qualita-
tive data. We detail the former in Section 3.1 and the latter in
Section 3.2.

3.1 | SLR—PRISMA 2020

Following Moher et al. [59], this study adopted the PRISMA
2020 method to guide the SLR. PRISMA offers a struc-
tured approach for conducting and reporting reviews and
meta-analyses of other types of research, for example, qual-
itative or quantitative studies. PRISMA 2020 comprises steps
for identifying, screening, and synthesizing literature evidence
[59], consisting of a 27-item checklist and a four-phase flow
diagram.

This study does not detail each of the 27 items. Instead, it focuses
on the most relevant ones for achieving the research objectives.
A comprehensive explanation of the full checklist is present in
the cited references [57, 59-61]. In PRISMA 2020, “records”
refer to any source identified during the search phase, for
example, abstracts, gray literature, while “studies” refer to actual
research described in the records, for example, peer-reviewed
articles.

The following four phases underpin the method [59]:

1. Identification: identification of records through database
searching.

2. Screening: selection of records after removal of duplicates
and screening of title or abstract for relevance.

3. Eligibility: selection of full-text articles for analysis after
exclusion of irrelevant ones.

4. Included: number of studies included in the analysis.

PRISMA 2020 helps standardize the review process, ensuring that
inclusion criteria, data extraction, and synthesis are conducted
transparently and rigorously [61].

3.1.1 | Eligibility Criteria

To guide the selection of studies, we derived the following key-
words, as per Table 1, stemming from the most relevant terms in
the MRQ, that is, LLMs, cognitive assistants, and manufacturing.
Given its close association with industrial contexts, we included
the term QMS as a parent keyword for manufacturing.
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Drawing from the keywords, we constructed the following
Boolean search string (the special character “*” serves to include
variations of the same word, e.g., model* = model & models).

(“Large Language Model*” OR “LLM” OR “Conversation* Al
Model*” OR “Generative Pre-trained Transformer Model*” OR
“GPT” OR “Generative AI” OR “GenAI” OR “Generative Arti-
ficial Intelligence Model*”) AND (“Cognit* Assistant*” OR
“Conversation* AI” OR “AI Assistant*” OR “Machine Learning
Agent*” OR “Assistant*” OR “Chatbot*”) AND (“Manufactur*”
OR “Quality Management System*” OR “Industry 4.0” OR “Fab-
ric*” OR “Process*” OR “Product*”).

Table 2 identifies all the inclusion and exclusion criteria for
the selection of studies for synthesis. These criteria encompass,
together with the search string, the eligibility criteria.

3.1.2 | Information Sources

We chose four information sources for the searching of records,
as per Table 3. For the present study, the last information retrieval
took place on April 25, 2024.

From the initial search in the first three scientific databases, we
retrieved 756 records: 462 from Scopus, 163 from ProQuest, and
131 from Web of Science. We considered this amount to be a
small number of records for an SLR. Consequently, we expanded

TABLE1 | Keywords for Boolean search string generation.

Large language Cognitive

models assistants Manufacturing

LLM Conversational Quality
Al management

systems

Conversational Al Al assistant Industry 4.0

Models

Generative Pre-trained Machine Fabrication

Transformer models learning agent

GPT Assistant Processing

Generative Al Chatbot Production

GenAl

Generative Artificial

Intelligence Models

TABLE 2 | Inclusion and exclusion criteria with justification.

the search to Google Scholar, which indexes both peer-reviewed
and non-peer-reviewed sources. To guarantee scientific coher-
ence, we compared non-peer-reviewed records to peer-reviewed
ones. On that basis, we included only those that proved coherent
with peer-reviewed ones.

Initially, Google Scholar returned over 26,000 records. However,
we observed a sharp decline in relevance after the first 200 results,
which we sorted by relevance. Thus, to maintain feasibility and
ensure quality, we limited our review to the first 250 records from
Google Scholar.

As a result, we included 1006 records for the present study, rep-
resenting a robust and diverse dataset for addressing the research
objectives.

3.1.3 | Selection Process

We followed a multi-stage selection process:
« We removed 161 duplicates, leaving 845 records;

« We screened titles and abstracts using inclusion criteria
three (3) and four (4), which led us to select 83 reports for
full-text retrieval;

« We excluded 8 reports because of access restrictions, leaving
75 articles for full-text analysis;

« We excluded 22 studies after full-text evaluation, resulting in
53 studies included in the final review.

Figure 3 illustrates the selection process and outlines the reasons
for exclusion.

