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Chapter 1

Introduction



INTRODUCTION

The present dissertation has been developed cumulatively and consists of three indepen-
dent interdisciplinary studies. Independence implies that each study can be considered
separately — with its specific context, research question, method and empirical results.
Nevertheless, all three studies shed their spotlights on a different sides of the same phe-
nomenon — the human-Al interaction. Thus, together they are bound by the same purpose
— to raise the effectiveness of human-Al interaction and to remove hurdles which prevent
users and organisations from unleashing the entire potential of Al. To follow this purpose,
our studies are bound to be interdisciplinary. It lies in the nature of human-Al interaction
— the “human” part requires insights from behavioural and psychological sciences, while
the “AI” part refers to the fields of information systems research and computer science.
Followingly, in our work we do not only refer to interdisciplinary streams of literature,
but also adopt methods from different research fields — the incentivised laboratory ex-
periment from the field of behavioural economics and the Design Science Research [63]
methodology from the field of information systems research. The application of either of
the two methods depends on the research question we pursue. The main purpose behind
the studies in Chapter 2 and Chapter 3 is to uncover influential factors behind Al aversion
and Al adherence respectively. Hence, for this purpose we choose the methodology of
incentivised laboratory experiment, since it allows us to reliably measure if the change of
a particular influential factor leads to a change in Al aversion or Al adherence. On the
other hand, in Chapter 4, we do not pursue a purely theoretical inquiry, but rather propose
a new method for effective human-Al interaction in a specific context. In this case, our
choice falls on the Design Science Research [63] methodology, since it allows for a sci-
entifically grounded design of new artifacts. Additionally to applying different methods,
our dissertation features various contexts. While our study in Chapter 2 is designed to be
context-agnostic and seeks high results generalizability, the studies in Chapters 3 and 4
focus on the challenges of human-Al interaction in industrial applications and explicitly
seek to facilitate the adoption of Al technology by industrial actors.

In the rest of this introductory Chapter, we discuss the scope of the present dissertation
and our methodological choices in more detail. Moreover, we provide a short summary

and an overview of co-authors’ contributions for the underlying studies.



1.1 Scope and Context of the Studies

All three studies of the present dissertation are bound by the same fascination for the Al
technology and its potential to improve our lives in plentiful applications from health-
care over policy-making to mobility and manufacturing [54]. However, the realization of
the Al potential can be mitigated by various hurdles, among those a biased human be-
haviour towards Al [53, 46] or high complexity and resource-intensiveness of Al model
development and implementation [6, 57, 73]. Besides, potential risks of Al give rise to
plentiful safety and ethical concerns, resulting in a call for the Human Centered Al [72].
In our dissertation, we pursue an overarching vision of facilitating the application of the
Al technology, while placing the needs and well-being of human users in the center of our
considerations, as required by the idea of the Human Centered AI [72]. Thus we are inter-
ested in deeper understanding of human behaviour and needs in interactions with Al and
infer how Al systems and applications can be changed to accommodate those behavioural
aspects and needs.

In the first two studies we are explicitly interested in behavioural biases accompanying
the human-Al interaction, in particular the irrational avoidance of algorithm advice known
as algorithm aversion [53, 46]. Our scientific inquiry seeks to shed light on the influential
factors behind algorithm aversion and to make suggestions on how algorithm aversion
can be mitigated. Thus, our first study (see Chapter 2) provides experimental evidence
that using longer response times for an Al agent can lower algorithm aversion. Besides,
the type of thinking applied to a task at hand — whether a user is thinking fast or slow
[16] — can influence users’ sensitivity to other factors such as task domain. In our second
study (see Chapter 3) we focus on expert users and investigate, how the user involvement
during the Al training process influences algorithm aversion. We demonstrate that higher
user involvement is associated with a higher perceived understanding of Al functionality
and higher perceived control over the resulting model. However, these perceptions are
not reflected in the actual behaviour, suggesting that the users’ self-perception as experts
overrules the potential positive effects of user participation. In the third study, we turn our
attention to real-world problems of Al applications and how they can be mitigated through
effective and user-centric human-Al interaction. In particular, we design and prototype an
artifact, which allows to automate time-consuming domain knowledge acquisition tasks
during the Al model building process. On the one hand, this automation substantially re-

duces the time needed to acquire domain knowledge, thus lowering the costs for Al model



development and the hurdles for Al adoption. On the other hand, our artifact follows the
design objectives of usability and human-centricity, thus bringing additional value to the
users — a notion confirmed in the prototype evaluation. The section 1.3 provides detailed
summary of each study and its contribution to our stated vision.

While our motivation to facilitate the adoption of Al technology is of generic nature,
the bigger part of our dissertation (Chapters 3 and 4) deals with Al applications in indus-
trial context. This decision grounds in our personal motivation — Al can make manufac-
turing processes more efficient and environmentally-friendly, enhance the product quality
and boost innovations. In the same time, industry faces hurdles when implementing Al
solutions, among those data availability, integration of domain knowledge, limited access
to data science resources, safety concerns, user acceptance and many more. By putting
industrial applications in the focus of our work, we strengthen its external validity and

provide context for its theoretical and practical implications.

1.2 Methodological Choices

The choice of methods in our work is grounded in the research questions we address. In
the first two studies (see Chapter 2 and 3) we are interested in influential factors behind
advice taking behaviour in human-Al interactions. Moreover, we are primarily interested
in actual behaviour and not in behavioural intentions or attitudes. Thus we refer to the
methods of behavioural sciences and choose laboratory experiment as a fitting method
for our inquiry. It allows us to control the experimental environment and thus ensure the
ceteris paribus condition between the treatment groups. Further, we recruit subjects via
the online recruiting system ORSEE [36] and randomly assign them to the treatments.
By altering the influential factors between the treatment groups we then can make causal
inferences about the relationship between those factors and the advice taking behaviour.
We note that conducting a field experiment or applying MTurk or Prolific as platforms
for an online experiment would increase the external validity of our results, but weaken
the ceteris paribus condition. Since our inquiry in the first and the second study primarily
seeks to empirically test the existence of a casual relationship between the variables of
interest, we deem internal validity to be our priority and therefore choose the laboratory
environment over other options. Moreover, by creating an experimental scenario, we
can measure the actual decision making on the participants’ side — if the participants

actually follow the AI advice or not. We implement monetary incentives in order to



further enhance the internal validity of our study and to elicit subjects’ true preferences
[26]. Within the scope of our inquiry, we deem it to be an advantage over alternative
methods, such as a questionnaire, which measure reported intentions and attitudes. In
Chapters 2.4 and 3.2 respectively we provide further details on the experimental design,
procedure and methodological limitations of the first two studies.

In our third study (see Chapter 4) we seek to both produce theoretical insight in the
field of human-AlI interaction and to solve a real-world problem trough creation and ap-
plication of an artifact. For this purpose, we refer to the design science paradigm [40]. It
enables researchers to build upon the existing theory to create artifacts, which solve real-
world problems. By applying and evaluating such artifacts, researches can subsequently
generate new theoretical insights and thus add to the theoretical base. The design science
follows guidelines which ensure that an artifact addresses a relevant business problem and
its design and evaluation are conducted rigorously [40]. To ensure the adherence to these
guidelines and to increase the internal validity of our third study, we follow the Design
Science Research methodology by Peffers et al. [63]. Thus, we (1) identify a relevant
real-world problem; (2) derive design objectives based on the problem, its context and the
existing theory; (3) design an artifact following the design objectives and instantiate it in a
prototype; (4) apply the prototype in a real-world context and (5) evaluate the application
results. Based on the evaluation results, we conclude about the ability of the artifact to
solve the initial problem and derive insights which add to the theoretical base. Chapter 4
is structured based on these methodological steps, each step being explained in detail in
its respective section.

According to Hevner et al. [40], behavioural and design sciences are like the two
sides of the same coin, representing distinct but complimentary paradigms which drive
scientific knowledge generation. While behavioural sciences seek to develop fundamental
theories to explain different phenomena, design science aims at applying those theories
to real-world problems and generating knowledge out of the application [40]. Thus, we
argue that the methods we apply in our work compliment each other and allow us to
generate both internally valid and externally relevant results — for the scientific community

and practitioners alike.



1.3 Summary of the Studies

The role of response time for algorithm aversion in fast & slow think-
ing tasks (Chapter 2)

Our motivation for the first study grounds in the research on algorithm aversion and ap-
preciation. Both are forms of biased behaviour towards algorithms, when people either
irrationally discount or appreciate algorithmic advice [53, 46]. We aim to explore influen-
tial factors behind algorithm aversion or appreciation. For this purpose, we bring together
several streams of research. First, we build upon the proposition by Bonnefon et al. [11]
to adopt the basic concepts of the Dual Process Theory [16] to the studies of human-Al
interaction. In this regard we define two types of tasks — (1) fast thinking and (2) slow
thinking — depending on the way how people approach the task — either with intuition or
logic, respectively. Bonnefon et al. [11] argue that people seem to trust machines with
tasks which require slow thinking rather than those requiring fast thinking. This propo-
sition 1s supported by studies on effects of task type on human-Al interaction [13, 49].
Though the machines do not actually “think™ fast or slow, users may consciously or un-
consciously make inferences on whether Al is “thinking” fast or slow and if they can trust
it with fast or slow tasks accordingly [11, 12, 66]. The response time of an algorithm can
serve as signal for such inferences, long and short response times suggesting slow and fast
“thinking” on the algorithm side respectively [11]. Thus we further refer to the literature
on the effect of response time on algorithm aversion, which have been so far inconclusive
— while Efendi¢ et al. [24] find that long response times lead to higher algorithm aversion,
Park et al. [61] report an opposite effect. We argue that this inconclusiveness might be
attributed to the fact that the authors applied different types of tasks — while Efendi¢ et
al. [24] apply tasks we describe as slow thinking, Park et al. [61] select a fast thinking
setting. Therefore we propose to study the effect of response time on algorithm aversion
in light of the task at hand — fast or slow thinking — and refer to the previous notion that
people may use response time to make inferences about the algorithm type of “thinking”
and whether it fits the task at hand. By bringing these two streams of research together
and testing our proposition empirically, we aim at gaining a more differentiated view on
the influential factors behind algorithm aversion. We hypothesize that for slow thinking
tasks, algorithm aversion would be higher for longer response times, while for fast think-
ing tasks it would be lower for longer response times. To test our hypotheses we conduct

a 2x2 incentivised laboratory experiment. We manipulate the length of the Al response

6



time (short vs. long) and the task type (fast thinking vs. slow thinking). Additionally, we
also vary the domain of the tasks. We find out that, surprisingly, long response times are
associated with lower algorithm aversion both for fast and slow thinking tasks, though the
effect in the fast thinking group is stronger. Moreover, we find differences in subjects’
behaviour towards Al depending on their type of thinking — subjects in the fast thinking
group demonstrate significant differences in advice taking depending on the task domain,
while in the slow thinking group these differences disappear. We conclude that long re-
sponse times can reduce algorithm aversion and that the way, how people approach the
task, may make their advice taking behaviour more or less responsive to changes of the
task domain. With our study, we are, to the best of our knowledge, the first to empirically
test the proposition by Bonnefon et al. [11] to apply the widely known concepts of fast
and slow thinking [16] to study algorithm aversion. Moreover, we are the first to provide
an empirical insight on the relationship between the type of thinking and the domain of

the task in context of algorithm aversion.

Does the involvement of domain experts in the Al training affect their
Al perception and Al adherence? An experiment in the context of

industrial AutoML applications (Chapter 3)

In our second study we again consider the phenomenon of algorithm aversion and ap-
preciation [53, 46], but this time in the context of industrial applications of Automated
Machine Learning (AutoML). On the one hand, AutoML enables domain experts — users
without data science skills, but with expert domain knowledge — to build machine learning
models for their specific domain applications and thus lowers the financial and organisa-
tional hurdles of adopting ML technology in organisations [47, 73]. On the other hand,
from the users’ perspective, AutoML represents a black box process yielding a black box
solution — a fact which can mitigate users’ trust [82]. The trust of AutoML users might
be also negatively affected by their expert nature — experts have been demonstrated to
rely less on algorithms compared to lay people, even at the cost of own decision accuracy
[52]. Since lack of trust can lead to inefficient decisions, we are interested in factors,
which can mitigate algorithm aversion and foster trust in AutoML. Based on the notion
that user participation positively affects user perceptions of a system [39] and other the-
oretical insights, we argue that involvement of domain experts during the model training

might positively affect their perceptions and trust towards the resulting AutoML model.



We hypothesize that domain experts who have been involved in the model training are
more likely to adhere to the advice of the resulting model and that their grade of adher-
ence grows proportionally to the grade of their involvement. To test our hypothesis we
conduct an incentivised laboratory experiment with three treatment groups — zero, passive
and active involvement. Our experimental design mimics a real-world predictive main-
tenance situation in a production context. Our results demonstrate that higher grade of
involvement is associated with a higher perceived influence on the AutoML model and a
higher perceived understanding of the model functionality. However, this differences in
perceptions between the treatment groups seem to have no effect on the actual behaviour —
subjects in all treatments groups adhere to the Al advice similarly often. This result can be
explained by the fact that subjects perceive themselves as experts and this self-perception
might overrule the treatment effect. Last but not least, we find that subjects perceive Al
training to be time well spent, feel comfortably when sharing knowledge with the Al and
even enjoy the training process. With our study we are, to the best of our knowledge, the
first to empirically test the effects of domain expert involvement in model training on their
subsequent model advice adherence. We develop and implement a complex experimental
setting which can be adopted by other researches when studying behavioural aspects of
Al adherence in industrial context. Besides, we contribute to a discussion on algorithm
aversion among expert users — our results show that self-perceptions about own expertise
can overrule positive change in attitudes associated with higher involvement. Last but not
least, our study carries valuable insights for practitioners — by involving domain experts
in the model training they can enhance users’ understanding of the model functionality
and even make user experience more enjoyable. To the best of our knowledge, we are the
first to experimentally study the influence of user involvement in the model training on

the Al advice adherence.

Domain knowledge acquisition for machine learning using ChatGPT
(Chapter 4)

Differently to our previous experimental studies, in our third study we are interested in
solving a specific real-world problem with Al technology, while ensuring an effective
human-AlI interaction by design. Further, we seek to generate a theoretical insight in the
field of human-Al interaction and to contribute to existing scientific frameworks by ap-

plying our solution it in a practical scenario. The Design Science Research [63] builds



the methodological foundation of our inquiry. We focus on a real-world problem of do-
main knowledge acquisition for machine learning. In machine learning projects, acquiring
knowledge often demands significant time and effort from data scientists and other stake-
holders. We propose to apply large language models in general, and ChatGPT in particu-
lar, to automate time-intensive knowledge acquisition tasks, thereby freeing a substantial
share of data scientists’ capacities. Following the Design Science Research [63] method-
ology, we propose a novel method for automatic interview-based knowledge acquisition
and align it with existing scientific frameworks. We then implement this proposed method
in a prototype — the ChatGPT Interviewer. We demonstrate and evaluate the ChatGPT
Interviewer in two distinct industrial applications. The evaluation confirms that ChatGPT
Interviewer is able to interview domain experts in natural language, track their answers
and bring their knowledge in a formalized form. Moreover, it can flexibly adopt to the
application domain and to the individual user behaviour. Besides, ChatGPT Interviewer
can significantly reduce knowledge acquisition effort and deliver valuable input for model
building. Last but not least, the users of the ChatGPT Interviewer appreciate their interac-
tion with it, considering it both simple and valuable, they feel in control of the interview
process and its results. However, the precision and comprehensiveness of the acquired
knowledge can be further enhanced. We conclude that our method can be used to auto-
mate the knowledge acquisition steps, resulting in significant efficiency gains for machine
learning practitioners. Additionally, our work makes several theoretical contributions to
the literature on Informed Machine Learning [77], the Cross Industry Standard Process
for Data Mining [79], ChatGPT-based conversational agents and knowledge acquisition

methods.
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AVERSION IN FAST & SLOW THINKING TASKS
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JORG PAPENKORDT*

Abstract

Artificial intelligence (AI) outperforms humans in plentiful domains. Despite security
and ethical concerns, Al is expected to provide crucial improvements on both personal
and societal levels. However, algorithm aversion is known to reduce the effectiveness of
human-AlI interaction and diminish the potential benefits of Al. In this paper, we build
upon the Dual Process Theory [16] and investigate the effect of the Al response time on
algorithm aversion for fast and slow thinking tasks. To answer our research question, we
conduct a 2x2 incentivised laboratory experiment with 116 students in an advice-taking
setting. We manipulate the length of the Al response time (short vs. long) and the task
type (fast thinking vs. slow thinking). Additional to these treatments, we vary the domain
of the task. Our results demonstrate that long response times are associated with lower
algorithm aversion, both when subjects think fast and slow. Moreover, when subjects
are thinking fast, we find significant differences in algorithm aversion between the task

domains.
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Chapter 2 Algorithm Aversion in Fast and Slow Thinking

2.1 Introduction

Al is designed to provide crucial improvements to healthcare, mobility, policy-making,
manufacturing, and countless other domains [54]. A growing number of political as well
as private decisions are being made based on algorithm recommendations [3, 64]. How-
ever, prejudice and biased behaviour toward Al often mitigate its potential as extensive
research demonstrates [46, 53]. The study of biased human behaviour towards algorithms
is dominated by two streams of research — algorithm aversion and algorithm appreciation
[44]. Algorithm aversion describes a general rejection of algorithm advice in favor of
human advice [53]. For instance, even though Al algorithms have been repeatedly proven
to be more accurate in their predictions than human experts [22, 46], humans still exhibit
irrational aversion towards Al [13, 80]. When the behavioural bias leans in the opposite
direction, researchers speak of algorithm appreciation, which is the logical counterpart to
algorithm aversion [46]. For instance, it has been demonstrated that people prefer Al rec-
ommendation over human advice in multifaceted situations, such as estimating weights,
predicting music charts, or national security concerns [44, 52]. Based on the inverse def-
initions of the two phenomena, we consider them to represent “two sides of the same
medal” [46]. Therefore, in this paper, we use only one of the two terms — algorithm aver-
sion — to describe the entire range of human reactions to Al recommendations. Our study
aims to contribute to a deeper understanding of the influential factors that may trigger
algorithm aversion or appreciation. So, we build on the theoretical considerations of Bon-
nefon et al. [11] and are the first to experimentally investigate whether the Dual Process
Theory can serve as a tool and as a perspective to study human behaviour towards Al.
The remainder of this study is structured as follows: First, we describe the theoretical
approach to adopting the Dual Process Theory in the context of human-Al interaction.
Subsequently, we present our methodology and then outline the results of the data analy-
sis. In particular, we examine the effects of Al response time on the advice-taking index
for fast and slow thinking tasks in three different domains. Lastly, we discuss our main
findings in light of previous literature, point out possible limitations of our study and state

our contribution to existing research.
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Chapter 2 Algorithm Aversion in Fast and Slow Thinking

2.2 Theoretical Framework

The search for influential factors behind human behaviour towards Al has yielded a con-
siderable number of studies and insights [25, 35]. In their systematic literature review,
Mahmud et al. [53] distinguish between individual, algorithm, task, and high-level fac-
tors. For example, individual characteristics, like personality traits [56, 71], and char-
acteristics of the Al agent, such as its performance [22] or the explainability of the Al
recommendation [1, 58, 69, 78], have been found to affect algorithm aversion. Also, con-
textual factors like task type or domain have been identified as factors influencing the rate
of acceptance or rejection of an Al recommendation [19, 30, 38]. However, Mahmud et
al. [53] emphasize that a unified theoretical framework that would comprehensively ex-
plain the nature of algorithm aversion is still lacking. One interesting approach to shed
light on fundamental principles behind algorithm aversion is provided by the well-known
work “Machine Behaviour” by Rahwan et al. [65]. They suggest that concepts, methods,
and frameworks from social and behavioural sciences may be adapted to study machines
and human-machine interactions. The idea of humans transferring human cognition to
machines is not entirely new. In the field of explainable Al, for example, a large number
of researchers argue that explanations for Al recommendations should be formulated ver-
bally in a human-like manner, enabling users to construct a correct mental model of the
system [18, 58]. Following Rahwan et al. [65], Bonnefon et al. [11] propose to adopt
the widely known Dual Process Theory [16] and its concepts of fast and slow thinking
(or System 1 and System 2, respectively) as a framework and a tool to study human-Al
interaction. According to Kahneman [16], mental life can be characterized as a dynamic
between two agents, System 1 and System 2, which produce fast and slow thinking, re-
spectively. System 1 operates automatically and quickly, with little or no effort, relying
on impressions, intuitions, intentions, and feelings. System 2, on the other hand, directs
attention to effortful mental activities that require rules and explicit thinking, e.g., com-
plex calculations. Besides the scientific Dual Process Theory, there exists a popular “folk
theory” concerning fast and slow thinking, reflecting people’s beliefs about their own and
others’ thinking processes [11]. Humans seem to consciously or unconsciously apply
such “folk theory” of fast and slow thinking to explain human behaviour in everyday life.
Some researchers argue that, in human-Al interactions, people might adhere to similar
mechanisms to understand the behaviour of an Al agent [11, 12, 66]. In other words,

humans are likely to project their beliefs about fast and slow thinking onto intelligent ma-
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Chapter 2 Algorithm Aversion in Fast and Slow Thinking

chines and try to interpret their actions accordingly. Bonnefon et al. [11] propose that
humans make inferences about Al if it “thinks” fast or slow and use these inferences to
assess whether Al “thinking” fits the task at hand. Alternatively stated, if people perceive
an Al agent to “think” slowly, they would rather trust it with tasks that—from a human
perspective—require slow thinking (e.g., logic) than with tasks that require fast thinking
(e.g., intuition) [11].

This proposition is supported by several empirical studies regarding the effects of task
type or task domain on human-Al interaction. However, prior to Bonnefon et al. [11],
such results have not been explicitly linked to the Dual Process Theory. For instance, Lee
[49] states that algorithmic and human decisions are perceived as equally trustworthy for
tasks requiring “mechanical skill” (e.g., work scheduling), whereas algorithms are per-
ceived as less trustworthy than humans for tasks requiring “human skill” (e.g., hiring).
The study by Castelo et al. [13] provides similar results. The authors focus on the per-
ceived objectivity of a task, describing an objective task as one based on measurable char-
acteristics and requiring analytical skills (e.g., weather forecasting), and a subjective task
as one that required intuition or a “gut feeling” (e.g., predicting the wittiness of jokes).
Their results demonstrate once again that people prefer algorithms for objective tasks and
reject them for subjective ones [13]. Generally, it seems that humans are more likely
to reject an Al recommendation in tasks that, in their perception, require intuition and
“human skill” even though research has revealed that even in supposedly more subjective
tasks (e.g., suggesting jokes), an algorithm performs better than humans [80]. The link
between these findings and the Dual Process Theory made by Bonnefon et al. [11] offers
a new perspective on the question of how people perceive Al in different situations, i.e.,
for different tasks at hand. This perspective might offer a further understanding of how
algorithm aversion can be mitigated, especially in the case of tasks perceived to require
intuition. In our study, we adopt the proposition of Bonnefon et al. [11] to define different
types of tasks. Specifically, we define fast thinking and slow thinking tasks through the
approach people selected to solve the task — fast or slow thinking, respectively. While
our definition is related to those of Castelo et al. [13] and Lee [49], it exists independently
from task objectivity and task domain. For example, in the recruiting domain, if a sub-
ject makes her decision based on explicit, rule-based thinking, we define this as a slow
thinking task. In the same domain, if a subject decides to rely primarily on her intuition,
we define it as a fast thinking task. Additionally, we deem it irrelevant for our defini-

tion whether an objectively correct answer to the task (e.g., a calculation result) exists or
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whether the answer is entirely subjective (e.g., a job candidate should be declined). In our
definition, solely the approach chosen to solve the task determines if it is a fast thinking
or a slow thinking task.

Furthermore, Bonnefon et al. [11] postulate that it is not only relevant to deter-
mine how people themselves approach a task but also how they perceive the algorithm
— whether they judge it to be “thinking” fast or slow. While algorithms “think™ neither
fast nor slow like humans do [11, 12], they might transmit signals that enable people to
make conscious or unconscious inferences about the algorithm type of “thinking.” The
length of the algorithm response time is one possible signal. Consequently, its manip-
ulation might influence human perception of an algorithm by suggesting fast or slow
“thinking” [11, 61]. Efendi¢ et al. [24] demonstrate that, for analytical tasks, people are
more averse to algorithms when response times are longer. This result is contrary to inter-
human interactions, where longer response times are usually associated with higher trust
— answers following a longer response time are considered well thought-through. The au-
thors attribute this contrasting effect to the fact that people perceive analytical tasks to be
easy for algorithms and therefore interpret longer response times as a malfunction [24].
The study by Park et al. [61] examines the impact of response time on the acceptance of
algorithm recommendations, additionally distinguishing between high- and low-accuracy
algorithms. They find that, in the case of a high-accuracy algorithm, participants are more
likely to follow its recommendations when response times are long. For a low-accuracy
algorithm, participants are slightly more likely to follow recommendations when response
times are short [61]. An apparent inconclusiveness between the results of Park et al. [61]
and of Efendic et al. [24] could be explained by the fact that Park et al. [61] use a different
task type than Efendi¢ et al. [24]. While the former applies a setting we define as a fast
thinking task, the latter selects a task, requiring analytical skills (a slow thinking task in
our definition). Considering the results of Castelo et al. [13] and Lee [49] on the influence
of task type on algorithm aversion, one might suggest that the effect of the Al response
time varies for different types of tasks. Particularly, the result of Efendi¢ et al. [24] might
hold for analytical tasks (in our definition, for slow thinking tasks), while the result of
[61] might be valid for fast thinking tasks. Therefore, studying the influence of Al re-
sponse time on algorithm aversion for fast and slow thinking tasks might yield a more
differentiated view of how algorithm aversion can be reduced, especially for tasks requir-
ing intuition. In our work, we relate existing results on task types and response times

to Dual Process Theory, as proposed by Bonnefon et al. [11], and design a behavioural
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experiment to empirically validate possible implications.

