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Factory operators’ perspectives on cognitive assistants for knowledge sharing: 
challenges, risks, and impact on work
S. Kernan Freire , T. He , C. Wang , E. Niforatos and A. Bozzon 

Delft University of Technology, Delft, The Netherlands

ABSTRACT
In the shift towards human-centred manufacturing, our two-year longitudinal study investigates 
the real-world impact of deploying Cognitive Assistants (CAs) in factories. The CAs were 
designed to facilitate knowledge sharing among factory operators. Our investigation focussed 
on smartphone-based voice assistants and LLM-powered chatbots, examining their usability and 
utility in a real-world factory setting. Based on the qualitative feedback we collected during the 
deployments of CAs at the factories, we conducted a thematic analysis to investigate the 
perceptions, challenges, and overall impact on workflow and knowledge sharing. Our results 
indicate that while CAs have the potential to significantly improve efficiency through 
knowledge sharing and quicker resolution of production issues, they also introduce concerns 
around workplace surveillance, the types of knowledge that can be shared, and shortcomings 
compared to human-to-human knowledge sharing. Additionally, our findings stress the 
importance of addressing privacy, knowledge contribution burdens, and tensions between 
factory operators and their managers.
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1. Introduction

An organisation’s success hinges on leveraging the 
knowledge found within the minds of its employees, 
customers, and suppliers – a process known as Knowl
edge Management (KM) (Becerra-Fernandez and Sab
herwal 2014; Nonaka and Takeuchi 1995). Knowledge 
management is increasingly recognised as a vital disci
pline that involves creating, sharing, and using an 
organisation’s knowledge. As such, understanding 
what leads to a successful Knowledge Management Sys
tem (KMS) is an important area of research (Becerra- 
Fernandez and Sabherwal 2014; Chang, Hsu, and Yen 
2012).

The importance of KM has motivated efforts to use 
technology, such as AI assistants, to support human 
knowledge work, a research field with over 60 years of 
history. Yet, the success of these systems was often 
held back by the knowledge acquisition bottleneck 
(Wagner 2006), capturing and maintaining human 
knowledge is highly resource intensive. On top of this, 
social factors such as the trade-off between perceived 
benefit and effort for the knowledge sharer pose 
additional challenges (Hoffmann et al. 2022). Domain 
knowledge can be complex, situational, and ephemeral, 

making it difficult to express and store, and it can 
quickly become outdated (Tan et al. 2006). Yet, cyber- 
physical systems, such as Cognitive Assistants (CA), 
show promise in supporting knowledge management 
(Hoffmann et al. 2022). In this work, CAs are AI systems 
that can interact conversationally to support cognitive 
tasks, for example, in supporting factory operators to 
share knowledge and learn about problems with the pro
duction machines (Kernan Freire et al. 2022; Leyer, 
Richter, and Steinhüser 2018).

Due to the complexities of KM, Natural Language 
Processing (NLP) techniques have had limited use in 
KM until recently, especially when handling unstruc
tured texts such as manufacturing issue reports (B. 
Edwards, Zatorsky, and Nayak 2008; Müller, Alexandi, 
and Metternich 2021; Oruç 2020). Prior work on 
using assistant systems to share knowledge in factories 
has focussed on using NLP technologies to deliver 
instructions efficiently but not the capturing of knowl
edge. For example, Hoerner, Schamberger, and Boden
dorf (2022) presented an assistant system for tacit 
knowledge sharing in manufacturing but still relies on 
human experts for the initial knowledge capture. 
There are examples of gamified experiences to elicit 
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(manufacturing) knowledge; however, these have not 
been validated in practice (Balayn et al. 2022; Fenoglio 
et al. 2022). Therefore, there is a knowledge gap in 
understanding the real-world challenges and risks 
when using NLP technologies such as conversational 
AI for both knowledge capture and sharing on the fac
tory floor.

Recent advances in NLP, such as Large Language 
Models (LLM) like the GPT-4 (OpenAI 2023) or Claude 
family,1 have increased the potential of CA systems. A 
foundational LLM can offer various functions, such as 
answering general knowledge questions, refining text, 
and checking logic. Additionally, the information con
tained in the foundational models can be extended by 
providing it with context material, a process called 
Retrieval Augmented Generation (RAG) (Lewis et al. 
2020). LLMs are capable of more sophisticated, flexible, 
and human-like reasoning than previously possible with 
AI. These attributes could help overcome issues with 
agential AI during work support, such as not consider
ing the social and context aspects of knowledge sharing 
(Cabitza, Campagner, and Simone 2021; Shneiderman 
2022).

Operating a modern production line is knowledge- 
intensive, dynamic, and socio-technical in nature (Kot
thaus et al. 2022). As such, it is important to follow a 
human-centric approach when deploying new AI tools 
(Shneiderman 2022). Work by Hoffmann et al. (2022) 
and Mörike (2022), has shown how the social and hier
archical structures in manufacturing play a key role in 
knowledge sharing practices. Yet, one of the challenges 
of conducting research in manufacturing is the restric
tions management imposes due to safety or a need for 
oversight, such as limited time to interview operators 
or requiring that a manager always be present. Despite 
the potential to influence how open the study partici
pants are in discussing work matters, this is often una
voidable as factory management is vital to coordinating 
any research in factories (Cheon, Schneiders, and Skov 
2022). Thus, the (unfiltered) perspective of factory oper
ators is poorly represented in literature.

In tackling these gaps, this work explores the human, 
organisational, and practical factors surrounding 
deploying CA systems in the real-world factory context 
from both the operator’s and managers’ perspectives, 
leading to the following research question:

What are factory operators’ and management percep
tions of the impact and socio-technical risks and chal
lenges of using cognitive assistants for knowledge sharing?

The HCI and CSCW fields have long contributed to 
Knowledge Management, taking a socio-technical and 
practice-based perspective (Ackerman et al. 2013). We 
aim to expand on this body of knowledge by examining 

the latest generation of AI knowledge sharing tools for 
manufacturing, (LLM-powered) CAs. Over a period of 
two years, we deployed CAs in four phases, ranging 
from technology probes simulated by researchers to 
voice assistants connected to a live production line to 
LLM-powered chatbots. Using feedback from system 
evaluations and responses from semi-structured inter
views conducted at two factories, we present findings 
from a hybrid deductive/inductive thematic analysis of 
N = 40 operators’ and management’s perceptions of 
CAs.

Through our longitudinal study, we aim to contrib
ute to a better understanding of the challenges and 
impact of using CAs in manufacturing. Thus supporting 
future research and implementation of CAs for knowl
edge sharing that are both effective,e and sensitive to 
the socio-technical context of operating complex sys
tems in factories. Our contributions can be summarised 
as follows:

(1) We provide a deeper understanding of the opportu
nities, challenges, and risks associated with using 
(LLM-powered) CAs by factory operators from 
both operator and management perspectives.

(2) We provide insights on the tensions between fac
tory operators and management regarding technol
ogy-facilitated knowledge sharing.

(3) We present design guidelines for effective (LLM- 
powered) CAs in manufacturing settings.  

2. Background and related work

This section provides an overview of current research in 
Knowledge Management (KM) and the utilisation of 
technology, specifically Cognitive Assistants (CA), to 
enhance knowledge sharing in organisational settings. 
It discusses the challenges and advancements in KM 
practices, the significant role of technological interven
tions in facilitating knowledge acquisition, dissemina
tion, and application, and the socio-technical aspects 
that influence implementing these systems in manufac
turing environments.

2.1. Knowledge management

Organizational KM involves leveraging the knowledge 
of employees, customers, and suppliers (Becerra-Fer
nandez and Sabherwal 2014). This entails processes to 
acquire, manage, and share knowledge within an organ
isation to achieve a competitive advantage (Nonaka and 
Takeuchi 1995). In practice, the core tenet of KM is to 
‘save content, it will be useful later’ (Abubakar et al. 
2019). For this work, CAs were deployed to support 
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knowledge sharing between factory operators. In the 
following sections, we will outline the key processes sur
rounding knowledge sharing when facilitated by a digi
tal system such as a CA, namely, knowledge acquisition, 
sharing, and application.

Knowledge acquisition involves eliciting knowledge, 
explicating it, and formalising it for later use (Cooke 
1994). Knowledge can be elicited once it has been cre
ated in the mind of an employee. Eliciting involves 
extracting knowledge from domain experts or sources, 
often through interviews, surveys, observation, or analy
sis of existing documentation. Elicitation can uncover 
both explicit and tacit knowledge, understanding not 
just what is known but also how it’s applied in practice. 
In this work, we focus on explicit knowledge that can be 
readily expressed in words as opposed to tacit knowl
edge that can not (Nonaka 2009).

Once knowledge has been elicited, it needs to be 
made explicit. Explication involves articulating the 
knowledge clearly and understandably. This may 
involve defining terms and organising information 
into coherent structures. Explication helps ensure that 
knowledge is comprehensible to others and can be effec
tively communicated.

Finally, during formalization, knowledge is struc
tured and represented in a formal language or frame
work. Formalization makes knowledge more precise 
and facilitates analysis and manipulation by digital sys
tems. This might involve creating models, rules, ontolo
gies, or other formal knowledge representations. 
Formalization helps facilitate (AI) reasoning and 
decision-making based on the captured knowledge.

Knowledge sharing is defined as the process of trans
ferring knowledge between individuals, groups, or 
organisations (Alavi and Leidner 2001). Once knowl
edge has been acquired, it can be shared with others 
who can benefit from it. Traditionally, this can be 
done through various channels such as documentation, 
training sessions, workshops, seminars, meetings, or 
digital platforms. While many of these strategies aim 
to stimulate face-to-face knowledge sharing, organisa
tions are also interested in systems that formalise the 
knowledge. This ensures that the knowledge persists 
beyond employees’ memory and facilitates sharing at 
scale and asynchronously. In this work, we explore 
using CAs that act as an intermediary to help efficiently 
share newly created knowledge.

Knowledge application is when knowledge is used to 
solve problems and make informed decisions to profit 
the organisation (Probst, Raub, and Romhardt 2000). 
This involves analyzing the situation, identifying relevant 
knowledge, and applying it effectively to address the issue 
at hand. In the context of this work, the CAs contribute 

primarily to the process of identifying and retrieving rel
evant knowledge. Analyzing the situation and taking 
action is still largely up to the human operator.

Knowledge management systems typically face many 
human, organisational, and technical challenges, such as 
employees hiding their knowledge to maintain (per
ceived) power or inefficient knowledge sharing practices 
(Becerra-Fernandez and Sabherwal 2014). Addressing 
these challenges, organisations have developed their 
own methods and systems to facilitate knowledge 
sharing.

2.2. Knowledge sharing systems

Designing KS systems requires consideration of a broad 
range of factors, often intertwined with social and 
human elements. Organizations across various sectors 
have developed their own dedicated KS systems. For 
instance, the ‘Inside IBM’ project used AI, information 
systems, and user-centred design to aggregate IBM’s 
accumulated product support knowledge into a single 
system (Massey, Montoya-Weiss, and Holcom 2001). 
Siemens employs TechnoWeb for social collaboration, 
which leverages a combination of social networking 
tools, collaborative platforms, and knowledge reposi
tories to facilitate the sharing and management of 
expertise across the organisation (Lakhani et al. 2013). 
TechnoWeb integrates features such as discussion for
ums, expert directories, and document sharing to create 
a dynamic and interactive environment for knowledge 
exchange. NASA uses the Lessons Learned Information 
System (LLIS)2 to document and share project experi
ences. LLIS employs a structured database approach, 
where lessons are systematically categorised, indexed, 
and made searchable to ensure that critical insights 
from past projects are easily accessible for future mis
sions (Liebowitz 2002). This system includes detailed 
metadata tagging, cross-referencing of related lessons, 
and a review process to validate the accuracy and rel
evance of the information. Furthermore, the enhanced 
version of LLIS that the Goddard Space Flight Center 
uses employs an ‘active’ push feature to recommend 
lessons that match the knowledge needs of specific 
individuals. These diverse systems illustrate the various 
methods employed to manage and leverage knowledge 
within organisations, ranging from searchable lessons 
learned and social collaboration tools to active knowl
edge recommendations and systematic documentation 
processes.