The first author of this study performed the screening and selec-
tion independently. In cases of uncertainty, the second author
provided input. Together, we reached consensus on all inclu-
sion and exclusion criteria, ensuring a rigorous and transparent
review process.

3.1.4 | Data Collection Process
Before initiating the review process, we identified key terms

related to challenges associated with LLM-CAs. To capture a
broader range of relevant language, we included terms such as

Inclusion criteria

Justification

Exclusion criteria

1. Be published in English or German

2. Be published between 2014 and 2024

Comprises the languages spoken by the
research team

In 2014, Goodfellow [62] coined the term

Published in languages other than English
or German

Outside the mentioned time span

Generative Adversarial Network, basic for
the further development of Generative Al

2. Clearly states interactions between
GenAl-cognitive assistants and humans at work

3. Berelated or applicable to manufacturing

Manufacturing is the environment of
investigation

(GenAlI)

Comprises the main scope of investigation

No GenAl-cognitive assists and human
interactions

Not relatable to manufacturing
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TABLE 3 | Selection of information sources.
Information source Justification Filters
Scopus Indexes a vast range of engineering sources, for example, Source type: conference, article, review,

journals, conferences, often overlapping with other
disciplines, for example, computer science.

ProQuest Provides access to a variety of sources in the engineering
field, for example, journals. Moreover, it includes its own
ProQuest engineering collection, which focuses on
applied and theoretical engineering aspects.

Web of Science Indexes rigorous, high-impact journals in engineering,

offering a broad interdisciplinarity.

conference review, book chapter, book.

Source type: books, dissertations and theses,
magazines, professional magazines, scientific
journals. Document type: article, report, book,
book chapter, business case, dissertation and

thesis, case study.

Source type: article, review article, proceeding
paper, early access, editorial material.

Google Scholar In the scope of this study, it offers an extension to the No filter. Sorted by relevance. Limited to the
previous three databases, once the topic investigated is first 250 records.
new. Therefore, literature such as work papers is also
included with the goal of obtaining a holistic view of
current research in the field.
{ Identification of studies via databases and registers
P
- Rl 1dentiﬁed o Records removed before
g Databases (n = 4) SeraEHin
= 2o - i
5] Begisters : M) Duplicate records removed
%' *ProQuest: 163 (= 161)
g *Scopus: 462
= *Web of Science: 131
*Google Scholar: 250
'
P
Records screened Records excluded
(n=845) (n=1762)
Reports sought for retrieval Reports not retrieved
g |- (n=8)
: '
&
9
17
Reports assessed for eligibility Reports excluded: 22
(n=175) Could not be related to
manufacturing (n = 17)
No relevant content (n = 2)
Focused on general computer
vision (n = 1)
— Call for a workshop (n = 2)
)
2 Studies included in review
E (n=153)
[
=
—
—

FIGURE3 | Selection process of studies—PRISMA flow diagram.
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TABLE 4 | Example of a database entry.

Title Authors Year Source Challenges
Review of Generative Artificial Kulkarni, N. D. Saurav, B. 2024 Journal Biased content, ...
Intelligence Use Cases Applicable
to Manufacturing Industry

TABLE 5 | Author-challenges matrix.
Title Authors Year Challenge 1 Challenge 2 Challenge 3
Title 1 ... Author 1 Year X X
Title 2 ... Author 2 Year X

needs, issues, problems, obstacles, difficulties, hindrance, compli-
cations, limitations, and requirements. Throughout this paper, we
consistently refer to these terms as “challenges” for clarity and
simplicity.

We conducted full-text analysis of all included studies using these
challenge-related terms. We managed references and organized
knowledge from the selected studies using the Citavi software.
Moreover, we saved the identified challenges in a database and
correlated each entry to its corresponding study, as exemplified
by Table 4.

Most of the challenges appeared in specific sections of the
selected studies, that is, introduction, results, discussions, con-
clusions, and outlook.

The first author reviewed all 53 full-text studies and extracted rel-
evant data. The second author subsequently reviewed this data
for accuracy. Both authors resolved discrepancies through con-
sensus, ensuring rigor and consistency in the collection process.

We subdivided the studies into two categories:

« 1st category —studies directly related to manufacturing, for
example, [63].

 2nd category—studies from which results could be trans-
ferred to manufacturing, for example, [64].

This categorization allowed us to include a broader set of studies
that were not exclusively industry-related to broaden our under-
standing related to LLM-CAs for QMS. During the review pro-
cess, we noticed that different authors used varied terminology
to describe similar challenges. The challenges “lack of data pri-
vacy” and “insufficient data privacy” illustrate this similarity. In
such cases, we labeled both terms as “lack of data privacy.” We
used the same approach for all other identified challenges for
standardization.