2.3 Research Question and Hypotheses

So far, we have discussed two factors of interest for our investigation — the task type
(fast thinking vs. slow thinking) and the Al response time (short vs. long). From the
perspective of a software designer, the former is rather difficult to influence, whereas
the response time is relatively simple to control. Therefore, we construct our research
question and hypotheses with a primary focus on the Al response time, taking the task
type as a secondary contextual factor. We ground our hypotheses in the Dual Process
Theory [16] and previous work on algorithm aversion.

We hypothesize that for tasks that are approached with logic — slow thinking tasks
— people expect the Al advisor to have short response times because such tasks are per-
ceived to be easy for algorithms. Consequently, for slow thinking tasks, we expect the
algorithm aversion to be higher for long response times. This result would be in accor-
dance with Efendi¢ et al. [24]. Castelo et al. [13] and Lee [49] showed that people
perceive algorithms as being unable or less capable of solving tasks that require human
intuition. Consequently, we hypothesize that people would perceive fast thinking tasks to
be difficult for the Al advisor and to require additional “thinking” on the Al side. There-
fore, we propose that, for fast thinking tasks, longer response times will be associated
with lower algorithm aversion. This result would be in accordance with Park et al. [61].

Explicitly, we pose the following research question: Which effect does the Al re-
sponse time have on algorithm aversion for slow thinking and fast thinking tasks? Our

research question results in two main hypotheses:

H1: For slow thinking tasks, the algorithm aversion is higher for a longer response time

H2: For fast thinking tasks, the algorithm aversion is lower for a longer response time

Our study contributes to the research field of algorithm aversion in multiple ways.
Firstly, we add to the existing empirical results on the influence of Al response time on
algorithm aversion by studying its effects in two different types of tasks. Secondly, we
propose and apply an experimental design to empirically test the application of the Dual
Process Theory [16] to the study of algorithm aversion. Concerning possible practical

applications, the results of our paper shall aid practitioners in gaining a more profound
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understanding of the nature of algorithm aversion in the context of different task types.
Moreover, it shall offer additional empirical results on how algorithm aversion may be

reduced by manipulating Al response times.

2.4 Experimental Design

To answer our research question, we conducted a randomized controlled experiment, uti-
lizing a 2x2 between-subjects design with student participants at the Business and Eco-
nomic Research Laboratory at Paderborn University. Experimental sessions took place
in attendance and in a strictly controlled environment to ensure adherence to the ceteris
paribus condition. The experimental design was implemented as a software program us-
ing oTree [14]. The software was administered via a browser on personal computers.
Each participant was seated individually on a computer and visually shielded from other
participants to ensure decision privacy. Between-subject communication was prohibited.
Seven experimental sessions took place between October and November 2022. A to-
tal of 119 subjects participated in the study. Two subjects were dropped from the data
set because they answered 50 % or more of comprehension questions incorrectly. An-
other subject was deleted because the participant was not a student. One task observation
was eliminated due to a typing mistake, and another observation was canceled because
the first estimation was equal to the advice, following the suggestion of Gino and Moore
[33]. Consequently, our final data set comprised a total of 116 participants and 1042 ob-
servations. The gender composition is slightly skewed toward female students (58.62%)
compared to males (41.4%). The average age of the subjects is 23.3 years (SD = 3.6).
The subjects were randomly assigned to one of the four treatment conditions: (1)
Thinking Slow & AI Long, (2) Thinking Slow & AI Short, (3) Thinking Fast & Al Long,
and (4) Thinking Fast & AI Short. Distribution was even across the four treatment groups.
The experimental setting was based on the Judge-Advisor-System (JAS) [10] framework
and included 9 rounds. In each round, the participants had to solve an estimation task,
designed to encourage either fast or slow thinking. During the task, they were advised by
an Al with either a short or long response time. Thus, to ensure equal and controllable
Al performance at all tasks, the Al advisor was simulated by a simple algorithm, with the
Al advice being randomly set at either 90 % or 110 % of the true value. Subjects were
unaware of the Al accuracy and its simulated nature to prevent anchoring effects.

Before the experiment started, subjects received instructions that explained the rules
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and the setting of the experiment (see Appendix). Instructions were tailored to the treat-
ments, and subjects’ comprehension was tested with follow-up questions. During the
experiment, at the beginning of each of the nine rounds, subjects were asked to provide
their initial estimate of the solution for the given task. After submitting the initial estimate,
subjects received a recommendation from the Al. Subjects then provided their second es-
timation. Both estimations were rewarded monetarily. Subjects were not informed about
the accuracy of their estimates until the end of the experiment to avoid learning effects.
The order of tasks was randomized to minimize any possible sequence effects. At the
end of the experiment, subjects were asked to participate in a survey that included demo-
graphic factors, such as age and gender, and other variables, such as confidence in their
estimates and perceived Al recommendation quality [34].

Within the fast thinking group, participants were provided with a picture of an object
and asked to estimate some numeric quality of the object shown. Our object selection
ensured that all participants were familiar with them. In the absence of any additional in-
formation, we, therefore, expected subjects to apply their intuition rather than analytical
skills to solve the task. Within the slow thinking group, subjects received additional quan-
titative information about the object in a textual form. We intended this manipulation to
facilitate slow thinking on the subjects’ side. Being given quantitative hints, we expected
subjects to apply analytical skills and logic rather than intuition to solve the task. It is also
worth mentioning that, even with the additional information, the answer to the task could
not be estimated with absolute accuracy and remained ambiguous.

The Al response time (the time frame between the submission of the subjects’ ini-
tial estimate and the display of the Al advice) was set to two seconds in the “Al Short”
treatments and ten seconds in the “Al Long” treatments. During this time frame, the task
information was not visible to subjects, and a loading bar displayed the simulated progress
of the Al (see Figure 2.1). After the response time had elapsed, the task became visible
once again. Additionally, the Al advice and subjects’ own initial estimate were displayed.
Subjects were then asked to submit their second estimate (see Figure 2.2).

Additionally, the objects, whose numeric qualities subjects were asked to estimate,
originated from three different domains. We chose to not introduce new domains but
use settings that have been previously applied in other studies. In the “Lentils” domain,
subjects were asked to estimate the number of chocolate lentils in a glass based on a pho-
tograph, following Park et al. [61]. In the slow thinking version of the task, the glass size
and the number of lentils in a reference glass were additionally displayed. In the “Foot-
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ball” domain, subjects estimated the weight of football players based on a photograph.
Additional textual information in the slow thinking group included weight references for
other comparable players. A similar design was used by Gino and Moore [33]. In the
“Route” domain, subjects estimated the length of a car route between lesser-known Ger-
man cities based on a map. In the slow thinking group, reference distances were displayed
additionally to the map. This last domain was designed in accordance with Hofheinz et

al. [42]. Estimation tasks were equally distributed between all three domains.

How many chocolate lentils are in the glass pictured?

Task3/9

Artificial intelligence calculates...

Your previous estimate and the Al's recommendation

Your previous estimate is 200 Lentils.
Artificial intelligence estimates the value at 180 Lentils.
Please make your second estimation.

Your estimation:

Lentils

Submit estimation

Figure 2.1: Al loading bar Figure 2.2: Al advice

Subjects received a fixed amount of €3 for participating in the experiment. Addition-
ally, they were able to earn a payoff for the accuracy of their estimates. Subjects had to
make a total of 18 estimations during the experiment (2 estimations per round across 9
experimental rounds). For each estimation, earnings between €0.00 and €0.50 were pos-
sible, resulting in a total maximum reward of €9.00 across all estimations. The closer the

subjects’ estimates were to the true value, the more they earned. In order to reward the
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timely completion of tasks, we implemented a time pressure condition. The payoff per es-
timation started to gradually decrease after 45 seconds until it reached zero if participants
required more than 5 minutes and 45 seconds for an estimation. Upon completion of the
9 experimental rounds, subjects were informed about their total payoff. In addition to the
fixed payment of €3, subjects earned an average additional payoff of €7.39 (SD = 0.62)
based on the accuracy of their estimations.

To assess algorithm aversion, we measured the degree to which subjects followed the
advice of the Al. Specifically, we used the advice-taking index [42] as the dependent

variable in our experiment. The index was calculated as follows:

) . Second Estimation — First Estimation
Advice-taking index =

Advice — First Estimation

The index equals 0 when the subject’s first and second estimation are identical. The
more subjects lean toward the Al advice, the closer the index is to 1. Consequently, at a
value of 0.50, the subjects weigh the advice and their first estimation equally. This index
is similar to the commonly used measurement “Weight of Advice” in the advice-taking
literature [4]. However, the main difference is that the values can be negative. This can
occur when a subject decreases the second estimation even though the advice recommends
increasing it. Additionally, the index can be above 1 if the subject overshoots the advice,
1.e., if the first estimation is 100, the advice is 200, and the second estimation is 300.
To ensure accurate results, we follow the procedure of Logg et al. [52] and winsorize
the values below 0 and above 1 to 0 and 1, respectively. A higher advice-taking index

indicates lower algorithm aversion.

2.5 Results

All statistical analyses were conducted using Stata 17.0. The Mann-Whitney U-Test was
applied to determine statistical significance. Table 2.1 displays the detailed descriptive
statistics for the four treatment groups. Between the gender groups, no significant differ-
ence in advice-taking index was detected (z = —0.61, p = 0.54). However, there was a
significant difference (z = —15.08, p = 0.00) in the time needed for the first estimation
between the fast thinking (M = 17.40 sec., SD = 8.05) and the slow thinking (M = 27.60
sec., SD = 12.42) treatment groups. We can possibly attribute this to the slow thinking

induced by the treatment, as well as to the amount of information that needed to be pro-
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cessed by subjects. The time difference disappeared in the second estimation. The fast
and slow thinking groups also significantly differed in the accuracy of the first estimate
(z=—9.60, p = 0.00), with subjects in the fast thinking group underestimating the true
value by 18.7% (SD = 27.3), and in the slow thinking group by 3.7 % (SD = 26.1) on
average. A higher average estimation time and accuracy for the first estimation within
the slow thinking groups compared to the fast thinking groups are identified as objective
indicators, which can reasonably suggest that participants in the slow thinking treatment
actually were thinking slowly, whereas subjects in the fast thinking treatment were think-
ing fast. Additionally, we control for domain-specific differences in estimation accuracy.
In general, the participants seem to struggle particularly with the estimation of the num-
ber of lentils regardless of the treatment, whereas the deviations from the true value are
lowest for the domain “Football”.

After the descriptive statistics, we now focus on the main part of our analysis. As
mentioned before, we employ the advice-taking index as a proxy for algorithm aversion —
a higher advice-taking index indicates lower algorithm aversion and vice versa. Further,
we assume estimates of each participant in 9 rounds to be independent of each other since
the participants did not receive feedback on their performance after a task and the task
sequence was randomized. We start by calculating the average advice-taking index per

treatment group (see Figure 2.3).
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Figure 2.3: Average advice-taking index by treatment. Error bars indicate standard errors.
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Table 2.1: Summary descriptive statistics for the N=116 observations

Variable Estimation Mean SD. Min Max
Thinking Slow & AI Long (N=29)
1% estimation  28.41 10.09 5.23 58.77
2 estimation  14.57  7.93 457 41.18
Average accuracy 1" estimation  -0.01 0.29 -0.73 1.50
2 estimation  -0.01  0.15 -0.69 1.07
Thinking Slow & AI Short (N=27)
1 estimation  26.73 1447 5.49 166.58
2"d estimation 1145 694 336  40.06
Average accuracy 1% estimatipn -0.07 023 -0.80 0.50
2" estimation  -0.04 0.16 -0.70  0.33
Thinking Fast & Al Long (N=29)
1 estimation  16.68 6.87 5.18 36.07
2 estimation  13.75  7.44 497  44.19
Average accuracy 1% estimatipn -0.18 028 -0.77 0.70
2™ estimation  -0.11  0.18 -0.73 0.37
Thinking Fast & AI Short (N=31)
1" estimation  18.07 897 476 52.14
2 estimation  11.59  6.46 426  36.33
1 estimation  -0.19  0.28 -0.82 0.73
2 estimation  -0.13 020 -0.75 0.38

Avg. time (in sec.)

Avg. time (in sec.)

Avg. time (in sec.)

Avg. time (in sec.)

Average accuracy

Total (N=116)

1* estimation 2231 11.57 4.76 166.58
2 estimation  12.84 732 3.36  44.19
1 estimation  -0.11 0.28 -0.82 1.50
2™ estimation  -0.07  0.18 -0.75 1.07

Avg. time (in sec.)

Average accuracy

On average, the advice-taking index was found to be higher in the groups with long
Al response times than in the groups with short Al response times. The highest av-
erage advice-taking index was observed in the treatment group “Thinking Slow & Al
Long” (M = 0.54,SD = 0.31). The lowest average advice-taking index was achieved
in the “Thinking Fast & AI Short” treatment group (M = 0.45,SD = 0.32). To test our
research hypotheses, we conducted non-parametric treatment group comparisons using
the Mann-Whitney U-Test. Thus, to investigate our first hypothesis, we compared the
advice-taking index of the groups “Thinking Slow & Al Long” and “Thinking Slow &
Al Short”. The Mann-Whitney U-Test indicated that the two groups differed significantly

from each other. Contrary to our H1 hypothesis, a longer response time in slow thinking
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tasks led to a significantly higher advice-taking index (z = 1.79, p = 0.07), i.e., to lower
algorithm aversion. Similarly, to examine our second hypothesis, we compared the groups
“Thinking Fast & AI Long” and “Thinking Fast & AI Short”. We found out that a longer
response time led to a significantly higher advice-taking index in the fast thinking tasks
(z=12.16,p = 0.03). Therefore, the H2 hypothesis could be confirmed.

To test for consistency in our results, we investigated whether our results concerning
the two hypotheses (H1 and H2) hold within single domains. For this purpose, we addi-
tionally compared the group “Thinking Slow & Al Long” with the group “Thinking Slow
& Al Short” and the group “Thinking Fast & AI Long” with the group “Thinking Fast &
Al Short” within each domain separately (see Table 2.2).

Table 2.2: Treatment group comparisons of the advice-taking index within domains

Treatment Mean SD. p-value

Football

o AlLong  0.51 0.30
Thinking Slow 1 ghort 048 033 97

. Al Long 041 0.28
Thinking Fast — \y gpore 040 030 093
Lentils

o AlLong 0.56 0.32 s
Thinking Slow 1 ghort 045 033 004

o AlLong  0.50 0.32 s
Thinking Fast — \pghore 038 020 002
Route

. Al Long 0.54 0.32
Thinking Slow v ghort 052 033 271
Thinking Fast AlLong 062 0.29 0.45

Al Short 0.58 0.31
p<0.01,"p<0.05"p<0.1

*

Table 2.2 presents the results of the Mann-Whitney U-Test of the different treatment
comparisons within the different domains. The tests revealed significant differences only
in the domain “Lentils”. Here, the results of the cross-domain analysis were confirmed.
Again, longer response times led to a significantly higher advice-taking index, both for
fast and slow thinking treatment groups.

Subsequently, we investigated the differences in the advice-taking index between the

domains within each treatment group (see Figure 2.4). The graphic vividly illustrates

24



Chapter 2 Algorithm Aversion in Fast and Slow Thinking

that the differences are larger among the domains in both fast thinking groups than in
the two slow thinking groups. The Mann-Whitney U-Tests between the domains within
the “Thinking Fast & Al Long” treatment group confirm that the advice-taking index
differs significantly between all three domains. The same applies to the treatment group
“Thinking Fast & Al Short”, except for the fact that the advice-taking index does not
differ significantly between the domains “Football” and “Lentils”. In contrast, there are
no significant domain-specific differences in the average advice-taking index within the
two slow thinking treatment groups. Thus, we conclude that the domain-specific effects

only matter in fast thinking tasks.
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Figure 2.4: Average advice-taking index across domains within treatment groups. Error
bars indicate standard errors.

To gain more insight into the underlining mechanisms behind the main treatments, we
followed Gino et al. [34] and asked participants to rate the perceived quality of the Al
advice and their self-confidence in their estimation. We intended to analyze those data
to determine if subjectively perceived confidence in the first estimate and the perceived
quality of the Al recommendation impacted the actual adaptation of the advice. Treatment
group comparisons in regard to the dependent variables perceived quality of Al advice and
perceived confidence in their own estimation within each domain reveal that these two
dependent variables do not differ significantly between the treatments, with one exception
—in the “Football” domain the perceived quality of Al advice differs significantly between
the “Thinking Fast & AI Long” and “Thinking Fast & AI Short” groups. Moreover,
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the quality of the Al advice in the groups with short response time is perceived to be
tendentially higher, independent of the thinking type and the domains. Furthermore, it
can be observed that the fast thinking groups feel more confident in their estimation than
the slow thinking groups, independent of the response time and the domains. However,
none of these effects becomes significant.

We further investigated whether a difference in the confidence in their own estimation
(see Figure 2.5) and the perceived quality of Al advice (see Figure 2.6) between the do-
mains within each treatment group existed. While in the “Thinking Slow & AI Short”
treatment only the “Route” domain differs significantly from the other two domains in
terms of perceived confidence of own estimation, in the other three treatment groups
the domain “Lentils” significantly deviates from the other two. Consequently, within all
treatments, the domains “Lentils” and “Route” always differ significantly from each other.
Further, the perceived confidence in their own estimation is lowest in each treatment for

the domain “Lentils”.
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Figure 2.5: Average perceived quality of Al-advice across domains within treatment
groups

If we consider the perceived quality of Al advice using the Mann-Whitney U-Test, it
becomes apparent that, within the treatments, the domain “Route” always differs signifi-
cantly from the other two domains and the perceived quality is highest in this domain (see
Figure 2.6). Only in the group “Thinking Slow & AI Short” the domain “Route” is not

significantly different from the domain “Football”. If we relate this to our previous re-
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Figure 2.6: Average perceived self-confidence in own estimation across domains within
treatment groups

sults, we observe that the advice-taking index for this domain is also significantly highest
within the two fast thinking treatment groups (see Figure 2.4). This tendency regarding
the advice-taking index can also be observed in the slow thinking treatments. We can at-
tribute the fact that the treatment group comparisons of the perceived quality of Al advice
and perceived confidence in their own estimation do not become significant (as described

above) to the fact that the domains within the treatments have very similar effects.

2.6 Discussion

As proposed by Bonnefon et al. [11], we apply an experimental design to empirically
test the application of the Dual Process Theory [16] as a framework to study algorithm
aversion. In the course, we relate existing results on task types and response times to Dual
Process Theory [16], derive our hypotheses and test them empirically. Our results suggest
that the application of the Dual Process Theory [16] may indeed deepen the understanding
of algorithm aversion.

According to our results, in slow thinking tasks, algorithm aversion is lower for longer
Al response time — an effect opposite to our first hypothesis (H1). Moreover, our results
for fast thinking tasks show that algorithm aversion is lower for longer response times, as

we suggest in our second hypothesis (H2). The former result regarding H1 may also be
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seen as contradicting Efendi¢ et al. [24], who find that, in analytical tasks, long response
time is associated with higher algorithm aversion. The finding concerning H2 is in line
with Park et al. [61], who find that algorithm aversion is lower for longer response times
in a task design that corresponds to a fast thinking task in our definition.

In our experiment, for both task types, the longer response time is associated with
lower algorithm aversion, although the difference in the advice-taking index is stronger
for fast thinking tasks. People associate long response times with stronger effort, both in
the case of humans and algorithms [24]. Therefore, longer response times might suggest
to human agents that Al is exercising a stronger effort for the task, enhancing its task
capability. Interestingly, in our experiment, this effect seems to hold for both types of
tasks, although previous research demonstrated that people perceive algorithms to be more
capable of tasks that require analytical skill (slow thinking) and less capable of tasks
that require intuition (fast thinking) [13, 49, 53]. One might attribute this result to the
fact that additional quantitative information is insufficient to encourage slow thinking on
the participants’ side (i.e., participants apply fast thinking independently of task type),
especially considering that the type of thinking applied is difficult to measure directly.
However, we deem the fact that participants in the slow thinking group spent significantly
more time on the tasks and performed significantly better an objective indicator of actual
“slow-thinking” in the slow thinking group. Further research may investigate other ways
to apply the framework of the Dual Process Theory [16] to task design in the context of
algorithm aversion.

The inconclusiveness between our result concerning slow-thinking tasks and the find-
ings of Efendic et al. [24] might be attributed to the fact that Efendic et al. [24] use verbal
constructs to describe the length of algorithm response time (e.g., “after a long pause”
or “after an extended period of time”). In our experiment, we apply real response times
(1 sec. vs. 10 sec.). Thus, a time range could exist within which longer response times
reduce algorithm aversion, as is observed in our study and by Park et al. [61]. Therefore,
we advocate for more empirical research on the role of different response time ranges on
algorithm aversion.

We consider the domain to be essential for the external validity of our results. Re-
search demonstrates that people react differently to algorithmic recommendations in dif-
ferent domains [13, 22, 52]. We test our hypotheses in three different domains to achieve
a more differentiated view of the effects of task type and Al response time on algorithm

aversion. We select domains that are similar concerning complexity, moral impact, and
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subjectivity since these factors are proven to affect algorithm aversion [13, 22, 53]. We
investigate whether significant differences arise between domains within each of the main
treatments. Results suggest that algorithm aversion varies significantly between the do-
mains within each of the two fast thinking treatments. Within the slow thinking groups,
the domains seem to have no effect on algorithm aversion. Notably, within each of the
fast thinking groups, the highest advice-taking index is observed for the domain “Route”.
In every treatment group, participants rate the Al advice quality in this domain higher
than in the domains “Lentils” and “Football”. Only in the group “Thinking Slow & Al
Short”, the Al advice quality in the domain “Route” is not significantly different from
the domain “Football”. The fact that the Al advice quality in the domain “Route” is per-
ceived to be higher than in other domains could be explained by the fact that people are
largely familiar with algorithm recommendations in similar tasks, such as determining an
optimal route by using a navigation system. In general, our finding concerning significant
differences between task domains for fast thinking groups is in line with the findings of
previous research [13, 22, 52].

Interestingly, these effects seem to disappear in the advice-taking index for slow think-
ing tasks. We propose the following interpretation for this finding. As long as participants
have only a picture as a single source of information, the depicted object majorly influ-
ences participants’ behaviour. On the contrary, as soon as additional quantitative infor-
mation is available to participants, the tasks become more comparable to each other (a
number has to be estimated based on other numbers), and the origin of the object does not
play a significant role anymore. These results are crucial when researchers want to de-
scribe different types of tasks. Our findings demonstrate clearly that the domain of a task
and the way people approach it are not the same and have different effects on algorithm
aversion. Additionally, the fact that we detected said difference only for fast thinking tasks
but not for slow thinking tasks indicates that both groups were indeed thinking differently.

A noteworthy limitation of our results is that our observations are limited to the three
domains “Lentils”, “Football”, and “Route”, which do not differ in terms of complexity,
moral impact, and subjectivity. Further research might investigate whether the same result
holds in other domains. Additionally, our results concerning the negative effect of long
response time on algorithm aversion (i.e., its positive effect on the advice-taking index)
are especially strong in the “Lentils” domain. Interestingly, in all treatment groups, partic-
ipants’ confidence in their own estimation is lowest for the “Lentils” domain, suggesting

that low confidence enhances the effect of longer response time on algorithm aversion.
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Mahmud et al. [53] name self-evaluation factors, like self-efficacy, among those influ-
encing algorithm aversion. Logg et al. [52] demonstrate that higher self-efficacy and
self-confidence are associated with higher algorithm aversion, supporting our suggestion

that low self-confidence could facilitate the effect of response time on algorithm aversion.

2.7 Conclusion

Our study yielded several insights that might prove valuable both for further research and
for software developers. Firstly, we demonstrated that longer Al response times, in par-
ticular a response time of 10 seconds, are associated with lower algorithm aversion. This
effect is even stronger for tasks designed to facilitate a fast thinking, intuitive approach.
Secondly, among all domains, long response time had the strongest positive effect on the
advice-taking index in the domain “Lentils”, in which participants displayed the lowest
confidence in their own estimations. Thirdly, within the fast thinking groups, the task
domain heavily impacted the advice-taking index, whereas domain differences were not
significant within both slow thinking groups.

