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Kurzfassung

Diese Dissertation untersucht die Integration von Menschen und kiinstlicher Intelligenz
(KI) in diagnostische Aufgaben, wobei der Schwerpunkt auf der Benutzererfahrung
und der Interaktion in erkliarbaren KI-Systemen (XAI) liegt. Im Mittelpunkt dieser
Forschung steht die Entwicklung des Konzepts der subjektiven Informationsverar-
beitungswahrnehmung (SIPA), das sich mit der Benutzererfahrung bei der automa-
tisierten Informationsverarbeitung befasst. Die Arbeit befasst sich mit der zunehmenden
Abhéngigkeit von KI bei der Automatisierung der Informationsverarbeitung in kritis-
chen Bereichen wie dem Gesundheitswesen, wo Transparenz und menschliche Aufsicht
durch erkldrbare Systeme ermdoglicht werden kénnen. Auf der Grundlage von The-
orien zur Mensch-Automation-Interaktion entwickelt und validiert diese Forschung
ein Modell der integrierten Mensch-KI-Informationsverarbeitung. Vier empirische
Studien untersuchen die automatisierungsbezogene Benutzererfahrung in verschiedenen
Kontexten: digitale Kontaktverfolgung, automatisierte Insulinabgabe, Kl-gestiitzte
Mustererkennung und Kl-basierte Diagnostik. Die Ergebnisse heben die psychologis-
chen Auswirkungen von KI-Erklarungen auf Vertrauen, Situationsbewusstsein und
Entscheidungsfindung hervor. Auf der Grundlage empirischer Erkenntnisse diskutiert
diese Dissertation das Konzept der ,Diagnostizitat® als zentrale Messgrofe fiir eine
erfolgreiche Mensch-KI-Integration und schlidgt einen Rahmen fiir die Gestaltung von
XAI-Systemen vor, die die Benutzererfahrung durch Anpassung an die menschliche In-
formationsverarbeitung verbessern. Die Dissertation schlieftt mit praktischen Leitlinien
fiir die Entwicklung menschenzentrierter KI-Systeme, wobei die Bedeutung von SIPA,
Benutzerbewusstsein, Systemtransparenz und der Aufrechterhaltung der menschlichen

Kontrolle in automatisierten Diagnoseprozessen hervorgehoben wird.
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Abstract

This dissertation investigates the integration of humans and artificial intelligence
(AI) in diagnostic tasks, focusing on user experience and interaction in explainable
AT (XAI) systems. Central to this research is the development of the Subjective
Information Processing Awareness (SIPA) concept, which deal with user experience
in automated information processing. The work addresses the increasing reliance
on Al for automating information processing in critical domains such as healthcare,
where transparency and human oversight may be enabled through explainable systems.
Drawing on theories of human-automation interaction, this research develops and
validates a model of integrated human-Al information processing. Four empirical
studies explore automation-related user experience in different contexts: digital contact
tracing, automated insulin delivery, Al-supported pattern recognition, and Al-based
diagnosis. The findings highlight the psychological impacts of Al explanations on trust,
situation awareness, and decision-making. Based on empirical findings, this dissertation
discusses the concept of "diagnosticity" as a central metric for successful human-Al
integration and proposes a framework for designing XAl systems that enhance user
experience by aligning with human information processing. The dissertation concludes
with practical guidelines for developing human-centered Al systems, emphasizing the
importance of SIPA, user awareness, system transparency, and maintaining human

control in automated diagnostic processes.
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1 Introduction

"The question is no longer how to distribute the fruits of labor fairly, but how to

make the consequences of not working bearable.” - Anders (1980, p. 80)

As humans, we have the ability to make diagnostic decisions (Baron et al., 1988),
that is, formulate and test hypotheses based on available information to arrive
at conclusions about the world (Meder & Mayrhofer, 2017) - we wonder, which
clothes are the right choice for a day, which treatment will help us to feel better
or what podcast we want to listen to. Sometimes, we use technology to support
that decision - be it the weather forecast, a symptom-checker application or a
recommendation system for podcasts. Our ability to gather information, analyze it
and reach a conclusion is the backbone of what we describe as intelligence (Turner,
1992). However, the human ability to process information is not perfect: we are
prone to bias (Norman & Eva, 2010), make mistakes (Nendaz & Perrier, 2012), need
to develop skills (Bowen, 2006) and are limited by resources like time and attention
(see Wickens et al., 2021) to make a successful diagnosis. In addition, the amount of
information humans can memorize and process is limited (Norman & Eva, 2010). Yet,
the amount of information available for diagnostic processes has increased immensely
(e.g., for cancer detection as described by Levine et al., 2019), especially through
new technology in the form of sensors, storage and algorithms, generating more data
than humans can process. Along with a rising amount of (digital) information, i.e.,
more information for diagnostic tasks, the need for technology to handle those tasks
leads to the revival of Artificial Intelligence (AI), enabled by the availability of data

and the performance of modern processors (Sheikh et al., 2023).

AT automates information processing and changes the role of humans in diagnostic

tasks. While human decision makers were previously tasked with acquiring informa-



tion (for example, the initial medical history in the frame of diagnosis), automated
systems (and as part of them intelligent sensors technology) are now implemented
(Naugler & Church, 2019) for data acquisition. Due to the sheer volume of available
data and tasks, pre-processing of information by Al is also desirable, e.g., to mark
conspicuous values or cases and thus also intervene in the information analysis.
Even diagnostic decisions and subsequent actions are increasingly automated, e.g.,
in medicine (Gondoes & Dorfler, 2024; Naugler & Church, 2019) when choosing
the best available treatment, leading to a high level of automation of medical Al
systems. Since Al systems take over information processing, it changes the human
role profoundly: we may no longer review all relevant information (and, indeed, we
cannot), nor do we assess the relevance of various factors ourselves. Instead, we
rely on automated recommendations for diagnosis.. That implies, the design and
implementation of Al systems can result in a loss of human ability to control and
be responsible for diagnostic processes (see e.g., Ahmad et al., 2023; Shneiderman,
2020b). Accordingly, various governmental institutions have issued regulations and
requirements for Al in critical domains as the medical domain (see European Union,
2024; Ho et al., 2019). At the time of writing this dissertation, the regulation with the
largest affected market is the European Union Artificial Intelligence Act (AIA), which
places a number of requirements on Al systems in the medical field (Gilbert, 2024),
including but not limited to requirements such as transparency, human oversight,

and traceability.

One approach to meet the ethical and legal requirements of AT applications (e.g., legal
requirements of the AIA) is based on in the research and development of explainable
AT (XAI, Gunning and Aha, 2019). XAI aims to improve the comprehensibility of Al
systems and their results through suitable explanation methods such as salience maps
(Borys et al., 2023), counterfactual explanations (Stepin et al., 2021) or Shapley
Values (H. Chen et al., 2021). However, the question to what extent explanations must
also be adapted to humans in order to limit the potential risks of Al-based automation
was brought more into focus with human-centered XAI (HCXAI, Ehsan et al., 2021).
HCXALI characterizes the same question that forms the basis of this dissertation: How
do we need to integrate Al systems with human users to achieve optimal automation-
related user experience and improve interaction between humans and Al systems

(Ehsan et al., 2021), e.g., to achieve performance, quality and satisfaction? This



question is - especially in medical systems - central to enabling a human-centered and
responsible use of Al systems (see Shneiderman, 2020a). Whether explanations are

an effective way to achieve human-Al integration constitutes a substantial research

gap.

Specifically, when this work was started, the effect of Al-based explanations on
human decision-making in diagnostic tasks was largely unexplored. This was also due
to a lack of appropriate operationalizations and measures (Hoffman et al., 2023) for
interdisciplinary research of XAI's effect on human users (Weitz, 2022). Therefore,
the first aim of this thesis was to embed the psychological effects of XAI in the
broader existing literature on human-automation interaction and to examine concepts
for the evaluation of XAI systems. For this purpose, the research presented in this
work was based mainly on existing research on situation awareness (M. R. Endsley,
1995), information processing (see Parasuraman et al., 2000), and action regulation
(Carver & Scheier, 2000) and transferred to the interaction between humans and
Al Based on the construction of the Subjective Information Processing Awareness
(SIPA) scale, empirical studies were conducted, where diagnostic tasks (mainly with
a medical focus) were examined. Developed measurement methods were evaluated

psychometrically and in terms of their usefulness as an indicator of the quality of
HCXAL

This work comprises four first-authored articles in the field of human-technology
interaction, submitted to internationally high-ranking journals or conferences. In
addition, the results published in three papers with co-authorship (Attig et al., 2024;
Calero Valdez et al., 2024; Wester et al., 2024) and a total of three first-authored
conference papers (Schrills & Franke, 2020; Schrills, Zoubir, et al., 2021; Schrills et al.,
2023), which are thematically related to the research question of this dissertation,

are integrated into the synopsis and cited, where appropriate.

In the synopsis I first discuss the definition of human-Al interaction based on
an interdisciplinary perspective and how existing research on human-automation
interaction can guide research in human-AT interaction (see section 2). Building on
this foundation, the development of XAl as an answer to challenges of human-Al
interaction (see section 2.3), metrics to evaluate XAl (see section 2.3.2) and an

overview of existing XAl research (see section 2.3.3) are described. Four key research



articles (see sections 4-7) are presented to demonstrate the research findings and

motivate the design of the presented model of integrated information processing.

The subsequent chapters integrate the results of the studies presented in this dis-
sertation and introduce the concept of diagnosticity as a central metric to achieve
successful integration of human and machine information processing (see section
8.2). In addition, a conceptual model depicting central components of integrated
information processing of humans and Al systems is derived and discussed (see
section 8.3). Finally, the implications of the presented studies and the theoretical

conclusions are discussed (see section 8.5).

List of published /submitted papers:

1. Schrills, T., & Franke, T. (2023). How do users experience traceability of
Al systems? Examining Subjective Information Processing Awareness in Au-
tomated Insulin Delivery (AID) systems. ACM Transactions on Interactive
Intelligent Systems, 13(4), 1-34.

2. Schrills, T., Kojan, L., Gruner, M., Calero-Valdez, A., & Franke, T. (2024)
Effects of User Experience in Automated Information Processing on Perceived
Usefulness of Digital Contact Tracing Applications: Cross-sectional Survey
Study. JMIR Human Factors

3. Schrills T., Hoesterey., S., Franke, T., & Roesler, E. (2024) Questioning Trust
in AI Research? Exploring the Influence of Trust Assessment on Reliance in Al-

assisted Decision-Making. Submitted to Behaviour € Information Technology

4. Schrills T., van Berkel, N.n & Franke, T. (2024) Information Interdependence
in Human-AI Collaboration: Learners’ Perception and Performance in Coop-
erative Ultrasound Diagnosis. Submitted to Conference on Human Factors in

Computing Systems



2 Theorizing Human-Al Interaction

In a dissertation on Al, the first challenge is to define the term ’artificial intelligence’
to reach a scientific working definition. This challenge has already been addressed
in textbooks on Al at an introductory level (Russell & Norvig, 2020), and it is
subject to ongoing refinement as new technologies emerge and existing ones evolve
(e.g., Thirunavukarasu et al., 2023). In essence, a systematic approach to defining
Al entails outlining the characteristics of a system that exemplifies attributes of
intelligence (like McCarthy, 2007). Possible definitions may encompass aspects
such as the application task of the system, the architecture of the system, or the
performance of the system, e.g., in learning (see P. Wang, 2019). The first objective
of this section is to develop a working definition of Al that is based on the integration

of perspectives of multiple disciplines on Al

In order to engage in a meaningful discourse on the theory of Human-AI Interaction
(HAI), it is imperative to draw upon insights from a multitude of disciplines, including
computer science, cognitive psychology, human factors and ergonomics, engineering
psychology, and information science (for a discussion of the relevance of psychology
in design of human-computer interaction, see Carroll, 1997). Each discipline offers a
distinctive perspective, methodology, and set of assumptions that can contribute to
a human-centered understanding of HAI, thereby facilitating theory-driven research
of XAI systems. To illustrate, computer science provides the technical foundations
and algorithms that underpin methods of Al, including perturbation methods (see
Bosch et al., 2021). Cognitive psychology offers insights into human information
processing for action regulation in decision-making (Estes, 2014), for example, into
how information is utilized to evaluate a hypothesis. Engineering psychology, in
conjunction with human factors and overlapping with cognitive psychology, is con-

cerned with understanding the interaction between humans and automated systems



(see Poulton, 1966; Wickens et al., 2021). It examines how systems may promote
biases or complacency and enhance overall indicators such as performance. The
convergence of multiple psychological perspectives can facilitate the development of
a robust framework for analyzing and improving HAI, as well as defining Al in the

context of this thesis.

2.1 Defining Al & Human-Al Interaction

The process of defining Al in the context of HAI inherently involves balancing
different domains, as the definition shapes the scope and focus of HAI research. Al
can be defined as the capability of machines to perform tasks that typically require
human intelligence, such as learning, reasoning, problem-solving, perception, and
language understanding (cf. Minsky, 1961). However, this definition is flawed given,
that human intelligence is difficult to define or, to be precise, so difficult to define,
that there is no single definition of intelligence (Jensen III et al., 2022). Conversely,
more technology-focused definitions of AI may prioritize specific implementations,
such as machine learning, natural language processing, or robotics (cf. Vashishth
et al., 2023). The various definitions direct attention to different facets of HAIL
For instance, a definition focused on robotics emphasizes the physical interactions
and the embodiment of Al systems (see Chrisley, 2003), as well as the impact of
anthropomorphic features on HAI. Conversely, a definition based on machine learning

highlights the continuous learning and the influence of system adaptation on HAI.

First, a technological-driven discussion of Al is centered around the technology and
its capabilities, including AI’s capability to learn, act autonomously and adopt, e.g.,
trough reinforcement learning. That is, Al is mainly discussed as machine learning,
which can be defined as most simply the application of statistical models to data
using computers. Machine learning uses a broader set of statistical techniques than
those typically used in medicine. Newer techniques such as Deep Learning (DL) are
based on models with less assumptions about the underlying data and are therefore
able to handle more complex data (Miotto et al., 2018). Defining Al based on the
technologies implemented, particularly through the lens of machine learning, leads

to a discussion of HAI predominantly revolving around humans as recipients of



algorithmic output and the processes involved in generating these algorithms (see
also Hardy and Harvey, 2020). Machine learning that is usually defined as a sub-field
of Al (Kiihl et al., 2020), involves training algorithms on large datasets to recognize
patterns and make predictions or decisions without explicit programming for each
task. Accordingly, a technology-driven definition of Al restricts the human role as the
entity to carry out or observe model training, validation, and deployment. Defining
a more observing and fine-tuning role for humans also underscores the importance
of transparency of training data sets, as humans are responsible for adjusting the
model’s creation process or form, but do not interact with it. Biased training data
(Mac Namee et al., 2002) is potential sources of errors and a technological definition
might focus on technology or data as sources of error. That is, the role of humans
as users, their experience with machine learning systems and how their ability to
cooperate with machine learning systems affects HAI is less represented in this

definition.

An alternative perspective on Al is that of Human Factors, which identifies the
tasks and goals that can be pursued by different entities, whether human or machine
(Chignell et al., 2023). For instance, the European Union defines Al as 'a machine-
based system that is designed to operate with varying levels of autonomy and
that may exhibit adaptiveness after deployment, and that, for explicit or implicit
objectives, infers, from the input it receives, how to generate outputs such as
predictions, content, recommendations, or decisions that can influence physical or
virtual environments’ (European Union, 2024, Article (3), Paragraph (1)). From
one perspective, this definition characterizes Al as a form of adaptive automation,
which reflects the manner in which humans may employ Al systems. Conversely,
the definition is task-oriented, delineating the potential applications of the system,
rather than process-oriented, describing the methodologies or technologies that may
be employed to achieve a goal. This perspective portrays Al as systems that can
enhance human capabilities, automate repetitive or complex tasks, and facilitate
goal achievement (cf. Raisamo et al., 2019). It is noteworthy that automation can be
defined as ’a device or system that accomplishes a function that was previously, or
could be, carried out (partially or fully) by a human operator’ (Parasuraman et al.,
2000, p. 287). In examining Al as a form of automation, human factors research

seeks to optimize the allocation of tasks between humans and Al with the aim of



enhancing joint human-system performance and user experience. The theoretical and
design concepts that are of particular importance in this field include, for instance,
mental workload, situation awareness, and human-in-the-loop systems, which entail
the integration of humans and Al processes for the purpose of accomplishing tasks
(see e.g., Gil et al., 2019). This integration of human and machine processes is
frequently subject to analysis, for example in terms of usability, adaptability, and the
effectiveness of Al in supporting human decision-making and actions (e.g., Boreak,

2020; Lin et al., 2019; Reverberi et al., 2022).

2.1.1 Information Processing in Diagnostic Tasks

If we consider Al to be a form of automation, it is necessary to identify the specific
processes that are being automated. In general, automation as part of Al refers
to the processing of information, as will be explained in the following section. It
is evident that embodied, physically acting systems are also capable of performing
physical tasks, such as cleaning objects, driving a vehicle, or in the medical domain
(for example, Pineau et al., 2003). However, it can be argued that these abilities are

also underpinned by their ability to efficiently process information.

The academic study of information processing emerged concurrently with the advent
of contemporary computer systems in the 1950s, as exemplified by the contributions
of Donald Broadbent (see Broadbent, 1965; Broadbent, 1958 and later Broadbent,
1982). Information processing, as defined by Broadbent, describes the acquisition
of information (also referred to as input), as well as the subsequent analysis of this
information to generate a decision or action (referred to as output). These terms
reflect the close relationship between the development of cognitive psychology and
computer engineering between 1950 and 1970. During this period, computer systems
were used as metaphors (Simon & Newell, 1964) to describe and study cognitive
processes. In HAI, information processing can be employed to achieve a variety
of objectives, including diagnostic decision-making, which entails identifying and

resolving issues based on data analysis (Jussupow et al., 2021).

In a multitude of fields, including healthcare, engineering, and finance, the ability to

make accurate and timely diagnostic decisions is of paramount importance, as the



identification of problems can have significant implications (see e.g., Lyratzopoulos
et al., 2015). Decision Support System (DSS) thus represent a subset of Al systems
that are designed to recommend or support the selection of a specific diagnosis for
human users. In the field of healthcare Al, the role of Al in supporting diagnostic
decisions encompasses a range of functions, including data aggregation, pattern
recognition, hypothesis generation, and hypothesis evaluation or recommendation of
specific decisions or actions Liu et al. (2019). In order for effective HAI to occur in
this context, it is necessary for Al systems to be not only accurate and reliable, but
also transparent and traceable. This allows human users to understand and rely on
the AI’s output.

Parasuraman et al., 2000 present a four-stage model of human information processing,
which provides a framework for understanding the cognitive activities that occur
during task performance. The aforementioned stages of information processing can
be exemplified in the context of medical diagnosis, whereby the interactions and

processing of information by a physician can be observed and analyzed.

The process of information acquisition includes the sensing and registration of input
data, which serves to support human sensory processes. This stage encompasses the
positioning and orienting of sensory receptors, sensory processing, or preliminary
data pre-processing prior to full perception. In the context of a medical diagnosis, a
physician will typically commence the process by acquiring information from a range
of sources, including the patient’s history, the results of a physical examination, and
the results of any diagnostic tests that have been conducted. The physician listens
to the patient’s symptoms, observes the physical signs, and takes comprehensive
notes. This initial data collection serves to establish a comprehensive foundation for

subsequent analysis, ensuring the gathering of pertinent information.

The second stage, information analysis, describes perception and manipulation of
retrieved information within working memory. At this stage, cognitive operations in-
clude but are not limited to, integration and inference - however, cognitive operations
of information analysis do not yet involve the formulation of a decision. A physician
reviews the collected information and compares it with existing medical knowledge
in order to consider a range of potential diagnoses, i.e., hypotheses. The physician

integrates the various symptoms and test results in order to gain preliminary insight



into the patient’s condition. For example, the presence of a high fever, sore throat,
and white patches on the tonsils may prompt the physician to consider the possibility

of a bacterial infection.

The third stage, decision and action selection, describes the point at which decisions
are reached based on the cognitive processing that has occurred in the previous stage,
that is, the analyzed data is used to generate and select hypotheses. This stage
includes the selection of a decision alternative. Based on the analysis, the physician
formulates a potential diagnosis and selects an appropriate treatment plan or further
diagnostic tests to confirm the diagnosis and thereby increase the certainty of the
diagnosis. For example, if the symptoms and preliminary test results suggest the
possibility of a bacterial infection, the physician may choose to prescribe antibiotics

or order a blood test for further confirmation.

The final stage, action implementation, describes the implementation of a response
or action that is consistent with the decision reached. This stage encompasses
the actual execution of the selected action. Subsequently, the physician will pre-
scribe the appropriate medication, schedule follow-up appointments, or perform the
necessary procedure based on the diagnosis. In the event of a bacterial infection
being diagnosed, the physician will issue a prescription for antibiotics and provide
the patient with instructions, ensuring that they are fully aware of the treatment
plan and any subsequent follow-up requirements. This four-stage model offers a
simplified representation of the complexity of human information processing, while
simultaneously providing a useful framework for practical applications, such as the

design of automated systems in diagnostic tasks.

2.1.2 Al is automated information processing

In the present work AI is primarily discussed as the automation of information
processing, which encompasses a broad range of activities from data collection
and analysis to decision support and, eventually, leads to the execution of actions.
However, without including a capability-oriented discussion of automated information
processing systems (i.e., concerning the complexity of a problem), many systems

one would not expect to find within the Al definition, would indeed be defined
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as Al (e.g., a calculator). That is, defining Al solely as automated information
processing is not sufficient. Wang suggests defining intelligence as the capacity
of an information-processing system to adapt to its environment while operating
with insufficient knowledge and resources’ (P. Wang, 2019, p. 17), which in turn
also distinguishes intelligent from non-intelligent systems: non-Al systems are not
able to handle problems, that lack the prerequisites of, e.g., computation (see the
initial discussion of computing from Turing, 1936). For a more modern definition,
Goodfellow et al. describe computation as 'problems that are easy for people to
perform but hard for people to describe formally’ (Goodfellow et al., 2016, p. 1).
That is, the current description of problems as described by Goodfellow et al. cannot
be classified as computable, i.e., there is no sufficient description to deterministically
calculate a sufficient result. Describing problems that require Al to be solved in
that way does not exclude rule-based systems (as defined, e.g., in Duch et al., 2004),
but requires them to handle insufficient input (e.g., when not all symptoms can be
described in a diagnostic process), and to be able to still produce effective outputs.
Interestingly, when discussing why interpretability is needed in Al system, Doshi-
Velez and Kim (2017) also use the term incompleteness to refer to non-exhaustive
descriptions of the problems that a system is tasked with solving, which could also
describe which tasks can only be addressed by intelligent systems: incompletely
described tasks.

In the frame of the present research the following working definition for Al is used:
Al is defined as any machine-based system that carries out automated
information processing, operating with insufficient knowledge, data or
incomplete description of the task and relevant information, where insufficient
knowledge can usually be related to ambiguous rules to map the input of a system
to a definite output. This definition allows for the integration of models of human-
automation interaction, where the focus is on how automated systems can assist or
replace human involvement in processing information and making decisions, especially
when resources or knowledge are scarce. The following section provides an overview
of different perspectives on HAI, based on Al as the automation of information

processing in contexts characterized by insufficient knowledge or resources.
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2.2 Perspectives on Human-Al Interaction

The investigation of automated information processing becomes particularly intriguing
when human interaction is involved. The term ’interaction’ may be defined as a
transaction be- tween two entities, typically an exchange of information, but it can
also be an exchange of goods or services (Saffer, 2010), while interaction can be
described through more detailed lenses, e.g., interaction as experience (Hornbaek &
Oulasvirta, 2017). In accordance with Schmidt (2020, p. 2), the interaction between
humans and Al is defined by ’interactive exploration and manipulation in real time’
and is 'designed with a clear purpose for human benefit while being transparent
about who has control over data and algorithms’. The following sections seek to
gradually integrate the psychological concepts associated with Schmidt’s definition
into existing theoretical frameworks and develop them up to the questions of how

explanations work in Al.

2.2.1 Levels of Automation

A fundamental premise of this dissertation is that automation is not a dichotomous
concept; a task cannot be accomplished by either a single machine or a single human
being. Rather, the execution of a task can be an integrated process involving multiple

partners, including both human and machine.

This is reflected in the concept of degrees of automation, which represents a widely
used framework for structuring human interaction with automated systems. Origi-
nally, this framework was created by assigning various tasks to humans and machines
(e.g., Sheridan et al., 1978). The supervision of humans over intelligent controllers as
a solution to delays in tele-operative control of submarines was already a topic of
discussion in 1967 (see Ferrell and Sheridan, 1967). However, the tasks described by
Sheridan were initially limited to the question of how humans enact control over the
movement of submarines. Accordingly, the potential outcomes of the interaction were
constrained to the movement of those vehicles, rather than, for instance, diagnostic
categorization. In a broader discussion of machine-assisted information processing,

(Sheridan, 1992) subsequently focused on the human capacity to ascribe diagnostic
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value to information and utilize it in the context of diagnostic decisions. It is therefore
necessary to introduce the concept of diagnosticity. Diagnosticity is central to this
dissertation and describes the ability of a source of data to enable one to distinguish

between hypotheses (see 8.2).

The intensified research on human-automation interaction between the 1970s and
1990s resulted in the development of models of human-automation interaction that
varied in their level of detail. The increasing integration of human and machine
information processing, as well as the interdependence and observation between
human and machine in interaction, also constituted a central element in the devel-
opment of theoretical models. For example, models of human-machine interaction
are illustrated by multiple mirror loops representing supervisory control of machines
(see Sheridan, 1992). In this context, loops represent iterative interactions, whereby
feedback or reactions are exchanged between humans and machines. One frequently
cited model is the "Levels of Automation” LOA, which has been published in various
versions. The ten-level framework proposed by (Parasuraman et al., 2000) represents
the level of detail in the allocation of tasks and responsibilities described in earlier
studies. However, different LOA models with varying numbers of levels exist, for
example, the Society of Automotive Engineers defines five stages, accommodating
different scenarios of human-automation interaction (as discussed in Hopkins and
Schwanen, 2021).

The levels of automation are particularly pertinent in the context of the exercise of
control and the distribution of control between humans and machines, particularly
in the case of this work which employs AI. Control can be defined as 'the process of
applying energy and information according to rules in order to make specified system
responses conform as closely as possible to some standard or criterion’ (Sheridan
& Ferrell, 1974, p. 171), where rules describe a defined set of actions that can be
performed. The definition from Sheridan and Ferrell (1974) is more specific than that
of the Deutsches Institut fiir Normung (DIN, German Institute for Standardization),
which defines control in the light of Al management as ’any process, policy, device,
practice or other conditions and/or actions which maintain and/or modify risk’
(see “BS ISO/TEC 42001:2023: Information Technology — Artificial Intelligence
— Management System”, 2023, p. 5). Without delving into the syntactic debate
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surrounding the possibility of control without a goal, it is important to acknowledge
that the exercise of control in a shared information processing is inherently defined by
the fact that the resources provided by humans bring the system into a state that is
preferred by humans. This is why the narrower definition proposed by Sheridan and
Ferrell (1974) is more suitable for the present dissertation. The concept of control
can be augmented with the concept of autonomy, which can be defined as the absence
of external control (Deci & Ryan, 1987). When discussing the controllability of Al
systems, it is essential to consider these systems as systems that act with varying

degrees of autonomy but can be modified by human influence.

A substantial corpus of research has been conducted based on the LOA frameworks,
with the objective of examining the impact of different levels of automation on human
attention, trust, and performance, which are considered central variables for the
successful integration of automation into human tasks Onnasch et al., 2014; Schaefer
et al., 2016; Wickens et al., 2010). For instance, empirical results highlight the
necessity to strike a balance between automation and human involvement to prevent
issues such as automation complacency, whereby an overreliance on automated
systems can result in a reduction in vigilance and degradation of performance when
manual intervention is required , e.g. described by Molloy and Parasuraman, 1996.
This aspect is of utmost importance in safety-critical environments such as aviation,
but also healthcare, where human oversight (i.e., the ability of humans to effectively
control) remains essential despite high levels of automation. Prior research on human-
automation interaction has also demonstrated that the introduction of automation
has a significant impact on psychological variables of individuals using automation,
e.g., workload, skill, trust, and situation awareness (Parasuraman et al., 2000). Given
that humans interact with automated systems, the appropriate level of automation
depends on the task. Therefore, selecting the appropriate level of automation based

on the task is necessary to avoid undesirable effects.

In addition to the levels of automation, the stage of information processing at which
the automation is integrated can vary between different systems. As described above,
in the model from Parasuraman et al. (2000) a distinction is made between four
different stages of information processing: Information Acquisition, Information

Analysis, Decision Selection and Action Implementation. In the case of a medical
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diagnosis, for example, a system may be involved in automatically generating sensor
data (see E. M. Miller, 2020) that is used for the diagnostic process, leaving the
analysis and diagnosis itself under human control (as described in hybrid systems
such as Sherr et al., 2023). However, the collected symptoms could also be analyzed
by the system and assigned to clinical diagnoses (McLellan et al., 2023), for example.
Previous empirical studies have shown that the extent to which automation intervenes
in the diagnostic information processing can have a negative impact on the result
(see Bahner et al., 2008) - e.g., because failures by the system at this late stage may
have a more disruptive effect than in systems in which automation is used at most
up to the information analysis stage. That is, acceptance, trust and performance
may decline when too much automation is present in later stages of information

processing (Onnasch et al., 2014).

Given the significant impact that automation level can have on the outcome of
human-automation interaction, it may be advantageous to refrain from letting the
automation level be selected by the system itself. Instead, it may be more beneficial
to allow users to determine the optimal automation level based on their specific needs
and preferences. This is referred to as adaptable automation, which is in contrast to
self-adapting automation. The latter is designed to monitor the user’s workload or
vigilance and adjust the level of automation accordingly. Consequently, the effects
of adaptive automation on human performance, situation awareness, and workload
in dynamic control tasks have been extensively studied, for example, by Kaber and
Endsley (2004). The findings of their research indicated that intermediate levels of
automation are conducive to the maintenance of operator involvement and situation
awareness, which are pivotal for dynamic and complex task environments (Kaber
& Endsley, 2004). The findings indicated that low-level automation had a positive
impact on performance, whereas intermediate levels of automation led to enhanced
situation awareness. However, this did not always result in improved performance or

reduced workload.

In summary, LOA frameworks and autonomy and control distribution as a perspective
on Al provide a comprehensive approach to understanding and designing joint
information processing by humans and Al. This perspective aims to optimize system

performance while maintaining human oversight and engagement by focusing on the
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appropriate balance of autonomy and shared information processing. Concurrently,
the implications for not only for the individual but also for society have been subjected
to debate: For instance, the potential impact of reduced workload on human work
has been examined, as well as the ways in which high levels of automation reliability
might affect human self-esteem and the extent to which automation could negatively
impact human self-fulfillment (Sutton et al., 2018).

As previously discussed, the LOA framework was initially developed with the objective
of assigning distinct roles to human users and machines. However, during its evolution,
the framework has primarily focused on the concepts of autonomy and control.
Nevertheless, alternative models and research have employed LOA to examine the
allocation of diverse competencies and capabilities between human and machine

actors.

2.2.2 Interplay of Human and Al capabilities

Based on the idea of automation and shared task, a second perspective on HAI
encompasses frameworks that highlight the complementary strengths and collabora-
tive potential of human and machine capabilities. The aim of this approach is to
investigate to what extent human and mechanical capabilities are suitable for tasks or
sub-tasks and how the respective capabilities can be suitably combined. In doing so,
the corresponding models also focus strongly on the mutual dependency that exists
when solving tasks, e.g., because machines lack relevant sensor technology or humans
do not have the time to perform complex computational tasks or comparisons. Of
course, this capability-focused perspective cannot be considered completely indepen-
dently of LOA - because the reason for a certain level of automation is often based
on the individual capabilities of a partner (see Roth et al., 2019). Also, individual
autonomy plays a role in the evaluation and subsequent assignment of individual
capabilities, as interdependencies (see M. Johnson et al., 2014), for example, have to
be taken into account. Nevertheless, work that can be assigned to this perspective
focus on how the complementarity of two partners can be established. Accordingly,
capability-oriented research tries to identify how partners can exchange knowledge

or resources, e.g., information about medical history only a system can access or
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impressions of a patient’s health only observable by a physician. Thus, the concepts
discussed below also frequently form the basis for work in the field of human-Al

cooperation.

The here described, capability-focused perspective, has changed considerably over
the course of the second half of the 20th century. Although Birmingham and Taylor
still asserted that 'the man is best when doing least’, the concept of complementarity
was already being discussed seven years later (Birmingham & Taylor, 1954, p. 1752).
Furthermore, the necessity of allocating functions was elucidated in other works
(Chapanis, 1965). A number of subsequent research studies employed lists of functions
that prioritized either human or machine entities in the performance of specific tasks
(see also Fitts, 1951). However, the potential for transformation of specific processes
through automation was not fully appreciated. Rather than merely redistributing
sub-tasks, automation has led to the emergence of entirely new processes (see Dekker
and Woods, 2002). For instance, users of insulin pumps are no longer required to
prepare syringes for injection; instead, they must anticipate when they need to refill
the insulin into the pump, as this is not predicted by the majority of insulin pumps.
However, the evaluation of human tasks was based on parameters of the previously
non-automated task, for example, the frequency with which an insulin injection
is forgotten or the accuracy of the medication dose calculation. Consequently, a
significant number of tasks were based on technical, non-human-centered concepts,
such as the consideration of computational performance, but did not take into
account metrics that reflect the context of the task and potentially include the
cost of adopting higher degrees of automation. One potential limitation of this
performance-centric approach to assessing integrated human-machine information
processing is the emphasis on individual capabilities. A more fruitful avenue for
investigation would be to focus on identifying the optimal solutions for fostering
collaboration between diverse partners, including humans and machines (see Dekker
and Woods, 2002).

Specifically important for the present dissertation, the Human-Autonomy System
Oversight (HASO) model addresses system properties and interaction paradigms such
as LOA, adaptive automation, and granularity (M. R. Endsley, 2017). The system

properties "Transparency, Understandability, and Predictability,” which influence
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complexity, the mental model, and situation awareness (see M. R. Endsley, 1995), are
particularly relevant to the way automation-related user experience is framed in the
present dissertation. Situation awareness generally describes the human state of being
able to perceive, understand and predict the development of relevant information
in a situation. The development of situation awareness in the context of HAI has
already been described: for example, the HASO model illustrates the dependency of
situation awareness on system properties (e.g., that situation awareness is influenced

by the transparency of the model).

The extent to which (explaining) information in Al systems support situation aware-
ness or the formation of mental models has already been described by J. Y. C. Chen
et al. (2018) in their work on situation-awareness-based-transparency (SAT). The
aim of their approach is to align the information transfer of automated systems in
such a way that users have sufficient situation awareness. This is independent of
the technical benefit - but focuses on the human ability to act. For example, an
automated insulin pump could indicate that it is not injecting insulin due to exercise,
thereby increasing a person’s situation awareness. In their framework, J. Y. C. Chen
et al. (2018) present a more detailed overview of how the individual levels of situation
awareness can be supported by explanations - for example, salience maps can help

with understanding a system, but not with projecting results.

Although the described frameworks (HASO, SAT) offer valuable insights into the
design of systems that enhance situation awareness, there are still some areas where
these models lack precision. For instance, the HASO model does not provide clear
guidance on the quality metrics that should be used to assess human-centered
information processing. It can be reasonably assumed that enhanced information
processing has a beneficial impact on factors such as understandability, which in
turn affects situation awareness and situation models. However, the precise nature
of this relationship remains unclear. The broad definition provided in the HASO
model can be attributed to the inherent difficulty in defining many aspects of the
HASO model across different domains. Consequently, the work presented in this
dissertation primarily relates to (health) diagnostic processes. Another point of
discussion in the context of situation awareness is the discrepancy between human

experience and behavior, which has been previously identified in the field of artificial
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intelligence, particularly in relation to trust and reliance (see Hoesterey and Onnasch,
2023; Papenmeier et al., 2022; Ueno et al., 2023). When applied to Al, there is a
risk that users may perceive that they are in the loop of the system and can detect
errors, yet fail to exhibit the requisite behavior. This phenomenon, analogous to
the illusion of explanatory depth, represents a potential risk that explanations can
exacerbate. The second study of this dissertation addresses this risk and discusses
the potential issues that can arise from discrepancies in experience and behavior
in relation to situation awareness. In the domain of HAI, systems that alter an
individual’s experience without enhancing their capacity to act present a significant
hazard. In particular, XAl is the subject of intense debate, as explanations may
exacerbate erroneous assumptions users have about their information processing
awareness. The development of LLM (Wei et al., 2022), which are optimized with the
help of human reinforcement training (Ouyang et al., 2022) and in which users must
be able to recognize hallucinations (Xu et al., 2024), also demonstrates the necessity
to bridge the gap between a person’s experience of automated information processing
and their actions (e.g., performance in the detection of hallucinated information, i.e.,

data that seems to fit a task but is not adequate).

In summary, understanding users’ awareness of information processing involving
AT may change users’ ability to exert control over the tasks that are automated.
Therefore, situation awareness is important to design Al systems in diagnostic tasks.
One strategy to keep users in the loop while increasing the level of automation is to
offer them more detailed information about the automation or regarding the task -

which leads to XAI

2.2.3 Explainable Al Systems for Diagnostic Tasks

While T address XAI systems as technological artifacts in more detail later (see
2.3), the following section examines the potential impact of explainable Al on the

relationship between humans and Al systems.

The automation of the diagnostic process, or the process of selecting decisions,
represents a pivotal point at which the positive effects of automation may be under-

mined, potentially leading to adverse effects on autonomy (Onnasch et al., 2014).
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The advancement of sophisticated, precision-oriented Al systems has, in certain
instances, resulted in the creation of systems that are more accurate than human
experts, as evidenced by developments in the field of medicine (e.g. Cabral et al.,
2024; Tu et al., 2024). The high levels of performance in Al systems may result
in the development of Al systems that are designed to be used by humans as a
replacement for their own diagnostic processes. Accordingly, a recommendation
for a diagnosis is provided, yet no integration of human problem-solving processes
occurs. In this case, the performance of HAI is contingent upon the user’s ability to
assess the recommendation provided by the Al system, rather than the diagnostic
abilities of the human user regarding the diagnostic task. The recognition that the
assessment of Al results by humans can be a challenge due to the opacity of the
recommendations and the processes involved was accompanied by a surge in XAI
methods (see Adadi and Berrada, 2018; Barredo Arrieta et al., 2020, see also 2.3).
Nevertheless, the incorporation of an explanation alongside a recommendation does
not negate the impact that recommendation-based diagnostic systems have had on
the role of the human user. In other words, XAl facilitated users’ capacity to assess
AT recommendations but did not integrate them into the diagnostic process. As a
result, there is a risk that interaction with explainable Al systems would reinforce
biases in human cognitive processes, such as the confirmation bias (Bertrand et al.,
2022; Rosenbacke et al., 2024). A critical reflection of the utilization of explanations

can also be found in the second study included in the present dissertation.

As discussed, XAI approaches, which are primarily concerned with providing ex-
planations for Al recommendations, may prove ineffective in engaging users to a
sufficient extent. This can result in passive acceptance of outputs produced by Al
Cognitive forcing (see Buginca et al., 2021 is a design approach that aims to foster
deeper engagement with Al recommendations by creating interactions that ’'forces’
users to consider the recommendations. Cognitive forcing addresses the common

issues of over-reliance or dismissal due to a lack of understanding or trust.

One effective strategy is to initially refrain from providing recommendations, thereby
requiring users to form their own judgments before seeing the AI’s suggestions
(see Buginca et al., 2021). This approach encourages users’ cognitive engagement

with the diagnostic task and prevents users from becoming overly reliant on the
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AT’s recommendations. An alternative strategy entails the presentation of both
supporting and contradictory evidence for an Al suggestion, thereby prompting users
to subject the Al’s reasoning to critical scrutiny and identify potential shortcomings or
biases in its decision-making process (see T. Miller, 2023). Furthermore, interactive
explanations are of considerable importance in the context of cognitive forcing:
facilitating interaction with the AI’s explanatory components, such as the exploration
of diverse scenarios or the posing of 'what-if’ queries, enhances user engagement and
comprehension (discussed by Bertrand et al., 2023). Furthermore, the incorporation
of forcing functions, which necessitate that users justify their decisions or predict the
AT’s output prior to its revelation, ensures that users engage in the requisite cognitive
processes for critical evaluation. However, the increased mental workload demanded
by cognitive forcing in comparison to direct recommendations may negatively impact
the adoption of cognitive forcing as an effective strategy for HAI (see T. Miller,
2023). In empirical studies, cognitive forcing did achieve a lower number of errors or
a reduction in complacency effects (Buginca et al., 2021; Gajos & Mamykina, 2022).
However, these were rated as less satisfying and - as already discussed in a similar
way as ironies of automation (see Bainbridge, 1983) - in case of doubt lead to an

increase in workload instead of a reduction.

In summary, systems that automate the selection of a decision and pre-select answers
are prone to increasing the risk of out-of-the-loop status and complacency (as discussed
by Onnasch et al., 2014). As posited by T. Miller (2023), the incorporation of
supplementary data or rationale into HAI enables the system to adopt a 'recommend-
and-defend’ strategy, whereby in addition to the recommendation a rationale is
presented in the form of an explanation. As previously discussed, a significant shift
in task allocation between human and Al involves the human role becoming more
focused on evaluating the performance and reliability of the Al system, rather than
participating in the original diagnostic task. Despite the fact that the disclosure
of accuracy and robustness in Al systems is provided for in legislative works (e.g.,
European Union, 2024), it can result in the implementation of sub-optimal strategies:
for instance, probability matching, as discussed in the third study included in the
present dissertation, may be an undesirable consequence of such disclosure. As
described by Bartlett and McCarley (2017) is refers to a sub-optimal (and potentially

worsening) strategy of humans when utilizing Al information and own information.
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In conclusion, despite the potential for XAl approaches to be developed with the
intention of preventing this outcome, XAl approaches can nevertheless result in an

out-of-the-loop status and the decoupling of information processing and Al evaluation.

2.2.4 Evaluative Al Systems for Diagnostic Tasks

The final perspective on HAI presented in this dissertation is therefore based on
the premise that Al systems should only carefully present recommendations for a
decision. The idea of HAI described by T. Miller (2023) as ’evaluative A’ aims to
provide users with information for evaluating hypotheses when these are requested.
How does evaluative Al relate to earlier perspectives of automation processing?
First, in evaluative Al systems, the acquisition of information may be automated
(i.e., a glucose value is acquired through a tissue sensor). However, the analysis of
acquired information is already dependent on the user’s hypothesis, i.e., evaluative
AT allows users to evaluate multiple hypotheses. Accordingly, evaluative Al offers
lower levels of automation and focuses on human-centered information processing in
the stage of information analysis. Finally, the decision selection as well as action
implementation may not be automated at all (cf. Lyell et al., 2021, where analysis
and decision making are the highest ranking types of automation). Onnasch et al.
(2014) demonstrated in their analysis, that automation limited to the information
analysis may yield higher advantages for users than the automation of decision,
especially in automated systems that possibly generate errors. Hence, I argue that
to classify as an evaluative Al, systems require awareness of the current hypotheses
of the human user or at least must be directable by the user on the basis of their
hypotheses (cf. M. Johnson and Bradshaw, 2021 and M. Johnson et al., 2014 for
the concept of directability). In addition, the weighing up of alternatives and the
presentation of trade-offs is an integral part of evaluative Al, which can be compared
with the development of so-called option awareness (Pfaff et al., 2013) and also be
beneficial to reduce the risk of out-of-the-loop status. In short, it can be said that
evaluative Al seeks to maximize the user’s control and ability to perform a diagnostic
task. The resulting perspective on HAI is hypothesis-orientated, i.e., it describes
how AI and humans deal with hypotheses (about a diagnosis) in the joint processing

of information.
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The overview of perspectives on HAI given here cannot claim to be exhaustive - the
overlap of concepts and theories is sometimes large - and a uniform description of
HALI is perhaps neither possible nor desirable, because it fails to reflect the multiple
application areas and different approaches that humans integrate automation into
their daily lives and into the diagnostic task they pursue. Accordingly, there are
already enough models (with LOA, HASO or the evaluative Al framework). A
major contribution of this dissertation is to link existing perspectives of HAI with
psychological models, as has already been done in automation. To what extent does

this require a different model and new terms or concepts?