Several factors contribute to the success of KS sys
tems, as exemplified by the cases of Google, Toyota, 
and Xerox’s Eureka project described below. In the 
case of Google, they emphasise psychological safety 
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for KS (Duhigg 2016). Toyota, perhaps KM’s most 
renowned manufacturing success story, employs net
work-level knowledge-sharing processes. These pro
cesses effectively engaged members in sharing critical 
knowledge, deterring free-riding behaviour, and mini
mising the obstacles to locating and obtaining valuable 
knowledge (Dyer and Nobeoka 2000). The Eureka pro
ject at Xerox showcases the successful use of technology 
to gather, validate, and share best practices across their 
customer service engineers (J. S. Brown and Duguid 
2000). By involving customer service engineers 
throughout the design process and encouraging local 
champions to support adoption and feedback, Xerox 
contributed to the project’s success (Bobrow and Wha
len 2002). Ultimately, the Eureka project is said to have 
saved Xerox $100 million (Bobrow and Whalen 2002; J. 
S. Brown and Duguid 2000). Overall, these cases high
light the importance of minimising the burden on knowl
edge contributors, ensuring high knowledge quality, and 
involving end-users throughout the design process to 
address their needs.

2.3. Integrating AI in knowledge sharing systems

While Eureka was an early example of an online knowl
edge base that service engineers could manually record 
and retrieve reports about machine problems, expert sys
tems were the first widely used AI systems to reason over a 
knowledge base to support human decision-making. 
Using AI assistants for KM has progressed significantly 
from early expert systems in the 1970s, such as Dendral 
(Lindsay et al. 1993) and MYCIN (Shortliffe et al. 1975), 
which were designed to answer questions in specific 
domains based on rules defined by domain experts. In 
recent years, the improvements in natural language pro
cessing and deep learning have given rise to more sophis
ticated AI assistants, such as IBM’s Watson (High 2012).

KS systems incorporating AI and Internet of Things 
(IoT) technologies are transforming KS within manu
facturing environments (Casillo et al. 2020). Yet, despite 
the promise of these technologies to enhance KS sys
tems, several socio-technical hurdles persist. For 
instance, significant resources are required to develop 
and maintain knowledge bases (Cullen and Bryman 
1988), and data quality issues often undermine efforts 
to automatically uncover knowledge from existing 
unstructured issue reports (B. Edwards, Zatorsky, and 
Nayak 2008; Müller, Alexandi, and Metternich 2021; 
Oruç 2020). Similar challenges have faced the use of 
NLP in healthcare, such as IBM Watson’s Oncology 
Expert Advisor in 2016, which searched through 
‘unstructured’ physician notes to help suggest treat
ments. Yet, Watson’s NLP failed to effectively process 

the jargon, shorthand, and subjective comments or 
pick up the nuances that human physicians could, 
demonstrating the challenges in handling human-gen
erated texts (Strickland 2019). These challenges are 
socio-technical because they involve both technical 
aspects, such as data quality and the capabilities of 
NLP in processing it, and human aspects, such as the 
effort put toward documentation, which inhibits the 
data’s utility for KS (Sexton et al. 2017). With recent 
advancements in NLP, such as the advent of LLMs 
such as GPT-4 (OpenAI 2023), it may be possible to 
overcome some of the hurdles of leveraging unstructured 
human documentation faced by older systems. 
Additionally, in tackling the human aspect, there is a 
knowledge gap in designing KS systems that facilitate 
the acquisition of human knowledge while balancing 
the (perceived) effort of knowledge authoring such that 
factory operators are consistently engaged in contribut
ing useful knowledge.

Foundational LLMs do not contain context-specific 
knowledge, for example, how to fix a machine in a 
specific factory, they possess extensive general knowl
edge and reasoning abilities (Zhao et al. 2023), enabling 
them to excel in processing complex information (Jawa
har, Sagot, and Seddah 2019), generate insights and 
reasoning (Wei, Tay, et al. 2022). While an LLM can 
be trained from the ground up for a specific domain, 
such as medicine, this is typically cost-prohibitive for 
individual organisations. Even so, using a domain- 
specific LLM would have two key challenges: (1) 
reliance on outdated information from their pre-train
ing data, and (2) potential inaccuracies in factual con
tent, a phenomenon termed ‘hallucination’ (Bang et al. 
2023; Zhao et al. 2023). To mitigate these issues and 
maximise the utility of LLMs in specialised, knowl
edge-intensive tasks, techniques such as fine-tuning, 
chain-of-thought (Wei, Wang, et al. 2022) few-shot 
prompting (Gao, Fisch, and Chen 2021; T. Brown et 
al. 2020), and Retrieval Augmented Generation (RAG) 
(Lewis et al. 2020) can be adopted. RAG involves 
retrieving relevant information from a knowledge base 
before generating an appropriate response for a 
human. RAG is an efficient way to harness the advanced 
NLP and reasoning abilities of LLMs to answer people’s 
questions on domain-specific topics without needing to 
train a new model from scratch. Furthermore, the avail
ability of source material, the information retrieved 
from the knowledge base, improves transparency and 
enables fact-checking, ket aspects in fostering trust 
and acceptance in AI systems (Vorm and Combs
n.d.). As such, foundational LLMs used in conjunction 
with transparent knowledge bases hold significant poten
tial to enhance organisational KM.
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2.4. Cognitive assistants for factory operators

In recent years, research into AI assistants in manufac
turing has increased, taking advantage of recent 
advancements in NLP and the proliferation of IoT to 
support decision-making, operationally efficiency, and 
training (Casillo et al. 2020; Castane et al. 2023; Cola
bianchi, Tedeschi, and Costantino 2023; Hannola et al. 
2020; Hoerner, Schamberger, and Bodendorf 2022; 
Kiangala and Wang 2024; Ras et al. 2017; Tao et al. 
2019)). Although the social and human aspects are lar
gely missing (Hannola et al. 2020), they have been 
receiving increasing attention as demonstrated by the 
recent paradigm of Industry 5.0 where human well- 
being is key (Breque, de Nul, and Petridis 2021; Xu et 
al. 2021). In the following sections, we discuss research 
on AI assistants in manufacturing, the use of knowledge 
bases, knowledge acquisition from humans for knowl
edge sharing, and the associated socio-technical 
challenges.

2.5. AI assistants

In factories, human operators collaborating with AI 
assistants can be viewed as a socio-technical system con
sisting of the operator, the operator’s tasks in the fac
tory, and the technology enabling the assistant 
(Maedche et al. 2019). AI assistants can help operators 
fix problems with the machines or set them up optimally 
by enabling efficient information retrieval, remote 
machine control, decision support, and sharing knowl
edge (Berger and von Garrel 2023; Castane et al. 2023; 
Dhuieb, Laroche, and Bernard 2013; Li et al. 2022). To 
enhance their capabilities, AI assistants can be inte
grated into factory systems, such as control and moni
toring systems for production machines, scheduling 
systems, and sensors. Some systems make use of the 
available data to perform predictive maintenance 
using Machine Learning (ML) (Wellsandt et al. 2022) 
or NLP to extract and represent knowledge from texts 
(Naqvi et al. 2022). To interact with operators, most 
AI assistants use conversational AI, a chat or voice inter
face, to provide efficient and natural ways for operators 
to communicate.

Recently, manufacturing companies have cautiously 
adopted advanced AI assistants that use LLMs. For 
instance, Mercedes-Benz (2023) integrated ChatGPT 
into vehicle production to improve error identification, 
quality management, and process optimisation. This 
allowed quality engineers to simplify complex evalu
ations and presentations of production data through 
dialogue-based queries. Furthermore, Xia et al. (2023) 
showcased how in-context learning and the injection 

of task-specific knowledge into LLMs can improve the 
planning and control of production processes. However, 
systems like these rely on an up-to-date and detailed 
knowledge base, a major hurdle for any KMS.

2.6. Knowledge-intensive AI assistants

The knowledge bases and rules that inform AI assistants 
in manufacturing are usually static, having been defined 
by a domain expert during development (Casillo et al. 
2020; Rooein et al. 2020; Trappey et al. 2022; Wieland 
et al. 2016). Some systems use live data but are focussed 
on presenting the status of production systems and per
form (limited) reasoning over the data (Baldauf et al. 
2021; Li and Yang 2021; Mantravadi, Jansson, and Mol
ler 2020; Pavlov et al. 2020; Reis et al. 2022). For 
example, Casillo et al. (2020) presents a chatbot for 
training new operators based on a predefined curricu
lum, obtaining promising results. Baldauf et al. (2021) 
deployed smartwatches that notified operators of 
machine errors, citing the importance of concise infor
mation display. Additionally, the chatbot demonstrated 
by Trappey et al. (2022) utilises VR to deliver knowledge 
in response to FAQs (frequently asked questions). Over
all, existing research on AI assistants focussed on under
standing how to deliver knowledge or present (live) 
information to operators but not acquire knowledge 
from operators.

2.7. Cognitive assistants: acquiring and sharing 
human knowledge

In the context of this study, Cognitive Assistants (CAs) 
are an advanced type of AI assistant that interacts con
versationally to acquire knowledge from humans and 
share it with other humans, supporting decision-making. 
Cognition refers to the mental processes of acquiring 
and comprehending knowledge (Angulo, Chacón, and 
Ponsa 2023), which the CA aims to support. To do so 
effectively, a CA can use several technologies, including 
dialogue management, NLP, context awareness, data
bases, and ontologies. While deploying CAs at a pro
duction line appears novel, we discuss notable works 
that evaluated (parts of) the underlying technologies 
and techniques in the following sections.

Acquiring knowledge using conversational AI and/or 
mobile devices has been explored and shown to be 
promising. For example, Fenoglio et al. (2022) intro
duced a role-playing game involving virtual agents, 
human experts, and knowledge engineers to refine 
knowledge graphs that were algorithmically generated. 
The authors raised several important ethical concerns 
regarding the processing of personally identifying 
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data, deciding to avoid audio and video recordings, and 
other concerns regarding misuse of employee monitor
ing. Hoerner, Schamberger, and Bodendorf (2022) built 
a digital assistance system to support operator trouble
shooting processes on the shop floor using captured 
knowledge. While they allowed operators to suggest 
edits, knowledge engineers still performed the initial 
knowledge capture process. In contrast, Hannola et al. 
(2020) deployed smartphone applications for factory 
operators to take notes and videos of solutions to pro
duction line problems themselves, thus enabling other 
operators to access newly created knowledge. While 
this work highlighted the potential of facilitating KS 
through digital technologies, it did not investigate the 
application of LLMs and/or conversational AI.

