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Abstract

Collaborative automation systems, where the system and operator work together on a task, such
as in partially automated driving (PAD) and Al-driven Clinical Decision Support (CDS) can
offer operators control over the extent of automation reliance. But these rapidly developing
systems— which often outpace regulation— persist the challenge in engineering systems for
appropriate reliance. While decades of research on trust in automation focus on the influence of
system factors and situational factors, the empirical landscape has yet to further investigate the
role of operator dispositional factors— which tell the story of who the user is— and to establish
measurement standards of calibrated use— to determine if reliance was indeed appropriate. To
address these gaps, I investigated the impact of two dispositional traits—culture and
personality—and explored how to systematically quantify instances of calibrated use, as well as

misuse (overuse) and disuse (underuse).

I combined survey measures of cultural values, propensity to trust, faith in technology, and
baseline trust with metrics of continuous reliance and repeated measures of in-task trust and self-
rated performance using a simulation game (Calibratio) which modeled a collaborative, shared-
goal sorting task with an adaptable system. Adult participants (N = 189) completed a solo
baseline to fix operator performance at 80%. The shared task repeated in three blocks, or stages,
which differed by a fixed level of automation capability (40%, 60%, or 80%), with block order
counterbalanced across participants. Robust structural path modeling showed that baseline trust
was shaped by Collectivism, Uncertainty Avoidance, and Faith in General Technology, while in-
task trust was driven by automation capability and inversely related to self-rated performance.

Reliance was predicted by Power Distance, capability, and self-rated performance. An



exploratory temporal-based analysis demonstrated reliance patterns classified by calibrated use,
misuse, and disuse. These findings explore a quantitative framework for measuring automation-
use calibration and provide empirical evidence of how system interactions may manifest across

dispositional factors.
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Background

Foreword

As automation evolves, we encounter new challenges in designing human-machine systems.
Over time, these systems have moved beyond simple, mechanical functions to perform more
advanced roles—sometimes involving cognitive tasks like decision-making. As a result, some
emergent human-machine systems are not merely technical tools but are designed to resemble
social agency. This evolution raises interesting questions: What individual factors influence
operators’ decisions to rely on automation? And how closely does that reliance align with the

system’s actual capabilities?

To explore these ideas, the sub-sections of this Background section are framed around three

themes:

e Yesterday: What historical steps led to the socio-technological world we inhabit today?

e Today: What do we currently know about the factors shaping trust in and reliance on
automation?

e Tomorrow: Where are automation technologies headed, and what does that mean for the

future of human-machine interaction?



Yesterday: A Brief History of Automation and Trust

What historical steps led to the socio-technological world we inhabit today? This
section briefly traces the history of humanity’s inextricable relationships with
technology, linked by cognitive capability and culture. This is followed by a
discussion of a type of Sophisticated Tool known as automation, and its position
within the historical Industrial advancement of society. Finally, I discuss how trust
plays a crucial role in human-automation interaction, including the first seminal
studies inside the Trust in Automation research domain.

From Tools to Technology

Life, it seems, always finds a way, and certain living organisms tend to seize more of these
opportunities than others. For millennia, humans have exceled at manipulating our environment

in the creation of tools, as Aristotle described:

“The hand can become a claw, a fist, a horn or spear or sword or any other weapon or tool.
It can be everything, because it can grasp anything or hold anything”
Aristotle, The Animal Parts (IV, 10).

Though the scientific study of what precisely defines tools or tool use faces inherent challenges
due to a lack of consensus on its definition (Mangalam et al., 2022), definitions typically involve
the idea of manipulating external objects to modify the physical environment (Fragaszy &
Mangalam, 2018; Mangalam et al., 2022; Osiurak et al., 2010). Approaches to understanding
tool use broadly fall into three categories: The embodied approaches include the ecological
perceptuomotor perspective (Gibson & Ingold, 1993 )—emphasizing direct, perception-action
interactions guided by environmental cues—and, an approach which stems from a
neuropsychology (Goldenberg & Spatt, 2009; Johnson-Frey, 2004), which posits that conceptual

knowledge is derived from prior sensorimotor experiences with familiar tools. This learned



information facilitates a more efficient acquisition of knowledge, while “avoiding reconstruction

de novo of each step of the process” (Mangalam et al., 2022).

Essentially, the perceptuomotor approach focuses on actions guided by perceived information,
while the sensorimotor approach emphasizes how sensory experiences shape motor behaviors.
These both differ from the disembodied approach, which explains learned actions of tool use

from physical, technical reasoning (Mangalam et al., 2022).

Humans, alongside several nonhuman species, engage in object manipulation; however, as
Mangalam explains, humans are distinct from other tool-utilizing animals in that we have

technology:

“Many animals make and use tools, but humans are distinctive in the complexity,
diversity, sophistication, omnipresence, and obligatory nature of our reliance on tools.
Simply put, other animals use tools but only humans have technology. Indeed, humans
inhabit a uniquely technological niche that we ourselves have constructed”
(Mangalam et al., 2022, p. 13).

In doing so, we have constructed a so-called fechnological niche (Stout & Hecht, 2017). The
Cognitive Niche Theory (Pinker, n.d.) was elaborated on by an “ontogenic niche” theory, (Stotz,
2010) which Stotz describes as a “cumulatively constructed cognitive—developmental niche: the
set of epigenetic, social, ecological, epistemic and symbolic legacies inherited by the organism as

necessary developmental resources (Stotz, 2010, p. 483).

Cognitive archaeologists and psychologists broadly classify modern implements like calculators
and smartphones under tool use or technology (Osiurak et al., 2018; Stotz, 2010). Humanity’s
use of technology was thought to be inherited by cumulative cultural and cognitive development
(Mangalam et al., 2022; Stout & Hecht, 2017). This can be described as Cumulative

Technological Culture (CTC) (De Oliveira et al., 2019), a process of progressive diversification,



complexification, and enhancement of technological traits across generations. De Oliviera et al.
(2019) found that technical reasoning (the ability to understand and reason about the physical
properties of objects and how they interact) is crucial for cumulative performance, suggesting
that domain-specific knowledge (i.e., technical-reasoning skills) remains critical for explaining
CTC. In a sense: through social diffusion and incremental modifications (De Oliveira et al.,
2019; Tomasello et al., 1993), the evolution of technology has been evoked by our cumulative

practices—technology has been handed down via culture.

A framework which takes on the embodied approach by Osiurak et al. (2018) taxonomizes tools
into three general categories graded by increasing complexity: Physical Tools, Sophisticated

Tools, and Symbiotic Tools (the last of which is discussed in

Tomorrow: Research for Emerging Technologies). The most primitive of these types are
Physical Tools, which emerge directly from the environment (Osiurak, 2018). For instance, stone
tools used by our early ancestor species Homo Erectus were uncovered and identified as likely to

have been used for used for carving wood or hunting in prehistoric times (Soressi et al., 2003).