On the one hand, our results contribute to the research about the influence of response
time on algorithm aversion and suggest that, at least to a certain extent, longer response
times may be used to reduce algorithm aversion. On the other hand, our results indicate
that advice-taking varies depending on people’s approach to the tasks and on the domain
of the task. To the best of our knowledge, empirical results testing these differences
between the way of thinking and the task domain broach an entirely new subject within
the research of algorithm aversion. With our study, we proposed a design and delivered
empirical insights following the proposal of Bonnefon et al. [11] to apply Dual Process
Theory [16] to studies of human-machine interaction. Therefore, our study can aid other
researchers in better understanding the nature of algorithm aversion by considering the

thinking used while solving the task and not just the perceived task context.

30



Chapter 3
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in the Al training affect their AI
perception and Al adherence? An
experiment in the context of industrial

AutoML applications
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Abstract

AutoML is a promising field of Machine Learning (ML) in which users can build an intel-
ligent algorithm without any prior knowledge in data science or programming. AutoML
is supposed to bring the advantages of artificial intelligence to a wide range of organiza-
tions in plentiful domains by automating the process of ML-model creation. However,
AutoML often appears to end-users as a black-box model created in a black-box process
— a fact which is known to negatively impact trust. Moreover, AutoML end-users are
in many cases experts in their respective domains (e.g., physicians, engineers etc., being
referred to as “domain experts”). Based on recent scientific insights in the field of algo-
rithm aversion, experts have more difficulties relying on Al recommendations than lay
people do — a fact that could additionally mitigate end-users’ trust in AutoML. The lack
of trust in AutoML may have high-cost consequences, resulting in inefficient decisions
and mitigating the overall progress in the AutoML field. Therefore, we investigate, how
adherence of domain experts to AutoML recommendations can be fostered. Involvement
of end-users in the product creation process was repeatedly shown to positively affect
the end-user attitudes in plentiful domains. In the AutoML context, domain experts can
be involved in the AutoML-model creation process by being asked to share their domain
knowledge with the model. Though domain expert involvement is costly — requiring time
and effort — we argue that this investment is worthy, because it may positively influence
their attitudes as end-users and raise their trust in AutoML. In our experimental labora-
tory study we create an environment, in which subjects act as expert engineers and need
to foresee malfunctions in their machine, while being advised by an AutoML-model. We
apply three treatments — zero, passive and active involvement — to investigate our hypoth-
esis. We observe that higher involvement leads to a higher perceived influence on the
AutoML model and a higher perceived understanding of its functionality. However, these
perceptions are not reflected in the actual behaviour — across all groups subjects demon-

strate similar rates of Al adherence. We attribute this fact to subjects’ self-perception as
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experts, which is equally strong among all groups and might overrule the treatment ef-
fects. Last but not least, we find that subjects perceive Al training to be time well spent,

feel comfortably when sharing knowledge with the Al and even enjoy the training process.
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Chapter 3 Effect of Domain Expert Involvement on AI Adherence

3.1 Introduction

A growing number of organizations are willing to apply Machine Learning (ML) to gen-
erate value out of their data. However, building and deploying an ML-Model is generally
associated with high investments and requires involvement of data scientists and other
ML-professionals, who are rare on the labor market. These challenges prevent medium
and small organizations from adopting ML and mitigate the overall spread of this tech-
nology. One approach to tackle this problem is known as Automated Machine Learning
(AutoML) [73]. AutoML is a paradigm which seeks to automate the complex develop-
ment process behind Machine Learning and to make it more accessible. The ultimate
vision behind this technology is to enable domain experts — users without data-science
skills, but with expertise in the application domain — to build and deploy ML-models for
their specific real-world problems [47].

Though in the recent years the AutoML technology has demonstrated remarkable
progress, it is still a long way till domain experts can autonomously build, apply, and
interpret AutoML-models. Currently, from the user perspective, AutoML is a black-box
process which leads to a black-box solution, both difficult or even impossible to interpret
without data science skills. Such lack of transparency has multiply negative implications,
one of them being strong mitigation of users’ trust [82]. In general, a phenomenon of
discounting an algorithm judgement in favor of the own or other humans’ judgement, ir-
respective of algorithm performance, is known as algorithm aversion [53]. Research has
demonstrated that people are averse towards algorithms, even when they know about al-
gorithm superior performance [22]. The trust for AutoML can be additionally negatively
impacted by the fact that most AutoML-users are experts in their respective domains —
engineers, physicians etc. According to Logg et al. [52], experts rely less on algorithms
in their decision making compared to lay users, even at the cost of decision accuracy.
Filiz et al. [28] show that, paradoxically, people demonstrate even stronger algorithm
aversion when decision stakes are higher — they strongly prefer a less accurate human
advice over a more accurate algorithm advice, if a situation has critical impact on others.
AutoML as a technology will eventually bring Machine Learning into a broad range of
domains, high-risk domains like healthcare or industrial production among them. Con-
sequently, algorithm aversion in AutoML-context may not only reduce users’ own utility
from AutoML but lead to high-stake failures. Therefore, it is a crucial question, how trust
in AutoML can be fostered.
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A comprehensive literature review by Jussupow et al. [46] summarizes that human
involvement at different stages of algorithm life cycle mitigates algorithm aversion. In
a broader scope of information systems research, a meta-analysis of 82 empirical stud-
ies by He and King [39] reveals that user participation has a significant positive effect
on attitudinal and behavioural outcomes (user satisfaction, use intention and system use).
behavioural sciences also offer support for the notion that co-creation positively influ-
ences perception of results. For example, the widely known IKEA-effect, introduced by
Norton et al. [59], describes a phenomenon when co-creation leads to higher valuation of
products by consumers. Psychological ownership for the result of co-creation is shown
to be one of major mechanisms underlying this behaviour [68]. In the AutoML-context,
domain experts can act not only as users, but also as model contributors or even creators.
Through their contribution, domain experts gain (to some extent) control over the resulting
model. Dietvorst et al. [23] show that an opportunity to exhibit control over an algorithm
(even slightly) reduces algorithm aversion. Besides, involvement during model training
allows domain experts to insert their knowledge into the AutoML-model. Kawaguchi [48]
demonstrates that sales workers become more willing to follow algorithmic advice once
their expertise is integrated into the algorithm’s forecasting. Additionally, by participating
in the model creation process, domain experts gain better understanding about functional-
ity and inputs of an AutoML-model. According to Yeomans et al. [80], information about
algorithm functionality improves users’ understanding of the algorithm and reduces algo-
rithm aversion. Finally, Jago [45] demonstrates that highlighting human involvement in
model training can have a positive effect on user perception.

Provided theoretical insights from different scientific fields demonstrate that involve-
ment of domain experts during model creation may have a value of its own: Enable do-
main experts to influence the model, better understand it, develop a feeling of psycho-
logical ownership towards the model and eventually foster trust in AutoML and enhance
algorithm adherence. To the best of our knowledge, current AutoML-research treats in-
volvement of domain experts as a technical measure to insert domain-specific information
into the model: The value of such involvement is determined by the value of inserted in-
formation, its carrier being simply a source. Involving domain experts has a cost of time
and effort, so a rational decision maker would compare the cost with the anticipated bene-
fit (e.g., higher accuracy of the model) to decide whether a model-training should happen
with or without expert involvement. In general, it is a decision which a domain expert

herself might be confronted with — should she invest time, sharing her knowledge or is it
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sufficient to train the model based only on data? We argue that involvement of domain
experts in model creation has a value beyond the technical improvement of the model and
that this value must be scientifically determined in order to be considered by practitioners
and decision makers. We make a first step in this direction by empirically investigating
the effect of user involvement in AutoML-context.

Explicitly, we pose the following research question: How does involvement of domain
experts during model training affect their adherence to model advice during its deploy-
ment, given that the model accuracy does not change through involvement? To answer

our research question, we state following hypothesis:

Hla: Expert individuals who were involved in model training are more likely to adhere to the
model advice compared to individuals who were not involved.
HIb: Higher grade of involvement in model training is associated with higher adherence to

model advice.

Our experimental study is designed as a simplified real-world situation, modelling
a predictive maintenance problem in industrial context. Within this scenario, subjects
play a role of engineers, responsible for the maintenance of a manufacturing machine.
They need to assess the probability of a machine malfunction and take a maintenance
decision, while being advised by an Al. During the experiment, subjects gradually acquire
scenario-relevant knowledge and become domain experts within the scenario. For the
purpose of our inquiry, we vary the grade of subjects’ involvement during model training
and implement three treatment groups: zero, passive and active involvement. Following
our hypothesis, we measure, how often subjects change their decision in favor of the Al
advice and compare the advice adherence between the treatment groups. We implement
monetary incentives for maintenance performance in order to enhance the internal validity
of our study and to elicit subjects’ true preferences [26].

With our paper we seek to make several contributions, valuable both for researchers
and practitioners. Firstly, we empirically examine the impact of user involvement dur-
ing model training on algorithm adherence. Secondly, we add to the literature on algo-
rithm adherence among expert users. Thirdly, we add to the literature on AutoML by
empirically studying domain experts as contributors and as users of an AutoML-model,
holistically addressing behavioural aspects of their role. Practitioners can benefit from

our results by reassessing the role of domain experts and developing measures to better
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incorporate them into the AutoML-process. Additionally, they can directly influence the
reliance on algorithm recommendations by varying the grade of domain expert involve-

ment.

3.2 Method

We conduct an incentivised laboratory experiment, modelling a real-world situation on a
production plant, in which a decision-maker must weigh a cost of a maintenance break
with a cost of a potential machine malfunction. Throughout the experiment, subjects are
asked to take a role of an engineer — a domain expert for a manufacturing machine. In
their decisions, subjects are confronted with an Al that predicts the probability of machine

malfunctions and provides recommendations on whether to conduct a maintenance or not.

3.2.1 Experimental design

In the beginning of the experiment, subjects are given all necessary knowledge and skill
to play their role as a domain expert within the experimental scenario. Further, subjects
are being passively, actively, or not involved in the Al training based on the applied treat-
ment. In the main part of the experiment, subjects are asked to assess the likelihood of a
fictitious machine breaking down and to decide, whether to maintain the machine or not in
multiple rounds. Conducting maintenance eliminates the possibility of a malfunction and
costs a half of the payoff. If no maintenance is conducted, subjects either receive a full
payoff if no malfunction occurs and a zero payoff, if malfunction takes place. The actual
probability of a malfunction depends on parameters, which are not known to subjects but
can be assessed based on available data. The design follows the judge-advisor principle
—in every round subjects first make their own assessment and maintenance decision, then
learn about the Al-assessment and decision recommendation and take a final decision, to
maintain a machine or not. To prevent learning effects, subjects receive no feedback in the
end of a round and learn their total payoff only after they have completed all experimental
rounds. In the end of the experiment, subjects are asked to fill in a questionnaire.

As mentioned above, in advance to the main part of the experiment, subjects learn to
be domain experts within the experimental scenario. For this purpose, they are provided
with information on how to assess the probability of a machine malfunction. For the sake

of simplicity and comprehensibility, this information is reduced to the minimum required
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by the scenario. In our scenario, the actual probability of a malfunction is unknown to
subjects, but can be estimated using three indicators: Temperature (of the motor), Speed
(of the conveyor belt) and Workload (of the production line). The indicators can take unit-
free values between 0 and 100. Each of the indicators has its unique optimal range, with a
malfunction being less likely when an indicator lies within the optimal range. The more of
the indicators lie inside their respective optimal ranges, the less the overall probability of
a malfunction. For the sake of simplicity, the likelihood of malfunctions follows a four-
step ordinal scale: “very unlikely”, “unlikely”, “likely” and “very likely”. These steps
correspond to underlying probabilities of 5%, 35%, 65% and 95% for a malfunction oc-
curring in a round, though these exact probabilities remain unknown to subjects. Subjects
are provided with a heuristic rule: If all three indicators are located within their optimal
ranges, a malfunction is considered “very unlikely”. For each indicator located outside its
optimal range, a malfunction becomes one step more likely — i.e., a malfunction is “very
likely”, when all indicators are outside their optimal ranges. In the example, shown in Fig-
ure 3.1, “Temperature” is located outside its optimal range and “Speed” and “Workload”
are located inside their respective optimal ranges. Accordingly, a malfunction would be

considered “unlikely”. To model the ambiguity of a real-world situation, the exact op-

T T I I I I T T T
10 20 30 40 50 60 70 80 920

Figure 3.1: Example of the three indicators with their optimal ranges (green bars) and
values (orange dots). Notation in German.

timal ranges remain unknown to subjects. Instead, they need to estimate them based on
historical data. subjects’ individual assessments of optimal ranges are called “acceptable
ranges”. Acceptable ranges serve subjects as an approximation of the (unknown) opti-
mal ranges in the heuristic rule described above. To set their acceptable ranges, subjects
receive — for each indicator separately — a graphic distribution of past machine states in
correspondence with indicator values. Subjects are asked to choose a range of indicator

values, which they consider acceptable based on the number of past malfunctions within
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this range. As shown in the example in Figure 3.2, the distribution for each indicator
contains sixty data points, thirty with a malfunction (red dots) and thirty without (green
dots). Subjects are instructed to set their personal acceptable ranges to contain as many
points without past malfunctions and as few points with past malfunctions as possible.

This task is not trivial, as there is no obvious dominant solution.
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Figure 3.2: A distribution of past values for the indicator “Temperature”. The horizontal
axis shows values, the vertical axis serves better visualization and has no meaningful
interpretation. Notation in German.

The heuristic rule together with the individually defined acceptable ranges constitute
the knowledge of subjects, necessary to take maintenance decisions. Additionally, sub-
jects learn that they can utilize non-binding Al recommendations to aid their decisions.
The accuracy of Al recommendations can be 90% or 50%, depending on the success of
the Al training. The difference in the Al accuracy is introduced in order to encourage
subjects to take the training seriously and to execute the necessary effort. Those who do
not succeed during the training stage and receive a low-accuracy Al advisor are excluded
from the data analysis afterwards. In our experiment, the Al training is a separate process
which takes place after subjects have set their acceptable ranges and before they are asked
to take the maintenance decisions. The design of the Al training differs between the three
experimental treatments, as required by our hypothesis.

In the zero involvement treatment, subjects are informed that the Al training is fully
automated. They see a brief loading bar which indicates that the training is taking place.
In the passive involvement treatment, subjects are told that the Al training takes place
automatically based on their acceptable ranges. Subjects are presented with 10 training

situations. A training situation consists of a combination of three indicator values pre-
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sented together with respective acceptable ranges® (see Figure 3.3). In each situation,
the probability of a machine malfunction must be assessed using the heuristic rule. Sub-
jects are not allowed to assess the probability themselves. Instead, they observe how the
heuristic rule is being automatically applied to each situation, based on their acceptable
ranges. In the active involvement treatment, subjects are told that they actively train the Al
with their knowledge. They are presented with the same 10 situations, but this time they
can actively apply the heuristic rule and assess the malfunction probability by themselves.
The design of the three treatments was chosen to mimic real-world involvement scenarios.
Zero involvement serves as an equivalent to an Al training process which is carried out
without domain expert participation, e.g., by data scientists or external providers. Pas-
sive involvement represents a situation in which domain experts share their knowledge
about the system (in our design, in form of acceptable ranges), but do not actively apply
this knowledge to the training data set. Instead, the knowledge would be processed and
inserted into an AutoML system by an intermediary agent, e.g., a data scientist. Active
involvement then allows domain experts to apply their knowledge directly to the training
data set, without an intermediary. Based on the AutoML classification by Karmaker et
al. [47], the zero involvement scenario can be seen to represent ML solutions with up

to the 3rd level of automation, passive and active involvement — with the levels 4 and 5

respectively.
Temperatur Y D
Geschwindigkeit L0
Auslastung 0 L

Figure 3.3: An Al training situation. Individual acceptable ranges are displayed as grey
bars, the indicator values are displayed as orange dots. Notation in German.

If a malfunction has been classified as “very unlikely” or “unlikely” and no malfunc-
tion has occurred, the assessment is considered correct and otherwise incorrect. If a mal-

function has been classified as “very likely” or “likely” and a malfunction has occurred,

“From the training stage onward, acceptable ranges are displayed as grey bars, while the historical data
points are hidden for the purpose of conciseness.
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the assessment is considered correct and otherwise incorrect. In the zero and passive
involvement groups assessments are conducted automatically, based on the subjects’ ac-
ceptable ranges and the heuristic rule. In the active involvement group subjects perform
assessments themselves. If at least seven training situations have been solved correctly,
the Al accuracy is 90%, otherwise 50%. In all three treatment groups, in the end of the
Al training subjects are informed about the resulting Al accuracy. The Al accuracy is
communicated to the subjects in both probability and frequency formats to ensure proper
understanding [31]. In the passive and active involvement groups, subjects additionally
learn, how many situations were solved correctly.

Finally, after the Al training is completed, the main part of the experiment starts. Sub-
jects are asked to make maintenance decisions for a fictitious machine in 25 independent
rounds. In every round, they are presented with a combination of three indicator values
depicted together with the individual acceptable ranges (as in Figure 3.3). Each round can
be represented as a decision-tree of three binary steps resulting in a total of eight well-
defined decision paths (see Appendix). In the first step, subjects are asked to assess the
likelihood of a malfunction using the heuristic rule and to decide, whether a maintenance
should be performed. In the second step, subjects are presented with the Al assessment of
the malfunction likelihood as well as a recommendation on whether or not to perform a
maintenance. In the third step, subjects are asked to take their final maintenance decision,
which will determine their payoff for the round. After a round is completed, subjects re-
ceive no immediate feedback on their performance in order to minimize learning effects
as well as outcome-induced decision biases [20]. Instead, subjects learn about their total
performance and payoff once they have completed all 25 experimental rounds. Addition-
ally, we purposefully do not communicate to subjects, how an average human subject
would perform in a task at hand. Instead, we allow subjects to develop a feeling of the
own expertise, without explicitly quantifying it. This fact aims at mirroring an ambiguity
of a real word situation, where people usually do not have access to an exact statistical
information about their decision accuracy and the optimal strategy (to follow or not to
follow the advice) is not straight-forward.

A payoff for a round is calculated as follows. If no maintenance is performed and
no malfunction occurs, the machine can produce regularly, and subjects are granted 10

Taler*. Performing a maintenance reduces the round payoff to 5 Taler (a machine can

*During the experiment, all amounts are denoted in the fictitious experimental currency “Taler”, which
is exchanged to Euro at €0.1 per Taler at the end of the experiment.
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produce only half of the regular amount) and eliminates the risk of a malfunction for that
round. If no maintenance has been ordered and a malfunction occurs, subjects receive
0 Taler in this round (the machine has a zero production output due to the malfunction).
Consequently, subjects must weigh a higher and risky payoff (when performing no main-
tenance) with a secure but smaller payoff (when performing a maintenance).

Subjects have been informed that the whole scenario is fictitious. The data used dur-
ing the experimental scenario has been exogenously simulated beforehand from a random
normal distribution. In total, 200 situations (combinations of three indicator values to-
gether with subsequent occurrence or absence of a malfunction) were generated. Out of
these, 10 have been randomly assigned to the Al training situations, while 25 have been
randomly assigned to the main part of the experiment. The Al advisor has been simu-
lated by a simple rule-based algorithm, which applied the heuristic rule while knowing
the exact values of the optimal ranges. This procedure resulted in a high accuracy Al ad-
visor with 90% accuracy and a low accuracy Al advisor with 50% accuracy. Each subject

received either of the two depending on the outcome of the training stage.

3.2.2 Experimental procedure

The experiment has been computerized using oTree [14] and conducted in December
2022 and April 2023 at the Business and Economic Research Laboratory (BaER-Lab*)
at the University of Paderborn. In total, nine experimental sessions took place, three
for each of the treatment groups. Subjects were recruited via the online recruiting system
ORSEE [36] and were only allowed to participate in one session. In the beginning of every
session, subjects were randomly assigned to a computer workplace. Each workplace was
placed in a cubicle to ensure that every subject could see only her own screen. Subjects
were informed that communication and usage of mobile devices was prohibited during
the experiment. Subjects received experimental instructions in printed form and had up
to 15 minutes to read them carefully. Instructions contained all the information needed
in the experiment and were tailored to respective treatments. Subjects were allowed to
keep the instructions till the end of the experiment and to look them up at any time. The
detailed instructions can be found in Appendix.

The experimental process was logically divided into four stages (see Figure 3.4). In

the first stage, subjects answered extensive comprehension questions to ensure a sufficient

*www.baer-lab.org
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Stage 1: Stage 2: Stage 3: Stage 4:

Comprehension Checks Acceptance Ranges Training the Al Production Surveillance
« Conprehension checks « 3 decisions « 10 training situations « 25 rounds
* Not incentivized * Not incentivized * Not incentivized

« Incentivized

Figure 3.4: The four stages of the experiment

understanding of the experimental scenario and rules. Subjects could only advance to
the second experimental stage once all questions had been answered correctly. In the
second stage, subjects were asked to set their individual acceptable ranges for the three
indicators. Beforehand, subject could practice setting acceptable ranges on an example
distribution. During the setting, subjects were allowed to revise their ranges as many times
as they wished until ultimately confirming their desired ranges and advancing to the third
stage. In the third stage, the training of the Al took place. In the zero involvement group,
subjects were simply informed about the result of the training without any details on its
input or process. In the passive involvement group, the training happened automatically
with no decision-making authority to subjects, but a possibility to observe the training
process. Additionally, subjects knew that their acceptable ranges contributed to the Al
training. In the active involvement group, subjects evaluated the training data themselves,
applying their acceptable ranges and the heuristic rule, thereby directly contributing to
the Al training. In stage four, subjects were asked to supervise the fictitious machine
over 25 rounds. In each round they had to decide, whether a maintenance should or
should not take place, going through the steps described in 3.2.1. All rounds of the fourth
stage were independent of each other, i.e., a decision from one round did not affect other
rounds, neither did an occurrence of a malfunction. The payoffs from all 25 rounds were
accumulated and exchanged to Euro at a rate of €0.1 per Taler. Additionally, subjects
received a show-up fee of €2.50. The total payoff was displayed after the completion
of the stage four. Noteworthy, stage four was the only stage to feature direct monetary
incentives. However, at stages two and three subjects were informed that their decisions
would have implications for their performance in stage four, thereby providing an indirect
incentive to exert effort in the earlier stages as well.

In the end of the experiment, subjects were asked to answer a questionnaire which
contained multiple standardized questionnaires to account for the subjects’ affinity for
technology interaction [29], ex-post confidence in their decisions [34], and general self-

efficacy [8], along with treatment manipulation checks and questions on the socio-economic
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background of the subjects, particularly age, gender, and study major. The full question-
naire can be obtained from Appendix. Upon completion of the questionnaire, subjects
were called by their cabin number to receive their payment. Subject were paid their earn-

ings in cash and thanked for their participation before being released from the lab.

3.3 Experimental results

The empirical analysis of our experimental observations has been conducted with Stata
17.0. It starts with reporting demographics and descriptive statistics. Then, in the main
analysis, we present the results of the hypotheses testing and the treatment effectiveness
evaluation. We further conduct supplementary analysis on relevant questionnaire out-

comes.

3.3.1 Demographic and descriptive statistics

In total, one-hundred-fifty-four (N=154) student subjects participated in the experiment,
of which 51 were assigned to the zero involvement (Tz), 51 to the passive involvement
(Tp) and 52 to the active involvement (T4) groups. Each session lasted for approximately
one hour, subjects earned €17.50 on average. One subject from T failed to complete the
comprehension questions and has been excluded from the data set (N=153). On average,
subjects were 24 years old, their age varying between 18 and 65. Females constituted
64% of subjects (see Table 3.1). Fields of subjects’ studies varied from engineering to

arts, with economics (34%) and pedagogy (35%) being most common (see Appendix).

Table 3.1: Demographic statistics

TZ Tp TA Total
Age
Mean 24.4 24.5 23.1 24.0
Standard deviation | 6.6233 6.5065 3.8908 5.7896
Min 18 18 18 18
Max 64 65 35 65
Gender
Female 072 0627 0.578 0.641
No of observations 50 51 52 153

Depending on the success of the Al training, subjects could receive an Al advisor with

a high (90%) or low (50%) accuracy. The sole purpose of this Al accuracy manipulation
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was motivating subjects to exert effort during the Al training. For this reason, and to en-
sure the ceteris paribus condition between the treatments, subjects with a low Al accuracy
(N=11, see Table 3.2) are excluded from the analysis. Consequently, the final data set

includes N=142 independent observations. Observations are pooled at the subject level.