2.2.5 How do HAI perspectives guide HAI design?

The conceptualization of HAI plays a crucial role when researchers develop guidelines
for the development and design of Al systems. For example, the guidelines published
in 2019 by Amershi et al. (2019), focus on the lifecycle of Al-systems and do in
fewer instances refer to effects HAI can have on users (e.g., discussion of situation
awareness or promotion of cognitive biases in decision making). Many of the guidelines
presented by Amershi et al. (2019), however, are strongly connected to all perspectives
described in the previos section. For example, Guideline G4 encourages designers to
show contextually relevant information and can support the generation of situation
awareness. That is, to bridge psychological research and theory, research in Human-
Computer Interaction (HCI) and industrial application, it is important to develop
models that 1) can serve for research and development in diagnostic tasks, 2) enable
communication and discussion across disciplines and 3) enable empirical research, i.e.,
provide sufficient detail to derive falsifiable hypotheses (see Popper, 2002). Existing
guidelines (e.g., Amershi et al., 2019) may discuss desirable features of HAI but are
prone to providing designers with sufficiently concrete examples to be transferred into
actual design decisions. Accordingly, one goal of my work was to develop a model
of integrated Human-AI information processing, that can be applied in different
domains and fields of research and is applicable even with low levels of automation of
decision-making (i.e., diagnosis) but focused on previous processes (i.e., information

acquisition and analysis).
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2.3 Explanations in HAI - The role of XAl in

Human-Machine interaction

2.3.1 Development of XAl as a research field

Especially since the publication on XAI presented by DARPA in 2017 (see Gunning
and Aha, 2019), a great deal of research has been carried out on defining the term
itself, related technology, and the effects of XAI on HAI (e.g., Doran et al., 2017;
Holzinger, 2018; Palacio et al., 2021. Between 2016 and 2022 there are 22.100 hits on
the term ’explainable artificial intelligence’ on Google Scholar - in the period between
2010 and 2016 only 412. Even taking into account that the amount of publications
generally rises (Fire & Guestrin, 2019), this numbers indicate great interest of the
scientific community. In the context of this dissertation, the term ’explanation’ of Al

systems will first be narrowed down and then technological approaches in the field of
XAI will be defined.

In his influential work on XAI, T. Miller (2019) defines explanation as both a process
and a product. An explanation is defined as an assignment of causal responsibility,
which involves understanding the causes of an event and conveying this causal
information to another party. The process of explanation involves abductive reasoning
to identify and select causes, while the product is the actual explanation provided.
The social aspect of explanation is crucial, as it involves transferring this causal
knowledge in a way that the explainee can understand and use them. Explanation,
as discussed by T. Miller (2019), is inherently tied to causality, and understanding it
involves, e.g., counterfactual reasoning. This means considering what would happen
if certain events did not occur, to infer the causal relationships. Explanation also
includes elements of interpretability and justification, where the goal is to make
decisions understandable to observers, and sometimes to justify why a decision is

good without necessarily detailing the decision-making process itself.

In contrast, according to “DIN SPEC 92001-3” (2023), an explanation of an Al is
defined as a 'process of describing and communicating important factors influencing an

Al system’s behavior to a relevant stakeholder’. In view of the discussed perspectives
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on HAI, this definition should be expanded to include the fact that an explanation
should be suitable for the respective stakeholder in order to influence their decision
selection. Without this addition, a stakeholder-related but still technology-centered
definition of the explanation would emerge, as 'important factors’ should be dependent
on the person receiving an explanation. This perspective resonates with the definition
of interpretable Al given by Doshi-Velez and Kim (2017), which refers to the ’ability
[of a system| to explain or to present in understandable terms to a human’ (p. 2). At
the same time, the aforementioned extension of the definition would be suitable for
defining the point in time at which the character of an explanation can be determined
- exactly when the information processing reaches the stage of decision-making. At
the same time, it is important to note that this definition of an explanation of
AT systems does not include the direction in which an explanation influences the
user’s performance. That is, explanations may support users but can also negatively
influence them, e.g., in terms of accuracy or confidence (see Bansal et al., 2021).
Like Doshi-Velez and Kim (2017), the DIN standard “DIN SPEC 92001-3” (2023)
also differentiates the concept of interpretability, in which explanations are assigned
meanings (i.e., explanations are defined here in a technology-centered way, while the
definition of interpretability is human-centered). In the context of this dissertation,
however, the DIN definition is not used because explanations can also have an
effective impact on people’s behavior without being interpretable (e.g., when there is
too much information to process but they convince a user, as discussed in study 2
of the present dissertation) or if they are misinterpreted, e.g., when counterfactual
explanations are assumed to be true existing comparisons (see Yacoby et al., 2022).
Therefore, in a modification of the DIN standard, any information of an Al system
that provides information on the processed data, the underlying model, or the output
of the system can be defined as an explanation, as long as it is suitable for influencing

the subsequent decisions of a human actor.

In addition to works that aim to define XAI, a number of pubilcations deal with the
development of a taxonomy for XAI methods (e.g., Arya et al., 2019; Kochkach et al.,
2024; Schwalbe and Finzel, 2023), whereby a technically oriented taxonomy seems
pointless due to further technical developments (i.e., new technologies are developed
too fast to make a useful technology-based taxonomy of XAI). Speith (2022), for

example, focuses on the application of explanations. Explanations can differ in six
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central areas of how they are applied in any XAI system: 1) the development stage,
i.e., explainability is already given by the technical solution approach (Bayesian
Network vs. DL), 2) the scope, i.e., whether individual instances of information
processing are explained (also referred to as local, see Amparore et al., 2021) or
whether the functionality (e.g., weaknesses of the model) is to be explained in general,
which are also referred to as global methods. Recently, increasingly mixed approaches
have been developed, sometimes described as glocal methods (Achtibat et al., 2023).
3) The functionality of XAI technology, e.g., perturbation in which AI systems are
systematically confronted with different inputs in order to determine sensitivities or
structural leveraging in which, for example, gradients can be analyzed to detect the
relevance of features. 4) The result of the XAI methodology, i.e., feature relevance,
is also an important way to distinguish explanation approaches: according to Speith,
counterfactual explanations are another well-known example of the representation
of feature relevance (see also T. Miller, 2019). Explanations can also be presented
in different 5) output formats, e.g., as text, as a visual representation, or through a
numerical representation. Finally, Speith distinguishes 6) the type of task for which
the system (and thus the explanation) is intended, e.g., as a classification system or

as a temporal predictor.

While the taxonomy described by Speith (2022) as well as similar approaches already
present a comprehensive structure to understand and study XAI, an important
perspective is lacking. In anticipation of the results of this dissertation, an important
level must be added to this taxonomy: the extent of the human-awareness (see
Kambhampati, 2020) of an explanation, i.e., the extent to which an explanation is
directly related to hypotheses currently evaluated by a human user (see T. Miller,
2023) and whether the value of the explanation for the user’s current task can be

assessed when explaining the system.

The technological implementations of explanations are just as numerous as the
technologies used in the field of AIl. Rule-based systems in particular, whose rules
are understandable and comprehensible for humans, do not require any additional
algorithmic processing of information for interpretability (also known as ante-hoc,
Sarkar et al., 2022). In transparent, rule-based systems, the rules applied can also be

presented directly. In this case, explanation is a matter of information disclosure (see
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study 2 of this dissertation) of rules and input values as implemented and discussed
in research objective 2, even though the specific visualization and aggregation of
information still pose central challenges for human-centered design of explanations. In
algorithms whose information processing does not take place on a symbolic level (DNN
are a prominent example here), on the other hand, methods are used that can provide
explanations of the information processing after model training. Both systems with
ante-hoc explainability (see study 1) and systems where this is not the case (see study
2 & Contribution 4) play a role in the results of this work. One reason for the focus
on systems that can only be explained ex-ante and require additional methodologies
is the so-called explainability-performance trade-off (Crook et al., 2023). This
expresses the fact that systems with high explainability (e.g., Bayesian networks)
have significantly lower performance or significantly higher resource requirements
(in terms of computing resources) than approaches that are opaque without XAI
methodology. However, even without this trade-off, the investigation of different
methods for establishing explainability is important, e.g., because there may also
be conflicts between explainability and security issues (Zhao et al., 2021) or data
protection issues (Shokri et al., 2019). At the beginning of this work and with a focus
on the action regulation of a user individual, the focus was also on local methods.
The global-level XAI methods existing in 2019, when the work on this dissertation
began, were intended, i.e., for model revision by developers, for example. In general,
global methods can be just as useful for supporting users and are also discussed (in

research objective 3).

2.3.2 Characterizing Metrics of XAl in HAI

Existing approaches to assess the quality of XAI (described as XAI metrics, e.g.,
in Kadir et al., 2023) include technology-centered benchmarks, e.g., pixel flipping
(Bach et al., 2015) or remove-and-debias (Rong et al., 2022). While the range of XAl
evaluation methods has increased and continues to increase (Nauta et al., 2023), the
present dissertation focuses on approaches that assess the subjective experience of
explanations, such as Explanation Satisfaction Scale (ESS) (Hoffman et al., 2023).
Another approach is the System Causability Scale (SCS) (Holzinger et al., 2020). The

SCS is designed to provide a rapid overview of the impact of explanations, thereby
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encompassing a range of dimensions. These include the extent to which users perceive
explanations as transferable to others and the degree to which they align with their
own knowledge base. While this enables a swift general assessment, it remains unclear
whether the SCS can also be applied to address specific, theory-driven inquiries, such
as those pertaining to the traceability of particular decisions. Neither of the previously
described approaches aligns with the aims of this dissertation, as they focus on the
direct evaluation of the explanation itself or are designed to guide the evaluation of
a system rather than support the understanding of psychological processes. That
is, while evaluating users’ perception and impression of an explanation is highly
important when designing intelligent systems, this dissertation aims to understand
the effects of explanations in human information processing and how XAI affects
them - accordingly, from my point of view, metrics of XAI must include measures
that assess psychological variables from research on automation. Consequently, the
present dissertation aims to investigate the effects of XAI on human diagnostic
processes, specifically how XAI methods can enhance situation awareness, alter

workload, or mitigate complacency (see also Van De Merwe et al., 2024.

Evaluating explanations based on their impact on human experience and behavior,
rather than the explanations themselves, offers two significant advantages: 1) It allows
for a comparison between a control condition and a condition with an explanation,
which is not feasible with direct measures like the ESS (Hoffman et al., 2023). While
evaluating satisfaction serves as an excellent starting point for usability studies in
XAl it does not suffice as a metric for this dissertation, because it does not allow
for experimentally understanding the effects of explanation (in contrast to, e.g., no
explanation). 2) For the applicability of XAI research outcomes, it is crucial to
determine how explanations facilitate human oversight or control over a system.
While technical evaluations of explanations can indicate whether prerequisites for
oversight are met, only experimental studies with human participants can examine
whether people can effectively use explanations to exercise control (see Sterz et al.,
2024 on conditions of human oversight). 3) Finally, the aim of the explanations
should be considered and integrated into the corresponding study, e.g., whether
explanations should contribute to the discovery of errors, to better acceptance of
decisions or to a generally higher intention to use, as done, e.g., within research

objective 1.
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Automation-Related User Experience as Metric for XAl

Opposing the idea of directly evaluating the effect of an explanation, XAI can be
conceptualized as part of an automated system, i.e., as the capability of an automated
system to enrich its results. Accordingly, established constructs from automation
psychology (and the perspectives on HAI presented before) can be used for evaluation.
Based on Parasuraman et al. (2008), trust, situation awareness, and mental workload
have emerged as central constructs for the evaluation of automation. These will be
examined in more detail below and their operationalization in the field of XAI will be
critically evaluated. In addition, the explanations generated by XAI systems should
help users to better interpret the results of a system and be able to utilize them in their
tasks (see Guttmann and Ge, 2024). Therefore, the consideration of usefulness also
appears valid (see Davis, 1989), as it is also part of various acceptance models (Adams
et al., 1992). As already described by Parasuraman et al. (2008), the constructs
listed here do not represent a measurement of performance or the like, but extend the
evaluation of XAl by adding dimensions that are important for a long-term successful
implementation of XAI systems. In the context of this dissertation, constructs
discussed within this section are to be explicitly used as measures of people’s own
experience, which is why, i.e., study 2 also refers to 'perceived trustworthiness’. To
summarize, the constructs of perceived trustworthiness, perceived situation awareness,
perceived mental workload and perceived usefulness are referred to as automation-

related user experience in the context of this dissertation.

Perceived Trustworthiness in HAI. Trust has been extensively discussed in the
context of human-human interactions (see Barney and Hansen, 1994; Blomqvist,
1997; Lewicki and Bunker, 1995). Trust, as defined by Mayer et al. (1995) for
instance, is the willingness of a party to be vulnerable to the actions of another party
based on the expectation that the other will perform a particular action important
to the trustor, irrespective of the ability to monitor or control that other party.
Their research identifies three critical aspects of trust: ability, benevolence, and
integrity. Ability refers to the skills, competencies, and characteristics that enable a
party to have influence within a specific domain. Benevolence is the extent to which
a trustee is believed to want to do good to the trustor, aside from an egocentric

profit motive, indicating a specific attachment to the trustor. Integrity involves the
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trustor’s perception that the trustee adheres to a set of principles that the trustor
finds acceptable. Definition in the technical domain often build upon this definitions

of trust and the facets, as described in the given example.

For human-machine interaction, empirical studies demonstrated that trust is related
to reliability of automated systems and can influence how users interact with auto-
mated systems (e.g., Dzindolet et al., 2003). Lee and See (2004) defined trust as 'the
attitude that an agent will help achieve an individual’s goals in a situation character-
ized by uncertainty and vulnerability’” (p. 54). It is important to note, that trust
should be conceptualized as an attitude (see Lee and See, 2004) and not a behavior.
That is, behavioral or physiological ways to assess trust are always indirect methods
(see Kohn et al., 2021). But how must an agent be designed in order to achieve a
trusting attitude on the part of the user? The specific description of trust can differ
considerably between different definitions. One example is the approach taken by Lee
and See (2004), which distinguishes between the factors performance, purpose and
process. Performance describes how reliably or accurately the system works. Purpose
describes which goals the system is pursuing or the underlying stakeholders, e.g.,
designers and developers. Process describes the procedures and methods used by the
system. In this model, trust depends, for example, on the three factors performance,
purpose and process. This is contrasted, for example, by Madsen and Gregor (2000),
who give the following definition of trust: the extent to which a user is confident in,
and willing to act on the basis of, the recommendations, actions, and decisions of an
artificially intelligent decision aid’ (p. 1). The first thing that stands out here is that
it is not an attitude, but rather confidence and willingness that are mentioned. This
also complements the operationalization of trust by Madsen and Gregor (2000) in
two areas: cognition-based and affection-based trust. The former depends more on
the perception of system properties - e.g., reliability. Affective-based trust (Madsen
& Gregor, 2000) also refers to personal attachment or faith in the system. Lee and
See (2004) describe analytical, analogical and affective processes that underlie trust.
In addition to these models, Hoff and Bashir (2015) propose a comprehensive model
of trust in automation that emphasizes three primary dimensions: dispositional,
situational, and learned trust. Dispositional trust refers to the general tendency of a
user to trust automation based on their personality and prior experiences. Situational

trust is influenced by the specific context in which the automation is used, including
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the task characteristics and environmental factors. Learned trust develops over time
through interactions with the system, where positive experiences reinforce trust, and
negative experiences diminish it. Hoff and Bashir (2015) present a model that may
be particularly valuable as it integrates these dimensions to provide a holistic view
of how trust in automation evolves, highlighting the dynamic nature of trust and the

importance of user experience over time.

Following the variety of definitions and models, questionnaires addressing trust
contain different focuses (study 3), with many empirical studies using measurement
instruments that have not been validated (Kohn et al., 2021) or without reporting
psychometric quality criteria. There is also not always a link to theories, and in
some cases the explicit recording of trust using questionnaires is substituted or
described as equal to the use of physiological measures, in some cases a distinction
is made between trust and reliance (for my point of view, correctly) and trust is
examined as a predictor of behavior (e.g., Merritt et al., 2015). These inconsistent
and sometimes contradictory conceptualizations (and, in turn, operationalizations)
lead to discussions about the impact of the construct trust (e.g., Bolton, 2022) and
the connection between trust values collected by questionnaires and behavior. In
addition, when indirectly assessing trust via questionnaires, researches may provoke
behavior that participants would not demonstrate without the administered trust
assessment - this effect is called question-behavior effect (Sprott et al., 2006) and has
been demonstrated for attitudes and intentions in, e.g., donating decisions (Godin
et al., 2014). As it poses a challenge for valid research on XAI, the presence of the
question-behavior effect is addressed in research objective 3. That is, trust continues
to play a central role in the ethical and social debate surrounding the use of Al
(Diaz-Rodriguez et al., 2023) and XAI (Langer et al., 2021) and is therefore also the

subject of this dissertation.

Perceived Situation Awareness in HAI. Compared to measurement methods
that use explicit measures (e.g., correct responses in the Situation Awareness Global
Assessment Technique (SAGAT), M. Endsley et al., 2000) or implicit measures (e.g.,
reaction times) to assess actual situation awareness, the measurement of perceived
situation awareness is controversial (M. R. Endsley et al., 1998). While Endsley

emphasizes on the one hand that perceived situation awareness is decisive for action
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regulation, she also notes that the correlation between perceived (or subjective)
situation awareness is often low. The Situation Awareness Rating Technique (R. M.
Taylor, 2017) is a method for assessing perceived situation awareness that was
published as early as 1990. This simultaneously includes other constructs such
as workload (Kaber & Endsley, 2004) or resources provided and therefore differs
significantly from Endsley’s concept of situation awareness. Edgar et al. (2018)
calculate Perceived Situation Awareness on the basis of a confidence rating according
to the evaluation of true false statements, whereby no major correlations with behavior
can be determined here either. Arguably, equating Perceived Situation Awareness
and Confidence can be viewed critically, as Situation Awareness develops over three
different stages (M. R. Endsley, 1995), which should also be reflected in the elicitation
of Perceived Situation Awareness. Hence, the development of a theory-based and
structured procedure for recording perceived situation awareness was necessary at the
beginning of the work on this dissertation, whereby Endsley already provided initial
approaches in the HASO model, for example by highlighting three central system
properties of automation (M. R. Endsley, 2017), Transparency, Understandability
and Predictability, which are directly related to situation awareness, as discussed
later in 2.4.1.

Perceived Mental Workload in HAI. Mental workload is a central construct
in the field of automation (see Vidulich and Tsang, 2012). Mental workload can be
defined as the amount of cognitive work required for a person to complete a certain
task over time (Longo et al., 2022). Mental workload plays a particularly important
role for XAI because explanations lead to an ironic effect: while Al is supposed
to lead to more efficient information processing through automation, explanations
can increase the mental workload again. It is therefore an important metric for the
evaluation of XAI. At the beginning of the first studies for this dissertation, the
negative effects of explanations (see e.g., Bansal et al., 2021) and the underlying
mechanisms were less researched. In the meantime, the results of several studies
(e.g., Sewnath and Crijnen, 2021; Tsai et al., 2021) as well as the experiment on AID
systems presented in this dissertation (study 2) show that the use of explanations
could lead to information overload. The NASA Task Load Index (NASA-TLX, Hart,
2006) has already been widely used in automation research (Ramkumar et al., 2017)

and also serves as a metric in the present dissertation.
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Perceived Usefulness in HAI. Perceived usefulness, as defined in the Technology
Acceptance Model (TAM, Davis et al., 1989), refers to the degree to which an
individual believes that using a particular technology will enhance their performance.
In the context of XAI, perceived usefulness is particularly significant because it
directly affects whether users will accept, trust, and effectively interact with Al
systems (Paleja et al., 2022). Unlike general satisfaction, perceived usefulness
specifically relates to the practical benefits users derive from the system, making it a

critical factor in the successful deployment of XAI.

The role of perceived usefulness is also encapsulated in international norms on
usability (“DIN EN ISO 9241-117, 2018). According to DIN 9241, usability is defined
by the extent to which a system can be used by specified users to achieve specified
goals with effectiveness, efficiency, and satisfaction in a specified context of use’.
Perceived usefulness aligns closely with these dimensions, particularly effectiveness
and efficiency, as it reflects the users’ perception of how well the XAI system assists
them in achieving their tasks. An XAI system that is perceived as useful will likely
be seen as more effective and efficient, thereby enhancing its overall usability as
defined by the standard.

The work of Hoffman et al., 2023 on scales to assess trust in XAI underscores the
significance of perceived usefulness in fostering trust. This scale includes items that
measure how users perceive the usefulness of Al systems in their tasks, thereby
linking usefulness directly to trust. The research of Hoffman et al., 2023 indicates
that trust in XAI encompasses both the cognitive and affective dimensions, with
cognitive trust being particularly influenced by the perceived utility of the system (cf.
Madsen and Gregor, 2000). This suggests that when users find an XAI system useful,
their cognitive trust — based on a rational evaluation of the system’s capabilities
— may be increased, which can lead to greater reliance and acceptance. However,
measurement with established methods (e.g., Davis, 1989) is difficult, as there is
a strong overlap with other categories, e.g., trust or workload. In the first study
presented in this dissertation, for example, a measurement of perceived usefulness is
carried out using the DIN/ISO standard (“DIN EN ISO 9241-117, 2018).

33



2.3.3 Empirical research on Diagnostic XAl in HAI

In addition to technical studies (see P. Q. Le et al., 2023), a number of empirical
studies (e.g., van der Waa et al., 2021) and reviews (e.g., Haque et al., 2023) have
already been published on the effects of XAl In the following section, the results
available for diagnostic Al and the underlying scientific contradictions are presented
concisely. Firstly, the general need for explanations, then studies with positive effects

and studies without effects (or with negative implications) are presented.

Users’ XAl Demand in Diagnostic Tasks

The demand for explanations in diagnostic Al systems is well-documented in empirical
research and clinical feedback. Tonekaboni et al. (2019) emphasize that for Al to be
effectively integrated into clinical practice, explainability is crucial. This entails the
Al system justifying its outcomes in a manner that assists clinicians in rationalizing
the model’s predictions. Their survey of clinicians in acute care settings, such as
Intensive Care Units and Emergency Departments, highlighted that clinicians view

explainability as essential for trust and practical adoption.

Furthermore, Alam and Mueller (2021) investigated the impact of explanations
on user satisfaction and trust within Al diagnostic systems, finding a significant
positive correlation between the presence of explanations and user satisfaction. This
demonstrates that explanations are a critical component in fostering user trust
in Al diagnostics. Additionally, Chanda et al. (2024) showed that Al systems
with dermatologist-like explanations significantly enhanced trust and confidence
among users diagnosing melanoma, further affirming the necessity of transparent
and comprehensible Al explanations in medical diagnostics. Also, Bertrand et al.
(2022) conducted a systematic review that underscores the role of cognitive biases in
XAl-assisted decision-making. They argue that explanations help mitigate potential
biases, thereby improving decision accuracy. Bertrand et al. (2022) suggests that
users are more likely to demand explanations when cognitive biases are present, as
these explanations clarify Al reasoning and reduce uncertainty in decision-making

processes.
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Positive Effects of XAl on Automation-related User Experience

Explanations in Al systems positively influence several aspects of the user experience,
including trust, confidence, and situation awareness. Bansal et al. (2021) found that
explanations significantly enhance the performance of human-Al teams, particularly
by increasing users’ trust in the AI’s recommendations. This trust is crucial for
effective human-Al collaboration, as users are more likely to rely on and effectively

integrate Al recommendations when they understand the underlying reasoning.

Papenmeier et al. (2022) explored the complex relationship between user trust, model
accuracy, and explanations. Their research indicates that while model accuracy is
paramount, the addition of explanations can bolster user trust even in less accurate
models, suggesting that explanations provide a psychological buffer that enhances
user confidence in Al systems. Additionally, Silva et al. (2023) examined both the
objective and subjective impacts of XAl on human-agent interaction, revealing that
explanations not only improve trust but also enhance users’ situation awareness. By
providing insights into the AI’s decision-making process, explanations help users
maintain a clearer understanding of the system’s operations and potential outcomes,

thereby improving their overall interaction experience (Shin, 2021).

Lack of Effects of XAl on Performance

Despite the positive effects of XAl on user experience, empirical evidence suggests
that explanations do not always translate to improved performance. Alufaisan
et al. (2021) conducted a study assessing whether explainable Al improves human
decision-making. Their findings indicate that while explanations can enhance user
understanding and trust, they do not necessarily lead to better decision outcomes.
Similarly, X. Wang and Yin (2021) compared the effects of explanations in Al-assisted
decision-making and found that explanations did not significantly improve decision
accuracy or performance. This suggests that while explanations are beneficial for
user trust and satisfaction, they may not directly influence the effectiveness of the

decisions made with Al assistance.

Schemmer et al. (2022) conducted a meta-analysis on the utility of XATI in human-AI
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decision-making, corroborating the notion that the presence of explanations does not
consistently enhance performance. Their analysis revealed a nuanced impact of XAlI,
where the benefits in trust and understanding do not always equate to measurable
improvements in decision quality. These findings underscore the complexity of XAI’s
impact on performance, highlighting the need for further research to understand the
contextual factors that influence the efficacy of explanations in enhancing decision-

making and performance.

The results of the studies presented above indicate that explanations must be designed
in a human-centered way and that negative effects of explanations can be anticipated
(see Chromik et al., 2019; Ehsan and Riedl, 2024). The term HCXAI, coined in
2020, can be seen as an appeal, as can the call for evaluative Al (Ehsan & Ried],
2020): an explanation must not be seen as legitimization, as sufficient compliance
with the duty of transparency or even as sufficient accountability for the delegation
of responsibility. This is particularly true if the effects of declarations have not been
empirically tested in user studies. The legislative framework (e.g., Al Act, European
Union, 2024) can also be seen as a call for the design of human-centered Al and XAI
(see Valdez et al., 2024).

2.4 Human Awareness of Automated Information

Processing

2.4.1 From Situation Awareness to Information Processing

Awareness

To effectively address human-centered research questions in diagnostic XAl systems,
it is essential to develop instruments that assess traceability-related facets of user
experiences. in congruence with this dissertation’s goal, one major contribution
of my research was the development of a scale, that supports human-centered
research in XAl Like discussed before, existing measurements for explainable AT XAI
include various scales developed to evaluate user experience, such as the Explanation

Satisfaction Scale (Hoffman et al., 2023) and the System Causability Scale (Holzinger
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et al., 2020). These scales often focus on the explanations provided by the system,

but do not target changes in automation-related user experience.

However, at the beginning of this work, there was a need for an instrument that
measures the experienced effects of explanations and relates to the experienced
traceability of automated systems, rather than directly evaluating the explanations
themselves. To address this, the SIPA scale was proposed, derived from Situation
Awareness theory (see Schrills, Zoubir, et al., 2021; Schrills et al., 2024 as related
works). SIPA describes the user’s experience of being enabled by a system to perceive,
understand, and predict its information processing (Schrills & Franke, 2023). The
SIPA scale aims to evaluate the perception of system characteristics based on user

interaction, making it a crucial part of assessing automation-related user experience.

From the beginning on (see Schrills, Zoubir, et al., 2021), the concept of SIPA was
strongly related to conception of Situation Awareness (M. R. Endsley, 1995): situation
awareness identifies three levels of situational assessment: perception, understanding,
and projection. These correspond to the SIPA facets of experienced transparency,
understandability, and predictability, respectively (see Fig 2.1). Endsley’s research
highlights the importance of these facets for maintaining situation awareness in
human-automation interactions, emphasizing that transparency, understandability,
and predictability are critical for the trustworthiness and effectiveness of automated
systems (M. R. Endsley, 2017). It is important to note, that transparency in the
SIPA scale refers to the system’s property to enable its user to perceive all relevant
elements for information processing, rather than the goals of the developer or general

information about the model’s training.

The SIPA scale’s items are grounded in situation awareness conception and were
developed based on existing situation awareness scales, theoretical explanations,
and expert discussions in engineering psychology as described by Schrills, Zoubir,
et al. (2021). Initially composed of 12 items, the scale was refined to 6 items
through empirical iteration. Reverse-coded items, which can negatively impact scale
comprehensibility, were excluded based on qualitative feedback from users. The
resulting scale, as published, e.g., in Schrills and Franke (2023), can be found in
Figure 2.1.
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Situation SIPA System
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Figure 2.1: Different levels of Situation Awareness, their corresponding levels of SIPA
and system properties connected to SIPA levels

Given the close alignment of SIPA with SA, the question arises as to what exactly
the difference is between SIPA and SA. In its conception, SIPA (as also discussed in
Schrills and Franke, 2023) is a subset of SA. This means that it more specifically
describes a certain situation - the information processing by a machine system (in
the sense of the definition of the work, therefore, usually by an AI). While situation
awareness can also arise in situations in which no information-processing entities
other than the person are involved, SIPA is specifically designed to describe situation
awareness in connection with the external information processing of a system. In
terms of XAl research, this customization of SIPA makes it possible to investigate the
effects of AI, which can, for example, act as black boxes (Adadi & Berrada, 2018) to
reduce SA. Especially when analysing XAI methods, SIPA and the SIPA scale offer
a more specific instrument than SART, for example (R. M. Taylor, 2017). Overall,
however, there is a risk that external factors such as mental workload are taken
more into account in SART assessments and can therefore be used, for example, in

conjunction or in combination with SIPA as an Al and XAl-specific instrument.

Equating SIPA with the correctness of the user’s mental model can be seen as a
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Table 2.1: Ttems of the Subjective Information Processing Awareness (SIPA) Scale
and the Corresponding Instruction

The following questionnaire deals with your experience in the interaction with the system.
Information refers to all data that the system can work with. Result refers to the output of the
system, which is presented at the end of the system’s information processing

> >
Please indicate the degree to which you E § . Sé = Sé = . E
agree/disagree with the following state- g 2 ?o 2 %o 24 %o § g} § g §
et £ |Ef |22 |59 |2E¥ ¢g¥F
SIPA- It was transparent to me which infor-
01 mation was collected by the system.
SIPA- The information that the system could
02 acquire was observable for me.
SIPA- It was understandable to me how the
03 collected information led to the result.
SIPA- The system’s information processing
04 was comprehensible to me.
SIPA- With the information accessible for me,
05 the results was foreseeable for me.
SIPA- The system’s information processing
06 was predictable for me.

contradiction to the necessity of SIPA. It is therefore necessary to discuss both
concepts in contrast: SIPA is defined as the perception of system properties and not
as self-perception. In the study published by Schrills et al. (2024), it was shown that
a SIPA version in which self-related statements (i.e., beginning with 'T am able...’
instead of 'The information are...’, that is, actively referring to the person versus to
the system and its information processing) occur has a correlation with personality
measures such as the ATT scale (Franke et al., 2019), other than the one presented
here. In principle, however, the ability to correctly predict the behavior of a system,
for example, is closely related to the correctness of one’s own mental model (see Colin
et al., 2022), which is why there is an overlap here. In addition, SIPA also depends on
a specific situation and can differ - without learning taking place - between situations
with the same system. For example, if the system displays relevant information in
one case and the users are aware of it and in another case they are not aware of it.
In this case, the perception of the system as transparent may change for a specific

situation without there being a change in the mental model.

In conclusion, the SIPA scale developed in this dissertation provides a vital tool for
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assessing the subjective effects of explanations in XAI, bridging a critical gap in user
experience research in automated information processing and especially in XAI. By
aligning with Situation Awareness theory, SIPA offers a nuanced understanding of
how systems enable users to perceive, comprehend, and predict system behavior,

enhancing the evaluation of XAl systems. It was applied for research objectives 1-3.

2.4.2 Role of SIPA in Trustworthiness & Controllability of Al

Systems

Two constructs of the automation related user experience beyond situation aware-
ness are considered in particular in this dissertation: trustworthiness, as already
discussed in Chapter X, and controllability, which has already been defined and
briefly introduced in Chapter X.

First trustworthiness - according to Schlicker et al. (2022), perceived trustworthiness
depends on trustworthiness cues, which must be perceived and utilized by the trustor.
These can overlap with information that can also improve the SIPA - e.g., the output
of the system, the confidence displayed or information about the input of the system.
The importance of trustworthiness cues that are related to a system’s information
processing demonstrates a connection between SIPA and trustworthiness, as the
same cues might demonstrate the capability of a system to handle a task but also
support users’ understanding of how the system processes information. The concept
described by Madsen and Gregor (2000) as cognitive trust also has a close connection
with SIPA, e.g., because perceived understandability is an explicit part of the model
and belongs to cognitive trust. this is also obvious because cognitive-based trust is
defined as 'user’s intellectual perceptions of the system’s characteristics’ (see Madsen
and Gregor, 2000, p. 2). The cognitive elements of experienced trustworthiness
therefore strengthen a close connection with SIPA. However, compared to the items
of Madsen and Gregor, for example, SIPA can again be described as a structured

approach, as the levels of situation awareness are taken into account.

In multiple trust models in the field of HCI, affective components are described in
addition to the cognitive components (see Bae et al., 2023; Madsen and Gregor, 2000;

Ueno et al., 2023), which may arise through ’emotional reactions’ of the system.
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Schlicker et al. (2022) also describe cues that are not related to the characteristics of
the information processing of the system, e.g., the reputation of the manufacturer or
social cues such as usage behavior of people in one’s own environment. Affective-
based components of trust or trustworthiness constitute a clear differences to SIPA,
in which emotional reactions do not play a role. Therefore, an overall medium
relationship between SIPA and the experience of trustworthiness can be expected

(as found in all studies of the present dissertation).

The relationship between controllability and SIPA can be described less clearly.
In principle, the predictability of an Al system is important in order to be able
extert control over it effectively (Cavalcante Siebert et al., 2023). Similar to SA, the
predictability of a system also depends on how understandable and transparent it is
(see M. R. Endsley, 1995). In this respect, correct information processing awareness
Information Processing Awareness (IPA) is also the basis for human supervision -
but what role does SIPA play as an construct of user experience (similar to SART
compared to SAGAT)? Human action regulation is guided by one’s own perceptions
and beliefs (cf. Carver and Scheier, 2000). This means that a user does not make
the use of a system dependent on the IPA, but on the SIPA. A particularly high risk
for the controllability of a system therefore arises when SIPA and IPA diverge. A
related phenomenon has already been described in the X AT literature in particular
(e.g., Bansal et al., 2021). Chromik et al. (2021) use the term ’illusion of explanatory
depth’, which describes that people assume to have understood something better
than they actually do (see also Rozenblit and Keil, 2002).

The aim of the research in this dissertation was therefore to understand how SIPA is
related to the control of a system (in particular predictability as a proxy for control)

and how situations generating an illusion of controllability can be avoided.
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3 Present Research

The overall objective of the present dissertation was to examine how the information
displayed by an Al system in diagnostic tasks that integrate human and machine
information processing affects automation-related user experience and behavior. To
this end, empirical studies were conducted to 1) assess the structure of automation-
related user experience and its influence on HAI, 2) assess the effects of information
disclosure on automation-related user experience and users’ prediction performance,
3) assess whether a question-behavior effect affects trust-related Al research and,
4) how novices benefit from instructions regarding interdependence in information

processing.

In more detail, the following research objectives were derived:

ROL1: the first research objective was to structurally assess the relationship between
automation-related user experience (SIPA, trust, usefulness) and use intention
as a key indicator of HAI in the context of automated processing of medical

data (i.e., digital contact tracing in pandemics).

RO2: The second research objective was to assess the effects of varying levels of
information disclosure as form of XAI on users’ automation-related experience
of the Al system and to examine the relation between UX with prediction
performance in the context of an automated drug dosage system (i.e., automated

insulin delivery).

RO3: The third research objective was to investigate the presence of the question-
behavior effect when eliciting automation-related trust assessment and the
(experimental) bias on behavioral data in the context of an abstract Al-assisted

pattern recognition task (i.e., identification of geometric rules)
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RO4: The fourth research objective was to examine how instructions in an
ultrasound-based and Al-supported diagnostic process can support novices to
understand informational interdependence in information processing and thus

affect their automation-related UX as well as diagnostic quality

ROS5: The fifth research objective was to integrate the results of related research,
findings of RO1 - RO3, and conceptual models from automation research and
action regulation into a conceptual model of integrated information processing
of humans and Al, that can be used in the design and evaluation HCXAI

systems.

Hence, the present dissertation aims to improve the understanding of automation-
related user experience in diagnostic Al systems and contributes to the development

of human-centered information processing.
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4 Study 1: Examining
Automation-Related User
Experience in Digital Contact

Tracing

4.1 Summary of Study 1

This study examines the relationship between automation-related user experience
and perceived usefulness and adoption of digital contact tracing applications during
the COVID-19 pandemic. The study focuses on variables such as perceived trustwor-
thiness, traceability, and usefulness in the context of digital contact tracing systems
and how these factors influence users’ intention to adopt such applications. Through
a survey of 317 users of a German digital contact tracing app, the research applies a
partial least squares structural equation model to analyze these relationships. The
results emphasize that the perceived diagnosticity of the app, i.e. how effectively it
supports user decision making in pandemic situations, is crucial for fostering trust
and, ultimately, adoption intention. The paper concludes that designing digital
contact tracing apps with high diagnosticity, while balancing privacy concerns, is

key to improving their adoption and effectiveness.
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4.2 Relevance within the dissertation

This study is integral to the dissertation, as it demonstrates how framing contact
tracing apps as a form of automation can help examine automation-related user
experience and promote intention to use in the event of a public health crisis. The
study advances theoretical models by linking automation-related variables (such as
usefulness and trust) to established health behavior models, such as the Health Belief
Model. This cross-disciplinary integration supports the thesis’ broader exploration
of public health automation and human-centered Al. It also lays the groundwork for

the dissertation’s exploration of the experience of Al-based automation.

4.3 Contribution to Study 1

I was primarily responsible for the design and execution of this study. I developed
the research framework, specifically framing digital contact tracing as a form of
automation. In addition, I co-designed the PLS-SEM model, created the measurement
instruments, and oversaw the entire data collection process. My contributions
extended to both quantitative and qualitative analyses, where I provided critical
insights and conducted all analyses in addition to the PLS-SEM model. T also
authored all sections where I synthesized theoretical perspectives and contextualized

the findings within broader research on automation and user experience.
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Abstract

Background: In pandemic situations, digital contact tracing (DCT) can be an effective way to assess one’s risk of infection
and inform others in case of infection. DCT apps can support the information gathering and analysis processes of users aiming
to trace contacts. However, users’ use intention and use of DCT information may depend on the perceived benefits of contact
tracing. While existing research has examined acceptance in DCT, automation-related user experience factors have been overlooked.

Objective: We pursued three goals: (1) to analyze how automation-related user experience (ie, perceived trustworthiness,
traceability, and usefulness) relates to user behavior toward a DCT app, (2) to contextualize these effects with health behavior
factors (ie, threat appraisal and moral obligation), and (3) to collect qualitative data on user demands for improved DCT
communication.

Methods: Survey data were collected from 317 users of a nationwide-distributed DCT app during the COVID-19 pandemic
after it had been in app stores for >1 year using a web-based convenience sample. We assessed automation-related user experience.
In addition, we assessed threat appraisal and moral obligation regarding DCT use to estimate a partial least squares structural
equation model predicting use intention. To provide practical steps to improve the user experience, we surveyed users’ needs for
improved communication of information via the app and analyzed their responses using thematic analysis.

Results: Data validity and perceived usefulness showed a significant correlation of ¥=0.38 (P<.001), goal congruity and perceived
usefulness correlated at r=0.47 (P<.001), and result diagnosticity and perceived usefulness had a strong correlation of r=0.56
(P<.001). In addition, a correlation of r=0.35 (P<.001) was observed between Subjective Information Processing Awareness and
perceived usefulness, suggesting that automation-related changes might influence the perceived utility of DCT. Finally, a moderate
positive correlation of 7=0.47 (P<.001) was found between perceived usefulness and use intention, highlighting the connection
between user experience variables and use intention. Partial least squares structural equation modeling explained 55.6% of the
variance in use intention, with the strongest direct predictor being perceived trustworthiness (f=.54; P<.001) followed by moral
obligation ($=.22; P<.001). Based on the qualitative data, users mainly demanded more detailed information about contacts (eg,
place and time of contact). They also wanted to share information (eg, whether they wore a mask) to improve the accuracy and
diagnosticity of risk calculation.

Conclusions: The perceived result diagnosticity of DCT apps is crucial for perceived trustworthiness and use intention. By
designing for high diagnosticity for the user, DCT apps could improve their support in the action regulation of users, resulting
in higher perceived trustworthiness and use in pandemic situations. In general, automation-related user experience has greater
importance for use intention than general health behavior or experience.

(JMIR Hum Factors 2024;11:e53940) doi: 10.2196/53940
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Introduction

Background

During pandemic situations, efficiently acquiring, storing, and
evaluating information on physical contacts can be crucial for
both individuals and public health agencies aiming to curb
infection dynamics [1]. Manual tracing of such contacts is
practically impossible, leading to a growing development and
research of digital tools supporting such efforts, commonly
referred to as digital contact tracing (DCT) apps [2]. By allowing
for automation, DCT tools effectively allow for contact tracing.
They aim to allow individual users to assess their own risk status
with minimal effort and offer support in daily action regulation,
such as in decision situations, regarding isolation or notification
of previous contacts [3]. If used correctly, DCT can aid in
breaking chains of infection and thereby support curbing
pandemic spread. For example, in Germany, a DCT called
Corona-Warn-App (CWA) [4] was developed on behalf of the
Federal Ministry of Health, and it was downloaded >40 million
times [5].

However, the extent to which individuals use DCT can vary
vastly [6]. Previous research has shown that it is crucial whether
users perceive a DCT app as beneficial to guide them in
pandemic contexts [7]. This core factor is in line with existing
models of health behavior (eg, the influential Health Belief
Model [HBM] [8]). Within the HBM, perceived benefit is
outlined as a central determinant for the implementation of
health behavior [7]. When investigating health-related
technology, the HBM is frequently connected with models of
technology acceptance [9]. As part of these models, the
perceived usefulness or performance of technology is similarly
postulated as a central variable for use intention. In this paper,
we refer to the term usefulness as it is better suited than benefits
to describe the effects of a specific technology. Thereby, we
refer to usefulness as “the degree to which a person believes
that using a particular system would enhance their [...]
performance” [10].

Examining psychological processes revolving around the
perception of DCT usefulness is a crucial research topic to
understand the adoption and efficient implementation of DCT.
Extensive research has shown the importance of the perceived
usefulness of DCT for different applications and in different
countries [11-15]. All in all, extending existing theoretical
approaches such as the HBM by focusing on user experience
variables in DCT allows for clear guidelines on improving DCT
design and uptake.

The usefulness that a user can experience from DCT results
from the automation it provides. DCT takes over tasks that
would otherwise need to be done manually (eg, recording
contacts, estimating distance and exposure to contacts, and
calculating risk based on the vaccination status of contacts).
Therefore, it can be defined as an automated system. In general,
automation can be defined as a system’s ability to “offload,
assist, or replace human performance at corresponding stages

https://humanfactors.jmir.org/2024/1/e53940

of human information processing” [16]. The human action that
DCT seeks to automate is the continuous recording and analysis
of contact data to monitor an individual’s risk of infection.
While there is a large body of research on automation, its
adverse biases, and its impact on human performance [17-19],
less research focuses on the psychological processes involved
when users evaluate the usefulness of automated contact tracing.

Parasuraman et al [20] define 4 evaluation criteria on how
automation can affect human performance: situation awareness
[21], trust (cf complacency and trust [22]), skill degradation
[23], and workload [24]. When users want to make
situation-adequate decisions, they benefit from improved
situation awareness. Situation awareness, in turn, can be
improved by DCT. As long as the information or
recommendations provided by DCT apps are perceived as
trustworthy, users may use them to determine the right course
of action. Accordingly, a DCT’s ability to support situation
awareness as well as trust formation (refer to the study by Hoff
and Bashir [25]) may lead to perceived usefulness. On the other
hand, in the context of DCT apps, one cannot assume that users
are potentially losing a previously existing skill through
automation; DCT app users are not able to stop sick individuals
or themselves. Along the same line, DCT app users profit from
automation as it reduces manual work in contact tracing.
Therefore, we propose to examine users’ experience of situation
awareness and trustworthiness when using DCT apps.

While research has demonstrated that usefulness strongly
impacts use intention [26], factors unrelated to the specific DCT
app might affect whether people intend to use the system. The
HBM positions threat appraisal as another factor directly
influencing use intention [7]. While using a DCT app changes
neither the susceptibility nor the severity (in comparison, refer
to the study by Costa [27]) related to an infection, it is still
plausible that users with higher threat appraisal are more
interested in their own risk status and, therefore, more likely to
use a DCT app (eg, to be able to detect and react to an infection
as early as possible). Therefore, threat appraisal may influence
use intention independent of the specified design of DCT apps.
In addition, recent research has also shown that the theoretical
framework of the HBM does profit from incorporating prosocial
aspects of decisions [28,29] (ie, using a DCT app may provide
a sense of moral obligation to others). Even though individuals
with immunity may perceive a lower personal threat, they may
feel a personal obligation to track and inform contacts. Overall,
to fully investigate the influence of the perceived usefulness of
a DCT system on the use intention, a comparison with
system-nonspecific factors (ie, threat appraisal) and personal
moral obligation should be made. To the best of our knowledge,
no previous study has focused on examining the perception of
automation-related usefulness while addressing threat appraisal
and moral obligation as system-independent factors influencing
use intention.
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Research Objective

The objective of this research was to examine how
automation-related user experience affects the perceived
usefulness of contact tracing as well as use intention of DCT
apps and how user experience could be improved. To do so, our
approach consisted of multiple methods. The first was
quantitatively assessing and analyzing the impact of
automation-related user experience (ie, experienced system
traceability and perceived trustworthiness) as well as system
knowledge on the intention of using a DCT app. The second
was contextualizing the effects of automation-related user
experience measures with factors related to health protection
behavior (ie, threat appraisal and moral obligation). The third
was a qualitative analysis of user demands for improved
information communication between users and the DCT app.
Therefore, the key contribution of this research is a better
understanding of how system characteristics lead to perceived
usefulness of DCT and how optimal DCT apps can increase use
intention through automation-related user experience. Thus,
this research supports the human-centered design of DCT apps.