According to Osiurak, these primitive tools enhanced sensorimotor abilities (Osiurak et al.,
2018). As humans gained knowledge through individual discovery and learning, we developed
Sophisticated Tools (Osiurak et al., 2018), which necessitate practical reasoning to solve
complex problems. These been around for quite some time: By around 100 B.C., the ancient
Greeks developed the Antikythera Mechanism for astronomical calculations (Freeth et al., 2006),
and in 3rd century BCE, the Chinese invented the South-Pointing Chariot using differential gears

(Needham, 1962).



Similar to Physical Tools, these Sophisticated tools are also intended to extend human
sensorimotor capabilities. In 1978, Sheridan explained the benefits of undersea, remote-control

teleoperators:

“Teleoperators, i.e., submersibles having video and other sensors, actuators for mobility
and manipulation, and remotely controlled by human operators, offer much promise for
extending man's flexible, adaptable, perceiving and control capabilities[...] enabling him
to extend his sensory-motor function to remote or hazardous environments”

(Sheridan and Verplank, 1978, p. 10).

In contrast to naturalistic, Physical Tools, Sophisticated Tools create a greater distance between
the creator and the user (Osiurak et al., 2018), potentially leaving the door open to a “black box”
of design. This phenomenon is a driving force behind many researchers studying human-
machine interactions, particularly those involving a type of Sophisticated Tool known as

automation.

Automation

The Springer Handbook of Automation (Nof, 2023, p. 4) defines automation as “the operation of

machines without human intervention, along with the enabling science and technology.”

The etymological roots of the word automation can be traced back to Aristotle’s Physics
(Aristotle, Physics, Book II), where we first see the term automatos, which translates from
Ancient Greek to “self-acting” or “occurring of itself” (Nof, 2023). Much later, in 1946, Delmar
S. Harder— the Vice-President for Manufacturing at the Ford Motor Company— introduced the
term “automation” as a nickname for the production process which linked together several
automatic machines into one integrated process (Hayes, 2016) (however, some attest the first
utterance of the term to a 1952 Scientific American article). Among many definitions and slightly

different origin tales, one contemporary definition is offered by Sheridan:



“...the term automation refers to (1) the mechanization and integration of the sensing of
environmental variables (by aritificial sensors); (b) data processing and decision making
(by computers); and (c¢) mechanical action (by motos or devices that apply forces on the
environment)” (Sheridan, 2000, p. 9).

Parasuraman (2000) offers an even more siloed definition:

“Automation does not simply refer to modernization or technological innovation. For
example, updating a computer with a more powerful system does not necessarily
constitute automation, nor does the replacement of electrical cables with fiber
optics...[We] use a definition that emphasizes human-machine comparison and define
automation as a device or system that accomplishes (partially or fully) a function that was
previously, or conceivably could be, carried out (partially or fully) by a human operator-...
We propose that automation can be applied to four broad classes of functions: 1)
information acquisition; 2) information analysis; 3) decision and action selection; and 4)
action implementation.” (Parasuraman et al., 2000, p. 286).

In other words, the term automation referred to, in this context of Human Factors, focuses
primarily on those which supplant an otherwise manually-performed task: It is less about the
actual hardware or software, and more about the salient aspects of a machine which belongs to
one or more of the four functional classes that we use to accomplish tasks and goals. In this way,

automation serves as an extension of human performance.

Over the course of history, people have gradually integrated automation into society, marked by
the transitional periods known as “Industrial Revolutions™ (Figure 1). These revolutions, named
after the periods of time when innovation profoundly transformed work and living, ushered in

new eras of technological advancement, as Groumpos (2021) aptly describes:

“Industrial revolutions are the transformation from old practices of powering and
managing of “workplace” into new and sophisticated structures that meet the goals of
modern development in order to serve better the needs of the society.”

Notably, this aligns with the point in Parasuraman’s definition in that there is a shared
component of changing the role of the human; e.g., from manual laborer to machine operator.
The first Industrial Revolution, known the Mechanical Industrial Revolution—or in a

contemporary view, Industry 1.0—emerged in mid-18" century England, when mechanization in



the form of steam and water power, mining, and machine tools transitioned people from

agrarian-based life to industrial settings (Groumpos, 2021; Mathur et al., 2022). This was

followed by the Electrical Industrial Revolution. During the late-19%"century, society began to

harvest electrical power: an opportunity which Henry Ford seized to exponentiate mass

production of Ford’s automobiles by powering the assembly line system (Mathur et al., 2022).

Figure 1: Overview of the five proposed "Industrial Revolutions" throughout history.

Industrial Revolution Time Period

Industry 1.0: Mid-18th century

Mechanical Revolution

Industry 2.0: Late-19th century

Electrical Revolution

Industry 3.0: 1950s

Automated Revolution

Description of New Technologies

Steam + water power, mining, and machine

tools (Groumpos, 2021; Mathur et al., 2022)

Electrical energy, mass production, the
assembly line (Mathur et al., 2022;

Hayes, 2016)

Introduction of personal computers,
automated production, IT systems,
microprocessors, wireless telephones, and the
Internet (Groumpos, 2021; Mathur et al.,

2022)



Industry 4.0: 2000s Robotics + Al, Big Data, cloud computing,

Internet of Things (IoT), AR, 3D printing for

Digital/Information
mass production, RFID, Cognitive Computing
Revolution
(Groumpos, 2021; Sharma et al., 2020; Taj &
Zaman, 2022)
Industry 5.0: 2020s Sustainable manufacturing, personalized
services, sustainability, human-robot
Personalization
coordination, bionics, Smart Cities,
Revolution

interconnected bio-mechanical interfaces
(Groumpos, 2021; Huang et al., 2022; Mathur
et al., 2022; Sharma et al., 2020; Taj &

Zaman, 2022)

The 1950s marked the onset of the Automated Industrial Revolution. It was during this period
when society began to automate manual tasks, and began to transition technologies from analog
to digital (Groumpos, 2021; Mathur et al., 2022). At the turn of the millennium, the Digital or
Information Technology (IT) Revolution emerged, characterized by incorporation of novel
technologies which, as the former revolutions did, built off of the previous revolution’s existing
technologies. To some scholars, a downside of Industry 4.0 is its focal emphasis on system and
machine design, yet at the expense of neglecting the human factor (Alves et al., 2023;

Groumpos, 2021). A better turn of events potentially awaits: Industry 5.0, the Personalization



revolution, is predicted to re-center human operators in design considerations and environmental

concerns by pushing the boundaries of biological and technological innovation (see: Section

Tomorrow: Research for Emerging Technologies).

In a rudimentary sense, our affinity for automation can be explained by the general principle that
humans often gravitate towards machine affordances to tasks, by extending human capability:
the introduction of capable systems such as those outlined (in Figure 1) can improve task
consistency, accuracy, efficiency, and efficacy, which is is especially useful in repetitive, precise
tasks such as industrial applications and hazardous, dangerous work such as in the operation of

nuclear reactors or military applications (Kohn et al., 2021a; Takayama et al., 2009).