Table 3.2: Al accuracy

T 7 T P T A Total

90% accuracy Al

Absolute 50 45 47 142
Relative 1.0 0.8824 0.9038 0.9281
No of observations | 50 51 52 153

Table 3.3 summarizes the individual accuracy of initial assessments across the three
treatments. On average, subjects’ initial assessments have been accurate in 52% (Tz),
58% (Tp) and 57% (Ty4) of rounds. Though it seems that subjects from Tz have been
slightly less accurate in their initial estimations, the differences in accuracy between
the treatments are not statistically significant (Kruskal-Wallis H-Test with ties: x>(2) =
3.041, p = 0.2186). The standard deviation of initial accuracy is rather high at 17 p.p., 13
p.p- and 14 p.p. for Tz, Tp and Ty respectively. Analogously, the individual accuracy of
initial assessments ranges between 0% and 88%. We note that with the Al accuracy being
at 90%, subjects with high initial accuracy have had a lower probability of their initial
estimation being different from the Al advice.

Table 3.3: Individual accuracy of initial assessments across treatments

T, Tp Ty
Accuracy of initial assessments
Mean (absolute) 13.06 14.53 14.32
Mean (relative) 0.5224 0.5813 0.5727
Standard deviation (absolute) 43397 3.3615 3.4332
Standard deviation (relative) 0.1736 0.1345 0.1373
Median (absolute) 13 15 15
Median (relative) 0.52 0.6 0.6
Min 0 5 5
Max 22 21 20
No of observations 50 45 47

After having submitted their initial assessment, subjects received advice from the Al

and could revise their maintenance decision. Subjects from the Tz group have revised
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their initial assessment in 11% of rounds and subjects from Tp and T4 groups in 8% of
rounds (see Table 3.4). These percentages incorporate total revisions — both for situations
when the initial assessment has been equal or unequal to the Al advice. Subjects from
Tz appear to have revised their assessments slightly more often, however the differences
between the treatment groups are not statistically significant (Kruskal-Wallis H-Test with
ties: ¥%(2) =3.907, p = 0.1418). Standard deviations lay at 9 p.p., 8 p.p. and 8 p.p. for
Tz, Tp and T4 respectively. Notably, there have been subjects who never revised their
decision as well as those who revised their decision in nearly 50% of rounds. Among all

revisions, 70% to 82% led to a better outcome for the subjects (see Appendix).

Table 3.4: Revision decisions across treatments

Ty Tp Ty
Revisions of initial assessments
Mean (absolute) 2.7 2.0 2.06
Mean (relative) 0.11 0.08 0.083
Standard deviation (absolute) 2.2520 1.9771 1.9605
Standard deviation (relative) 0.0895 0.0791 0.0784
Median 3 2 2
Median 0.12 0.08 0.08
Min 0 0 0
Max 8 12 9
No of observations 50 45 47

3.3.2 Main analysis

Following our research hypotheses, we are particularly interested in situations, in which
subject’s initial assessment is unequal to the Al advice. For such situations, if the revised
decision is equal to the Al advice, we count it as Al adherence. Per subject, we then
calculate an Al adherence rate — the proportion of Al adherence decisions among situa-
tions, where one’s initial assessment differs from the Al advice. Table 3.5 summarizes the
corresponding empirical results across the three treatment groups. Subjects, whose initial
assessment has been equal to the Al advice in all 25 rounds (N=10), have been excluded
from the calculation of the AI adherence rate. On average, subjects’ initial assessment
contradicted the Al advice in 5 (Tz) or 4 (Tp, T4) out of 25 experimental rounds, at
standard deviations of 4 (Tz) and 3 rounds (Tp, T4)* respectively. While subjects in

*Values are rounded for the purpose of readability, Table 3.5 contains precise values.
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Tz experienced slightly more contradicting situations, the difference is not significant
(Kruskal-Wallis H-Test with ties: x2(2) = 1.89, p = 0.3887). Logically, we observe that
a lower initial human accuracy (see Table 3.3) corresponds to a higher number of contra-
dicting situations for Tz (and vice versa for Tp and T4). On average, the Al adherence
lies at 48% for the zero involvement, 51% for the passive involvement and 47% for the
active involvement group. The standard deviation is rather high at 35p.p., 37p.p. and
36p.p. respectively. Notably, in all three groups there are subjects who either always or
never follow the Al advice. It is also worth mentioning that following the Al advice has
been an optimal strategy, since the subjects’ average initial accuracy ranges between 52%
and 58%, with the best-performing subjects reaching up to 88%, while the Al accuracy
is at 90%. Indeed, we observe that subjects, who follow the Al advice, benefit from it
in 80% to 86% of rounds (see Appendix). However, this strategy has not been entirely
obvious to the subjects since they have not been able to directly assess their own accuracy

during the experiment as no feedback on previous rounds has been provided.

Table 3.5: Al adherence rate across treatments

T, Tp Ty
Initial assessment # Al advice
Mean (absolute) 5.14 3.84 4.1
Mean (relative) 0.2056 0.1538 0.1634
Standard deviation (absolute) 4.0255 2.5845 2.7649
Standard deviation (relative) 0.1610 0.1034 0.1106
Median 4 4 4
Min 0 0 0
Max 17 12 12
No of observations 50 45 47
Al advice adherence rate
Mean 0.4805 0.5075 0.4660
Standard deviation 0.3480 0.3736 0.3557
Median 0.4 0.5 0.5
Min 0 0 0
Max 1 1 1
No of observations 46 43 43

Figure 3.5 depicts the frequency distributions of Al adherence rates for the three treat-
ment groups. Though each group’s distribution is heterogeneous within, the patterns be-
tween the groups appear to be similar. The distribution of the Al adherence rates between

0 and 1 takes a "W”-like shape, indicating that the boundary solutions — always or never
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following the Al advice — are the prevailing strategies in every group. This meets findings
from related literature of different individuals tending to be either averse or appreciative

of algorithmic advice at a given task [46].
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Figure 3.5: Distribution of Al adherence rate by treatment

To investigate our first research hypothesis (Hla), we conduct a Kruskal-Wallis H-
Test with ties. We find no statistically significant difference in the Al adherence rate
between the three treatment groups (¥2(2) = 0.299, p = 0.8610). Pairwise comparisons
of the groups yield the same results (Mann-Whitney U-Test, one-sided, each subject one
independent observation: Tp vs. Ty: z=0.529, p = 0.3000; T4 vs. Tz: z=0.070,p =
0.4729; Tp vs. Tz: z=10.423, p = 0.3375). Additionally, we run pairwise two-sample
Kolmogorov—Smirnov tests for equality of distribution functions. The tests show that
distributions of Al adherence rates (between 0 and 1) do not significantly differ between
groups (Tp vs. Tq: D =0.1163,p = 0.938; T4 vs. Tz: D =0.1067, p = 0.925; Tp vs.
Tz: D=0.1097, p = 0.908)), further supporting the results from the two previous tests as
well as the impression gained from Figure 3.5.

Consequently, we conclude that the hypotheses H1a is not supported by our empirical
data. Since our second hypothesis (H1b) logically requires at least one significant differ-
ence between any of the treatment groups, it is therefore also not supported. To shed light

on possible causes behind the rejection of the main hypotheses, we evaluate the effective-
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ness of our experimental design. For our experiment, it is crucial that subjects perceive
themselves to be experts within the experimental scenario, independently of the treatment.
Further, the treatment manipulations should lead to differences in the subjects’ perception
of the Al Table 3.6 summarizes subjects’ perception of the experimental scenario. The
results demonstrate that subjects from all treatment groups understood the scenario and
its rules well, were able to put themselves into the role of an engineer and were satisfied
with their own performance. The scores for all items are remarkably high at 3.8 points
and upwards on a 5-point scale. The only exception is the perceived demand of the ex-
perimental tasks, with scores between 2.6 and 2.8 points, which shows that the task was
neither perceived as very easy or very difficult by the subjects.

Further, we evaluate questionnaire items which are relevant for our treatment manip-
ulations: perceived influence on Al training, perceived contribution to Al advice qual-
ity, perceived understanding of Al functionality, perceived understanding of Al advice
generation and perceived quality of Al advice. Table 3.7 summarizes the corresponding
statistics™. The first four items each demonstrate a pattern of subjects’ consent to ques-
tionnaire statements transitively increasing from zero to active involvement treatments. In
other words, subjects’ perceived influence on Al and understanding of Al increases with
the degree of their involvement, with the differences between Tz and T4 being highly
statistically significant for all items, while the differences between Tp and T4 are signif-
icant for half of them. Overall, we conclude that our treatment manipulations have been
successful in a sense that different grades of subjects’ involvement in the Al training are
reflected in subjects’ perception of their influence on the Al and understanding of the Al.
However, these gradations in perception are not reflected in subjects’ actual behaviour, as
the rejection of our main hypotheses demonstrates.

Generally, the scores for subjects’ perceived influence on Al and understanding of
Al appear to be rather high — even in the zero-involvement group subjects perceive a
certain degree of influence and understanding with scores around 3 points on a 5-point
scale. Consistent with this observation, subjects assign rather low scores to the question,
whether an Al advice accuracy is a gamble (see Appendix). Considering subjects’ per-
ceived quality of the Al advice, it is also high at 3.6 points and upwards for all treatment

groups. However, there are no significant differences between the groups in this regard.

*A full list of items as well as between-treatment comparisons can be obtained from Appendix.
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Table 3.6: Summary statistics and between-group comparison for questionnaire items on
experiment perception

T, Tp T, | Kruskal-Wallis-H
Maintenance scenario was easily understandable 4.64 4.53 4.66 0.5203
(0.6312) (0.6252) (0.5224)

Able to put oneself in role of production plant manager 39 3.82 4.09 0.6318
(1.1473) (1.1734)  (.9517)

Sufficient information and examples provided 4.6 4.51 4.51 0.4790
(0.6999) (0.6260) (0.6552)

Understood experimental explanations 4.68 4.58 4.77 0.2976
(0.6833) (0.6212) (0.4280)

Understood experimental context 4.72 4.67 4.83 0.2670
(0.4965) (0.5222) (0.3799)

Certainty about experimental requirements 4.78 4.71 4.77 0.8238
(0.464) (0.5886) (0.5197)

Understanding of conditions for success 4.42 4.38 4.49 0.7086
(0.7584) (0.6839) (0.6552)

Perceived task demand 2.58 2.78 2.55 0.4559
(1.0120) (0.9508) (0.8799)

Satisfaction with own performance 4.3 4.42 4.06 0.1919
(0.6468) (0.5431) (0.9185)

Expectation of other subjects performing well 3.84 3.93 4.04 0.4724
(0.8418) (0.7508) (0.6902)

No of observations 50 45 47

The table reports summary statistics for experiment perception items measured on a 5-point scale. Standard
deviations are stated in parenthesis. Kruskal-Wallis-H reports p-values for Kruskal-Wallis H-Tests with ties.

3.3.3 Supplementary analysis

To control for factors that potentially influence an individual Al adherence rates, we mea-
sured subjects’ affinity for technology interaction (ATI), general self-efficacy (ASKU) and
ex-post decision confidence (DC), using their standardized questionnaire metrics. Table
3.8 summarizes corresponding statistics and between-group comparisons. The average
ATT scores show a moderate technological affinity among subjects, ranging between 3.5
and 4 points on a 6-point scale. The average ASKU score resides in the upper quartile

of the 5-point scale for all groups, indicating that subjects generally perceive themselves
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Table 3.7: Summary statistics and between-group comparison for questionnaire items on
Al perception

T T T Kruskal- | MWU MWU MWU

z d A | Wallis-H | (Tz,Tp) (Tz.Ta) (Tp.Ta)

Perceived influence 3.02 3.58 4.09 0.0001 | 0.0063 0.0000 0.0270
on Al training (0.9145) (1.1178) (0.8030)

Perceived contribution 3.34 3.87 4.11 0.0013 | 0.0186 0.0003  0.2908
to Al advice quality (1.0994) (1.0574) (0.9145)

Perceived understanding 3.08 3.38 391 0.0024 | 0.1995 0.0005 0.0362
of Al functionality (1.2094) (1.2301) (1.0179)

Perceived understanding 29 342 3.72 0.0020 | 0.0284 0.0005 0.1645
of Al advice generation | (1.1473) (1.1577) (1.1554)

Perceived quality 3.68 3.76 3.60 0.4874 | 0.3456 0.7550 0.2726
of Al advice (0.7939) (1.0478) (0.9478)
No of observations 50 45 47

The table reports summary statistics for Al perception items measured on a 5-point scale. Standard devi-
ations are stated in parenthesis. Kruskal-Wallis-H reports p-values for Kruskal-Wallis H-Tests with ties.
MWU reports pairwise two-sample between-group Mann-Whitney U-Tests.

capable of dealing with problems and accomplishing goals. Similarly, subjects appear
quite confident about their decisions made during the experiment, with the average ex-
post confidence for all three groups exceeding 5 points on a 7-point scale.

We do not find significant treatment differences for the general self-efficacy (Kruskal-
Wallis H-Test with ties: y%(2) = 2.442, p = 0.2950) and ex-post confidence in decisions
(Kruskal-Wallis H-Test with ties: x?(2) = 0.534, p = 0.7657). Notably, there appears
to be a weak statistical difference in the affinity for technology interaction between the
treatment groups (Kruskal-Wallis H-Test with ties: x2(2) = 6.156, p = 0.0460). This
statistical significance can be attributed to the differences in means between Tz and Ty
(Mann-Whitney U-Test, two-sided: z = 2.514,p = 0.0115)*. However, this difference
must be interpreted with caution since affinity for technology interaction was measured
after the experiment. As Tz and T4 present polar opposites in terms of technology in-
teraction quantity, this may have factored into subjects’ assessment of their affinity for
technology interaction.

Additionally, we have asked subjects, how they perceive the Al training in terms of

*For the full set of pairwise Mann-Whitney U-Tests see Appendix.
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Table 3.8: Summary statistics and between-group comparison for standardized question-
naire control items

T, Tp T, | Kruskal-Wallis-H

Affinity to Technology Index (ATI) 3.46 3.55 4.01 0.0460
(0.8865) (1.2122) (1.1344)

Self-efficacy (ASKU) 3.77 3.78 3.89 0.2950
(0.5355) (0.5365) (0.5433)

Ex-post decision confidence (DC) 5.19 5.27 5.08 0.7657
(0.8460) (0.8246) (1.1124)
No of observations 50 45 47

The table reports summary statistics for control item scores — ATI measured on a 6-point scale, ASKU mea-
sured on a 5-point scale and DC measured on a 7-point scale. Standard deviations are stated in parenthesis.
Kruskal-Wallis-H reports p-values for Kruskal-Wallis H-Tests with ties.

enjoyment and worthy time investment on a 5-point scale (see Appendix). Remarkably,
subjects in all treatment groups consider the Al training a time well spent (on average
3.7-4 points) and, in parts, would have liked to invest even more time (on average 2.7-3.2
points). Similarly, subjects like sharing knowledge with Al (on average 3.9-4 points) and
would have liked to share more knowledge (on average 3.3-3.5 points). Also, subjects
have largely enjoyed the Al training (on average 3.3-3.7 points). The scores for opposite
items (unwillingness and discomfort in sharing knowledge with Al) are consistently low

and do not exceed 2 points on average.

3.4 Discussion and conclusion

Today’s world witnesses a rapidly increasing relevance of artificial intelligence with ex-
ponentially growing number of its application domains. However, development of ML
models requires programming and data science competence which is scarce on the labor
market. Automated machine learning is supposed to make Al solutions more accessible
to organizations without sufficient data science expertise. Domain experts play a crucial
role in making this vision a reality, acting as knowledge contributors. We argue that be-
sides providing the domain knowledge, involvement of domain experts has an additional
value, since they are in many cases also the end users of AutoML solutions. By involv-

ing domain experts in the model training, one enables them to execute influence over the
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resulting model and to enhance their understanding of its functionality. Drawing from
pre-existing literature, these two factors in their turn may strengthen domain experts trust
in the AutoML model and raise their adherence to its recommendations. The adherence
is crucial for organizations if they want to turn the high accuracy of Al advisor systems
into real efficiency gains.

Our study aims to investigate the role of domain expert involvement during the Al
training on their subsequent Al advice adherence. We hypothesize that a higher grade of
involvement leads to a higher advice adherence. In an incentivised laboratory experiment,
we construct a predictive maintenance scenario in which subjects act as domain experts
and are confronted with an Al advisor. We compare three groups: subjects who actively
participate in the Al training, subjects who passively witness the Al training, and subjects
who neither participate nor observe the Al training. We measure the individual adherence
rate for each subject, which reflects the ratio between the number of decisions to follow an
Al recommendation and the number of situations, in which the subjects’ initial estimation
is different from the Al advice. In our main analysis, we compare the adherence rates
between the treatment groups. Further, we test whether our experimental design and
treatment manipulations have an influence on subjects’ perception of themselves and of
the Al advisor. Additionally, we evaluate whether subjects consider the Al training to be
time well spent and feel comfortable sharing their expertise with the Al

We find no difference in Al advice adherence between groups and therefore have to
reject both initial hypotheses. In other words, according to our results, the adherence be-
haviour of subjects does neither vary between groups nor grow with the raising grade of
involvement. However remarkably, we find that treatment manipulations had an intended
effect on the subjects’ perception — the higher the degree of involvement in the Al train-
ing, the higher the perception of own influence on the Al model. Additionally, subjects’
perception of the own understanding of the Al functionality also grows with a higher
grade of involvement. According to existing literature, both higher perceived influence
and higher perceived understanding should lead to a higher perceived quality of the Al
advice and eventually to a higher advice adherence [22, 46, 53, 80]. In our results, we ob-
serve that a higher involvement in the Al training leads to a higher perception of influence
and understanding but does not change the subjective perception of the Al advice quality,
which remains similar among all treatment groups. It also does not lead to a change of
actual behaviour — subject who actively participate in the Al training follow the Al advice

similarly often as subjects from passive and zero involvement groups.
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Generally, across all three involvement conditions, Al advice adherence is rather low
at roughly 50%, though the subjects have been informed that Al has an accuracy of 90%.
Simultaneously, subjects report to have understood the scenario well and to know exactly,
what they should do in order to be successful in the tasks. These insights together with the
high ex-post decision confidence among subjects lead us to conclude that subjects have
felt themselves to be experts within the scenario. One possible explanation for the fact that
positive effects of involvement on the Al perception do not result in behavioural change
could be that these effects have been overruled by the strong feeling of expertise among
the subjects, which does not depend on treatment. Subjects feel equally (and strongly)
confident in their choices and might disregard the Al advice equally often because of
this confidence. Experts have been repeatedly shown to behave differently in algorithm
interactions than lay people and to demonstrate higher algorithm aversion [52, 53]. Our
findings reinforce these results. We further observe a rather heterogeneous distribution of
algorithm adherence behaviour within each group with tendencies towards the extremes,
i.e., individuals either acting very averse or very appreciative towards Al-advice with only
a minority adapting their decisions situation-dependent. This result matches the state of
existing literature on algorithm adherence behaviour [46]. However, these within-group
differences appear consistent between groups. Also, other individual factors, like affinity
for technology interaction or general self-efficacy do not vary significantly between the
treatment groups. Interestingly, subjects report strong positive perceptions towards the Al
training — they consider it to be a well spent time, share their knowledge willingly and
even enjoy the processes. These scores are equally high across all three treatment groups
and go along with the “IKEA-effect”, repeatedly found in the previous literature[59].

We conclude that involvement of domain experts in the Al training enhances the feel-
ing of control over the resulting model and the perceived understanding of the Al func-
tionality. Both these insights are valuable in the context of the human centered Al and
the Al explainability [9, 67]. Involving domain experts in the Al training helps them to
influence the model, fitting it into the domain context, and to peer inside the black box.
However, in our experiment, these positive effects do not lead to an increase in perceived
Al advice quality nor to a higher advice adherence. We attribute this result to the fact
that domain experts have a strong confidence in their expertise and this confidence could
not be overruled by the treatment manipulations. This is an important result, because it
highlights the challenge of changing the attitudes and behaviour of expert subjects.

Future research may investigate whether feedback on own accuracy could relativize
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subjects’ perception about their own expertise and make them more accessible to the
treatment manipulations. However, learning effects would have to be considered in this
case. Further, the number of single observations, in which the Al adherence rate could
be calculated, has been rather small. By turning subjects into experts, we enable them
to make accurate assessments. The high initial accuracy reduces the number of situa-
tions, in which the own initial assessment differs from the Al advice (4 to 5 out of 25
rounds, on average). This phenomenon originates in our design and mirrors a real-world
situation — an expert would indeed often produce an assessment which is equal to the Al
advice, however over a longer period of time the Al advisor would be on average more
accurate. This may be remedied in future runs of the experiment through increasing the
total number of rounds and generating more situations where the Al adherence rate can
be calculated. Increasing task uncertainty would be another potential direction to go into.
Also, other forms of expert involvement and knowledge sharing can be considered — an
interview, a questionnaire etc. Finally, the future research can test the direct influence of
better controllability and understandability on the advice adherence, for example through
explicitly allowing to change the model output [23] or explaining the functionality of Au-
toML to domain experts [80]. As we introduced a novel experimental design through
which behavioural effects of user involvement in Al-supported predictive maintenance
decisions can be studied, researchers may build upon our design to investigate a variety of
further research questions regarding human perception of algorithmic entities, particularly
in industry- or production-centric contexts. Our results also carry two positive messages
for practitioners: Through involvement, they can improve the understanding of the Au-
toML system by the end users. Additionally, the process of knowledge sharing can be

considered well invested time because it yields both knowledge and joy.
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Abstract

Domain knowledge can be integrated into machine learning models to account for in-
sufficient data or specific context requirements. The challenge to acquire such knowl-
edge is known as the knowledge acquisition bottleneck [41], featuring its methodological
complexity. In machine learning projects, knowledge acquisition commonly requires an
extensive investment of time and effort from data scientists and other stakeholders. We
argue that large language models in general and ChatGPT in particular offer a technolog-
ical base to automate time-consuming knowledge acquisition tasks and free the resources
of data scientists for actual development. Following the methodology of Design Science
Research [63], we design a novel method for automatic interview-based knowledge acqui-
sition with ChatGPT and map it to the existing scientific frameworks. We then instantiate
the proposed method in a prototype — the ChatGPT Interviewer. We demonstrate and
evaluate the ChatGPT Interviewer in two separate industrial applications. Our evaluation
shows that the ChatGPT Interviewer can successfully lead an interview, flexibly adopting
to the individual user behaviour. However, the precision and comprehensiveness of the
acquired knowledge can be further improved. We conclude that our method can be ap-
plied to automate the knowledge acquisition steps, yielding a significant efficiency gain
for machine learning practitioners. Moreover, with our work, we make multiple theo-
retical contributions, adding to the literature on Informed Machine Learning [77], Cross
Industry Standard Process for Data Mining [79], conversational agents based on ChatGPT
and, last but not least, on knowledge acquisition methods.
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4.1 Introduction

Domain knowledge plays an important role in many machine learning (ML) applications.
When ML-practitioners are confronted with insufficient data availability or specific do-
main requirements, training data can be supplemented by knowledge representations, cap-
turing the concepts, rules and relations of the domain [7, 77]. In some areas, integration of
domain knowledge is especially relevant or even inevitable, for example in expert systems
[41, 60], decision support systems [70], automated machine learning applications [47, 73],
as well as in high stake domains or domains with security or ethical concerns [7, 77]. In
order to be integrated into an ML pipeline, domain knowledge needs to be elicited and
formalized, which is not a trivial issue [77]. In the information systems (IS) research, the
problem of expert knowledge elicitation is known as the knowledge acquisition bottle-
neck and keeps the IS scholars and practitioners preoccupied already for decades [41, 60].
Indeed, acquiring expert knowledge can be extremely effortful and even constitute the
biggest part of the development process [41].

Starting from late 1980s, methods from social and cognitive sciences, such as inter-
views, questionnaires, observation protocols and others, become a part of the IS toolkit to
deal with the knowledge acquisition bottleneck [41, 60]. Methods from social and cog-
nitive sciences allow IS practitioners to elicit expert knowledge in depth and to obtain
information about the concepts, relations and rules of the domain [60]. However, these
methods can be subject to human bias and strongly depend on human skill [41]. More-
over, methods like interview or observation are very time-consuming and often require
significant ex-post effort from data scientists to formalize the output [41, 60, 70]. Time
and effort are costly, besides, data scientists are a scarce resource on the labor market [6].
Many companies may even refrain from applying ML, since the investment hurdle is too
high or there are not enough data scientists available [6, 73].

Data-driven approaches can eliminate or significantly reduce the effort for domain
knowledge acquisition. Fueled by the advancements in machine learning and data science,
such methods can automatically elicit domain features and rules from historical data, but
they also have their drawbacks [70]. In most cases, the uncovered knowledge structure
remains inaccessible to developers and other stakeholders due to the black box nature of
ML techniques such as deep neural networks [70]. Moreover, a sufficient amount of his-
torical data is a prerequisite for successful knowledge acquisition through ML approaches

[70]. Last but not least, due to their nature, purely data-driven approaches can not account
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for additional contextual, ethical or regulatory requirements [77].