For each study, we documented authorship, publication year,
and source, along with the study’s objectives, methods, findings,
discussion, conclusions, and outlook. We compiled this data into
Table 4, extending it to a larger dataset from the 53 studies.

In sequence, we linked authors to challenges in the form of a
matrix, as per Table 5, in which “x” means that an author men-
tioned a specific challenge. Section 4 presents the full results.

We used the author-challenges matrix as input for the thematic
analysis, described in Section 3.2. Two researchers independently
grouped challenges based on similarity. After this individual
evaluation, both researchers grouped the identified challenges
by consensus. After comparing and discussing their individual
groupings, the researchers reached consensus on a final struc-
ture. We labeled the resulting groups with unique identifiers
(“ID” in Section 4), which formed the basis for deriving LLM-CA
requirements.

3.2 | Thematic Analysis (TA)

Thematic analysis is a research method for identifying, analyzing,
and reporting patterns of meaning within qualitative data [58].
On that basis, a qualitative dataset serves as a source of insights,
which is then translated into patterns of meaning, that is, themes
[65]. Braun and Clarke [58] state that TA offers both theoretical
and design flexibility, allowing researchers to adapt it to research
scenarios. Historically, TA evolved to become a widely recognized
research method, providing an accessible and flexible method for
qualitative data analysis [65].

Braun et al. [66] outline two primary approaches to TA, that
is, inductive and deductive. The inductive approach derives
themes directly from data without the use of preexisting the-
ories or frameworks. Therefore, it is a bottom-up approach
that allows themes to emerge organically, ensuring that the TA
remains closely tied to the collected qualitative data. Contrar-
ily, a top-down approach, based on predetermined theories or
frameworks, underlies the deductive approach. In this case, exist-
ing theories or frameworks guide the TA from a higher level, for
example, from concepts to an elementary level, for example, qual-
itative statements. A combination of both inductive and deduc-
tive approaches is possible. Thus, TA can follow some data famil-
iarization (inductive) and derivation from prior theories (deduc-
tive) [58].

According to Braun et al. [66], TA follows basically six phases, as
per Table 6. Naeem et al. [67] add explicitly an additional step,
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TABLE 6 | The six phases of thematic analysis (adapted from [66]).

Phase

Process

1. Familiarization

\S]

. Coding

w

. Initial theme generation

4. Reviewing and developing themes

Getting to know the data through reading and re-reading, and, additionally,

identifying keywords.

Tagging data that capture relevant features to the research question.

Clustering and re-clustering of similar codes aiming at unifying patterns of

meaning around a core concept.

Reviewing and revisioning phase 3 to ensure the aggregation of meaningful

patterns, considering both the codes and the entire dataset. It focusses on the story

w

. Refining, defining and naming themes

[o)}

. Producing the report

each theme tells.

Refining themes through short theme definitions. Researchers name each theme.

Writing phase putting together data extracted and the story told by each theme in

context of existing knowledge, reflecting on the methodological process.

Inductive Deductive

B |
l l l

Themes

|

HTO subsystems and their
overlaps

FIGURE4 | Combination of deductive and inductive approaches.

that is, selection of keywords. While identifying recurring pat-
terns in the qualitative dataset, authors can designate them as
keywords, which capture perceptions from the dataset. We incor-
porated this step into Phase 1 of Braun et al. [66] to support pat-
tern recognition and coding.

We followed a combination of both deductive and inductive
approaches. In the deductive component, we predefined the
themes based on the HTO concept, including both indepen-
dent and overlapping subsystems. Consequently, the predefined
themes are:

1. Human

2. Technology

3. Organization

4. Human and technology

5. Human and organization

6. Organization and technology

7. Human, technology and organization
In the inductive component, we used the identified challenges,
as per Table 5, as our qualitative dataset. We extracted key-
words and coded them based on recurrence and similarity. The
interface between these codes and the predefined themes served
as the foundation for the thematic analysis. Figure 4 depicts
the integration of deductive and inductive approaches. First, we
derived a dataset from the literature. Second, we translated these

challenges into LLM-CAs’ requirements for QMS, defining the
coding.

To finalize the requirements, we conducted three collaborative
research group meetings, aiming at reaching consensus. In the
first meeting, both authors independently categorized the chal-
lenges without assigning them to themes. In the second, we com-
pared and refined these preliminary categorizations. Thereafter,
we drafted a shared categorization scheme and converted each
group into a requirement, generating the first consensual draft.
In the final group meeting, we revised the structure and word-
ing of the requirements until we reached consensus. Finally, we
aligned requirements (codes) with the matching themes derived
from the HTO concept through consensus.