To address these research objectives, 317 users of the CWA
DCT system were surveyed about their experience with the app
through a web-based questionnaire. A partial least squares
structural equation model (PLS-SEM) was used to quantitatively
describe the relationships among psychological factors regarding
DCT use. This approach was supplemented by a thematic
analysis of qualitative user requests on desired communication
of information between users and the system.

Related Research
Use Intention of DCT

DCT describes software applications that support documenting
information of physical contact or proximity between people
(cf [30]). This includes both the (partially) automated acquisition
of contact information and the analysis of this information (eg,
to determine an individual’s risk of infection [31]). In pandemic
situations, users might have the goal to avoid contributing to
the further spread of the pandemic disease and, thus, face a
control task. This means that users need to constantly
self-regulate their actions in relation to their environment (eg,
how many people around them are infected). While users strive
to achieve this goal, they are constantly facing a changing
environment (ie, exposure to infected persons). To maintain
control, they need to constantly acquire and analyze information
and decide, for example, whether they want to isolate
themselves. Such actions taken by users have a profound impact
on the trajectory of their individual situation—they potentially
curtail further contacts and, thereby, change the future
information acquisition process. In this process, DCT constitutes
a crucial tool for behavioral control as the information provided
functions both as feedback for previous behavior and as an
indicator for future behavior.

Although DCT applications, especially on mobile devices, first
generated high interest during the COVID-19 pandemic [32],
they had already been used previously (refer to, eg, the study
by Sacks et al [33]). Due to their wide applicability and potential
role in public health systems during the COVID-19 pandemic,
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research on user behavior toward DCT has increased. Here,
diverging acceptance models (such as the Unified Theory of
Acceptance and Use of Technology and the technology
acceptance model) have been evaluated to understand DCT use
intention (eg, the study by Velicia-Martin et al [34]).

As indicated at the outset, previous research on DCT app use
has leveraged not only acceptance models but also more general
models of health behavior such as the HBM or the Theory of
Planned Behavior [35]. Such models have been successfully
used in research on the uptake and maintenance of other
pandemic protective behaviors. In that context, there is
consistent evidence of the importance of factors related to the
behavior itself, such as perceived usefulness; factors related to
perceived risk, such as threat appraisal; and social and normative
factors [11,36]. However, in the DCT context, results are mixed.
While there is broad support for the importance of factors such
as use intention [35] and perceived usefulness [7], evidence of
the role of the other factors is less consistent. For example,
Tomczyk et al [35] found evidence of the role of both subjective
norms and threat appraisal. In contrast, Walrave et al [7] did
not include normative factors in their study and found no
significant relationship between threat appraisal and DCT
adoption. In a different approach to conceptualizing norms,
Zabel et al [37] found a strong association between DCT
adoption and moral intensity, a construct that derives the
perceived obligation for DCT adoption from a range of beliefs,
including beliefs about both usefulness and risk. This not only
mirrors findings on the association between moral obligation
and other pandemic protective behaviors, but as the community
benefit of DCT might outweigh the individual benefit, it also
appears to be a promising avenue for exploring the relationship
between norms and DCT use. Accordingly, it remains an
important task of DCT research to understand the relative
influence and interplay of both factors such as perceived
usefulness, and factors such as threat appraisal or moral
obligation on use intention.

One reason for the ambiguity of existing results can be the
variability of operationalizations—trust, for example, is
highlighted in multiple studies as decisive for DCT use intention
[7,35,37]. However, the conceptualization of trust can be
challenging and context-dependent [38]. In DCT, for example,
trust could influence one’s belief regarding how effectively
DCT can support the individual in avoiding an infection. On
the other hand, trust can be related to the data security of private
information (refer to, eg, the study by Altmann et al [39]).
Therefore, a  context-sensitive =~ and  theory-based
conceptualization of trust is necessary to operationalize it
adequately.

Breaking Down Automation-Related User Experience
in DCT

In a pandemic context, the goal of users can be characterized
as behavior that avoids both becoming infected and spreading
infection to others. Still, they may desire to meet other people
or use public transport and, therefore, are continuously adapting
their behavior based on how they perceive the risk situation (ie,
for simplification, a perceived risk level; refer to the study by
Wilde [40]). This risk level refers to the probability of being
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infected by, for example, a virus. Acquisition of information
on the current risk level is supported by DCT and becomes
critical information for comparison, prompting actions to reduce
risk.

Contact tracing involves data gathering but also decision-making
processes that influence individual and collective health
outcomes. It integrates continuous information processing and,
therefore, can be viewed through the theoretical lens of
control-theoretical conceptions of human-machine systems. The
control loop model of action regulation in contact tracing can
be extended to accommodate for DCT as automation (ie, a

Schrills et al

system) that takes over tasks in the acquisition, analysis, and
decision selection of contact information [20]. However,
maintaining an acceptable risk level [40] is not a singular, finite
process but a continuous one. Accordingly, we propose to model
information acquisition, analysis, and decision selection as parts
of an action regulation consisting of an input function, a
reference function, and an output function. As depicted in Figure
1, both human and machine information processing can be
modeled within a conceptual control loop to reflect continuous
information processing. The conceptual control loop model
(Figure 1) illustrates the integration of human and automation
activities into a joint action regulation.

Figure 1. Conceptual control loop model of joint human-machine action regulation in digital contact tracing (DCT). The assessment of the machine
processing steps (input, reference, and output) is central to the perceived trustworthiness (perceived data validity, perceived goal congruity, and perceived

result diagnosticity) of the system.
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Based on the model presented in Figure 1, we assumed that
users’ interaction with DCT apps is based on their evaluation
of automated input, reference, and output functions. They assess
the correctness of the data that the DCT system uses (input
function), the data’s congruence with the users’ goals (reference
function), and the utility of the data’s communicated results
(output function). Any lack of transparency in their joint action
regulation can diminish perceived trustworthiness as well as
hamper situation awareness. For instance, if the system fails to
capture necessary data accurately or align with personal goals
such as identifying the source of infection versus alerting those
potentially infected, perceived trustworthiness may decline.
Accordingly, parallel to similar phenomena in other automation
contexts that do not reveal which information is used as part of
the input function, an out-of-the-loop unfamiliarity might cause
decreasing situation awareness [20]. Furthermore, the user
experience may suffer if the system’s output, such as an
imprecise infection risk description, is insufficient for users to
decide the next course of action, therefore impeding the
perceived usefulness.

In addition, users’ perception of the system is dependent on
their expectations of information processing (cf [41]; ie, how

https://humanfactors.jmir.org/2024/1/e53940

Disturbance
Untraceable contacts

the DCT system processes contact-related data). For example,
whether a DCT app processes others’ vaccination status will
only matter to users who are interested in that information, and
disclosing that the app processes vaccination information will
only impact the system perception of those users. As such, to
understand the formation of perceived usefulness, users’
subjective situation awareness is more important than their
factual situation awareness. However, as introduced by Schrills
and Franke [42], subjective evaluation of a user’s ability to
“perceive, understand and predict a system’s information
processing,” described as subjective information processing
awareness, can serve as a construct to assess users’ perception
of an automation’s effect on situation awareness. However,
users’ perception of their information processing awareness
might not be reflected in the accuracy of their knowledge about
the system’s information processing.

The previous concepts of perceived data validity, goal congruity,
result diagnosticity, trustworthiness, subjective information
processing awareness, and perceived usefulness can be
subsumed as  automation-related  user  experience.
Automation-related user experience, following the 9241 standard
from the International Organization for Standardization, can be
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defined as the perception and response of a person resulting
from using or anticipating the use of automated systems. On
the basis of our proposed conception of automation-related user
experience, we conceptualized a model of factors of use
intention in DCT centered on perceived usefulness of automation
as depicted in Figure 2. In addition, threat appraisal and moral
obligation as factors independent of DCT use are integrated as

Schrills et al

measures to evaluate the influence of automation-related user
experience on use intention comparatively. Threat appraisal and
moral obligation are not connected with properties of the DCT
app; that is, they influence whether a user wants to demonstrate
behavior to trace contacts but not how useful a specific app is
perceived to be.

Figure 2. Research model on automation-related user experience and the effect on use intention of digital contact-tracing apps.
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This Study

On the basis of the presented research model, the objective of
this study was to investigate how automation-related user
experience affects the perceived usefulness of contact tracing
as well as the use intention of DCT and how user experience
could be improved. We aimed to contribute to research on DCT
adoption and use by examining possible pathways to enhance
use intention via user experience. On the basis of the proposed
research model, we analyzed the following hypotheses: (1)
perceived trustworthiness correlates positively with perceived
usefulness (hypothesis 1), (2) subjective information processing
awareness correlates positively with perceived usefulness
(hypothesis 2), and (3) perceived usefulness correlates positively
with use intention (hypothesis 3).

In addition, we examined the relationship among all the
aforementioned variables in a structural equation modeling
(SEM), where we tested automation-related variables as well
as variables not related to the specific DCT system: (1) threat
appraisal is positively related to use intention (hypothesis 4)
and (2) moral obligation is positively related to use intention
(hypothesis 5).

Accordingly, the research model depicted in Figure 2 serves as
a basis for an SEM analysis that integrated both
automation-related user experience and automation-independent
variables (threat appraisal and moral obligation).

We supplemented our quantitative findings with qualitative data
on the requirements for improved information processing,
providing a deeper insight into users’ interactions with the app.
This mixed methods approach allowed us to uncover underlying
patterns and themes that cannot be identified through
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quantitative data alone, providing a more comprehensive
understanding of the user experience.

Methods

Participants

Participants were recruited via social networks (Twitter
[subsequently rebranded X] and Facebook), where an image
and a link to the study were shared showing a picture of the
CWA and asking for participation (ie, our sample was
self-selected). The recruitment strategy specifically targeted
individuals who had experience using the CWA.. Eligibility for
the study required participants to be aged =18 years and have
at least fluent German skills. The study was conducted on the
web, with data collection taking place via a web-based
questionnaire between June 1, 2022, and July 31, 2022, using
LimeSurvey (LimeSurvey GmbH) [43]. We decided not to
inquire further about demographic variables to maintain high
levels of privacy due to the context of the study (tracking apps).

A total of 317 participants were included in the study (refer to
the Data Exclusion section for further details). As user diversity
can have a significant impact on the individual user experience
and the perceived trustworthiness, we assessed the affinity for
technology interaction (ATI) [44]. ATI describes the individual
tendency to actively engage in intensive technology interaction.
The ATI was measured using a scale validated in various large
samples. Our sample ranged from 1 to 6, with an average value
of 4.19 (SD 1.26) which was somewhat higher than the value
of 3.5 that Franke et al [44] assumed for the general population
based on quota sampling. This corresponds with the
self-selection of the sample; we can assume that users who
installed the CWA may have, in general, a higher level of ATI
than the general population.
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Ethical Considerations

This study was registered (under 2022-413) at the Ethics
Committee of the University of Liibeck. Before participating
in the study, individuals received detailed information about
the study and provided written consent to partake. For
anonymity, no additional demographic data of the users were
queried. No financial remuneration was provided for
participation.

Scales and Procedure

Overview

To capture the psychological concepts described previously,
multiple scales were developed and presented to participants
after they provided informed consent. Except for those for
experienced system traceability [42], all items were generated
by the researchers based on theoretical considerations and
discussed within a team of 3 experts in human-machine
interaction.

All items used a 6-point Likert response scale (completely
disagree=1, largely disagree=2, slightly disagree=3, slightly
agree=4, largely agree=5, and completely agree=6), with the
only exception being the semantic differential used for perceived
usefulness. For all variables except knowledge, a mean score
of all items of the scale was calculated and used for further
analysis. All the original items were in German and are
presented in this manuscript in English.

Use Intention

Use intention was captured using a 3-item scale focusing on
participants’ intention and future commitment to use the CWA
during the pandemic (Multimedia Appendix 1).

Threat Appraisal

A 4-item scale was used aiming to comprehend the participants’
perceived risk and concerns related to a possible infection
(Multimedia Appendix 1).

Experienced System Traceability

Experienced system traceability was assessed using the 6-item
Subjective Information Processing Awareness scale [42]
measuring the perceived transparency, understandability, and
predictability of information collection and processing by the
system (Multimedia Appendix 1).

Moral Obligation

Moral obligation was evaluated using a 3-item scale capturing
the participants’ sense of responsibility and ethical obligation
toward using the CWA (Multimedia Appendix 1).

https://humanfactors.jmir.org/2024/1/e53940
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Perceived Trustworthiness

Perceived trustworthiness was measured across 3 subscales,
each addressing the trustworthiness of input, reference, and
output in the cybernetic control loop (Multimedia Appendix 1).

Perceived Usefulness

Perceived usefulness was assessed using a semantic differential
scale with labels indicative of the perceived efficiency,
precision, safety, complexity, and reliability of the system when
cooperating with it (for instructions and labels, refer to
Multimedia Appendix 1).

Statistical Analysis

Overview

The data collected in this study were analyzed using R (version
4.31; R Foundation for Statistical Computing) [45]. Initially,
the normal distribution of the data was tested to ensure that
assumptions of normality were met. Given that the data did not
follow a normal distribution, nonparametric tests such as the
Welch 2-tailed ¢ test were applied to determine statistical
significance. In addition, considering the multiple comparisons
performed in the calculation of correlations, a Bonferroni
correction was used to control for the risk of type I error.
Corrected P values are reported. The analysis was based on the
preregistration, which can be found under <omitted for blinded
review>.

PLS-SEM is a statistical modeling method combining aspects
of regression and factor analysis. It allows for the simultaneous
estimation of the relationship between indicators (ie, manifest
variables) and constructs (ie, the latent variables formed from
the manifest variables) and the relationship between the
constructs themselves. These parts of the models are called the
measurement model and structural model [46]. PLS-SEM is
robust to nonparametric data, can work with small samples, and
is especially suited for exploratory research [47], making it a
great fit for this study. We followed the extensive iterative
process of model assessment described in the work by Hair [46].
Our iterative approach is documented in Multimedia Appendix
2.

The hypothesized PLS-SEM contains all paths depicted in
Figure 3. In addition, we tested whether the paths from perceived
trustworthiness, system knowledge, and experienced system
traceability to use intention were all mediated by perceived
usefulness or whether there were also direct effects.
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Figure 3. Partial least squares structural equation model after multiple iterations for the proposed research model. Rounded corners indicate constructs
based on our research model; rectangular shapes denote indicators that were measured directly in the survey.
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All constructs except perceived trustworthiness were specified
as mode-A constructs. The respective indicators are described
in the Scales and Procedure section. Perceived trustworthiness
was specified as a mode-B higher-order construct consisting of
perceived data validity, perceived result diagnosticity, and
perceived goal congruity. We report explained variance using

R?, path coefficients using § with P values and 95% CIs, and
effect sizes using the Cohen f2

Power

For the PLS-SEM, a retrospective power analysis using the
inverse square root method revealed that, given our sample size
(N=317), the smallest path coefficient, and a 5% significance
level, we achieved a statistical power of 72% [48].

Data Exclusion

Before the statistical analysis, the data set with 370 responses
was carefully reviewed for any inconsistencies, missing data,
and outliers. Cases with incomplete or implausible responses
(53/370, 14.3% in total) were identified and excluded from the
analysis to maintain the integrity of the data set.

Qualitative Data Analysis

To obtain a deeper insight into users’ demand for information
provision and preservation in the interaction with the CWA,
qualitative data were collected via open-ended questions (ie,
what information would you like to get from the system?
[Automation to human; question 1] and What information would
you like to feed to the system? [Human to automation; question

2)).
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As a widely used tool, thematic analysis aims to support the
systematic identification, analysis, and reporting of patterns (ie,
themes) in qualitative reporting data. Both inductive and
deductive approaches were applied using theoretical assumptions
as the basis for creating the themes, which were then adapted
based on the data collected [49]. The data were coded using
MAXQDA (version 20; VERBI GmbH [50]). For a structured
and reliable analysis approach, a coding scheme with clear
definitions of codes and example coding was developed in
multiple iterations (Multimedia Appendix 3). For the evaluation,
two perspectives of information needs between humans and
automation should be covered: (1) human to automation and
(2) automation to human. In total, 2 coders coded the data based
on the developed scheme. An intercoder reliability of k=0.90
(for automation-to-human information demands) and k=0.87
(for human-to-automation information demands) was achieved.
Hence, the level of agreement was strong in both cases [51].

Coded themes for information needs in both automation to
human and human to automation included contact or risk
information, pandemic-related information, app-related
information, and assumptions for perceived information
processing. Subcodes were created to enhance coding accuracy
(Multimedia Appendix 3) but were not analyzed in detail as the
focus remained on the top-level codes. Codes that could not be
assigned to one of the themes were assigned to the category
others. As several participants commented, for example, on the
suspected reasons for the limitation of information processing,
another category was added (ie, assumed reasons for perceived
information processing) to avoid losing these data. Both the
categories others and assumed reasons for perceived information
processing were not evaluated for this study.
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Missing answers to the questions asked and specific statements
that there was no demand for information were assigned the
code none. This code was assigned only once per person and
statement. Thus, in the end, it was possible to clearly distinguish
how many of the 317 respondents indicated information needs

Schrills et al

and how many did not. Ultimately, automation-to-human
information demand statements from 45.4% (144/317) of the
participants and human-to-automation information demand
statements from 27.1% (86/317) of the participants were
analyzed (Table 1).

Table 1. Number of respondents that indicated information demands versus no information demands.

Variable Response distribution, n (%)
Respondents (n=317) Responses (n=377)
Demands
Information demand (A2H?) 144 (45.4) 257(68.2)
Information demand (H2Ab) 86 (27.1) 120 (31.8)
No demands
Information demand (A2H) 173 (54.5) 120 (31.8)
Information demand (H2A) 231 (72.9) 257 (68.2)

4A2H: automation to human.

PH2A: human to automation.

Results

Overview

For hypothesis 1, the analysis revealed moderate positive
correlations for all factors of perceived trustworthiness. The
correlation between data validity and perceived usefulness was
significant, with a coefficient of r=0.38 and P<.001. The
correlation between goal congruity and perceived usefulness
showed a coefficient of r=047 and P<.001, indicating a
moderate positive linear relationship. Result diagnosticity and
perceived usefulness exhibited a strong positive correlation,
with a coefficient of r=0.56 and P<.001. In general, all measures
of perceived trustworthiness and perceived usefulness exhibited
a positive relationship, supporting hypothesis 1.

For hypothesis 2, a correlation coefficient of r=0.35 (P<.001)
was observed, suggesting a moderate positive linear relationship
between subjective information processing awareness and
perceived usefulness; a positive relationship between SIPA and
perceived usefulness (hypothesis 2) was supported by the data.
This indicates that automation-related phenomena such as
changes in situation awareness might influence the perceived
usefulness of DCT.

For hypothesis 3, the correlation coefficient between perceived
usefulness and use intention was r=0.47 and P<.001, indicating
a moderate positive correlation. Hence, our results support the
hypothesis (hypothesis 3) that perceived usefulness is positively
related to use intention (hypothesis 3). In combination with our
previous results, this indicates strong relationships between user
experience variables and use intention.

In summary, all variables showed statistically significant
correlations with perceived usefulness. These correlations ranged
from moderate to strong positive relationships. These results
strengthen our assumption that perceived usefulness of DCT is
strongly related to automation-related user experience.

https://humanfactors.jmir.org/2024/1/e53940

SEM Approach
The final PLS-SEM is depicted in Figure 3. The explained

variance for use intention was R’=0.56. It was directly predicted
by perceived trustworthiness (f=.54, 95% CI .45-.62; P<.001;

f2=0.44), moral obligation (f=.22, 95% CI .13-31; P<.001;
f2=0.07), and threat appraisal (f=.14,95% CI .05-.23; P<.001;

f=0.04). Thus, there was a large effect for perceived
trustworthiness and a small effect for the other constructs. Still,
hypotheses 4 and 5 were supported.

Within the perceived trustworthiness higher-order construct,
the highest weight was assigned to perceived result diagnosticity
(w=0.69; P<.001), implying that this subconstruct contributes
most to perceived trustworthiness, followed by perceived goal
congruity (w=0.26; P<.001) and perceived data validity (w=0.19;
P<.001).

We did not find evidence for a mediating effect of perceived
usefulness on the paths from perceived trustworthiness, system
knowledge, and experienced system traceability to use intention.
However, we did find direct effects of perceived trustworthiness

(P=.65, 95% CI .58-.73; P<.001; f2=0.65) and experienced
system traceability (f=.13, .04-.21; P=.003; f2=0.02) on
perceived usefulness (R2=0.53).

Qualitative Analysis

Overview

Two directions of information flow were analyzed to assess the
information demands of CWA wusers: (1) human to
automation—information that users want to provide to the
system and (2) automation to human—information that users
want to receive from the system. In total, 3 overarching themes
were explored and analyzed in more detail (Textbox 1).
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(page number not for citation purposes)



JMIR HUMAN FACTORS

Schrills et al

Textbox 1. Analyzed themes and description of each theme. The detailed coding scheme can be found in Multimedia Appendix 3.

Contact- or risk-related information

period during which contact tracing was possible

Pandemic-related information

App-related information

o Time-related information: information regarding the period of the contact, the duration of the contact, the time passed since the contact, and the

. Location-related information: information related to the place of contact, direct or indirect contact, and indoor or outdoor contact
o  Exposition-related information: information about the masking status in the contact situation and the distance between the persons in contact
e Action-related information: information on possible and suggested courses of action after contact

o Information related to the warning person: information concerning the time when the warning person tested positive, the time when the warning
person became infected, the warning person’s first symptoms, the warning person’s vaccination status, and the infected person’s virus variant

»  Statistics: information related to statistical content on the pandemic in terms of the number of defects or infections

o Number of users: information about the number of users of the Corona-Warn-App

e General calculation-related information: information on reasons for changing risk calculation and the system parameters used for calculations
o Certainty about the result: information related to the certainty of the results calculated by the system

o Integration of tests (self- and externally administered): information about the possibility to enter or delete test results on the app

o  Linking with private data: information on the possibility of linking app functions with private data

Descriptive Data

Overview

The overall number of statements amounted to 211 in
automation to human and 76 in human to automation. Within
these 2 categories, the themes were distributed unevenly.
Information regarding contact and risk accounted for most
statements in both categories (automation to human: 196/211,
92.9% of statements; human to automation: 62/76, 82% of
statements). The remaining statements were (almost) exclusively
distributed among app-related information (automation to
human: 14/211, 6.6% of statements; human to automation:
14/76, 18% of statements) as barely any needs were stated for
pandemic-related information (automation to human: 1/211,
0.5% of statements; human to automation: O statements).

Regarding the subcodes, the distribution also varied between
both themes (Figure 4). For contact- and risk-related
information, the information related to time, location, and
exposure accounted for the largest proportion of demands within
this theme in both categories. However, the distribution of

https://humanfactors.jmir.org/2024/1/e53940

statement proportions differed clearly between automation to
human and human to automation. Time-related information was
demanded most in automation to human (111/196, 56.6% of
statements) but least in human to automation (8/62, 13% of
statements). Demands for location-related information did not
differ greatly between automation to human (45/196, 23% of
statements) and human to automation (24/62, 39% of
statements), nor did exposition-related information (automation
to human: 30/196, 15.3% of statements; human to automation:
22/62,35% of statements).

In terms of app-related information, the demands for
information about the system’s general calculation (automation
to human: 12/14, 86% of statements; human to automation: 0%
of statements) and the integration of tests (automation to human:
0% of statements; human to automation: 12/14, 86% of
statements) differed in particular between the categories. The
remaining subcodes hardly received any consideration. In both
categories (automation to human and human to automation),
almost no statements regarding pandemic-related information
were made.
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Figure 4. Relative demands regarding information from automation to human (left) and from human to automation (right). The numbers in the column

sections indicate the number of statements under each code.

Comparative analysis of information demands: human to automation versus automation to human
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2

App

100%

75%

50%

Percentages

25%

0%

Contact and risk Pandemic

Human to Automation

In human to automation, certain claims emerged with particular
frequency in the demand for contact- and risk-related and
app-related information. Information demands on contact and
risk mainly focused on time- and exposure-related information.
For example, the interest in informing the app of one’s location
and whether one was in an enclosed space or outdoors was
present:

Tell the app something about the specific location
(enclosed space, fresh air).

Exposition-related information demands mainly focused on
informing the app when one wore or had worn a mask:

The wearing of a mouth-nose covering should be
entered and thus taken into account in the risk
calculation.

Regarding the demand for the integration of app-related
information, the participants predominantly highlighted the
integration of self-administered or externally administered tests:

That I am Corona positive without having done a
Polymera-Chain Reaction (PCR) test. (Perhaps with
indication that the result is not PCR verified).
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In the automation to human category, contact- and risk-related
and app-related information were queried with similar
frequency. The contact- and risk-related information in this
category most often referred to time-related information with
arequest for the time of the risk encounter. However, the desired
preciseness of the temporal data differed (exact time vs more
approximate time: “When was the encounter? (At least as a time
frame, e.g., between 8-12 o'clock)” vs “The specific time [...]
of a risk encounter would be helpful”). The location of the risk
encounter was another type of information that participants
commonly solicited. Most asked for information about a rather
specific location (“At which location did a contact take place?”);
few seemed to be interested in the characteristics of the location
(“Indoors or outdoors?”).

Exposure-related information demanded from the system
included the number of devices or persons present at the time
of exposure (“[...] with how many devices was the contact?”),
the distance to the warning person (“At what distance was the
encounter?”), and the masking status. In particular, masking
status included the person’s own status of having worn a mask
or whether the other person was wearing a mask at the time of
the risk encounter (“Was I wearing a mask? Was the other
person wearing a mask?”).
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App-related information demands mainly focused on the
parameters of the calculation (“What factors led to this result?”)
and reasons for a status change (“How exactly the risk
determination works, i.e., how distance and time to a positively
tested person actually have to be, in order for me to receive a
notification and for the status to be changed”).

Discussion

Principal Findings

The objective of this study was to understand automation-related
user experience, its connection to perceived usefulness, and the
use intention of DCT. Our data showed that perceived
trustworthiness is a critical factor in understanding use intention
as well as the perceived usefulness of DCT apps. Interestingly,
users’ experience of a system as supportive in their action
regulation affects their use intention more strongly than external
factors such as threat appraisal or moral obligation. In addition,
our qualitative analysis revealed that users mainly want to
communicate with the system about information that is relevant
to their decision-making. For instance, providing more precise
information about masking status when in contact with other
people could assist a user in making an immediate decision
regarding isolation. Overall, our findings suggest a strong
relationship between the diagnosticity of automated information
processing and use intention.

Practical Implications

As a first major implication, the high effect of result
diagnosticity on perceived trustworthiness demonstrates the
importance of human-centered information processing in
(partially) automated health applications. Within the
interconnected human-machine information processing loops
(Figure 1), the machine provides information as part of the
human input function. As discussed by Miller [52], intelligent
systems such as DCT should aim to improve users’ ability to
access and use (processed) information rather than to present
and justify a particular outcome. In DCT app design, the
integration of DCT information into a joint human-automation
action regulation should be prioritized. Accordingly, when
developing evaluative systems [52] that support the evaluation
of alternatives rather than suggesting specific actions, it is
important to consider what evaluative process a user needs to
undertake. While previous research has already identified the
need for actionable information [53], the information presented
by DCT apps needs to be understood in the context of human
action regulation and the influence of automated systems in
human action regulation. A possible solution to support
diagnosticity in DCT is so-called proactive contact tracing [54],
which integrates more information sources and can potentially
enrich DCT results.

Second, the results indicate a strong user need for information
to be provided in sufficient detail. An interface optimized for
communicating information could enable users to make their
own assessment of the situation. In many DCT apps, users
request the ability to retrieve information about possible
contacts, such as time, location, or even the person involved
[55]. Our study showed similar results (eg, a high demand for
detailed information about the [exact] time of detected contacts).

https://humanfactors.jmir.org/2024/1/e53940
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Again, the demand for more detailed information relates to the
diagnosticity of the information provided by the system. If users
are only given information about their current risk of infection,
they cannot evaluate the validity of this information, potentially
leading them to ignore it. They would require additional
context-related information about potential contacts, such as
whether the individuals were wearing masks or were located in
an enclosed room, to make informed decisions about their
behavior. Our results demonstrate that use intention is strongly
connected to the perceived diagnosticity of the DCT app. On
the basis of our qualitative findings, we can assume that the
diagnosticity of DCT users depends on the level of detail they
receive about possible contacts. Accordingly, the provision of
details that support users’ information processing is even more
important for their use intention than threat appraisal or moral
obligation. In accordance with psychological research on
motivation [56], supporting users’ intrinsic motivation for
diagnostic information could lead to better adherence regarding
DCT apps than, for instance, exposing them to extrinsic
motivators that increase threat appraisal (eg, describing the
consequences of infection [57]).

Third, in contradiction to users’ demand for detailed information
on contacts, a major concern in DCT is privacy [55]. While it
is often argued that too much detail conflicts with privacy, it is
important to find ways to improve the diagnosticity of
information as this determines the use intention. Possible
solutions include differential privacy, which allows for sufficient
detail for increased diagnosticity while keeping personal data
confidential. In addition, many users requested features that do
not compromise the privacy of others, such as the ability to
inform the system about masking status. Thus, allowing users
to refine the input received by the DCT app may increase the
perceived diagnosticity of the results. The integration of masking
status can be seen as a measure to improve the accuracy of the
apps in determining risk levels, ultimately increasing the use
intention.

Overall, our results suggest that focusing on the diagnosticity
of the information presented in DCT apps could result in
improvement in users’ health behavior. During the COVID-19
pandemic, users reported that they were unsure about the correct
or best action to take to contain the pandemic or could not
correctly assess the risk of certain situations [58]. However, this
certainty is particularly important when it comes to health
decisions. With sufficient diagnostic accuracy, DCT apps may
be able to better reduce this uncertainty and, thus, become a
crucial component in the management of pandemics in the long
term, also positively affecting users’ willingness to provide data
on a social level. It is also crucial that DCT apps do not follow
the recommend and defend principle [52], which could lead to
a long-term reduction in motivation, but instead provide
information that supports individual decisions. If compliance
with effective pandemic control measures can be increased as
aresult, it will be possible to respond more effectively to future
pandemics.

Theoretical and Methodological Implications

In our data, the perceived trustworthiness of a DCT app had a
greater influence on use intention than threat appraisal or moral
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obligation. Furthermore, while previous studies [26] have relied
on perceived usefulness, our findings in the PLS-SEM do not
suggest that it mediates the relationship between perceived
trustworthiness and use intention. However, usefulness can be
seen as an ambiguous concept without a specific connection to
the design of DCT apps. In this way, focusing on perceived
usefulness could hinder approaches to improve DCT by adopting
DCT app design and functionality. In contrast, a lack of
perceived result diagnosticity indicates to developers that the
information provided by a DCT app needs to be adapted to have
an impact on joint action regulation. Our research suggests that
designers of automated systems should specify the potential
actions that users can take and identify decision points at which
users may require diagnostic information, such as whether to
proceed with a specific action. In addition, highlighting the role
of diagnosticity indicates how models of technology in medical
systems should be developed. Existing models (such as the
technology acceptance model) do not specify to what extent a
system’s usefulness depends on perceived diagnosticity. Our
research demonstrates that behavioral models focusing on
information-based decisions are needed to address automated
technology in health, for example, DCT.

However, one can argue that the difference between perceived
result diagnosticity and perceived usefulness is arbitrary; in a
joint human-automation action regulation, the diagnosticity of
information seems to be equal to perceived usefulness. However,
by directly addressing perceived result diagnosticity as a central
variable of automation-related user experience, empirical
research can identify paths to improve action regulation support
of DCT without previously defining what is useful about a
system or not. When a DCT app can deliver information that
users can use to regulate their actions, users report a higher
intention to use it. Therefore, applying result diagnosticity as a
variable in human-automation research is a methodological
contribution supporting future research in intelligent automation.

On the basis of our findings, future research on DCT needs to
determine how to improve the diagnosticity of DCT apps. This
paper introduced a conceptual control loop model of joint
human-machine action regulation, which can support research
approaches in optimizing perceived diagnosticity as a central
variable for automation-related user experience. Addressing the
joint action regulation in DCT and health behavior is crucial to
understand how the information provided by DCT apps can be
integrated into human information processing and how DCT
apps influence the human output function. Information that
improves the evaluation of individual contacts, such as contact
location, masking status, or vaccination level, could improve
perceived trustworthiness and use intention of DCT apps. By
demonstrating how information processing between human
users and DCT apps is integrated, our research supports a shift
from viewing human users as receivers of machine results to
viewing them as actors using DCT information.

Allin all, our findings regarding the significance of diagnosticity
have implications for the design of automated information
processing in a broader context. Users did not primarily
prioritize data validity or goal congruence; instead, their focus
lay in determining whether they could trust the system to provide
information that would assist their own decision-making process.
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This may be a general trend in automated information
processing.

Limitations and Further Research

All participants of this study were users of the CWA. However,
as Walrave et al [59] describe, many citizens in Germany did
not use DCT apps, for example, because they did not want to
share their data or did not think they were effective. Thus, the
findings presented on the impact of perceived diagnosticity may
not be applicable to citizens who did not use the app at all. These
individuals may have chosen not to use the app for reasons
beyond those discussed in this paper. The perceived
diagnosticity of a DCT app is only relevant for use intention
when potential users are interested in determining their
individual risk level or making decisions based on their
estimated risk level. That is, our sample may bias the results
and underestimate factors relevant to nonusers. For example,
nonusers might reject the app because they do not trust the
provider of the system. Accordingly, the results of our study
may support improving DCT for existing users but not
convincing nonusers to use DCT. Further studies need to address
nonusers and examine how automation-related user experience
affects their decision not to use DCT.

In addition, users may have misconceptions about the factors
contributing to the risk of infection and may expect the system
to provide irrelevant information that does not aid in making
an informed decision. Accordingly, they might report a low
perceived diagnosticity while the information provided in the
app offers sufficient diagnosticity. The accuracy of one’s mental
model [60] may influence the perception of actual diagnostic
information as nondiagnostic (for a discussion of diagnosticity,
refer to the study by Garcia-Marques et al [61]). To tackle false
models of diagnosticity, DCT apps should support users in
correcting their mental model, for example, by explaining how
they can use the provided information. This could be done by
simulating decision situations with and without DCT
information, offering users the experience of diagnosticity.

Improving the perceived diagnosticity could be beneficial for
use intention but could negatively affect perceived data privacy
[55]. For example, a function that allows users to communicate
when they are wearing a mask could be abused to track specific
contacts, therefore revealing potential infections of other users.
Data privacy is a critical concern in DCT use [59]. Therefore,
current DCT apps are designed to protect the data of other users
at the cost of the diagnosticity of information. This research did
aim to understand the effect of user experience in automated
DCT but did not include how users evaluate potential risks of
data privacy violations or approaches to address them (cf [62]).
Future research should identify how to balance the desired level
of perceived result diagnosticity and data privacy concerns. For
example, in direct communication, users who reveal information
about their web-based status can see the web-based status of
others, allowing them to choose which balance between
diagnosticity and data protection they desire. The same function
could be implemented in DCT apps to support
automation-related user experience. Allowing users to choose
their level of diagnosticity themselves allows them also to
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control how DCT apps influence their decision-making, thus
strengthening user autonomy.

Finally, this study had a cross-sectional design that did not
assess how automation-related user experience and use intention
regarding a DCT app may change over time. Previous research
has demonstrated that automation-related user experience can
change over time (eg, because users adapt to the system or they
improve how they use the system). Future research on
automation-related user experience in DCT apps needs to
include a longitudinal study design to capture effects of behavior
change and users’ perception.

Conclusions

In conclusion, this research highlights the relevance of
automation-related user experience in DCT and its role in
enabling the effective action regulation of DCT users. Here,
providing detailed and diagnostic information is crucial for
users to make informed assessments of their situation and
actions. The presented quantitative results echo the qualitatively
assessed user demand for more detailed information about
potential contacts, such as time, location, and context (eg, mask
use and indoor or outdoor setting).

Interestingly, our data suggest that other factors not directly
related to the app, such as moral obligation and threat appraisal,
are less relevant compared to automation-related user
experience, especially to the perceived diagnosticity of the
information provided by DCT apps. The presented results are
also more specific than those of previous studies that relied on
perceived usefulness. Our research model did not suggest that
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perceived usefulness mediates the relationship between
perceived trustworthiness and use intention. Instead, we propose
that DCT designers should focus on providing diagnostic
information at critical decision points.

However, privacy remains a major concern in DCT. While it is
often argued that too much detail conflicts with privacy, it is
crucial to find ways to improve the diagnosticity of information
without compromising privacy. Solutions could include
differential privacy or features that do not compromise the
privacy of others, such as the ability to inform the system about
masking status.

The main impact of our results on the design of DCT apps and
health policy is that DCT apps need to provide sufficient
diagnosticity to be perceived as useful. This means that (1) the
possible actions of users need to be understood before the design
of the DCT algorithm and apps and (2) the presented information
needs to support them in choosing the correct action. Focusing
on the diagnosticity of the information presented in DCT apps
could, in turn, also influence user performance. During the
COVID-19 pandemic, a significant percentage of users reported
uncertainty about the best actions to take or could not correctly
assess the risk of certain decisions. Therefore, improving
diagnostics could contribute to better and safer decisions.

In summary, our study underscores the importance of balancing
detailed and diagnostic information with privacy concerns in
DCT apps. As we move forward in this digital age, it is crucial
to continue exploring ways to optimize DCT while respecting
user privacy.
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5 Study 2: Subjective Information
Processing Awareness In

Automated Insulin Delivery

5.1 Summary of Study 2

This study investigates how users perceive the transparency and explainability of
automated insulin delivery systems for type 1 diabetes management. The research in-
troduces and examines the construct of Subjective Information Processing Awareness,
which is a key measure of how well users can track and understand automated decision
processes. Through an experimental study with 80 participants, the paper examines
how different levels of information disclosure affect SIPA and related factors such
as confidence and prediction accuracy. The results indicate that repeated exposure
is necessary to manifest differences in SIPA. In addition, higher levels of informa-
tion disclosure can sometimes lead to a mismatch between perceived understanding
and actual performance, highlighting the challenges of designing user-friendly XAI

systems.

5.2 Relevance within the dissertation

This research is essential to the dissertation because it extends the study of automation-
related user experience to the medical domain, focusing on critical applications such

as diabetes management. The research links human-Al interaction with concepts of
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transparency and explainability, emphasizing the balance between providing enough
information for effective decision making while avoiding information overload. It
contributes to the broader thesis by illustrating how user experience and trust in

automated systems may not be calibrated after XAl interfaces are presented.

5.3 Contribution to Study 2

I was responsible for the primary development of the research idea, conceptualized the
framework of SIPA, and designed the experiment, including the levels of information
disclosure and the methodology used to measure SIPA. I also conducted the data
collection, performed the quantitative analysis, including conducting the contrast
analysis, and contributed to the training of the model underlying the interface used
in the study. In addition, I wrote the entire manuscript, including the introduction,
methodology, results, and discussion sections, where I integrated theoretical per-
spectives on human-centered Al and XAI with practical implications for medical

technologies.
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How Do Users Experience Traceability of Al Systems?
Examining Subjective Information Processing Awareness
in Automated Insulin Delivery (AID) Systems

TIM SCHRILLS and THOMAS FRANKE, Universitit zu Liibeck, Germany

When interacting with artificial intelligence (Al) in the medical domain, users frequently face automated in-
formation processing, which can remain opaque to them. For example, users with diabetes may interact daily
with automated insulin delivery (AID). However, effective AID therapy requires traceability of automated
decisions for diverse users. Grounded in research on human-automation interaction, we study Subjective In-
formation Processing Awareness (SIPA) as a key construct to research users’ experience of explainable AL
The objective of the present research was to examine how users experience differing levels of traceability of
an Al algorithm. We developed a basic AID simulation to create realistic scenarios for an experiment with
N = 80, where we examined the effect of three levels of information disclosure on SIPA and performance.
Attributes serving as the basis for insulin needs calculation were shown to users, who predicted the AID
system’s calculation after over 60 observations. Results showed a difference in SIPA after repeated observa-
tions, associated with a general decline of SIPA ratings over time. Supporting scale validity, SIPA was strongly
correlated with trust and satisfaction with explanations. The present research indicates that the effect of dif-
ferent levels of information disclosure may need several repetitions before it manifests. Additionally, high
levels of information disclosure may lead to a miscalibration between SIPA and performance in predicting
the system’s results. The results indicate that for a responsible design of XAlI, system designers could utilize
prediction tasks in order to calibrate experienced traceability.
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1 INTRODUCTION

The availability of intelligent technology for type 1 diabetes mellitus (DMT1) therapy [33] has
increased, reflecting the general development of personalized medicine based on artificial intel-
ligence (AI). In DMT1, self-adapting learning algorithms are used for personalized calculation
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of insulin needs, e.g., at different times of the day, at different stages of the female period, or
depending on physical activity. The goal of these systems, also known as automated insulin de-
livery (AID) systems, is to improve therapy while reducing the workload for people with DMT1.
The incidence of DMT1 has increased in recent years and was 15 per 100,000 cases in 2020 [83].
In order to improve therapy conditions and effectiveness, AID systems can provide fully or par-
tially automated diabetes therapy, for example, through integrating advanced wearable glucose
sensors and intelligent insulin pumps [116]. All in all, the core of AID technology is the auto-
mated processing of information, especially to regulate current blood glucose levels in relation
to therapy goals while dealing with high temporal dynamics, latency, and complexity of human
physiology.

The first empirical studies suggest that people with DMT1 can benefit significantly from AID
systems [3, 18, 64]. Both long-term metrics (e.g., the “time in range” (TIR) referring to desired
glucose level) and the frequency of acute life-critical blood glucose levels can be reduced [6]. How-
ever, the positive effect of AID systems seems to depend on, for example, the previous quality of
therapy [15, 80]. That is, individuals who had problematic long-term metrics before starting AID
therapy are more likely to discontinue AID-based therapy. Paradoxically, they would profit the
most from AID systems. Thus, more inclusive methods that enable a wide diversity of users to
continue AID therapy are needed. Parallel to findings on the beneficial therapeutic effects of AID
therapy, several recent studies [4, 40, 80] explicate the need for human-centered development of
AID systems, referring to problems well known in human-automation interaction: positive effects
of AID can, e.g., be hindered by a high number of alarms [14] and the associated alarm fatigue [106].
While reducing the burden of treatment [113] is one of the main goals of AID systems, the con-
tinuous efforts while using AID systems as well as initial familiarization with this form of therapy
are considered important discontinuation criteria for therapies with AID systems [80]. Human-
centered improvement of the interaction between intelligent, highly adaptive AID systems and
people with DMTT1 is therefore a key scientific challenge to improve treatment options for indi-
viduals with different levels of experience and competence in using technology. At the same time,
AID systems also provide an excellent context to examine the dynamics of human-XAI interaction
in a situation where high risks and high benefits for users are juxtaposed.

Problematic expectations and experiences with AID systems play a decisive role in the current
acceptance of these systems [72]. For instance, if users have an incorrect understanding (e.g., in the
sense of an inaccurate mental model, c.f. [59]), this can lead to incorrect predictions of the results
and capability of the system [9]. Such false mental models could result from people being uncertain
about how system adaptability affects information processing in AID systems, e.g., whether they
are able to change therapy goals or not [67]. In addition, AID systems often work differently than
users did when they manually regulated their glucose levels: for example, information is processed
by AID systems every 5 minutes [12], while in other forms of therapy (e.g., before using an AID
system) the blood glucose level is sometimes only checked, e.g., four times a day with fingerstick
glucose measurements [120]. Therefore, AID systems as a case for examining the real-time coop-
eration of humans with intelligent algorithms potentially lead to an advanced understanding of
cooperative disease management between humans and Al The performance of many AID systems
regularly relies on information from the user [20, 116], so correct communication between both
partners may lead to increased performance. On the other side, an incorrect understanding of the
AID system could also have a critical impact on the success of the therapy [21]. While regula-
tory technical briefing is mandatory, the extent to which the functions and capabilities of such a
system are understood is not tested prior to its use. If users have an incorrect mental model, the
ability to correctly predict the information processing of the system may decrease. However, the
self-assessment of how well one understands the information processing of a system may differ
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from the actual correctness. Explanations could help individuals to recognize errors in their men-
tal model, leading to a better fit between experienced traceability and performance. However, they
could also erroneously increase the confidence in an incorrect mental model and thus worsen the
calibration [34], which results in wrong expectations about system behavior and potentially con-
fuses users, ultimately leading to a reduction of trust [110]. Explanations can have an ambiguous
effect on the calibration between the experienced traceability of a system and the user’s ability to
correctly predict information processing. To address inaccurate calibration, metrics for both expe-
rience and performance need to be measured at the same time. All in all, AID systems represent
a prototypical example of interactive systems where human-machine cooperation is centrally in-
fluenced by user experience and where incorrect mental models or disparity between experienced
traceability and performance may lead to unexpected issues in therapy quality.