Examples outside of manufacturing demonstrated 
the successful use of conversational AI to crowdsource 
knowledge acquisition, namely, a game to elicit knowl
edge from crowdworkers (Balayn et al. 2022) and a 
context-aware chatbot that simultaneously fulfils infor
mation needs while acquiring new knowledge (Bradeško 
et al. 2017). A key consideration for these systems is 
ensuring the quality of acquired knowledge, thus 
employing rating or validation mechanisms. Although 
these conversational AI systems were not deployed in a 
manufacturing environment, they demonstrate the 
potential of using conversational interactions to efficien
tly acquire knowledge.

2.8. Socio-technical challenges

While many KMS have been deployed in manufactur
ing, the human potential for knowledge sharing and 
the associated social factors have been largely over
looked (Hannola et al. 2020). Work in factories is 
socio-technical rather than purely technical, determinis
tic activities (Kotthaus et al. 2022; Mucha et al. 2018). 
While it is clear that digital tools can facilitate knowl
edge sharing among users, for example, by enabling fac
tory operators to post comments under existing work 
instructions to facilitate discussion about best practices 
(Ludwig, Boden, and Pipek 2017), these tools can have 
many unforeseen social effects and barriers. For 
example, introducing relatively simple tools, such as a 
machine repair ticketing system, can shift the balance 
of control towards or away from operators depending 
on who is given privileges to create, view, and modify 
tickets (Kotthaus et al. 2022). Furthermore, operators 
omitted their valuable informal knowledge when 
asked to create learning material collaboratively in 
favour of the standard working procedures (Weinert 
et al. 2022). Additionally, requiring operators to use 
smartphones to document their work can be perceived 

as controlling (Hannola et al. 2020). Thus, these factors 
emphasise the importance of considering social factors 
when introducing new digital knowledge sharing prac
tices, which are generally overlooked when designing 
AI assistant systems (Cabitza, Campagner, and Simone 
2021).

To tackle the complex social challenges discussed 
above, it is crucial to look beyond the technical aspects 
when developing AI tools for knowledge sharing. 
Although not social in nature, considering human-com
puter interaction factors such as avoiding information 
overload and ensuring the information needs are met 
on an individual level are also key (Hoffmann et al. 
2022). Indeed, recent work on assistance systems for 
sharing tacit knowledge in factories that had focussed 
on technological aspects emphasised the importance 
of comprehensively evaluating the social, psychological, 
and organisational implications (Hoerner, Schamber
ger, and Bodendorf 2022). The crucial importance of 
socio-technical factors is what motivated us to holisti
cally reflect on the feedback we received from operators 
and managers while deploying CAs, culminating in this 
study.

3. Real-world case studies in factories

The factories manufactured detergents on production 
lines that could rapidly switch between over a hundred 
detergent types depending on customer demand. The 
factories operated 24/7 with three eight-hour shifts per 
day, and each production line was typically manned 
by two operators. The operators reconfigure, operate, 
and resolve issues with the production lines, all knowl
edge-intensive tasks, especially considering the frequent 
production and quality issues.

The development of the CAs used in this study was 
initiated according to objectives set by the factory man
agement: to increase production performance and 
reduce training time by supporting (tacit) knowledge 
sharing amongst operators and training operators to 
follow standardised procedures. Despite the top-down 
initiation of the project, we involved the operators 
throughout the development and evaluation of the sys
tem to ensure that we were also meeting their needs and 
values. This research was approved by the factory oper
ators’ councils and our institution’s human research 
ethics committee.

3.1. Artefacts

We evaluated four CAs of varying levels of sophisti
cation and functionality, from technology probes simu
lated by researchers to CA systems connected to a live 
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production line, allowing us to explore many facets of 
the operators’ experiences. The evaluated functions are 
listed in Table 1.

3.1.1. Phase one: technology probe during 
production line operations
During the first phase, we used a technology probe 
(Boehner et al. 2007) to evaluate the user experience 
of using a CA for capturing knowledge at the pro
duction line. The CA was simulated by a researcher, 
with operators interacting verbally via a Bluetooth head
set (see Figure 1). The protocol followed a form-filling 
conversation to capture issue-handling knowledge.

3.1.2. Phase two: CA with a simulated production 
line
For phase two, we developed a CA that used live data 
from a simulated production line and human location 
tracking using stereoscopic cameras for context aware
ness. The CA was text-based, built using RasaX, and 
connected to a Neo4j knowledge graph. The knowledge 
base was prepopulated with a 100 issue reports captured 
during phase 1. The interface facilitated efficient user 
interactions by prefilling responses as buttons 
based on proximity to machines and live data (see 
Figure 2(a)).

3.1.3. Phase three: CA with partial LLM integration 
connected to the production line
In phase three, we evaluated a CA capable of both voice 
and text interaction, with access to live machine data. 
New features included ML-based recommendations, 
production statistics, and graphical representations. 
The most significant change was the integration of an 
LLM-powered Retrieval Augmented Generation 
(RAG) function using the GPT-3.5 API, accessible via 
an Android application.

3.1.4. Phase four: LLM-powered cognitive assistant
The final phase focussed on LLM-powered functions, 
using the gpt-3.5-turbo-0613 model API, LlamaIndex 
for response generation, and Gradio for the browser- 
based frontend (see Figure 3(b)). New functions 
included RAG for user queries, digital forms for issue 
analysis reports, automatic and human validation of 
reports, and document upload capabilities.

3.2. Research approach

This study adopted a longitudinal, action research 
approach to investigate the development, deployment, 
and use of conversational agents (CAs) in two European 
detergent factories over a two-year period. While there 
is no cohesive definition or shared understanding of 
what longitudinal entails in HCI research (Kjærup et 
al. 2021), we use it here to describe a multiphase study 
during which we collaboratively designed artefacts, 
deployed and tested them over two years at two 
factories.

The longitudinal nature of the research allowed us to 
reduce the impact of the novelty effect, capture changes 
over time, elicit honest feedback having built trust with 
the participants, and explore the impact of new 

Table 1. CA capabilities evaluated per phase.

No. Capability
Phase 

1
Phase 

2
Phase 

3
Phase 

4

1 Speech input ✓ ✓ ✓
2 Speech output ✓ ✓
3 Text input ✓ ✓ ✓
4 Text output ✓ ✓ ✓
5 Capture issue handling 

knowledge
✓ ✓ ✓ ✓

6 Share issue handling 
knowledge

✓ ✓ ✓

7 Automatic validation of 
captured knowledge

✓

8 Human approval of captured 
knowledge

✓

9 Capture product knowledge ✓ ✓
10 Rate captured product 

knowledge
✓ ✓

11 Approve shared product 
knowledge

✓ ✓

12 Share product knowledge ✓ ✓
13 Graph machine data for 

systematic reflection
✓

14 Machine vision for context- 
aware dialogue

✓ ✓

15 Upload new documents to 
the knowledge base

✓

16 Answer predefined FAQs ✓ ✓
17 Provide relevant standard 

work instructions
✓ ✓

18 Answer queries using factory 
documentation

✓

19 Real-time explainable 
machine settings advice

✓

Figure 1. Headset used at the production line for data collection 
during phase 1.
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technologies. By conducting multiple evaluation phases 
with increasingly sophisticated CA prototypes, we were 
able to iteratively refine both the artefacts and our 
understanding of the sociotechnical context. This 
extended engagement provided insights into the adop
tion process, barriers and enablers, and the relationship 
between technology and work practices.

Action research was chosen as it emphasises iterative 
cycles of planning, action, observation, and reflection, 
with the dual aims of generating practical solutions 
and advancing scientific understanding (Baskerville 
1999). This approach enabled close participatory collab
oration with both factory management and operators, 
ensuring that the evolving CA systems addressed real- 
world needs and values as they emerged in practice 
(Greenbaum and Kyng 1991). Furthermore, this colla
borative approach aimed to improve the relevance and 
acceptance of the technology while also improving our 
understanding of the socio-technical context.

We adopted a flexible and adaptive methodology 
depending on the phase of the project. This flexibility 
helped adapt to the dynamic environment of 24/7 pro
duction lines, the diversity of operator expertise, 

evolving capabilities of the technology, and the shifting 
priorities of factory management.

Ethical approval for the research was obtained from 
the factory operators’ councils and our institution’s 
human research ethics committee.

3.3. Participants

We conducted seven evaluations with prototypes at two 
factories with a total of N = 40 participants, of which n =  
5 were female and n = 36 were male. The participants 
included operators, managers, and technicians, as detailed 
in Table 2 and in the list organised by phase below:

During phase 1, six (n = 6) male operators partici
pated, with occasional observations by two managers 
and a technician. The six operators, comprising 3 shifts 
of 2 operators, were recruited in person on the days of 
the experiment after consultation with their shift lead 
and production manager. Each shift typically comprises 
an experienced, lead operator paired with a less experi
enced operator.

For phase 2, three focus group sessions included 11 
(n = 11) factory operators and managers (2 female, 9 
male).

Figure 2. (a) The Rasa X user interface from phase 2 and (b) A simulated ‘weight checker’ user interface that was connected to the 
assistant during phase 2. Each bar represents the weight of a canister that was filled with detergent. The ‘weight checker’ weighs each 
canister and stops the production line if the weight falls below a specified threshold.
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In phase 3, five (n = 5) operators and three (n = 3) 
managers, all male.

Finally, during phase four, three (n = 3) operators 
and one (n = 1) manager from the first factory, and 
four (n = 4) managers and five (n = 5) operators from 
the second factory.

3.4. Procedure and data collection

In preparation for phase 1 (Jan. 2021–May 2021), oper
ators and managers described current knowledge man
agement practices. Over three days, operators shared 
how they solved issues in realtime with a CA being 
simulated by a researcher. Participants used a Blue
tooth headset to interact verbally whilst at the pro
duction line. A researcher simulated the CA using a 
protocol representing state-of-the-art NLU and dialo
gue management. Data was collected over three days. 
Researchers recorded observations by managers and 
operator feedback during interactions with the CA, 
resulting in 18 (nc = 18) comments relevant to using 
CAs in factories.

For phase 2, we used a browser based chat interface in 
addition to a computational model to simulate the pro
duction line system. Stereoscopic cameras were installed 
at the factory for context awareness for the CA. Three 
focus group sessions were conducted, each including a 
video presentation, a structured user test with eight 
tasks, and a semi-structured user test. Participants 
wrote post-it notes providing feedback on what worked 
well, what didn’t and concrete suggestions for improve
ments. After individually writing messages on postits, 
researchers also moderated group discussions to unpack 
some of the key topics and elicit further feedback. All 
the feedback was collected as anonymous post-it notes, 
resulting in 55 (nc = 55) comments relevant to this study.

During phase 3, the new mobile-based CA was 
demonstrated to operators and managers. Then, oper
ators used the CA at the production line as they saw 
fit for 15–30 minutes, while managers completed five 
tasks in an office setting. Tasks included saving and 
retrieving machine parameters, generating production 
statistics, and using the LLM-powered decision support 
for solving problems. Upon completion of the 

Figure 3. (a) Android user interface for phase 3 and 4 and (b) The query tab of the LLM-powered CA from phase 4.
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experimentation and tests, we conducted semi-struc
tured interviews on their experiences with the CA, eli
citing feedback, the potential impact of the CA, and 
ideas for improvements. Relevant statements were 
extracted from interviews, resulting in 60 (nc = 60) 
comments.

For phase 4, evaluations were conducted both in per
son (first factory) and asynchronously (second factory). 
Participants were first assigned tasks to evaluate knowl
edge capture and sharing capabilities of the CA, such as 
asking for help with recent problems and recording sol
utions. Operators were also given the opportunity to 
experiment with the CA as they saw fit while at the pro
duction line. After completing the tasks and experimen
tation in factory one, researchers conducted a semi- 
structured interview on the perceived benefits, risks, 
adoption barriers, operator-management relations, 
and suggestions for improvements. For factory two, 
the participants provided their responses in a survey. 
The interviews and surveys resulted in 118 (nc = 118) 
comments that were relevant for this study.