Both social science methods and data-driven approaches to knowledge acquisition
have their major advantages and drawbacks. The former are highly effortful, but output
comprehensible knowledge models. The later are more efficient, but require sufficient
data availability in the first place and often result in a black box. In our research, we
are driven by the vision to tackle the knowledge acquisition bottleneck by proposing a
method which would be both efficient and comprehensible.

The research stream on conversational agents (CAs) delivers a base for our vision.
Conversational agents can be defined as artificial agents which interact with humans in
natural language [21]. In the previous decades, conversational agents have evolved from
rather constrained rule-based systems to flexible and context-sensitive machine learning
models [5]. The application areas for conversational agents are manifold — task support,
team collaboration, customer interface etc. [21]. Recent technological advancements in
the field of natural language processing (NLP) and large language models (LLM) have
revolutionized the design of conversational agents [S] and might offer a technological
solution to the knowledge acquisition bottleneck. LL.Ms, in particular its flagman repre-
sentative ChatGPT, are capable of leading a human-like conversation in natural language
[27, 37, 51] and can be used for various information extraction tasks [50]. Leading a
conversation in natural language and extracting information from relevant inputs is basi-
cally the essence of one of the most common social science methods — the interview. We
therefore suggest that the tasks such as leading an interview, extracting relevant informa-
tion from answers and transforming it into a formalized form could be performed by a
conversational agent based on ChatGPT.

Notably, the above mentioned interview tasks are highly time consuming and require
significant capacity from developers or data scientists [41, 60]. Since data science ex-
pertise is rarely available and costly [6, 57, 73], shifting their tasks over to ChatGPT
would bring a significant efficiency gain. In the same time, shifting the interview tasks to
ChatGPT should not affect the underlying mechanisms of the interview and preserve its
methodical advantages such as natural language conversation, transparency of inputs and
outputs and comprehensible results. We therefore envision a way to simplify the domain
knowledge acquisition with a conversational agent based on ChatGPT, while preserving
the main advantages of the interview as a social science methodology.

Following our vision, we seek to design a method to automate the knowledge acqui-

sition interview with ChatGPT. Since the design of a novel artifact stands in the center of
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our research, we identify the design science [40] as the underlying paradigm of our pa-
per. Thus, we address a particular business need (the knowledge acquisition bottleneck),
analyse the existing knowledge base and design a novel artifact (a method) to solve the
business need and to contribute to the existing knowledge base. Specifically, we follow
the Design Science Research (DSR) methodology by Peffers et al. [63]. We start in the
current section by describing our motivation and defining the problem. In the following
section we present the related work. Then, in Section 4.3 we explicitly define our re-
search objectives and highlight our scientific contribution. In the Sections 4.4 and 4.5, we
respectively describe the development process and the resulting artifact. Subsequently,
we apply (Section 4.6) and evaluate (Section 4.7) the artifact in a medium-size German
automation company. The results of the evaluation are then discussed in the light of their
contribution to the initially stated problem in Section 4.8. Finally, in the Section 4.9, we

wrap up with a conclusion on our contribution and an outlook for further research.

4.2 Related work

In this section, we present scientific work relevant for our research. We have no inten-
tion to conduct a comprehensive literature review on knowledge acquisition methods and
frameworks. Rather, we seek to exemplary demonstrate relevant scientific directions and
gaps in the field. It subsequently allows us to derive our own research objectives in Sec-
tion 4.3.

4.2.1 Relevant Scientific Frameworks

Von Rueden et al. [77] introduce the concept of Informed Machine Learning (IML), a
form of machine learning, which is based on two distinguished information sources —
data and prior knowledge. On the basis of a systematic literature survey, the authors
present a taxonomy of Informed Machine Learning. The taxonomy incorporates (1) dif-
ferent knowledge sources, (2) formal knowledge representations and (3) approaches to
knowledge integration into ML. Analysing and comparing existing literature, von Rueden
et al. [77] identify most common paths to integrate prior knowledge into ML. According
to their results, the expert knowledge is commonly formalized in form of probabilistic
relations or human feedback. As such, it can be then integrated into the ML pipeline via

training data, hypothesis set, learning algorithm or final hypothesis. The authors high-
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light that human feedback and probabilistic relations are most frequently integrated into
the learning algorithm, while integration via training data or hypothesis set seems to be
rather rare. This paper is informed by the work of von Rueden et al. [77] and applies the
definition of Informed Machine Learning to describe machine learning based on data and
expert knowledge. When designing our novel method for expert knowledge acquisition,
we refer to the IML taxonomy to explicitly name, how the knowledge can be integrated
into the ML pipeline. However, the main focus of our work lies on the dimension, which
is not explicitly present in the IML taxonomy, namely, how expert knowledge can be ac-
quired and formalized. In this regard, we contribute to the IML framework with a novel
method which facilitates the formalization of expert knowledge.

Another framework we want to highlight in our work, is the Cross Industry Standard
Process for Data Mining (CRISP-DM) [79], which has originated in early 2000s and has
become a standard process model for data mining projects [32]. CRISP-DM is a generic
framework in terms of application domain and describes a path to transform real-world
problems into DM or ML tasks [32]. It consists of six successive steps — (1) Business
(Domain) Understanding, (2) Data Understanding, (3) Data Preparation, (4) Modeling,
(5) Evaluation and (6) Deployment — which can be repeated till a satisfactory result has
been achieved [79]. With our work, we do not aim to modify the CRISP-DM process,
rather we apply it to derive and systematically present the contributions of our work.
Specifically, our novel method for domain knowledge acquisition seeks to automate the
steps of Domain- and Data Understanding and to deliver ready-to-use formalized input
for the step of Data Preparation. The former two steps are commonly known to require
active participation of a data scientist [32, 57, 79] and can be the most resource-consuming
part of a DM project [32]. Therefore, our novel approach strives to free data scientists’
capacity for other steps like Data Preparation or Modeling and make a project cheaper
and more efficient in general.

Though we design our envisioned method for automated knowledge acquisition with
ChatGPT in most generic form — such that it can be applied both by individuals and or-
ganizations — it can be helpful to embed it in the organizational context in order to have
a more structured view on methods’ contributions. Thus, in our paper we refer to the re-
search on knowledge intensive processes (KIPs) — a field on the edge between the knowl-
edge management (KM) and the business process management (BPM) [55]. KIPs require
performance of knowledge intensive tasks and are knowledge-, information- and data-

centric [74]. Successful management of KIPs is especially important for organisations
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which are active in knowledge-intensive domains like project management, emergency
management, health care etc. [15]. Retrieving the knowledge required for successful
KPI management is not trivial, since this knowledge often exists in undocumented or
unformalized form [15]. Thus, we argue that our method enables documentation and for-
malization of the valuable domain knowledge, which, once documented, can be seen as a

valuable knowledge source for KIPs beyond ML projects.

4.2.2 Exemplary Knowledge Acquisition Methods

As mentioned above, the knowledge acquisition bottleneck describes the difficulty and
high cost of domain knowledge acquisition in IS research [41]. IS scholars strive to tackle
this bottleneck by developing methods which make it easier for practitioners to acquire
and integrate domain knowledge into their applications. For example, Seymoens et al.
[70] highlight the lack of scientifically grounded action protocols, which would guide
practitioners through the knowledge acquisition. Subsequently, the authors propose and
effectively test a methodology based on a series of qualitative co-creation workshops, in-
volving data scientists, social scientists and domain experts. Though Seymoens et al. [70]
explicitly mention high efficiency and low investment among the methodology design
objectives, it prescribes the involvement of several data scientists, social scientists and
domain experts in multiple workshops. Such involvement requires simultaneous avail-
ability and significant time investment for all stakeholders, which could be a hurdle for
companies with no or limited access to data science or social science resources. Indeed,
Merkelbach et al. [57] explicitly highlight the scarcity and the expensiveness of data sci-
ence expertise — a fact which makes it difficult for small and medium-sized enterprises
(SMEs) to apply machine learning. The authors propose to tackle this challenge by train-
ing domain experts to implement ML applications on their own. Specifically, domain
experts go through a novel version of the CRISP-DM, while being guided and trained by
a data science coach. In the end, domain experts are expected to be able to implement
simple data analytics applications without the support of a data scientist. As the authors
themselves point out, this approach seems to be effective in terms of enabling domain
experts to independently develop ML applications. However, the initial investment of
time and effort for the domain expert training remains high [57]. Gill et al. [32] also
work on the modification of the CRISP-DM, adding the steps of expert-centric ontology
design to the framework. The authors aim to facilitate the creation of reusable ontologies,

thus making follow-up projects more efficient. As concluded by the authors, reusing the
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knowledge ontologies can indeed increase the efficiency, however their creation and in-
tegration into the process requires significant initial effort [32]. Besides novel workshop
methods and process enhancements, scholars also seek to improve knowledge acquisition
through automation. According to Hoffman et al. [41], automated knowledge acquisition
tools can be more time-efficient, less dependent on human skill and able to directly deliver
a formalized output. However, such tools can be very different in design, user-friendliness
etc., and their effectiveness has to be evaluated individually [41]. For example, Park et
al. [62] propose an interface for domain knowledge acquisition in NLP applications. The
interface is designed to be more time-saving and easy-to-use for both domain experts and
data scientists, compared to iterative interviews or data labeling tools. According to the
authors, the interface allows domain experts to identify the key domain concepts in the
textual data. Additionally, it elicits the reasoning which domain experts apply to justify a
label of a data instance. As reported by the authors, the interface proves to both provide
a valuable input for an NLP model and to keep the cognitive load and the stress levels of
domain experts low [62]. Though the interface by Park et al. [62] seems to provide an
improvement in domain knowledge acquisition for textual data, its applicability to other
fields and types of data is unclear. These examples are aimed to demonstrate the variety
of approaches to tackle the knowledge acquisition problem — from exact action protocols
over training and empowerment strategies up to automated tools and much more. Review
or comparison of all existing methodologies are out of scope of this paper. However, to
the best of our knowledge, there have been no scientific publications explicitly propos-
ing to use conversational agents in general and ChatGPT in particular to automate the

knowledge acquisition process.

4.2.3 Conversational Agents and ChatGPT

Diederich et al. [21] conduct a comprehensive literature review to organize and assess the
research on conversational agents. The authors highlight that the majority of the studies
on the application of CAs focus on customer service, marketing or sales contexts. Subse-
quently, they propose a new research direction — to find further types of tasks which can
be effectively automated with CAs. We argue that interview automation with an explicit
purpose of knowledge extraction can be a good candidate for a new task type, which was
not yet explicitly discussed in the literature. Indeed, another literature review by Allouch
et al. [2] provides a CA classification based on their application, featuring different tasks

(e.g., question answering, entertainment, advertising etc.) and domains (e.g., business,
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healthcare, education), while not explicitly mentioning question-asking among CA appli-
cation fields. While a detailed discussion on the CA classification and frameworks is out
of scope of this paper, we would like our paper to encourage CA researches to explic-
itly think and discuss the opportunity to apply CAs for knowledge extraction, interview
automation or other applications, where asking questions might be more relevant than
generating answers.

As mentioned earlier, the field of conversational agents is currently being revolution-
ized by the technological advancements in the field of LLM in general and ChatGPT in
particular [5]. The term LLM describes a class of language models which incorporate
billions of parameters and are trained on a vast amount of textual data [81]. LLMs are ca-
pable of generating human-like language and solving a broad range of NLP tasks [27, 37].
State-of-the art LLLMs base on generative pretrained transformer (GPT) architecture [81],
with ChatGPT by OpenAl being the flagman example of this technology [51]. Scientific
world currently sees an explosion of LLM applications in plentiful domains - medicine,
education, law, finance, engineering and much more [27, 37, 51, 81]. Liu et al. [51] in
their comprehensive literature survey categorize ChatGPT-related research according to
the application field — e.g., question answering, text classification, text generation, code
generation etc. However, among those categories and referenced papers there have been,
to the best of our knowledge, no examples of adopting ChatGPT as an interviewer for the
purpose of extracting and formalizing human expert knowledge. Also the comprehensive
LLM literature reviews by Fan et al. [27], Hadi et al. [37], Hou et al. [43] and Zhao et
al. [81] did not mention such LLM application. Li et al. [50] evaluate the performance
of ChatGPT in information extraction tasks, however they focus on ChatGPT general
ability to extract structured information from unstructured text, rather then on possible
applications of such capabilities.

Based on the presented literature and to the best of our knowledge, we conclude that
our proposal to use ChatGPT to conduct interviews with domain experts in natural lan-
guage is a novel approach, which has not been yet explicitly highlighted in the literature
on conversational agents, LLMs and ChatGPT.

4.3 Research Objectives and Contribution

Following our motivation (see Section 4.1) and based on the existing knowledge base (see

Section 4.2), we aim to design a novel method for an interview-based domain knowledge
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acquisition with ChatGPT. In the first place, this method should enable the data scientist to
automate the knowledge acquisition tasks during the Domain- and Data Understanding
steps of CRISP-DM [79]. By effectively doing so, it should increase the efficiency of
these steps, i.e., reduce the required time and effort on the side of the data scientist.
Considering the lack of data science resources on the labor market [6], this efficiency
gain aims to free a part of data science capacities, which can be then invested elsewhere.
Obviously, an actual efficiency improvement is only possible, when the quality of the
extracted knowledge is such that it can be effectively integrated into an ML pipeline via
training data, hypothesis set, learning algorithm or final hypothesis, as described by von
Rueden et al. [77]. Moreover, since in our method the data scientist is replaced by a
conversational agent, domain experts may be less willing to engage in a interview with
the ChatGPT Interviewer than with a data scientist. The broadly established research on
user technology acceptance [17, 75, 76] argues that the advantages of new technologies
can only be realized when users accept and use the technology. Research has identified
multiple factors which positively influence user acceptance of information technology,
among those the Perceived Ease of Use [17]. The Perceived Ease of Use describes user’s
perception about the physical and mental effort associated with the use of a system [17].
We argue that our method should make the interview participation as easy as possible
for domain experts in order to increase their acceptance for the ChatGPT Interviewer.
Last but not least, an extensive research on human-centered artificial intelligence (HCAI)
argues that human safety and well-being should be placed in the center of Al design and
application and that meaningful human control should be ensured [72]. When designing
our method, we follow the vision of HCAI and explicitly empower domain experts to steer
the conversation with ChatGPT and to control the interview output in form of formalized
knowledge. Based on these elaborations, we formulate the following research objectives
to be fulfilled by our method (ROs):

* ROI1: Automation — automate the tasks of leading an interview, extracting and for-

malizing relevant information with ChatGPT;

* RO2: Efficiency — ensure that the method is efficient for all stakeholders in terms

of time and effort;

* RO3: Effectiveness — ensure that method outputs can be effectively used in subse-

quent model building steps.
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* RO4: Usability — ensure that participating in the interview is simple and comfort-

able for domain experts;

* ROS5: Human-centricity — ensure that domain experts can influence the course of

the interview and control the quality of its results;

Following the DSR methodology, we additionally instantiate the method in a prototype
for practical evaluation. The results of the evaluation should be used to assess the fulfill-
ment of the research objectives and to derive contributions to the existing knowledge base.
Specifically, with the stated research objectives, we seek to make multiple contributions
to the current research. First, we respond to the problem of scarce data science resources
by proposing a way which could optimize a part of data scientists’ tasks and save their
valuable capacity for actual development. Doing so, we also contribute to lowing a hurdle
for SMEs to venture into the world of ML. Designing a new method for knowledge acqui-
sition we also add to the research on knowledge management in general and knowledge
intensive processes [55] in particular. Moreover, we contribute to the literature on con-
versational agents, LLMs and GhatGPT by proposing and testing a new application field
— knowledge acquisition through natural language interview. Last but not least, we map
our results to the existing frameworks of IML [77] and CRISP-DM [79] and therefore

contribute to structured scientific discussion on knowledge acquisition in ML.

4.4 Design & Development

As stated by our research objectives, we aim to design a novel method for an interview-
based domain knowledge acquisition with ChatGPT. Additionally, we instantiate the method
in a prototype. Both the method and the prototype have been developed in several iter-
ations — an initially envisioned method has been prototyped and tested, the test results
have been used to make adjustments to the method, which has resulted in a new prototype
and so on — till the research objectives have been sufficiently fulfilled. In this section,
we briefly describe the development iterations, incl. the history of relevant design deci-
sions. In all iterations, we apply the private edition of ChatGPT, the first iteration has
been performed with ChatGPT 3.5 and the subsequent ones with ChatGPT 4.0.

Table 4.1 summarizes the development iterations, featuring the outcome of each iter-
ation, the subsequent design decisions and their contribution to our research objectives.

In the first iteration, we verify the underlying assumption that ChatGPT can perform an
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Table 4.1: Design Iterations

Iteration Participants & Roles O.u tcome§ &
Design Decisions
(1) Test of ChatGPT ability Author performs the test; Use instructions instead
to lead an interview Data Scientist evaluates of chat commands (RO1);
resulting dialog Create a question catalogue
to make the interview
more deterministic (RO1)
(2) Test of ChatGPT Author develops the Simplify interview language
instructions with a question question catalogue in (RO4); Add questions on
catalogue consultation with Data representative data and
Scientist & performs the success criteria of the ML
test; Data Scientist project (RO3); Create
evaluates resulting dialog guidelines for domain expert
interaction with ChatGPT
(RO4, ROS)
(3) Final prototype Author performes the See Section 4.7
evaluation evaluation; Domain

Experts participate in
the interview; Data
Scientist assesses results

In the column “Outcomes & Design Decisions” research objectives corresponding to specific design deci-
sions are stated in parentheses.

interview. We start by inserting differently formulated commands into the chat interface
of ChatGPT. The commands instruct ChatGPT to enquire relevant information for a par-
ticular problem and to put the answers into a formalized model. We then discuss the
resulting chat dialogues with the data scientist from our demonstration case (see Section
4.6). The result of the first iteration confirms that it is generally possible to make ChatGPT
lead an interview and formalize extracted knowledge. However, applying chat commands
turns out to be unreliable and nondeterministic in terms of stated interview questions and
their formalized output. In the second iteration, we attempt to minimize this drawback
by applying custom instructions instead of chat commands and also by using ChatGPT
4.0 instead of 3.5. We precisely formulate the desired content and outcome of the inter-
view and insert it into the custom instructions field of the ChatGPT interface. Following
the adjustment, ChatGPT can repeatedly lead an interview with the desired content and
outcome. While there still remains some room for nondeterministic suggestions and de-

viations in formulations, the results of different sessions become much more comparable
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and ChatGPT states all required questions in all sessions. Consequently, we recognize
Instructions for ChatGPT to be a necessary element of our method and add this element
to the method overview (see Section 4.5). After the second iteration, the outcome of the
ChatGPT dialog is positively evaluated by the data scientist, because it contains all the rel-
evant information in a well formalized form. However, final adjustments need to be made,
in order to make the interview easy and comfortable for domain experts. Specifically, one
can not expect that domain experts are, to any extent, familiar with ChatGPT and they
might have difficulties communicating with it. To address this risk, we add Guidelines
for domain experts to our method. The Guidelines are supposed to explain domain ex-
perts the general purpose of the interview, inform them about ChatGPT functionality and
advice them how to successfully communicate with it. After adding the Guidelines and
making further small adjustments (see Table 4.1), we implement the final prototype and

evaluate it in a German automation company (see Section 4.7).

4.5 Method & Prototype

In this section we present the result of the design iterations, described above. We first
outline the method and then its specific instantiation in a prototype. We point out that
the method has a more generic character than its instatiation. According to Hevner et al.
[40], methods are processes, which provide guidance for a problem solution, while instan-
tiations show, how a method can be applied in a working system and enable a concrete
assessment of the method effectiveness. In other words, our proposed method represents
a generic solution to the knowledge acquisition problem, while the prototype instantiation

describes a concrete implementation example for the single elements of the method.

4.5.1 Method for Domain Knowledge Acquisition with
ChatGPT

We present our novel method for domain knowledge acquisition in form of a graph (see
Fig. 4.1). The graph depicts the main elements of the method, structured into inputs, pro-

cess and outputs. Additionally, we outline the contribution of the method to the existing
frameworks of CRISP-DM [79] and IML [77].
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Figure 4.1: Method for Domain Knowledge Acquisition with ChatGPT. Blue boxes reflect
the underlying structure of the method. White and grey boxes depict the main elements of
the method with their interactions. Black boxes represent the main concepts of the frame-
works CRISP-DM [79] and IML [77], while the the red frame highlights the contribution
of the method to those frameworks
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Inputs

Our method requires two main inputs — Guidelines for domain experts and Instructions for
ChatGPT. The Guidelines are aimed to improve the interaction between a domain expert
and ChatGPT. Though ChatGPT is becoming increasingly popular among general public,
one can not assume that domain experts are familiar with it. Thus, the Guidelines provide
a basic guidance to domain experts, helping them to feel more comfortable during the in-
terview with ChatGPT. Moreover, they inform domain experts about the possibility to ask
comprehension questions, require advice or correct ChatGPT. Therefore, the Guidelines
play a key role for the research objectives usability (RO4) and human-centricity (ROS).
The Instructions for ChatGPT allow to steer it and make it more deterministic. ChatGPT
offers an interface for custom instructions — information about how and what ChatGPT
is expected to do. In our method, Instructions play a crucial role in transforming Chat-
GPT into a reliable interview agent. Through Instructions, we make ChatGPT to follow
a defined interview protocol in a desired manner and to subsequently bring the acquired
knowledge into a formalized form. Thus, they meaningfully contribute to the research
objectives automation (RO1) and effectiveness (RO3). The Instructions can also be used
to adopt the conversation to the needs of domain experts, therefore influencing usability
(RO4) and human-centricity (ROS).

Process

The process within our method incorporates interactions between the agents, their main
roles and tasks. The domain expert takes over the role of an interviewee and shares
her knowledge with ChatGPT, by answering its interview questions in natural language.
ChatGPT plays the role of an interviewer — it poses questions, tracks answers, makes
suggestions, etc. — generally guiding the domain expert through the interview based on
its Instructions. Further, ChatGPT takes over the task to extract and formalize relevant
information from domain expert answers, thus building a knowledge model. Last but not
least, the data scientist takes over the formalized knowledge model and integrates it into
the ML pipeline. Notably, there is no direct human-to-human interaction between the data
scientist and the domain expert, this interaction being replaced by the ChatGPT interface.
The replacement of data scientist trough ChatGPT in the knowledge acquisition process

is crucial for the research objectives automation (RO1) and efficiency (RO2).
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Outputs and their Contribution

Our method produces multiple artifacts as outputs, with their valuable contributions to the
Cross Industry Standard Process for Data Mining [79] and the Informed Machine Learn-
ing [77] frameworks. First, the ChatGPT dialogue contains the unformalized knowledge
of the domain expert, formulated in natural language. Though in the end we are primarily
interested in the formalized knowledge, the ChatGPT dialogue can serve as an interview
protocol, providing additional information on the domain, the problem and the whole
setting. Therefore, this is a valuable output, which informs the Domain- and Data Un-
derstanding phase of the data mining process and helps the data scientist to interpret the
formalized output later on. This output therefore contributes to the effectiveness research
objective (RO3).

The natural language interview with ChatGPT is a valuable output artifact. It serves
our main research objective to shift interview tasks over to ChatGPT (RO1). This arti-
fact makes the the Domain- and Data Understanding phase of the CRISP-DM [79] more
efficient through automation of data scientist role during the knowledge acquisition. Be-
sides, it adds a novel way to formalize the expert knowledge, facilitating the path from
knowledge source to knowledge representation in the IML framework [77]. Specifically,
the interview as an output artifact encompasses the entire course of the conversation, led
by ChatGPT — questions, feedback on domain expert answers, given clarifications, sug-
gestions etc. The course of the interview is influenced by ChatGPT Instructions, but it is
also dependent on the responses of the domain expert and on ChatGPT own processing.
Therefore, though the interview follows the pattern defined in the Instructions, it is not
entirely deterministic. Rather, it is uniquely and dynamically adopted to the use case and
the individual behaviour of the domain expert. This makes this artifact different from
questionnaires or other rule-based approaches.

The formalized knowledge as an output artifact contains information about the do-
main in a formalized form. An example can be a function, containing the goal parameter
and the influence parameters, mathematical or logical rules, describing the relations be-
tween the parameters, known probabilities, limit values, time lags etc. This formalized
knowledge corresponds the formal knowledge representation in the IML framework [77].
As such, it can be used by the data scientist to understand the domain and the data (see the
Domain - and Data Understanding of CRISP-DM [79]). Subsequently, the data scientist
can integrate the acquired domain knowledge into the ML model (see the Data Prepa-
ration and Modeling steps of CRISP-DM [79]). The quality of the formalized output
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determines, how well it can be integrated into the ML pipeline, therefore playing a key
role for the research objective effectiveness (RO3).

Notably, the three mentioned outputs, documented together in the the interview tran-
script, can be seen as a valuable resource for knowledge intensive process management
(see Section 4.2).