The goal-oriented communication of information and the correct predictability of, e.g., an in-
sulin calculation are two central characteristics of human-machine cooperation [62]. In the field
of explainable AI (XAI), various approaches exist that are intended to help users cooperate with
Al systems by addressing the challenge of opacity (such as [25, 84, 96]. As demonstrated in exam-
ples outside of AID therapy, the calculation of results can be presented transparently by revealing
weights of relevant factors [100]. Furthermore, the elements that particularly favored certain re-
sults can be highlighted [70], or alternatives close to the given result can be presented [23]. In
addition to improving predictability, explanations in AID systems could also help improve users’
opportunities to exert directability (see [58] and [28]). In DMT1, a loss of “sense of control” is a
typical problem users experience [105]. Thus, when using intelligent AID systems, increasing di-
rectability could play an important role and influence acceptance. Ultimately, “common ground”
is an important prerequisite for cooperation [62]. In the case of AID systems, a common ground
could consist of (1) current information on blood glucose levels, physical activity, or food intake;
(2) reference values for therapy, i.e., goals; or (3) personalized parameters like insulin sensitiv-
ity. Therefore, it is important to disclose relevant elements or information that users can process
themselves and use to manually adjust the therapy [95]; see also [111]. However, in order to reduce
the workload, many AID systems process information automatically and do not actively share it
with the users. These barriers have already led to user-initiated projects enabling access to their
data (cf. [97]). Yet, in relation to the clinical relevance and the opportunities for human factors
research, empirical studies on how and when to present detailed information on the AID’s infor-
mation processing are still in an early stage of development. Comprehensive and empirical work
with a high ecological validity to derive guidelines on how AID systems can be improved to en-
able cooperation is needed and constitutes an important next step in human-centered diabetes
technology.

The objective of the present research was to examine the effects of explanations that vary in the
amount of disclosed information as well as repeated interaction on users’ subjective perception of
trust and traceability in AID systems. To this end, we trained a basic yet prototypical AID algo-
rithm based on artificial yet plausible data and designed a minimalistic AID simulation to create
stimuli for an online experiment, where people with DMT1 repeatedly interacted with AID calcu-
lations and also predicted AID results. The information available to the algorithm was disclosed to
participants to a different extent, in order to create three different experimental conditions. It was
investigated whether a greater amount of information leads to higher experienced traceability and
trust while task completion time and perceived workload increase. Furthermore, it was analyzed
to what extent repeated viewing of explanatory information can lead to an increase in experienced
traceability. Similarly, the relationship between experienced traceability and the ability to make
correct productions was assessed to allow evaluation of the calibration of the mental model with
the system’s information processing.
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2 RELATED WORK
2.1 Automation in Diabetes Mellitus Type 1

The continuous therapy of DMT1 sometimes can represent a great burden in everyday life for
those affected [112]. Many therefore expect the digitalization of diabetes therapy to improve the
quality of treatment while at the same time reducing the burden of treatment for patients [68]. This
goal is also being pursued by the development of an “artificial pancreas,” which allows complete
automation of diabetes management [116]. For now, full automation is only possible to a limited
extent due to various factors or may be associated with reduced precision of the therapy (c.f. [20]).

AID systems in the form of so-called hybrid closed-loop systems acknowledge those limits while
still offering relief for patients. These systems are not fully automated, since a system-dependent
level of information or decisions by the user is required. [89] provides a suitable framework that
distinguishes four stages of information processing (1) information acquisition, (2) information
analysis, (3) decision making, and (4) action implementation) and therefore allows a characteri-
zation of AID systems’ level of automation. For example, there are already differences between
existing systems in information acquisition (1): the system described by [12] only requires in-
formation on physical activity and food intake, while [45] already no longer requires information
on physical activity. In information analysis (2), AID systems show a high degree of automation,
as this is supposed to be a crucial element of relief for the users. Here, learning systems such as [12]
can be distinguished from static systems such as [19]; the latter requires users to manually adjust
parameters and thereby increase the quality of information analysis, whereas this is not neces-
sary for self-learning systems. Thus, self-learning AID systems promise continuous improvement
in therapy with greater automation, yet may be more complex to understand and to predict for
users. The (3) decision making of, e.g., administration of insulin can be illustrated very well by
the levels of automation presented by [89] and at the same time represents an important feature
for interaction design in AID systems. For example, after input, a single suggestion for the admin-
istration of insulin can be made (level 4, cf. [92]) or an automatic administration of insulin occurs
where the user can intervene but is not informed in any case (level 8). Action implementation
(4) is performed automatically by many systems in the event of identified insulin needs. However,
systems currently available do not offer the injection of, e.g., glucose in case of hypoglycemia, so
action implementation for low glucose levels is not automated. All in all, AID systems in their
various forms represent not only a broad field of automation in medical systems but also systems
that are highly dependent on cooperation between humans and technology.

However, various studies also show the challenges of automation: for example, people fear an
error-proneness of digital systems in the field of DMT1, with simultaneous fears to be faced with
high complexity [80]. But also, for example, too high expectations of performance or degree of sys-
tem autonomy, especially of AID systems without a high degree of automation, pose substantial
challenges [61, 93]. Furthermore, it remains to be seen to what extent a more technologized therapy
could further exacerbate the already existing inequality between individuals from different socioe-
conomic strata or educational levels. In addition to accessibility (c.f. [69]), the design of systems
may also improve unequal opportunities for empowered and autonomous diabetes therapy [74,
87]. These challenges can be addressed with the human-centered development of interactive and
cooperative yet traceable AID systems, which could make a decisive contribution to the empow-
erment of people with DMT1, regardless of their diverse backgrounds, e.g., in terms of affinity to
technological interaction or educational level.

2.2 Explanation and Cooperation in AID Systems

Explanations and higher levels of transparency may improve cooperation between humans and
intelligent systems [118]. They may support the temporally adequate exchange of information
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between humans and the system, which is of central importance for both partners to fulfill their
respective functions [47]. In AID systems, for example, the human must signal the intake of car-
bohydrates in a timely manner, while the system must communicate a deviation in blood glucose
levels to the user, for example, so that the human can take action. Mutual anticipation of infor-
mation demands can be a central criterion of cooperation in the sense of collegiality (cf. [28]).
Especially with higher degrees of automation, the human’s task can also be to monitor or check
results. For this task, the information used by the machine can be a central function for cooper-
ation, as this allows the inputs for the machine calculation to be traced. The extent to which the
information processing of a system is accessible for the users and thus also provides the basis for
cooperative actions can be described as traceability (unlike the definition of [66], where traceabil-
ity refers to the creation process of the system and not of an individual calculation). An empirical
investigation of the disclosure of information in the context of a decision-making process can
therefore make an important contribution to the design of human-centered AID systems. To the
best of our knowledge, no results on how different quantities of information contributed to the
calculation of insulin needs affect user experience have been published.

However, communication—if it does not take place at the right time—can have negative effects
on cooperation or the performance of other functions by a partner [32]. Accordingly, previous re-
search does not show a clear impact of explanations on perceived workload [2]. In the case of AID
systems, the existing workload, contrary to their initial purpose, is partly a major problem that
could motivate dropouts. In addition, unreliable integration of sensor technology still contributes
to the frequent negative perceived interaction with the system based on alarms [80]. Therefore,
when developing explanations or other approaches to increase the traceability of results of intel-
ligent systems, the objective and subjective workload should be controlled.

Additionally, information or explanations can influence trust in intelligent systems [9, 107, 126].
In order for trust to be relevant, risk needs to be present [56]. The incorrect dosing of insulin by
an AID system can result in significant health consequences, which is why trust can not only
be investigated in the present use case but is also addressed as a prerequisite and challenge for
AID use [65]. In this context, clinical reviews, as required from professionals in studies regarding
medical Al systems [48], are one way to provide evidence of trustworthiness and thus increase
“extrinsic trust” [56]. However, clinical evidence does not affect the traceability of systems. Ex-
perienced traceability allows for “intrinsic trust” and, as discussed, the possibility of cooperation.
Therefore, human factors research calls for studies on trust in AID systems in dependence on
explanations as a suitable means to support intrinsic trust.

Findings in the literature on the beneficial effects of explanations are still inconclusive; i.e., dif-
ferent studies observe that the use of explanations did not lead to an objective change in observed
behavior. For example, [7] could not find better predictions of Al outcomes even though additional
explanations were offered. Similarly, [10] showed that explanations did not significantly increase
the joint performance of Al and humans in judging texts. Aggravation of this problem is shown
by [29] and [36], where explanations are positioned as “placebic explanations” or even as “dark pat-
tern explanations”: these explanations do not contain any information to increase transparency but
induce a better experience of the interaction, e.g., in terms of perceived trustworthiness, adversely
leading to “unwarranted trust.” This could result in overconfidence and thus an unjustifiably high
reliance on, e.g., the AID system. Thus, rather than empowering users, explanations could give
them a false sense of security. Especially in the automated delivery of drugs such as insulin, inter-
actions must be designed to prevent the development of overconfidence. Accordingly, the study
of objective and subjective measures together in experiments is crucial in the human-centered
development of AID systems.
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2.3 From Situation Awareness to Subjective Information Processing Awareness

To adequately address human-centered research questions in AID systems, instruments to assess
traceability-related facets of user experiences of a system’s results are necessary. In recent years,
different scales to evaluate XAI have been proposed. [51] gave an overview of user experience
metrics for XAl introducing the Explanation Satisfaction Scale (ESS). The ESS was developed
to measure the subjective quality of explanations provided by an intelligent system. Being based
on multiple existing methods from the field of trust in automation (such as [57]), it incorporates
both affective and cognitive implications of explanations (see [76]). The ESS is meant for experts
constructing and developing Al systems or experienced users, as they need to rate, e.g., the use-
fulness of results. In iterative development, also quick interaction with systems needs to provide
sufficient data to guide further development. An additional scale allowing inexperienced users,
e.g., first-time customers and end-users, to participate is crucial for XAI research because usage
of Al-based systems is not limited to experts. Another scale addressing system traceability specif-
ically designed for the medical domain is the System Causability Scale (SCS) from [54]. The
SCS focuses on a quick overview of the impact of explanations and thus also captures different
dimensions, e.g., to what extent users see explanations as transferable to others or whether the ex-
planations fit their own knowledge base. While this allows for a quick general assessment, it is not
yet clear to what extent the SCS can also be used for specific, theory-driven questions, e.g., about
the traceability of certain decisions. As [127] elaborates in its review, the usability of measure-
ment methods for evaluating explanations depends on the user group, the experimental design,
and the specific properties of the explanation. All in all, existing instruments of XAI research for
surveying the subjective effects of XAI often refer directly to the added interaction elements, i.e.,
explanations given by the system [51, 54].

While these instruments could be used in the selection of appropriate explanations, especially
at the beginning of the design process or in formative evaluations, a direct comparison, e.g., to
a baseline without explanations may be difficult. To address experimental designs with, e.g., a
control group, an instrument that aims to measure the subjective effects of explanations and re-
lates to experienced traceability of automated systems rather than directly evaluate explanations
themselves would be advantageous. For this purpose we derive Subjective Information Processing
Awareness(SIPA) [102] from Situation Awareness (SA) theory. SIPA describes “the experience of
being enabled by a system to perceive, understand and predict its information processing” [102].
When users act within a dynamic system, they make situation assessments [38], which result in a
user state that has been established as SA. SA theory postulates three levels within this assessment:
(1) perception, where the state of environmental information in the current situation is perceived;
(2) understanding, where comprehension of the current situation is formed; and (3) projection,
where future states of the situation are predicted. Previous work on automation demonstrates
how SA may play an important role in XAI research: for example, low SA could be the reason
for missing anticipation when information needs to be communicated in order to ensure coopera-
tion [109]. SA loss is a known problem in existing research in human-automation interaction [89].
Hence, understanding the effects of automation on SA is important and applicable to XAl How-
ever, current methods to survey SA have often focused on the interaction’s context. On the other
hand, SIPA focuses on the transparency of relevant elements, understandability, and predictability
of information processing as it is relevant for the trustworthiness and traceability of AID systems.

While Situation Awareness focuses on processes within the person, the goal of the SIPA scale
is to describe the experience of system properties that lead to SIPA. These can be built up analo-
gously to Situation Awareness. Instead of Perception, the first facet of the SIPA scale is experienced
transparency, which describes the extent to which the system interaction allows the user to per-
ceive all relevant elements for information processing. Hence, “Understanding” and “Prediction”
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can analogously be positioned as “experienced understandability” and “experienced predictabil-
ity.” The facets adopted in the SIPA scale are thus grounded in the levels described in SA theory
and can be clearly placed within the broad discussion of the definition of, e.g., transparency [26].
Thus, transparency, as defined in the SIPA scale, does not refer to, e.g., the goals of the developer
or global information on, e.g., training of the model, but to the person’s experienced accessibility
to information to which the system has access.

To ground the specific items of the SIPA scale in SA theory, we examined different SA scales
assessing subjective (c.f. [115]) as well as objective SA (cf. [37]). The items of the scale were devel-
oped on the basis of these questionnaires as well as theoretical explanations of situation awareness
(e.g., [39, 125]) and discussed by various experts from the field of engineering psychology. The
scale, initially developed with 12 items [102], was shortened by multiple, empirically supported it-
erations to 6 items. Two of the items are assigned to each of the facets of SIPA. While reverse-coded
items were sparingly integrated with the original generation of items, these showed the negative
effects discussed in [121]. After weighing the comprehensibility of the scale against the potential
negative effects of uniformly one-sided items, no reverse-coded item was included in the 6-item
scale—also on the basis of qualitative comments from users.

3 PRESENT RESEARCH

Based on the research issues presented above, hypotheses were derived for the present study. For
hypotheses H1 to H3 the level of information disclosure is the independent variable, while SIPA,
the time-on-task, and the subjective workload are the dependent variables.

® H1: SIPA increases when there is an increase in relevant explaining information disclosed
by an intelligent system.

® H2: Time-on-task increases when there is an increase in relevant explaining information
provided by an intelligent system.

® H3: Subjective workload increases when there is an increase in relevant explaining infor-
mation provided by an intelligent system.

Further, we assume that the dependent variable SIPA increases over time, regardless of the con-
dition, as individuals are given repeated opportunities to make assumptions about the system and
correct their mental model.

® H4: SIPA increases with increasing observations.

As mentioned above, we expect a close relationship between SIPA and trust, since, for example,
the experienced predictability of a system as depicted via SIPA is a crucial influencing variable for
trust. Furthermore, we expect a strong correlation with ESS due to the similarity of the underlying
constructs.

® Hb5a: SIPA and trust correlate moderately to strongly.
e H5b: SIPA and explanation satisfaction correlate moderately to strongly.

Hypotheses H6 to H10 relate to participants’ performance on the prediction task or the effects of
the prediction task. Here, the prediction of insulin needs calculated by the AID system represents a
measurement dependent on the correctness of the participant’s mental model. Based on previously
discussed theories in the area of cooperation, we hypothesize in H6 to H9 that higher availability
of information leads to better SIPA and to better prediction. Additionally, we expected the SIPA
value to rise in the performance block.

® Heé: Higher SIPA ratings before the performance block correlate with better performance
in the prediction task.
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e H7: Higher levels of information disclosure lead to better performance in the prediction
task.
e HBS8: SIPA increases over the course of the performance block.

The influence of intra-individual differences (such as attitude toward Al or duration of diabetes)
could affect the user experience of an AID system. To assess the inclusiveness of explanations, we
formulate the following research question for exploratory analysis:

¢ EQ: How are intra-individual differences related to SIPA ratings and performance in the
prediction task?

4 METHOD

We conducted an AID simulation experiment among people living with DMT1. Specifically, we ex-
amined how different levels of information disclosure affected the participants’ experience of an al-
gorithm calculating insulin needs after repeated interaction with varying levels of information dis-
closure of the system. The study was pre-registered under https://doi.org/10.17605/OSF.IO/NUJTE
at OSF [42]. Changes in the planned and performed analyses are described under Results.

4.1 Participants

Eighty participants with DMT1 completed the experiment. Ethics approval for this study was
granted by the Ethics Committee of the University of Liibeck before the start of the experiment
(Tracking number: 21-438). Participants volunteered to participate in the study, and informed con-
sent was required. The experiment was implemented using the Labvanced online experiment plat-
form [41]. Participants were instructed to conduct the study only with appropriate screen sizes,
i.e., on desktop computers, laptops, or tablets. We recruited DMT1 patients via mailing lists and
social media channels (Twitter, Facebook, Instagram) applying convenience sampling. Participants
were compensated €10 for their time in the study due to the approximated duration of 60 minutes.
In addition, the three best-performing participants could win €80 each. This additional price was
applied in order to put an additional incentive for motivation into performance tasks on top of the
general compensation.

To safeguard data quality, we defined two exclusion criteria before the experiment and ap-
plied these after study completion: (1) participants with over-long completion times (>2 SD, N =
2 with 412 and 319 minutes in comparison to M = 63 of final sample) were excluded because par-
ticipants were instructed to complete the experiment in one single continuous session, and (2)
participants with very low knowledge of DMT1 management were excluded because the experi-
ment required the most correct understanding of the relationships between the factors influencing
blood glucose. To screen for diabetes knowledge, we developed 10 items (see Appendix C). To be
able to assume sufficient uniform knowledge of diabetes management, we defined six correct re-
sponses (60% to reach a reliable differentiation from chance) as a cutoff criterion for exclusion
prior to the experiment (n = 1 excluded with knowledge score = 4, final sample with M = 7.89 and
SD = 0.78). In addition to these pre-defined criteria, we observed in the first data inspection that
some users reported the same rating for all items in the observation blocks and excluded them
to avoid invalid data being part of the analysis. Furthermore, in the prediction task, we observed
users to only respond with “0” or positive values in the prediction class, which caused biased
results for the prediction. Overall, seven participants were removed based on those additional
criteria.

The final sample consisted of 70 participants ranging from 18 to 61 years (M = 28.9, SD =
10.5). Forty-nine participants identified themselves as female (70.0% of the sample), 20 as male
(28.6% of the sample), and one person as neither. To better classify the sample in relation to the
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general population with regard to at least one fundamental facet of user diversity (i.e., diversity in
human-technology interaction), the Affinity for Technology Interaction scale [43] was assessed.
Our sample had a wide range (from 1.22 to 5.67) with an average value of 4.11 being well in the
medium range (possible ATI score range = 1-6) yet somewhat higher than reported for the general
population (3.5 as described in [43]). Yet, it has to be noted that the average ATI score in the pop-
ulation of AID users is not known (e.g., there is a chance that low-ATI patients are more reluctant
to adopt an AID therapy or treatment). The average duration of diabetes was 14 years (SD = 10.1,
Range = 1-44), which is similar to distributions of recent clinical studies for AID systems, such
as, for example, [12]. Only n = 9 participants stated to have previous knowledge of AID systems.
These were evenly distributed across the groups and showed no correlation with performance in
the prediction task (all p > .050).

4.2 Experimental Environment

To create an experimental environment we developed an AID simulation system that was de-
signed to meet three criteria: (1) high ecological validity for good transferability of the results to
the practical application of systems, (2) information that structurally resembles real dynamics in
DMT1 treatment with AID systems, and (3) high experimental control, which allows the systematic
manipulation of independent variables and thus enables the research questions to be addressed.
Further, the application had to be sufficiently distinct from existing systems, which could other-
wise have led to potential confounding based on existing experience and prior knowledge. The
AID simulation was created in three steps described in the following sub-sections: (1) the man-
ual creation of valid training data, (2) the training of a basic machine learning model for use in
the context of a runtime-capable AID simulation, and (3) the generation of static scenarios for a
controlled experiment.

4.2.1 Development of Artificial Training Data for AID Simulation. An artificial dataset of infor-
mation relevant to AID systems was developed to be independent of individual medical data and
the complications that come with it in terms of using personal health data. Each instance consisted
of 12 different attributes and the insulin requirement. The individual datasets represent different
individuals and therefore contain individualized factors as attributes, such as the amount of cor-
rection for excessive glucose levels. All attributes and their meaning are found in Appendix A.
Negative insulin needs refer to the need to take in carbohydrates when, e.g., too much insulin is in
the body. The different attributes are based on data that is already used in various clinically tested
AID systems [12, 81]. After creation, the dataset was reviewed by two independent diabetologists.
Both independently rated the dataset as plausible. In total, over 480 instances were created, with
400 to train and test a model.

The attributes have been divided into three different groups, following the approach discussed
in Related Work: (1) information provided to the system by the user depending on the situation or
automatically determined by the system and representing physiological variables influencing
the amount of insulin, (2) information representing general or dynamic therapy goals or prefer-
ences of the user, and (3) information learned by the algorithm, which provides informa-
tion about the calculated insulin sensitivity and thus factors influencing the outcome of the
AID system. The information of the first group is oriented to give one (1) common ground about
information that both humans and machines absolutely need for cooperative action. The infor-
mation of the second group shows which possibilities the system has for (2) implementing user
preferences and can thus give users information about the extent of directability. While all infor-
mation increases the predictability of the system, the information from the third group represents
influencing factors for the concrete (3) computation of the system.
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Table 1. Hyperparameters of Applied Random
Forest Model

Mean Absolute Error (MAE) 3.02
Mean Squared Error (MSE) 13.69
Root Mean Squared Error (RMSE) 3.70
Mean Absolute Percentage Error (MAPE)  1.52
Explained Variance Score 0.39
Max Error 7.97
Median Absolute Error 2.20
R? 0.38

4.2.2  Training of Random Forest Model for AID Simulation. Subsequently, a model was trained
based on the data. To predict insulin needs based on the dedicated attributes as input parameters,
a random forest regressor was implemented [104]; see also [85]. A train-test-split where 25% of the
data was reserved for testing was used, resulting in four datasets: X_train, X_test, y_train, y_test.
The X datasets include the input parameters for the regressor, while the y datasets only contain
the corresponding target values (results).

Through a grid-search cross-validation algorithm, an (on average) best set of hyperparameters
for the random forest were found to be 80 estimators and 10 max depth. These parameters are used
for the construction of the random forest and control the number of trees in the forest and the max
depth of those trees. A lower number of trees would have resulted in an underfitted model, while
a higher number of trees (> 100) would not have increased performance further. The maximal tree
depth of 10 shows a good performance for the dataset at hand, while deeper trees are more prone
to noise in the data.

The random forest was then fitted to the training datasets (X.,y) with the hyperparameters.
The regression model exhibits metrics when comparing predicted values with real result values
(y_pred, y_test) as shown in Table 1.

4.2.3 Generation of Scenarios for a Simulation-based Experiment. The AID simulation was used
to generate scenarios for an experiment. The interactive input of individual data was excluded for
this experiment in order to (1) have uniform scenarios for each participant and thus avoid biases
due to different inputs, (2) focus on scenarios close to the application, and (3) reduce the risk of
technical problems in the ongoing experiment in the context of the experiment conducted online.

To create scenarios, calculated insulin needs were removed from the 80 remaining instances of
the previously described dataset and used as inputs for the AID simulation. The outputs were saved
as screenshots, with all 80 scenarios saved in three different formats and used in the experiment
as conditions: (1) low information disclosure (LowID), (2) medium information disclosure
(MedID), or (3) high information disclosure (HighID). The allocation of information is based
on the groups described above and is presented in Table 2.

The resulting interfaces can be seen in Figure 1. Participants consistently saw only one of these
conditions throughout the experiment, in both the observation and performance blocks. Because
of feedback in pre-tests, the concept of correction strength was explained to all participants from
MedID and HighID before each block of stimuli.

4.3 Measures

4.3.1  SIPA Scale. The SIPA scale as a measure to assess users’ experience while interacting with
intelligent systems was used to examine the effects of different levels of information disclosure. The
goal for the development of the SIPA scale was to construct a highly economical scale closely linked
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Table 2. Overview of Attributes Used in the Simulation

Condition Attributes

Low Information Disclosure (LowID) Current Tissue Glucose
Current Insulin in Body
Current Carbohydrates in Body
Current Activity

Medium Information Disclosure (MedID) Tissue Glucose Target
Avoid Hypoglycemia
Duration of Insulin Effect
Correction Intensity

High Information Disclosure (HighID) Risk of Hypoglycemia in Next Hour
Blood Glucose Lowering per 1 Unit Insulin
Insulin Units per 10 Grams Carbohydrates
Predicted Exercise

2,1 Units ;0 2,1Units ;2

Current Tissue Glucose 199 mgydl Current Tissue Glucose 199 mg/dl Tissue Glucose Target 120 may/dl
Current Carbohydrates in Body 2g Current Carbohydrates in Body 2q Avoid Hypoglycemia ON
Current Insulin in Body 0,8¢E Current Insulin in Body 0,8¢ Duration of Insulin Effect 6 h

Current Activity none Current Activity Correction Intensity 90 %

2,1Units 2,

Current Tissue Glucose 199 maydl Tissue Glucose Target 120 mg/dl Risk of Hypoglycemia in next hour 10 %
Current Carbohydrates in Body 24 Avoid Hypoglycemia ON Blood Glucose Lowering 30 perE
Current Insulin in Body 0,8E Duration of Insulin Effect  6h Insulin Units per 10g Carbohydrates 1,5

Current Activity none Correction Intensity 90 % Predicted Exercise yes

Fig. 1. Stimuli from the study as they were shown to participants for the three conditions: LowID, MedID,
and HighlD.
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Table 3. All Iltems of the Subjective Information Processing Awareness (SIPA) Scale and the
Corresponding Instruction

The following questionnaire deals with your experience in the interaction with the system.
Information refers to all data that the system can work with. Result refers to the output of the system,
which is presented at the end of the system’s information processing.

Please indicate the degree to which you
agree/disagree with the following statements.

completely

disagree
completely

disagree
slightly
disagree
slightly
agree
largely
agree

largely
agree

01 It was transparent to me which information was
collected by the system.

02 The information that the system could acquire
was observable for me.

03 It was understandable to me how the collected
information led to the result.

04 The system’s information processing was
comprehensible to me.

05 With the information accessible for me, the
results were foreseeable for me.

06 The system’s information processing was
predictable for me.

to SA but focused on an application in intelligent automation, respectively XAI. Additionally, the
scale is specifically designed to assess the three facets of SIPA as described above (see Related Work)
with two items for each facet (one and two for transparency, three and four for understandability,
and five and six for predictability). All items are shown in Table 3.

The 6-item SIPA scale uses a 6-point Likert response scale from completely disagree = 1, largely
disagree = 2, slightly disagree = 3, slightly agree = 4, largely agree = 5, to completely agree = 6. The
SIPA scale introduced in the present article was additionally tested over all points of measurement
of SIPA with a three-factor structure to examine if a separate evaluation of the three individual
facets of SIPA was supported. Here, the approach to analyze three facets received support based on
a confirmatory factor analysis demonstrating a good fit with y? (6) = 7.49, p = .278, CFI= .997, TLI=
.992, RMSE = .06 (90% CI: .00, .17). The correlation between transparency and understandability
was significant (rs = .64, p < .001), which was also true for the correlation between transparency
and predictability (rs = .53, p < .001) as well as for the correlation between understandability and
predictability (rs = .79, p < .001).

4.3.2  User Diversity Variables. User diversity can have a significant impact on the individual
user experience and, for example, influence initial trust in a system [8]. To examine the role of
user diversity on the experience of interaction with an AID system, two additional variables were
collected: (1) affinity for technology interaction (ATI) [43], which is based on the personality
trait need for cognition [24] and describes the individual tendency to actively engage in intensive
technology interaction. ATT was measured with a scale validated in various large samples [43], and
the present sample was assessed as rather affine to interact with technology (see Section Partici-
pants above). Furthermore, the (2) individual attitude toward artificial intelligence was surveyed.
To this end, a brief definition of artificial intelligence was first given. Based on this, six state-
ments from the Internet Attitude Scale [60] were adapted, with “Internet” as the subject being
replaced by “Artificial Intelligence” in all used questions (see Appendix). A mean value was cal-
culated to evaluate the Artificial Intelligence Attitude (AIA). In addition, questions on prior
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diabetes knowledge were used (see Appendix). This included 10 different statements about the
treatment of diabetes to ensure that the results of the study were not affected by significant differ-
ences in prior knowledge about the treatment of diabetes. Everyday examples of the treatment of
type 1 diabetes or questions about how insulin works were used. Finally, the duration of diabetes
in years was requested.

4.3.3 Subjective Measures for Trust, Satisfaction, and Workload. In addition to the SIPA scale,
subjective variables were collected with economical scales. The Facets of System Trustworthi-
ness (FOST) Scale [117] was used to measure trust. With 5 items, this can be used much more
economically in a repeated-measures experiment compared to, for example, the more widely used
scale of [57]. As for trust, the mean value of the FOST items was calculated for each point of
measurement.

The perceived workload was collected through the NASA Task-Load-Index (NASA-TLX)
[49]. However, due to the experimental conditions, not all dimensions of the NASA-TLX were
used, but the question about perceived physical workload was excluded. Furthermore, the results
for effort, mental demand, and time demand were summed to a mean value. Experienced frustra-
tion was evaluated independently of other values. The estimation of own performance was only
used as a confidence measure after the subjects themselves made a prediction of the algorithm’s
results. Additionally to SIPA and trust, the Explanation Satisfaction Scale (ESS) was measured
to allow a comparison to another scale examining the quality of explanations [51]. The ESS was
developed to measure the subjective quality of explanations provided by an intelligent system.

4.3.4 Objectives Measures for Performance and Time-on-task. In the present experiment, time-
on-task (TOT) and a performance indicator were assessed as objective variables. For TOT, the
time that the users spent in the different task blocks was measured in seconds. For the analy-
sis, the sum of the time in seconds was calculated. For the assessment of the performance, 20 of
the 80 stimuli created with the AID simulation environment were changed in such a way that no
prediction of the algorithm was displayed, but the different levels of information disclosure were
(depending on the condition). Participants were prompted to estimate the output of the algorithm
(this could be negative or positive with one decimal place, or the “0”). The deviation of each esti-
mate was determined per person and a mean value was calculated, which was used as an indicator
of performance.

4.4 Procedure

The study was conducted in German. In the beginning, the participants were instructed to watch
a video where an instructor of the study explained the purpose of the study as well as the tasks.
The spoken text was displayed later in written form and could be read again if needed. Afterward,
informed consent was obtained from all participants. The experiment was conducted in multi-
ple segments as depicted in Figure 2: first, demographic data was collected (1); then, knowledge
questions about diabetes were asked to minimize the effects of divergent prior knowledge (2). Sub-
sequently, all participants were randomly assigned to one of three conditions: low, medium, or high
level of information disclosure. Depending on this, 15 stimuli were shown in random order in an
(3) Observation Block, after which SIPA, FOST, and the NASA-TLX were queried. Three additional
observation blocks with other stimuli followed by SIPA, FOST, and NASA-TLX followed (blocks
4-6). Subsequently, the ESS was surveyed (7). Finally, in a performance block (8), 20 stimuli were
presented in which participants had to estimate for themselves the insulin needs calculated by the
algorithm. The stimuli again differed in the level of information disclosure and were stimuli the
participants did not see before. However, the same instances were shown to all participants in a
randomized order (i.e., each participant saw the same tasks, but with different information being
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Fig. 2. Overview of course of the experiment.

presented and in different sequences depending on the condition they were assigned to). Then,
SIPA, FOST, and NASA-TLX were collected again. Furthermore, the time for each observation
block as well as for the performance block was collected. Depending on the individual deviation
from the correct calculated insulin needs, a code was created and displayed to the participants in
the last frame of the study. To ensure the anonymity of all subjects, the code only corresponded
with the deviation and didn’t give any indication of personal information.

5 RESULTS

As a direct test of our hypotheses, we applied contrast analysis, which allows for more precise
testing of hypotheses [22, 123]. Note that this approach was different from our pre-registration,
where we only described an ANOVA. Yet, as an omnibus F-test, ANOVAs are not optimal in order
to test the directed hypotheses within the present research. Hence, in order to fit the statistical
method used with the specificity of our hypotheses, contrast analysis was chosen. Note that con-
trast analysis results in t- rather than F-values, also for comparisons of more than two groups [123].
The core hypotheses H1 to H5 related to the development of user experience in repeated obser-
vations were part of the pre-registration. Additional hypotheses H6 to H10 relate to performance
or self-assessment of performance and were not pre-registered. One-tailed t-tests were conducted
to assess the hypotheses. All p-values were corrected for family-wise error [13] for each hypoth-
esis and variable using the Bonferroni-Holm correction [53]. Despite random assignment, not all
groups are exactly equally distributed (n = 24 for LowID, n = 22 for MedID, and n = 24 for HighID).
Since multiple variables studied were not normally distributed (or no linearity could be assumed),
Spearman’s Rho was calculated for all correlations and interpreted accordingly depicted as rs. Ef-
fect sizes for rand rs were interpreted based on [44, 98]; effect sizes for d were analyzed according
to [30] with respect to [44]. Cohen’s d was reported for contrast analysis of dependent measures
instead of Hedge’s g because both are almost equal in sample sizes greater than 20 [63].
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Table 4. H1: Contrast Analysis for Each SIPA Facet Comparing Ratings between Conditions
(LowlD, MedID, and HighlD) for All Blocks

Block SIPA Transparency  SIPA Understandability =~ SIPA Predictability
t p T(effect size) 3 p T(effect size) 3 p T(effect size)
Observation Block 1 0.32 .375 .04 —-1.03 .612 -.13 1.14 .258 .14
Observation Block 2 1.89 .063 .23 —-0.39 .349 —.05 1.35 .363 .16
Observation Block 3 2.37 .031" .29 0.64 .786 .08 0.36 .360 .04
Observation Block 4 2.47 .032" .30 0.56 .578 .07 1.16 .375 .15
Performance Block  2.46 .040" .29 1.56 .309 19 2.08 .104 .25

Note: df = 67 for all analyses.
*p < .050. **p < .010. **p < .001.

6 1 * * *
5

4 4

Rating

Obs 1 Obs 2 Obs 3 Obs 4 Perf Obs 1 Obs2 Obs3 Obs4 Perf Obs 1 Obs2 Obs3 Obs4 Perf
LowiD [[] MediD [l HighiD [l LowiD [[] MediD [ll HighiD [l LowiD [[] MediD [l HighiD [l
SIPA transparency SIPA understandability SIPA predictability

Fig. 3. H1and H4: Ratings of the SIPA scale for all points of measurement. Bars depict M and SE for all SIPA
facets at each time measured. * indicate p < .050 for contrast analysis, as shown in Table 4.

5.1 H1: SIPA Increases When There Is an Increase in Relevant Explaining Information
Disclosed by an Intelligent System

H1 was examined using multiple contrast analyses [22, 123], one for each SIPA facet (transparency,
understandability, and predictability) and for each point of measurement. The different amounts of
information disclosed to each group and the corresponding relationship between attributes were
used to determine the weights (i.e., lambda values). It is assumed that each attribute (i.e., a total of
LowlID: 4, MedID: 8, or HighlID: 12) can be related to each other attribute seen in one condition.
The number of relations between attributes is given by the binomial coefficient (i.e., the number
of attributes over two). Thus, the number of relations between attributes is for LowID = 6, for
MedID = 28, and for HighID = 66. Following [22], to calculate the weights, the following lambda
values for the contrast analysis were defined: ALowip = —2.5, AMedarp = —0.5, Anighip = 3. Table 4
shows the t-statistics, the corrected p-value, and 7fect size)- M and SE are depicted in Figure 3. All
descriptive data can be found in Appendix B. Results regarding the SIPA facet of transparency
supported H1 for observation blocks 3 to 4 and the performance block, while the first observation
blocks 1 to 2 did not show significant effects supporting H1 (see Table 4). The other two SIPA
facets, understandability and predictability, showed weak effects in the expected direction, which
were all non-significant (except ratings for SIPA understandability after Observation Block 1 and
Observation Block 2, which were small but contrary to the hypothesis). Hence, H1 was supported
for experienced transparency after considerable experience with the system, yet not directly after
the first interaction and not for the properties of the more complex system measured by SIPA (i.e.,
understandability and predictability).
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Table 5. H2: Contrast Analysis Comparing Time-on-task
between Conditions (LowID, MedID, and HighlD) for All Blocks

Block Time on Task

3 p T(effect size)
Observation Block 1 1.83 .107 22
Observation Block 2 1.03 .153 13
Observation Block 3 1.51 136 .19
Observation Block 4 1.82 .146 22
Performance Block 4.20 <.0017"* 47

Note: *p < .050. **p < .010. ***p < .001.

Table 6. H3: Contrast Analysis Comparing Subjective
Workload between Conditions (LowID, MedID, and HighlD)

for All Blocks
Block NASA-TLX
t p T(effect size)

Observation Block 1 —0.92 .540 .03
Observation Block 2 —1.45 .304 .10
Observation Block 3 —0.69 .492 .04
Observation Block 4 -0.18 429 .03
Performance Block —1.64 .264 12

5.2 H2: Time-on-task Increases When There Is an Increase in Relevant Explaining
Information Provided by an Intelligent System

To test H2, multiple contrast analyses were used. The corresponding results can be found in Table 5.
Contrary to the hypothesis, there was no significant difference between the groups for all blocks,
apart from one exception (performance block). Interestingly, a medium effect aligned with the
hypothesis was present in the performance block. Thus, the performance block stands out and
supports the hypothesis, while the data of the observation blocks do not.

5.3 H3: Subjective Workload Increases When There Is an Increase in Relevant
Explaining Information Provided by an Intelligent System

To test H3, multiple contrast analyses were used. The corresponding results can be found in Table 6.
Contrary to the hypothesis, in all blocks, workload ratings were not significantly higher in con-
ditions with more information. Indeed, negative signs in t-statistics at all points of measurement
indicate that the effect was actually in the other direction (i.e., more information disclosure de-
creases workload). In fact, an exploratory re-calculation of the contrast with inverted weights (i.e.,
ALowD = 3, AMedip = —0.5, Agjgnp = —2.5) of the effect would support an oppositely formulated
hypothesis, e.g., with p < .001 and r(fect size) = -36 for Observation Block 1.

5.4 H4: SIPA Increases with Increasing Observations

To test H4, multiple contrast analyses were conducted for each SIPA facet (transparency, under-
standability, and predictability) but followed the contrast analysis for dependent measures [103].
The following weights were used for each analysis: Aopservation1 = —1.5, AObservationz = —0.5,
AObservation 3 = 0.5, and Aobservation 4 = 1.5. Table 7 shows the t-statistics, the corrected p-value, and
d. Counter to our hypotheses, SIPA ratings did not increase but decreased and the actual effect of
repeated observations was opposite to what we hypothesized. In fact, a follow-up calculation with
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Table 7. H4: Contrast Analysis Comparing Repeated SIPA
Ratings for Observation Blocks 1-4

Facet Contrast Analysis for Obs 1-4
t p d

SIPA transparency -1.73  .956 0.21

SIPA understandability —0.95 .827 0.12

SIPA predictability —-0.40 .827 0.05

Note: *p < .050. *p < .010. ***p < .001.

Table 8. H5a: Correlations between Trust and SIPA Facets for Each Point of Measurement

SIPA
Block Transparency  Understandability = Predictability
rs P rs p rs p

Observation Block 1 .58 <.001"** .76 <.001""* .64 <0017
Observation Block 2 .60 <.001*** .85 <.001%** 80 <.0017
Trust Observation Block3 .64 <.001"** .84 <.001%** 82 <.001%
Observation Block 4 .65 <.001™" .84 <.001""* 79 <0017
Performance Block 72 <0017 .81 <.001%** 76 <.0017"

Note: *p < .050. “*p < .010. d***p < .001.

inverted contrasts significantly supported the assumption of decreasing ratings for transparency
with p = .44, while p > .050 for understandability and predictability.

5.5 Hb5a: SIPA and Trust Correlate Moderately to Strongly

To test H5a, the correlation between the FOST scale scores and each SIPA facet was calculated
for each point of measurement. The results are shown in Table 8. The range of effect sizes of the
correlation across all facets is between rs = .58 and rs = .85, which indicates a strong relationship.
Overall, the hypothesis can therefore be supported by the data.

5.6 Hb5b: SIPA and Explanation Satisfaction Correlate Moderately to Strongly

To test H5b, the correlation calculated between each SIPA facet for Observation Block 4 with ESS
was calculated. All facets of SIPA showed a significant correlation (all p < .001), with transparency
rs = .57, understandability rs = .67, and predictability rs = .65 indicating a strong correlation, which
supports the hypothesis.

5.7 He6: Higher SIPA Ratings before the Performance Block Correlate with Better
Performance in the Prediction Task

To test H6, the correlation between each SIPA facet for Observation Block 4 with the overall per-
formance was calculated. No significant correlation was found for transparency (rs = —.11, p =
.850), understandability (rs = —.17, p = .355), or predictability (rs = —.08, p = .731). Thus, a cor-
relation between the SIPA ratings before the performance block and the performance cannot be
assumed and the hypothesis is not supported.

5.8 H7: Higher Levels of Information Disclosure Lead to Better Performance in the
Prediction Task

To test H7, a contrast analysis was performed. The weights correspond to the weights used in H1
with ALowp = —2.5, AMedp = —0.5, and Agighp = 3. A one-tailed significance test with (#67) = 1.21,
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Table 9. H8: Contrast Analysis Comparing SIPA Facets before
and after Performance Block

Facet Contrast Analysis for Obs 1-4
t p d

SIPA transparency -2.26  .986 -0.28

SIPA understandability —2.40 .991 —-0.29

SIPA predictability -2.19 984 —-0.27

Note: *p < .050. **p < .010. ***p < .001.

Table 10. Results of Explorative Analysis

Facet Block ATI AJA Duration of Diabetes
rs p 's P s P

Transparency Observation Block 1 .29 .080 .38 .024* -—.29 .098

Performance Block .42 .007** .29 .144 -.10 >.999
SIPA Understandability Observation Block 1 .24 150 .36 .115 -.25 .240
Performance Block .24 .192 .14 256 -.01 .961
Predictability Observation Block 1 .23 .104 .27 .014* -.21 410

Performance Block .35 .018" .18 .099 .03 >.999

Performance -04 731 .05 .666 —.07 >.999

Note: *p < .050. **p < .010. ***p < .001.

P =116, Ieffect size) = -15) did not detect a significant difference between the groups, and thus there
was no support for the hypothesis.

5.9 HS8: SIPA Increases over the Course of the Performance Block

To test H8, multiple contrast analyses were conducted for each SIPA facet following the contrast
analysis for dependent measures. The following weights were used for each analysis: Aopservation 4 =
—1.5 and Aperformance = 1.5. A one-sample t-test against zero was performed for all contrasts. Table 9
shows the t-statistics, the corrected p-value, and d.

The hypothesis is not supported by the results for any of the SIPA facets. However, all facets
show a high negative t-statistic, which suggests that the contrast was chosen in opposition to the
real data. This corresponds to the descriptive observation that there was not a successive increase
but a decrease in the SIPA ratings for all facets. The calculated effect sizes also indicate a relevant
effect at the boundary between small and medium effects. Under the assumption of opposite con-
trasts, significant effects are shown for transparency (p = .014), understandability (p = .010), and
predictability (p = .016).

5.10 EQ: Explorative Analysis of Individual Differences

To examine the relationship between individual differences in human-AlI cooperation and user
experience, correlations between person characteristics (ATI, AIA, duration of diabetes) and SIPA
ratings as well as performance were calculated. The measurements for Observation Block 1 and
the performance block were analyzed in order to keep the number of tests (and the resulting loss of
power due to correction) low. All values are shown in Table 10. There was no correlation between
the duration of the disease and the SIPA ratings or the performance. With regard to the ATI values,
no correlation can be found at the beginning of the experiment. At the last time point, there is a
small to moderate effect (for SIPA transparency and SIPA predictability). For AIA, no significant
effects are found at the end of the study, but at the beginning of the experiment, there are moderate,
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significant correlations with SIPA transparency and SIPA understandability. Neither ATT nor ATA
shows a significant relationship with performance.