3.5. Data analysis

The analysis was conducted based on 251 (nc = 251) 
comments extracted from interviews, survey answers, 
and post-it notes collected during phases one through 
four. All comments related to the user experience, social, 

technical, and organisational factors of the CA deploy
ments at the factories were included. Unintelligible com
ments were excluded. Complex statements comprising 
multiple standalone arguments or observations were 
divided into separate comments to facilitate sorting and 
analysis. If other parts of the original statement provided 
relevant context, this was included in regular brackets.

After several rounds of qualitative data collection 
over two years, we conducted a hybrid deductive/induc
tive thematic analysis with two independent coders as 
described by Fereday and Muir-Cochrane (2006) and 
recently applied by Martinez-Maldonado et al. (2023). 
The coders consisted of two experts in HCI, one of 
whom was integrally involved in the entire project, 
and second independent coder who was familiar with 
the project. The high-level themes were defined deduc
tively while the subthemes were defined inductively 
from the corpus.

The first deductive stage of the thematic analysis 
involved defining themes stemming from the research 
question and literature review, resulting in six themes: 
(1) Impact on Work Experience, (2) Optimizing Knowl
edge Sharing, (3) Adoption and Change Management, 
(4) Privacy, Safety, and Ethics, (5) Usability and User 
Experience, and (6) Technical and Operational Issues. 
The two coders worked independently to code all the 
comments under the 6 main themes, iterating on their 
definitions and resolving disagreements across several 
sessions.

Once the coders achieved consensus on the distri
bution of the comments among the 6 main themes, 
they moved onto the inductive phase of the analysis to 
identify subthemes. Again, the two coders worked inde
pendentally, analysing all comments within each theme 
to identify subthemes. After independent coding, the 
coders met to discuss their findings, merging and 
adjusting subthemes as deemed necessary until a con
sensus was reached. This process resulted in 20 sub
themes across the 6 main themes.

While some comments were brief, the corpus also 
contained rich descriptive accounts of specific incidents 
and insights. The mean word count for a single com
ment was 16 (SD = 9.56), ranging from a minimum 2 
words to a maximum 65 words. In part to accomodate 
the richer, complex comments, we agreed to allow com
ments to be sorted into multiple themes and subthemes 
if applicable.

4. Results

Our results are organised by themes to answer the 
research question: ‘What are factory operators’ and 
management perceptions of the impact and socio- 

Table 2. Participant Data.

No. Role Factory Phase
Test duration 

(min)
Prior 
Phases Gender

1 Operator 1 1 60–180 No Male
2 Manager 1 1 0 No Male
3 Operator 1 1 60–180 No Male
4 Manager 1 1 0 No Male
5 Operator 1 1 60–180 No Male
6 Operator 1 1 60–180 No Male
7 Technician 1 1 0 No Male
8* Mixed 1 2 10 No Mixed
21 Manager 1 3 15–30 Phase 2 Male
22 Operator 1 3 15–30 No Male
23 Technician 1 3 15–30 No Male
24 Operator 1 3 15–30 No Male
25 Operator 1 3 15–30 No Male
26 Manager 1 3 15–30 Phase 2 Male
27 Manager 2 4 15–30 No Female
28 Manager 2 4 15–30 No Female
29 Manager 2 4 15–30 No Male
30 Manager 2 4 15–30 No Female
31 Operator 1 4 15–30 No Male
32 Operator 1 4 15–30 No Male
33 Manager 1 4 15–30 Phase 2,3 Male
34 Operator 1 4 15–30 No Male
35 Manager 1 4 15–30 Phase 

1,2,3
Male

36 Operator 2 4 15–30 No Male
37 Operator 2 4 15–30 No Male
38 Operator 2 4 15–30 No Male
39 Operator 2 4 15–30 Phase 3 Male
40 Operator 2 4 15–30 Phase 1 Male
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technical risks and challenges of using cognitive assist
ants (CAs) for knowledge sharing?’. Each subsection 
below corresponds to the themes and subthemes that 
arose from the thematic analysis. Together, these sec
tions address elements in the research question on the 
perceived impact, risks, and challenges, viewed from 
both operator and management perspectives. A map
ping table below depicts what part of the research ques
tions are addressed by which (sub)themes. Theme 4.1
speak to impact, themes 4.2–4.6 to socio-technical 
risks and challenges, and subtheme 4.3.3 on the operator 
and management perspective. The operator and man
agement perspective is also addressed across several 
other (sub)themes where applicable.

4.1. Impact on work experience

This section addresses the research question by explor
ing how both factory operators and management per
ceive the impact of cognitive assistants on daily work 
experience, including information retrieval, problem- 
solving, knowledge sharing, and training.

4.1.1. Improved information retrieval
The comments suggest that the system positively 
impacts information retrieval within the organisation. 
The CA was perceived to provide immediate answers 
to doubts about machine operation, making access to 
company documents more user-friendly (P30), and 
improving the flow of information (P28). Furthermore, 
participants saw it as a tool that modernises the factory 
(P27). However, one concern is that operators may 
benefit more from traditional information retrieval sys
tems (P40).

4.1.2. Useful for problem-solving
Many participants (n = 9) are positive about the useful
ness of the system and specific functions (P22, P24, P25, 
P36, P30, P31, P32, P33, and P34), and some partici
pants, such as P25, make a distinction between some 
functions being useful and others not. Specifically, the 
system provides greater speed in carrying out some 
small tasks (P29), it has a well-set-up logical control 
function (P30), and helps solving problems quickly 
(P8*, P24, P25, and P37) as stated here ‘I find it nice 
that you can look back. What did we do last time with 
the same problem? That, I think, is a significant advan
tage’ by P24, and ‘[the CA] can be a great tool in pro
blem solving in the day-by-day activities’ by P8*. 
However, there is a disadvantage of wasting time look
ing for a solution to a problem if it is not reported in the 
system’s history (P29).

4.1.3. Effective knowledge sharing
Several benefits regarding knowledge sharing are 
mentioned by the participants, namely that it is useful 
to transfer knowledge from experienced to novice 
operators (P31), ‘The system also allows for the com
munication of tacit knowledge between teams’ (P33), 
it can also help individuals recall knowledge of how 
they previously solved issues (P24, P32) and experts’ 
knowledge can now persist and is always available 
(P34). These comments show that participants gener
ally see it as a mechanism for experts to share their 
knowledge with novices and as a memory augmenta
tion for themselves.

That said, there are concerns that receiving infor
mation from the system could be less quick, effective, 
and comprehensive than asking the expert staff present 
(P27). This is likely true, assuming that there is an 
expert present with the relevant knowledge. However, 
our observations at the production line and statements 
by operators, such as ‘A few hours are lost every week 
on previously solved issues’ (P33) and P34 stated that 
operators ‘Lose about half an hour per day over one 
team per line’ suggests that information on previously 
solved issues was not readily available.

Whereas management believes in standardising 
approaches so every operator operates at the highest 
achievable performance, some operators do not think 
this is feasible. One operator in particular, P25, was 
skeptical of the benefits of knowledge sharing as stated 
here, ‘We always adjust to the specific product charac
teristics and line conditions’, ‘We often have different 
issues’ and ‘Because everyone has their own approach, 
some run slower, and others have their own techniques’. 
In other words, their work is so complex that the ‘best 
practice’ is highly dynamic and dependent on context 
factors and individual strategies. This reflects experi
enced operators’ pride in the strategies they developed, 
which may hinder the effectiveness of knowledge shar
ing. Conversely, P22 mentioned that ‘It would be useful 
to know if and how other operators have produced at 
higher speeds’ (P22), suggesting they would be inter
ested in learning from each other. This reflects a split 
among operators regarding the perceived usefulness of 
knowledge sharing.

4.1.4. Training time
Opinions are divided on whether training time will be 
reduced, with P32 stating that ‘[the CA] will address 
staff shortages and training time’ whereas P31 stated 
that training will not directly be reduced but indepen
dence will be increased. Others, such as P33, were 
unsure whether training time would be impacted but 
expect improvements as the technology matures. 
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Generally, participants thought that novice operators 
would benefit most (P8*, P22, P24, P25, P31, P34, and 
P38); for example, P22 stated, ‘This is very nice, yes, 
especially for beginner [operators]’ and P25 stated, 
‘It’s useful for newcomers who might not have as 
much product and line knowledge’. These statements 
support the idea that independence can be improved 
and training time can be reduced.

4.2. Optimizing knowledge sharing

This section addresses the socio-technical challenges of 
sharing knowledge via cognitive assistants. Further
more, this section starts with outlining the need for 
efficient knowledge sharing for operators on a pro
duction line.

4.2.1. Value of efficient knowledge sharing
The comments highlight the importance of expert oper
ator knowledge at work. This know-how is not captured 
in manuals or documentation; for example, ‘An oper
ator poured water over one of the canisters in the 
filling machine when the line had stopped to get it mov
ing again’ (P6) and ‘We adapt to the product’s charac
teristics, and some products require slower operation 
due to foam production’ (P25). Yet, existing mechan
isms for capturing this knowledge were largely unused, 
as stated by P2: ‘Because the problems are so poorly 
documented in [current issue reporting system], we 
don’t have a good overview of the problems’ P25 also 
describes how they develop their own strategies: 
‘Because everyone has their own approach, some run 
slower, and others have their own techniques’ and the 
necessity to adapt to changing context: ‘Yes, sometimes 
we have products that change their speed, or the 
machine is modified, allowing faster operation’. This 
partially explains why existing tools for documenting 
knowledge are quickly outdated and resource-intensive 
to maintain, as discussed in Section 4.2.3 below. Overall, 
these points demonstrate the high potential value of an 
efficient knowledge sharing mechanism.

4.2.2. Knowledge representation
There were some criticisms of the generic nature of 
(some of) the information provided (P39). Related to 
this, there were suggestions for improvement, such as 
more detailed, precise, and updated information (P27, 
P37, P40) and more specific instructions (P40). This 
suggests that knowledge representation should be com
prehensive and precise, focussing on providing detailed 
instructions or information where necessary. Indeed, 
participants were concerned that some knowledge 
would be too complex for the system; for example, 

‘Problems at the production line can be more complex 
and have complex solutions’; ‘Mechanical problems 
can be hard to describe. pictures might be better’; and 
‘It will be challenging to match similar problems using 
text only as people can describe them in many different 
ways’ (P8*). Technically, this was a significant challenge 
when using keyword-based search and intent-based 
assistants; however, semantic search and LLM-powered 
RAG can handle divergent phrasing much better. Other 
operators believed a simple approach would be 
sufficient; for example: ‘Error code and description 
would be enough information to save’ (P24), and P22 
reiterates that ‘Error codes are the single most impor
tant factor to match to existing issue solutions’. How
ever, P25 points out that ‘Sometimes there are random 
issues that don’t have specific fault codes’, demonstrat
ing a need for alternatives. These wishes reflect a desire 
to minimise interaction time with the system. Therefore, 
a tension exists between the perceived effort required to 
document knowledge and the value of that knowledge 
for sharing purposes.