This combined approach enabled us to develop a comprehen-
sive requirement analysis for deploying LLM-CAs in manufac-
turing under QMS constraints. We present the complete results
in Section 4.

4 | Results

This section presents the findings of the study. First, we include
a descriptive analysis of the SLR. Second, we identify challenges
related to LLM-CAs for QMS, answering the first sub-research
question. Finally, we answer the second sub-research question
through the derived requirements and their classification in
accordance with the HTO concept.

4.1 | Descriptive Analysis of the SLR

The SLR comprised a full-text analysis of 53 studies (Figure 3).
These studies, published between 2022 and 2024, came from vari-
ous sources, that is, scientific journals, conferences, and scientific
repositories. As a result, our dataset comprises journal papers,
conference papers, working papers, and preprints. Tables 7-9
exhibit the descriptive breakdown of the included studies.

We observed a sharp increase in publication volume between
2022 (1 study) and 2023 (36 studies). This growth reflects the aca-
demic response to OpenAT’s release of ChatGPT 3.5 in November
2022 [24], which triggered academic interest in LLMs. Publica-
tions from 2023 represent 68% of our dataset, highlighting the
centrality of that year to current research. By April 2024, studies
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TABLE 7 | Number and percentage of included studies per year.

Year of Number of Percentage Cumulative
publication articles (N =53) (%) percentage (%)
2022 1 2.0 2.0

2023 36 68.0 70.0

2024 16 30.0 100.0

(January- April)

TABLE 8 | Number and percentage of included studies per source of
publication.
Source of Number of Percentage Cumulative
publication articles (N =53) (%) percentage (%)
Journal 31 59.0 59.0
Conference 16 30.0 89.0
Scientific repository 6 11.0 100.0

TABLE9 | Number and percentage of included studies per type of

publication.
Type of Number of  Percentage Cumulative
publication articles (N =53) (%) percentage (%)
Journal article 31 59.0 59.0
Conference article 16 30.0 89.0
Working paper 3 5.5 94.5
Preprint 3 5.5 100.0

from that year accounted for 30% of the total number of articles
included, showing continued and accelerating relevance.

Although we included Google Scholar as an information source,
most of its studies originated from scientific journals and con-
ferences. These accounted for 59.0% and 30.0%, respectively. The
remaining 11.0% consisted of working papers and preprints from
scientific repositories.

Table 10 presents the 84 unique challenges we identified across
the 53 studies. We grouped similar challenges under shared
IDs, which link directly to the requirements presented in
Section 4.2 “Findings from the TA.” Accordingly, we answered
the first sub-research question, which had the goal of identifying
literature-based challenges related to LLM-CAs for QMS.

Several challenges emerged as particularly prominent because of
their frequent citation by multiple authors. The following chal-
lenges appeared in at least 10 studies:

« Lack of data privacy/security (15 authors).

« Hallucination (14 authors).

« Resource-intensive integration and implementation of Al
systems (14 authors).

« Lack of interpretability and transparency in the
decision-making process—black box (11 authors).

« Biased content (10 authors).

« Lack of contextual awareness (10 authors).

« Lack of skilled workforce who can use, develop, manage, and
maintain Al systems (10 authors).

These frequent citations emphasize their relevance regarding
LLM-CAs for QMS. Notably, the highly cited challenges are
technological ones. While advancing technology can potentially
address many of these challenges, it alone is not sufficient. Other
significant challenges relate to human and organizational dimen-
sions such as variations in accents and dialects, and change man-
agement necessity, respectively. Addressing human and organi-
zational challenges is time-consuming and demands strategic
engagement over the short, medium, and long-term.

Finally, Table 11 summarizes the research methods used to iden-
tify the challenges. Most of the authors relied on case studies
and non-systematic literature reviews, while only a few employed
mixed-method approaches.

4.2 | Findings From the TA

After grouping similar challenges, we derived a set of require-
ments for LLM-CAs for QMS. Table 12 presents the complete list
of requirements, which we classified according to the HTO sub-
systems and their overlaps.

The TA produced 24 distinct requirements (codes) distributed
across seven (7) themes, each aligned with the HTO concept.
The TA reveals that most requirements fall within the “technol-
ogy” subsystem (9 codes) and the “human-technology” overlap
(6 codes). In contrast, we identified only one requirement each
under the “human” subsystem and the “human-organization”
overlap.