6 DISCUSSION
6.1 Summary of Results

The objective of the present research was to examine the effects of explanations that differ in the
amount of disclosed information as well as the effect of repeated interaction on users’ subjective
perception of trust and traceability in AID systems. Contrast analyses were performed to test
directional hypotheses related to the dependent variables SIPA, TOT, and subjective workload.
While results showed a weak tendency for users in the HighID condition to report higher SIPA
ratings than users in the LowID condition, the assumed contrast (increasing SIPA ratings with
an increasing quantity of disclosed information) was only significant for SIPA transparency after
multiple interactions (i.e., after 45 observations) and aligned with hypothesis H1. The time users
spent on the prediction task was more than twice as high for users in the HighID condition than
for users in the LowID condition. Thus, a significant raise of TOT based on higher information
disclosure as stated in (H2) could be found when participants were asked to predict the insulin
needs calculated by the system. In contrast, only non-significant and slight differences were found
when people were instructed to observe stimuli displaying the insulin needs calculation. Although
the subjective workload did not increase significantly with the level of information disclosure as
assumed (H3), an unexpected effect emerged: the perceived workload was higher for the LowID
condition than for the HighID, in some cases more than one standard deviation higher. The devel-
opment of the SIPA rating over time also shows, contrary to our expectation (H4), a decrease. This
effect was small for SIPA transparency, while only negligible effects can be observed in the other
facets. A strong correlation between all SIPA facets and trust (H5a) as well as between all SIPA
facets and explanation satisfaction (H5b) indicates high convergent validity for the SIPA scale.
SIPA ratings prior to the performance block did not correlate with performance itself and also
showed very small effects (H6), although SIPA transparency ratings differed significantly before
observation for different levels of information disclosure. Although more information was avail-
able in the Medld and HighID than in the LowID condition, participants in the MedID or HighID
condition did not perform significantly better than participants in the LowID condition (H7). The
prediction task in the performance block did not lead to an increase in SIPA but resulted in lower
SIPA scores in all facets with a medium to strong effect size (H8). Analysis of intra-individual cor-
relations with SIPA revealed that SIPA was significantly related to attitudes toward Al after the
Observation Block1, while ATI showed a significant influence after the Performance Block (EQ).

6.2 Effects of Information Disclosure on User Experience and Cooperation in AID
Systems

One focus of the present work was to investigate the effect of different levels of information dis-
closure on the user experience of AID systems. However, higher information disclosure did not
affect SIPA immediately but led to a significant difference in perceived transparency only after
45 observations. The delayed decrease in SIPA transparency ratings suggests that a valid mea-
surement of subjective variables may need an experimental design with sufficient repetitions (cf.
for trust [46, 52]). [124] discusses the complexity of trust developed over time and distinguishes
between three different phases: learning, adjustment, and fine-tuning. These phases follow each
other and could explain the trust development we found after several repetitions as well as explain
the effect triggered by the performance block. Our results may indicate that the development of
trust at different stages is based on content as well as temporal reasons, i.e., that, for example, new
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tasks such as the estimation task trigger a readjustment of trust. While individuals in the LowID
condition started with a comparably high level of SIPA transparency, the observed decrease could
be related, for example, to the fact that only repeated observations allowed them to recognize
that not all necessary information was available. [99] describes that a person’s mental model is
used to form expectations about the outcome, e.g., of cooperation with automation. As for trust
(cf. [50]), individual differences could affect the initial SIPA rating, and only measurement after
a system-dependent number of interactions can reveal differences between systems. This is also
exemplified by the co-relationship between AIA and SIPA transparency at initial observation and
after the performance, which indicates that explanations may be able to offset the effects of initial
mistrust of individuals. The relationship between attitudes toward Al systems (such as AIA) and
other user diversity factors (such as education level or access to technology) represents another
research challenge to explore the effects of explanations more in-depth.

Another reason participants in the HighID or MedID condition did not show better prediction
performance could be information overload. Information overload occurs when an increase in the
available amount of information leads to negative results, e.g., a decrease in performance or sub-
jective consequences (e.g., as experienced cognitive demand or stress) for the user [71]. Although
there were three times as much information available in the HighID condition as in the LowID
condition, the TOT for the observation blocks did not differ significantly between the groups. [5]
assumes that a high information workload can lead to the use of heuristics (e.g., the representative-
ness heuristic) or increase the probability of users making biased decisions. This effect is opposed
to one goal of XAI design, which is to mitigate errors based on heuristic decision-making [119]. In
our AID simulation experiment, the use of heuristics while observing might have been higher for
the HighID condition than for the LowID condition. This could explain why TOT did not increase
(for the observation blocks) though more attributes were presented. The results of the NASA-TLX
on subjective workload allow a parallel conclusion: experienced time demand, cognitive demand,
and effort showed no difference between the conditions. It is very unlikely that the participants of
the HighID condition did not notice or ignored the additional information, as they partly referred
to it in the qualitative comments. While being already discussed [94, 119], the extent to which
explanations or the additional information available through explanations creates an information
overload and thus influences, for example, the use of heuristics in the evaluation (see also [35]) of
an AID system still needs to be investigated more clearly and for users of different levels of exper-
tise. [114] found that, for example, the expertise of users can decrease the probability that they will
use heuristics. However, AID systems, in particular, have great potential for individuals with prob-
lematic long-term metrics, which in turn may often be due to low engagement with and care for
the disease. For an inclusive design of AID systems, the effects of explanations for less experienced
users must be understood and avoided, in case they cause, e.g., limited transparency. Representa-
tions that lead to a heuristic assessment due to information overload could thus encounter users
for whom a heuristic assessment could be particularly problematic. All in all, when designing XAI
and in order to act responsibly, developers should consider that more access to information may
be harmful to transparency and elaborated context analyses are needed to understand how users
will interpret and utilize information or explanations.

Finally, the qualitative results point to another problem, as participants from the LowID condi-
tions explicitly ask for information that was presented to the other groups, e.g., LowID-1: “Please
add the probability of hypoglycemia or intensity of correction” or LowID-2: “Please show correc-
tion quotas for glucose and carbohydrates.” However, the results of the experiment suggest that
this does not necessarily allow for higher SIPA or better prediction. In order to achieve higher
SIPA, the individual pieces of information presumably need to be put into better proportion, as
HighID-1 expresses: “I need refined information, how much insulin is given to correct glucose
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levels and how much is given for food.” The requirement for a more mathematical description
could be due to the fact that users apply their mental models of how they would solve the prob-
lem without an AID system to the system’s information processing. In the field of AID systems,
users potentially perform a complex calculation, through which they have certain expectations, as
HighID-2 states: “I would like to see the highlighting of factors that are particularly decisive for
the calculation at that moment.” In future explanations of AID systems, the representation of the
calculation should be as close as possible to the calculation performed by the users (as depicted
by [119]) in order to empower users to assess the system’s information processing. This would also
meet a central criterion for cooperation, where adequate communication of information requires
partners to anticipate the relevance of the information for the task of the cooperating partner.

6.3 Fit of Performance Measures and Subjective Measures in XAl

In our experiment, the participants’ own assessment of the system’s traceability does not correlate
with their ability to predict the system’s calculation. This is a worrisome correlation since in the
best case false expectations arise and people lose confidence in the system. A more serious conse-
quence could be, for example, a misjudgment of the system’s performance in extreme situations
and the development of overconfidence. Several studies [78, 79] on trust in automation show that
a lack of calibration between subjective ratings and objective scores is a well-known phenomenon.
This miscalibration can lead to significant problems; e.g., complacency arises and thus the users
attribute more competencies to the system than it possesses [89], which is described as an abuse
of the system [88]. On the other hand, mistrust can lead to a misuse of the system [88]—in the case
of the AID system, suggestions of the system could be corrected frequently and thus lead to an
increase of the workload instead of a reduction. Both forms of lack of calibration are significant
problems in the AID domain and could help to explain dropout rates [80]. The calibration of SIPA
and the correct prediction of an outcome is theoretically more direct than the calibration between
prediction and trust (e.g., I can trust the technical competence of a system without understanding
how it works; see [76]) and can be used in future studies to show the miscalibration between user
experience and the correctness of one’s mental model. [99] describes a user’s mental model as a
“mechanism whereby humans generate descriptions of system purpose and form, explanations of
system functioning and observed system states, and predictions of future system states.” This is
also in line with central concepts of SA theory or the idea of so-called situation models [11]: here,
mental changes are carried out in order to assess the effects of one’s own actions. However, figur-
ing out how changing input variables affects the outcome of an AI's information processing may
be complicated in the case of static explanations (c.f. [1]). Also, [27] shows that static explanations
have a smaller influence on the ability to understand a system than interactive explanations. The
latter allows users to build hypotheses on their own and test them, which is the central approach
for knowledge acquisition (c.f. [91]). Interactive explanations should therefore be made possible
for AID systems (and other intelligent systems). At the same time, future experiments should focus
on observing the formation of hypotheses and their evaluation in the interaction between humans
and Al e.g., to identify when explanations favor confirmation bias or disadvantage individuals
with less prior knowledge and how those effects can be mitigated.

This is also supported by the fact that the prediction task had a clear influence on SIPA ratings—
all facets of SIPA were reduced, while this was not the case for SIPA understandability and SIPA
predictability even after 60 previous repeated (passive) observations. The information provided
(i.e., the attributes) was not changed for the performance block. In further studies or development
of AID systems, active prediction of AID results should therefore be part of the experimental condi-
tion and based thereon considered in training. The role of feedback for SIPA as well as trust should
again be considered separately. For example, the diagnosticity [16] or the diagnostic value [122] of
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certain attributes (i.e., what informativeness they had in determining insulin needs calculated by
the system) might have been misjudged by individuals. This could be corrected by feedback or an
interactive simulation. Since participants were not able to provide feedback to the system, this lack
of interactivity could also be one factor that led users to rate the systems’ trustworthiness as they
did (c.f. [55]). The participants’ passive role as observers for a large part of the experiment might
have influenced trustworthiness ratings. A rather active opportunity to intervene, e.g., a system
with adjustable attributes or weights of components such as the current target, could have had an
impact on the development of perceived trustworthiness.

Another obstacle, however, is the information overload discussed above, which could also arise
in an interactive simulation. While, e.g., explanations on the basis of “counterfactuals” [82] may
be well suited for testing hypotheses, more research needs to examine how larger numbers of, e.g.,
setting possibilities affect the interaction. In the exemplary case of generative visual models, the
cognitive load of the user increases with the number of adjustable settings, without a significant
effect on performance [31]. Furthermore, it must be considered whether and which additional in-
formation is displayed e.g., in a training context or in a daily use context, since these may differ
considerably with respect to the available time and cognitive resources. Here, explanations need
to be designed for diverse users (i.e., the trainer, which is often a medical professional, as well as
the patients). The fact that more attributes lead to a higher time requirement for the derivation
of a prediction was also shown in the present experiment (see H4, Performance Block). Overall,
context-specific prioritization of information must be made, which could be done based on the
following questions: (1) Does the representation of attributes/relationships fit the existing mental
model of the users? (2) Does the presentation of attributes/contexts allow for hypothesis genera-
tion and testing?

6.4 Research and Design Implications for AID Systems

For the research of experienced traceability of intelligent systems, the SIPA scale with its facets
allows for two central observations: (1) a sufficient number of repeated interactions and (2) a dif-
ferentiation of active interaction from passive observation of explanatory information disclosure
are necessary to discuss human-centered Al The SIPA scale is an appropriate instrument for this
context for the following reasons: the SIPA scale shows good scale metrics (i.e., range, standard
deviation) on all facets. Additionally, due to the high correlation between all three SIPA facets, a
unidimensional application is also possible. Furthermore, the SIPA scale shows a very high con-
vergent validity with measures of perceived trustworthiness and satisfaction with explanations.
However, there is a small to medium correlation between ATI and SIPA, and the ATI mean of the
present sample is higher than the estimated population mean. Hence, the use of the SIPA scale in
groups with lower ATI scores might be different, e.g., shows other correlations with satisfaction.
Overall, the SIPA scale with its facets represents a new tool for researching experienced traceabil-
ity, which can help to underscore and evaluate the effects of explanations on users in detail.

The boundary between Situation Awareness and Performance (i.e., Prediction) has already been
raised repeatedly in the discussion of Situation Awareness [90]. While a theoretical discussion of
these concepts is beyond the scope of this article (c.f. [77]), a very high crenelation between SIPA
understandability and SIPA predictability suggests that the difference between Understanding and
Predicting might be too small to provide an impactful analysis. Studies using other explanatory
approaches would need to investigate whether this difference can be amplified. In addition, quali-
tative comments from users suggest that another facet of Traceability may be relevant—the assess-
ment of the relevance of attributes to the information processing, explicated, e.g., from MedID-2:
“Display to what extent which information contributed to the result,” which possibly refers to
the individual attribute’s influence or relevance for the prediction (i.e., diagnosticity; c.f. [16]).
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The extent to which the presented information has a high, subjective diagnosticity could be
distinguished from predictability as a facet. For example, an AID system’s user might know that
providing information about exercise intensity is more important than providing information
about the duration of the physical activity. The user would feel able to instruct the AID system
to achieve a more precise prediction, regardless of the user’s ability to specify the concrete
outcome. Especially for the communicative processes in the field of human-AI cooperation, such
an additional facet could enable, e.g., what [28] describes as collegiality.

When designing AID systems, the effects on the experienced traceability as well as on work-
load and performance must be taken into account. The sole disclosure of additional information
cannot be seen as a suitable method to improve the user experience or the basis for human-Al
cooperation in AID systems. In the given scenarios, the information used from the AID simula-
tion was relevant for the calculation of the system and mimics information that users themselves
need for a calculation. The fact that this approach did not offer a significant advantage for the
participants of the HighID condition shows how much human-centered research is still necessary
for the XAI area. In XAI research explanatory approaches partly refer to the confidence of the
model [10, 17, 86] for a certain result or even to meta-information about the model [75]. Depend-
ing on their task, such information might have only low significance for the users. This could lead
to erroneous conclusions in the future, especially if the methods to evaluate the performance of
human-Al cooperation are based on different processes than the processes supported by the expla-
nation. Regardless of how helpful certain methodologies are to Al method developers, users as well
as the constructs and requirements relevant to them may be entirely different and need different
explanations. Even among the users of a system (in the broadest sense), there might be differences.
That is, the information presented in our experiment might help individuals with medical training
who, for example, match the model’s approach to guidelines on therapies and for whom a more ab-
stract interaction might provide more information. Individuals, on the other hand, are more likely
to want to interact with the system on an individual level, as shown by LowID-3: “I would like to
enter an individual target value for physical activity.” [73] distinguishes between local and global
explanations of an Al system. However, to assume that end-users require only local explanations
would be an incorrect simplification: in fact, users express a desire to have more influence at the
local level (e.g., adjusting goals for physical activity) as well as match their own calculation with
the model at the global level. In any case, explanations need to be aligned and evaluated with the
goals of the user.

Furthermore, our experiment shows that subjective effects may only occur after repeated inter-
actions. Both studies and training programs for AID-Systems should take this effect into account.
However, our results imply that, e.g., other interaction possibilities could decrease this span if nec-
essary (c.f. [27]). AID systems should therefore ask users for their predictions in the first period
of AID therapy so that they can compare their own expectations with the system results with
little effort. The testing of hypotheses is also a central task in order to be able to form a correct
mental model of information processing. While future studies need to investigate whether inter-
actions with a direct goal of promoting active hypothesis testing can also increase SIPA ratings or
experience traceability, it is difficult to integrate this into current AID systems. Actively inducing
high or low glucose levels to compare expectations with an AID system’s behavior is not recom-
mended for medical reasons. Therefore, for XAI systems to be applicable in medical contexts such
as DMT1, simulations of the algorithm need to be developed, for example, that allow this testing of
hypotheses before use or as counterfactual during use. Existing approaches for the simulation of
glucose level (see [101]) could be supplemented with an interface that offers explanatory variants
for situations selected by the users themselves.
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6.5 Limitations and Further Research

Several limitations for further research have to be considered. First, the applied method to analyze
performance or prediction was not as aligned with potential tasks in real-world applications as
possible. That is, in AID systems users do not need to make predictions about the insulin needs
calculated by the system. More importantly, they need to be able to estimate the effect of com-
municated information on, e.g., physical activity to cooperate effectively with the system. A more
comprehensive indicator to assess the effect of traceability on the human-machine system perfor-
mance could be to show a scenario and ask how changes in one or multiple attributes would affect
the outcome. This would also open up different possibilities for interpretation (e.g., deviation from
the correct value as in this study but also to what extent the direction of the estimate is correct as
a non-metric variable). Comparable tasks exist in the area of complex problem solving [108] and
could also be used in the area of human-AlI interaction.

Second, in an ideal case, it would have been possible to measure the development of user experi-
ence on the course over several weeks. The time between observations, interactions, and measure-
ments in our experiment was short compared to everyday applications. In addition, when used in
one’s own therapy, one’s own previous experience can be included to a greater extent. A possibil-
ity for further research could be to strive to enable longitudinal designs to allow for results based
on longer reflection periods as well as personalization. In addition, participants in this experiment
were shown only one condition at a time, whereas patients, for example, may compare different
interfaces when deciding on an AID system. As long as the influence of learning experience is
taken into account, within-subject analyses of different explanatory and interaction effects could
be used in further experimental settings.

Third, the present research only examined one approach to explain to the users the way an
AID system calculates insulin needs. To enable users to cope, e.g., with information overload, an
interactive simulation may provide counterfactual explanations for scenarios they are interested in
or want to understand. Furthermore, depending on the algorithm used to construct the AID system,
the concrete depiction of rules applied to calculate insulin needs could lead to important insights
into the evolution of mental models in human-AlI cooperation. Ideally, further studies provide
different explanations to the users in order to render it possible to compare their effectiveness
for different goals (i.e., understanding the effects of personalization vs. understanding one own’s
influence on the system through communicated information).

7 CONCLUSION

Theoretically motivated and impactful research of human-centered Al is still in an early stage of
development. Empirical data of potential end-users as a target group in contrast to, e.g., developers
or professionals is needed. On top of that, the relationship between subjective experiences and the
impact on users’ capabilities to cooperate with intelligent systems is crucial for XAI applications
in the future: it determines whether explanations truly empower users or, in the worst case, over-
burden or even deceive them. In this sense, the present work contributes to the development of
human-centered XAI on three levels:(1) by refining and applying the SIPA scale, which is derived
from theoretical concepts of automation, differentiated statements about the effects of explana-
tions can be made; (2) by developing an experimental environment to examine the interaction of
potential end-users with AID XAI, the usefulness of explanations for everyday life can be validly
assessed; and (3) by measuring performance at the same time as user experience, the problematic
miscalibration between the perceived and actual ability to predict Al behavior can be empirically
supported. Based on the empirical study, it is possible to derive design decisions that enable users
of medical Al systems to collaborate and understand a system rather than overloading them with
information. Future research in AID systems should therefore examine how users actively develop
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and test hypotheses on AID information processing to better understand under which conditions
reported SIPA ratings may exhibit a better calibration with the actual task performance.

A  OVERVIEW OF ATTRIBUTES FOR AID SIMULATION

Table 11. Variables Used within the AID Simulation

Attribute

Description

Relevance

Current Tissue Glucose

Current Insulin in
Body

Current Carbohydrates
in Body

Current Activity

Tissue Glucose Target

Avoid Hypoglycemia

Duration of Insulin
Action

Correction Intensity

Risk of Hypoglycemia
in next hour

Blood Glucose lowering
per 1 Unit Insulin

Insulin Units per 10
grams Carbohydrates

Predicted Exercise

The glucose level of interstitial fluid
currently measured by the sensor.

The amount of active insulin in the
body.

The amount carbohydrates yet to be
used by the body, e.g., carbohydrates
in the digestive tract.

The level of physical activity of the
user.

Target amount of glucose to be
measured by the sensor as proxy for
blood glucose target.

Lowers risk of low blood sugar
(hypoglycemia) when activated.

The time in which insulin will still
be active in the body.

How fast the glucose target ought to
be reached. Higher aggressiveness
means the glucose target ought to be
reached fast.

Probability of the user experiencing
hypoglycemia (low blood sugar, <
3.9 mmol/l) during the next hour.

How much 1 insulin unit lowers
blood glucose level. High value
indicates high insulin sensitivity.

How many insulin units need to be
injected to metabolize 10 grams of
carbohydrates. High value indicates
low insulin sensitivity.

System estimate on whether users
expected to exercise in the next
hours.

It is the proxy for current blood glucose level.
Needs to be in a defined range to avoid high and
low blood sugar in the short term, as well as
long-term problems associated with chronically
high blood sugar.

Lowers glucose level short term, therefore reduces
the amount of insulin needed.

Raises glucose level (quickly or slowly depending
largely on absorption rate), therefore raises the
amount of insulin needed.

A higher activity level raises sensitivity to insulin,

leads to carbohydrates being used up more quickly
and thus generally lowers blood glucose, meaning

it lowers the amount of insulin needed.

Trying to reach the blood glucose target is the
primary outcome of insulin therapy for TIDM.
Target value may depend on current circumstances.

Automatically reduces aggressiveness and raises
glucose target, therefore reduces amount of insulin
given.

When insulin stays active longer or has an effect,
calculations need to integrate remaining effect or
effect of physical activity for remaining insulin
levels .

If target glucose is below current glucose reading,
high aggressiveness leads to an increased amount
of insulin needed. Raises risk of hypoglycemia.

Hypoglycemia is most likely to interfere with the
user’s ability to function in everyday life. A high
risk of hypoglycemia therefore lets the system
reduce the amount of insulin that should be given
to mitigate the risk.

The more 1 insulin unit lowers blood glucose, the
less insulin is needed.

The more insulin units are needed to metabolize 10
grams of carbohydrates, the more insulin is needed.

Exercise in most cases lowers blood glucose via
energy consumption and increasing insulin
sensitivity. Raises glucose target automatically and
thus reduces the amount of insulin given in
preparation for exercise.
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B DESCRIPTIVE DATA FOR ALL REPEATED MEASURES VARIABLES

Table 12. Descriptive Data for All Variables Measured Repeatedly at All Points of Measurement

Block Condition SIPA Transparency SIPA Understandability ~SIPA Predictability FOST NASA-TLX
M SD  Range M SD Range M SD Range M SD Range M SD Range
Observation LowID 5.08 1.31 4.50 4.35 1.46 5.00 348 1.21 4.00 4.23 131 440 4.85 1.11 4.00
Block 1 MedID 4.59 1.34 4.50 3.95 1.40 5.00 3.80 1.31 4.00 4.02 1.01 420 3.87 1.25 3.60
HighID 5.10 0.82 3.00 390 1.13 4.00 3.90 0.96 4.00 433 086 3.40 3.57 1.25 4.60
Observation LowID 4.40 1.40 4.50 4.04 1.47 5.00 335 1.25 4.50 390 132 440 482 136 5.00
Block 2 MedID 436 1.43 4.50 3.59 1.26 4.50 3.25 1.21 4.50 372 118 380 3.72 1.09 4.00
HighID 5.04 0.79 2.50 3.83 0.97 4.00 3.77 1.07 4.50 4.02 1.04 420 3.67 142 5.20
Observation LowID 4.23 1.28 5.00 3.69 1.24 5.00 3.52 1.16 5.00 388 1.29 440 4.53 148 6.00
Block 3 MedID 4.50 1.23 4.50 3.86 1.16 4.50 3.66 1.14 4.00 405 1.15 380 3.84 1.28 5.00
HighID 5.02 0.87 3.00 3.94 1.35 4.50 3.67 1.50 5.00 4.13 130 5.00 3.84 143 5.20
Observation LowID 4.23 1.36 5.00 3.77 1.32 5.00 335 1.13 4.50 375 141 460 4.67 143 5.80
Block 4 MedID 4.66 1.24 4.50 3.86 1.34 4.50 3.64 138 450 411 1.39 4.60 4.15 139 5.60
HighID 5.08 0.75 3.00 4.00 1.53 5.00 3.83 1.52 5.00 4.29 1.26 4.60 4.00 1.48 5.20
Performance LowID 4.08 1.69 5.00 3.42 1.59 5.00 3.06 1.36 4.00 386 1.57 4.60 397 1.14 420
MedID 4.02 1.59 5.00 3.11 1.30 4.00 2.89 1.13 4.00 376 1.12 400 2.85 1.26 4.60
HighID 5.02 0.83 2.50 3.98 1.36 5.00 3.77 131 5.00 442 090 3.60 341 130 540

C ARTIFICIAL INTELLIGENCE ATTITUDE SCALE

Table 13. All Items of the Artificial Intelligence Attitude (AIA) Scale and the Corresponding Instruction

Please indicate the degree to which you

agree/disagree with the following statements.

01 Ifeel intimidated by artificial intelligence (AI).

02 Ifeel comfortable interacting with an artificial
intelligence.

03 The less contact I have with artificial
intelligence, the better.

completely

disagree
completely

disagree
slightly
disagree
slightly
agree
largely
agree

largely
agree

04 Iwould like to work with artificial intelligence
as often as possible.

05 Artificial intelligence makes life more efficient.

06 Artificial intelligence reduces the relevance of
different professions.
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D KNOWLEDGE QUESTIONS ON DIABETES MANAGEMENT

Table 14. Knowledge Questions on Diabetes Management (Translated from German)

Please indicate whether the following statements are
correct or not. True False Idon’tknow

10

Even without eating, type 1 diabetics need insulin.

When treating hypoglycemia, the most important goal is
to get back to a level above 70 mg/dl as quickly as possible.
When treating hyperglycemia, the most important goal is
to get back to a level below 180 mg/dl as quickly as
possible.

If T am unsure of my insulin needs, I should inject too
much rather than too little.

Since alcohol consumption causes sugar levels to rise
sharply, insulin should be administered particularly
generously during a night of partying.

How long insulin has an effect in the body depends,
among other things, on the amount administered.
"Rapid” insulin refers to insulin that takes effect
immediately after injection without any delay.

I can recognize increased insulin sensitivity by the fact
that sugar levels drop more slowly after insulin is
administered.

FGM and CGM sensors measure blood glucose.

The Dawn phenomenon describes how some diabetics are
at high risk for hypoglycemia early in the morning
(around 5 a.m.).
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6 Study 3: Assessing the influence
of Instructions & Trust in

Al-supported pattern recognition

6.1 Summary of Study 3

This study examines how measuring trust influences users’ confidence in Al systems
in pattern recognition tasks. Specifically, it examines the "question-behavior effect,"
where the act of evaluating a variable-in this case, trust-can change participants’
behavior. The research uses Kandinsky Patterns as an experimental paradigm, where
participants are asked to identify deviations from a given rule, both with and without
AT assistance. The study uses a 2x2 experimental design, varying the timing (early
vs. late) and scope (single-item vs. multi-item) of trust assessments. The results
show that trust assessments do not significantly affect behavior. Instead, the study
highlights the role of communicated Al reliability, finding it to be a better predictor

of user trust than self-reported trust measures.

6.2 Relevance within the dissertation

This study is a central contribution of the dissertation, as it deepens the under-
standing of how user interactions with Al systems can be shaped by factors such
as perceived system reliability, i.e., cues for users to develop strategies for using

AT systems. By focusing on the question-behavior effect, the presented research
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challenges common assumptions in the human-Al interaction literature and adds
depth to the dissertation’s investigation of automation-related user experiences. It
supports the broader discussion of how trust and transparency in Al systems influence

user behavior, particularly in diagnostic and decision support systems.

6.3 Contribution to Study 3

I was primarily responsible for the conceptualization of the study, including the
experimental design, the development of the Kandinsky Pattern paradigm, and
the identification of variables to manipulate trust ratings. I played a key role in
translating the idea of using Kandinsky Patterns into the research context of human-
Al interaction, effectively bridging AI evaluation with empirical evaluation methods.
I also conducted the data collection and analysis to test the hypotheses. In addition,
I worked on the entire manuscript, including the introduction, methodology, results,
and discussion sections, where I integrated theoretical models of trust and user

reliance in Al with practical implications for future research in human-Al interaction.
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Abstract

Trust is considered crucial for effective interaction between humans and
artificial intelligence (AI), necessitating valid trust assessment methods. The
"question-behavior effect,” however, suggests that by applying a questionnaire
subsequent behavior can be influenced, for example participants’ dependence
on Al The objective of the present research was to examine the effect of trust
assessment on reliance in the context of an Al-supported decision-making
task. We designed an Al-supported task, requiring participants to decide on
patterns in so-called Kandinsky Figures. In a scripted experiment with a 2x2
between-subjects design, N = 149 participants’ trust was assessed at different
times (before block 1 or block 2) and with different assessment extent (i.e.,
scale length). Participants’ agreement with Al recommendations and task
completion time served as behavioral trust indicators. We found no effect of
trust assessment on behavior and correlations between trust and dependence
were notably low. Participants’ dependence matched the instructed reliabil-
ity level of the AI system and our findings did not suggest the presence of a
question-behavior effect of trust assessment. Overall, while the conduction
of trust assessment did not influence dependence, our results question the
conceptualization of trust as a general predictor for dependence, especially
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in comparison to instructed reliability.

Keywords: Human-Al Interaction, Explainable Artificial Intelligence, Trust
in Al, Trust Assessment

1. Introduction

Systems based on artificial intelligence (Al) affect the world we live in,
as they analyze data, suggest decisions, or make predictions [1]. Thereby,
AT systems can influence an individual’s life crucially, for example, in med-
ical therapy contexts [2], by predicting liability for loans [3] or serving as
the basis for governmental decisions [4]. Accordingly, calls for reliable and
safe Al have been numerous (e.g., [5]) and the first policies for Al regulation
have been positioned (see [6]). However, determining the actual reliability
of an Al system can be a challenging task for institutions and individuals,
due to the opacity of systems as well as the lack of skills or resources on the
part of the user ([7]). In such situations, research has shown that individuals
approach the system by assuming certain reliability [8]. If this assumption
is incorrect, errors in Al systems could lead to increased compliance by the
individual [9]. Hence, the interaction of AI and humans leads to challenges
for human-system trust, well known from human-automation research: with-
out knowing how good the Al may perform, users are vulnerable when their
expectations are violated. In other words, given the uncertainty and vulner-
ability in interactions with Al trust might be a central component shaping
how individuals behave (see [10]). Research in human-Al interaction (HAIT)
focuses on understanding how Al system design can enable individuals to
easily assess the extent to which they can trust a system. To understand
human trust in AI, trust measurement needs to be reliable and validated.

In HAII research, the conceptualization of trust towards Al systems often
refers to existing work on trust in automation [10, 11, 12], as Al represents
automated information processing with varying levels of task allocation be-
tween Al and human users [13]. Trust is commonly defined as an attitude,
and a direct assessment thus requires a subjective rating, such as in the form
of self-reported trust [14]. Oppositely, research also aims to use indicators
such as behavioral [15] or physiological [16] signals, for example, because they
can be sampled more frequently and are less intrusive. Moreover, previous
studies have repeatedly shown, that the relation between self-reported trust,
reliability of systems, or dependence can be low [17, 18]. Hence, further re-



search on the conditions that influence the relationship between self-reported
trust and behavior, is needed (c.f. [19, 20]).

In addition to the obvious lack of predictive power, another disadvantage
of self-assessments in trust research is that they can be intrusive and alter the
participants’ response in an experiment. The observation that a question-
naire can change people’s behavior is described as the question-behavior effect
(QBE). Several studies have shown that measuring an attitude can influence
behavior [21, 22, 23]. In particular, the measurement of trust could trigger
introspection that affects people’s behavior [24]. Accordingly, the exact tim-
ing of the trust measurement during the experiment could be a key factor
in explaining the different levels of correlation between self-reported trust
assessment and trust-related behavior (see [25]). Not only the occurrence of
a measurement, but also its scope (i.e., the number of items) could influence
subsequent behavior. Repeated reflection on multiple items compared to, for
example, a single item could influence a person’s attitude, comparable to the
effect of mere repeated exposure [26]. As far as we are aware, there are no
studies on the measurement effects of self-reported trust assessment on trust-
related behavior. However, such results are needed to ensure internal validity
and to clarify existing questions in the interpretation of experimental studies
(see [27]). Since trust is not subsequently assessed in real-world contexts,
it would be problematic if experiments systematically lost their ecological
validity as a result.

Accordingly, the objective of the present research was to examine the
QBE of self-reported trust assessment on dependence in the context of an
Al-supported task. To this end, we designed an abstract pattern recognition
task based on current paradigms in Al research [28] and varied at what point
in time and to what extent trust was surveyed from the participants. We
aimed to investigate the presence of a question behavior effect of trust on
dependence, and explore how characteristics such as the timing and length
of the measurement may impact this effect.

2. Background

2.1. Trust as an Attitude

Whereas trust is commonly described via different concepts such as be-
liefs, attitudes intentions, or behavior in the literature [11], there is the over-
arching consensus in HAII that trust should be conceptualized as an attitude
rather than a behavior (especially based on [29]). As an attitude, trust is



an inner tendency of how to evaluate an entity, and therefore trust is not
directly observable. This is closely mirrored in the definition from Lee & See
(2004, p.51), defining trust as an “attitude that an agent will help achieve
an individual’s goals in a situation characterized by uncertainty and vulner-
ability.” Also, as reflected in multiple models of trust [10, 11, 29|, existing
HAII research treats trust as a multidimensional concept. However, in vari-
ous studies in HAII research trust is currently assessed as an unidimensional
attitude that can be utilized to predict user behavior such as and especially
dependence [30, 31]. The relevance of trust as a construct for HAII [27, 32]
and the fact that trust as an attitude can only be assessed through self-
reported assessments is currently discussed [33].

Self-report methods of assessing trust are the most common way of as-
sessing trust in research on HAII [14]. Self-report measures of trust mainly
consist of self-rated scales, with Jian et al.’s "Trust in Automation” scale
being the most cited [34]. However, while there are several models of trust
in automation (see e.g., [35, 29]) and scales based on these models (e.g.,
[36]), most are self-constructed and custom scales that are usually not ex-
plicitly validated or grounded on theoretical models [14, 37]. In addition,
applied research often aims to achieve economic assessment methods and
therefore, relies on single-item scales. However, to improve the methodolog-
ical reliability of self-reported trust assessment, several studies assess trust
with longer scales, for example, [34, 36]. Furthermore, existing self-report
measures of trust address heterogeneous constructs: they position trust as
an attitude toward a trustee [36, 34], as a perception of a system property
such as trustworthiness [38] or reliability [39]. Due to the complexity and
lack of standardization in the assessment of trust, as well as the high number
of individual assessment methods in the literature, the labeling of trust scales
as "measures” of trust could be criticized, as the term measure in its strict
meaning is thought to refer to standardized methods that define the extent
of a property and are sufficiently validated [40, 37]. That is, while many
research papers use the term ”trust measure” we refer to the term ”trust as-
sessment” in the present paper. Additionally, note that we will use the term
"dependence” for behavior related to following system recommendations in
line with [41].

Due to the challenges of their psychometric quality, the substitution of
self-reported trust assessment with behavioral methods could support the
standardization and comparability of trust research. However, while existing
models link, for example, dependence to trust [29], dependence can be seen
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as a possible behavioral consequence of trust (comparable to, e.g., indirect or
implicit methods to assess attitudes, see [42]). Dependence can be analyzed
by indicators of consistency, performance, behavior (such as verification), or
response bias [43], which compose methods where the actions of a participant
are observed.

In addition, while existing research approaches the assessment of trust
through physiological methods, it remains unclear what psychological vari-
ables these measures truly capture [14]. Other influences such as risk or
workload might affect physiological reactions and behavior, thus, overshad-
owing effects of participants’ trust. Moreover, physiological measures can be
be expensive (e.g., [16] utilizing eye-tracking) and may not be suitable for
field research. Accordingly, self-report measures of trust are likely to remain
the primary method for assessing trust. However, research is needed on the
relationship between different trust assessment methods and their implica-
tions for experimental design.

2.2. The Relationship between Trust & Dependence

The relationship between trust and dependence as a behavior influenced
by trust, is discussed among multiple technologies and domains [44, 45, 46].
Exemplary, studies cited by Lee & See (2004) on trust and dependence are
based on correlation analysis (see, e.g., [47, 20]). For example, when the
self-reported trust assessment takes place after participants could choose to
rely on a system or not rely on it, the self-reported trust assessment could
only reflect how they perceived their behavior. That is, self-reported trust
assessment would be highly correlated with dependence, but could not be
used as a predictor (see [17, 19]). While several empirical studies on trust
and dependence assume a predictive value of trust assessment for behavior
[31, 48, 49], other studies of dependence in automation demonstrate results
that indicate a more complex connection, questioning the predictive value
of trust assessments [50, 51, 52, 20]. The reason for that may be additional
factors that influence behavior but potentially do not affect trust in the same
way, for example, workload or the extent of current risk. In addition, the
quantity of studies that combine both, self-reported trust assessments as well
as behavioral methods to quantify dependence is scarce, especially compared
to studies that rely only on self-reported trust assessment [14]. However,
studies integrating both, dependence and self-reported assessments, usually
try not to understand the predictive value of trust for dependence. In order to
do so, those studies are forced to assess self-reported trust before dependence



is measured. The effect of a self-reported trust assessment on dependence,
however, has not been studied sufficiently to guarantee the internal validity
of the results found in those studies.

In previous studies, changes in dependence as a reaction to Al errors
were dependent on the type of error the system made [53, 25]. Accordingly,
the predictive value of trust assessment for dependence could be affected by
the experimental sequence. [25] modified, whether automated aid in a de-
cision task was shown before or after participants made their own decision.
They demonstrated that assessed trust may be more influential on depen-
dence when participants have to make an initial decision, but not when the
decision aid is presented first. In any case, the sequence of assessing trust
and measuring dependence may affect study results. The experimental con-
ditions under which trust assessment and dependence interact have not been
sufficiently studied yet. Hence, sequential assessment effects could be the
reason for contradictory or at least inconsistent results.

2.8. Assessing Attitudes may Affect Behavior

Potential effects of assessing trust on trust-related behavior can be ex-
plained by different theoretical approaches: On the one hand, previous re-
search, e.g., involving the mere-measurement effect [54], suggests that mea-
suring an attitude can increase behavior consistent with that attitude [55].
It is suggested that this effect is due to the fact that reflecting on the atti-
tude makes it more cognitively accessible, thereby increasing the likelihood
of related behavior (e.g., purchase decisions, [56]). Consequently, asking a
person about their trust in a system might make them more likely to engage
in behavior that demonstrate trust.

While it is possible that the mere-measurement effect also occurs in trust-
related behavior, its measurement in the context of HAII is difficult to demon-
strate: trust as an attitude is characterized by more dynamics than, for ex-
ample, the attitude towards blood donation or purchasing decisions, which
were associated with the mere-measurement effect in earlier research. In em-
pirical research on trust in Al, the attitude towards certain systems or robots
is investigated, which is, however, interaction-dependent and less stable. As
a result, a temporally separate measurement is rarely found in research on
trust in AI. While in experiments the asessment of trust can also be recorded
at the beginning or end, in the mere measurement study the attitude is some-
times measured weeks in advance. In other words, while attitudes towards
fundamental decisions such as organ donations are relatively stable, thus,
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less dependent on the current situation (e.g., a task or a performance that
has just been shown) than the construct of trust.

In the literature on the mere measurement effect (which unfortunately
uses other terms such as QBE synonymously in some cases, see [57]), ex-
planatory approaches are given that can also be applied to trust. [58] de-
scribe that thinking about behavior may activate cognitive mechanisms such
as processing fluency and behavioral simulation. That is, the mental rep-
resentation of a behavior in which one controls a system or manages the
precision of a system may make one more likely to engage in that behavior.
For example, behavior associated with trusting or controlling a system may
be cognitively activated and thus more likely to be performed, regardless
of whether they are consciously intended. Previous research suggests that
this cognitive activation increases related behavior in general by making it
more accessible. The latter described effects are less specific than the mere
measurement effect, as trust-related behavior is not dependent on the indi-
viduals’ attitude (and its valence) but is generally more accessible. However,
the predictions made by the question-behavior effect are less precise than
the mere-measurement effect, which focuses specifically on the alignment of
attitudes and behaviors [54]. Consequently, the QBE might be more suitable
for a more dynamic construct like trust.

Based on previous literature on experimental effects of attitude assess-
ment, we suggest that the introspection, triggered by the evaluation process
(i.e., a questionnaire), may slow response times and reduce confidence in
decisions, as suggested by [24] and aim to investigate it in an experimental
study. Here, it is crucial to investigate whether trust assessments are the pri-
mary driver of behavioral change or whether other factors, such as perceived
system reliability, play a more important role.

3. Present Research

The objective of the present research was to evaluate the presence of
an experimental artifact in human-Al trust research, i.e., effect of trust as-
sessment on dependence in the context of human-Al interaction. Based on
previous findings in the literature, we argue that a general question-behavior
effect could systemically affect user behavior in experimental studies.

Our first research question focuses on the presence of the question-behavior
effect. In particular, we expected higher dependence for the control group
(no trust assessment) compared to the experimental groups at both early
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and late assessment (H1). Moreover, we aimed to investigate if the extent
of assessment influences dependence. We expected lower dependence after
a multi-item assessment compared to a single-item assessment (H2). Lastly,
we were interested in the influence of time of assessment on dependence.
We assumed that participants demonstrated lower dependence overall when
trust was assessed at an early point in time of the experiment compared to
an assessment at a later time (H3).

In addition, to understand what other variables may influence human
dependence, we included a regression analysis of perceived reliability, in-
structed reliability, and trust assessment. As experience with the system
could also affect confidence, we examined the development of confidence over
time, independent of the experimental condition. The present research was
pre-registered (removed for anonymization).

During the review process, we realized that we could also try to test
the mere measurement effect described above, at least to some extent, on
the basis of our data. Therefore, we conducted an exploratory investigation
to see whether we could better interpret the behavioral effects found if we
included the level of the attitude (trust). To do this, we had to assume that
trust in the groups without trust assessment is distributed similarly to the
group with trust assessment.

Ethics approval for this study was granted by the Ethics Committee of
the Local University before the start of the experiment.

4. Method

4.1. Participants

149 participants were recruited via the online platform prolific [59]. Based
on our preregistered exclusion criteria (i.e., completion time shorter or longer
than median participation time +/- 2 standard deviation, lack of variability
in responses, and correct responses below 20% in task block 1 and task block
2) no participant needed to be excluded. Participants were between 19 - 79
years (Mean = 43.9, SD = 14.4). 98 participants identified themselves as
female, 59 as male, and one participant preferred not to answer. All partic-
ipants were residents of the United Kingdom. Additionally, the affinity for
technology interaction (ATT) of the participants was assessed (M = 3.24, SD
= 1.04). Participants volunteered to participate in the study, and informed
consent was obtained. Only native English speakers were recruited for the
study. The study was conducted with LimeSurvey [60]. Participants were



instructed to conduct the study only with appropriate screen sizes, i.e., on
desktop computers, laptops, or tablets. Participants were compensated £3.50
for their time in the study. In addition, every participant with a performance
over 90% was awarded an additional £2. This performance-related reward
was offered to incentivize and motivate participants beyond their general
compensation.

4.2. Task & Material

In the experiment, we utilized Kandinsky Patterns, which are sets com-
prised of individual images called Kandinsky Figures (KF). Kandinsky Fig-
ures were introduced by [28] and describe images consisting of squares con-
taining 1 to n geometric objects. A set of Kandinsky Figures that follows
the same rule (e.g., there are more red than green objects) can be described
as a Kandinsky Pattern. Following [28] our implementation of Kandinsky
Pattern can be described as follows: each Kandinsky Figure is a square im-
age that contains 1 to n objects defined by their sizes, colors, shapes, and
positions in this image. A statement about a KF can be denoted in natural
language, linguistically, or mathematically and can either be true or false. A
Kandinsky Pattern is defined as a subset of all KF for which a certain set of
statements, which we call rules, apply.

We developed a unity-based application that allows for the systematic
creation of images of KF (KFgen app). The app can be found and used
under https://github.com/JonasJakobi/Kandinsky to create stimuli like the
ones used in the present experiment. In the KFgen app, the experimenter
can specify which rules should apply to all generated KF. In the present
research and version of the KFgen app three possible types of rules can be
created: Rules relating to the relative positioning of objects, for example,
"Red objects above green objects”, rules restricting the maximum amount
of a certain type of object, for example, " There can only be two squares”,
and rules that force a minimum amount of an object, for example, " There
have to be more than two circles.” KFgen produces a set of KF, randomizing
each KF while maintaining the rules. For the rules to stay deducible, each
KF will contain at least one of each relevant object (i.e., all objects referred
to in the rules). So with a rule like ”"Squares above triangles”, the generated
KF's will always contain at least one square and triangle.

In the KFgen app rules can also be inverted. This allows for the gen-
eration of a KF that does not follow the same rules as the other KFs and
therefore does not belong to the corresponding Kandinsky Pattern. Instead
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of just not following the rules, these unfitting KFs will instead explicitly
break the rules by also containing each relevant object to break a rule.

We used Kandinsky Patterns as the experimental context for our research.
Kandinsky Tasks (KT) are based on the described KFs and were designed as
follows: a total of five KFs were displayed. Four of them followed a Kandinsky
Pattern, i.e., an underlying rule. A fifth picture explicitly violated this rule.
For example, four out of five depicted KF's only contained red objects above
green objects. A fifth picture, in contrast, contained red objects under green
objects and was therefore violating the rule ”All objects are above green
objects”. These five pictures were displayed horizontally next to each other
in a random order. The pictures were labeled a) - e) as shown in Figure
1. The participants’ task in the KT was to select the picture that violated
the rule. In our experiment, rules were not change for 10 subsequent tasks,
i.e., the same rule applied for multiple tasks after each other (similar to the
game Mastermind, [61]). Participants did not have the opportunity to revisit
previous rules or decisions. Whenever a rule was changed, the previous rule
was revealed to participants.

For the trials with Al support, an additional text cue was generated. This
read "The Al recommends x”, where x was the letter of the picture that
violated this rule. In all groups, the AI’s reliability was 100% throughout all
experimental trials, i.e., the textual cue was always correct.