4.2.3. Knowledge maintenance
The comments discuss the necessity and challenges of 
knowledge maintenance from several perspectives. P40 
states that ‘If the system is not kept updated, it becomes 
useless’ and P24, whilst reflecting on previous tools for 
KM, mentioned that ‘The biggest challenge is keeping it 
updated. It takes so many man-hours, and you just 
don’t have those’. Additionally, participants raised con
cerns about not having sufficient data, such as P8*, who 
stated that ‘[The system] might not give good recommen
dations if it’s only half full of knowledge’ and ‘[The system] 
needs more data’. There are also concerns about how to 
share knowledge clearly if there are many (potentially 
conflicting) entries in the knowledge base to share (P8*).

Some resistance to participating in the upkeep of 
knowledge is evident as operators reported that upload
ing documents is not their responsibility (P40). There 
were also concerns about how the database will be con
nected and updated with instructions and documents 
(P8*), and the need for a proper process for approving 
knowledge updates to maintain high quality, as stated 
here by P8*: ‘We will need to have a proper process 
for the settings change confirmed by an engineer’. Com
ments on the existing KM situation at the factory por
tray the challenges in keeping the knowledge updated, 
as discussed in Section 4.3.4.

4.3. Adoption and change management

This section addresses the socio-technical challenges 
related to the adoption process of cognitive assistants 
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for knowledge sharing. This includes a detailed account 
of the differences between the operator and manage
ment perspective, a key component of the research 
question.

4.3.1. Operator support and assistance
The comments suggest that operator support and assist
ance are crucial for adopting the CA. P29 highlights the 
importance of awareness and training for operators, 
which could potentially hinder adoption if not ade
quately provided. P37 also emphasises the need for 
operators to know how to use the system correctly to 
improve adoption.

4.3.2. Operator acceptance and adoption 
challenges
The comments reveal several challenges to operator 
acceptance and adoption of the CA. Managers are con
cerned that ‘If two or three bad experiences occur, then 
[operators] might be discouraged from using it’. Some 
participants refer to the need for full adoption; for 
example, P30 suggests that adoption could be hindered 
if all employees don’t accept the system, indicating a 
need for broad buy-in. Furthermore, P38 implies that 
older operators’ usage could be a potential barrier to 
adoption, and P34 also points out that ‘[User accep
tance] Depends on digital literacy of operators’, 
suggesting that age and technological proficiency may 
play a role in adoption. However, P34 clarifies that 
they have no concerns about adoption. P35 reveals priv
acy concerns as a potential obstacle to adoption, with 
one operator refusing to participate due to discomfort 
with human tracking, as discussed in Section 4.4.1. 
This remains a critical challenge for adoption, especially 
if rogue operators sabotage the system. Other potential 
barriers to adoption include poor performance (4.5.2) 
due to lack of details and out-of-date knowledge 
(4.2.2), poor accessibility (4.5.1), lack of cultural impor
tance for knowledge sharing (4.3.4), and a high per
ceived effort to record knowledge (4.2.2).

A few participants referred to failed attempts to 
introduce new documentation tools; for example, P23 
points stated: ‘We bought a bunch of tablets 7 years 
ago with the intention of using them for documentation, 
but they were never adopted’ and that current docu
mentation tools are poorly used (see Section 4.3.4 for 
more details.) Although we do not know the reasons 
behind the failed adoption of tablets for documentation, 
it does reflect how challenging introducing a new KM 
system can be, and why both management and oper
ators need to commit.

4.3.3. Management and operator perspectives
Using a CA to share knowledge among operators is lar
gely motivated by the factory management’s obser
vations that this was not naturally occurring effectively 
despite their attempts to stimulate it. This is reflected 
in the following statement by P3, an operator: ‘Manage
ment has accused me of not sharing my knowledge with 
others. However, it was due to a miscommunication 
about what the problem was about’. The comments gen
erally indicate a range of perspectives between manage
ment and operators regarding knowledge sharing 
practices. Some operators, especially those who were 
very distrustful of management, strongly believe that 
knowledge is already sufficiently shared and do not 
appreciate the suggestion that they are hiding it. Regard
ing documentation, some operators stated that operat
ing the production line is too intensive, leaving 
insufficient time for reporting. From the management’s 
perspective, they observe operators who are frequently 
idle and not proactive in sharing their expertise. Regard
less of the truth, we observed that the careful introduc
tion of a knowledge sharing tool such as a CA is key to 
reconciling the differing perspectives. For example, by 
framing the CA as a support tool for operators to 
avoid the impression that experienced operators are 
being forced into sharing their knowledge.

Indeed, many of the managers believed that the CA 
would need to be carefully introduced to avoid rejection 
from the operators. P29 suggests the need to sensitise 
operators and explain the system’s advantages, implying 
a potential gap in understanding or perception between 
management and operators. P38 and P39, both oper
ators, suggest that perspectives may vary depending 
on the individual, with some being indifferent to the 
differences between management and operators. P1 
reveals a desire for operators to be heard by upper man
agement, whereas others are satisfied with the influence 
operators already have and feel insulated from the 
desires of (upper) management through, for example, 
the workers’ council (P32). That being said, several 
operators mentioned that the management implements 
new tools without fully committing. This has led to dis
trust toward management regarding whether they 
would commit to the CA. Conversely, the management 
believes that the tools they introduced work sufficiently 
well, and the operator’s laziness is the problem. Overall, 
our experience is that most operators were open to new 
knowledge sharing tools introduced by management as 
long as they were involved in the process, the benefit 
was clear, and the management invested sufficiently in 
delivering a reliable and useful tool.

Regarding the knowledge sharing interactions with 
the CA, we observed differences in requirements 
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between the operators and management. Management 
was mostly concerned with collecting sufficiently 
detailed knowledge and ensuring operators used the 
tool to encourage standardised best practices. Conver
sely, the operators were concerned with ensuring the 
interactions were as short as possible, minimising the 
required details and only using the tool when absolutely 
necessary. While (upper) management tended to focus 
on an idealistic view of capturing every detail of an 
operator’s knowledge about a problem, the operators 
tended to seek out the minimally required detail for 
describing and retrieving problem solutions. Concur
rently, the vision of (upper) management was that all 
operators follow a single ‘best practice’, whereas some 
operators preferred to follow their own intuition and 
personal strategies, at least when it came to tuning the 
parameters of the production line. When it came to sol
ving critical problems that stopped production, oper
ators were more open to learning from others. 
Overall, we recognised a stark difference in perspectives 
between management and operators, both with valid 
concerns. These factors demonstrate the complex 
socio-technical challenges of introducing a tool for shar
ing knowledge.

4.3.4. Integration with existing systems and 
practices
The comments suggest that integrating the CA with 
existing systems and practices is a key consideration. 
P1 revealed that some operators use WhatsApp for 
internal communication, suggesting that operators 
were not satisfied with official communication channels. 
That being said, the operators still used the company- 
issued phones to request help from technical services 
or expert operators, many of whom were more senior. 
The official policy for resolving problems at the pro
duction line consisted of several steps of escalation, 
beginning with the present operators trying to solve 
the problem themselves. If unable to solve the problem, 
operators can request help from other (expert) line 
operators, shift leads or technical services. If a CA 
were introduced, it could be positioned as the first esca
lation step, allowing (novice) operators to elicit support 
before needing to call on their fellow operators, who are 
likely busy with other tasks. Most operators supported 
the idea of sharing their knowledge to support each 
other in this way, especially less experienced operators 
and those involved with training operators. However, 
it remains to be seen if the operators would be willing 
to maintain the effort for a prolonged period of time.

At the production line, we noticed a pattern where 
operators frequently skipped or improperly executed 
tasks they deemed non-essential. Operators revealed 

that some new procedures are not always followed, 
such as autonomous maintenance procedures (small 
maintenance tasks that operators are expected to routi
nely conduct): ‘[The autonomous maintenance] cards 
are frequently turned around without the task being 
completed’ (P3). Furthermore, there is evidence that 
operators do not properly input information into exist
ing documentation systems, as stated by P2: ‘Because 
the problems are so poorly documented in [issue report
ing system], we don’t have a good overview of the pro
blems’ (P2) and ‘Existing digital report system is 
frequently unused’ (P5). When we asked the operators 
why they were not using the issue reporting system, 
we frequently heard that it was unreliable, suggesting 
that the operators did not see the point of putting in 
effort to use something that could not be relied upon. 
Furthermore, the upkeep of standard working pro
cedures has not been performed as mentioned by P24 
here: ‘No, no, but in fact, the current standard working 
instructions are from 2003 or 4 when we started with it. 
It has become such a tangled mess. We really want a 
different system for it. It’s all still in Excel’. All of this 
points to a lack of investment in knowledge manage
ment systems from the management and a lack of 
engagement in responsibilities that are perceived as 
non-essential to operators, possibly reflecting a work 
culture where operators are disinclined to conduct 
tasks beyond the operation of the production line. Inter
estingly, P33 mentioned that ‘Previous non-digital ver
sion existed and was popular but more cumbersome’, 
indicating that engagement with a previous knowledge 
sharing system used to be higher but was hindered by 
its unwieldiness. While the introduction of a CA alone 
will likely not change the underlying culture directly, 
it could reduce the perceived effort in documentation 
and improve the perceived benefit of documentation.

4.4. Privacy, safety and ethics

This section addresses the research question by examin
ing perceived risks and ethical concerns related to the 
use of cognitive assistants.

4.4.1. Concerns over operator privacy and data 
handling
The comments reveal mixed opinions regarding user 
privacy and data handling. Some users, as indicated in 
comments P31, P32, P33, and P34, do not express any 
privacy concerns, with P33 stating, ‘No [privacy con
cerns as] most of the data isn’t personally identifiable’. 
However, P35 reveals a contrasting perspective, where 
an operator refused to participate due to privacy con
cerns and was uncomfortable with human tracking 
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and covert management oversight. P34 suggests a 
balanced approach, advising the provision of individual 
profiles for operators but also cautioning about privacy. 
This suggests that while some users are indifferent or 
unconcerned about privacy, others are acutely aware 
and concerned about how their data is handled and 
monitored.

4.4.2. Security measures against misinformation or 
malicious use
There are some concerns regarding the security risks 
if the system’s advice is incorrect, as stated by P27: 
‘Risks: if the responses are not adequate, you risk 
safety’. Safety becomes especially critical in inherently 
dangerous industries such as detergent factories, the 
context of this study. This raises questions regarding 
who is accountable for mistakes, especially if the sys
tem relies on knowledge shared by other humans, and 
what level of accuracy is acceptable for the system if 
human safety is at stake. Furthermore, P33 mentioned 
a ‘Small possibility exists that users may be malicious 
and enter falsehoods but unlikely’. The above points 
support the necessity of mechanisms to safeguard 
the quality of the knowledge, such as knowledge 
input approval procedures, checking for conflicts 
with existing knowledge, and identifying outdated 
knowledge, many of which could also be supported 
by AI (see also Section 4.6.3). Furthermore, framing 
the system as a supporting tool, not a decision- 
maker, could help remind operators that they are 
still accountable, as suggested by P34: ‘Will be useful 
as a supportive tool but not a solution’.