However, our relationship to these types of machines has multiple layers. Automation serves as
an extension to human capability in the functional sense, but some automation technologies—
particularly more advanced, digital systems—also play the roles of our agent counterparts in
society. Reeves & Nass’s Media Equation (Reeves & Nass, 1996) and the CASA paradigm (Nass
& Moon, 2000) posit the view that people often treat machines “socially”, as they would another
human. Their studies were early demonstrations of how human-computer interaction paradigms
parallel interactions in interpersonal interactions. These included studies demonstrating that
people apply politeness norms and gender stereotypes to computers, and in a general sense, users
responding to machines as independent entities rather than as a manifestation of their human
creators (Sundar and Nass 2000). Rudimentarily, CASA posits that machines are not distinct
from our social system of interactions—they are merely a part of the same society, embodying

entities equivalent to non-human agents on the interaction level.



Despite its myriad benefits, automation has always held the promise of adverse consequences
when design falters. In 1983, Bainbridge named what she called Ironies of Automation: “the
more advanced a [system] is, the more crucial the contribution of the human operator”

(Bainbridge, 1983a).

An assortment of transportation-sector systems are seemingly becoming classic examples of
Bainbridge’s paradox: Tesla’s Autopilot, a Partially-Automated Driving (PAD) System has
evoked numerous empirical accounts (Endsley, 2017; Lin et al., 2018; Morando et al., 2021) of
operator misalignment. Endsley’s (2017) autoethnography of her experience with Tesla
Autopilot noted that poor correspondence between system capability and her trust in that system
was related to lack of driving training, mental model alignment, situational awareness (SA),
mode confusion, and driver attention, and that future highly automated vehicle systems are
predicted to exacerbate issues in SA, non-continuous control, and increased decision complexity.
A survey study (Mueller et al., 2024) on regular users’ perceptions of partial automated systems
(Level 2) including General Motors Super Cruise, Nissan/Infiniti ProPILOT Assist, and Tesla
Autopilot found that drivers of all models are more likely to engage in non-driving-related
activities while using their systems than while driving unassisted. Further, they discovered that
Autopilot and Super Cruise users were also likely to engage in tasks with their eyes off the road

and hands off the wheel (Mueller et al., 2024).

How do technologies like these emerge? Perhaps Icarus flew too close to the sun, and automation
abuse—defined as “the automation of functions by designers and implementation by managers
without due regard for the consequences for human performance” (Parasuraman & Riley,
1997)—played a role in these system failures. However, before diagnosing the root cause of

these design atrophies, it may be beneficial to precisely define what constitutes a design failure.



A seminal, human-centric approach to this offered by Parasuraman and Riley (1997)
distinguishes cases of operator behavior in relation to automation capability: Misuse, or overuse,
can occur when operators place excessive trust in a system whose capability does not warrant
that level of reliance. Conversely, disuse, or underuse, can happen if operators neglect the use of

automation which forgoes any benefits or safety due to use.

Often, inappropriate use—i.e., misuse or disuse—may be explained by analogous cases of over-
trust (mistrust) and under-trust (distrust). Many cases of Tesla’s PAD System have been
explicitly labelled as misuse: drivers were found to engage in safety-critical behaviors, including
complacency over time when engaging Autopilot. This failure to monitor the system increased
driver stress and mental and physical workload as drivers had to be constantly prepared for
unsafe system behavior (Nordhoff et al., 2023). These respondents were observed to have
developed mistrust in the system’s capabilities, leading to misuse—perhaps the consequence of

an “unfinished technology” (Nordhoff et al., 2023).

In general, trust itself has been extensively linked to automation use—but before digging in to
this relation, it is important to first explain how trust may be approached with a systematic
perspective. Applying a model leveraging Systems Engineering frameworks propose framing a
3-entity model of the human-machine-environment, human-machine-task—e.g., Holistic
Requirements Model (Burge, n.d.)—to account for the salient aspects in a full model of the
operator, environment, and machine. Sheridan explained how modeling cognition is a distinct

process from explaining underlying mechanisms of behavior:



“...these theoretical structures used are adapted for describing what happened and from this
predicting what will be. They make no presupposition about underlying mechanism or

presupposition of behavior” (Sheridan et al., 1978).

Beyond the scope of the operator, systems integrating technical components with social, cultural,
and organizational factors knowingly facilitates the design of “socio-technical systems” (STS)
(Roque et al., 2025), which consider technical excellence, human value-centricity, and harmony

with social, cultural, and ethical issues:

“This dynamic is becoming increasingly crucial, as STS becomes deeply integrated into society,

bringing trust to the fore” (Roque et al., 2025, p. 2).

Evidently, regardless of whether a single operator or factors involving society at large are
integrated into the system model, trust is a salient component of these systematic models, and the

focus of the following section.

Trust

Interpersonal Trust and Trust in Automation

Mayer et al. (1995) define trust as “the attitude that an agent will help achieve an individual’s
goals in a situation characterized by uncertainty and vulnerability” (Mayer et al., 1995).
According to The Oxford Handbook of Automation (Meyer & Lee, 2013), the concept of Trust in
Automation first surfaced in the 1970s (Sheridan & Ferrell, 1974). Sheridan (1975) and Sheridan
and Hennessy (1984) argued that just as trust mediates relationships between people, it may also

mediate the relationship between people and automation.



This was followed by Muir’s (1987) pioneering experimental work, which provided a foundation
for the Trust in Automation domain, encompassing various aspects such as: (1) assessing the
extent to which models of trust between humans (interpersonal) can be generalized to human-
machine trust, (2) emphasizing the need for empirical studies to predict the influence of factors
on trust, and (3) offering a starting point for predicting the source of inappropriate trust to aid in
system design. Sheridan (1975) and Sheridan and Hennessy (1984) argued that just as trust
mediates relationships between people, it may also mediate the relationship between people and

automation.

Following this, Lee & Moray’s (1992) theory influenced the seminal review of systematized trust
factors by Lee & See (2004). This seminal framework (Figure 2) systematized a model of
factors driving appropriate automation use, with a focus on trust. Technically, the Lee model
draws on the Theory of Reasoned Action (TRA) (Ajzen & Fishbein, 1980), a chain of constructs
observed under instances of rational decision-making: belief->attitude->intention->behavior.

According to Lee & See’s work, trust is defined with an attitudinal approach:

“Trust can be defined as the attitude that an agent will help achieve an individual’s goals
in a situation characterized by uncertainty and vulnerability. In this definition, an agent
can be automation or another person that actively interacts with the environment on behalf
of the person” (Lee and See, 2004, p. 51).



Figure 2: Lee and See’s closed-loop cognitive model of trust in automation (Lee & See, 2004).
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Trust is not the sole predictor of use, but it critically influences whether, when, and how
operators engage automated systems (Hoff & Bashir, 2015a; Parasuraman & Riley, 1997).
Sheridan (2002) distinguishes between trust as an outcome (effect of automation characteristics
like reliability) and trust as a cause (influencing operator behavior). Trust significantly affects
automation usage (Madhavan & Wiegmann, 2007, p. 280). Furthermore, system factors (e.g.,
transparency, perceived reliability, similarity; Razin & Feigh, 2024; Verberne et al., 2015) and

operator factors can shape use jointly and separately (see:

Sources of Operator Variability).