In summary, these findings suggest that the successful deploy-
ment of LLM-CAs for QMS relies heavily on technological devel-
opment and on human-technology interaction. At the same
time, the organizational subsystem plays a pivotal role.

Two requirements fall exclusively under the organization sub-
system, that is, “implement comprehensive organizational gov-
ernance” and “conduct empirical studies in Operations &
Supply Chain Management (O&SCM)”. Moreover, we iden-
tified six further requirements that span across subsystems,
that is, “human-organization,” “technology-organization,” and
“human-technology-organization.”

Together, these findings underscore the need for an integrated,
system-level approach to LLM-CAs for QMS. This approach
must, simultaneously, address human, technological, and orga-
nizational subsystems in line with the HTO concept.

5 | Discussion

The integration of LLM-CAs for QMS demands close alignment
with both ISO 9001:2015 clauses and the HTO subsystems. This
section discusses how the 24 derived requirements map onto the
seven ISO 9001:2015 clauses. On that basis, we answer the third
sub-research question, demonstrating how LLM-CAs can sup-
port QMS, especially in the context of digital transformation in
manufacturing.
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TABLE 10 | Identified challenges (N =284, ID =24).

ID Challenge ID Challenge
1 Adaptation to noisy environments and adverse conditions in factories [7] 10 Model forgetting because of prolonged training on generated data over long run [68]
2 Adversarial prompts [69] Lack of memory [20]
Generation of incorrect answers in face of misleading or incorrect inputs 11 Limited real-time responsiveness |7, 72]
[10,11, 15, 70, 71] System instability leading to crashes [76, 77]
3 Complex prompting [14, 73-75] 12 Insufficient evaluation metrics for GenAI Chatbots [32, 68]
Limited context capabilities through prompting [78] Necessity of verification of Al-generated reports/information [12, 14, 68, 74]
4 Unethical usage [19, 20, 32, 64, 79] 13 Frequent necessity of model update [14, 32, 80, 81]
Potential plagiarism [80] Restricted ability to utilize new data (after last training) [10]
Copyright-infringed content [64, 82] Model’s training dependability [80, 83]
Lack of data privacy/security [7] 14 Ambiguous and context-dependent language used by operators [63]
Non-compliance with industry regulations or legal standards [12, 32, 82] Limited subtlety and nuance comprehension in human language [32]
Privacy invasion [4] Variations in accents and dialects [63]
5 Dependency on high quality data [20, 32, 80, 82, 84, 85] Variations in accents, intonations, and speech patterns [86]
Difficulty obtaining data to train the models [83] 15 Semantic mistakes [32, 74]
No optimized data usage [10] Grammar mistakes [32]
Need of manual/human data curation [85, 87] 16  Lack of a skilled workforce who can use, develop, manage, and maintain Al systems
6 Biased content [13, 15, 19, 32, 64, 68, 69, 79, 81, 82] [15-17,72,79, 82-85, 88]
Biases in training data leads to reinforcement of harmful social norms Insufficient knowledge on human-AT interaction [89]
[12, 70, 81, 82] Need of interdisciplinary teams of researchers and practitioners from technical,
7 Complexity of domain-specific vocabulary [63] social, economic, and ethical disciplines [23]
Lack of business context understanding [11] 17 Lack of user feedback [15, 64, 73, 90]
Lack of NLP algorithms customized for the manufacturing domain [91] Lack of tacit knowledge [92]
Lack of contextual awareness [11, 15, 20, 32, 70, 76, 78, 86, 90, 93] Lack of incorporated human intuition [31]
Lack of domain-specific knowledge [7, 14, 72, 77, 91, 94, 95] Lack of feedback loops [75]
8 Challenging generalization and adaptability [7, 14, 32, 79, 81, 82, 84] 18 Inability to experience emotions or empathy [32, 63, 70|
Limited flexibility [91] 19 Low user friendliness [91]
Scaling challenges for AI Systems in worldwide applications [79] Need for User Interface Enhancement [63, 96]
9 Hallucination [4, 10, 11, 14, 15, 18-20, 64, 69, 76, 77, 96, 97] User safety and well-being [20]
Content disparity compared to a control dataset [98] Limitation in Interpreting Visual Elements in PDF files [96]
Reasoning errors [29] Multimodal human-ChatBot interaction [64, 95, 99]
Unreliable and inaccurate output [12, 14, 19, 23, 29, 32, 75, 80, 95] 20 Risk of Monopolistic Power and Inefficiency in Decision Making [100]
Misinformation [64, 69] Change management necessity [79]
No guarantees on recommendations or correctness of explanations [4] Clear accountability for errors or accidents caused by Al-generated outputs [14]
Undue confidence in responses without indicating uncertainty levels [32] Lack of compensation policy for workers who provide data to AI [92]
Limited output dialog size [94] No cost-benefit analysis [11, 12]
Incomplete answers triggered by long prompts [74] 21 Mistakes in decision-making in face of miscommunication or inaccurate
Unsuitable for precise or quantified decision-making problems involving communication [99]
extensive, high-dimensional information [93] 22 Lack of empirical studies in Operations and Supply Chain Management (O&SCM)
Limited precision and recall in data transformation tasks [18] [101]
Performance Variation with Document Size [96] 23 AT avoidance [16, 32, 64]
Causation aversion [31] Low client confidence/trust [11, 16, 69]
Handling ambiguity and uncertainty [72] AT overreliance and scapegoating [16, 20, 32, 64]
Output variability for the same query [73, 74, 96, 102] 24 Consolidation and validation difficulties of AI applications because of data volume