Last but not least, the integration of the formalized knowledge into the ML pipeline
results in an Informed Machine Learning Model, as defined by von Rueden et al. [77].
According to the IML taxonomy [77], the integration can take place with four different
approaches — via fraining data (e.g., feature engineering), hypothesis set (e.g., defini-
tion of hyper-parameters), learning algorithm (e.g., loss function modification) or final
hypothesis (e.g., validation of model predictions). A choice of a fitting approach can
strongly vary with the use case, the data set, the form of knowledge representation etc.
We note that the discussion on different integration approaches is out of scope of this
paper. However, our method aims to facilitate a successful deployment of an IML model
in the end of the ML project. In this regard, domain experts may also have their own,
domain-specific, measurements for a successful ML implementation — for instance, an
increase in manufacturing quality, a reduction of maintenance costs, etc. This particular
piece of knowledge can help the data scientist to optimize the model to the needs of do-
main experts. Therefore, we include questions on the success criteria of the project into
the ChatGPT interview (see Subsection 4.5.2).

4.5.2 ChatGPT Interviewer

In this subsection, we describe the final instantiation of our knowledge acquisition method
in a prototype, which has been subsequently evaluated in a German automation company
(see Section 4.7). We follow the structure of our method (see Fig. 4.1) to describe single
elements of the prototype, specifically the inputs and the process, since the outputs are in

detail described in Section 4.6. We call our prototype the ChatGPT Interviewer.

Inputs

The underlying elements of the prototype are the domain expert Guidelines and ChatGPT
Instructions. In our evaluation use case, the Guidelines consist of ten simple passages,
aimed at enabling a smooth and easy conversation between the domain expert and Chat-

GPT (see Table 4.2). While guidelines 1 to 4 mostly focus on making the domain expert
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feel more comfortable with ChatGPT (RO4), the guidelines 5 to 9 explicitly inform the

domain expert about the opportunity to state questions, ask for advice, steer the conver-
sation and adjust ChatGPT output (ROS). Last but not least, the guideline 10 ensures that

the domain expert sticks to the primary goal of the interview (RO3).

Table 4.2: Domain Expert Guidelines for Interaction with ChatGPT

Content

10

Do you have a problem which you would like to solve with machine learning? The ChatGPT
Interviewer questions you about your problem and processes your knowledge in such a way that
a data scientist can use it to train a machine learning model. (RO4)

To start the interview, a short greeting such as “Hello” is sufficient. (RO4)

The chat GPT Interviewer will guide you through the interview with questions and collect the
information needed to create a mathematical model for your problem. Your expert knowledge
and experience are the most important factors here. (RO4)

Just be yourself and answer the questions as if you were talking to one of your colleagues. (RO4)
If you don’t understand a question, just ask — ChatGPT will explain or rephrase it. (ROS5)

You can control the conversation as if you were talking to a human being. For example, if
there are too many questions at once, you can say something like “one at a time please”. Or if a
question is too general, just say “I don’t know where to start...” — and ChatGPT will adapt. (ROS)

You can also ask ChatGPT to help you — for example, if you don’t know, how to measure a
certain influencing factor, you can ask it what options or measurement methods are available.
(RO5)

ChatGPT can also, at your request, improve your answers with suggestions — e.g., suggest other
influencing factors that could play a role in your problem. (ROS5)

Once the final model has been formulated, you can adjust it until you are satisfied. To do this,
simply tell ChatGPT what to change and why, as if you were explaining it to your colleague.
(ROS5)

During the interview, it is advisable not to deviate much from the topic and not to experiment
with ChatGPT. As in a human conversation, it will only distract from the main point and nega-
tively affect the outcome. Behave professionally and remember that the better you describe your
problem and your knowledge to ChatGPT, the better the ML model will be later on. (RO3)

The corresponding research objectives are stated in parentheses. Original German text has been translated
into English by the author.

The ChatGPT Instructions are developed to fit a broad number of machine learning

use cases from different domains (see Table 4.3). First, we formulate a generic task
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for ChatGPT - eliciting a problem with questions and producing a formalized model
in the end (instruction 1). Then, we specify, which questions have to be stated, while
explicitly allowing ChatGPT to make own suggestions (instruction 2). The questions
are chosen based on the conversations with the data scientist, as described in Section
4.4. Further, we explicitly add a question on the success criteria of the ML project at
hand, as suggested by our method design (instruction 3). In the instruction 4, we make
sure that ChatGPT produces a formalized knowledge model based on answers from the
domain expert. Last but not least, we give ChatGPT instructions on how to communicate
with domain experts (preferable conversation language and style), in order to account for
domain experts’ needs (instruction 5). Table 4.3 also points out, how single instructions
correspond to our research objectives. All instructions are formulated in the first person
(as if domain experts would write them themselves), since they inform ChatGPT about

the needs of the user, with whom it directly interacts.

Process

In our final prototype, the process of knowledge acquisition is implemented using Chat-
GPT 4.0 as private edition. In our case, a ChatGPT account is first prepared using custom
instructions, as described above. Then, separate sessions are created for different domain
experts. Domain experts interact with ChatGPT per chat interface within their respective
session. The sessions are then exported anonymously and provided to the data scien-
tist for evaluation. We point out that our implementation of the process is, in the first
place, a proof of concept for the proposed method. We acknowledge that it can be further

automated and technically improved, see Sections 4.8 and 4.9 for an outlook.

4.6 Prototype Demonstration

The ChatGPT Interviewer has been exemplary applied in a middle-sized automation com-
pany based in Germany. Specifically, two application cases for machine learning have
been chosen — (1) compressed air consumption optimization and (2) plastic parts quality
control. Two domain experts — one per application case — took part in the demonstration.
Additionally, a data scientist from the ML department was involved. All participants were
male and older than 30 years. Demonstration took part on three separate appointments,
one for each of the three participants. Appointments with the domain experts took place in

person. During their respective appointments, domain experts received printed Guidelines
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Table 4.3: ChatGPT Instructions

No Content

1 I am an expert in my field of work. I want to apply machine learning for a particular problem.
Elicit my field of work, my problem and information relevant for the problem with questions.
Specifically, interview me and use my input to define a mathematical model or a set of logical
rules, in which: (1) the depending variable is what I want to achieve, (2) independent variables
are influential factors and their relations. (RO1, RO3)

2 When eliciting the relationship between the dependent and independent variables, ask: (1) how
the variables can be measured or quantified? (2) are the variables continuous or categorical? (3)
are there any known rules or relations between the variables? (4) what are typical example situ-
ations from my experience? (5) are there any additional context factors? (6) are there any time
gaps between the change in the independent variable and the change of the dependent variable?
(7) which data is available and is it representative? If you have more questions which help elic-
iting the problem, ask them. You may propose your own improvements to the model, additional
variables or relations. (RO1, RO3)

3 Ask, how I would measure in the end of the project, if my problem has been solved by machine
learning or not. (RO1, RO3)

4 In the very end, when you have all the needed information from me, provide me with a formalized
mathematical model, which I can give to my data scientist to train the machine learning model.
If you have final suggestions, share them too. (RO3)

5 Speak German. Use simple terms. Ask questions strictly one by one and provide information in
small portions. Support questions with examples. (RO4)

The corresponding research objectives are stated in parentheses.

and a computer with their individual ready-to-use ChatGPT Interviewer, as described in
Section 4.5. They had as much time to read the Guidelines as they needed and could ask
comprehension questions to the author. Afterwards, domain experts were instructed to
begin the interview with ChatGPT by typing “Hello” into the chat. During the ChatGPT
interview, the author remained in the room to be able to answer questions or offer tech-
nical assistance, but did not interrupt otherwise. As soon as the interview was finished,
domain experts were asked to give feedback in free form. Their feedback was noted by
the author (see Section 4.7). Then the appointments were closed and domain experts were
thanked for their participation.

Following the meetings with the domain experts, a remote appointment with the data
scientist took place. Beforehand, the data scientist was provided with anonymized domain

expert interviews. He was asked to read the interviews before the appointment and note
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the time needed to process the content of the interviews. During the appointment, the data
scientist was asked to provide feedback in free form. The feedback mainly focused on the
utility of the information contained in the interviews (see Section 4.7). We note that our
work has a primary focus on knowledge acquisition and not on model building. Therefore,
the data scientist was asked to logically argue, if and how the knowledge acquired with
ChatGPT could be used in an ML pipeline, without actually building the models. We

consider such feedback to be sufficient to evaluate our prototype (see Section 4.7).

4.7 Prototype Evaluation

In this section, we evaluate the success of the ChatGPT Interviewer based on on the con-
tent of the two interviews (see Appendix for original interview protocols) and on the feed-
back, collected during the prototype demonstration (see Table 4.4). We discuss, whether

our research objectives are fulfilled.

4.7.1 RO1: Automation

The automation research objective deals with the very fact of automating the tasks of the
human interviewer, in our case a data scientist, during the knowledge acquisition process.
Based on our demonstration cases, we can tell that such automation worked successfully
in two application domains — compressed air consumption optimization and plastic parts
quality control. We were able to shift the tasks, such as leading the interview, extract-
ing and formalizing the knowledge, onto the ChatGPT Interviewer. The interview took
place in natural language and followed the course, defined by the ChatGPT Instructions.
Importantly, though following the same pattern, each interview has been individual. The
context of questions, elaborations, suggestions and examples provided by ChatGPT var-
ied with the application case. Moreover, ChatGPT adapted its responses to the behaviour
of the domain experts — whether they gave brief or detailed answers, asked comprehension
questions or required an advice. Both domain experts perceived ChatGPT to be precise,
professional and competent. They reported the questions and examples to be well cho-
sen and helpful. Though the two application domains were rather different, both domain
experts felt that their interviewer knew, how to state right questions and provide good
examples. Notably, the domain expert from the quality control case mentioned that the

precision of the interview results depended on the details, which the domain expert was
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Table 4.4: Feedback on the ChatGPT Interviewer

Participant Feedback Notes
Domain Overall very positive experience; I had the feeling that the interview was very
Expert 1 specialised, the questions made sense and were well chosen; I was guided well

through the interview; questions were understandable, no follow-up questions
were necessary; the information amount was well portioned; jumping in the in-
terview without preparation worked well, no additional guidance or explanations
are needed; I had the confidence that the result was correct and in line with my
input; [ had a sense of control over the situation; I appreciated very detailed ques-
tions and precise answers; the conclusion made a lot of sense.

Domain The result depends very much on how precisely you can answer the questions

Expert 2 yourself — the more precise the formulation, the more precise the output (e.g.
pressure V8. injection molding pressure), also people’s willingness to communi-
cate plays a role; I had problems getting started at the beginning, first interaction
felt more difficult than with humans, but it became very easy afterwards; Chat-
GPT is a helpful sparring partner to sort out own thoughts, might be even better
than talking to a colleague; ChatGPT has enough knowledge to be a valuable
conversation partner (at least I had such a feeling); examples were helpful, the
wording was understandable; I asked one question during the interview and one
in the end; at the end I had the feeling that my problem was understood; an out-
look would be helpful (what will happen with my knowledge?).

Data It is great and surprising, what ChatGPT can collect; the answers are very sensi-

Scientist ble and professional, ChatGPT gives you a feeling of having understood every-
thing; domain experts can sort things out for themselves; domain experts deal
with the topic and structure their thoughts, this saves time for the initial inter-
view; the interview also makes visible what domain experts do not know yet —
perhaps they are not yet ready for a discussion or the project — it spares us wasted
time due to poor preparation on the part of the domain experts; after the inter-
view, the data scientist does not conclusively know everything to build the model
and the user does not have all the information to provide the data — they need to
talk to each other at least once; follow-up questions can be quickly clarified af-
terwards; the knowledge summary is a valuable result; the chat history helps to
interpret things and acquire more detail — going over it was also very quick; An
advice on how the user can acquire the data and what a sample data set might
look like can be helpful; it might help to present an example file for the data; it
should be also possible for the domain expert to stop the interview or to interact
with the chat over longer time.

Expert 1 represents the compressed air consumption case, Expert 2 — the plastic parts quality control case.
The formulations base on author’s notes. Original German text has been translated into English by the
author. Small textual adjustments has been made for better readability.

able or willing to provide (e.g. pressure vs. injection molding pressure).

To sum up, the ChatGPT Interviewer was able to successfully perform two knowl-
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edge acquisition interviews in two different application domains. Though there might be
potential for further automation (see Section 4.8), our prototype implementation satisfies

the requirements stated by ROI1.

4.7.2 RO2: Efficiency

As mentioned by the second research objective, we aim our prototype to be efficient
in terms of time and effort. The domain expert from the air consumption case spent
as little as 15 minutes on the interview, including the reading time for the Guidelines.
The domain expert from the quality control case spent around 30 minutes for the same
activities. Therefore, our prototype demonstration showed that domain experts needed
less than one hour for the ChatGPT interview. Most importantly, the ChatGPT interview
did not require any data scientist’s involvement. Therefore, his effort to perform the
interview tasks was effectively reduced to zero. The time and effort of the data scientist,
needed to process the interview results, were also reduced. The entire interview was
available in digital form and did not have to be transcribed. Moreover, the content of the
interview was summarized by ChatGPT into a ready-to-use domain knowledge model. In
our demonstration case, the data scientist needed 15 minutes to evaluate both interviews
and verify the resulting knowledge models.

Therefore, we conclude that our method for domain knowledge acquisition with Chat-
GPT can be very time efficient, especially in comparison with workshop-based methods
(see Section 4.2).

4.7.3 RO3: Effectiveness

As defined by our method, the data scientist is the main consumer of the extracted domain
knowledge and uses this to understand the domain and the data (see the Domain - and Data
Understanding of CRISP-DM [79]). In our evaluation case, the domain knowledge was
formalized as a set of variables with their specific types (categorical vs. continuous) and
relationships (e.g. direct vs. indirect influence, influence time lag etc.). The data scientist
generally described the ChatGPT Interviewer as useful, professional and able to collect
valuable information. He highlighted that ChatGPT seemingly understood the use cases
of both domain experts. Further, according to the data scientist, the formalized knowl-
edge model was the most valuable result of the interview, while the detailed interview

content helped to better understand the problem and to interpret the knowledge model.
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The data scientist highlighted two main advantages of the ChatGPT Interviewer. Firstly,
it saved data scientist’s time for conducting an initial interview and simultaneously al-
lowed domain experts to structure their thoughts. Though some questions still remained
unanswered after the ChatGPT interview (e.g., the exact data structure), the effort to clar-
ify them would be very low — so the data scientist. Secondly, the ChatGPT interview
revealed whether domain experts were uncertain about their goals or did not have any
representative data for their project. According to the data scientist, such evidence can
save hours of unproductive discussions and enable him to focus on mature projects. To
improve the prototype, the data scientist suggested to include examples of data sets and
recommendations on data acquisition into the interview. He added that in some cases do-
main experts might want to stop the interview and return to it later (e.g., to collect some
inputs or consult colleagues).

Generally, the ChatGPT Interviewer yielded meaningful output with several benefits
for the data scientist. It was able to acquire and formalize the biggest part of the relevant
domain knowledge and helped the data scientist to identify immature projects. However, a
brief follow-up communication with domain experts was still necessary. We acknowledge
that the effectiveness of the ChatGPT Interviewer can be further improved by making its
output more comprehensive and the follow-up communications unnecessary. However,

within the scope of the prototype, we consider the third research objective to be fulfilled.

4.7.4 RO4: Usability

The domain expert from the air consumption case reported to be well guided through the
interview by ChatGPT. The interview questions were formulated briefly and clearly. Pro-
vided information (the Guidelines) together with ChatGPT explanations was sufficient, so
that no additional support or guidance was necessary. The domain expert from the quality
control case reported to have had difficulties answering the very first question of the inter-
view — formulating the problem for the ML model. He felt that describing the problem to
ChatGPT was more difficult than to a human interviewer. However, after overcoming this
first hurdle, the rest of the interview went smoothly. The same domain expert mentioned
that it was very helpful to have an agent, which acted as a sparring partner and helped
him to structure his problem with relevant questions. Moreover, ChatGPT appeared to be
competent both in data science and in plastic quality control, what made the conversation
even more valuable. ChatGPT was able to answer his questions, deliver examples and

give advice — so the domain expert from the quality control case.
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Altogether, both domain experts reported to understand and interact with ChatGPT
easily and to perceive the whole process as meaningful and helpful. Though we do not
quantitatively measure the physical and mental load on the user side as recommended
by Davis [17], we deem the brief time spent on interview completion (see Subsection
4.7.3) and the domain experts’ feedback to be plausible indicators of actual ease of use.
Thus, we conclude that the usability objective of our prototype implementation has been
sufficiently fulfilled.

4.7.5 ROS: Human-centricity

With the human-centricity objective we aim to put domain experts in control of the inter-
view and its results. For that purpose, both the Guidelines and the ChatGPT Interviewer
informed domain experts about the opportunity to do adjustments, ask questions and ver-
ify results. The domain expert from the air consumption case reported that he felt to
be in control of the interview result and trusted ChatGPT to formalize his knowledge
correctly. He did not feel the need to state any additional questions to ChatGPT. When
verifying the resulting knowledge model, he recognized it to be correct and meaningful.
The domain expert from the quality control case mentioned that he used the opportunity
to ask ChatGPT comprehension questions during the interview. After observing the re-
sulting knowledge model, he felt that ChatGPT understood the problem and correctly
summarized all relevant aspects into a knowledge model. He also used the opportunity
to ask ChatGPT for a final advice. Importantly, in the end of the interview, he expected
ChatGPT to mention the outlook and the next steps of the project. We note that this re-
quirement goes beyond pure knowledge acquisition and towards stakeholder expectation
management. Nonetheless, if such information is available, it could be easily integrated
into the ChatGPT Instructions.

We conclude that with the help of Guidelines and ChatGPT Instructions we were able
to place domain experts in the loop of the interview, i.e. enable them to actively influence
the flow of the interview and its results. Thus we consider the human-centricity objective
to be fulfilled.
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4.8 Discussion

In our paper, we design a novel method to acquire and formalize domain expert knowledge
with ChatGPT and map our contribution to the frameworks of IML [77] and CRISP-DM
[79]. We instantiate the designed method in a prototype and demonstrate it in a German
middle-sized automation company. Evaluating the demonstration results, we conclude
that the prototype fulfills our initial research objectives and yields a valuable efficiency
gain. We also uncover valuable improvement potential which can be considered by future
research.

The ChatGPT Interviewer has succeeded to replace the data scientist in the initial in-
terview with the domain expert. However, the output of ChatGPT was not sufficient to
entirely automate the Domain- and Data Understanding steps of the ML project. A brief
follow-up communication between the data scientist and the domain expert was still nec-
essary to proceed with the Data Preparation step. Further research may look into the
possibilities to make the output of the ChatGPT Interviewer more comprehensive. For
instance, the ChatGPT Instructions can be further extended to include exemplary data
samples or advice on how to acquire representative data. Moreover, domain experts can
be encouraged to consult their colleagues during the interview. Such measures would
make the input of domain experts more precise and might make follow-up clarifications
unnecessary. In general, as one of our evaluation participants mentioned, the precision
of the resulting knowledge model strongly depends on the ability and willingness of do-
main experts to communicate relevant information to the ChatGPT Interviewer. There-
fore, additional measures to facilitate the communication between the domain expert and
the ChatGPT Interviewer can be taken, such as providing additional information about
ChatGPT functionality, instructing ChatGPT to ask follow-up questions or turning the
ChatGPT Interviewer into a customized chat bot with a more user-friendly interface. In-
deed, in our prototype we used the private edition of ChatGPT with no opportunity for
custom interface designs. Such implementation has been sufficient to demonstrate and
evaluate the novel method. However, the prototype can be further upgraded using enter-
prise edition, which allows to build customized chat bots and integrate them into customer
environments. This extended functionality could be used to further automate the ChatGPT
Interviewer and make it more user-friendly.

Moreover, future research might look into legal, security and ethical aspects of replac-

ing certain activities of the data scientist with ChatGPT. In our paper, we propose a new
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method and evaluate its reachability with a prototype. On the base of our prototype, a
productive application can be developed — for example, as a custom chat bot, as described
above. In this case, also non-functional requirements such as security, legal compliance
etc. must be considered.

Last but not least, in the present paper, we have demonstrated and evaluated our pro-
totype in two different industrial use cases. Though our method and the prototype have
been designed in a generic way, further tests on various use cases are necessary in order to
conclude if the method can be broadly applied. We therefore encourage researchers and
practitioners to apply and evaluate our method in different domains. Moreover, creating
a benchmark with various knowledge acquisition methods and comparing them empiri-
cally based on a set of defined criteria might deliver additional objective insight about
advantages and disadvantages of single methods, proposed in the literature. Last but not
least, future research might look into the ways to apply the knowledge, documented and
formalized by the ChatGPT Interviewer, in various knowledge intensive processes [55]

beyond ML projects.

4.9 Conclusion

In machine learning projects, Domain- and Data Understanding are necessary, but chal-
lenging and time-consuming steps [79]. The challenge of domain knowledge acquisition
is also known in IS research as the knowledge acquisition bottleneck [41]. We propose to
tackle this problem by automating the knowledge acquisition with a conversational agent
based on ChatGPT. Guided by our research objectives — automation, efficiency, effec-
tiveness, usability and human-centricity — we design a method for an automated knowl-
edge acquisition with ChatGPT. We describe each element of the proposed method and
highlight its contributions to the relevant theoretical frameworks — CRISP DM [79] and
IML [77]. Further, we instantiate the proposed method in a prototype — the ChatGPT
Interviewer. We demonstrate and evaluate the prototype in a middle-sized automation
company based in Germany. The demonstration involves two separate application cases
— compressed air consumption optimization and plastic parts quality control. The proto-
type evaluation was successful for both demonstration cases and the prototype fulfilled
the research objectives. Specifically, the ChatGPT Interviewer was able to lead an inter-
view in natural language, track the answers of domain experts and formalize their inputs

in a knowledge model. Moreover, it adopted its questions to the respective application
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case, individually reacted to interviewee’s behaviour and provided context-sensitive sup-
port. Domain experts have characterized the interview with ChatGPT as meaningful and
professional. They appreciated how ChatGPT understood their problem, stated precise
questions and delivered expert-like advice. The interview with ChatGPT helped them to
sort out their thoughts and to specify their problem. The data scientist also positively
assessed the interview results — the final knowledge model together with the interview
protocol were valuable in understanding the domain and the problem. ChatGPT was able
to replace the data scientist in the initial interview. However, the acquired knowledge was
not sufficient to immediately proceed with the Data Preparation step of the ML project.
Instead, a brief follow-up communication between the two was still required. Further
automation of the prototype and extension of ChatGPT Instructions might minimize this
draw-back and make such follow-up clarifications between data scientist and domain ex-
pert unnecessary.

We conclude that our novel method for knowledge acquisition with ChatGPT can yield
a valuable efficiency gain, while preserving the human-centricity of the original interview
methodology. It can significantly reduce the involvement of the data scientist, while still
keeping many advantages of human-to-human interaction, like natural language, context-
sensitivity and individuality. Importantly, our method proved to be efficient not only
for data scientists, but also for domain experts, thus reducing the overall cost of an ML
project. Moreover, the method leads to the documentation and formalisation of valuable
domain knowledge, which might be used by organisations in knowledge intensive pro-
cesses [55] beyond ML projects.

We acknowledge that our evaluation involved only a small amount of application ex-
amples. Further demonstration cases are required in order to draw conclusions about
method’s general applicability. Further, if the prototype is to be developed into a produc-
tive application, security, compliance and ethical requirements have to be considered.

Our work provides multiple contributions to the existing theory. First, we show how
the fast developing technology of LLLM can be used to tackle the knowledge acquisition
bottleneck in ML. Based on the existing literature, we design a method for automatic
knowledge acquisition with ChatGPT and prove its applicability on a prototype. Evaluat-
ing the prototype, we add empirical insights to the existing knowledge base and discuss
implications for further research. With our paper, we add to the theoretical work on
knowledge acquisition bottleneck [41], Informed Machine Learning [77] and CRISP-DM

[79]. We also contribute to the research on ChatGPT applications, by uncovering and
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demonstrating its potential for knowledge acquisition. More generally, our results may
encourage research on conversational agents and LLM to think of interview automation
and knowledge acquisition as potentially new application fields, which primarily base on
asking questions instead of answering them. Practitioners can benefit from our work by
receiving a practical guidance on how to acquire domain knowledge with ChatGPT. The
efficiency gain provided by our method could make ML more accessible for small and

medium-sized organizations and help them to exploit the potential of ML.
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CONCLUSION

In our dissertation we aim to facilitate the application of Al technology through effective
human-AlI interaction. For this purpose, we conduct three independent studies, applying
distinct methods and highlighting different aspects of human-Al interaction in various
contexts. While the first two studies apply the experimental methods of behavioural sci-
ences to investigate influential factors behind algorithm aversion and Al advice taking,
our third study follows the design science paradigm and generates theoretical insight by
designing an artifact and applying it to a real-world problem. Further, while our first
study is designed for generic context, the second and the third studies explicitly focus on
industrial applications and how effective human-Al interaction may foster Al usage in the
industry. Though the results of each study have been discussed in the respective chapters
in detail, in this chapter we would like to summarize the most relevant results and draw
an overall conclusion about the contributions of our dissertation.