Rempel et al. (1985) described trust as developing along three coherent dimensions:
predictability (early, behavior-focused expectations based on observed consistency),
dependability (confidence in the partner’s underlying qualities and integrity, not just specific
acts), and faith (a forward-looking belief that persists despite limited or ambiguous evidence).
These perceptions arise through an attribution process in which the trustor interprets the trustee’s
motives and intentions—distinguishing, for example, between intrinsic and extrinsic drivers of

behavior.

Lee and See (J. D. Lee & See, 2004a) extend this interpersonal account to human—automation
trust, proposing three qualitative information-integration modes—analytical, analogical, and
affective—that people use to assimilate evidence about an automated agent. Coupled with
Rasmussen’s skill-rule-knowledge (SRK) taxonomy of human performance (Rasmussen, 1983),
they map trust onto three attributional bases: performance (“is it reliably accurate and safe?”),
process (“do I understand how it works and where it fails? ), and purpose (“are its goals and
incentives aligned with mine? ”). A summary of these concepts are depicted in Figure 3 and Figure

4.

Figure 3. Mapping Of Trust Constructs: Interpersonal Trust Stages (Rempel, 1985) Vs.
Automation Trust Bases (Lee & See, 2004)

Stage of
Trust in Automation
Interpersonal Trust

Construct

Description Description

Development

(Lee & See)
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Will it behave

Predictability Performance Accuracy, reliability
consistently?
Can I count on its
Dependability underlying Process How it achieves task
characteristics?
Are its goals
aligned with mine Alignment of intent,
Faith Purpose
despite incentives, and values
uncertainty?

Figure 4. Mapping of Human Performance Behaviors (Rasmussen) vs. Information Assimilation

Modes (Lee & See, 2004)

Behavior (Rasmussen)

Description

Mode of Information

Assimilation (Lee & See)

Skill-based Automatic, habitual Affective
Rule-based Applying if-then procedures Analogical
Knowledge-based Deliberate problem-solving Analytical

under novelty/uncertainty




As operators move from skill- to rule- to knowledge-based control, appropriate use of
automation increasingly depends on shifting from surface cues of performance to deeper insight
into process and purpose. Ideally, the objective of ethically sound automation design is to foster
calibrated use (J. D. Lee & See, 2004a)—neither misuse (overtrust) nor disuse (undertrust)
(Parasuraman & Riley, 1997). In regard to Lee and See’s performance basis of trust, calibrated

use would correspond to a level of operator use that matches the system’s true capability.

A notable takeaway in this discussion of trust bases and related information-assimilation modes
is that the significance lies not in their specific labels, but in the concept that trust is built upon
diverse foundations, reflecting various information sources and experiences (Meyer & Lee,
2013). Despite variability in the construct, trust researchers have long-studied established
methods for measurement (see Trust Measurement), in order to quantify calibrated use, which I

turn to again next.

Calibrated Trust and Reliance

Lee and See (2004) define calibrated use as reliance that matches automation capability, and
calibrated trust as the degree of trust that aligns with that same capability. Following Parasuraman
and Riley (1997), automation use can be understood as the operator’s voluntary decision to engage

or disengage a system, meaning that calibration is not an abstract construct but a matter of real-
time choices. Capability, in turn, reflects the system’s performance on its intended goals—accuracy,
efficiency, or speed—and can range from broad functions down to individual tasks. To measure

calibration at a meaningful level, capability must often be decomposed into its component



subfunctions (Miller & Parasuraman, 2000), for example by clustering tasks by their information-

processing stage as in the Levels x Stages model (Parasuraman et al., 2000).

Calibration is dynamic. It can vary in functional specificity (whether trust is aligned with a
particular function), temporal specificity (whether alignment persists over time), and resolution
(how finely changes in capability are reflected in changes in trust) (Lee & See, 2004). For instance,
when calibration resolution is low, large shifts in performance yield only small changes in reliance

(Figure 5).

Figure 5: Graph of Trust vs. Capability: resolution of trust calibration (Lee & See, 2004).

Overtrust: Trust exceeds
system capabilities,
leading to misuse
g Calibrated trust: Trust
matches system capabilities,
leading to appropriate use
________________________ .
________________________ a
ST
|
1 \
-~ ! 1
Trust rd i 1 Distrust: Trust falls short
e b 1 of system capabilities,
1 1 leading to disuse
------------ i : \
‘“““";»’.-‘: i 1
S 1 1
o [ | 1 \
. ] [
Good resolution: A range of N 1 ) Poor resolution: A large range
system capability maps onto = H 4 of system capability maps onto
the same range of trust & ! : ! 1 a small range of trust
[ ll 1
L1 1

Automation capability
(trustworthiness)

Figure 2. The relationship among calibration, resolution, and automation capability in defining appropriate
trust in automation. Overtrust may lead to misuse and distrust may lead to disuse.

McDermott and Brink (2019) proposed “Calibration Points”—moments when a system excels or

fails—as markers to evaluate whether trust adapts appropriately to changing performance. They




emphasize that, in practice, automation often performs inconsistently, highlighting an example

canonical trend (Figure 6): as system capability increases, calibration resolution decreases.

Figure 6: As system trustworthniess or capability increases, so might the range of calibrated trust

(McDermott and Brink, 2019, p. 362).
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While trust helps to overcome the cognitive complexity people face in managing increasingly
sophisticated automation (Lee & See, p. 54), it may also create vulnerabilities for some situations,
contexts, or operators. Parasuraman and Manzey (2010) describe two cases of attention-driven,
inappropriate use: (1) automation bias (AB), which reflects errors of commission (following
incorrect advice) and omission (failing to act without a prompt), and (2) complacency, which
reflects reduced monitoring under multitasking or high perceived reliability (Parasuraman &

Manzey, 2010; Goddard et al., 2012).

In the domain of medicine, research on AI-Driven, Clinical Decision Support (CDS), some authors

(Bittencourt, 2025; Khera et al., 2023) have argued that evidence of AB largely incidental and post



hoc, limiting systematic insights. Recent reporting guidance from The Journal of the American
Medical Association (JAMA) was released in August 2025 regarding Chatbot Health-Advice (CHA)
studies, which are “studies assessing one or more generative Al-driven chatbots for clinical

evidence or health advice” (The CHART Collaborative, 2025, p. 6).

According to Huo et al. (2025), The Chatbot Assessment Reporting Tool (CHART) was “developed
in accordance with the highest methodological standards through a comprehensive systematic
review of CHA studies, a modified asynchronous Delphi process conducted by an international,

multidisciplinary advisory committee” (The CHART Collaborative, 2025, p. 8).