KT provide a great basis to research HAII, as they canpotentially be
Al-assisted, as well as solved by humans. Furthermore, KT are sufficiently
abstract that participants cannot benefit from pre-existing knowledge, com-
pared to, for example, studies in the medical domain. To understand the
effects of human dependence, the task can be performed correctly, i.e., there
is an objectively correct answer, that allows the experimenter to determine
performance.

In addition, stimuli are also well suited for investigating the effects of
trust assessment on subsequent behavior: although the task is challenging,
participants can check for themselves whether they want to comply with the
system’s suggestions, as they have access to all the information relevant to
the task. In order to do this, however, considerably more time must be used
in some cases, as all images must be checked in one go. Hence, there is
therefore an interest on the part of the participants in complying with the
AT and saving resources, but this is not absolutely necessary. In addition,
it can always be clearly determined whether the people have followed the
system’s suggestion or not.
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Figure 1: Depiction of a set of five Kandinsky figures. Four of them follow the rule that
every red object has to be above blue objects (a Kandinsky Pattern). However, the second
Kandinsky Figure, labeled b) does not follow that pattern. Images like these were used to
assess participants’ baseline performance.

4.83. Pre-Study

We conducted a pre-study with N = 30 participants recruited via prolific.
Participants were between 22 - 67 years (M = 37.7, SD = 11.3). 17 identified
themselves as female, and 13 as male. All participants were residents of the
United Kingdom (n = 29) or the United States (n = 1). In particular, the
task’s difficulty was tested. Within the pre-study, the average percentage of
correctly answered Kandinsky Tasks of the participants without Al support
was 62% and with AI support close to 90%. Within the pre-study, the AI’s
reliability was stated as 90%, whereby it was 100% correct. As the study in
the pre-study lasted over 1.5 hours in some cases, the second block was short-
ened by 10 stimuli in the main study. The discrepancy between instructed
reliability and the system’s true reliability was increased, to support users to
recognize the difference despite the rather short overall period of experience
with the AT system. Accordingly, the system was introduced with only 80%
reliability in the main study. In addition, based on an effect size of n? =
0.038 found between task completion time between groups in the first task
block and aiming for 80% power, we calculated a required sample size of 150
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participants for the main study (based on G*power, [62]).

4.4. Study Design

The study followed a 2x2 design, with the time of trust assessment (early
vs. late; i.e., trust assessment prior to block 1 or prior to block 2) and extent
of trust assessment (i.e. single-item or multi-item scale) as manipulated
variables, and a control group as depicted in Figure 2. Accordingly, each
participant was assigned to one of five conditions: control condition (Con),
early trust assessment, single item (E-S), early trust assessment, multi-item
(E-M), late trust assessment, single item (L-S), or late trust assessment,
multi-item (L-M).

Early Trust Late Trust
Assessment Assessment
Introduction & Baseline ‘ Con ‘ Task Block 1 ‘ Con ‘ Task Block 2 Post-Experimental

Familiarization

* 4x5 Kandinsky Tasks > * 1x10 Kandinsky Tasks - = 3x10 Kandinsky Tasks

Questionnaire

= 2x 10 Kandinsky Tasks * Perceived Reliability &
= Al support Demographics

E-S& E-M

= Al'support = no Al support = Al'support

= 80% reliability = 100% reliability
L-S&L-M

| s |

[ |

Assessment Assessment
only for only for
E-S&E-M L-S&L-M

Figure 2: Depiction of study design, highlighting the different points in time for trust
assessment.

4.5. Dependent Variables

Trust. In the multi-item conditions, trust was assessed using the Trust
in Automation (TiA) scale from Jian et al. (2000) as it is one of the most
frequently used scales for self-reported trust assessment [14]. Accordingly,
for the single item condition, we used the following item: "How much do you
trust the system?” rated on a six-point Likert scale from 1 (not at all) to
6 (completely), to compare it to the TiA scale as done in previous research
(e.g., [7]). We decided to use a six-point Likert scale in both cases instead of
a scale ranging from 0 to 100 (single item as used in [7]) or 1 to 7 (multi item
as originally introduced by [34]) compared to previous research, to achieve
higher consistency between the response scales used in our study.
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Dependence. We measured dependence based on two variables 1) agree-
ment between users and Al and 2) task completion time. First, the extent to
which people followed the Al recommendation for their answers was calcu-
lated. One commonly used measure to quantify the agreement of two raters
is Cohen’s Kappa coefficient [63]. Cohen’s Kappa compares the observed
agreement between the Al recommendation and user responses with the ex-
pected agreement that would occur by chance alone. It takes into account
both the proportion of agreement and the possibility of agreement by random
chance. The possible values of Cohen’s Kappa range from -1 to 1. A positive
value indicates agreement beyond chance, where 1 indicates perfect agree-
ment, and 0 indicates agreement equal to chance. For consistency, we report
Cohen’s Kappa in percent. Second, task completion time was computed by
capturing how long each participant spent in a block divided by the number
of presented stimuli in each block (i.e., the average time for one Kandinsky
task, i.e. five pictures to compare, in each block).

4.6. Procedure

After obtaining informed consent, KF and tasks were explained. Partic-
ipants were then asked to familiarize themselves with the task. They were
presented with 20 Kandinsky tasks, with the Kandinsky pattern changing
after every fifth task. The rule was shown to the users and they only had
to decide whether the Al recommendation shown was correct or not. The
Al system’s reliability was introduced to the participants at 80%. In order
to have a perfect fit between description and experience the Al’s reliability
in this introductory section was also scripted to be 80% [64]. Afterwards,
during the Baseline block the participant’s ability to correctly identify the
unfitting image without Al support was assessed. They were presented with
ten Kandinsky tasks following the same rule (red objects must be below blue
objects). The rule was revealed to participants after they had completed
all ten Kandinsky tasks. After the baseline phase before the actual experi-
ment started, a trust assessment was conducted for both groups in the early
condition.

In the following first experimental block, participants were presented with
30 Kandinsky tasks. The rules on which the KFs were based changed after
ten tasks, i.e., three different rules were presented in this block. The order of
the rules presented was randomized within the block. Participants received
feedback on each rule after completing ten tasks, thus, they were able to
understand whether the AI made correct recommendations or not. Next, a
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trust assessment was administered to all groups assigned to the late trust
assessment conditions. The same procedure as in block 1 was repeated, but
only with 20 Kandinsky tasks and two different rules. Again, the order of
the rules presented was randomized and the rules were revealed after the
tasks had been completed. After completing block 1 and block 2, partici-
pants were asked to estimate the Al’s reliability in percent as an indicator of
perceived reliability. Variables to assess interpersonal differences were also
administered at this point. Finally, participants were given a code to receive
compensation.

5. Results

5.1. Descriptive & baseline values

We calculated the baseline values of participants’ ability in the Kandinsky
task that were not supported by Al for dependence and task completion
time. We then calculated the Cohen’s Kappa coefficients (M = 62.43, SD =
39.45). Afterwards, we calculated the task completion time (M = 244.94, SD
= 139.74) using the time the participants spent on the task for the baseline
measure. The descriptive data for all groups divided into the two blocks is
depicted in Table 1.

Group Recommendation Agreement Task Completion Time Trust
Block 1 Block 2 Block 1 Block 2 Block 1 Block 2
n M SD M SD M SD M SD M SD M  SD
Con. 23  75.54 24.23 79.53 19.57 205.26 148.90 167.57 111.26
L-S 32 76.79 16.38 84.05 17.09 251.01 127.60 168.68 88.61 4.19 0.79
L-M 35 76.80 19.93 79.85 15.85 191.94 92.84 181.73 230.66 3.62 0.75

E-S 24 7443 21.60 78.43 23.20 203.08 127.21 120.95 60.46  3.67 1.15
BE-M 35 74.82 19.55 83.09 20.01 19297 117.83 128.64 107.65 4.01 0.68

Note. N = 149.

Table 1: Descriptive statistics of dependence assessed through Cohen$ kappa coeflicient,
time on task measured in seconds, and trust for each condition and measurement block.
Con = Control, LS = Late Assessment, Single Item, LM = Late Assessment, Multi Item,
ES = Early Assessment, Single Item, EM = Early Assessment, Multi Item

5.2. The effect of trust assessment on dependence (H1)

To analyze the effect of trust assessment on dependence, we compared
dependence between all groups in a one-factor ANOVA for each task block,
separately.
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Recommendation Agreement. For recommendation agreement in
task block 1, we found no difference between control (Con; M = 75.54, SD
= 24.23), single item (L-S & E-S; M = 75.78, SD = 18.65) and multi-item
(L-M & E-M; M = 75.81, SD = 19.63) groups (F(2, 146) = 0.002, p = .998).
For the model the calculated 7% value of 0.00002 indicates no effect according
to Cohen.

In parallel, for task block 2, we did not find significant difference in depen-
dence measurement between control (Con; M = 79.53, SD = 19.57), single
item (L-S & E-S; M = 81.64, SD = 19.94) and multi-item (L-M & E-M; M
= 81.47, SD = 17.99) groups (F(2, 146) = 0.11, p = .895). For the model
the calculated n? value of 0.002 indicates a very small effect.

Task completion time. For the time on task comparison between the
groups in task block 1, we found no difference between the groups (Con; M
= 205.26, SD = 148.90, L-S & E-S; M = 230.47, SD = 128.52, -M & E-M;
M =192.46, SD = 105.30) as well (F(2, 146) = 1.53, p = .220). Here, the
generalized 7% value of 0.02 would show a small effect.

For the task completion time between groups (Con; M = 167.57, SD =
111.26, L-S & E-S; M = 148.22, SD = 80.76, L-M & E-M; M = 155.19, SD =
180.67), we did not find a significant difference between the groups regarding
the time needed to complete the tasks in block 2 (F(2, 146) = 0.16, p =
.856). Here, the generalized n? value of 0.002 showed a very small effect.

Based on the results of the ANOVAs for the dependence measure in both
blocks, there is no sufficient evidence to support H1, stating that there is a
difference in dependence after trust assessment has been carried out. The
results are depicted in Figure 3.

5.3. The effect of trust assessment extent on dependence (H2)

Recommendation Agreement. We compared the dependence of all
groups that were assessed with single-item (L-S & E-S; M = 78.37, SD =
17.40) and all groups that were assessed with a multi-item (L-M & E-M; M
= 80.03, SD = 16.18) questionnaire. The recommendation agreement was
calculated based on the responses of both task blocks. Due to the larger
sample size we conducted a t-test even though the normality assumption
was violated [65]. Our results indicate that the observed difference (¢(105)
= 0.52, p = .699) is not statistically significant. The effect size (Cohen’s d =
-0.1) indicates a small effect according to ([66]). Accordingly, our results did
not support the assumption of any difference in recommendation agreement
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Figure 3: Comparison of user behaviour means and standard errors for the early and
late trust measurement groups of the first measurement block. Task dependence is shown
through the average Cohen’s kappa coefficients. The time needed to complete the tasks is
measured in seconds.
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Figure 4: Comparison of user dependence measures with corresponding standard errors
for multi- and single-item trust assessment groups for blocks 1 and 2 through the average
Cohen’s kappa coefficients for task dependence as well as the time needed to complete the
tasks in seconds.
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between multi-item and single-item assessments. The results are depicted in
Figure 4.

Task completion time. We did not find a significant difference in task
completion time between single- (L-S & E-S; M = 246.92, SD = 122.32)
and multi-item (L-M & E-M; M = 226.41, SD = 123.74) groups (¢(108)
= -0.88, p = .810). Here, Cohen’s d = 0.17 also indicates a small effect.
Accordingly, based on our results H2 that the “multi-item measure” has sig-
nificantly higher task completion time than the “single-item measure” cannot
be supported.

5.4. The effect of timing of trust assessment on dependence (H3)

To assess whether the time of trust assessment affects user behavior we
differentiated between all groups that were assessed in Block 1 and all groups
that were assessed in Block 2. The dependence for the blocks following
immediately after the trust assessment were compared.

Recommendation Agreement. To analyze the effect of time on rec-
ommendation agreement, we compared the Cohen$ kappa values of single-
and multi-item measures of the first block (E-S & E-M; M = 74.66; SD =
20.23) with the Cohens kappa values of single- and multi-item measures of
the second block (L-S & L-M; M = 81.85; SD = 20.23). The results indi-
cate significantly lower dependence in the early assessment block than in the
late assessment block (#(112) = -2.17, p = .032, Cohens’ d = -0.39) and do
therefore support H3.

Task completion time. We then compared the time needed by the
participants of single- and multi-item measure groups of the first block (E-S
& E-M; M = 197.08; SD = 120.75) with the participants time of the single-
and multi-item groups of the second block (L-S & L-M; M = 175.50; SD =
176.47). For this comparison, the results show, that there is no significant
difference between the task completion time of the blocks (¢(117) = 0.81, p
= .420, Cohens’ d = 0.14), and do not support H3.

5.5. Exploratory analysis
5.5.1. Dependence development over time

To understand, whether effects in dependence were based on experience
over time, we additionally compared the dependence measures between the
first (M = 75.76, SD = 19.90) and second (M = 81.23, SD = 18.87) block.
Hence, Cohen’s Kappa coefficient for both blocks was calculated and used for
analysis. The development over all conditions is depicted in Figure 5 (and
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Figure 5: Comparison of recommendation agreement represented by the average Cohen’s
kappa coefficients and the standard error of the mean for each measurement block and
task presented in the chronological sequence in which the tasks were given. Additionally,
the instructed reliability of the AI system of 80% is marked.
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Figure 6: Comparison of task completion time for each measurement block and task
presented in the chronological sequence in which the tasks were given.
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Model R? AIC BIC

Instructed Reliability - -64.44 -61.61
Perceived reliability ~ 0.00002 -62.45 -56.77
Trust 0.00122 -67.29 -61.85
Propensity to trust 0.00190 -63.75 -58.09
ATI 0.00080 -63.61 -57.95

Table 2: Akaike information criterion and Bayesian information criterion comparison of
regression models for the prediction of recommendation agreement.

for Time on Task in Figure 6, respectively). We found a significant difference
in dependence between the first and the second block (#(148) = -4.77, p <
.001). Here, the t-test shows a small effect size of Cohen’s d = 0.28 regarding
the comparison of dependence between the first and second block.

5.5.2. Relationship between dependence and perceived reliability

In order to understand possible other factors for dependence demon-
strated by participants, we also estimated, to what extent the perceived
reliability (M = 73.09, SD = 20.01) of the Al system was connected to rec-
ommendation agreement (M = 78.16, SD = 18.14) as an indicator of depen-
dence. The Pearson correlation coefficient for the estimated Al performance
and dependence of the participants shows a moderate positive correlation (r
= 0.37, p < .001).

5.5.3. Prediction of dependence based on perceived reliability and trust as-
sessment

Multiple linear regression was used to test whether perceived reliability
assessed through the estimated Al performance (E-S, E-M, L-S, L-M; M =
73.63, SD = 19.46) and both single- and multi-item trust measurements (E-
S, E-M, L-S, L-M; M = 3.89, SD = 0.86) with a fixed intercept given by the
instructed reliability of 0.8 significantly predict recommendation agreement
determined through the Cohen’s kappa coefficient (E-S, E-M, L-S, L-M; M
= 78.49, SD = 18.60). The results show that the overall regression was not
significant (R? = 0.00808, F(2, 110) = 0.45, p = .640). We can therefore con-
clude that predicting the recommendation agreement cannot be significantly
improved by integrating perceived reliability and trust assessment.
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5.5.4. Prediction of dependence based on individual differences

Another multiple linear regression model was calculated to test whether
the propensity to trust (E-S, E-M, L-S, L-M; M = 3.68, SD = 0.69) and
affinity for technology interaction (E-S, E-M, L-S, L-M; M = 3.32, SD =
1.04) predict recommendation agreement assessed through Cohen’s kappa
coefficients (E-S, E-M, L-S, L-M; M = 78.49, SD = 18.60). The intercept
was again given by the instructed reliability and set to the constant value of
0.8. The results of the model indicate again that the overall regression was
not significant (R? = 0.00405, F (2, 123) = 0.25, p = .779).

5.5.5. Direct comparison of trust assessment

Measurement extent. To explore potential effects of assessment extent
on trust values, the trust assessment of the single- (L-S & E-S; M = 3.98,
SD = 0.98) and multi-item (L-M & E-M; M = 3.82, SD = 0.73) groups of
both blocks were compared using the Welch two sample t-Test. The results
showed, that there is no significant difference between the trust values of
single- and multi-item assessment groups (¢(94) = 0.99, p = .324, Cohens’ d
= 0.19).

Measurement timing. Furthermore, we compared the trust measures
of the early (E-S & E-M; M = 3.87, SD = 0.91) and late (L-S & L-M; M =
3.91, SD = 0.82) measurement groups of the first block, to analyze whether
the measurement time point has an impact on trust values. Again the results
indicate, that the observed difference between the trust values of early and
late assessment is not significant. (#(101) = -0.26, p = .793, Cohens’ d =
-0.05).

5.5.6. Correlation coefficients between dependence and trust assessments
Furthermore, the correlation coefficients between dependence and trust
values were calculated for the general comparison of single- and multi-item
measures. With a Pearson correlation coefficient of » = 0.45 and p < .001 for
the single-item measure and a r = 0.42 and p < .001 for the multi-item mea-
sure, the analysis shows a moderate positive correlation between dependence
and trust values. Additionally, the Pearson correlation coefficient between
the trust assessments of the multi- and single-item scales was calculated.

5.5.7. Multi-Level-Model based analysis of the mere-measurement effect
We conducted an exploratory analysis to test the level of trust combined
with the impact of trust assessment. Specifically, we examined whether in-
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cluding the assessment of trust as another predictor to the level of trust could
better explain participants recommendation agreement and task completion
time. We assumed that trust values of participants for whom trust was not
assessed are distributed similarly to the values of participants with trust
assessment. Thus, we first simulated trust data for the control condition
based on the distribution of trust scores within the experimental condition.
The average trust score (M = 3.89) and its standard deviation (SD = 0.86)
were then used to generate normally distributed trust data for measurements
without trust assessment.

For both recommendation agreement and task completion time, a null
model including only the fixed intercept and two baseline models including
variables for the grouping context were created to explore the random effects
(i.e. the variability due to grouping contexts) structure of the data and to
assess the appropriateness of a multi-level approach. The first baseline model
considered only participants as the grouping context, which already accounts
for a considerable amount of variance based on the intraclass correlation co-
efficient (ICC) as a measure of variance between groups (Recommendation
Agreement: ICC = .71, Task Completion Time: ICC = .58) while the second
model additionally included the measurement block as a second grouping fac-
tor (Recommendation Agreement: ICC = .74, Task Completion Time: ICC
= .74). To compare the goodness of fit and determine whether adding com-
plexity to the model improves its accuracy, we used likelihood ratio tests.
The results indicate that the baseline model considering participants as a
grouping context is significantly better compared to a model without any
random effects for both the recommendation agreement and task comple-
tion time (Recommendation Agreement: x?(3) = 102.45,p < .001, Task
Completion Time: x?(3) = 60.94, p < .001. However, in both cases, consid-
ering participants and measurement blocks shows a further improvement in
explanatory power (Recommendation Agreement: y*(4) = 15.98,p < .001,
Task Completion Time: x?(4) = 63.14,p < .001). Thus, we can assume
that the multi-level modeling approach with the more complex model can be
considered appropriate in both cases.

To analyze recommendation agreement and task completion time Linear
Mixed-effect Models were used to account for the nested structure of repeated
measures and measurement blocks. Analyses were conducted in R using the
packages lme4 (Bates et al., 2015) and lmerTest (Kuznetsova et al., 2017) to
fit the multi-level regression models. Satterthwaite’s approximation method
(Luke, 2017) for adjusted estimates of the degrees of freedom was used for
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the fixed effects. To allow for model comparisons through LRT, the models
were fitted using maximum likelihood.

For a simple model only considering trust, we found a significant effect
of trust level on recommendation agreement (b = 0.11,#(148.52) = 3.89,p <
.001). This suggests that when the level of trust is positive, recommendation
agreement increases by approximately b = 0.11 units compared to a negative
trust level. However, adding whether the trust was assessed or not does not
significantly improve the model’s explanatory power any further (x*(6) =
1.29, p = .256).

6. Discussion

6.1. Summary of Results

The objective of the present research was to evaluate and examine the
magnitude of the question-behavior effect of trust assessment on dependence
in the context of an Al-supported task. Our results showed no support for
the presence of the question-behavior effect in trust assessment and depen-
dence. That is, assessing trust in participants did not affect their subsequent
dependence behavior (H1 was not supported). Further, we did not find sup-
port for an effect of either trust assessment with single or multiple items in
comparison to a control condition (H2 was not supported). While we found
higher dependence after a late trust assessment (H3 was supported partially
for agreement, not for task completion time), that was potentially due to an
overall increase of dependence over time. Interestingly, the predictive value
of self-reported trust assessment for dependence was surprisingly low, i.e.,
the prediction of agreement with Al recommendations did not benefit from
analyzing trust. Further exploratory analyses revealed that participants fol-
lowed AI recommendations in around 80% of all decisions during the course
of the study. That mirrors the instructed reliability of the Al system, as par-
ticipants were told in the introduction that the AI was only correct 80% of
the time and were interacting with such a system during familiarization, but
were interacting with a system with 100% reliability in the experimental task
blocks. That is, participants’ behavior seems to reflect this instructed relia-
bility. In addition, we found higher dependence in the second experimental
block, compared to the first experimental block. Interestingly, single- and
multi-item assessments did not differ significantly nor were they significantly
correlated.
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6.2. Implications

Contrary to our hypotheses, trust assessment showed no significant in-
fluence on dependence in our study. This finding was independent of scale
extent, i.e.;, we did not find any effect of scale length on dependence, and
suggests that it is possible to assess trust without affecting the users’ system-
related behavior. Accordingly, we did not find support for any effects con-
nected to the question-behavior effect [57, 54]. However, an alternative
explanation for this could be based on the comparable low correlation be-
tween trust assessment and dependence. If behavior does not correlate as
strongly with assessed attitude as initially assumed, it stands to reason that
the question-behavior effect would not be observable in this context. A low
relevance of the question-behavior effect for behavior in contrast to higher
importance for intention [67] has been discussed before and could also explain
the results of the present study.

Due to the descriptive match between instructed reliability (80%) and
dependence (mean over both task blocks and groups is 78 %), instructed re-
liability appears to be more influential in determining behavior compared to
assessed trust. By assuming the instructed reliability as a fixed intercept in a
regression analysis, adding other variables (such as trust, perceived reliabil-
ity, ATI, or propensity to trust) did not yield any substantial improvement
in predicting recommendation agreement. While this insight aligns in gen-
eral with the broader research that emphasizes the importance of perceived
reliability as a key factor influencing user behavior (e.g., [68]), it highlights
potential limitations of self-reported assessments. Consistent with the con-
cept of "probability matching” as described in [69], our study found that
participants complied with system recommendations depending on the in-
structed reliability of the system across various conditions. This suggests a
general tendency of users to match their dependence to the anticipated sys-
tem reliability [70]. This strategy can account for results in previous studies,
however, there is no research on probability matching as described in the
present study. While probability matching is an ineffective strategy for the
given experiment (as the Al was 100% correct in the task blocks), partici-
pants potentially assumed that the instruction of 80% reliability definitely
applied to the tasks presented to them. Accordingly, they may not ques-
tion the instructed reliability but incorrectly assume it to be true. That
is, after a series of correct answers from the AI system, they may have be-
lieved that due to the instructed reliability, an incorrect recommendation
was guaranteed and looked for more closely. That behavior, which is similar
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to the gambler’s fallacy [71] could explain why participants reject correct
AT recommendations. Our results would support a comparable strategy in
participants, which would in turn be aligned with research on probability
matching [69]. Further research needs to examine to what extent and un-
der which conditions users reflect on the instructed reliability, as instructing
reliability of systems might be central in shaping dependence.

Yet, in the context of our research question, the occurrence of probability
matching is particularly interesting when considering the heterogeneity of
trust assessment methods. These include the extent to which system per-
formance and reliability are addressed within different assessments (e.g., in
[34, 38, 36]). Therefore, the extent to which the participants’ perception of
reliability contributes to trust assessment could also be a factor influencing
the (diverging) predictive value of the trust assessments. In our explanatory
analysis, we did not find a significant correlation between dependence and
the single item ”How much do you trust the system?” of the multi-item trust
scale. However, the relationship between perceived reliability reported by
users in percent at the end of the study and dependence within the study
did not exceed the relationship between trust assessment and dependence.
This leaves the question, of which self-reported assessment - of trust, relia-
bility, or even another related construct - may demonstrate higher predictive
value for dependence. Interestingly, while the AI had 100% reliability, the
majority of participants did not report perceived reliability over 80% (only
48 of 149) but mostly a perceived reliability under 80%. The massive gap
between perceived and actual reliability has been already reported in ear-
lier research ([72]. Although we expected to observe a description-experience
gap (see [73]), participants reported perceiving 80% reliability of the system,
despite this perception being incorrect. While we found a higher recom-
mendation agreement over time, there is no clear trend or indication that
participants approximated higher levels of recommendation agreement based
on their individual experience. That strengthens the need for further re-
search to understand the role of instructed (or outside of research settings,
reported) reliability in comparison to participant experience and perception.
It needs to be noted, however, that the perceived reliability in percent was
only surveyed at the end of the study and not between experimental blocks
and the study was potentially too short to clearly identify effects over time
[74]. In addition, participants recruited via Profilic potentially perceived this
question as the attention check and reported the instructed reliability here
to keep eligible for compensation.
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Our results imply that the instructed reliability of a system might be a
better predictor of human dependence than self-reported trust assessment at
least in tasks where Al systems give a clear recommendation for a specific ac-
tion and Al recommendation is presented before participants make their own
decision. Therefore, the predictive value of instructed reliability is important
to consider when designing Al-based support systems: further research needs
to examine how humans estimate the correctness of information provided by
systems on their reliability and factors influencing reliability when assess-
ing dependence (e.g., by using explanations, see [75]. In our experiment,
no detailed information on factors for the system's reliability was given to
the participants, for example, low confidence in the system when color-based
rules are involved. Participants’ estimation of Al reliability was lower than
the actual Al reliability, which has been illustrated in earlier research [72, 76].
Further research on Al-supported pattern detection should explore methods
to improve users’ perception of system reliability.

As demonstrated by existing studies, the lack of predictive value of trust
assessment for behavior can be contingent on the specific task design. In
the present study, the Al system provided clear recommendations without
considering the individual’s state or hypotheses, setting it apart from eval-
uative Al as defined in [77]. As discussed before [25], trust might be more
influential on dependence when users need to act before the systems or need
to utilize system information to make a decision instead of receiving a rec-
ommendation. This suggests that the role of trust and its influence on the
question-behavior effect might vary with different HAII modalities and se-
quences within a task. The differences in the predictive value of trust in the
early group vs. the late group indicate that the role of trust could also change
with growing familiarity with the system (see also [36]). It is possible that a
different interaction dynamic between humans and Al could result in an al-
tered role of trust and consequently, also, the question-behavior effect. This
possibility underlines the need for further research into varying types of HAII
and their implications for trust dynamics as well as for the question-behavior
effect.

The results of our study show that trust research in HAII needs to ex-
amine the predictive value of established constructs when trying to reliably
predict behavior. The use of trust assessment in an interaction where the
Al provides a clear recommendation, however, does not influence the subse-
quent dependence demonstrated and does not result in a question-behavior
effect. However, the predictive value of trust assessment remains a topic for
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further study [27], and the findings need to be applied to different types of
interactions (i.e., different types of collaboration/ combination of information
processing and action regulation by the Al versus the user) to verify their
generalizability. In particular, it remains an open question, under which con-
ditions the instructed reliability of a system is more important than users’ ex-
perience, for example, dependent on the frequency of feedback, the sequence
of Al and human actions in a shared task, or the length of an experiment.
As more regulation demands AI development to provide information on an
AT system’s reliability and limitations (e.g., the EU Al Act, [78]) the impact
on dependence of such information needs to be studied in detail.

6.3. Limitations and Further Research

In interpreting the results of the present research, several aspects have
to be kept in mind, especially regarding the design of the presented task.
The potential complexity of Kandinsky Tasks may have been challenging for
participants, limiting the interpretability of recommendation agreement and
affecting the comparability of results with other studies, that utilize easier
tasks. As participants’ baseline (i.e., the number of tasks solved without the
Al system) was at 60% correctly solved Kandinsky Tasks on average, the goal
of 90% may have been an unrealistic high demand to function as an additional
incentive. If participants did not expect to be able to meet the criterion for
additional reward even with Al help, the vulnerability necessary to experience
trust [29] was potentially not present. As previous research demonstrated,
trust might decline when automated systems are not reliable enough [79].
For the attitude of the participants to be sufficiently strong to influence
behavior, a better performing system (i.e., with reliability levels of 90% and
more) could be needed. In addition, previous research demonstrated that
only medium or low levels of an attitude may have drastically fewer effects
than strong attitudes (see [80]). Differentiating to what extent participants
were "giving up” and just following the AI recommendation is difficult to
examine. However, as the difficulty was the same in all conditions, we do
not believe that this impacted our experimental manipulation to a great
extent. However, our exploratory results remain limited to tasks with higher
complexity and strict Al recommendations (i.e., the Al system does not
deliver information to determine the correct answer, but recommends specific
answers directly).

It is important to note the specificity of the task as well as its abstract na-
ture. While it was essential for our research to have a task where users could
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not differ in pre-existing knowledge, collaborative human-Al tasks involve
experienced humans, and expertise can change the result of the interaction
[81]. Previous studies already demonstrated how assigning similar tasks to
human and Al systems may lead to decreased performance of human users,
comparable to social loafing [82, 83]. Accordingly, future research should aim
to present tasks that require, for example, a combination of skills or exchange
of information (see [84]).

As another important point, further research is needed to investigate
varied levels of automation and interaction types to understand how these
factors impact trust assessment and dependence. For example, users always
saw the Al recommendation at the same time they saw the Kandinsky Figures
- changing the sequence of decision-making could change the role of trust or
even improve decision-making in general (see [85] compared to [76]).

7. Conclusion

In conclusion, the present study contributes to the understanding of trust
dynamics in human-Al interaction and raises further questions for trust as-
sessment and communication of information on the reliability of Al systems.
Contrary to our initial hypotheses, we found that self-reported trust assess-
ment has no discernible impact on reliance behavior in Al-supported tasks.
This observation is underpinned by the absence of substantial predictive
power of trust assessment in forecasting reliance. Notably, the strongest
predictor of behavior in our experimental setup was the instructed reliability
of the AI system, which is more relevant than self-reported trust assessment
or perceived reliability. These findings suggest a need for a reevaluation of
the role of trust assessment in Al interactions and point toward the greater
influence of perceived system reliability on user behavior.
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7 Study 4: Examining how to
improve integrated &
iInterdependent information

processing

7.1 Summary of Study 4

The fourth study included in the present dissertation focused on interdependence
in information processing in diagnostic Al-supported tasks. When examining blood
vessel to diagnose deep vein thrombosis, pressure is a central component of the
examination process. However, since Al currently available Al systems may strug-
gle to detect whether users apply the correct level of pressure, instructions were
developed to highlight informational interdependence. The study utilized a between-
subjects design assessing both, performance in terms of diagnostic quality as well as
automation-related user experience. The results demonstrate that instructing users
to experience how pressure, i.e., information not available to the system but solely

to the human, can positively influence diagnostic quality.

7.2 Relevance within the dissertation

While other studies presented within this dissertation provides empirical results on

how XAI can affect automation-related UX and performance, they mainly focus on
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explanations as an artifact produced by a technical system. Studying the effect of
instructions widens that narrow perspective on XAl while simultaneously offering
insights into novices’ usage of medical Al. Also, since this dissertation also presents
a conceptual model of integrated information processing, the results of the fourth
study demonstrate the importance of integrating information processing of both, Al

and human.

7.3 Contribution to Study 4

I developed the idea to modify instructions and integrated both applied theories,
interdependence in Human-Al interaction and seamful design, to provide a basis for
the experiment. I developed the instructions and experimental design and developed
all experimental material. While the study was conducted with support of study

assistants, I conducted the analysis and preparation of all data for a manuscript.
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Novices may particularly benefit from artificial intelligence (Al) in diagnostic tasks, e.g., in ultrasound-based diagnosis where images
are highly volatile. However, due to challenges in capturing image-relevant pressure information, Al systems results may be affected
by novices’ ability to physically conduct ultrasound-based examinations. In a between-subject experiment, we instructed medical
novices to manipulate pressure levels during ultrasound-based diagnosis and observed how they may cause failures and compared
them to a control group without pressure-related instructions. We assessed perceived system traceability and the relationship between
confidence and diagnostic quality. Our results (N = 42) indicated that instructing novices did not affect perceived traceability and
confidence. However, having users test the system on themselves and manipulate pressure led to higher-quality ultrasound images.
Overall, our study demonstrates the importance of communicating information interdependencies between human and Al partners in

diagnostic tasks.
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1 INTRODUCTION

Automated information processing is progressively supporting medical decisions, affecting professionals, as well as
patients [1]. The influence of artificial intelligence (AI) can be found in both, diagnostic [24] as well as therapeutic
contexts [65]. Multiple studies suggest that the support of Al can increase e.g., diagnostic accuracy (e.g. [9]). However,
as human users stay responsible for decisions that may have severe consequences, there is a growing demand for trans-
parency [6] in automated information processing, even on regulatory levels ( [54]). Especially in systems not operating
based on symbolic rules, but, e.g., neural networks, medical users might perceive low levels of understandability [15] due
to a lack of information representation that users can integrate into their decisions. As a result, research on explainable
AI (XAI) has been carried out to develop ways of making Al systems understandable to their users [56] and allowing

users to detect biases and errors in automated information processing (see [13]). As such, efforts undertaken in XAI
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research resemble earlier work in human-automation interaction, that focused on methods to prevent miscalibration of
trust [38] or users experiencing out-of-the-loop unfamilarity (see [61]).

However, existing approaches in XAI do not lead to coherent results. On the one hand, multiple studies demonstrate
positive effects of explanations, e.g., on experienced trustworthiness, accuracy or bias detection [29, 55, 58]. For example,
Weitz et al. [59] demonstrated that a speech recognition system with explanations given by an agent leads to higher
levels of trust than without. For the medical domain, Naiseh et al. [35] demonstrated that explanations influence user
engagement with decision support systems (DSS), leading to higher frequency of interaction and better calibration.
However, multiple studies also demonstrated that explanations can lead to undesired effects, especially in cases where
automated information processing might lead to wrong results. Bansal et al. [4] demonstrated the likelihood of accepting
an AI's recommendation is higher after users received an explanation, making it more likely that users followed the
wrong suggestions. Similarly, Chromik et al. [10] introduced the term ‘placebic’ explanations, which did not offer
helpful information to the user but was still rated as such (see also [11]). Potential reasons could be the expertise of the
users [52] or effects of information overload associated with additional information given by explanations [42].

In contrast the present work expands explanations that visually demonstrate to users how their behavior affects
an intelligent system to allow them to directly experience this effect to instructions about how they initially interact
with system. Specifically, we designed instructions that highlight a system’s diagnostic information processing and
allow users to experience the significance of their own actions and the information provided by them. To this end, we
introduced participants to an automated diagnostic system for detecting deep vein thrombosis and instructed them
to intentionally try to let the system fail as well as use it on themselves. Our goal was to explore how this approach
affects users’ understanding and mental model of the shared information processing [3] and their confidence in its
diagnostic abilities. We were particularly interested in observing changes in their subjective experience and the quality
of the examination. By adding instruction as a method of explanation, our research diverges from traditional XAI
strategies (see [5]), focusing on experiential and skill-based [51] learning rather than explanatory frameworks, and
aims to contribute to the broader discourse on the development of human-centered AL

Hence, the objective of our research was to examine how instruction focusing on informational interdependence
and users’ influence on information processing can affect user experience and diagnostic quality. To this end, we
introduced a functioning Al system for detection of deep vein thrombosis to novices and varied how it was introduced,
i.e., whether system capabilities and limits were explicitly experienced or not. We aimed to investigate whether explicitly
experiencing one’s effect on the systems information processing can support the development of confidence, raise
examination quality and improve user experience. All in all, the present paper explore an innovative approach to
develop instructions for novice users of Al-based DSS, which will support design of Al systems that sufficiently comply
with ethical and regulatory requirements. It demonstrates that designing instructions to appropriately demonstrate

interdependence between human users and Al systems can positively affect the utilization of Al-based DSS.

2 RELATED WORK
2.1 Al Support for Ultrasound Analysis in Deep Vein Thrombosis Detection

While concrete fatality rates of deep vein thrombosis (DVT) are generally elusive [2], DVT is assumed to be one of
the most frequent reasons for death in hospitals worldwide [21]. DVT is a condition characterized by the formation
of a blood clot in a deep vein, typically in the legs [21]. The presence of this clot can result in a range of symptoms,
including leg pain and swelling. In some cases, the condition may manifest without any discernible signs. The condition

2
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is serious in that the clot has the potential to dislodge and travel through the bloodstream, resulting in a potentially
life-threatening pulmonary embolism if it reaches the lungs (see [22]). DVT affects approximately 8 in 100 individuals
over the course of their lifetime [25], making it one of the most prevalent conditions with severe medical consequences
if left untreated [16]. In the absence of treatment, DVT can result in significant complications. The formation of a blood
clot can obstruct blood flow, leading to tissue damage and an increased risk of further clot formation. The standard
treatment for DVT involves the administration of anticoagulant medications, also known as blood thinners, which
serve to prevent the growth of existing clots and to reduce the risk of new clots forming [60]. Given the potential
adverse effects of treatment and the associated costs, precise diagnostics are of paramount importance.

The primary diagnostic approach for DVT is a duplex ultrasound, a non-invasive test that utilizes sound waves
to visualize blood flow and detect clots in the veins [31]. The ultrasound probe is positioned at a relatively elevated
point on the leg in proximity to the vein. It is crucial to ensure that an adequate amount of ultrasound gel and pressure
is applied to effectively visualize the vessels, as illustrated in Figure 1. Identifying the optimal angle, pressure, and
position can often be challenging for users, i.e., medical handlers (see [48]). Once the ultrasound device has been
correctly positioned, the vessel is compressed by applying pressure. The requisite degree of pressure is contingent upon
factors such as body mass index (BMI). A completely closed vein indicates the absence of a clot obstructing the vessel.
Therefore, it is essential to apply sufficient pressure but to avoid compressing the vein prior to the examination too
much (see [48]). Subsequently, the procedure is repeated on other parts of the leg, in accordance with the standard
operating procedure. In sum, this process is one that requires both experience and skill, given the necessity of precise
positioning and the application of optimal pressure.

Unfortunately, the necessity for highly qualified personnel to perform examinations for DVT and the high prevalence
of DVT are typically not met by the availability of sufficiently trained medical experts. Therefore, the provision of
technological assistance represents a promising avenue for facilitating the widespread use of skill-dependent diagnostic
processes, such as those employed in the diagnosis of DVT. The integration of Al-based decision support systems is
particularly advantageous for those new to the medical field. In the case of DVT, a number of Al systems have already
been developed which can provide assistance in the diagnostic process. Such systems comprise predictive models that
estimate the probability of DVT occurrence based on identified risk factors at various time points, including the elevated
risk following surgical procedures. For instance, [57] illustrated that DVT can be accurately predicted by integrating
physiological data, thereby demonstrating the potential for DSS to support the monitoring of high-risk patients. The
present paper, however, is concerned with systems designed for the examination of DVT by ultrasound devices. To the
best of our knowledge, apart from existing guidelines [37], there have been no other guiding systems, especially no
DSS, in ultrasound diagnosis of DVT so far.

All in all, the visual examination of veins represents the best-known diagnostic approach when there is an acute
suspicion of deep vein thrombosis, with ultrasound being the least invasive technique available. The performance of
a venous ultrasound entails the navigation of numerous intricate tasks that demand a high degree of expertise. This
examination process is characterized by a continuous cycle of information processing and action regulation [7], both of
which are aimed at establishing an accurate diagnosis.

The system utilized in the present study (see Section 3.1 for a detailed description) provides assistance to the user
throughout the process. The examination of the sensory system, specifically the control of the ultrasound device, is
conducted by the examiner. Even advanced systems today are unable to perform the compression itself, and there is no
pressure sensor that provides information about the pressure exerted. This is because the optimal pressure required

depends heavily on the BMI and the anatomy of the person being examined, and therefore such information would only
3
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be useful to a limited extent. However, individuals lacking the requisite experience are particularly reliant on guidance
in correctly positioning the ultrasound probe and applying compression. The ultrasound-based DVT examination
thus represents a particularly promising area of human-Al cooperation, given the interdependencies inherent to the

information processing involved.

2.2 Accounting for Interdependence in Al-supported DVT Diagnosis for Diagnostic Information

Processing

Despite the expansion of sensor technology, which has led to greater automation in information processing, Al
systems often remain reliant on human input [20]. Concurrently, Al systems are employed to automate the information
processing procedure, whereby they supplant human responsibilities and, in turn, provide data to human users. This
implies that Al systems are contingent upon the data they receive, and humans are similarly reliant on the information
processed by Al systems. This is due to the complementary capabilities that both partners contribute to the collaborative
information processing (see [17]): in the case of DVT, humans are able to position the ultrasound probe and perform
compression. Conversely, the system is capable of analyzing the generated image data based on the training data and
determining whether the probe is correctly positioned.

If both parties in a collaborative endeavor are reliant on one another, we may characterize this as interdependence
(see [30]). In the case of DVT, this interdependence is evident in the processing of information, particularly in the
acquisition and analysis of data. One consequence of this interdependence is that, despite the automation, human users
must fulfill a monitoring and control function, especially over the information they provide. One manifestation of
complacency (see [62]) or false security in automation could be a lack of awareness of informational interdependence.
In that case, a user might not realize that an Al system cannot monitor the information provided by the user.

A lack of awareness of interdependence can result in disadvantages in cooperation. For instance, if the user of
a DSS in the field of DVT is not aware that insufficient pressure in the system is not recognized and can lead to a
misdiagnosis, the performance of the human-AI team can deteriorate. Consequently, this indicates that the user has
an inadequate mental model, which gives rise to erroneous expectations regarding the system’s performance. The
system’s trust and subjective information processing awareness may be negatively affected by an incomprehensible
expectation violation. Existing literature (e.g., [49]) suggests that the safety of using an Al system is contingent upon its
comprehensibility. Consequently, an incomplete understanding of interdependencies may potentially lead to a reduction
in safety. Furthermore, mutual predictability (as discussed by [23]) is also affected if an accurate assessment of the
system’s dependence on the correct execution of the examination by the user cannot be made, which in turn can limit
the effectiveness of cooperative information processing and thus the diagnostic quality.

While Johnson et al. [18] discuss methods for overcoming interdependence in the context of co-active design, these
are also designed with particular consideration for physical capabilities and sequential processes. The case of DVT
illustrates the necessity of considering informational interdependence in diagnostic processes. In accordance with the
concepts discussed by Parasuraman et al. [39], distinct processes are posited to occur during the course of information
processing: (1) information acquisition, (2) information analysis, (3) decision selection, and (4) action implementation.
In the context of diagnosis, the first three of these stages of information processing are particulary relevant. In the case
of DVT, these processes are also highly interdependent and interconnected. For example, compression data can only be
recorded when the ultrasound probe is in the correct position. In turn, prior analysis of the current image information
is necessary to determine the positioning. However, the design of an Al system in the context of DVT diagnosis must

convey this highly interwoven and not purely sequential informational interdependence.
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2.3 Seamful Design as Approach in Information Interdependence

To address informational interdependence in human-Al cooperation, design approaches must address where a partner’s
exclusive information has an effect (see [23]). This means that a user must be able to see where the system has redundant
information for checking and where this is not possible. The aim of the design is thus to correct the mental model of
information processing and to draw the user’s attention to interdependencies [18]. Hence, the aim of seamful design [8]
is to optimize mental models. Mismatches between the conceptualization of the system (often as a system that works as
automatically as possible) and its use in reality (with interdependency between humans and the system) should be
actively presented. Chalmers [8] also speaks of the fact that those mismatches should be strategically revealed, i.e.,
designs should actively bring them to users attention.

Specifically for the comprehensibility of Al systems, Ehsan et al. [14] describe Seamful Explainable Al as an approach
for developing human-centered and comprehensible XAI systems. The aim of the present work was to integrate the
idea of seams, i.e. design decisions that in this context reveal the interdependencies in information processing, into the
diagnosis of DVT and to examine whether this has a positive effect on the experience and performance of human-AI
cooperation. When implementing Seamful Explainable AI [14] for novices, explicit attention was paid to focus on

training and instruction interventions for novices.

2.4 Research Contribution

To explore the application and implications of seamful design in Al-supported diagnostic tasks with informational
interdependence, we address several key research objectives (RO). Firstly, we investigate how seamful design can be
effectively applied in diagnostic tasks where human and Al systems rely on shared and distinct information sources
(RO1). Our initial investigation includes examining the role of seamful design in enhancing user understanding of
the collaborative information processing required for accurate diagnostics. Secondly, we assess whether Information
Relevance Training, a specific intervention designed to improve the comprehensibility of Al systems, influences
perceived trustworthiness, perceived usefulness, and traceability, operationalized through Subjective Information
Processing Awareness (SIPA) in users (RO2). Further, we examine if such training can lead to improvements in the
quality of diagnostic assessments (RO3), enhance user confidence in their diagnostic decisions (RO4), and impact
the relationship between traceability and user confidence ratings (RO5). These research objectives aim to provide
insights into optimizing human-AI cooperation in the diagnostic process by enhancing user awareness of informational

interdependencies through targeted design and training interventions.