4.4.3. Operator autonomy and empowerment
Participants emphasise the importance of operator 
autonomy and see the CA as a support tool, as stated 
by P33: ‘[It will benefit operators] as long as it remains 
a support tool and operators remain the main actor in 
the work’. P34 suggests giving each operator their own 
profile to aid knowledge management, indicating a 
desire for operator autonomy and empowerment. How
ever, the same comment also cautions about privacy. 
Indeed, as discussed above in Section 4.4.1, P35 men
tioned that an operator refused to participate due to 
privacy concerns about the camera system, underscor
ing the importance of operator autonomy. On this 
topic, operator opinions are divided, as P5 states, ‘No 
issues with having cameras and would rather that [man
agement] invest in enough cameras to cover the entire 
line instead of half-measures’, indicating a desire for 
management to fully commit to a solution that can sup
port operators. Throughout the process, we respected 
operator autonomy by involving the workers’ council 

in the design process. They approved the work we con
ducted, and everyone was given the opportunity to ask 
questions and discuss concerns. However, despite for
mally approving the deployment of a camera system, 
at least one operator sabotaged the installment, indicat
ing disagreement indirectly, as mentioned by P21: 
‘[Operators] have placed a sticker over the camera, 
blocking its view’. (see Figure 4 below). This highlights 
an ethical dilemma that organisations and researchers 
may face when introducing AI systems that track 
humans: operators may not feel safe to oppose the intro
duction of new tools openly.

4.5. Usability and user experience

This section addresses the research question by present
ing perceptions of usability and user experience, which 
influence both the impact and the challenges of adopt
ing cognitive assistants.

4.5.1. User interface design and accessibility
Operators highlighted the importance of a user-friendly, 
accessible system that caters to diverse user needs. 
Operators expressed a desire for a more intuitive infor
mation display, with one suggesting to ‘Display the 
attachments after the main text for easier reference’ 
(P28). Similarly, several suggestions highlight the short
comings in the systems NLU, for example, requests for 
recognising keywords to provide relevant suggestions 
and streamline communication (P8*). The use of visual 
aids was also highlighted, with suggestions to ‘use more 
pictograms and pictures to speed up understanding’ 
(P8*). Language localisation was another aspect that 
users found important, with requests for system ver
sions in other (local) languages. Mobile accessibility 

Figure 4. A sticker used to block the stereoscopic camera for 
anonymous human tracking that overlooks the production line.
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was appreciated, but concerns were raised about the use 
of personal devices, with one user questioning, ‘Are we 
not going to force people to use their phone for that?’ 
(P24) These comments highlight the need for a system 
that is easy to navigate, visually intuitive, available in 
local languages, and providing company devices.

4.5.2. System performance and intelligence
The topic of reliable and efficient user interaction is fre
quently mentioned. Whilst nine (n = 9) participants are 
positive regarding the system’s natural language under
standing, eight (n = 8) participants expressed concerns 
or areas for improvement, highlighting the challenges 
for user satisfaction. Suggestions include the ability to 
understand user queries based on keywords (P8*), 
including autocomplete in the chatbot to speed up the 
performance, and better NLU when asking for assist
ance during machine troubleshooting (P8*). There 
were also calls to load more (detailed) data and knowl
edge into the system (e.g. P27) to improve performance. 
Despite these concerns, n = 9 participants provided 
positive feedback on the system’s performance and 
usability, suggesting that it is generally well-received 
and effective in its current form. Two participants 
appreciated the response speed; for example, P29 stated: 
‘Quick in responses’. Others highlighted the desire for 
‘More consistent performance’ (P33). The emphasis 
on reliable, speedy performance is logical, considering 
one of the main perceived advantages of the system is 
to speed up problem solving as stated by P37: ‘Advan
tage: speed in problem solving’.

4.5.3. User training
The participant suggests training the operators to use 
the system effectively; for example, P8* stated that 
‘Probably a short training or demonstration would be 
needed to be able to use it properly’. This demonstrates 
that despite the system supporting natural language 
interaction and being able to explain how to use it, par
ticipants still value formal training to improve user 
experience. Furthermore, P36 stated that ‘Advantages 
in the future with generational change with adequate 
training, no particular difficulties’ and P8* also men
tioned that once operators get used to the system, it 
becomes easier, suggesting that with some help, the sys
tem was easy to use.

4.6. Technical and operational issues

This section details the technical and operational chal
lenges encountered in the deployment and use of cogni
tive assistants for knowledge sharing.

4.6.1. Network and connectivity issues
The comments indicate significant network and connec
tivity issues that affected the operations. For instance, 
P35, and P23 highlight that Wi-Fi and 4G internet 
within the factory were unreliable. This disrupted com
munication and data transfer, crucial for smooth user 
interactions with the assistant as it relied on an internet 
connection. Additionally, P21 points out firewall issues 
that hindered access to certain resources. This demon
strates the importance of a reliable and well-managed 
Wi-Fi network within organisations considering 
deploying connected systems such as CAs.

4.6.2. Technical limitations and troubleshooting
We faced several challenges integrating the system with 
factory systems. P35 suggests that coordinating with the 
(3rd party) factory IT was challenging due to their fre
quent unavailability or preoccupation with other tasks. 
Furthermore, P21 mentions a technical issue where a 
PC was inaccessible, highlighting the limitation of coor
dinating with multiple technical parties to integrate 
systems.

4.6.3. Dependence on accurate and complete data 
input
The comments highlight challenges related to the ‘cold 
start problem’: providing benefits and driving engage
ment if the system’s knowledge base is empty. Indeed, 
during evaluations, P8* indicated that the system 
needs more data, confirming this issue. Motivating 
operators to share their knowledge is a considerable 
challenge, especially initially. Furthermore, once the 
system has reached a point where it provides perceptible 
benefits, it will still need to be maintained and kept up- 
to-date. Factory management also required that the CA 
include a validation step so that an expert operator can 
approve all incoming knowledge. Furthermore, P24 
emphasises that the biggest challenge they faced with 
previous KM systems was keeping them updated due 
to the significant man-hours required. This suggests a 
need for more efficient data input methods or auto
mation to ensure the system has accurate and complete 
data. Additionally, a mechanism is required to remove 
and update existing knowledge as the machines and 
products can change over time; P25 states, ‘Yes, some
times we have products that change their speed or the 
machine is modified, allowing faster operation’. This 
underscores the importance of having an efficient mech
anism for keeping a knowledge base up-to-date and 
approving incoming knowledge.

In sum, operators primarily perceive CAs as a way to 
speed up troubleshooting and reduce dependence on 
scarce experts, while managers emphasise 
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standardisation and performance gains. A thematic 
analysis of the comments from reveal three main 
socio-technical risks (privacy, safety of advice, and cul
tural resistance) and four practical challenges (knowl
edge upkeep, authoring burden, infrastructure, and 
change management).

5. Discussion

The domain of computer-supported knowledge sharing 
has evolved significantly over the decades, aligning with 
technological advancements, a focus on labour relations, 
and shifts in work practices. Originally, computer-sup
ported knowledge sharing focussed on centralising expert 
knowledge through the ‘repository model’ in the late 
1980s. This model primarily relied on forming extensive 
databases that document expert insights. However, this 
strategy struggled with situational variability as knowl
edge is often highly contextual and not easily generalised 
across different scenarios. Furthermore, the requirement 
for experts to codify their knowledge into repositories 
imposed a significant authoring burden, detracting 
from their primary tasks and responsibilities.

Subsequently, the field shifted away from static repo
sitories towards facilitating direct exchanges between 
individuals, aiming to capture the nuanced and dynamic 
nature of knowledge. However, scalability remained a 
challenge, and the effectiveness of these interactions 
hinged on the availability of both parties, which is not 
always feasible in a high-paced shift-based production 
environment.

Our research aligns with the paradigmatic shift 
towards cyber-physical systems as intermediaries for 
knowledge sharing (Hoffmann et al. 2019). These sys
tems, particularly through advancements in AI and 
live data processing, aim to manage the complexity of 
real-time knowledge sharing. This leads to critical dis
cussions in various domains on how to share knowledge 
from a human to machine and visa versa (Abubakar et 
al. 2019; Lista Rossetti et al. 2023; Schniederjans, Cur
ado, and Khalajhedayati 2020). Although, still underre
presented, our work contributes to the small growing 
body of HCI and CSCW work in manufacturing such 
as (Cheon, Schneiders, and Skov 2022; Gerbracht et al. 
2024; Hoerner, Schamberger, and Bodendorf 2022; 
Hoffmann et al. 2022; Mörike 2022; Wurhofer et al. 
2018). Our work goes beyond prior work on knowledge 
sharing in manufacturing such as (Hannola et al. 2020; 
Hoerner, Schamberger, and Bodendorf 2022; Hoffmann 
et al. 2022) by learning from evaluating fully functioning 
CAs in real-world production environments over a 
period of two years and integrating recent technology 
advancements, namely LLMs.

Our findings suggest that while (LLM-powered) CAs 
effectively bridge gaps left by earlier paradigms, such as 
scalability and minimising the authoring burden, they 
also introduce new dimensions to consider, such as 
the potential perceptions of surveillance, and the 
reliability of advice delivered by AI. Through this dis
cussion, we situate our work within the broader HCI 
and CSCW computer-supported knowledge sharing 
research, highlighting the challenges and lessons learned 
in the form of design guidelines (G#).

5.1. Cognitive assistants excel at sharing the 
solutions to emerging issues

In this work, the CAs were perceived to be effective at 
sharing knowledge, especially when acquiring knowl
edge from experienced operators to support novices. 
Both management and operators recognised that emer
ging issues at the production line warranted rapid disse
mination of solutions that currently did not happen 
effectively. As production lines become increasingly 
complex, digitised, and adaptable, operators spend a 
considerable amount of time and cognitive resources 
on error handling, in line with findings of prior work 
(Wurhofer et al. 2018). Concretely, a few hours of 
downtime could be saved on the production line weekly 
if solutions to emerging issues are shared effectively. To 
maximise this benefit, it is crucial to ensure that infor
mation can be found quickly and the knowledge base 
can be easily updated or modified, leading to the follow
ing guidelines: Design CAs to facilitate rapid infor
mation retrieval to support timely resolution of issues 
(G1) and Design CAs to enable quick modification 
and additions to the knowledge base (G2). Overall, par
ticipants universally agreed on the benefits of sharing 
solutions to issues such as machine malfunctions or 
problems caused by human error to resolve the issues 
quicker. In reference to the research question, this 
benefit forms the primary positive impact that introdu
cing a CA for knowledge sharing can have.

In contrast to sharing solutions for recurring pro
blems, the topic of sharing knowledge about tuning 
the machines to achieve higher performance is contro
versial for some operators. This is especially true for 
those who are comfortable with operating at lower, 
stable speeds. These operators were skeptical about the 
benefits of knowledge sharing on machine fine-tuning 
as they apply unique strategies that others cannot easily 
adopt and are highly situated. Machine tuning is a com
plex and iterative process that is affected by many fac
tors, such as ambient temperature and fluctuating raw 
material properties, making it more complex to share, 
aligning with observations by prior HCI and CSCW 
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research (Hoffmann et al. 2022). On top of this, accord
ing to management, some operators attempted to hide 
their knowledge to maintain their position of power. 
As such, we observed resistance to sharing valuable 
knowledge on machine tuning for various reasons.

While some experienced operators see no benefit in 
learning from others concerning machine tuning, this 
contradicts the management perspective, who observed 
significant differences in the production speeds attained 
by different experienced operators and were trying to 
encourage them to learn from each other. However, 
some operators still recognised the benefit of sharing 
some information about machine tuning, such as attain
able target production speeds, the accompanying par
ameters, and some expert tips. Ultimately, in this 
action research study, we shifted focus to supporting 
the operators during issue resolution instead of machine 
tuning, as the benefits were clear to all. Thus, we would 
advise to collaborate with operators to identify the scen
arios where sharing knowledge via a CA can result in 
significant and perceptible support for the operators 
(G3).