At time of this writing, the CHART tool is a living clinical practice guideline, existing as a draft
checklist with planned monitoring and updates on Al for the next two years (through end of
2026). David Rhew, MD, Microsoft’s Global Chief Medical Officer, noted the rapid evolution of
Al in clinical contexts: he suggested that opinions from only six months ago may need
reassessment due to significant improvements, and the importance of Al literacy among

clinicians (Perlis, 2025, p. 1).

The current discourse in AI-CDS highlights an example of a current, real-world pressing need for a
systematic, quantitative approaches to reliance calibration. Currently, the CHART guidance

suggests that CHA study Results (items 10a, 10b, 10c) require the following:

“l0a) Report the performance evaluation undertaken, including the alignment between
generative Al-driven chatbot output and ground truth or reference standard using

quantitative or mixed methods approaches as applicable.

10b) For responses deviating from the ground truth or reference standard, state the nature of

the difference(s).



10c) Report the evaluation for potentially harmful, biased, or misleading responses”

(The CHART Collaborative, 2025, p. 6).

In effect, this tool asks clinicians to report the alignment between system capability and ground
truth; but this still hinges on both clinicians’ biases of interpreting data, and potential biases
towards patients: “these [LLM dataset] biases may pertain to many factors, including but not
limited to race or ethnicity, sex or gender, language, and culture”. In effort to mitigate this, they
implemented an open science framework, requiring Disclosures (item 12a) to include the

following:

“12a) Report any relevant conflicts of interest for all authors”

(The CHART Collaborative, 2025, p. 9).

Clearly, whether calibrated trust and use occur is dependent on many factors. A model by Hoff and
Bashir (2015) proposed a three-layer model that extended the Lee and See (2004) model, identifying
dispositional, situational, and learned trust as interdependent layers shaped by operator,
environment, and system factors (Figure 7). These attitudinal dimensions influence reliance

behavior and help explain variation in calibration across contexts.

Having outlined the foundations, dynamics, breakdowns, and influencing factors of calibration, the
next section examines trust layers in greater depth, situating the challenge of calibrated trust in

increasingly autonomous systems within broader cognitive and socio-technical perspectives.

In practice, it is highly context-dependent who and what will lead to the incidence of calibrated
trust and appropriate use. A framework by Hoff & Bashir (Figure 7) models trust as three

inter-dependent layers—dispositional, situational, and learned trust. This model builds off of Lee



& See’s work, devising an organization of factors stemming from the operator, the environment,

and the system.

Figure 7: The three-layer model of trust, including: Dispositional, Situational, and Learned Trust

factors (Hoff & Bashir, 2015). These attitudinal factors determine reliance behavior.
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In the next section, I review some of these factors in-depth, focusing on Trust layer. Having
framed how cognition, technology, and trust co-evolved through successive industrial
revolutions, we now confront today’s central challenge: ensuring calibrated trust in ever-more

autonomous systems.



Today: Current Knowledge & Gaps in Factors Impacting Trust and

Reliance

What do we currently know about the factors shaping trust in and reliance on
automation? This section discusses the current state of research on human factors
impacting trust in automation. I then discuss the selected categories of Dispositional
Factors—culture and personality—that I have chosen to investigate due to gaps in
the literature. I then discuss recent empirical evidence investigating culture’s
impact on trust. Finally, I examine empirical methods of trust measurement used in
the literature.

Sources of Operator Variability

Meyer & Lee (2013) proposed predicting trust based on operator factors. They emphasized that
operators’ trust in systems is likely influenced by the interface with the system, such as the

information presented and its format, as well as operator training.

Schaefer et al. (2016) performed a meta-analysis of factors across Human-Robot Interaction
(HRI) and HALI, identifying: (1) a number of research gaps in operator characteristics, including:
age, trait factors, state factors, and emotive factors—such as confidence, other attitudes (e.g.,
respect), commitment, and comfort, as well as (2) the salience of automation performance on

operator trust (Schaefer, 2016).

Correspondingly, much attention in this vein of work has focused on studying the impact of
system-related factors on automation trust and use: including perceived reliability (Muir &
Moray, 1996), credibility and error salience (P. Madhavan & Wiegmann, 2007), transparency

(Chien et al., 2020a; van de Merwe et al., 2024), perceived attributes and anthropomorphism



(Bartneck et al., 2009; de Visser et al., 2016), and level of automation (LoA) (Bernabei &

Costantino, 2024; Endsley, 2018; McWilliams & Ward, 2021), among others.

eAccording to Hoff and Bashir’s human-centric model, system features are shown outside of the
main focus of the diagram, with the main focus on operator factors. In this model, the layer
Dispositional Trust is defined as a relatively stable trait layer, with four major sources of
variability: culture, age, gender, and personality. Review articles (Hancock et al., 2023; Hoff &
Bashir, 2015b; Kohn et al., 2021a; J. D. Lee & See, 2004a; Razin & Feigh, 2024) spanning the
research landscape have been some of the only papers which highlight the lack of empirical
evidence contributing to operator traits such as personality and culture. Perhaps, this may be
because “implementation of a model that considers all interpersonal differences that moderate
the calibration of trust is too complex to be considered for use in any practical setting” (Davis,
2019). Despite this, the review by the Australian Department of Defence (Davis, 2019) still
argues there is clear evidence that individual differences strongly moderate the relationship
between system trustworthiness and trust placed in it; i.e., drastic changes in system capability
recalibrates trust in some operators, while leaving others unaffected (which is consistent with

findings from Lee & Morray, 1994).

To consolidate this, the strategy in this review was to quantify trust with a single general
construct that accounts for the variance of the relevant between-individual differences, known as
propensity to trust. This trait is a measurable, valid construct with developed scales (Frazier et
al., 2013; Jian et al., 2000; McKnight et al., 2011; Merritt & Ilgen, 2008a) for empirical trust

ratings (see: Trust Measurement).



This raises the question: have we included all users in our discussions of trust? Have we truly

been Human Centered designers?

Dispositional Factors and Culture

During the time of its conception, the CASA paradigm (Nass & Moon, 2000) was not received
without critical examination: Madhavan and Wiegmann (2007) countered the view of
interpersonal equivalence in human-machine trust when compared to interpersonal trust. Paired
with a review of proponent cases (e.g., Dijkstra, 1999; Dijkstra et al., 1998), they constructed a
framework juxtaposing the differences in human-human and human-automation in the category
of Decision Support Systems (DSS), the type of cognitive automation which can relieve the
operator of decision-making tasks. However, due to the seemingly exponential rate of
innovation, the Madhavan framework likely does not apply to more advanced systems. As

iterated by Sheridan in 2019:

“In the future, with increasing computer “intelligence,” sociological considerations of
culture and morality will also become significant factors of trust in automation” (Sheridan,
2019, p. 2).