2.5 Designing Seamful Instructions for Deep Vein Thrombosis

The first of our research objectives was to identify informational interdependencies in the Al-supported diagnosis of
DVT and to design approaches to represent these interdependencies in the mental models of the users. To do this, we
first identified all the information that is available exclusively to humans or systems. Figure 2 summarizes the elements
that are crucial for the design.

One piece of information available exclusively to the system is the direction in which the ultrasound device must
be moved to reach the correct position for the examination. We assume that the users are novices who have little
experience with DVT examinations. However, the system can provide information via the display — for example, a
description to move towards the direction of the patient’s foot. The system-exclusive information can thus enter the

shared information space.
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Furthermore, there is a range of information that both partners possess and, therefore, does not trigger any interde-
pendency. For example, the current position of the probe (i.e., the ultrasound handheld device) can be visually perceived
by the human and reliably calculated by the system based on the current image. This also applies to the angle at which
the probe sits on the body to be examined. At the time of the examination, further information has already been shared
(e.g., BML, age, and which leg is involved), which is done, for example, via an entry mask. This data is, therefore, also in
the shared information space.

Therefore, our design concentrated on the relevant information on the printout. On the one hand, this cannot be
given to the system by sensors. On the other hand, in contrast to data such as BMI or age, it changes during the
examination and, therefore, cannot be continuously transmitted from the person to the system. Since pressure remains
exclusively in the human information space, but is crucial for a successful examination and for the analysis of the
system, we developed instructions that emphasize the special role of the person in terms of the information provided
by pressure. Two approaches were chosen for this: on the one hand, novices were asked to try out the ultrasound
probe on themselves. The additional perceptive information helps them to understand how much pressure is needed to
achieve changes in the ultrasound image and to reduce uncertainty about the pain threshold of the applied pressure.
The exact instruction was (translated from German): “Please carry out the examination on yourself. Please note exactly
how much pressure you need to exert in order to completely close the vein found.” On the other hand, they should
consciously apply too little pressure as part of a training examination and thus create errors in the system. This should
help novices to improve their mental model and understand how pressure changes can affect system performance.
The exact instruction was (translated from German): “Please deliberately apply too little pressure during the next
examination and try to perform an incomplete compression. Observe how the system reacts to this. ” The instructions,

which we refer to as information relevance training, were examined in a laboratory experiment.

(a) Ultrasound image of uncompressed vein (b) Vein compressed no overlay
without overlay

Fig. 1. Ultrasound image of compressed vein without overlay
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Fig. 2. Depiction of Information available only to Human and Machine and ldentification of Seam to address informational interde-
pendence

3 METHODS

For the investigation of informational interdependence, a system was used that is already in clinical studies [19]. Our
focus was particularly on a modification of the instructions, which is why the specific system is only briefly explained

below.

3.1 Hardware and Software

In our study, we utilized the ThinkSono system [53], which is a medical software that combines a mobile application and
a cloud-based dashboard to assist healthcare personnel who are not trained in ultrasound technology in acquiring and
storing compression ultrasound data for the detection of DVT. The system employs compatible handheld ultrasound
devices, such as the Clarius models (e.g., [12] as used in our study), to capture high-resolution images, which are then
analyzed using a machine learning model that segments veins and arteries in real time. The mobile application provides
users with on-screen prompts to guide them through the examination process as depicted in Figure 3. The system is
trained on annotated ultrasound images to identify anatomical landmarks (such as the branching of veins) as a basis for
this.
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(a) Ultrasound image of uncompressed vein (b) Vein compressed no overlay
with Al-based overlay

Fig. 3. Ultrasound image of compressed vein with Al-based overlay

3.2 Recruitment and Procedure

Participants (N = 42) were recruited at the local university via online forums and consisted solely of medical students
in their third year of study or above. All participants had prior experience with ultrasound diagnosis through their
education, but n = 11 stated that they had no general experience with ultrasound examinations. We decided to include
them in the analysis anyway, as their level of experience with ultrasound is representative of novices in the ultrasound-
based diagnosis of DVT. Prior to participation, an instruction was handed out and informed consent was given by all
participants. This study was conducted in accordance with the Declaration of Helsinki and positively reviewed by the
[anonymous for submission] ethics committee.

We applied a randomized within-subject design with a control group, as visualized in Figure 4. In the experimental
groups, the order of tasks was varied to control for sequence effects, effectively leading to three different conditions
(control, fail-first, and self-first condition). All participants first watched a standardized instructional video, followed by
a questionnaire that constituted the baseline and captured their initial expectations.

Following that, participants in the control group took two more exams. All exams were carried out on a simulating
patient, who was the same for all participants and had a (protoypical) BMI of 22. The first of these exams was assessed
as a baseline (Exam 1) in terms of diagnostic quality. After the second exam in the control group, the questionnaire was
presented again, which counts as “T1’ for the variables trust, SIPA, usefulness, and confidence. The same procedure
was then repeated with the third exam (Exam 3) for diagnostic quality and the questionnaire after the fourth exam as
‘T2’ for automation-related user experience. After that, the eamined leg was switched to induce some level of transfer
requirements from participants and exams 5 and 6 were both evaluated in terms of diagnostic quality. The sixth exam
was followed by the final questionnaire, which represents ‘T3’ for automation-related UX.

8
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Fig. 4. Participant flow through the study.

The first experimental group followed a ‘self-first’ condition. This group differed from the control group at the time
of exam 2 and exam 4. Instead of exam 2, this group was instructed to test the system on themselves. Instead of exam 4,
this group was instructed to voluntarily apply incorrect levels of pressure to fail the exam. For the ‘fail-first’ group, the
interventions were reversed, i.e. instead of exam 2, they were instructed to voluntarily apply incorrect levels of pressure
to fail the exam and instead of exam 4, they were instructed to test the system on themselves. The measurement of the
questionnaires, the change of leg, and, in particular, exams 5 and 6 were the same for these groups as for the control
group. Despite random assignment, not all groups were exactly equally distributed (n = 16 for the control condition, n =
12 for Self-first, and n = 14 for Fail-first).

In order to examine our hypotheses, perceived trust, perceived usefulness, SIPA, as well as perceived confidence
were assessed via questionnaires. All scales used 6-point Likert response items ranging from completely disagree =
1, largely disagree = 2, slightly disagree = 3, slightly agree = 4, largely agree = 5, to completely agree = 6. Trust was
measured using the same questions as [46], as well as perceived usefulness. SIPA assessment utilized the question
published in [47]. Finally, for perceived confidence, five items were developed by two of the authors, that also used
the same 6-point Likert response items. The items were: (1) “I am not sure to what extent my behavior during the
investigation was correct”, (2) I am sure that I can detect errors in the investigation, (3) “I have the feeling that I can
produce useful images during the examination”, (4) “I know how to carry out a correct examination with the system”,
and (5) “I feel confident when carrying out the examination with the system”.

Quality of medical diagnostic assessment was graded following standards of CIT by two independent reviewers who
were, at the point of the study, medical students with experience in ultrasound diagnosis. Quality was rated from 0 to 5,
with 5 implying that all conditions of a high qualitative ultrasound recording were fulfilled. Standards include the clear
visibility of anatomic structures as well as a focus on the compression (i.e., the point of interest does not leave the visible

area when a compression is performed). In general, their rating achieved a Cohen’s Kappa ranging between .21 and .39,
9
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Metric Condition Mdn M SD min max

Trust Control 442 449 063 3.75 5.6
Self-first 479 458 057 3.65 5.29
Fail-first 438 4.46 0.53 3.81 5.31

SIPA Control 427 426 057 3.17 5.13
Self-first 440 452 0.83 3.12 5.75
Fail-first 3.79 4.01 0.77 2.88 5.08
Usefulness Control 222 221 054 150 3.06
Self-first 2.28 238 051 1.81 3.38
Fail-first 241 242 043 131 3.00

Table 1. Descriptive statistics of perceived trust, SIPA and usefulness for each condition across all measurement points.

demonstrating a rather medium inter-rater agreement, which represents a satisfying agreement for the given context

[28]. For analysis, R version 4.3.2 [40].including the packages psych [64], targets [27], and tidyverse [63] were used.

4 RESULTS

In this section, we present the results from our experimental study in the order of the research objectives formulated
before. We first analysed whether constructs of automation-related user experience differed between conditions and
over time, using a repeated-measures ANOVA for each variable. For effect sizes, we report qg, which can be interpreted
as small with r]é =0.01, as medium with n; = 0.06, and as large with né =0.14, [26].

Regarding RO2, we did not find any significant differences in automation-related user experience. There were no
effects on trust with F(2, 39) = 0.15, p = .864, 175 =.006 for a main effect of condition, F(3, 117) = 1.03, p = .383, r]é =.004
for an effect over time, and F(6, 117) = 0.88, p = .515, 115 =.007 for a possible interaction of time and condition.

Our data showed no significant difference for for SIPA with F(2, 39) = 1.65, p = .206, rys =.060 for a main effect of
condition, F(3, 117) = 2.25, p = .086, 775 =.014 for an effect over time and F(6, 117) = 0.09, p = .997, 172 =.001 for a possible
interaction of time and condition.

While we did not find a main effect of condition in usefulness with F(2, 39) = 0.74, p = .482, qé =.027, we found
significant differences in point of time with F(3, 117) = 4.10, p = .008, r]é =.026 and interaction with F(6, 117) = 2.82, p =
.013, r]é =.036. As can be seen in Figure 5c, this result was mainly caused by the Fail-first group. Post-hoc tests are
depicted in Fig. 5c¢.

Next, we analysed the quality of diagnostic assessment, referring to RO3. Again, a repeated measures ANOVA was
conducted. With F(2, 39) = 0.18, p = .838, 175 =.004 we did not find a main effect of condition, with F(3, 117) = 0.64, p
=.638, 175 =.009 also no effect of time, and also with F(6, 117) = 0.31, p = .307, 175 =.037 no interaction of time and
condition. While the ANOVA did not reveal a significant improvement over time, visual analysis of Figure 7 indicated a
rise in the Fail-first condition. A post-hoc test revealed a nearly significant difference between the baseline and the final
assessment with #(11) = -2.06, p = .064.

For user confidence as variable of RO4, we found no difference between conditions F(2, 39) = 0.33, p = .718, r]é =.013,
but did find a significant difference in time with F(2, 39) = 14.83, p < .001, r]é = .083. Our results do not support an
interaction between time and condition with F(2, 39) = 0.70, p = .648, r]é =.009. Significance levels of Post-Hoc tests can
be found in Fig. 6.
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Fig. 5. Development of perceived trustworthiness, SIPA and perceived usefulness over time for each condition. Significance levels of
post-hoc tests within conditions (i.e., over time) are shown when p <. 010.

User confidence

Control Self First Fail First
6 P <057 p<a
p<.01* p<A p<.01*
p<.05* e p<.05* p <.05* r’%
) p<. p <01
.05*
: _T/ E 8 — {
> > -
s T 1 T T | S PP i ,§— { .
S s . gl ® - cs e
=4
©
Q
= L ]
2
0

Baseline T1 T2 T3 Baseline T1 T2 T3 Baseline T1 T2 T3
Measuring times

Fig. 6. Development of confidence over time for each condition. Significance levels of post-hoc tests within conditions (i.e., over time)

are shown when p <. 010.

Metric Condition Mdn M SD min max

Quality of diagnostic assessment Control 3.00 3.00 058 2.00 4.00
Self-first 3.00 298 0.56 2.00 4.00
Fail-first 3.00 286 0.67 150 4.00

Table 2. Descriptive statistics of the quality of diagnostic assessment for each condition across all measurement points.
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Fig. 7. Development of medical diagnostic quality over time for each condition. Significance levels of post-hoc tests within conditions
(i.e., over time) are shown when p <. 010.

Metric Condition Mdn M SD min max

Confidence Control 430 420 0.85 3.05 5.70
Self-first 4.05 4.16 0.79 3.00 5.75
Fail-first 4.00 397 0.78 2.35 5.25

Table 3. Descriptive statistics of user confidence for each condition across all measurement points.

Concluding, we analysed how different instructions affect the relationship between usefulness and SIPA (RO5). That
is, a high correlation indicates that high levels of perceived traceability, operationalized by SIPA, occur with high levels
of perceived usefulness. A graphical representation as well as all statistics can be found in Fig. 8. For the baseline
questionnaire, we found significant correlations for the control condition, the self-first condition and the fail-first

condition. On the contrary, we only found significant correlations for control and self-first condition at T3.

5 DISCUSSION

In this work, we examined how instructions focusing on informational interdependence affect diagnostic tasks in a
human-AI cooperation concerning compression-based DVT diagnosis. We first identified information that was exclusive
to human users but nevertheless affected the system’s information processing and developed instructions that focused
on that information (RO1). Instructions aiming to improve users’ understanding of how pressure affects information
processing did not affect automation-related user experience, i.e., we did not find any differences in terms of perceived
trustworthiness, subjective information processing awareness, or perceived usefulness between conditions (RO2).
However, our analysis revealed that a correction of perceived usefulness was strongest when users were first instructed
to apply incorrect levels of pressure. While we did not find higher levels of diagnostic accuracy based on conditions,
our results indicate that letting users experience failure early on showed the highest improvement in diagnostic quality
(RO3). Reported confidence did not differ between groups (RO4). Interestingly, the relationship between confidence and
12
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Fig. 8. Calculation and plots of the correlations of SIPA and user confidence for all conditions at all measurement times.

SIPA seems to be dependent on the condition. Although our sample was too small to reveal statistically significant
effects when comparing correlation coefficients, our results give some indication that experiencing failure early weakens

the relationship between SIPA and perceived confidence (RO5).

5.1 Information Relevance Communication for Novices in Human-Al Cooperation

Our results can be condensed into two key points: first, actively introducing an error early on has a negative effect
on the correlation between one’s own confidence and the perceived traceability of the system. It is possible that this
early error perception strengthens the sense of agency or responsibility. With a better mental model of one’s own
influence on the result, confidence is less dependent on the understanding of the system. Previous studies have already
shown that better mental models in team situations can improve performance [33] and lead to a better understanding

of roles [44]. That is, users’ increase in confidence in fail-first condition may be related to the fact that they increasingly
13
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adapted the task to provide high quality diagnostic images and optimally perform the compression, resulting in an
improved human-Al collaboration.

Second, our study only constitutes a first exploration to address the communication of informational interdependence
in diagnostic tasks with Al to improve mental models. Based on our results, we propose to continue using this approach
in the future: in particular, when users’ mental models of information processing are incorrect, approaches like the
one we present can be followed. We argue that experiencing failure early on may weaken the relationship between
subjective information processing awareness and confidence. However, participants in this condition had the strongest
improvement in diagnostic quality. Hence, an early experience of system failure may lead to the impulse to better
understand one’s own role and constant performance improvement. Since novices are often even less able to monitor
and control the system themselves, this applies in particular to them as a target group.

Furthermore, we have systematically tried to identify gaps in information processing by defining which information
is available exclusively to a partner, human, or Al This allowed us to select information for which the system cannot
monitor the quality provided by the human. This can lead to a first-failure effect [32] in the real-world use of systems
that still work well in training. To counter this effect, users are actively instructed to provoke a failure. This can dampen
potential first-failure effects. In general, we suggest identifying informational interdependencies and considering them

as seams when designing the system and training,.

5.2 Contribution to XAl in Medical Systems

Legal frameworks, such as the EU AT Act [54] or ethical requirements for the transparency of Al systems [36], could
lead to increased use of XAI methods in medical diagnostic systems in the future. In the sense of human-centered
development of Al systems [50], however, it should always be defined what effect explanations should have and how
the higher controllability or transparency of the systems should be ensured. In studies on human-centered XAI systems,
variables of automation-related user experience are regularly used (e.g., [34, 41, 43]). We also integrated these into the
present study with perceived trustworthiness, SIPA, and usefulness, but could not determine any differences.

The lack of correlation between automation-related user experience and performance has already been shown
by existing studies [10, 45] and can be described as the illusion of explanatory depth [11]. In this case, although the
automation-related user experience increases, the performance, e.g. in the prediction of the Al system, does not. In our
case, we see the opposite example: in the ‘fail first’ condition, performance increases, but perceived trustworthiness and
SIPA do not. Only perceived usefulness decreases in the fail-first condition. For the use of UX measurement instruments,
it should be clear that an increase in performance is not necessarily reflected in the UX experience.

At the same time, the present study sets a task for the development of XAI systems, since revealing informational
interdependence can be seen as a subgoal of human-centered Al systems. While only training measures were examined
as an intervention in the present example, technical solutions could also be considered. For example, a simulation could
be used to show how information exclusively available to the user affects system performance. Overall, explanations
based on interdependency should be pursued as a goal of XAI approaches and should be increasingly designed for

integrated information processing.

5.3 Limitations & Future Work

When considering our results, it is important to account for the characteristics of the sample, particularly that the
participants were novices. For more experienced individuals, the impact of informational interdependence may be

reduced due to their advanced skills and familiarity with the specific diagnostic process [52]. This suggests that the
14
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findings might not generalize well to expert populations. To address this, future research should include participants
with varying levels of expertise to explore whether experience moderates the effects of informational interdependence
on diagnostic performance and user experience.

Additionally, our study’s task involved a high degree of interconnected and sequential information processing
between humans and Al, which is not typically representative of all diagnostic processes. In fields such as radiology
or MR, the acquisition and analysis of information are often more distinct and separated, making the emphasis on
interdependencies potentially less applicable. Future studies should examine the role of informational interdependence
in a wider array of diagnostic contexts, including those with more discrete stages of human and Al involvement, to
assess the broader relevance and applicability of our approach.

Another limitation is the variability in the baseline knowledge and skills of participants, which could have influenced
the results. This variability suggests that a replication of the study with more standardized baseline conditions would
be valuable to confirm the robustness of the findings. Moreover, exploring interventions that can account for or adapt
to individual differences in initial skill levels may help tailor instructional strategies to better support users across a
range of competencies.

Future research should also explore alternative methods for enhancing user understanding of informational interde-
pendence beyond instructional interventions. For example, implementing interactive tools or simulations that visually
represent the flow and impact of human-specific information on Al decision-making could provide deeper insights and
foster more effective human-AI cooperation. Additionally, studies could investigate the potential of real-time feedback
mechanisms that adapt to user performance and highlight interdependencies dynamically, thereby enhancing learning
and system transparency.

Finally, it is crucial to consider how these findings translate into practical applications within the design of human-AI
systems, particularly in medical diagnostics. While our study focused on novice users and specific task designs, future
work should examine how these concepts can be integrated into the development of Al systems that support both novice
and expert users. This could involve designing Al systems that not only explain their reasoning but also actively involve
users in the decision-making process by highlighting their unique contributions, thereby reinforcing the collaborative

nature of human-AlI partnerships.

6 CONCLUSION

In this study, we set out to examine how novice users of Al-based DSS in diagnosis can be supported by instruction
reflecting interdependencies in Human-AlI collaboration. By designing an experiment that emphasized the informational
interdependence between human actions and Al outputs, we demonstrated the pivotal role that early encounters with
system limitations and failures can play in fostering a deeper understanding of system dynamics. Our approach involved
to understand which gaps between users self-concept of information processing and their role in a shared information
processing between human and Al needs to be highlighted. Here, we utilized seamful design to develop instructions
revealing how user action may lead to system failure. In an experiment, we demonstrated how instruction can affect
diagnostic quality in Al-based DSS systems, even though automation-related UX was largely unaffected. All in all, our
research emphasizes designers to design for informational interdependence between human actions and Al outputs and

offers a promising alternative to traditional explanatory frameworks used in XAIL
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8 General Discussion

8.1 Summary of Results

The objective of the present dissertation was to examine how the information
displayed by an Al system in diagnostic tasks that integrate human and machine
information processing affects automation-related user experience and behavior. The
dissertation is structured around three empirical studies, each addressing different
aspects of interaction between human and Al and applying different methods of
empirical research (i.e., experimental study with users, structural modeling and

design of a paradigm to study HAI).

The first study examined the importance of automation-related user experience for the
intention to use automated digital contact tracing. The results highlight the critical
role of result diagnosticity — the ability of a system to help users distinguish between
different outcomes and make a decision about their next action. In addition, the
findings put forward a conceptualization of human-automation interaction grounded
in cybernetic control theory, where two loops of information processing - human and
machine - are integrated. The main conclusion of this study is that the quality of
integration of human and machine information processing is an important driver for

the intention to use automated systems.

In the second study, the relationship between information disclosure, intended to
provide transparency and users’ subjective information processing awareness as an
integral part of automation-related user experience was examined. The study found
that while SIPA wvalidly captured higher experiences of transparency, it did not
enhance users’ ability to predict system behavior. Moreover, increased information

disclosure did not lead to higher engagement (i.e., longer time spent interacting
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with the system). This suggests that simply providing more information may be
insufficient to improve users’ predictive capabilities or engagement levels which

contrasts their increased experience of transparency.

The third study introduced a new research paradigm for integrated information
processing, drawing on existing research frameworks in the field of explainable Al,
called Kandinsky patterns (Miiller & Holzinger, 2021). The results did not confirm
the presence of a question behavior effect, where the act of assessment itself influences
behavior. However, the study revealed that instructed reliability — defined as a
measure of user confidence in the reliability of a system — significantly predicted
user behavior in diagnostic tasks involving shared information processing. This
finding emphasizes the importance of communicated system reliability in shaping

user reliance and interaction patterns.

The fourth study was able to demonstrate that instructions adressing the interdepen-
dency between humans and AI can have a positive effect on the use of Al systems.
In this study with novices in medicine, an improvement in performance was shown
when using an ultrasound-based Al diagnostic system with instruction reflecting the
human role in information processing. At the same time, it was also shown that the
relationship between SIPA and individuals’ action confidence could be altered by
information-related instructions. Overall, the findings of study 4 underline the need
to systematically examine human and machine roles in information processing and

to disclose them, e.g., in the context of instructions.

Overall, the empirical results of this research underscore the necessity of focusing
on human information processing tasks and theoretical work on how explanations
influence human information processing. The findings indicate that XAl research
must be grounded in a model of integrated information processing that can directly
inform design, linking specific design features to their effects on information processing
but also allowing to examine users’ action regulation when interacting with intelligent

systems.

By exploring these dynamics, the empirical research presented as part of this disser-
tation contributes to the development of human-centered Al systems that are not

only technically proficient and have the potential to explain their decisions but are
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also aligned with the psychological needs of their users, thereby enhancing usability

and automation-related user experience.

Based on the results of the studies and the state of the relevant literature at the
time this dissertation was written, the following points will be addressed in more
detail in the discussion: (1) the importance of the diagnosticity of information
(e.g., an explanation) and the perception of diagnosticity should be central to the
design of explanations and require an understanding of human information processing
in automation contexts. (2) The integration of human and machine information
processing can be supported, e.g., by explanations or interactions. A model of
integrated information processing can support interdisciplinary research from HCI,
engineering psychology, and Al. (3) The discrepancy between human experience, the
associated self-rated user experience, and the observation of (performance-related)
behavior poses a risk for the use of XAl systems, as users might be led to act under
wrong impressions (i.e., about their ability to effectively control and interact with
an XAI system). Since explanations can potentially enhance the risk of information
overload, it is necessary to investigate the effect of explanations under different levels

of available cognitive resources.

8.2 The Underestimated Role of Diagnosticity

The aim of a diagnosis - and therefore the aim of diagnostic tasks - is to select a
correct hypothesis (e.g., identify a disease, select a strategy, or localize a fault). This
means that information is used to assess the probability of a hypothesis being correct
(see Wickens and Scott, 1983). Diagnosticity describes the extent to which evidence
changes the relative probabilities of different hypotheses. It can be expressed as
a likelihood ratio (Nelson, 2005). At the beginning of this dissertation, the term
diagnosticity (and in particular perceived diagnosticity) was still little associated with
XAI, as the negative effects of XAI only became better known through corresponding
publications. The focus on diagnosticity as a benchmarking variable in XAl systems
thus represents a central theoretical contribution of this work. Since diagnosticity is
discussed in all studies that are part of this dissertation, this concept is discussed

more intensively in this section.
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In medical diagnosis, diagnosticity plays a crucial role. For instance, when diagnosing
whether a patient has the flu or a common cold, a doctor might ask, 'Do you have a
fever?” Suppose that among 100 patients with the flu, 80 have a fever, while only 10
out of 100 patients with a common cold have a fever. This high diagnosticity means
that the presence of a fever significantly increases the likelihood of the flu compared
to the common cold. The likelihood ratio in this scenario would demonstrate how
much this evidence shifts the relative probabilities of the two hypotheses. In the
first study presented in this dissertation, users expressed the desire for more detailed
information about potential contacts during a pandemic, i.e., whether they wore a
mask or not. That is, they needed the contact tracing to present information with

higher diagnosticity.

Diagnosticity is fundamentally about how evidence affects the probabilities of different
hypotheses. In the previous example, the presence of a fever shifts the probability
towards the flu hypothesis and away from the common cold hypothesis. This shift
helps in making a more informed decision and potentially affects confidence in a
positive way. From a psychological perspective, diagnosticity is important because it
helps in selecting an action, that is, it is integral for a successful output function.
If a symptom significantly favors one hypothesis over another, it guides, e.g., a
healthcare professional towards a specific diagnosis and subsequent treatment, rather
than leaving the probabilities of both hypotheses close to each other, which would

result in uncertainty and indecision.

As diagnosticity as a term is not used often in the discussion of XAI so far (e.g., key
works like T. Miller, 2019 or Shneiderman, 2020a do not discuss it), it is important to
distinguish it from close concepts discussed in the literature, e.g., information value,
as they may seem to be almost the same but affect HAI differently. Information
value is connected to the general concept of entropy. Entropy, in the context of
diagnostic decisions and information, represents uncertainty. For instance, asking
about fever is in general a valuable question because it is related to many diseases
and can significantly reduce uncertainty. In contrast, asking about a symptom like
‘the presence of a specific skin rash’” might help distinguish between two specific
diseases, such as measles and rubella, but is otherwise less informative and doesn’t

generally reduce overall entropy in a diagnostic context.
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Thus, whether to focus on information gain or entropy in comparison to diagnosticity
might be context-dependent. In scenarios with a wide range of possible diagnoses,
reducing overall entropy (information gain) might be more effective for a user’s task.
However, in more targeted diagnostic tasks where the goal is to distinguish between a
few specific hypotheses, diagnosticity might be favored. The integration of diagnostic
tasks into standard operating procedures or diagnostic processes allows for the
prioritization of information gain or diagnosticity based on the number of available
hypotheses. For instance, in a setting where quick and accurate differentiation
between a few common hypotheses is needed, diagnosticity can streamline the
decision-making process and is therefore what Al systems should support when

presenting information.

As already discussed with SIPA in the present dissertation (and discussed in the
concept of the illusion of explanatory depth, Chromik et al., 2021), there can be a
difference between perceived diagnosticity and actual diagnosticity. This means that
the degree to which information changes the relative probability of two hypotheses
is underestimated or overestimated (cf. definition from Nelson, 2005). This can
be the case, e.g., if information with a high information gain, regardless of the
specific hypotheses, is assessed. Let’s assume that a distinction needs to be made
between a COVID-19 infection and the flu: in this case, information about fever
does not represent information with a high diagnostic value, although fever is general
information that can result in a high information gain when diagnosing illnesses. E.g
a so-called pseudo-diagnostic decision can arise in which people select diagnostically
worthless data in an opinion revision task and then to make a judgment based on those
data (Kern & Doherty, 1982). Similar to the illusion of explanatory depth, this can
lead to (critical) misjudgments of one’s own performance and in the evaluation of the
system. In particular, results from the second study of this dissertation demonstrate
that users’ perception of a system can significantly differ, but their ability to predict
system information processing does not increase. According to Speith et al. (2024)
who argue that understanding is expressed in a user’s abilities, it is important to
distinguish between users’ perception and understanding of diagnosticity, and their

ability to utilize diagnostic information.

Although diagnosticity is a central characteristic of information in a diagnostic task,
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the diagnosticity of information provided by an Al system cannot be equated with
the usefulness of the system. As already described in Section 2.3.2, the usefulness
of a person also includes other goals that depend on the specific task. For instance,
if one assumes that a certain diagnosis made by a physician can be treated by the
person in their own practice, but another diagnosis means a (potentially tedious)
journey to another practice for the patient. A system can support the weighing-up
process by displaying the potential consequences of decisions and thus being useful
in the task - at the same time, the diagnostic task is not influenced by this. Thus,

diagnosticity contributes to a system’s usefulness.

In the third study of this dissertation, the diagnosticity of the system was not analyzed
as a variable. However, the exploratory analysis indicated that the instructed
reliability may be relevant information in determining the choice of action of the
individuals. Due to the lack of integration of machine and human information
processing in this study, participants used task-independent information (e.g., on
the reliability of the system) to regulate their own behavior. This raises the question
of what information persons use to select actions in a human-Al interaction when
no diagnostic information is provided by the system. In their work, Bartlett and
McCarley (2017) describe various strategies that people can select to solve a task
(in the discussed study, deciding which color is prevalent in a visual stimulus). One
problematic strategy is probability matching, in which the reliability of the Al system
is used to adjust one’s own frequency of agreement. Other strategies, e.g., optimal
weighing strategy, require better diagnostics of the systems in my view. Overall, this
means that the sub-optimal action regulation in the result of study 3 could also be

attributed to the lack of diagnosticity of the implemented system.

The fourth study of this dissertation turns the idea of diagnosticity around to a
certain extent: the use of seamful design should reveal where a system (and its
performance) is particularly dependent on information from users. Within the study,
pressure during compression was identified as a variable, i.e. human information that
modifies the diagnosticity of the image evaluated by the machine. Diagnosticity was
not manipulated here, but rather the assumptions under which diagnostic information
can be incorrectly assessed were shown. For the Al system, the remaining volume

of the vessel on the ultrasound image has high diagnostic accuracy - assuming that
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enough pressure has been applied. Maintaining the diagnosticity of information
provided for in the process is therefore a central component in the investigation of

informational interdependence.

In summary, when discussing diagnostic tasks, assessing the diagnosticity of infor-
mation provided by machines for humans is essential when humans are responsible
for a diagnostic decision. Accordingly, diagnosticity is a highly relevant construct
referred to in all studies presented within this dissertation and discussed across all

research objectives.

8.3 Integrated Human-Al Information Processing

for Action Regulation

In chapter 2 multiple evolving perspectives on the interaction between humans and
Al were presented and the topic of explainable Al as well as metrics of XAI were
introduced. However, as discussed in the studies included in this dissertation, a
theoretical framework to study the effects of XAl and guide the design of XAI is
necessary. The first approaches in this direction have already been discussed: e.g.,
Yang et al. (2022) discuss theoretical foundation of explanation based on similarity
with human explanation. The authors conclude that human users process and utilize
a machine-based explanation in reference to a potential explanation they would expect
from a person. While this approach can support understanding users’ reactions to
explanations, it does not specifically help to guide the design and evaluation of HAI.
That is, the discussed research is focused on understanding humans’ reception of
explanations but does not aim to provide a theoretical contribution that addresses
both, machine and human processes. In general, previous research demonstrated
well how humans generate explanations (e.g., Baehrens et al., 2010; Chin-Parker and
Bradner, 2010; Malle, 2022) and how cognitive processes of humans can be emulated
to produce effective explanations (see Wilkenfeld and Lombrozo, 2015). However, to
the best of my knowledge, no models exist to describe how and when explanations
can affect human information processing while using an Al system (in contrast to

studies examining the effect of XAl on technical information processing, e.g., Bell
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et al., 2022). It is not necessary - and also not the aim of this dissertation - that
all approaches labeled as XAI can be covered by such a model. Rather, a model of
integrated information processing should support the assessment of XAI’s impact on

integrated information processing.

All three of the studies conducted as part of this dissertation had one disadvantage for
the participants - the results or explanations displayed were not interactive. In Study
1 and 2 in particular, participants criticized the fact that no interaction allowed
them to evaluate their own assumptions or hypotheses based on the system outputs.
For example, while the information processing model depicted in Study 1 already
connects human and machine information processing, it does not conceptualize
possible interactions within the information processing. However, in their review,
Bertrand et al. (2023) found that interactive explanations are perceived as more useful
and may lead to better performance compared to non-interactive explanations but
also possibly increase the demand for users’ resources (e.g., time spent to understand
the interactive explanation). Our results in study 4 also demonstrated that interactive
approaches to improve users’ understanding of a system may be beneficial in terms of
performance. That is, a model of integrated information processing must describe the
interaction between human and Al and its influence on shared information processing

and informational interdependence.

An integrated approach to human and machine information processing offers sig-
nificant advantages for experimental research on Al systems. Artificial cognition
(see Ritter et al., 2017), a concept derived from applying experimental psychology
paradigms to Al, emphasizes the necessity of understanding Al behavior through the
same rigorous methods used in human cognitive research. By doing so, Al research
can bridge the gap between XAl and empirical research, ensuring that the results

meet the stringent requirements of causal argumentation (see T. Miller, 2019).

Artificial cognition (J. E. T. Taylor & Taylor, 2021) involves using psychological
theories and methodologies to interpret and predict Al behavior, making Al systems
more transparent and trustworthy. This approach helps in validating Al decisions
through empirical studies that mimic human cognitive processes. For instance, when
Al systems are exposed to similar experimental conditions as human participants, it

becomes easier to draw parallels and understand the underlying mechanisms driving
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AT decisions (see Ritter et al., 2017).

In the following - in view of research objective 5 - a conceptual model of the integrated
information processing (the Integrated Information Processing Model, IIP) of humans
and automated systems is presented. This model combines both the existing model
of information processing by Parasuraman et al. (2000) and models of human action
regulation by, e.g., Carver and Scheier (2000). In addition, it takes into account

results on human-Al interaction from the field of explainable Al It is shown in Fig.
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Figure 8.1: The conceptual model of integrated information processing

8.3.1 Integration of Automated Information Processing in

Diagnosis

The basic structure of the model is based on the cybernetic control of human and
machine actions in the context of information processing. Cybernetic control loops, as
articulated by Carver and Scheier (2000), are fundamental mechanisms in behavioral
self-regulation. These loops consist of four core components: the input function
(perception), the reference value (goal), the comparator, and the output function

(behavior). The comparator continuously assesses the input against the reference
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value, triggering adjustments in the output function when discrepancies are detected.
Two primary types of feedback loops are identified: negative feedback loops, which
aim to reduce discrepancies between input and reference, and positive feedback loops,

which work to increase discrepancies from a negative reference point.

Based on Carver and Scheier (2000), the concept of behavior is not merely a sequence
of actions; rather, it is a dynamic process of maintaining alignment with goals
through constant adjustments based on feedback and updated information from the
environment. This feedback mechanism is of critical importance for both achieving
desired outcomes and avoiding undesired states. The nested structure of cybernetic
control loops allows for complex, multi-layered regulation, whereby higher-level goals
set the standards for lower-level behaviors. Thereby nested control loops create a
hierarchical system of control (Carver & Scheier, 2000). From my point of view, an
understanding of the structure of cybernetic control is fundamental to grasping the
manner in which human and AT systems interact and regulate actions within a shared
information processing task. Consequently, cybernetic control is addressed in studies
1 and 2 of the present dissertation. The following section will elaborate on how this

framework supports integrated information processing in dynamic environments.

The selection of this basic structure of cybernetic control takes into account the
fact that integrated information processing is not a single, sequential process, but
a circular regulatory process of actions towards a goal. For instance, a diagnosis
found can become obsolete due to changes in the environment (e.g., new, available
data) requiring the process to be repeated. It is also crucial to monitor processes,
as conditions can change due to external factors that are unrelated to the initial
information processing. For instance, in the context of diabetes management as
described in study 2, the constant monitoring of glucose levels in diabetes can be
affected by external variables such as illness and fever. This illustrates the necessity
of continuously integrate external factors (i.e., that are introduced into the input
function only after a first diagnosis was made and reactions were observed) into the

information processing cycle.

Furthermore, Carver and Scheier (2000) posits that cybernetic control loops are
nested within each other. This implies, for instance, that there is a higher-level

loop that is concerned with maintaining overall health, with nested loops that are
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dedicated to obtaining specific information about one’s health status. This nesting
also permits us to examine the interactive components of integrated information
processing. For instance, the exchange of information between humans and machines
can be described in a separate loop that is on another level of action regulation
compared to the overall information processing. The nested loops for input, reference

and output functions are an indispensable component of this model.

Lastly, the cybernetic action regulation model may incorporate the information
processing model proposed by Parasuraman and colleagues in the context of diagnostic
procedures. The initial three phases of the information processing cycle can be
situated within the context of action regulation. The initial stage is the acquisition
of information (stage 1), which is addressed by the machine or human input function.
Subsequently, the information is subjected to analysis, whereby the reference function
is compared with the input function. The selection of a decision (stage 3) can be
described in the context of the output function, whereby a decision is selected. In the
event that a direct action is also linked to the diagnosis, the action implementation

(stage 4) is also addressed as part of the output function.

The model also diverges from existing action regulation models at the highest level,
as it incorporates both machine and human entities into the input reference and
output functions. Previous models were focused on one actor - the human - while
the ITP model is specifically designed to allow the integration of both entities. While
there can be more than two entities in general, the model assumes the presence of
at least one human and one machine entity. The relationship between these two
entities gives rise to three distinct qualities of integrated information processing: (1)
input adequacy, (2) reference consonance, and (3) output diagnosticity. The relative
priority of these three information processing qualities may vary depending on the
task and individual. To illustrate, a higher level of input adequacy may be necessary
for high-risk tasks in the medical field than compared to recommender systems (see
also the description of ’individual standards’ in the TRaM model by Schlicker et al.,
2022.

The three qualities of integrated information processing are described below, and
information processing is illustrated using two examples. A general definition of each

quality will be provided, along with an overview of how it relates to the machine and
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human states within the information processing. In the context of machine-based
processing, the term ’estimated’ is used prior to the description of the machine
perspective. In contrast, the human perspective is indicated by the term "perceived’.
Subsequently, an examination is conducted of how explanations are (or can be)

related to information processing qualities.

8.3.2 Input Adequacy

The first information processing quality concerns the input function or an integrated
information acquisition process. 'Input’, on the one hand, includes information that
a human actor can possess: e.g., how much pain a person is currently experiencing
or how much food they have consumed. All information a human is aware of and
that is relevant for the given information processing task, e.g., making a diagnosis, is
considered part of human information. On the other hand, there is machine data
that is available to the automated system, e.g., X-ray images or a current glucose
value. For better differentiation, a distinction is made in the model between human
information and machine data. The available machine data and human information
represent the overall input for information processing, which means that anything
that is not part of the human information or machine data is not processed. It is
therefore possible, for example, that the input is not sufficient to make a diagnosis,
e.g., if there are no values for fever in a medical diagnosis. Furthermore, data could
be outdated (e.g., no current glucose value) or not precise enough (e.g., only the
indication of whether food was eaten instead of an exact amount of nutrients). All
these factors could lead to the input being not adequate for the information processing
task. In the fourth study of the present dissertation, informational interdependence
could lead to inadequate input, as the system was not able to register how much
pressure a user applied in a diagnostic examination. Additionally, the user could not
communicate the amount of pressure to the system, which might led to insufficient

input adequacy.

In mathematics, for example, adequacy describes the state of a model to be suitable for
a given objective: Adequacy can be used to describe the state of a set of information

that is sufficient to allow a conclusion (Tedeschi, 2006). In light of mathematical
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description of adequacy, input adequacy as information processing quality
is defined: ’Input adequacy in integrated information processing exists
when both entities have in total a sufficient amount of sufficiently correct
information to process the task’. Accordingly, perceived input adequacy describes
the human 'perception of the extent of the sufficiency of information in terms of
completeness and correctness for all entities within the information processing’. In
turn, machines may calculate an Estimated Input Adequacy, which is the ’calculation
of the extent of the sufficiency of information in terms of completeness and correctness

for all entities within the information processing’.
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Figure 8.2: Nested loop of human action regulation to reach preferred level of input
adequacy

This definition implies that both human and machine may conclude that input
adequacy is insufficient, making further action necessary (reflected also in the idea
of information asymmetry, see Hemmer et al., 2022). Fig. 8.2 shows the nested loop
of input adequacy, in which a comparison is made with the preferred level of input
adequacy on the basis of the available information. In the event of deviations, an
output can be generated to increase the input adequacy. For example, the input
adequacy could be below the human’s preferred level because the system does not
have the necessary information, e.g., the current glucose value. To correct this, the
human could add this information, if possible. Table 8.1 shows examples of different

situations with a non-preferred level of information adequacy.
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Table 8.1: Examples of low levels of input adequacy with examples from the context
of AID systems (referring to study 2)

Perceiving Target to Improve Control Action Example
Entity Input Adequacy
Human Human Information Request data from machine, Human does not know the current level of
acquire information insulin to calculate insulin demand and requests
current insulin level from insulin pump
Machine Data Correct, delete or extend machine  AID system has no information about meals,
data, request update from system  human communicates amount of carbohydrates
Machine Human Information Communicate data to human, AID systems informs human user about long
provide human with list of period of high glucose levels, which were
required information previously undetected
Machine Data Update data / validate sensory AID system requests information about physical

input, request input from human activity before correcting high glucose levels

Once the preferred level of input adequacy has been reached, the person or system

does not take any further action to increase the input adequacy.

8.3.3 Reference Consonance

The second quality of ITP concerns the reference function or an integrated information
analysis process (i.e., the reference function and the comparator). In the context of
simple cybernetic control, the reference function consists of a reference value that
is compared with the actual value obtained in the input function (see Carver and
Scheier, 2000). In the context of automated information processing, the reference
function describes more than a target value: it contains all processes and target
values used to analyze the input information. This may be but is not excluded to
specific target values (e.g., a specific glucose value), a processing logic (e.g., if-then
rules as to whether or not insulin injection is necessary), or a neural network, that
processes glucose values. Hence, the reference function consists of objectives and
procedures, while the input function contains data and information. In humans,
this is conceptually described as a cognitive frame, i.e., ’an explanatory structure
that delines entities by describing their relationship to other entities’ (see Klein
et al., 2007, p. 118). A cognitive frame consists of both goals and cognitive processes
for interpreting data. In the context of information analysis, the cognitive frame
serves to process the information from the input function and render it available to

the output function. Part of a cognitive frame can be, for example, a target value

171



for controlling the glucose value or a heuristic for estimating the carbohydrates in
a meal. In comparison, in the integrated information processing model the term
algorithm for machine systems is used. The term ’algorithm’ describes a predefined
set of rules that are followed to solve a task’ (see “Algorithm Noun - Definition,
Pictures, Pronunciation and Usage Notes | Oxford Advanced Learner’s Dictionary at
OxfordLearnersDictionaries.Com”, 2024). In this model, this also includes predefined
values (e.g., target values from when an AID system stops the insulin supply which
represents an internal system logic). Additionally, an algorithm can consist of a
complex model (e.g., in the case of language models) or simpler procedures (e.g., a

series of logical rules for evaluating a situation).

In the first study presented in this dissertation, the similarity between algorithm
and cognitive frame was described as goal congruence, i.e., whether a digital contact
tracing was perceived as sharing the same goals and using it was beneficial for one’s
own goals. Comparable concepts exist in the literature on trust in Al, e.g., as goal
alignment by Chiou and Lee (2023) or when looking at an Al system’s purpose
(Benda et al., 2021). In the context of the ITP model presented in this dissertation,
I have decided to use the term reference consonance instead. The term reference
reflects the complexity of an algorithm or cognitive frame better than the term
goal, as a cognitive frame can include methods in addition to goals (see Klein et al.,
2007). The conceptualization as consonance instead of congruence is intended to
avoid the impression that the goals and processes of humans and machines must
be identical. For example, target values can be represented differently in humans
and machines (e.g., a fixed glucose value in mg/dl or a target range in mmol/1) or
different processes can be used for the same goal (e.g., a rule-based method and a
deep neural network). Based on this information, it could be concluded that there is
a lower congruence, although this information processing quality would be fulfilled.
The conceptualization as consonance makes it clear that even different descriptions of
a reference do not necessarily stand in the way of integrated information processing.
However, the different representations of the reference function in machine and
human may represent an obstacle to integration if, for example, the human cannot

interpret whether the algorithm and cognitive frame are in consonance or not.