To overcome adoption issues due to a ‘cold start’ 
whereby the knowledge base is sparse or empty to 
begin with (Chen et al. 2023), we prepopulated the 
knowledge base of the CAs with knowledge we extracted 
from existing issue reports. We also used the issues cap
tured from the first phase of the study for the later 
phases. We observed that while this initial population 
of the knowledge base was only a small subset, it pro
vided sufficient coverage for operators to get a feel for 
the potential of the CAs. This was aided by the CAs abil
ities to infer possible recommendations based on similar 
issues even if a perfect match was not found. Thus, we 
suggest pre-populating the CA’s knowledge base with 
knowledge elicited from existing issue reports or inter
views (G4) and to use techniques to infer recommen
dations over sparse knowledge when exact matches 
aren’t found, such as reasoning over knowledge graphs 
(Du et al. 2022; Wang et al. 2019) or using LLMs to infer 
suggestions based on a selection of similar problems.

5.2. Considering the authoring burden of 
knowledge and the relevance for other operators

While CAs may reduce the authoring burden of knowl
edge sharing somewhat; it still remains a core socio- 
technical challenge. Several participants brought up 
the challenge of motivating engagement from operators. 
While improving accessibility and keeping dialogues 
short can minimise the perceived effort of using the 
CA, the perceived benefit of sharing knowledge to 
help others remains a central barrier to adoption 

aligning with prior work (Hannola et al. 2020; Hoerner, 
Schamberger, and Bodendorf 2022). Looking at the fac
tors that affect technology acceptance (Davis 1989), per
ceived benefit and perceived effort as opposing forces 
that will impact the attitude toward using the technol
ogy. External factors can also influence adoption, such 
as incentives, cultural norms, and voluntariness to 
help colleagues. In this study, we observed the strongest 
motivation to share knowledge among the ‘expert’ oper
ators who were already involved in training novice oper
ators as part of their job.

Going deeper into the tensions surrounding the bal
ance of providing and receiving knowledge, we assume 
that more effort invested in eliciting and capturing 
knowledge will result in a more comprehensive knowl
edge base that can be used to help others. Understand
ably, the balance may shift depending on many factors, 
such as its potential impact, how time-critical it is, if it’s 
something only one expert has discovered, how broadly 
applicable it is, how situational it is, how readily it can 
be shared, etc. For example, a solution to a recurring 
and high-impact problem that only one operator has 
discovered should be immediately captured and shared, 
even if it takes considerable effort. Additionally, the act 
of sharing knowledge is in tension with conducting the 
primary task of operating the production line, echoing 
previous work by Hoffmann et al. (2022). It is also 
important to consider the ephemeral nature of knowl
edge as the complex system changes and new knowledge 
is discovered. As such, organisations could consider a 
prioritisation framework to guide operators on how 
much effort should be invested in sharing their knowl
edge on a case-by-case basis. This prioritisation can be 
automated, using frequently asked questions received 
by the CA to determine relevance and production 
urgency. Therefore, to mitigate the burden of knowl
edge sharing on operators, the value of that knowledge 
must guide the prioritisation of what to share and 
when (G5)

Maintaining the temporal relevance and quality of the 
knowledge base is a key concern from both management 
and operator perspectives. The managers involved stipu
lated that all new knowledge entries should be approved 
by designated ‘expert’ operators, similar to mechanisms 
deployed by Hoerner, Schamberger, and Bodendorf 
(2022), providing some level of quality control. In this 
study, management was enthusiastic about using LLMs 
to validate the knowledge inputs by checking logic and 
consistency with existing knowledge. The validation out
put can be used by the operator to improve the report 
before submitting it for human approval.

Although not implemented in our work due to the 
anonymity policies we agreed with operators, other 
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work has made the author of entries visible to others 
(Hannola et al. 2020), which could support the vali
dation and knowledge application process but also 
introduce potential biases concerning the quality of 
specific operator’s knowledge (Yang, Yuan, and Wang 
2019). Additionally, the validity of entries should be 
continuously evaluated, for example, by enabling oper
ator feedback or by identifying conflicts between entries 
and safeguarding against outdated knowledge (G6). 
Overall, several strategies can be employed to maintain 
a high-quality knowledge base while considering the 
potential for bias, the burden on knowledge mainten
ance, and resulting improvements.

5.3. Educating the local stakeholders is key

One of the social challenges faced is related to the adop
tion of new technologies, such as CAs. Operators who 
fundamentally disagree with the benefit of sharing 
some knowledge may avoid using the CA. Indeed, 
assuming that the CA can support operators in doing 
their job better, the operators that are open to using 
the CA and can effectively interact with it will be at an 
advantage. For new operators, this means they can 
become more independent of their human mentors 
more quickly, and more experienced operators can 
benefit from the collective knowledge of their col
leagues. In contrast, the perceived value of the operators 
not using the CA may be reduced, for example, because 
they reject it fundamentally or have difficulties interact
ing with it. This highlights the importance of consider
ing accessibility and, where possible, facilitating full 
operator adoption, for example, by involving them 
throughout the development process and solving pro
blems that are important to them (G7).

During our study, many operators demonstrated a deep 
pride in the knowledge and expertise they apply in their 
work. It becomes critical, therefore, to frame technology, 
such as a CA, as a tool that supports rather than replaces 
their skill and judgment. This notion is in harmony with 
Shneiderman (2022) who advocates for ‘humans in the 
group; computers in the loop’, stressing that CAs should 
enhance rather than substitute human decision-making. 
Emphasizing that operators are still responsible for their 
decisions even with CA support could help them stay criti
cal and informed about the advice they receive from the 
system (G8). Additionally, communicating the strengths 
and weaknesses of the CA, such as being aware of potential 
‘hallucinations’ in responses from Large Language Models 
(LLMs) and the influence of leading questions, is crucial 
for productive interactions (G9).

Yet, similar to prior research, we observed that 
workers’ councils and operators often do not know 

enough about the technology to engage deeply in dis
cussions concerning new AI systems (Gerbracht et al. 
2024). On top of this, upon reflecting on our own 
experience with the workers’ councils, we recognise 
that they were only involved upfront during the project 
initiation when many details were still fuzzy. In con
trast, after the project was approved, they were no 
longer involved. Considering the innovative and 
explorative nature of the project, it could have benefited 
from more continued input from the workers’ council 
to safeguard the operator’s interests and ensure they 
remained well-informed, as demonstrated by Crabtree, 
Tolmie, and Knight (2017) and R. Zhang et al. (2021). 
We also note that despite our efforts to explain the 
CA architecture and capabilities in our interactions 
with operators and posters we put up at the production, 
we observed that many operators only fully grasped the 
concept and its benefits once the full system was 
deployed. This could be attributed to the complexity 
and novelty of the system which warrants continous 
efforts to educate relevant factory stakeholders about 
the system and its impacts, such that they can make 
informed decisions about its adoption (G10).

5.4. Co-evolving local infrastructure and 
mitigation plans for technical issues

In addition to the social challenges, deploying CAs at 
the production line faces many practical and technical 
challenges that affect the system and our research. The 
factories in this study used numerous separate digital 
systems such as for planning, maintenance activities, 
quality control, productivity, and machine documen
tation. Many of these systems were considerably out
dated and incompatible with each other. As a result, 
considerable effort was needed to connect them to the 
CA, sometimes requiring the involvement of third- 
party suppliers. For example, some of the underlying 
infrastructures, such as databases with API access, 
needed to be deployed before the research could pro
ceed. As such, considering the effort involved, relevant 
stakeholders should discuss whether connecting specific 
systems to the CA is worth it, considering factors such 
as added value, reliability, the investment needed, priv
acy implications, and upcoming system changes (G11). 
As W. K. Edwards, Newman, and Poole (2010) and 
Martinez-Maldonado et al. (2023) have highlighted, 
developing HCI infrastructures that adapt alongside 
work practices is not just beneficial but essential for 
the sustainable implementation of technological 
advancements in any setting.

The poor availability and quality of the data were 
compounded by poor (wifi and mobile) network 
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stability in the factory, meaning the availability of live 
data could not be guaranteed. As a result, operators 
sometimes needed to wait 30 seconds for a response 
or could not receive the support they requested. There
fore, we advise that companies should prepare reliable 
and robust data infrastructures before deploying CAs 
(G12), for example, by providing reliable wifi and 
investing in consolidating (live) data in centralised data
bases on modern servers. Acknowledging that high- 
quality, live data will not always be available, designers 
and developers of CAs should design cognitive assist
ants to be robust to missing or low-quality data (G13). 
For example, mitigation strategies could include proac
tively asking the operator to provide critical information 
describing a problem (e.g. pressure levels) if the CA 
needs it to give reliable advice.

Accessible AI for Support, not Surveillance A key 
social challenge is related to tension between operators 
and management regarding the reporting of what is 
happening at the production line. While existing 
methods of reporting issues were often poorly executed, 
operators were not very motivated to improve them. 
Several operators mentioned that the current system 
used for tracking productivity were not very reliable as 
they did not accurately measure production speed. 
Simiarily, operators complained about the reliability of 
the issue reporting system. Some operators used this 
to justify why they did not report all issues or pay 
much heed to the reported production statistics. Thus, 
when a manager tries to investigate why production 
was low for a shift, the operators claim that the data is 
inaccurate or does not represent the actual situation. 
This situation is similar to operator behaviour observed 
by Mörike (2022), where operators deliberately entered 
incomplete data into a digital terminal so that manage
ment did not have a complete picture of their work. 
Consider that operators may resist systems that provide 
managers with more accurate and timely information 
on production processes (G14). Thus, understanding 
the origins of operator resistance to system changes is 
vital for designing CSCW and HCI solutions that will 
be adopted and used effectively.

Although most operators expressed concerns about 
privacy, particularly regarding surveillance by managers 
and being unfairly evaluated on work performance, the 
majority agreed to allow sensitive data collection, such 
as their location. The main requirement was that access 
was restricted, particularly from management, high
lighting the necessity that the benefits of data collection 
should be clearly beneficial to operators and not just for 
surveillance, echoing findings of Das Swain et al. (2024) 
that found information workers perceived tracking as 
pure surveillance when they were not presented any 

consumable insights. Surprisingly, the operators we 
interviewed went as far as to express favouring a more 
intrusive tracking system that could enhance the sys
tem’s effectiveness over half-measures that did not 
benefit them. Thus, any implementation of tracking 
technologies must carefully balance utility and privacy 
while including operators in the decision process (G15).

A major challenge when involving operators in priv
acy discussions is catering to widely different perspec
tives. In our study, the CA is context-aware via an 
operator tracking system. The tracking system consisted 
of multiple stereoscopic cameras and a computer vision 
model to create an anonymous 18-point skeleton of 
operators along the production line. The tracking data 
was not personally identifiable, and factory employees 
could not access it. The workers’ council and all the 
operators we spoke to approved the tracking system. 
Furthermore, all operators were informed about the 
tracking system via announcements and posters along 
the production line. Despite these efforts, the tracking 
system was sabotaged by an operator. Despite pressure 
from factory management to fix the tracking system 
and continue with the research, we interpreted the oper
ator’s actions as an implicit rejection of the tracking sys
tem and disabled it. Thus, beyond respecting the legal 
side of privacy, organisations will need to consider 
when to force the implementation of human tracking 
for CAs, especially if the majority of the workforce 
would prefer the additional utility that context aware
ness could provide, such as automatically capturing 
knowledge (Yang, Yuan, and Wang 2019) or suggesting 
responses.