Sheridan’s view, paired with a growing body of evidence (Atchley et al., 2023; Chien et al.,
2020; Ge et al., 2024; Hoff & Bashir, 2015; Lee & See, 2004) indicates the view that certain
operator characteristics remain under-represented in empirical models that seek to quantify trust
calibration. Addressing this gap is essential, because miscalibrated trust continues to undermine
system safety and acceptance across domains ranging from automated driving (Cui & Kraus,
2021) to health care and cybersecurity (Frazier et al., 2013; McKnight et al., 2011). For instance,
Kraus et al. (2021) found that extraversion, neuroticism, self-esteem, general interpersonal trust,

and technology affinity account for substantial variance in users’ trust toward automated



vehicles, supporting a hierarchical model that links broad traits to domain-specific trust

judgments.

Recent conceptual refinements challenge the assumption that dispositional trust is
homogeneous. Razin and Feigh (2024) argue that dispositional trust comprises generic, pre-
interaction attitudes encompassing faith in persons, institutions, and technology. They
emphasize faith in technology—a slowly updated prior that exerts its strongest influence on
shared mental models and initial trust formation, yet diminishes as operators accrue direct
feedback (Razin & Feigh, 2024). Measures such as the Perfect Automation Schema (Merritt et
al., 2015) capture individual differences in idealized expectations and provide one avenue for

operationalizing these priors.

Culture

Culture, as defined by Hofstede and Bond, is ““a state of the surrounding social system”

(Hofstede & Bond, 1984, p. 1), or more elaborately:

“Culture is the collective programming of the mind that distinguishes the members of one
group or category of people from others. It can be applied to various levels, including
societal, national, gender, occupational, and organizational, each with distinct
characteristics” (Hofstede, 2011).

While human agents aggregate into societies, machine agents are aggregated into technological
landscapes: as illustrated with respect to the theory of Cumulative Technological Culture (CTC)
(De Oliveira et al., 2019), demonstrated by the history of technological changes during the
Industrial Revolutions (Groumpos, 2021), and by rationale that Compters Are Social Actors
(Nass & Moon, 2000). Because culture is a property emerging from systems of interacting

agents, each of Hofstede’s cultural dimensions reflect measures which emerge from group-level



interactions. Especially due to the ubiquity of automation technologies today, in studying human-
machine interaction, we are studying a newer, inter-agent type of culture: that which include
both machines and humans. Thus, it makes sense to understand how existing measures of
interpersonal culture from groups of people fit into this new definition of culture, which

encompasses our interactions with machines.

Though there are a variety of approaches to operationalizing culture, some of the more popular
frameworks include Triandis’ Cultural Syndromes comprised of cultural complexity, cultural
tightness, individualism, and collectivism (Triandis, 1996), Hofstede and Bond’s Cultural Values
(Hofstede & Bond, 1984), and Leung and Cohen’s Culture x Person x Situation (CuPS) approach
(Leung & Cohen, 2024), proposing the existence of three Cultural logics —Honor, Dignity, and
Face (Leung & Cohen, 2024). Each of the cultural logics groups largely clustered by how
individuals value self-worth: internally (Dignity), externally (Face), or both (Honor), and by each

of Hofstede’s dimensions.

Importantly, Hofstede (2011) warned against stereotyping individuals based on national culture
scores, emphasizing the statistical link between culture and personality and the wide variety of
individual personalities within each culture. Due to difficulties with “psychometrically
disappointing” results of reliability at the individual level in prior studies of dimensionalizing
Hofstede’s Cultural Values, Yoo et al. (2011) developed and validated the Individual Cultural
Values Scale (CVScale), which translates the five dimensions into an adequately reliable, valid,

across-sample and across-national generalizable scale at the individual level (Figure 8).

Figure 8Figure 8).



Figure 8: CVScale Dimensions: Hofstede’s Cultural Values and corresponding definitions

(Hofstede & Bond, 1984; Yoo et al., 2011).

Dimension

Definition

Power Distance

The extent to which the less powerful members of institutions and

organizations accept that power is distributed unequally

(Hofstede & Bond, 1984, pp. 3—4)

Uncertainty The extent to which people feel threatened by ambiguous situations and have
Avoidance created beliefs and institutions that try to avoid these.

(Hofstede & Bond, 1984, pp. 3—4)
Individualism Individualism = a situation in which people are supposed to look after

vs. Collectivism

themselves and their immediate family only

Collectivism = a situation in which people belong to in-groups or collectives

which are supposed to look after them in exchange for loyalty

(Hofstede & Bond, 1984, pp. 3—4)

Masculinity vs.

Femininity

Masculinity = a situation in which the dominant values in society are

success, money, and things




Femininity = a situation in which the dominant values in society are caring

for others and the quality of life

(Hofstede & Bond, 1984, pp. 3—4)

Long-Term Long- versus short-term orientation toward planning for the future

Orientation
(Yoo etal.,, 2011, p. 194)

Empirical Studies

In the research domain of Trust in Automation, Chien et al. (Chien et al., 2014; Chien, Sycara, et
al., 2016; Chien et al., 2018, 2020b) conducted a series of studies examining how culture
influences automation use. Among the few empirical studies evaluating culture as a dispositional
factor of automation trust, the researchers measured culture using Leung and Cohen’s three
cultural logics. Among these papers, they developed a culturally-sensitive trust instrument
(Chien et al.,2014) and examined how cultural logics impact trust during an Unmanned Aerial
Vehicle (UAV) task (Chien et al., 2016), finding significant links between these cultural logics
and trust. For example, Westerners in the Dignity group exhibited the “swift trust” hypothesis,

aligning with the logic of internalized valuation of self-worth prevalent in individualist cultures.

Chien et al.’s study limitations leave much for researchers to explore in the relationship between
trust in automation and cultural dimensions: (1) cultural cohorts of Dignity, Face, and Honor are

qualified by geographic location (US, Taiwan, and Turkey, respectively), and (2) the contextual



application. While applied practice is often useful, this task represents only one of many contexts

in which the factor of operator experience interacts with performance.

Another study relevant to human-automation interaction, using the Moral Machine online survey
study platform (Awad et al., 2020), investigated cross-cultural moral decision-making in
hypothetical situations involving autonomous vehicles. From the large survey sample
(N=70,000) arose three clusters of cultures arising from moral decision-making when faced with
difficult situations of autonomous vehicle routes (which, interestingly, appear similar to Leung
and Cohen’s Dignity, Face, and Honor logics). Although not directly within the same human-
machine trust domain, this study demonstrates findings which further underscore variability in

cultural dispositions towards human-machine interactions.

Trust Measurement

Traditional measures of trust include self-report scales (such as Jian et al., 2000; J. D. Lee &
Moray, 1994; Merritt & Ilgen, 2008b; and Merritt, 2011). Treating trust as an antecedent of
reliance (Dzindolet et al., 2003) allows behavioral reliance to serve as a metric, as demonstrated
by Miller et al. (D. Miller et al., 2016) and Fu et al. (Fu et al., 2019) in partially automated
driving tasks, where the driver of a partially automated vehicle needed to demonstrate
appropriate trust: either allowing the vehicle full control, or taking control of the vehicle when

necessary.