In our first study (see Chapter 2) we are the first to empirically test the proposition
by Bonnefon et al. [11] to apply the widely known concepts of fast and slow thinking
[16] to study algorithm aversion. In an incentivised laboratory experiment we manipu-
late the way, how subjects approach the task (fast vs. slow thinking) and the type of Al
“thinking” (suggested by short and long Al response times, respectively). We find out
that longer response times are associated with lower algorithm aversion both for fast and
slow thinking tasks. We conclude that, at least to some extent, prolonging Al response
times may increase Al advice taking and reduce algorithm aversion. Moreover, we report
differences in subjects’ advice taking behaviour depending on their type of thinking — ad-
vice taking index in the fast thinking groups varies with the domain of the task, while in
the slow thinking groups it remains constant across domains. We conclude that the way,
how people approach the task — either fast or slow — seem to influence the advice taking
behaviour indirectly, affecting subjects’ responsiveness to the changes of task domain. To
the best of our knowledge, we are the first to provide an empirical insight on the rela-
tionship between the type of thinking and the domain of the task in context of algorithm
aversion.

In our second study (see Chapter 3) we are, to the best of our knowledge, the first
to experimentally study the influence of user involvement in the model training on the
Al advice adherence. We design a comprehensive experimental scenario which mimics
real-world predictive maintenance applications. We find out that higher grade of user

involvement in the model training is associated with higher perceived control over the
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resulting model and higher perceived understanding of the model functionality. Besides,
subjects consider the time invested in model training to be well-spent and joyful. How-
ever, these positive changes in perceptions do not lead to behavioural changes, i.e. the
advice adherence remains constant across treatments. We attribute this result to subjects’
self perceptions as experts, which seem to overrule the treatment effects. We conclude
that user involvement can be used to positively influence the user perceptions about the
resulting model, however more research on algorithm aversion among experts is necessary
to facilitate actual changes in user behaviour.

In our third study (see Chapter 4) we follow the Design Science Methodology [63]
to develop a novel method for domain knowledge acquisition in ML projects. With this
method, we tackle a real world problem of a knowledge acquisition bottleneck [41] in ML.
We ground our design in existing theory on knowledge acquisition methods and Al-based
conversational agents. Moreover, we map it to the existing theoretical frameworks of In-
formed Machine Learning [77] and the Cross Industry Standard Process for Data Mining
[79]. Benefiting from the technology of large language models, the method automates the
data scientists’ tasks of leading the interview, tracking the answers and formalizing the ac-
quired knowledge. This automation enables data scientists to save their time and capacity
for actual development. Moreover, the method preserves the nature of a human-led inter-
view, such as natural language or flexible adaptation to interviewee needs. By following
usability and human-centricity as our research objectives, we ensure that an interviewee
— a domain expert — feels comfortable during the interview and remains in control of its
results. We instantiate the proposed method in a prototype, using ChatGPT — a ChatGPT
Interviewer. We evaluate the prototype in two industrial applications, demonstrating its ef-
fectiveness in interviewing domain experts and formalizing their knowledge. We are able
to substantially reduce the time and effort for domain knowledge acquisition. Domain
experts consider an interview with the ChatGPT to be simple, enjoyable and valuable.
However, the quality and detail of the extracted knowledge can be further improved. With
our research, we contribute to the literature on knowledge acquisition by demonstrating
how large language models (LLM) in general and ChatGPT in particular can be used to
tackle the knowledge acquisition bottleneck [41]. Further, we add to the theoretical work
on Informed Machine Learning [77] and CRISP-DM [79] by proposing a new way to
acquire and formalize domain knowledge for ML projects. Our study opens up a new ap-
plication field for LLM-based conversational agents in general and ChatGPT in particular.

For practitioners, we offer a guidance how to automate knowledge acquisition tasks with
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ChatGPT, enabling them to reduce costs of an ML project and thus lower hurdles for ML
adoption.

We conclude that our work delivers valuable contributions to multiple strings of re-
search — from empirical insights adding to the theory on algorithm aversion and Al advice
taking to actual Al applications in real-world settings. Our results are also relevant for
researchers and practitioners interested in design of Al agents and organisation of ML
projects. For example, they can consider prolonging Al response times to facilitate user
advice taking, involving domain experts during the model training to enhance users’ un-
derstanding of the model or implementing the ChatGPT-Interviewer to increase the effi-
ciency of an ML project. In addition, our work is interdisciplinary in theoretical scope,
context and applied methods. This approach enables us to benefit from a broad theo-
retical foundation and to consider research questions on the edge between behavioural
sciences, information systems research and computer science. Thus, with our interdisci-
plinary contributions we deliver both theoretical and practical insights, fostering effective
and beneficial human-Al interaction. Doing so, we add to the vision behind the present
dissertation — to facilitate Al application and to support organisations, especially in the

industry, to unfold the entire potential of Al.
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Instruktionen

Allgemeine Hinweise
e Die Gesamtdauer des Experimentes betragt ca. 30 Minuten.

e Wahrend der Durchfuhrung ist keine Kommunikation gestattet. Mobiltelefone

mussen wahrend der kompletten Experimentdauer ausgeschaltet sein.

e Samtliche Aktionen, die Sie im Rahmen dieses Experiments tétigen, erfolgen

anonym.

e Bitte nutzen Sie die Knopfe “Weiter” oder “Antwort einreichen”, um zur nachsten
Seite im Experiment zu gelangen. Es ist technisch nicht moglich, auf eine bereits
verlassene Seite zuriick zu gelangen. Bitte klicken Sie in Threm Browserfenster
niemals auf “zuriick” oder auf “neu laden”, sonst wird der Experimentverlauf

gestort und Sie verlieren lhre Auszahlung.

Ablauf
Vorbereitung Experiment Nachbereitung
- Verstandnisfragen - 9 Runden - Fragebogen
- Aufgabenbeispiel - 2 Schatzungen pro Runde - Ergebnisanzeige

Vorbereitung

e Verstandnisfragen: Sie erhalten Fragen zum Inhalt der Instruktionen. Sie kommen
erst weiter, wenn Sie alle Fragen richtig beantwortet haben. Die Antworten haben

keinen Einfluss auf Ihre Auszahlung.

e Aufgabenbeispiel: Sie erhalten ein imagindres Beispiel fur eine Runde des
nachfolgenden Experimentes. Sie haben die Mdglichkeit, sich mit dem Aufbau einer
Runde und deren einzelnen Bausteinen vertraut zu machen. Das Beispiel hat keinen

Einfluss auf die Auszahlung.
Experiment

e Das Experiment geht Giber neun Runden.



e lhre Aufgabe ist es, anhand von Abbildungen die Eigenschaften verschiedener

Objekte zu schatzen. In jeder Runde muss ein neues Objekt eingeschéatzt werden.

[AuRerdem erhalten Sie zusétzliche Informationen zu den abgebildeten Objekten.]

e Eine Runde erhalt folgende Aktionen:

Sie machen Ihre 1. Schatzung des abgebildeten Objektes,
Die Kunstliche Intelligenz (K1) macht eine Schétzung,

Das Ergebnis der KI-Schatzung wird Ihnen als eine unverbindliche
Empfehlung angezeigt,

Sie machen Ihre 2. Schatzung des abgebildeten Objektes.

Ihre Auszahlung setzt sich wie folgt zusammen:

Sie erhalten eine Show-up Fee in Héhe von 3 Euro.

AuBerdem haben Sie die Mdglichkeit, bis zu 9 Euro tber die neun Runden des

Experimentes (maximal 1 Euro pro Runde) zu verdienen:

e In jeder Runde machen Sie 2 Schatzungen. Fir jede Schatzung kénnen Sie

bis zu 0,50 Euro verdienen.

e Die Auszahlung pro Schatzung setzt sich wie folgt zusammen:

[ Auszahlung flr eine Schétzung ] = [ erspielter Betrag fiir die Genauigkeit einer
Schéatzung ] — [ Kosten fiir die zuséatzliche Zeit fiir eine Schatzung ]
Die Show-up Fee und die Auszahlung aus den neun Runden werden aufaddiert
und das ergibt lhre Gesamtauszahlung. Die maximale Gesamtauszahlung fur

dieses Experiment betragt 12 Euro.

e Genauigkeit einer Schatzung:

Fur jede Schatzungsaufgabe existiert eine einzige richtige Antwort, ein wahrer

Wert, der ausschlielich der Experimentleitung bekannt ist.



Die Genauigkeit einer Schatzung wird an ihrer Abweichung zum wahren Wert
gemessen. Die Abweichung wird in Prozent dargestellt. Die Richtung der
Abweichung (ob die Schétzung unter oder tber dem wahren Wert liegt) spielt

keine Rolle.

Grundsatzlich gilt: Je geringer die Abweichung zum wahren Wert ist, desto
hoher ist Ihre Auszahlung fur diese Schatzung. Oder anders gesagt, je naher
Sie mit lhrer Schatzung am wahren Wert liegen, desto hoher Ihre

Auszahlung.

Zeit pro Schatzung:

Sie haben fir lhre beiden Schatzungen jeweils 45 Sekunden kostenfrei Zeit.
Innerhalb dieser Zeit wird Ihre Auszahlung pro Schatzung lediglich durch ihre

Genauigkeit bestimmt.

Danach kosten Sie jede zusatzlichen 30 Sekunden 1/10 (ein Zehntel) ihrer
erspielten Auszahlung fur die Genauigkeit der jeweiligen Schatzung.

Das heil3t, wenn Sie 345 Sekunden (entspricht 5 Minuten und 45 Sekunden) oder
langer fur eine Schatzung brauchen, wird Ihre Auszahlung fur diese Schatzung

Null sein.

Sie konnen kein Geld verlieren, d.h., Ihre Auszahlung pro Schatzung kann

nicht unter null gehen, egal, wie lange Sie brauchen.

Nachbereitung

Fragebogen: Nach dem Experiment erhalten Sie einen Fragebogen. Die vollstéandige

und ehrliche Beantwortung der Fragen ist sehr wichtig fir die anschliefende

Auswertung des Experiments. Die Auswertung wird ausschlieflich fir

wissenschaftliche Zwecke verwendet. Ihre Antworten in diesem Fragebogen haben

keinen Einfluss auf die Auszahlung.

Ergebnisanzeige: Als letztes wird lhnen aus Ihren sédmtlichen Schétzungen

resultierende Gesamtauszahlung angezeigt.
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Experimental Instructions

Scenario

Over the course of the experiment, you assume the role of a skilled worker in an in-

dustrial company. You will be responsible for the operation of a production facility.

There is a certain probability that a malfunction may occur in the production facility.

To avoid potential malfunctions, maintenance can be performed.

Your task is to evaluate the probability of malfunctions in multiple rounds and then
decide whether the production plant should be maintained in a given round. You

will be supported in your task by an artificial intelligence (Al).

Malfunction probability

The probability of a malfunction is unknown but can be estimated using three indi-

cators.

These indicators are: Temperature, Speed and Voltage. Each of the indicators can

take values between 0 and 100.

Each of the indicators has its own optimal range. If an indicator is in its optimal
range, this is particularly good for the production plant corresponds to a malfunction

being less likely.

The more indicators’ values are located outside their respective optimum ranges,

the more likely a malfunction becomes.
— If three indicators are within the optimal ranges and none are outside, a mal-
function is very UNlikely.

— If two indicators are within the optimal ranges and one is outside, a malfunc-
tion is UNlikely.

— If one indicator is within the optimal range and two are outside, a malfunction

is likely.

— If all three indicators are outside the optimal ranges and none inside, a mal-

function is very likely.



* Important: In the experiment, you do not know the optimal ranges. Instead, you
must estimate them as accurately as possible, based on the data points of past mal-

functions. This estimation is called "acceptable ranges” (see “"Procedure”).

Example: The graphic above displays an example for the optimal ranges (green bars) for
the three indicators (orange dots). In this example, the “Temperature” indicator is located
outside its optimal range and the ”Speed” and ”Voltage” indicators are located inside their
respective optimal ranges. Accordingly, a malfunction would be considered unlikely in

this case.

Support by an Al

* In each round, the Al predicts the probability of a malfunction and, based on this
prediction, gives you a non-binding recommendation as to whether maintenance

should be performed.

* The accuracy of the Al predictions can vary. It depends on how the Al has been
trained. Training the Al is part of the experiment (see below). You will be informed
about the achieved accuracy of the Al (in percent) in the experiment at the end of
Stage 3.

Procedure

The experiment consists of four stages that build upon each other.

Stage 1: Stage 2: Stage 3: Stage 4:
Comprehension Checks Acceptance Ranges Training the Al Production Surveillance
« Conprehension checks « 3 decisions « 10 training situations « 25 rounds

* Not incentivized « Not incentivized « Not incentivized « Incentivized




Stage 1: Comprehension checks

* In this stage, comprehension checks are conducted about the instructions. Only
once you have answered all the control questions correctly the experiment can be-

gin. You have an unlimited number of attempts to answer the questions correctly.

Stage 2: Selection of acceptable ranges

* As mentioned, the optimal ranges of the individual indicators are unknown to you.

Instead, you must define an acceptable range for each indicator.

* An acceptable range is an approximation of the actual (unknown) optimal range.
The closer the acceptable ranges you set are to the optimal range, the better the AI’s

advice will be.
» Data about past malfunctions is available for you to set your acceptable ranges:

— For each indicator individually, you can see at which values there were mal-

functions in the past (red dots) and at which there were not (green dots).

— You are now asked to define a lower limit (minimum) and an upper limit (max-
imum) of your acceptable range (green dashes). In general, an acceptable
range should contain as many points without malfunctions (green) and as few

points with malfunctions (red) as possible.

— At the beginning, you will be given an example that you can use to practice
setting the limits (technical note: the limit that is closer to your mouse pointer

moves in each case).

— After you have set and confirmed the acceptable ranges, they will be displayed
as gray bars in the further course of the experiment for the sake of conciseness

(see figure). The individual data points are hidden.



* You define a total of three acceptable ranges (one for each indicator), which you

will necessarily need in the further course of the experiment.

* Your acceptable ranges will be displayed for all further decisions, so you do not

have memorize or note them.

Stage 3: Training the Al

* In this stage, the Al is trained based on your acceptable ranges defined in Stage
2. The Al thus learns how to evaluate the probability of malfunctions for different

indicator combinations.
* The training of the Al happens through ten training situations as follows:

— Each training situation represents a combination of the three indicators’ val-

ues. These values are shown together with their acceptable ranges.

— The following figure provides an example of a training situation. Orange bars

represent the indicators’ values. Gray bars represent the acceptable ranges.

— For each training situation, you can see which indicators are within and which

are outside your defined acceptable ranges.

— Your task is to tell the Al how each training situation is to be evaluated regard-

ing the likelihood of a malfunction. In doing so, you help the Al learn.

— Use your acceptable ranges and your knowledge about the probability of mal-

functions for the evaluation:
+ If three indicators are within your acceptable ranges and zero are outside,
a malfunction is very UNlikely.

« If two indicators are within your acceptable ranges and one is outside, a

malfunction is UNlikely.



« If one indicator is within your acceptable ranges and two are outside, a

malfunction is likely.

« If there are zero indicators inside your acceptable ranges and three out-

side, a malfunction is very likely.

— Each of your ten malfunction probability assessments is then checked for cor-

rectness:

% If a malfunction has been classified as “very unlikely” or "unlikely” and
no malfunction has actually occurred, the assessment is considered cor-

rect and otherwise incorrect.

x If a malfunction was classified as “’very likely” or "likely”” and a malfunc-
tion actually occurred, the evaluation is considered correct and otherwise
incorrect.

* Whether a malfunction actually occurs or not depends on the actual opti-

mum ranges, which remain unknown.

* The result of the training, and thus the quality of the Al, depends on how many
training situations have been correctly assessed. You will be informed about the

result at the end of the training stage. Two results are possible:

— If at least seven training situations were evaluated correctly, you will receive
an Al with the accuracy of 90% (on average it is correct in 9 out of 10 cases

and wrong in one out of 10 cases).

— If less than seven training situations were evaluated correctly, you will receive
an Al with the accuracy of 50% (it is correct on average in 5 out of 10 cases

and wrong in 5 out of 10 cases).

» After completing this stage, the Al has learned to evaluate malfunction probabilities

in comparable situations through the training situations.

* In stage 4, you can use the Al for decision support.

Stage 4: Production plant surveillance

* This stage consists of 25 rounds.



* In each round, you have to make the decision whether to maintain the production

facility.

* All rounds are independent of each other, i.e., the decision in one round does not

affect other rounds.

* In each round, you will receive a graphic showing the values of the three indicators

and your self-defined acceptable ranges (see Stage 3).
* In In each round you make your decision in two steps:
— In the first step, you evaluate the given situation in terms of the probability of
failure and decide whether maintenance should be performed.
— In the second step, the AI’s recommendation is displayed to you. Afterwards,

you are asked again whether you want to perform maintenance.

* Only the decision in the second step is relevant for your payoff in the respective

round.

* Whether a malfunction actually occurs or not depends on the optimal ranges, which
remain unknown. You will only find out at the end of the experiment how often you

were correct and how high your payoff will be.

Payoffs

* During the experiment, all amounts are denoted in the fictitious currency “Taler”.

* Per round you receive following payoffs depending on your maintenance decision
and occurrence/non-occurrence of a malfunction:
— You decide that maintenance should be performed.

* Maintenance limits your production capacities. Therefore, your payoff

this round is 5 Taler.
— You decide that no maintenance should be performed.

* If no malfunction occurs and you can therefore produce fully, your payoff

from this round is 10 Taler.



« If a malfunction occurs and therefore you cannot produce, your payoff

from this round is O Taler.
* The payoffs from all rounds are cumulated.

» At the end of the experiment, you will receive your payoffs at an exchange rate of

€ 1 per 10 Taler. In addition, you will receive a show-up fee of € 2.50.

Additional remarks

* All communication is prohibited for the duration of the experiment except for com-

munication explicitly permitted by the instructions.
* Mobile phones must be turned off for the duration of the experiment.

* All decisions within the scope of the experiment will remain completely anony-

mous.

» After completing the main part of the experiment, we kindly ask you to answer
some additional questions. Answering the questions honestly and in full is very im-
portant for the subsequent analysis of the experiment. The answers to the questions
remain anonymous and will only be evaluated for scientific purposes. Your answers

in this questionnaire have no impact on your payoff achieved in the experiment.



Questionnaire

Please answer the following questions.

What is your age?
What is your gender?

* Male
* Female
* Non-Binary
What is your highest level of education?
» Highschool / GED
e Undergraduate degree
¢ Graduate degree

* Else / Prefer not to say

What is your current study major?
e Arts & Design
* Business & Economics
e Computer Science
 Cultural & Social Studies
* Engineering
* Natural Sciences
* Pedagogics

¢ Non-student



Please answer the following questions.

Please indicate your consent with the following statement on a scale from 1 (= completely

disagree) to 7 (= completely agree).

I believe that my estimates of malfunction probabilities were correct.

I believe that my estimates of malfunction probabilities are close to the true value.

I was confident I would do well on the task.

O O O 0O Ofw
O O O 0O Of|w
O O O O O+
O O O O O|w
O O O O Ofo
O O O O Of=

1
O
O
I was very confident about the accuracy of my estimates of malfunction probabilities. ©)
O
O

I have no doubt that my estimates of malfunction probabilities are close to the true values.

Please answer the following questions.

Please indicate to what extent the following statements apply to you personally.

Does not apply Applies Somewhat Pretty much  Fully

at all little applies applies applies
In difficult situations I can rely on my abilities. O (@) (@) (@] O
I can cope well with most of the problems on my own power. O @) @) @) O
Even strenuous and complicated tasks I can usually solve well. O @) O @) O

Please answer the following questions.

Please indicate your consent with the following statement on a scale from 1 (= Do not
consent at all) to 5 (= Fully consent).

I could easily understand the maintenance scenario presented in the experiment.

I was able to put myself in the role of a production plant manager.

The information and examples provided to me prepared me well for the decisions in the experiment.
I could understand most of the explanations in the experiment.

I understood the contexts presented in the experiment.

I knew exactly what was required of me in the experiment.

I knew what I had to do to be as successful as possible in the experiment.

The tasks of the experiment were demanding.

I am satisfied with my performance in the experiment.

O O O0OO0OO0OO0OO0O0O0O OO0
O O OO0 00000 O0O|w
O OO 000000 O0|w
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I think most of the experiment participants did well on the tasks.




Please answer the following questions.

Please indicate your consent with the following statement on a scale from 1 (= Do not

consent at all) to 5 (= Fully consent).

1 2 3 4 5
The Al-training stage was time well spent. O O O O O
I would have liked to invest more time in training the Al O O O O O
I was instrumental in how good the quality of the Al recommendations was. O O O O O
I felt like it was a gamble whether you got a high-quality Al or a low-quality Al at the end of the training stage. O O O O O
Training the Al has helped me better understand how the Al makes its recommendations. o O O O O
Training the AI helped me better understand how it works. O O O O O
I liked that my expert knowledge was shared with the Al in the form of my acceptable intervals. O O O O O
I found it uncomfortable that the Al had access to my expert knowledge in the form of my acceptable intervals. O O O O O
If I had the chance, I would have preferred to share even more knowledge with the Al O O O O O
If T had a choice, I would rather not have shared any knowledge with the Al at all. O O O O O
My influence on training the AI was great. O O O O O
I enjoyed training the Al O O O O O
I found the Al recommendations to be of high quality. o O O O O
When deciding whether to perform maintenance, I weighed things logically. O O O O O
I made decisions about whether to perform maintenance intuitively rather than strategically. O O O O O

Please answer the following questions.

In the following questionnaire, we will ask you about your interaction with technical
systems. The term “technical systems” refers to apps and other software applications, as
well as entire digital devices (e.g., mobile phone, computer, TV, car navigation).

Please indicate to what extent you agree to the following statements.

Completely Largely Slightly Slightly Largely Completely

disagree  disagree disagree  agree agree agree
1 like to occupy myself in greater detail with technical systems. O O O O O O
1 like testing the functions of new technical systems. O O O O O O
I predominantly deal with technical systems because I have to. O O O (@] O O
When I have a new technical system in front of me, I try it out intensively. @) @) @] O @] O
I enjoy spending time becoming acquainted with a new technical system. @] O (@] O (@] O
It is enough for me that a technical system works; I don’t care how or why. O @) O O O O
I try to understand how a technical system exactly works. O ©) O ©) O O
It is enough for me to know the basic functions of a technical system. @) O O (@] O O
I try to make full use of the capabilities of a technical system. O O O O O O




Additional tables and graphics

Table 1: Distribution of study majors among participants

Major Frequency Percentage
Arts & Design 13 8.50
Business & Economics 52 33.99
Computer Science 11 7.19
Cultural & Social Studies 11 7.19
Engineering 10 6.54
Natural Sciences 1 0.65
Pedagogics 53 34.64
Non-student 2 1.31
Total 153 100.00

Table 2: Pairwise between-group comparisons of standardized questionnaire scores

Tzvs.Tp Tzvs. T4 Tpvs. Ty

‘ ] 0.477 2.514 -1.618

Affinity to Technology Interaction (ATI) (0.6359) (0.0115) (0.1063)
-0.160 1.167 -1.532

Self-efficacy (ASKU) (0.8749)  (0.2452)  (0.1264)
0.606 -0.167 0.646

Ex-post decision confidence (DC) (0.5476) (0.8698) 0.5211)

This table reports results for pairwise two-sample between-group Mann-Whitney U-Tests between
experimental groups. z-values reported with p-values in parenthesis.