Beyond context-aware suggested responses, several 
other factors can impact the accessibility of interactions 
with the CA at the production line. These factors 
include familiarity with CAs, difficulty reading text on 
a smartphone screen, physical access to the smartphone 
with the CA, noise that may impact the accuracy of 
speech-to-text and audibility of text-to-speech, (local) 
accents or jargon affecting speech-to-text and NLP, 
and existing knowledge on the abilities and limitations 
of AI technology, such as LLMs. Indeed, aligning the 
design of the CA with the needs of operators is a crucial 
area of research (Fox et al. 2020). The challenges of 
handling noise, accents, and local jargon when using 
speech-to-text remains an open point but beyond the 
scope of our work. In this study, we observed that pro
viding (context-aware) suggested responses for the 
operators to click on instead of type responses was effec
tive at improving accessibility. Furthermore, using 
advanced NLP technologies, such as LLMs, made the 
CA easier to use as it became more capable in under
standing the operator’s queries. The final version of 
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the CA we deployed was also accessible in computer 
browsers instead of only through a smartphone app, 
improving accessibility for some of the older operators 
who had trouble using the smartphone. These inte
grations underline the importance of designing technol
ogy that is adapted to real-world factory contexts and 
the capabilities of the operators (G16).

5.5. Implications for researching and deploying 
cognitive assistants in factories

Navigating the tensions between operators and manage
ment regarding AI-mediated knowledge sharing is key 
to the success of CAs in factories. While introducing a 
CA may facilitate the sharing of knowledge, the organ
isation’s culture regarding collaboration and trust will 
significantly affect its positive impact. This was evident 
in the operators’ preference for autonomy and personal 
strategies, whereas management was more focussed on 
standardising practices and boosting efficiency. Our 
study exposed several underlying trust and cultural 
issues between operators and managers that appeared 
to exacerbate the misalignment of these priorities.

As these issues are not unique to using CAs for 
knowledge sharing, we can look to prior literature on 
building organisations that encourage knowledge shar
ing. For example, emphasising ‘knowledging’ over 
transactional, static knowledge transfer (Cheuk and 
Dervin 2011), providing sufficient justification from 
managers when introducing new processes (Olander 
et al. 2016), encouraging a mastery culture over a com
parison culture (Lee et al. 2022), and portraying the CA 
as a way to share learnings autonomously (Monks et al. 
2016), all support knowledge sharing based on mutual 
trust and a common purpose rather than duty 
(Oleksa-Marewska 2020). Managers could introduce 
low-key integration of knowledge sharing into daily 
briefings, for example, by mentioning specific knowl
edge sharing needs or giving positive feedback on 
prior knowledge sharing (Ellström and Ellström 2014; 
Israilidis, Siachou, and Kelly 2020; Sijbom et al. 2025). 
While face-to-face interactions and informal conversa
tions are traditional strategies to build trust and make 
knowledge sharing more enjoyable (Oliveira et al. 
2023; van Greunen, Venter, and Sharp 2021), future 
research could explore if similarly positive experiences 
can be (partially) achieved when sharing via a CA. 
Thus, we can conclude that organizations considering 
introducing CAs for knowledge sharing should also cre
ate a work culture that is conducive to knowledge shar
ing (G17).

As the management initiates the decision to bring in 
new technology like CAs, the operators can perceive this 

as a means of control and surveillance. As discussed by 
prior studies, the early and continued involvement of 
operators and workers’ councils can facilitate the adop
tion of new technology in factories but did not go into 
the specifics on how (Cheon, Schneiders, and Skov 
2022; Meneweger et al. 2015). The technology investi
gated in this study, (LLM-powered) CAs that support 
knowledge sharing, pose some unique challenges that 
warrant extra attention, such as the difficulty imagining 
the impact on work, the authoring burden on (expert) 
operators, focussing on knowledge that operators 
understand the benefits of dissemination, understand
ing the limitations of LLMs and the possibility of feeling 
surveilled by management. Unlike prior work that 
required managers to mediate all interactions with oper
ators (Cheon, Schneiders, and Skov 2022), we were able 
to involve them separately in most cases. Thus, we could 
maximise the openness and directness of the responses 
we received by positioning ourselves as external 
researchers (i.e. not ‘agents’ of the management), build
ing a relationship with participants over time, talking to 
operators without management present whenever poss
ible, and maintaining the anonymity of participants 
(G18).

From our work, we recognise that the most crucial 
topic to involve operators is identifying what knowledge 
would be beneficial to share and how it can be expressed 
and retrieved (G19). Tackling this together requires 
clear communication and education about what the 
technology can and cannot do. In this study, we wit
nessed the importance of respecting the operator’s 
expertise and autonomy, making sure that operators 
feel their contributions through the CA are valued, 
not just as data for the system but as important knowl
edge that improves the workplace. For example, by 
focussing on sharing knowledge about resolving con
crete machine issues as opposed to the less tangible 
machine tuning knowledge, more operators perceived 
the CA to be beneficial. This is especially important as 
many operators were apprehensive of introducing 
(yet) another tool and the potential consequences 
thereof, similar to observations made by Meneweger et 
al. (2015). By ensuring everyone understands and sees 
the benefits of CAs, factories may reduce resistance 
and may increase both productivity and job satisfaction 
(G20).

Regarding social interactions, while AI allows for 
quick access to information, it could also lead to fewer 
face-to-face interactions, affecting the social environ
ment. Additionally, increasing dependence on AI 
means operators must develop new skills, particularly 
in using advanced digital tools, instead of relying solely 
on experiential knowledge. This shift could also affect 
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operators’ well-being, balancing between the satisfac
tion from autonomously or collaboratively solving com
plex problems and the ease of AI help as previously 
discussed by Wurhofer et al. (2018). We observed that 
the operators were proud of their expertise, and intro
ducing the CA to capture and share this might affect 
the satisfaction they get from work.

While using a CA for knowledge sharing promises to 
enhance operational efficiency, it is vital to balance 
using the AI tool for all information needs versus the 
irreplaceable value of human knowledge sharing, if 
available (G21). In fact, several operators preferred 
learning from human operators, similar to findings in 
prior work (Hoffmann et al. 2022). Yet, a key benefit 
of the tool is that it could help with problems when a 
knowledgeable human colleague is unavailable or 
unable to help.

The long-term effects of using AI for sharing knowl
edge in factories are likely complex, covering oper
ational, psychological, and social aspects. Using AI for 
this purpose might improve operational efficiency and 
make the knowledge management system within organ
isations more dynamic and responsive. This may change 
how organisations are structured, making operators 
more independent from other (expert) operators. How
ever, there may be fewer opportunities to share more 
subtle, tacit knowledge that is more challenging to 
share through technology, emphasising the need for 
research in these areas.

A well-established concern in HCI/CSCW literature 
is that AI decision support may lead to erosion of 
human critical thinking Buçinca, Malaya, and Gajos 
(2021), Vasconcelos et al. (2023), Y. Zhang, Vera Liao, 
and Bellamy (2020) and Harbarth et al. (2024). While 
the participants in our study did not voice this concern 
explicitly, they did emphasise the importance of framing 
the CAs as a support tool. We believe three contextual 
factors explain this finding: (1) the CAs were never 
fully adopted on the production line; (2) the operator 
culture of being proud of their expertise and abilities 
to solve problems; and (3) the participant’s concern 
on the risks of inaccurate AI output while led to the 
study’s deliberate framing of the CA as a support tool, 
reinforcing operator accountability. Indeed, this con
cern has become more relevant in the latter half of the 
study, with the introduction of LLMs and thus, the 
occurrence of very plausible but hallucinated advice. 
While skeptical expert operator might be able to spot 
LLM hallucinations, novice operators may not have 
sufficient experience to do so. As such, additional 
efforts should be made to avoid undesirable outcomes 
when using LLMs. For example, for this study, we 
clearly communicated the limitations of the CAs, and 

incorporate mechanisms to double-check recommen
dations. These long-term concerns highlight the impor
tance of longitudinal studies at factories to evaluate the 
impacts and mitigation strategies. This future research 
will need to navigate challenges related to the safety 
and productivity concerns in factories when piloting 
new technologies (Cheon, Schneiders, and Skov 2022).

5.6. Limitations and future work

In conducting this study, we faced numerous challenges 
tied to fieldwork in operational settings where financial, 
health, and safety concerns are paramount. Consequently, 
the tested prototypes were never utilised for extended 
periods during actual work activities; instead, we relied 
on a series of brief user tests, each lasting about 30 min
utes and in the case of phase 1, up to 8 hours. While 
this approach facilitated immediate feedback and iterative 
improvements, a more prolonged deployment would 
likely uncover deeper insights into how users gradually 
adapt to and integrate CAs in their daily workflows. 
Despite the limitations, the high technology readiness 
levels (TRLs 7–8) of the prototypes, testing within the 
real-world factory environment, and our many contact 
points with participants over two years provide strong 
support for the ecological validity of our findings.

Furthermore, we acknowledge that case studies 
inherently produce context-specific insights, particu
larly in complex socio-technical environments such as 
factories. The findings and implications drawn from 
our work are closely tied to the unique organisational 
culture, workflows, and infrastructure of the studied 
factories. As such, caution should be exercised when 
generalising these results to other settings, and future 
research should investigate how similar interventions 
perform across diverse manufacturing contexts.

This study underlines the importance of socio-tech
nical alignment when implementing AI-driven systems 
like CAs. Over the course of this longitudinal study, we 
shifted toward sharing knowledge about problem-sol
ving as all operators recognised it as important, and 
we identify opportunities to support the process with 
CAs. The operators were less enthusiastic about sharing 
knowledge about other areas, such as machine setup and 
tuning, due to the situatedness, temporal nature, and 
personal aspects of the knowledge. However, this 
knowledge is valuable to factories and warrants focussed 
research to explore the challenge of sharing this more 
complex knowledge. Furthermore, HCI and CSCW 
research should explore the long-term impacts of 
deploying such technologies, focussing on how they 
reshape organisational structures, job roles, and the bal
ance between digital- and human-driven problem- 
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solving processes. This includes addressing the chal
lenges of maintaining critical thinking and decision- 
making skills among workers in increasingly AI-sup
ported environments and exploring strategies to balance 
technological assistance with essential human 
capabilities.

6. Conclusion

This study illustrates both the potential and the com
plexity of introducing Cognitive Assistants (CAs) for 
knowledge sharing in factory settings. CAs can speed 
up problem-solving and help new operators become 
more independent, but their success depends on more 
than just technical performance. Key risks include priv
acy concerns, the reliability of advice, and cultural 
resistance to changing established work practices. Prac
tical challenges such as keeping the knowledge base cur
rent, minimising the effort required from operators, and 
ensuring robust technical infrastructure also play a 
major role.

The existing culture of collaboration and knowledge 
sharing within a factory will greatly influence how suc
cessful CAs can be. Addressing these issues requires invol
ving all stakeholders early and throughout the process. 
Transparent communication about how CAs work and 
how data is handled is essential for building trust. It is 
also important to recognise that not all knowledge is 
equally easy to share. Operators are generally open to 
sharing solutions to recurring problems, but may be less 
willing to share personal strategies or context-specific tips.

Overall, successful adoption of CAs in factories 
depends on finding the right balance between techno
logical efficiency and respect for human expertise, 
autonomy, and workplace culture. By focussing on 
both technical and social factors, organisations can bet
ter realise the benefits of CAs while addressing the con
cerns of those who use them.

Notes

1. https://www.anthropic.com/claude – last accessed 
October 11, 2025

2. https://llis.nasa.gov/ – last accessed October 11, 2025
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