Kohn et al. (Kohn et al., 2021a) list nine trust behaviors: combined team performance, outcomes,
compliance/agreement rate, decision time, delegation, stakes invested, intervention, reliance,

response time, and verification.



Measurement of dispositional traits has matured considerably in terms of granularity and
specificity to human-automation interactions. For instance, personality traits specific to
automation trust propensity—Faith in General Technology (McKnight et al., 2011), Propensity
to Trust in Machines (McKnight et al., 2011), Propensity to Trust (Interpersonal; Frazier et al.,
2013), Trust in a Specific Technology (McKnight et al., 2011)—measure an operator’s

dispositional indices of baseline automation trust.

Measuring trust calibration by alignment of trust, reliance, and system capability has attempted
by some (Lucas et al., 2024; McDermott & Brink, 2019; Pop et al., 2015, Chancey, Bliss,
Yamani, & Handley, 2017; Mercado, Rupp, Chen, Barber, Procci & Barnes, 2015; Merritt, Lee,

Unnerstall, & Huber, 2015; Wiegmann, Rich, & Zhang, 2001).

Razin and Feigh’s (2024) meta-analytic framework integrates these and more dispositional
measures into Hoff and Bashir’s three-layer trust taxonomy, including links between culture,

personality, and dispositional faith in technology.

By foregrounding this measurement gap between highly differentiated trait measures and
dynamic behavioral indices, the next section turns to the future agenda of automation systems,
examining how emerging regulatory frameworks and interaction paradigms must draw on
person-centered trust models to guide the safe, equitable, and effectively calibrated deployment

of next-generation autonomous technologies.



Figure 9: A model of trust constructs arising from a meta-analysis of trust measures (Razin &

Feigh, 2024).
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Tomorrow: Research for Emerging Technologies

Where are automation technologies headed, and what does that mean for the future
of human-machine interaction? This section briefly discusses examples of practical
regulatory practices in place for emergent automation technologies. I discuss the
prevalence of collaborative interaction designs foreseen in these systems, and how
this might foster effective human-automation interactions. In the technical context,
this section supports reasoning about selecting a delegation or tasking interface,
which is a crucial aspect of the system design I have chosen to explore.

Designing Novel Systems

“Engineering relies on standards often at the expense of diversity, and civic life thrives on

diversity with frequently no standards for coordination.”

- Guru Madhavan, Wicked Problems: How to Engineer a Better World (G. Madhavan,
2024)

A fundamental tension exists between the imperatives of engineering precision and the vitality of

human variation. Nowhere is this opposition more salient than in the design of emerging



autonomous technologies. Ideally, human—automation teams circumvent human errors.
Realistically, human—machine systems are complex, and effective design requires understanding

variability in human cognition (Madhavan & Wiegmann, 2007, p. 280).

Osiurak et al. (2018)’s work follows Physical Tools and Sophisticated Tools by referring to their
next generation artifacts as Symbiotic Tools: highly individualized technologies that adapt to—
and are, in turn, shaped by—the user. Research on brain—computer interfaces illustrate this
category, but more pressing future technologies await for researchers to impose safer and more
ethical solutions. These include the assessment of cognitive health (Dergaa et al., 2024),
educational practice (Triberti et al., 2024), design of decision-support systems (Marocco et al.,

2024), and digital agriculture (Dara et al., 2022).

A recent article defines Artificial-Intelligence-Chatbot (AIC) Induced Cognitive Atrophy
(AICICA), which refers to the potential deterioration of essential cognitive abilities resulting
from an overreliance on AICs (Dergaa et al., 2024). The authors call for research to investigate
the effect of AICs across individual differences, as the human-like conversational nature, and
immediacy of active and/or personalized information (as compared to static information, such as
search engine results) might foster a deep sense of trust and reliance in some users, which can
induce changes in brain circuitry—such as decision-making processes, learning, and emotional
responses. They call for studies meticulously controlling for diverse populations and contexts to
gain insights into engagement with AICs to assess over-reliance and implications on cognitive

functioning.

This need aligns with the general, emerging vision of Industry 5.0, which seeks to move beyond

the machine-centric ethos of Industry 4.0, and towards a more human-centric paradigm.



Shneiderman (Shneiderman, 2020) describes this shift (originally used in the scope of Al) as a
“Second Copernican Revolution” which places humans at the center of the design process.
Rather than replacing the worker, Industry 5.0 aspires to blend human creativity and flexibility
with the precision and endurance of smart machines, thereby personalizing services, enhancing
sustainability, and restoring agency to end-users (Groumpos, 2021; Huang et al., 2022;
Mathur et al., 2022; Taj & Zaman, 2022). Realizing this vision, however, requires adept

implementation.

Regulation of Novel Automation Systems

The U.S. National Institute of Standards and Technology’s voluntary Al Risk Management
Framework (Tabassi, 2023) articulates broad principles but offers little specificity on how to

accommodate individual differences in designing emergent systems.

Likewise, the European Commission’s proposed Al Act (European Commission, 2021) defines
“high-risk” AT systems according to intended use and potential harm, mandating transparency

and post-market monitoring.

Dynamic and Collaborative Systems

“Over a longer period of years, as computer control and artificial intelligence become
more sophisticated, certain human functions in teleoperation may be replaced, but greater
need and demand will be placed upon other human functions, and in these respects the
need for improved man-computer interaction will increase, not [diminish]” (Sheridan et
al., 1978).

Flexible or relational interaction paradigms are typically discussed as alternatives to human-

monitored, supervisory control in terms of the type of Levels of Automation (LoA) (Parasuraman



et al., 2000). Flexible systems are generally characterized by the proportion of work being

automated for a given task.

Recent discourse on the relational approach to trust posits benefits to future interaction designs.
Essentially, in this type of paradigm agents are arranged into interdependent, lateral structures of

social teaming, which resemble relationships similar to co-workers.

Chiou & Lee (2023) propose that the design of modern automation systems has the potential to
enhance human-automation interaction viz-a-vis a “relational” approach to human-machine trust.
Building on Schilbach et al.’s (2013) interactive view of social cognition, Chiou and Lee (2023)
argue that relational teaming within “interdependent, lateral structures that replace Tayloristic
hierarchies” (Adler, 2001; Chiou & Lee, 2023). These frameworks reframe static trust into a

real-time construct of “trusting” between two-agent “dyads”.

This dynamic relational framework to trust resonates with forecasts by Frey and Osborne (2013,
2017), who catalogue an expanding roster of Al agents—conversational assistants (Allen, 1999),
affect-sensitive robots (Breazeal, 1999), cognitive tutors (Castelfranchi, 1998), safety-critical

“co-bots” (Knight, 2003), ethically adaptive autonomous vehicles (Wagner & Arkin, 2008), and

alliance-management agents (Blomqvist & Stahle, 2004).