Table 3: Summary statistics and between-group comparison of questionnaire items on
treatment perception

T, Tp Ty Kruskal-Wallis-H

Items on treatment perception

Al-training was time well spent 4.02 4.02 3.72 5221
(.9366)  (.9412) (1.2283)

Would have liked to spend more time for training 322 2.73 2.77 .1388
(1.2664) (1.3382) (1.5211)

Perceived contribution to Al-advice quality 3.34 3.87 4.11 .0013
(1.0994) (1.0574) (.9145)

Al-quality outcome perceived as gamble 2.52 2.13 1.96 1163
(1.3130) (1.1200)  (.9079)

Perceived understanding of AI’s functionality 3.08 3.38 3.91 .0024
(1.2095) (1.2301) (1.0179)

Perceived understanding of how Al generates advice 29 342 3.72 .0020
(1.1473) (1.1578) (1.1554)

Liked sharing knowledge with Al 4.00 3.89 3.96 .8598
(.7825)  (.9101) (.8836)

Felt uncomfortable sharing knowledge with Al 1.54 1.51 1.40 .8251
(.9941)  (.8427) (.8251)

Would have liked to share more knowledge with Al 3.52 342 3.34 7511
(1.3589) (1.1578) (1.3717)

Would have preferred not to share any knowledge with Al 1.54 1.64 1.64 .9923
(.7616)  (.9806) (1.0092)

Perceived influence on Al-training 3.02 3.58 4.09 .0001
(.9145) (1.1178) (.8030)

Enjoyed training the Al 3.26 342 3.70 .1646
(1.1920) (1.0333) (1.0818)

Perceived quality of Al-advice 3.68 3.76 3.60 4874
(.7939) (1.0478) (.9478)

Maintenance decisions made rather strategically 4.28 4.44 4.26 3548
(.7570)  (.6236) (.6416)

Maintenance decisions made rather intuitively 2.28 2.09 1.98 3967
(1.0887) (1.0406) (.9205)

Number of observations 50 45 47

This table reports summary statistics of questionnaire items on treatment perception measured
on a 5-point scale by treatment. Standard deviations reported in parenthesis. Kruskal-Wallis-H
reports the p-values for Kruskal-Wallis H-Tests with ties between experimental groups. Includes
only subjects with high-accuracy Al



Table 4: Illustration of decision process for each round of maintenance stage
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Table 6: Efficient revision rate and Al net benefit

T, Tp T, Kruskal-Wallis-H
Efficient revision rate
Mean | .7338 .8207 .6960 2306
Standard deviation | .2558 .2352 .3363
Min 0 33 0
Median 73 1 T7
Max 1 1 1
Number of observations 40 37 35
Al net benefit
Mean | .8582 .8662 .7842 4867
Standard deviation | .1905 .2067 .2892
Min 5 .33 0
Median 1 1 1
Max 1 1 1
Number of observations 37 36 33

In total, 30 subjects did not revise their initial decision intent at least once. Therefore, they were
excluded from this calculation, as a rate of efficient revisions could not be computed for them.
Analogously, a total of 36 subjects either did not revise their initial decision intent at least once or
follow the AI’s advice at least once. Therefore, they were excluded from this calculation, as an
Al net benefit could not be computed for them. Kruskal-Wallis-H reports the p-value two-sample
Kruskal-Wallis H-Tests with ties between experimental groups.



Supplementary Materials to Chapter 4



Originale Interviewprotokolle

Die Interviewprotokolle liegen in der originalen Form vor. Die Rechtschreibung wurde

vollstandig tbernommen.
Interview 1: Druckluftverbrauch (28. November 2023)

Anonym
Hallo
Expert Interviewer

Guten Tag! Wie kann ich lhnen bei der Anwendung von maschinellem Lernen in Ihrem
Fachgebiet helfen? Bitte beschreiben Sie zun&chst Ihr Fachgebiet und das spezifische

Problem, das Sie 16sen mdchten.
Anonym

Druckluftsteuerung

Expert Interviewer

Verstanden, Sie arbeiten also im Bereich der Druckluftsteuerung. Kénnen Sie mir bitte
mehr Gber das spezifische Problem erzéhlen, das Sie mit maschinellem Lernen l6sen

mdchten? Was genau méchten Sie erreichen?
Anonym

angepasstev driicke zu verschiedenen zeiten
Expert Interviewer

Danke fir die Prazisierung. Sie méchten also mithilfe von maschinellem Lernen Driicke
in einem Druckluftsystem zu verschiedenen Zeiten anpassen. Lassen Sie uns nun die
abhdngige Variable definieren, also das, was Sie erreichen wollen. Ist die abh&ngige
Variable in diesem Fall der Druck in Ihrem System zu einem bestimmten Zeitpunkt?



Anonym
ja
Expert Interviewer

Perfekt, die abhéngige Variable ist also der Druck im System zu einem bestimmten
Zeitpunkt. Jetzt wiirde ich gerne mehr tber die unabhéngigen Variablen erfahren, also die
Faktoren, die den Druck beeinflussen kénnen. Konnen Sie einige dieser Faktoren nennen?

Anonym

maschinen laufen zu verschiedenen zeiten mit unterschiedlichem druckverbrauch, bzw

luftverbrauch
Expert Interviewer

Vielen Dank fiur diese Information. Die unabhangigen Variablen scheinen also die

Betriebszeiten der Maschinen und deren Druck- bzw. Luftverbrauch zu sein.

Um weiterzumachen, mochte ich fragen: Wie kdnnen diese Variablen gemessen oder
quantifiziert werden? Gibt es zum Beispiel Sensoren, die den Luftverbrauch der

Maschinen messen, oder Aufzeichnungen tber deren Betriebszeiten?
Anonym

leider nicvht

Expert Interviewer

Verstehe, Sie haben keine direkten Messungen fir den Luftverbrauch oder die
Betriebszeiten der Maschinen. In diesem Fall konnten wir alternative Methoden in
Betracht ziehen, um diese Variablen zu schétzen oder indirekt zu messen. Gibt es andere
Indikatoren oder Daten, die auf den Luftverbrauch oder die Betriebszeiten der Maschinen
hinweisen  konnten?  Beispielsweise  Produktionsdaten,  Schichtpldéne  oder
Wartungsprotokolle?



Anonym
schichtplane
Expert Interviewer

Gut, Schichtplane kdnnen als indirekter Indikator fiir Betriebszeiten der Maschinen
dienen. Um weiter zu gehen: Sind die Schichtplane und damit verbundenen
Maschinenbetriebszeiten kontinuierliche oder kategoriale Variablen? Mit kontinuierlich
meine ich, ob sie in einem stetigen Zeitrahmen (zum Beispiel jede Minute oder Stunde)
erfasst werden, oder kategorial, das heif3t in festen Gruppen oder Klassen (zum Beispiel
Frihschicht, Spatschicht, Nachtschicht)?

Anonym
zu verschiedenen schichtzeitpunkten
Expert Interviewer

Verstanden, die Schichtzeitpunkte sind also kategoriale Variablen, da sie in festgelegten
Gruppen (wie Frihschicht, Spatschicht, Nachtschicht) auftreten.

Nun zur ndchsten Frage: Gibt es bekannte Regeln oder Beziehungen zwischen den
Schichtzeitpunkten und dem Luftverbrauch bzw. dem Druck im System? Zum Beispiel,

dass zu bestimmten Schichten mehr oder weniger Luft verbraucht wird?
Anonym

ja

Expert Interviewer

Ausgezeichnet, es gibt also eine bekannte Beziehung zwischen den Schichtzeitpunkten
und dem Luftverbrauch bzw. dem Druck im System. Koénnten Sie mir ein paar typische
Beispielsituationen aus lhrer Erfahrung nennen, in denen diese Beziehung deutlich wird?
Zum Beispiel, in welchen Schichten der Luftverbrauch besonders hoch oder niedrig ist

und wie sich das auf den Druck auswirkt?



Anonym
in der frihschicht besonders hoch, bei pausenzeiten niedrig
Expert Interviewer

Danke fiir das Beispiel. Es zeigt, dass der Luftverbrauch in der Frihschicht besonders
hoch ist und wahrend der Pausenzeiten niedrig. Das hilft uns, die Beziehung zwischen

den Schichtzeiten und dem Luftverbrauch besser zu verstehen.

Néchste Frage: Gibt es zusatzliche Kontextfaktoren, die den Luftverbrauch oder den
Druck im System beeinflussen konnten? Denken Sie beispielsweise an

Umgebungstemperaturen, die Anzahl der aktiven Maschinen oder Wartungszyklen.
Anonym

nur die anzahl der verschiedenen maschinen

Expert Interviewer

Verstanden, die Anzahl der verschiedenen Maschinen ist also ein weiterer relevanter

Kontextfaktor.

Nun zur nachsten Frage: Gibt es eine zeitliche Verzogerung zwischen der Anderung in
den unabhangigen Variablen (wie Schichtzeiten und Anzahl der Maschinen) und der
Anderung des Drucks, der abhangigen Variable? Zum Beispiel, dauert es eine gewisse
Zeit, bis sich eine Anderung in den Schichtzeiten oder der Anzahl der Maschinen auf den

Druck im System auswirkt?
Anonym

ja

Expert Interviewer

Verstanden, es gibt also eine zeitliche Verzogerung zwischen den Anderungen in den
unabhangigen Variablen (Schichtzeiten und Anzahl der Maschinen) und der Auswirkung

auf den Druck im System.



Nun zur Datenverfiigbarkeit: Welche Daten stehen Ihnen aktuell zur Verfugung, die fur
das Training des maschinellen Lernmodells genutzt werden kdnnten? Sind diese Daten
reprasentativ fir die normalen Betriebsbedingungen? Zum Beispiel Daten Uber den

aktuellen Druck im System, Schichtplane, Anzahl der Maschinen, etc.
Anonym

ja

Expert Interviewer

GroRartig, Sie haben also Zugang zu Daten, die reprasentativ fir die normalen
Betriebsbedingungen sind. Diese umfassen den aktuellen Druck im System, Schichtpléne
und die Anzahl der Maschinen.

Zum Abschluss, wie wiirden Sie am Ende des Projekts messen, ob Ihr Problem durch das
maschinelle Lernen gelost wurde? Welche Kriterien oder Metriken wiirden Sie

verwenden, um den Erfolg des Projekts zu bewerten?
Anonym

eine Ubergeordnete steuerung, die ausgelesen werden kann
Expert Interviewer

Verstanden, der Erfolg des Projekts kann durch eine Ubergeordnete Steuerung bewertet
werden, die auslesbar ist. Dies konnte bedeuten, dass Sie nach der Implementierung des
maschinellen Lernmodells prufen, ob die Steuerung des Druckluftsystems effizienter und

den variierenden Anforderungen entsprechend angepasst wird.

Basierend auf unseren Diskussionen, hier ist ein vereinfachtes Modell fir Ihr

maschinelles Lernprojekt:
1. Abhéngige Variable (Ziel):
e Druck im System zu einem bestimmten Zeitpunkt.

2. Unabhangige Variablen (Einflussfaktoren):



Schichtzeitpunkte (kategorial): Frihschicht, Spatschicht, Nachtschicht, etc.

Anzahl der aktiven Maschinen (kontinuierlich oder kategorial, je nach

Datenerfassung).
Beziehungen:

Hoherer Luftverbrauch und damit hdherer Druckbedarf wahrend der Frithschicht und

niedrigerer Verbrauch wahrend der Pausenzeiten.

Zeitliche Verzogerung zwischen der Anderung in  Schichtzeiten bzw.

Maschinenanzahl und der Auswirkung auf den Druck.

. Zusatzliche Kontextfaktoren:

Mdglicherweise Umgebungseinflisse, Wartungszustande oder andere

Betriebsbedingungen.

Daten:

Aktuelle Druckdaten, Schichtplédne, Anzahl der Maschinen.
Erfolgsmessung:

Effizienz und Anpassungsfahigkeit der tibergeordneten Druckluftsteuerung.

Fir die Umsetzung dieses Modells in ein maschinelles Lernprojekt empfehle ich, die

Daten sorgfaltig zu sammeln und aufzubereiten, insbesondere die Zeitverzégerungen

zwischen den Anderungen der unabhéngigen Variablen und den Auswirkungen auf den

Druck zu erfassen. Ein Data Scientist kann dann ein geeignetes maschinelles Lernmodell

auswahlen und trainieren, zum Beispiel ein Zeitreihen-Vorhersagemodell oder ein

regelbasiertes System, je nach Datenstruktur und -qualitat.

Haben Sie noch weitere Fragen oder bendtigen Sie weitere Unterstiitzung bei der

Modellentwicklung?

Anonym

nein



Expert Interviewer

In Ordnung, falls Sie in der Zukunft weitere Unterstiitzung benétigen oder Fragen haben,
stehe ich lhnen gerne zur Verfigung. Viel Erfolg bei lhrem Projekt zur

Druckluftsteuerung! Auf Wiedersehen!
Anonym

danke

Expert Interviewer

Gern geschehen! Wenn Sie in Zukunft weitere Fragen haben, z6gern Sie nicht, mich zu
kontaktieren. Alles Gute fiur Ihr Projekt! Auf Wiedersehen!

Interview 2: Qualitat der Kunststoffteile (28. November 2023)

Anonym
hi
Expert Interviewer

Hallo! Wie kann ich Ihnen helfen, maschinelles Lernen auf lhr spezifisches Problem
anzuwenden? Koénnen Sie mir zuerst Ihren Arbeitsbereich und das Problem, das Sie l6sen

mochten, beschreiben?
Anonym

ich mochte gerne anhand von datenanlyse nicht voll ausgespritzte teile im
kunststoffprozess entdecken oder vorhhersagen

Expert Interviewer

Verstehe, Sie mochten also  maschinelles Lernen nutzen, um im
Kunststoffverarbeitungsprozess nicht vollstdndig ausgespritzte Teile zu identifizieren
oder deren Auftreten vorherzusagen. Um Ihnen bei der Erstellung eines mathematischen

Modells zu helfen, bendtige ich einige weitere Informationen.



Lassen Sie uns mit dem abhdangigen Variablen beginnen, also dem, was Sie erreichen
mdchten. In Ihrem Fall scheint das die Erkennung oder VVorhersage von nicht vollstandig
ausgespritzten Teilen zu sein. Wie wirden Sie dieses Ergebnis quantifizieren oder
messen? Gibt es bestimmte Merkmale oder Indikatoren, die anzeigen, dass ein Teil nicht

vollstandig ausgespritzt ist?
Anonym

ja, es ist ein otpischer fehler, der immer an 1 oder 2 vorhersehbaren stellen am einzelteil
auftritt

Expert Interviewer

Verstanden. Der optische Fehler an ein oder zwei vorhersehbaren Stellen am Einzelteil

ist also der abhangige Variable, den wir messen mdchten.

Nun zu den unabhéngigen Variablen, also den Faktoren, die moglicherweise Einfluss auf
das Auftreten dieser Fehler haben. Kénnen Sie einige dieser Faktoren benennen? Welche
Aspekte des Kunststoffverarbeitungsprozesses koénnten lhrer Meinung nach dazu

beitragen, dass diese Fehler auftreten?
Anonym

meinst du mit faktoren die ursache?
Expert Interviewer

Ja, genau. Mit Faktoren meine ich die mdglichen Ursachen oder Einflisse, die dazu
fihren konnten, dass der optische Fehler auftritt. Das kodnnen Aspekte des
Herstellungsprozesses, der verwendeten Materialien, der Maschineneinstellungen oder

ahnliche Dinge sein. Kénnen Sie einige dieser potenziellen Ursachen nennen?
Anonym

ok, die ursache ist meistens durch wechselwirkung zwischen material und ist-parameter.
das bedeutet also, dass beispielsweise schwankungen im material die stabilitat der

prozessparameter negativ beeinflussen



Expert Interviewer

Vielen Dank fur die Klarstellung. Die Wechselwirkung zwischen dem Material und den

Ist-Parametern des Prozesses ist also eine wesentliche Ursache fiir das Problem.
Um dies weiter zu spezifizieren:

a) Wie konnen diese Wechselwirkungen gemessen oder quantifiziert werden? Gibt es
spezifische Parameter des Materials oder des Prozesses, die Sie bereits tiberwachen?

Anonym

ja, wir Uberwachen einspritzeit, restmassepolster, einspritzdruck und dosierzeit und

belege sie mit einem toleranzfenster
Expert Interviewer

Ausgezeichnet, diese U(berwachten Parameter — Einspritzzeit, Restmassepolster,
Einspritzdruck und Dosierzeit — sind wichtige unabhangige Variablen. Sie haben auch

erwéhnt, dass Sie diese mit einem Toleranzfenster belegen.
Nun zur ndchsten Frage:

b) Sind diese Variablen (Einspritzzeit, Restmassepolster, Einspritzdruck, Dosierzeit) und
die Wechselwirkungen zwischen Material und diesen Parametern kontinuierlich oder
kategorial? Zum Beispiel, werden Einspritzzeit und Druck als kontinuierliche Werte (wie
2,5 Sekunden, 150 bar) oder in Kategorien (wie hoch, mittel, niedrig) erfasst?

Anonym
es sind kontinuirliche werte
Expert Interviewer

Verstanden, diese Variablen sind also kontinuierlich. Das ist wichtig fur die Art des

mathematischen Modells, das wir entwickeln.

c) Gibt es bekannte Regeln oder Beziehungen zwischen diesen Variablen (Einspritzzeit,

Restmassepolster, Einspritzdruck, Dosierzeit) und dem Auftreten des optischen Fehlers?



Zum Beispiel, wenn der Einspritzdruck zu hoch oder zu niedrig ist, tritt der Fehler
haufiger auf? Oder wenn die Einspritzzeit aullerhalb eines bestimmten Bereichs liegt,

erhoht sich das Risiko eines Fehlers?
Anonym

tendenziell kann man sagen, dass sich das risiko auf nicht voll ausgespritzte teile erhéht
indem moment wo der einspritzdruck sinkt. sinken bedeutet vom referenzpunkt
abweichen. da der einspritzdruck eigentlich konstant ist, kann man schwankungen im

material erkennen, wenn er sinkt.
Expert Interviewer

Das ist eine wichtige Information. Also besteht eine Beziehung zwischen dem Sinken des
Einspritzdrucks (vom Referenzpunkt abweichen) und dem erhéhten Risiko fir nicht
vollstandig ausgespritzte Teile. Dies deutet darauf hin, dass der Einspritzdruck ein

Schlusselfaktor ist, der eng Giberwacht werden sollte.

d) Konnten Sie typische Beispielsituationen aus Ihrer Erfahrung nennen, in denen diese
Art von Fehlern auftrat? Dies kénnte uns helfen, das Problem besser zu verstehen und das

Modell praziser zu gestalten.

Anonym

ich weiss noch nicht was eine typische beispielsituation sein konnte.
Expert Interviewer

Kein Problem, wir kénnen diesen Punkt Gberspringen und direkt zur nachsten Frage

tbergehen.

e) Gibt es zuséatzliche Kontextfaktoren, die beriicksichtigt werden sollten? Zum Beispiel
Umgebungsbedingungen wie Temperatur oder Luftfeuchtigkeit, die Einfluss auf den
Prozess haben konnten? Oder andere Faktoren, die nicht direkt mit den bisher genannten

Parametern zusammenhangen, aber dennoch relevant sein kdnnten?



Anonym
ja, umgebungsklima hat einfluss auf das granulat. vorwiegend luftfeuchtigkeit
Expert Interviewer

Vielen Dank fiir diese Information. Die Luftfeuchtigkeit als Teil des Umgebungsklimas
kann also das Granulat beeinflussen und ist somit ein weiterer wichtiger Faktor in

unserem Modell.

f) Gibt es Zeitverzdgerungen zwischen der Anderung der unabhéngigen Variablen (wie
Einspritzdruck, Luftfeuchtigkeit) und der Anderung des abhingigen Variablen (dem
Auftreten des optischen Fehlers)? Anders gefragt: Wenn sich zum Beispiel der
Einspritzdruck oder die Luftfeuchtigkeit &ndert, wie schnell wirkt sich das auf die Qualitat

der Teile aus?
Anonym

wenn sich der einspritzdruck &ndert, also sinkt, dann wirkt es sich inline auf das teil aus.
wenn sich luftfeuchtigkeit &ndert, dann wirkt sich das verzogert aus. es ist also so, dass
sich erst die luftfeuchtigkeit (warschinlich) &andert, bevor dann irgendwann der

Einspritzdruck sinkt oder steigt
Expert Interviewer

Das ist eine wichtige Unterscheidung. Direkte Auswirkungen des Einspritzdrucks auf das
Teil und verzogerte Effekte der Luftfeuchtigkeit auf das Granulat und letztendlich auf

den Einspritzdruck.

g) Welche Daten stehen Ihnen zur Verfligung, und sind diese Daten reprasentativ? Haben
Sie Dbeispielsweise historische Daten Uber Einspritzdruck, Luftfeuchtigkeit, und
aufgetretene Fehler? Sind diese Daten umfassend und decken sie verschiedene
Situationen und Bedingungen ab?

Anonym

nein, es sind noch keine daten vorhanden



Expert Interviewer

Okay, das Fehlen von historischen Daten ist eine Herausforderung, aber nicht
unuberwindbar. Fur die Entwicklung eines prazisen maschinellen Lernmodells wére es
ideal, Daten Uber einen gewissen Zeitraum zu sammeln, einschliellich der
Einspritzdruckwerte, Luftfeuchtigkeitswerte und der Auftrittshdufigkeit des optischen
Fehlers. Diese Daten wirden es ermdglichen, Muster und Beziehungen zwischen den

Variablen zu identifizieren.

Zum Abschluss, wie wiirden Sie am Ende des Projekts messen, ob Ihr Problem durch
maschinelles Lernen gel6st wurde oder nicht? Welche Kriterien oder Metriken wirden

Sie verwenden, um den Erfolg zu bewerten?
Anonym

da gibt es 2 moglichkeiten. low cost variante wére: Stichproben. best practice ware:

Kamerprifung, also 100% prufung
Expert Interviewer

Verstanden. Die Erfolgsmessung konnte entweder durch Stichproben oder, in einer
umfassenderen Variante, durch eine 100%ige Prifung mittels Kamerakontrolle erfolgen.

Beide Methoden haben ihre Vor- und Nachteile in Bezug auf Kosten und Genauigkeit.

Basierend auf den Informationen, die Sie mir gegeben haben, kdnnte das mathematische

Modell wie folgt aussehen:
1. Abhé&ngige Variable (Zielvariable):

e Auftreten des optischen Fehlers (Ja/Nein oder Wahrscheinlichkeit eines Fehlers)
2. Unabhéngige Variablen (Einflussfaktoren):

e Einspritzdruck (kontinuierlich)
o Luftfeuchtigkeit (kontinuierlich)
o  Einspritzzeit (kontinuierlich)

e Restmassepolster (kontinuierlich)



e Dosierzeit (kontinuierlich)
3. Beziehungen:
o Direkter Einfluss des Einspritzdrucks auf die Fehlerwahrscheinlichkeit

o Indirekter und verzdgerter Einfluss der Luftfeuchtigkeit auf den Einspritzdruck

und somit auf die Fehlerwahrscheinlichkeit

e Modgliche Wechselwirkungen zwischen den anderen Parametern und der

Fehlerwahrscheinlichkeit
4. Datenerfassung und Modelltraining:

o Da aktuell keine Daten vorhanden sind, empfiehlt es sich, Daten (ber einen

Zeitraum zu sammeln, um das Modell zu trainieren und zu validieren.
5. Erfolgsmessung:
«  Uber Stichproben oder eine 100%ige Kamerapriifung.

Ein Vorschlag waére, ein maschinelles Lernmodell zu entwickeln, das auf
Regressionsanalyse oder Klassifikation basiert, je nachdem, ob Sie die
Wahrscheinlichkeit eines Fehlers vorhersagen oder eine Ja/Nein-Entscheidung treffen
wollen. Es konnte sinnvoll sein, mit einem einfacheren Modell zu beginnen und es zu

verfeinern, wenn mehr Daten verfugbar sind.
Haben Sie noch weitere Fragen oder benétigen Sie zusatzliche Informationen?
Anonym

gibt es vorschlage deinerseits zum stichproben iintervall? Also wie hauftig sollten
stichproben durchgefiihrt werden um das modell angemessen zu trainieren, wenn ich

keine 100% implementieren kann



Expert Interviewer

Die Festlegung des Stichprobenintervalls fiir die Datenerfassung ist eine wichtige
Entscheidung, die die Qualitat und Aussagekraft Ihres maschinellen Lernmodells

beeinflussen kann. Hier einige Uberlegungen und Vorschlage:

1. Variabilitat des Prozesses: Betrachten Sie, wie oft sich die Bedingungen in Ihrem
Prozess &ndern. Wenn Sie beispielsweise haufige Schwankungen in Faktoren wie
Einspritzdruck oder Luftfeuchtigkeit haben, sollten Sie hdufiger Stichproben nehmen,

um diese Variabilitat zu erfassen.

2. Auftretenshaufigkeit des Fehlers: Wenn der Fehler relativ selten auftritt, benotigen
Sie mehr Stichproben Uber einen ldngeren Zeitraum, um genugend Instanzen des

Fehlers flr das Training des Modells zu sammeln.

3. Ressourcen und Machbarkeit: Berlcksichtigen Sie Ihre verfugbaren Ressourcen.
Hé&ufigere Stichproben bieten mehr Daten, kénnen aber auch teurer und aufwendiger
in der Handhabung sein.

4. Statistische Signifikanz: Je mehr Daten Sie haben, desto genauer kann das Modell
werden. Allerdings gibt es einen Punkt, an dem mehr Daten nur noch marginale

Verbesserungen bringen.

Als allgemeine Empfehlung konnte ein gutes Ausgangsintervall fur Stichproben einmal
pro Schicht oder einmal téglich sein, je nachdem, wie schnell sich lhre
Prozessbedingungen &ndern. Wenn moglich, versuchen Sie, Stichproben in
verschiedenen Betriebsbedingungen (z.B. zu verschiedenen Tageszeiten, unter
verschiedenen Wetterbedingungen) zu nehmen, um eine breite Datenbasis zu

gewadhrleisten.

Es ware auch hilfreich, eine Pilotphase durchzuftihren, in der Sie das Stichprobenintervall
testen und anpassen, um zu sehen, wie gut es funktioniert und ob die gesammelten Daten

reprasentativ und nutzlich fir das Training lhres Modells sind.

Haben Sie weitere Fragen oder gibt es noch etwas, bei dem ich helfen kann?
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