Limited model’s parameter capacity [100]

Lack of interpretability and transparency in the decision-making
process—black box [10, 12-14, 19, 32, 64, 80, 83, 102]

created across supply chain nodes [79]
Multiple dataset integration [100]
Difficult integration with legacy and heterogeneous systems in factories [7]

Resource-intensive integration and implementation of Al systems [11, 12, 14, 15, 17,
72,79, 82-86, 88, 91]
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TABLE 11 | Applied research methods and number of authors.

Methods Number of authors
Case study 25
Literature review (non-systematic) 14
Systematic literature review 5
Experiment and survey 3
Survey 3
Interviews and qualitative analysis 1
Literature review, proof of concept, and 1
focus groups
Literature review and taxonomy 1
development model

TABLE 12 | Classification of requirements in line with the HTO subsystems and their overlaps.

HTO subsystems and
ID Requirements (coding) their overlaps (themes)
23 Enable AI trustworthiness Human
12 Evaluate LLM-CAs performance Technology
2 Improve resistance to adversarial input
Enhance adaptability and scalability

24 Enable seamless data and systems harmonization
9 Ensure reliable model performance
10 Guarantee effective memory usage
11 Guarantee stable system performance
13 Enable reliable training and update of LLMs
15 Ensure accurate language output
20 Implement comprehensive organizational governance Organization
22 Conduct empirical studies in O&SCM
3 Comprise flexible prompt capabilities Human-technology
14 Ensure robust language understanding
17 Include human-in-the-loop
18 Integrate emotional intelligence
19 Design user-centric cognitive assistants
21 Enable effective communication-driven decision-making
16 Develop a skilled workforce Human-organization
1 Adapt to factory environments Technology-organization
7 Integrate industry-specific knowledge
6 Mitigate biased content Human-technology-organization
4 Ensure compliance integrity
5 Guarantee robust data quality management

5.1 | Clause “Context of the Organization” We mapped the following requirements to this clause:

This clause requires organizations to identify the needs and « ID 7: Integrate industry-specific knowledge.
expectations of stakeholders, for example, customers, suppliers,

and regulators, and define the scope of their QMS. Additionally, * ID 20: Implement comprehensive organizational gover-

o . L . nance.
organizations must establish and maintain processes that align
with their strategic direction and ensure continuous improve- « ID 22: Conduct empirical studies in operations and supply
ment [8]. chain management (O&SCM).
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These requirements ensure that LLM-CAs are developed with a
deep understanding of industry-specific needs and are governed
appropriately within strategic and contextual boundaries.

5.2 | Clause “Leadership”

ISO 9001:2015 emphasizes leadership accountability in establish-
ing clear quality policies, in alignment with strategic organiza-
tional goals. Moreover, leaders must ensure that roles, responsi-
bilities, and authorities are well defined. They must also promote
a culture of customer focus, continuous improvement, and effec-
tive communication throughout the organization [8].

LLM-CA requirements aligned with this clause include:

« ID 19: Design user-centric cognitive assistants.
« ID 21: Enable communication-driven decision-making.
« ID 4: Ensure compliance integrity.
These requirements underscore the role of leadership in ensuring

that LLM-CAs align with organizational ethics, decision-making
values, and communication practices.

53 | Clause “Planning”

Organizations shall identify and address risks and opportunities
that could impact their QMS. It also mandates setting measurable
quality objectives and planning actions to achieve them. More-
over, it requires managing changes systematically to ensure con-
tinuous improvement [8].