Therefore, reference consonance is defined as follows: ’Reference conso-

172



nance in integrated information processing exists when the objectives and
processes used to achieve those objectives by one entity do not contradict
the objectives and processes of another entity’. Accordingly, perceived ref-
erence consonance describes human 'perception of the extent to which a machine’s
algorithm does not contradict their cognitive frame’. On the other hand, machines
may calculate 'an estimation of the extent to which a human’s cognitive frame is

free of contradictions to the machine’s algorithm’.
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Figure 8.3: Nested loop of human action regulation to reach preferred level of reference
consonance

This definition implies that humans and machines can each recognize and respond
to a level of reference consonance that diverges from their preferred level. Fig. 8.3
shows the nested loop of the reference consonance, in which a comparison is made
with the preferred level of the reference consonance based on knowledge of the other
entity’s cognitive framework or algorithm. In the event of deviations, a reaction can
be generated to correct the reference consonance level. For example, the reference
consonance could be lower than the human’s preferred level because the system uses
information that violates ethical considerations, e.g., medical treatment based on
insurance status. To correct this, the human could adapt the machine’s algorithm.
Table 8.2 shows examples of different situations with a non-preferred level of reference

consonance.

For the human-centered development of Al systems (and HCXAT in particular), the
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Table 8.2: Examples of low levels of reference consonance with examples from the
context of AID systems (referring to study 2)

Perceiving  Target to enhance Control Action (Examples) Example
Entity Reference consonance
Human Human Cognitive Frame Reflect / adopt cognitive Human modifies calculation for insulin demand
frame
Machine Algorithm Adapt algorithm (re-training, Human changes insulin ratio for insulin units / gr
weight adaption) carbohydrates in AID calculation of insulin demand
Machine Human Cognitive Frame Automatic Feedback, Denial ~ AID system prevents users from dosing too high levels
messages of insulin and presents reasons (why this conflicts with
the machine algorithm)
Machine Algorithm Adoption of algorithm After multiple corrections of human user, AID system
based on human reactions recalculates insulin ratio used to correct high levels
of glucose

ability for humans to determine and correct reference consonance is central.

8.3.4 Output Diagnosticity

The third information processing quality concerns the output of information process-
ing, whereby this initially represents a decision (decision selection) and possibly an
action (action implementation). Since the focus of the model is on diagnostic tasks,
the implementation of the action (e.g., injecting insulin or pumping insulin into the
body) is not described in detail. As depicted at the beginning of this dissertation,
making a (diagnostic) decision is based on the formulation and testing of hypothe-
ses. The result of the output function thus represents a tested hypothesis that is
considered to be the most accurate. Hypotheses can be, for example, statements
about the state of health (e.g., which illness a person has), but also which actions
best support existing goals (e.g., which dosage of a medication is the right one).
What a hypothesis refers to is therefore closely related to the associated information
processing task. In the integrated information processing model presented here, it is
assumed that the human output function contains a finite number of hypotheses and
that a successfully performed output function is an assessment of these hypotheses
(in the sense of a decision in favor of the most appropriate hypothesis and as a basis
for possible actions). With the definition of a hypothesis as the result of information
processing, human action regulation in the sense of information processing in the
frame of the present model is complete. On the other hand, there is the machine out-

put, which is described as inference in the model of integrated information processing.
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The inference is created by applying the algorithm (from the reference function)
to the content of the input function in the comparator (see Carver and Scheier,
2000). The inference can then be represented visually or verbally, for example, or (in
systems with a high level of automation) can also be used directly for the automatic

implementation of an action.

The connection between machine inference and human hypotheses lies in the concept
of diagnosticity already discussed above. The quality of the integration of human
and machine information processing depends on the extent to which the machine-
generated inference is diagnostic for the human hypotheses and the extent to which
the human creation and evaluation of hypotheses contributes to the machine inference.
In other words, this means that there is high output diagnosticity if the relative
probabilities of the human hypotheses are changed by the machine-generated inference.
For example, the information that the system predicts a drop in blood glucose levels
may be sufficiently diagnostic for a person to decide not to inject insulin. The output
diagnosticity also depends on the communication of the information, i.e., the extent
to which the person can interpret the inference in connection with the hypothesis.
That is, varying levels of aggregation and modalities may be represented by different
(visual) approaches to communicate inference. For example, the inference of the
system (falling glucose level) can be communicated by a downward pointing arrow, a

verbal statement or a predicted value.

At the same time, the successful output of integrated information processing also
depends on the hypotheses put forward by humans. If the correct hypothesis is
not among the hypotheses put forward by the human for testing, the diagnostic
accuracy of machine inference may be lower than when evaluating correct hypotheses.
For example, when making a diagnosis, the system could provide information on
whether a person has an unusually high fever. However, if the person (incorrectly)
only considers hypotheses in which fever has no significance, the inference has no
diagnostic effect. This process can also be reversed if a machine system only allows a
(too small) set of results and human communication cannot be related to it. Support
in finding alternative hypotheses (also referred to as option awareness, Pfaff et al.,
2013) can improve the diagnosticity of information in the context of interaction with

another entity.
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In general, output diagnosticity is defined as follows: ’Output diagnosticity
in integrated information processing exists when the inference communi-
cated by an entity has sufficient information value to change the relative
probabilities of the possible outcomes of the information processing task’.
Accordingly, perceived diagnosticity describes ’the extent to which information pre-
sented by the machine changes the relative probabilities of existing hypotheses’. In
contrast, estimated diagnosticity describes 'the calculated extent to which informa-
tion that can be communicated to the human can change the relative probabilities

of hypotheses currently evaluated by the human’.
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Figure 8.4: Nested loop of human action regulation to reach preferred level of output
diagnosticity

This definition emphasizes the need for machine systems to know (or at least be
able to estimate) the hypotheses investigated by humans in order to effectively
integrate information processing in the output function. Fig. 8.4 shows the nested
loop of output diagnosticity, in which the preferred distribution of probabilities
is compared to the one achieved within the integrated information processing. In
the event of deviations, further hypotheses or communication of inference may be
generated. In order to do so, machines require human-awareness (Kambhampati,
2020), which is explained below and discussed in the context of empirical studies. At
the same time, however, the given definition of output diagnosticity also points to

the need for humans to generate and evaluate hypotheses. Uncalibrated reliance on
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Table 8.3: Examples of low levels of output diagnosticity with examples from the
context of AID systems (referring to study 2)

Perceiving  Target to improve Control Action (Examples) Example
Entity output diagnosticity
Human Human Hypotheses  Generate new hypotheses, adopt Human considers not only insulin injection but
hypotheses so inference is applicable also food intake as possible outcome for glucose
development
Machine Inference Search machine inference, modify Human requests machine prediction on different
inference, request additional amounts of insulin injection, enables predicted
inference details glucose trajectory as visual stimulus
Machine Human Hypotheses  Suggestion of additional hypotheses AID systems suggests adoption of meal time as
(i-e., increasing option awareness) possible outcome of diabetes therapy review
instead of adopting insulin injections
Machine Inference Requesting human hypotheses, AID system requests which period of time is
adoption of inference and inference  concerned in hypothesis and renders glucose
communication level prediction accordingly

AT systems (see Lee and See, 2004), where no engagement with the information to
be analyzed has taken place, could be a negative effect of people not forming their
own hypotheses (and not using their own information for evaluation). It also follows
from the definition that the human impact in the output function can be improved
if they are able to form effective hypotheses for the specific task. For example, in
the medical process, experts are better at generating and testing hypotheses (P. E.
Johnson et al., 1981), while novices in particular can benefit from Al systems as it
exceeds their competences (Shen et al., 2019) - further research into how people form
and test hypotheses in integrated information processing is needed. Accordingly,
how the design of an Al system affects the development and testing of hypotheses
(depending on expertise) is a central component of effective systems. Table 8.3 shows

examples of different situations with a non-preferred level of output diagnosticity.

8.3.5 Adequacy, Consonance & Diagnosticity as determinants

of automation-related UX

A central assumption in the model of integrated information processing is that the
automation-related UX depends on how close to the preferred levels the respective
information processing quality is (or is perceived to be). Although the model does
not aim to describe processes related to the development of user experience, e.g., the

development of perceived trustworthiness (see Schlicker et al., 2022), assumptions
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can be made about the effects of system design. For example, a language model could
be too complex to recognize reference consonances, resulting in a lower perceived
trustworthiness. In the case of an AID system, for example, the possibility of
correcting an automatically determined glucose value could be missing. This reduces
the perceived input adequacy and thus the perceived usefulness of the system. The
positive effects attributed to explanations could also be based on the relationships
described in the model: for example, it has been shown that giving reasons for
the recommendation of a model can have a positive effect on the acceptance of
the recommendation (Shin, 2021). This could be due to the fact that this type of
explanation can influence all three information processing qualities compared to a
baseline. In the study by Cramer et al. (2008), the explanation reveals, for instance,
what information a system has about a recommended artwork (input adequacy),
which user profile of interests is used for evaluation (reference consonance), and which
aspects of an artwork led to the recommendation (output diagnosticity). In the fourth
study of this dissertation, we tried to improve users’ ability to recognize the effects of
interdependence on integrated information processing and could demonstrate positive

effects on diagnostic quality.

At the same time, however, there are factors that are part of the human task, but
not directly of the model: for example, there may be a high time pressure, whereby
the perceived usefulness of a system depends more on the aggregation of information
(see feedback given from participants in a study from Evans et al., 2022) than on
the output diagnosticity. Similarly, the risk associated with a missing diagnosis
plays an important role in vulnerability and thus the development of trust in the
human entity (see Hoesterey and Onnasch, 2023; Jacovi et al., 2021). While these
meta-factors (as they affect information processing but are not part of it) are not
represented in the model of integrated information processing, the effect is described
indirectly: via the preferred levels of information processing qualities. For instance,
when determining the appropriate portion size for a meal for a person with diabetes
who is not at risk of hypoglycemia, a lower input adequacy may be deemed sufficient
than when there is a risk of hypoglycemia. In this case, for example, an outdated
glucose value would not result in any action by the person to correct it. However, in
the case of an urgent decision regarding the dosage of glucose to be taken in case of

hypoglycemia, the simple recommendation of a system may be judged as sufficiently
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diagnostic. Conversely, in calm situations, for example, the prediction of glucose

progression may be preferred by users.

The development of the SIPA scale represents a central contribution of the present
study in the area of the survey of automation-related UX. To what extent can the
SIPA scale be used to analyze the qualities of IIP described in the conceptual model?
Firstly, it can be stated that the SIPA scale does indeed contain three different
facets based on the empirical evidence to date: transparency, understandability and
predictability (see Schrills, Zoubir, et al., 2021). Analogous to the concept of situation
awareness, there is also a hierarchy between the three levels of situation awareness,
which means that perceived transparency is higher than perceived predictability (see
e.g., Schrills and Franke, 2023). In general, it can be concluded that the use of the
SIPA scale for the assessment of automation-related UX fulfills the requirements set
out at the beginning of this dissertation: it is suitable as an instrument for assessing
the psychological effects of explanations (on several facets) without investigating
the direct experience of the explanations, while it ties in theoretically with existing

concepts.

In my view, the three qualities of IIP defined in the previous section are also linked to
SIPA as a measure of automation-related UX. However, in my opinion, the three levels
of STPA cannot be directly transferred to the conceptual model of IIP. This means
that input adequacy cannot be equated with transparency. This is due to the fact
that input adequacy is, for example, a consequence of transparency, but also includes,
for example, the ability to correct data or for the AI system to request human
information. Consequently, the ability to correct data should not further improve
transparency but allow for improvement of input adequacy. Similarly, reference
consonance cannot be equated with understanding and predictability cannot be
equated with diagnosticity. At the same time, the results of Study 2, for example,
show that changes that should have a conceptual effect on input adequacy are also
reflected accordingly in the area of perceived transparency. Further empirical studies

should investigate how the qualities of IIP are related to SIPA.
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8.3.6 XAl for Perceived Input Adequacy

As described above, the effects of XAl can be structured on the basis of IIP qualities.
The following sections present examples of explanatory approaches and their impact

from the perspective of the IIP model on HAI

The information disclosure presented in the second study of this dissertation is an
example of an XAl approach in the area of input adequacy. Here, the information
that the AID system currently possesses was presented (e.g., the current glucose
value, the insulin currently acting in the body). There was no possibility of correcting
this (and it makes no sense, as these were vignettes and the human participants
were not able to acquire information independent from the experiment). As another
example D. Wang et al. (2019) conducted a study with an intelligent diagnostic
system. Based on a theory-driven development of medical decision support systems,
they showed a list of health parameters and the most current value of each parameter
to the participants. That is, the system communicates which features are actually
observed and currently used for analysis. On top of that, the ability to access this
information is also reflected by multiple items in the transparency check questionnaire
by Schelenz et al. (2024).

Another example is the design of conversational agents and approaches to make them
transparent for users. In the work on explainable conversational user interfaces by
Schrills, Schmid, et al. (2021), the presentation of recognized information, e.g., on
location, was presented as an example. The aim of this approach was to improve the
SIPA by displaying data relevant for information processing by the system. However,
this may require additional modalities or communication channels (as can be seen in
the example of the mentioned study through visual processing, i.e., recognized intents
were demonstrated on a visual screen and not communicated via voice). Study 4 also
indicates that instruction may support users in keeping high levels of input adequacy

by pointing to information interdependence and the need to correct machine data.

However, XAl approaches usually aim to enable users’ understanding which is more
than demonstrating unprocessed data of the system. That is, transparency is not
given by revealing massive amounts of data to a user but by allowing the user

to effectively evaluate input adequacy through interaction. Therefore, most XAl
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approaches do not (solely) fall into the category of input adequacy. Nevertheless,
guidelines on human-AlI interaction (e.g., Amershi et al., 2019) include requirements
for the ability to correct the system. One conclusion of this dissertation is therefore
that effective approaches for interactively checking and changing input adequacy
must be developed and integrated into systems. As large amounts of data can be
part of the input function, interdisciplinary cooperation between data visualization

and human factors is particularly necessary here.

All in all, revelation of input data, communication of system states and data processed
by the system relate essentially to XAl techniques that support the evaluation of input
adequacy. Future research should focus on developing strategies that allow systems
to effectively communicate machine data without causing information overload and

enable users to correct machine data in order to interactively raise input adequacy.

8.3.7 XAI for Perceived Reference Consonance

XAI approaches involve addressing low levels of perceived reference consonance,
which occurs when there is a misalignment between the AI’s algorithm and the
user’s cognitive frame. Various XAl techniques such as SHAP (Shapley Additive
Explanations, see H. Chen et al., 2021), Partial Dependence Plots (PDPs, see
Greenwell et al., 2018), permutation/shuffling methods, and rule-based systems play
significant roles in mitigating low levels of perceived reference consonance (in general,
refer to Molnar, 2022).

SHAP values, for example, are based on cooperative game theory and offer a robust
method to attribute the output of a model to its input features. SHAP values work
by assigning an importance value to each feature of a model based on the average
marginal contribution of that feature across all possible combinations of features.
SHAP ensures fair distribution by considering all possible subsets of features to
determine each feature’s contribution to the prediction. SHAP values provide both
local interpretability, explaining individual predictions, and global interpretability,
offering insights into the overall model behavior. Empirical studies have shown
that SHAP can effectively help users understand how individual features contribute

to a model’s predictions, thus aligning the AI’s decision-making process with user
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expectations and enhancing reference consonance. For instance, Lundberg et al.
(2019) demonstrated how SHAP values could make the contributions of each feature
in a complex medical diagnosis model comprehensible to clinicians, thereby improving
the perceived reference consonance between the model’s predictions and the clinicians’
expectations. By using SHAP values, the algorithm of more complex Al systems can
be compared with the user’s own cognitive frame and the use of the system can be
adapted accordingly. However, they are not interactive, i.e., this technique does not

allow the goals of the system to be changed.

Partial Dependence Plots are another frequently discussed XAl technique affecting the
detection of reference consonance. Partial Dependence Plots visualize the relationship
between a selected feature (or pair of features) and the predicted outcome of a machine
learning model, while averaging out the effects of all other features. This technique
helps in understanding the marginal effect of the chosen feature(s) on the prediction by
showing how changes in the feature values influence the predicted outcome. PDPs are
particularly useful for interpreting complex models like gradient boosting machines
and random forests as humans can focus on the contribution of a specific aspect of
the model. Studies have shown that PDPs can clarify the marginal effects of features
on predictions, which may assist users in verifying the model’s behavior against their
domain knowledge. For example, in financial modeling, PDPs have been used to
show how variables like credit score and income affect loan approval predictions,
aligning the AI’s decision-making process with financial analysts’ expectations and

improving perceived reference consonance (see Szepannek and Liibke, 2023).

Permutation or shuffling methods can be considered as XAI techniques and are
particularly valuable for assessing the robustness of a model. These approaches involve
systematically altering input features to evaluate their impact on model predictions
(see Dwivedi et al., 2023). By demonstrating how changes in input features influence
outcomes, permutation methods help users understand the sensitivity of the Al

system to different inputs, thereby revealing the effects of the Al’s algorithms.

Rule-based systems use predefined logical rules to make decisions, which are inherently
transparent and easy to interpret. The presentation of the entire set of rules, which
rules are applied to a specific input or the concrete and rule-based processing steps

represent a direct disclosure of the algorithm. The clarity and simplicity of rule-based
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decisions potentially align closely with users’ cognitive processes, thereby allowing for
the perception and comparison of cognitive frame and algorithm. For example, a rule-
based system used in medical diagnostics that follows established clinical guidelines
can help clinicians understand and trust the AI’s recommendations, supporting
reference consonance. In conclusion, various XAl techniques can effectively address

unpreferred levels of reference consonance by revealing Al algorithms to users.

The presentation of reference sources can also be used as an element to promote
reference consonance. For example, large language models such as ChatGPT some-
times show which files or websites were used to generate an answer (e.g., OpenAl,
2023). Access to databases and the use of the corresponding data can also be
demonstrated in the evaluation of nutrition, for example. At this point, however,
there can potentially be a mix-up with the input function - especially if the data is

used to interpret a user’s input (e.g., on a food product).

Future research in human-AI interaction centered on optimizing reference consonance
levels should focus on the relationship between XAI approaches and users’ ability to
effectively support reference consonance. For example, when users cannot change
model weights, are there other interactions that enable them to raise reference
consonance or do they need to incorporate the perceived level of reference consonance
in subsequent output generation? Also, can a system detect deviations of users’

cognitive frame and its algorithm and how would it react?

8.3.8 XAl for Perceived Output Diagnosticity

Counterfactual explanations in XAl provide insights by generating hypothetical
scenarios that illustrate how changes in input features can lead to different outcomes.
This technique can be assumed to be particularly effective in enhancing the user’s
understanding of the model’s decision process by pinpointing the minimal changes
required to alter a prediction. For example, if a loan application is rejected, a
counterfactual explanation might show that increasing the applicant’s income by a
specific amount would result in approval or that being physical active lowers the
amount of insulin needed to correct high levels of glucose. This approach helps

users understand the model’s decision boundaries and addresses the perception of
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reference consonance by aligning the model’s logic with users’ cognitive frameworks
(see Warren et al., 2022).

Semantic enrichment, such as providing detailed descriptions of heat maps, enhances
the interpretability of visual explanations. By adding semantic layers to heat maps,
users can better understand the significance of highlighted regions in relation to
model predictions. For instance, in medical imaging, enriched heat maps can indicate
which specific areas of an image were most influential in diagnosing a condition, thus
making the Al’s reasoning more transparent and supporting reference consonance.
Studies have shown that this method can significantly improve clinicians’ trust and
understanding of Al diagnostics (see Gianfagna and Di Cecco, 2021; Tonekaboni
et al., 2019).

Confidence estimation or ratings provide users with a measure of the model’s certainty
regarding its predictions. This information is crucial for users to gauge the reliability
of Al outputs, especially in high-stakes environments such as healthcare and finance.
By presenting confidence scores, Al systems help users make informed decisions
and better assess the risks associated with relying on the model’s predictions. This
approach not only enhances user trust but also aligns the model’s behavior with user

expectations, thereby supporting reference consonance (Gianfagna and Di Cecco,
2021; T. Le et al., 2023).

Local feature relevance explanations focus on the importance of specific features in
making a particular decision. This method helps users understand how individual
input variables influence the model’s output for a specific instance, providing a
detailed view of the decision-making process. For example, in a fraud detection system,
local feature relevance might highlight that unusual transaction amounts and locations
were key factors in flagging a transaction as suspicious. This granularity allows users
to validate the model’s reasoning against their knowledge and expectations, thus
strengthening reference consonance (Doshi-Velez and Kim, 2017; Lundberg et al.,
2019).

In summary, counterfactual explanations, confidence estimation, and local feature
relevance are vital XAl techniques that enhance perceived output diagnosticity

by making Al systems more transparent and aligned with user expectations. Fu-
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ture research should focus on developing adaptive explanation systems, conducting
empirical studies on output diagnosticity, investigating long-term impacts of XAI,
integrating interdisciplinary approaches, and implementing user feedback mechanisms
to continually align Al inference and its explanation with user hypotheses and raise

output diagnosticity.

8.3.9 What is new about Al for engineering psychology?

From the perspective of engineering psychology, the question can rightly be asked:
what are the unique qualities of Al systems that we have not yet considered in au-
tomation research? As already described in chapter 2, existing models of information
processing can be transferred to highly automated human-technology interaction

through AT - what is the need for new models or a focus on automation-related UX?

The need to use an Al system instead of a non-intelligent system is due to the
(current) lack of a sufficient description of a problem to be able to solve it without the
use of AI. When using AID systems (generally comparable to the personalized use of
medication), the aim is to automate the control of a complex hormonal system with
a high degree of uncertainty. At the same time, the system needs a lot of information
from the user - for example, about exercise or diet, as described in Study 2. Study
2 shows that interactions with systems that handle tasks of such complexity carry
risks for integrated information processing. These risks are similar to those already
described in the field of automation: for example, an illusory high level of confidence
(see Chromik et al., 2021) in having understood a system is closely related to the
idea of complacency and overconfidence (see Harbarth et al., 2024), as individual
errors of judgement lead to risky use of the system. In systems defined as Al systems,
I believe that this risk is primarily due to a lack of interaction in the input, reference,
and output functions, and that the Al-specific challenges of these three steps are

therefore also the 'new’ challenges for engineering psychology.

For example, in order for humans to achieve the desired level of input adequacy, it
is necessary, among other things, to make the machine’s data available to humans
in such a way that the data can be checked and modified. This is a challenge for

engineering psychology if, for example, the way in which the machine stores data
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does not match the way in which humans store information. An example of this
can be found in Study 1, where people encode information about contacts using
contextual information such as location or reason, whereas the contact tracing system
defines (and aggregates) encounters solely by time. Regardless of the reasons for
the discrepancy in format (technical, privacy, etc.), it is important to understand
from an engineering psychology perspective how this affects integrated information

processing.

In the context of research on reference consonance, there is a considerable need for
research on the control of intelligent systems for engineering psychology. Dang et al.
(2022), for example, analyzed the control of generative models using sliders. It was
found that more sliders increased cognitive load, but not overall performance - so
appropriate forms of control algorithms (especially for multi-parameter models) are
key to enabling the widespread use of Al technologies. In contrast to existing research
in engineering psychology, the focus is not only on the resources for exercising control
(e.g., attention, memory), but also on the ability to mentally simulate which control
measures on a model will achieve the desired effect when the algorithm is applied to
the input function (cf. mental models, e.g., Carroll and Olson, 1988). While I have
already pointed out the need to study mental models, Study 3, for example, shows
the risks of models without sufficient controllability - namely the use of inefficient

strategies (such as probability matching) when using Al systems.

In my view, the focus of engineering psychology research on diagnostics is the most
important and impactful contribution of engineering psychology in the coming period.
While the previously presented aspects are also discussed from a design and computer
science perspective, the exploration of diagnostic human-Al interaction is based on
both the human ability to test hypotheses and the machine provision of inference
- making it an excellent example of engineering psychology work. At the time of
writing, there are 50 entries on Google Scholar for the terms ’diagnosticity’ and
’human-AT interaction’. In contrast, for example, there are 3530 entries for ‘reliability’
and ’human-ai interaction” or 4960 for ’accuracy’ and "human-ai interaction’. This
dissertation shows that explanations (as in Study 2) can lead to an overestimation
of system understanding, which I believe is due to a lack of diagnosticity in the

explanations. Together with the results of Study 1, which emphasize the importance
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of perceived diagnosticity for intelligent automation, this research represents a central

point for the engineering psychology agenda in the field of Al.

8.3.10 The Need of Human-aware-systems for Integrated

Information Processing

The previous chapters of this dissertation emphasize the need for integrated infor-
mation processing for effective human-Al interaction. Inspired by concepts such
as group awareness (see Bodemer and Dehler, 2011) and situation awareness, the
foundation of successful human-Al interaction lies in mutual awareness of informa-
tion processing. XAI methods, as previously discussed, can enhance a human’s
understanding of an Al’s information processing. Empirical research suggests that
care must be taken to avoid creating an illusion of information processing awareness,
where users overestimate their understanding of the AI’s information processing (see

Chromik et al., 2021).

It has to be kept in mind, however, that awareness of information processing needs
to be bidirectional in order to achieve successful integration (see M. Johnson et al.,
2012 and Klein et al., 2004). Al systems need to incorporate representations of
human information processing to function effectively. Human-aware Al systems, as
described by Kambhampati (2020), are designed to consider and adapt to the mental
models and situation models of human users. These systems aim to synchronize their
processes with the user’s cognitive frameworks, potentially improving information
processing qualities. The IIP model proposed in this dissertation parallels human
mental models of information processing (representing human regulatory control and
information processing) with the information processing steps of machine systems,

aiming to facilitate mutual awareness.

While research on human-aware Al still is in its beginnings, existing approaches
include several strategies: For instance, explicability and explanation frameworks are
designed to ensure that Al behavior is not only aligned with human expectations but
also provides necessary clarifications when deviations occur (Kambhampati, 2020).
This involves the Al agent explaining its actions in a way that reconciles differences

between its model and the human’s mental model, enhancing trust and collaboration.
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From my point of view, however, it is important that human-aware Al does not only
integrate its information about the user’s mental and situational model to justify an

output, but in all steps of ITP.

Further research should focus on how human inputs, cognitive frames, and hypotheses
can be represented within Al systems. Studies on human-computer interaction must
explore which Al actions best support the acquisition and adoption of human
aspects of the information processing qualities. This entails investigating how Al can
adaptively respond to human cognitive states and intentions, thus supporting a more
fluid and intuitive interaction (Sreedharan, 2023). In conclusion, the integration of
human-aware systems into Al models is crucial for enhancing mutual information
processing awareness, that is, the basis to effectively optimize information processing
qualities. Al systems need to be designed with the capability to understand and
adapt to human cognitive framework (as discussed in the IIP model), so future
research must continue to bridge the gap between human cognition and Al processes
by developing methods for machine systems to represent, acquire and act on data

regarding human information processing.

8.4 Contributions to Research on Human-Centered
XAl

HCXAI research aims to develop Al systems that are not only technically proficient
but also considerate of the human users interacting with them. This research
emphasizes understanding "who" the human user is, the context of their interaction,
and how Al systems can be designed to align with human cognitive processes, values,
and social contexts. By integrating both technological advancements and human
factors, HCXALI strives to create Al systems that are transparent, trustworthy, and

effective in enhancing user experience and decision-making processes (see Ehsan and
Riedl, 2020).

The overall objective of this dissertation was to examine how the information
displayed by an Al system in diagnostic tasks affects integrated human-AI information

processing. This aligns with the HCXAT framework by focusing on the integration
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of human and machine and its impact on automation-related user experience and
behavior. The dissertation’s implications lie in understanding how Al explanations
influence user automation-related experience and overall interaction. Specifically, the
present research highlights the need for Al systems to provide explanations that are

not only accurate but also depend on human states, which is a detrimental aspect of
HCXAL

In particular, the present work contributes to HCXAI research by addressing the
divergence between subjective user experience and user intention in Al-assisted
diagnostic tasks (see study 1 and 2). It underscores the importance of understanding
how different explanation styles and information processing methods affect user per-
ceptions and actions and raises question on the situational variables that enhance the
gap between user experience and behavior in information processing. By developing
and applying the SIPA scale, I provided empirical evidence on how Al explanations
impact user experience and decision-making, especially in the context of predicting

machine calculations (see study 2).

Moreover, the research presented here emphasizes the importance of automation-
related user experience, advocating for a holistic approach that considers both
technical and human factors in the design of Al systems. The findings suggest that
explanations must be tailored to the users’ needs and contexts to foster effective

interaction and avoid risks like over-reliance and illusions of competence (Sieker et al.,

2024).

In greater detail, study 1 demonstrated the relevance of information processing
qualities for use intention and qualitatively identified potential improvements for
integrated information processing. In particular, the importance of diagnosticity was
demonstrated and possible solutions (e.g., by letting users include the mask status in
digital contact tracing) were discussed. Understanding why people choose to use Al
systems is crucial, as this knowledge can guide the development of more intuitive and
effective Al tools. Burton et al. (2020) emphasized that user acceptance and trust are
significantly influenced by the alignment of Al’s decision-making processes with users’
cognitive models and expectations. Thus, future research should focus on identifying
and enhancing the factors that drive user intention and acceptance, ensuring that Al

systems provide clear, comprehensible explanations of their operations and decisions
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(Burton et al., 2020; D. Wang et al., 2019).

In addition, study 2 underscored the risks associated with the illusion of information
processing awareness and the necessity to study automation-related user experience
and performance as two different constructs. In previous research, explainability-
accuracy trade-off has been discussed to demonstrate drawbacks of explainable
systems (Crook et al., 2023): higher levels of explainability are possibly, but not
necessarily connected to lower levels of accuracy. However, a concept that could be
termed the transparency-complacency trade-off needs to be focused even more when
discussing human factors and XAl A trade-off between transparency and complacency
may describe situations in which users receive excessive information (potentially
causing an information overload, see Sewnath and Crijnen, 2021), leading them to
overestimate their understanding and fail to question the accuracy of the provided
information. Chromik et al. (2021) identified this risk, demonstrating that users may
become complacent due to an illusion of understanding. Research must continue to
explore the trade-off between transparency and complacency and identify contexts in
which it is most likely to occur, focusing on how different presentation methods and
levels of detail impact user vigilance and decision-making accuracy. Interestingly,
study 2 also demonstrated that explanations might be utilized differently depending
on the task a human user has (users spent more time checking information when
they were tasked to make a prediction compared to an observation). That highlights
the importance to focus on human tasks and human information processing when

designing XAI systems.

Furthermore, study 3 did not confirm the presence of a question-behavior effect in
trust studies related to Al, which softens potential methodological concerns but
also raises questions about the connection between automation-related UX and
(observable) behavior. The lack of predictive power of trust assessment on reliance
underscores the importance of understanding human strategies in integrating Al
(outputs) into their decision-making processes. Chiou and Lee (2023) discussed that
grasping these human information processing strategies is crucial for developing Al
systems that effectively support human decision-making. Future research should
investigate the dynamic interactions between human strategies and Al assistance,

particularly in complex and high-stakes environments, to design systems that provide
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diagnostic information (and not only information perceived as diagnostic).

Finally, I demonstrated in study 4 that approaching integrated information pro-
cessing includes the communication of interdependence in diagnostic tasks. While
explanations usually aim to improve mental models of users about how an Al systems
works, the observed improvement in diagnostic quality in study 4 demonstrates that
improving the mental model of the overall information processing may be more
desirable. Furthermore, the design of instruction based on seamful design constitutes
one of the first application of seamful design in human-AT interaction and can be seen
as approach for further Al-based DSS, in and outside of the medical field. Further
research can utilize my approach to analyse informational interdependence and use
instructions to let users experience the effects of integrated information processing

rather than trying to explain them.

In summary, the research presented in this dissertation introduced theoretical concepts
of human-AT interaction, a psychologically oriented conceptual model of integrated
information processing, multiple research instruments (notably the SIPA scale),
and the use of Kandinsky patterns as a paradigm to study integrated information
processing in human-Al interaction. The designed paradigm supports theory-driven
research in examining how Al-displayed information in diagnostic tasks affects
automation-related user experience and behavior. The findings presented within
this dissertation highlight the necessity for further research into the cognitive and
psychological aspects of human-Al interaction and the experimental examination
of interaction that allows for integrated information processing. That is, research
in HCXATI should aim to develop Al systems that do not only demonstrate high
levels of accuracy but are designed in the context of human cognitive processes and
expectations, thereby enhancing adequacy, supporting consonance and providing
diagnosticity to allow users the integration of Al into diagnostic decision-making

processes.
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8.5 Practical Implications for Diagnostic Al in High
Risk Areas

The timing of this dissertation coincides with various international efforts to achieve
effective legal regulation of Al technology. In addition to activities in the US (see
White House Office of Science and Technology Policy, 2022), UK (see Roberts et
al., 2022) and Canada (see Scassa, 2023), the work of the EU High Level Expert
Group (see High-Level Expert Group on Al, 2019) and the EU Regulation on
Artificial Intelligence (see European Union, 2024) approved of in April 2024 should
be mentioned in particular. In practice, the regulations still raise open questions

regarding the concrete implementation, testing and safeguarding of the requirements.

The results of this dissertation can, for example, contribute to the implementation
of the still abstract requirements of the EU Al Act. A key example is human
oversight. Human oversight can be defined on different levels (Sterz et al., 2024) and
it is currently unclear which design approaches meet the requirements for human
oversight. For example, the technical requirements for human oversight may include
control options for human users. However, sufficient training and motivation to
oversee an Al system may also constitute human oversight (Sterz et al., 2024),
and the results of Study 2 suggest that simply disclosing more information is not
sufficient to ensure better oversight. Publications to which I contributed and which
followed Study 2 (see Schrills et al., 2023) also support the claim that oversight is
more demanding than transparency. The model of integrated information processing
presented in this dissertation can describe both technical and human requirements for
effective human oversight. For instance, for AID systems as an example of high-risk
systems in the sense of the EU Al Act, requirements could be derived with respect
to the input, reference and output functions: the correction of input adequacy as
a component of effective human oversight requires the possibility of adding and
correcting relevant data on exercise or food intake. It should also be possible to edit
target values, such as when insulin should be given, to improve reference compliance.
Finally, it must be ensured that an action (e.g., eating or stopping exercise) can be
derived clearly and with sufficient diagnostic accuracy from the information provided

by the system, e.g., in the case of hypoglycemia.
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Since the conceptual model of integrated information processing can be used to
establish requirements for human-Al interaction in high-risk systems, it can also
be used to structure user training and system design. For example, the skills to be
learnt by a person using an AID system could be trained based on input, reference
and output functions. In terms of input adequacy, for example, people would need
to be able to recognize what information they need to give to the system, as the
system has no sensors. In the case of AID systems, this could be food intake, physical
activity or health status. In terms of reference congruence, people should be trained
to communicate their goals to the system: for example, to aim for a higher value
when driving in order to avoid unexpected hypoglycemia. In some systems, this may
allow the use of a temporary sport or ZEN mode (e.g., “Diabeloop DBLG1 System
Overview”, 2024), while in others the glucose target may need to be changed. The
interpretation of system cues also needs to be trained. For example, people should
be able to recognize invalid glucose patterns and, for example, test the hypothesis of

a sensor defect.

Finally, research on SIPA and the illusion of explanatory depth also shows that
requirements for high-risk systems cannot be defined as process standards alone.
This means that the defined requirements must include empirical analyses of risk
measures (e.g., XAI). A mere description of which XAI methods have been selected

and applied does not do justice to integrated information processing.

Overall, this work provides a basis for the operationalization of ethical and legal
requirements and at the same time underlines the need for empirical testing of

high-risk applications of Al systems.

8.6 Limitations

The studies in this dissertation are conceptually diverse: a survey relying on qualita-
tive and descriptive data focusing on real-world experience with automated technology,
an experimental study with a specific target group and system that emulates a specific
application, and a study with an abstract, foundational task that addresses general

cognitive mechanisms and methodological questions of HAI research. While such
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broad and diverse approaches allow to deduct general gaps in the research of HAI,
compared to works incorporating only studies focusing on a single thematic area,
the empirical results in this work need replication to prove their stability. In addi-
tion, the IIP model as conceptual model needs to be based on further experimental
research that allows for causal deductions. For instance, there was no experimental
investigation into the effects of specific properties of digital contact tracing, but only

the results of a descriptive study within a pandemic situation.

The research presented employs both self-developed and established scales, as well as
newly developed items to capture facets of user experience in Human-AI interaction.
That is, a key assumption of this work is that traditional variables of UX (e.g.,
acceptance, usefulness, hedonic or pragmatic quality) may be not sufficient to describe
how users experience integrated information processing. The development, validation
and usefulness of variables able to capture UX in automated diagnosis does not,
however, draw on the same mountain of literature - and the results drawn from it must
therefore also be considered in the light of these limitations of the measurement tools
used. Although the SIPA scale is a central contribution across all studies (and has
been validated, see Schrills et al., 2024), the results of this dissertation do not cover
affective or emotional components of user experience, e.g., as dimensions of trust, as
these were not included, e.g., in study 1. Instead, the dissertation primarily focuses
on cognitive elements of Human-AI interaction and does not address topics such
as anthropomorphic representations, user needs, or individual user characteristics
(i.e., user diversity variables) beyond the Affinity for Technology Interaction. After
completing and evaluating the studies in this dissertation, it is clear that the effects
of the integration of machine and human information processing on humans should
be investigated more thoroughly: in particular, the experience of autonomy and one’s
own competence as central elements in self-determination theory play an important
role here (cf. Moradbakhti et al., 2024). The own satisfaction with the use of Al
systems was less considered in this dissertation. The use of suitable scales (as the
Psychological Needs Scale for Technology Use from Moradbakhti et al., 2024) should
be investigated more intensively alongside the cognitive questions in HAI. While
these were not the primary goals of this research, emotional responses also play a

critical role in everyday diagnostic contexts and warrant further exploration.
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The conceptual model of integrated information processing, detailed in this disserta-
tion, integrates existing theoretical models from the broader domains of automation
and general human technology interaction and action regulation with technical XAI
approaches, responding to the findings of the presented studies. However, in the
present stage of development the ITP model cannot be considered a theory in its own
right, as the relationships identified do not yield empirically falsifiable hypotheses.
However, considering how Poulton (1966) discusses engineering psychology, the pro-
posed model allows to derive hypotheses about human-centered design and the effects
on human users, therefore, constituting a significant contribution of engineering
psychology to research on HAI. Yet, future research needs to empirically test the
relationships among the presented concepts, considering context factors such as time
pressure and cognitive load, which are central to action regulation but only indirectly

addressed in the conceptual model.

This dissertation explicitly addresses diagnostic tasks, deliberately applying a broad
definition of diagnosis to include decision-making processes beyond medical inquiries,
technical trouble-shooting or even legal classifications. The most recent discussions
about generative Al (see for example Zamfirescu-Pereira et al., 2023), especially since
the release of large language models by OpenAl (OpenAl, 2023), are less addressed
within this dissertation although they may constitute for an important part of
information processing in human-Al teams. While the conceptual model proposed
in this dissertation can be applied to large language models involved in integrated
information processing for diagnostic tasks, the studies and model development did
not consider generative tasks, where Al (and users) create tangible content. In my
view, it would be useful to test the applicability of the model to generative systems

on the basis of case studies and, if necessary, derive design implications.

Overall, this work identified empirical gaps in existing research and conceptualizations
of Human-AT interaction and offers theoretical considerations for bridging these gaps.
Here, the focus of this work lied on the conceptual integration of machine and
human information processing. However, further empirical research is necessary to
concretize the concepts underlying the integrated information processing model in
applied contexts and to derive actionable recommendations for high-risk systems,

such as those in medical domains.
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8.7 Future Research

This dissertation can lay the groundwork for extensive empirical research into the
integration of humans and machines in information processing. Future research

should specifically address the following areas:

Construction of Scales for Perceived Information Processing Qualities:
Developing reliable and valid scales to assess how humans perceive information
processing qualities is essential. This can build on existing studies, such as the scales
in study 1, the transparency check scales discussed from Schelenz et al. (2024), and

measures of group awareness and human-Al teaming (Attig et al., 2024).

Development of Methods for Automatic Calculation of Information Pro-
cessing Qualities: Methods for automatically calculating information processing
qualities by systems should be developed. These can draw from procedures in human-
aware Al or cognitive tracing methods, such as those used in interactive teaching
and learning systems. That is, computational models need to be able to represent
the mental state of a user in terms of input, reference and output function and adopt
their information processing accordingly. Accordingly, cognitive modeling of users
(see Aleven, 2010), where knowledge and strategies are described, may need to be
involved in the design of XAI approaches. All in all, further development of student
and user models is necessary to calculate information processing qualities based on

user status and develop interaction schemes to address user states.

Standardized Assessment Procedures: Procedures for the standardized assess-
ment of information processing qualities (e.g., to assess compliance with regulation)
are crucial. This includes the assessment of human supervision, as discussed by
Sterz et al. (2024). For instance, empirical assessment techniques based on situation
awareness (e.g., freeze probes, see Salmon et al., 2009) may be employed to analyze
the state of information for both entities at specific times, and to evaluate how
well humans recognize system goals that differ from their own. Emphasis should be
placed on developing explicitly behavior-based measures rather than questionnaires

predicting behavior.

Design of Interactions to Improve Information Processing Qualities: Inter-
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actions between humans and Al systems should be designed to enhance information
processing qualities. This should be informed by existing automation research, fo-
cusing on human action regulation and interventions to modify human information
processing. Such interactions must promote desirable system characteristics, such as
human autonomy and the experience of control. Interdisciplinary research into the
visualization of machine status (including data, algorithms, and inference processes)

is particularly critical.

Experimental Investigation of Automation-Related User Experience (UX):
The impact of interactions on automation-related user experience should be explored
through carefully designed experiments. These experiments should contribute to
theoretical models while providing practical recommendations. It is essential to
clearly define and theoretically assign the developed interventions prior to empirical
investigation. The expected effects must be described at both the behavioral level

and the level of automation-related UX.

In summary, advancing the field of diagnostic Human-AI interaction requires a multi-
faceted approach encompassing scale construction, method development, standardized
assessment, interaction design, and experimental investigation. Each of these areas
is integral to enhancing our understanding and optimization of human-machine

information processing integration.

In summary, this dissertation underscores the profound need for a deeper integration
of interdisciplinary and transdisciplinary research strategies. The integrated nature
of human-AlI interaction and the quest for human-centered, explainable Al require
insights from diverse fields, including psychology, computer science, ethics, and
sociology. This call for ’'integrated research for integrated information processing’
is not just a strategic consideration, but a necessity to ensure the development
of Al systems that are both effective and ensure meaningful human contribution.
Future research should prioritize the creation of frameworks that facilitate such
collaborations, drawing on the strengths of different disciplines to foster innovation
and societal benefit. In doing so, we can pave the way for Al technologies that are not
only technically robust, but also aligned with human values and needs (Calero Valdez
et al., 2024).
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9 Conclusion

The research presented in this dissertation significantly contributes to advancing
the understanding of human-centered explainable Al (XAI) systems, particularly
within diagnostic tasks from an engineering psychology perspective. Herein, this work
addresses to contribute filling empirical and theoretical gaps concerning end-users
and their interactions with Al, as opposed to developers or professionals, thereby
providing a more comprehensive view of how XAI can be optimized for diverse user

groups.

Two contributions are, from my point of view, particularly important: first, the refine-
ment and application of the SIPA scale. The SIPA scale allows for differentiated and
detailed assessments of the effects of Al explanations on user experience in automated
systems and highlights the need for theory-driven concepts and operationalization in

automation-related UX research.

The second key element developed through the present research is the model of
integrated human-Al information processing. This model emphasizes the necessity
of thinking about human and machine information processing at the same time
when discussing diagnostic process, rather than position Al as merely a tool or
humans as supervisors without their own information processing. It highlights how
Al systems can enhance human decision-making by providing explanations that align
with human cognitive processes. This model is crucial for developing Al systems that
are both effective and human-centered, as it ensures that Al support is seamlessly

integrated into human cognition.

Looking somewhat more into the future, my findings underscore the necessity of
human-aware systems that integrate automated information processing in a manner

that supports user autonomy and control. Future research should continue to explore
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the dynamics of human-Al interaction, particularly how users develop and test
hypotheses within Al-supported environments. This involves investigating how Al
explanations can be dynamically adapted based on contextual cues and user feedback

to enhance interpretability and trustworthiness.

In conclusion, this dissertation contributes to the foundational understanding of
human-centered XAl by providing empirical evidence and theoretical insights that
guide the design of more effective and user-friendly XAI systems. The refined STPA
scale, experimental findings, and focus on user experience and performance offer
a comprehensive framework for future research and development in the field of
explainable Al. The ultimate goal remains to empower users through transparent,
reliable, and safe Al interactions, fostering a collaborative and informed integration

between humans and intelligent systems (Shneiderman, 2020a).

On a final note: from my point of view, the way how humans process information
is an essential part of being human, especially in its diversity. We differ in what
information we bring into diagnostic processes, we differ in our goals and in the way
we build hypotheses. We differ in the diagnoses we pursue in our everyday lives,
in the resources we bring to reach them. This diversity is the basis of our human
progress and individual development. As in the quote mentioned at the beginning,
the development of Al systems is a technology that interferes significantly with this
essential way of being human. When Anders (1980) says that we need to make the
"consequences of not working bearable" (p.80), it is not just about how we organize
our free time. Rather, it is about how our needs to contribute as human beings can
be met in a digitalized information-processing world and society - fueled by Al. To
ensure that Al technology is not just a catalyst for efficiency and automation, but a
milestone of human development, Al needs to be integrated into human information

processing and not the other way around.
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