Mapped LLM-CA requirements are:

« ID 23: Enable AI trustworthiness.

« ID 2: Improve resistance to adversarial input.

 ID 6: Mitigate biased content.

« ID 13: Enable reliable training and update of LLMs.
« ID 8: Enhance adaptability and scalability.

These address risk management, system resilience, and the abil-
ity to evolve LLM-CAs in line with changing operational needs.

5.4 | Clause “Support”

This clause focuses on providing resources, competence, and
infrastructure to maintain an effective QMS. It also emphasizes
the importance of awareness, communication, and proper doc-
umentation to ensure consistent implementation and control of
quality processes [8].

Aligned requirements include:

« ID 1: Adapt to factory environments.

« ID 16: Develop a skilled workforce.

« ID 14: Ensure robust language understanding.
« ID 10: Guarantee effective memory usage.
- ID 18: Integrate emotional intelligence.
« ID 17: Include human-in-the-loop.
Together, these requirements emphasize the human-technology

interface and the importance of equipping workers and systems
to interact meaningfully.

5.5 | Clause “Operation”

This clause covers the execution of processes needed to meet cus-
tomer requirements, including planning, production, service pro-
vision, and supplier control. It also addresses risk management,
change control, and ensuring that products and services conform
to specified quality standards throughout their lifecycle [8].

Relevant LLM-CA requirements:

« ID 15: Ensure accurate language output.

« ID 3: Comprise flexible prompt capabilities.

« ID 24: Enable seamless data and systems harmonization.
These capabilities allow LLM-CAs to support operational

decision-making and real-time shop floor interactions efficiently
and flexibly.

5.6 | Clause “Performance Evaluation”

ISO 9001:2015 requires organizations to monitor, measure, ana-
lyze, and evaluate the performance of their QMS. This includes
conducting internal audits, reviewing customer satisfaction, and
assessing the effectiveness of the QMS to ensure continuous
improvement and compliance with objectives [8].

Mapped LLM-CA requirements:
« ID 12: Evaluate LLM-CAs performance.
« ID 9: Ensure reliable model performance.
« ID 11: Guarantee stable system performance.

These requirements support continuous monitoring, auditing,
data-driven refinement of LLM-CAs, and system stability in
real-world manufacturing contexts.

5.7 | Clause “Improvement”

This clause focuses on organizations’ need to correct identified
nonconformities and to continuously improve the effectiveness
of their QMS. It encourages the use of data and feedback to
drive improvements and ensure ongoing compliance with quality
objectives [8].

Mapped requirements:

« ID 5: Guarantee robust data quality management.
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LLM-CAs supporting QMS

v
Requirements QMS
According to the ISO 9001:2015 clauses:
human, LLM-CAs context.of the or.gamzatlon,
technology, and leadership, planning, support,
organization” 4 operation, performance evaluation,
concept (HTO) and improvement
|

QMS supervising LLM-CAs

FIGURES5 | Interplay between LLM-CAs and QMS.

« ID 15: Ensure accurate language output.
« ID 13: Enable reliable training and update of LLMs.

« ID 17: Include human-in-the-loop.

This highlights LLM-CASs’ potential to support employee-driven,
iterative process improvement, particularly when humans
remain actively involved in system learning loops.

5.8 | Summary

Figure 5 illustrates a strong interplay between LLM-CAs and ISO
9001:2015 clauses. This interplay emphasizes that the success-
ful integration of LLM-CAs for QMS is not purely a technical
endeavor. Integration requires a systemic transformation requir-
ing alignment across human, technological, and organizational
dimensions. This mapping reveals that LLM-CAs also serve as
enablers of QMS evolution, particularly in Industry 4.0 and are at
the same time subjected to QMS.

5.9 | Empirical Illustration of Requirements

The following hypothetical LLM-CA for QMS case study serves
as a basis for making the study more accessible to practitioners
and strengthening empirical grounding.

5.9.1 | Optimizing Product Setup Times in a
Manufacturing Line

Setup time optimization is a persistent challenge in manufac-
turing, particularly in multi-product environments. Each time
new products are added to a production line, planners must
minimize changeover times while maintaining product quality
and workflow continuity. LLM-CAs for QMS can support this
process.

Consider a mid-sized manufacturer in the automotive sector that
routinely introduces new products into its production schedule.
Integrating new products requires re-sequencing tasks, consider-
ing factors such as tooling requirements, inspection needs, shift
schedules, and defect rates. This process relies, traditionally, on
expert intuition and expertise, and siloed data from manufactur-
ing systems and QMS, resulting in inefficiencies.

The company can implement an LLM-CA to overcome this
issue. The assistant simulates and recommends optimized pro-
duction sequences by analyzing structured and unstructured
data across systems. On that basis, it generates human-readable
rationales for each recommendation, supporting real-time
human input to adjust sequencing decisions. Finally, it docu-
ments the decision-making process for auditability and process
learning.

The assistant serves, therefore, as an interface between plan-
ning, operations, and quality management. Functioning this way,
it ensures that any sequencing plan aligns with strategic objec-
tives and complies with process constraints. Therefore, integrat-
ing this LLM-CA directly supports several ISO 9001:2015 clauses
and reflects specific HTO-aligned requirements derived from
this study. Exemplarily, the assistant supports the clause “oper-
ation,” in which it assesses data from diverse sources, enabling
seamless data and systems harmonization. Moreover, it inte-
grates industry-specific knowledge, supporting the “clause con-
text of the organization,” leading consequently to continuous
improvement.

510 | StudyLimitations

Although providing a structured investigation of challenges
related to the integration of LLM-CAs for QMS, this study faces
several limitations. First, we identified challenges using only one
scientific method, that is, SLR. Therefore, we excluded other per-
spectives, for example, opinions of experts or shop floor work-
ers. On that basis, practical challenges are not exhaustively cov-
ered. Second, although the search period spanned from 2014 to
2024, we considered only articles published between 2022 and
2024. This is primarily because of the release of ChatGPT-3.5
by OpenAlI in November 2022 [24], which significantly intensi-
fied academic interest in LLMs. As a result, 68% of the studies
are from 2023, with another 30% from early 2024, that is, Jan-
uary to April. This distribution indicates a continued and growing
research interest in the topic. However, it also introduces a publi-
cation cycle bias, as many 2024 studies may not yet be published
or indexed.

6 | Conclusion and Outlook

This study proposed a holistic and organized classification of
literature-based requirements for LLM-CAs for QMS, as per ISO
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9001:2015, according to the HTO concept. Through an SLR of
53 studies published between 2022 and 2024, we identified 84
unique challenges, which we then translated into 24 actionable
requirements using TA.

Grounded in the HTO concept, we categorized these require-
ments according to each HTO subsystem and their overlaps. Our
analysis reveals that most of the requirements lie within the
“technology” and “human-technology” domains. Accordingly,
there is a need for advanced LLM-CA capabilities and effective
human-LLM-CA interaction. However, the “organization” sub-
systems also emerged as essential for enabling structured gover-
nance and long-term adoption.

By mapping the derived requirements to the seven ISO
9001:2015 clauses—context of the organization, leadership,
planning, support, operation, performance evaluation, and
improvement—we showed a strong alignment between LLM-CA
integration and established QMS principles. Requirements
such as “enable AI trustworthiness,” “mitigate biased con-
tent,” “include human-in-the-loop,” and “evaluate LLM-CAs
performance” are not only technically relevant but also con-
tribute to compliance, risk reduction, and operational excellence

within QMS.

To enhance practical relevance, we illustrated the integration of
LLM-CAs through a hypothetical case study focused on setup
time optimization in a multi-product manufacturing line. This
real-world application applied key requirements and showed
how LLM-CAs can support decision-making, foster continuous
improvement, and align with QMS objectives.

The technical realization of the derived requirements is a chal-
lenging task. Future research should focus, at least, on their par-
tial implementation. Based on that, integrative solutions could
be enabled once LLM technologies evolve. For instance, a fully
integrated solution could enable shop floor workers to improve
their own knowledge base through digital feedback loops. Addi-
tionally, data analysis components could be combined with
LLM-CAs, which could assist workers in performing continuous
process improvement.

Future research should incorporate other scientific methods, for
example, focus groups, interviews, surveys, and empirical testing
to refine and validate derived requirements. Moreover, a thor-
ough integration of stakeholders, for example, managers, shop
floor workers, and regulators, can contribute to a broader sci-
entific approach. Furthermore, designing a modular software
architecture based on these requirements will help operational-
ize LLM-CAs for QMS in real settings. Once proven deployable,
such a solution must also account for critical human and organi-
zational dimensions. These future developments are part of our
ongoing work and will be presented to the scientific community
as they progress.

In sum, this study offers a foundation for integrating LLM-CAs
for QMS by aligning AI capabilities with ISO standards and
human-centered design. This alignment is critical for ensuring
trust, transparency, and sustainable AI adoption in Industry 4.0
environments.
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