Flexible function-allocation and mixed-initiative interfaces have been shown to enhance situation
awareness and workload balance when humans and automation collaborate on a hierarchical task
model. In particular, so-called tasking or delegation interfaces (C. A. Miller & Parasuraman,
2007)--wherein the operator delegates a level of reliance on the automated system continuously
throughout interaction-- are useful adaptable system designs which may improve task efficacy by

mitigating operator fatigue to a level fine-tuned to their own capabilities, improving situational



awareness, and enhancing trust dynamics compared to static, supervisory control structures (C.

A. Miller & Parasuraman, 2007).

This type of adaptable automation both allows the operator to control the amount of the task, and
which tasks, each agent performs. Parasuraman et al 2007 propose that tasking interfaces “allow
the operator to “finish the design” opportunistically in the context of use” (Miller and
Parasuraman, 2007, p. 8). More recent examples of dynamic, flexible relationships includes a
multilevel model of trust in human—agent teams proposed by Wildman et al. (Wildman et al.,
2024), in which trust is “multireferent”—i.e., not only should we study users’ trust in Al, but
also AIl’s trust in users—and “multilevel,” emphasizing the importance of team-level trust in

relevant, emerging applications involving a team of more members than a dyad.

As discussed in Calibrated Trust and Reliance, assessing calibrated trust or use necessitates task
or functional decomposition first, down to some layer of primitive actions that are executable by
the event-handling and control algorithms of the to-be-controlled system in order to assess
capability level of either agent with respect to a given task. Interestingly, task decomposition
seems to reflect an innate way to coordinate work between supervisors & subordinates (Klein,
1998)—which serves as a useful vocabulary for issuing supervisory control instructions,
reasoning about work to be performed, and organizing reports on the progress of such work

(Miller and Parasuraman, 2007, p. 8).

Yet the empirical knowledge base for understanding the factors driving choices in use of
adaptable systems remains thin, particularly with regard to how dispositional traits shape
delegation strategies. Without this knowledge, both regulators and designers risk prescribing

one-size-fits-all solutions.



However, the number of observable and latent factors converging to ecologically-valid
attitudinal attributions towards an automated entity tend towards infinity as systems become
more complex. This review of the literature underscores a convergence of quantitative metrics to
evaluate trade-offs in system design. The exploratory research study design that follows is
positioned at this intersection, in which I attempt to quantify calibrated use of automation, as
well as examine the influence of cultural values and dispositional traits on this calibration—i.e.,

to understand how different people interact with automation.



Method

Research Questions

1. How do dispositional traits and cultural values influence trust and reliance on an
adaptable, automated system?

2. Can we quantify the alignment of an operator’s reliance to a system’s actual capability?

Study Design

I designed a behavioral study that includes (1) survey measures to collect cultural values and
dispositional trust traits, and (2) a tasking or delegation interface (C. A. Miller & Parasuraman,
2007), which I named “Calibratio” to collect real-time metrics of reliance on an adaptable system
across varying levels of capability and repeated trust measurements. Details on both the survey

measures and the delegation interface are detailed below.
Survey Measures

I chose to focus the survey measure battery on investigating the largely understudied
dispositional factors of culture and personality as related to trust in automation. The full table of
measures collected are in the Appendix, but the most relevant dimensions which are used in the

SEM model and exploratory analyses are found in Figure 10.

I operationalize the factor culture using Yoo et al.’s (2011) CVscale, which includes dimensions
Power Distance, Uncertainty Avoidance, Collectivism (reverse-score for Individualism),

Masculinity, and Long-Term Orientation. I chose this set of traits to measure Hofstede’s



dimensions of cultural values at the individual level, and to further granularize the limitation of
measuring culture purely from geographic location, as done by prior studies (Awad et al., 2020;

Chien, Lewis, et al., 2016).

The personality dimensions are largely based on traits which describe an operator’s dispositional
trust in technology. We initiated this process by investigating the most relevant trust constructs
to our study, drawing on information from recent reviews of trust measurement (Kohn et al.,
2021b; Razin & Feigh, 2024). The model derived by Razin and Feigh in their meta-review

(Razin & Feigh, 2024) ultimately guided my selection of trust constructs and scales.

For general trust, I use Frazier et al.’s (Frazier et al., 2013) Propensity to Trust scale (coded as
PTT). We also selected McKnight’s (McKnight et al., 2011) Trusting Stance—General
Technology scale, and renamed this to General Propensity to Trust in Machines scale (coded as
GPTM) for the purpose of highlighting a the comparison with Frazier’s interpersonally-oriented
PTT scale. For Faith in Technology, we use McKnight’s (McKnight et al., 2011) Faith in

General Technology (coded as FIGT).

To assess trust, I use McKnight’s (McKnight et al., 2011) Trusting Belief-Specific Technology
(combining subscales for Reliability and Functionality), adapted for the automated agent in our
study. I operationalize this adaptation by presenting the scale alongside a vignette briefly
describing the task. Accordingly, I refer to this scale as Trust in Otto (coded as TIO). Finally, I
also collected a self-assessment of performance after each round by asking participants, “If
sorted 100 shapes, how many would I sort correctly?” Because this is not a validated measure of
performance, I employ this as “Self-Assessment of Performance” (coded as SA). The self-

assessment of performance (SA) construct (i.e., perceived ability on a simple shape-sorting task)



was created for high context relevance to the task. Prior research (Wanous et al., 1997) shows
single items can be valid for highly concrete and unidimensional constructs. Further, the item’s

face validity was assessed following pilot trails.

Figure 10: Measures used for SEM analysis with symbolic representation, description, and point of

collection in reference to the Methodology

Scale Measure Symbol Details Collection
Point
CVscale (Yoo et al., Power PD Composite score of each | Pre-Task
2011) Distance serve as predictors of Surveys
Uncertainty UA baseline trust
Avoidance

Collectivism CO

Masculinity MA

Long-Term LTO

Orientation

Converged Reliance | Reliance Reonv Median value of During each
reliance for last 30s of | Stage for each
each Stage Capability
Level (40, 60,

80)




Trust in a Specific Baseline and TIO, Composite Score of After each
Technology— In-Task Trust | Tcomp Reliability and Stage for each
Functionality and Score Functionality subscales | Capability
Reliability subscales Level (40, 60,
(McKnight et al., 80)
2011)
Propensity to Trust Perceived SA Considering both your | After each
(Interpersonal) Self- and Otto’s performance | Stage for each
(Frazier et al., 2013) | Competence in the last round of the Capability
Rating game: If I sorted 100 Level (40, 60,

shapes, how many 80)

would I sort correctly?

If I sorted 100 shapes, I

think I would sort

shapes correctly out of

100 shapes.
Faith in General Faith in FIGT Composite score of each | Pre-Task
Technology General serve as predictors of Surveys
(McKnight et al., Technology baseline trust

2011)




General Propensity to | Propensity to | GPTM

Trust Machines Trust
(McKnight et al., Machines
2011)

Propensity to Trust Propensity to | PTT
(Frazier et al., 2013) | Trust -

Interpersonal

Delegation Interface

I conducted a simulation-based task to study operators in a human—machine system, drawing this
technique from past empirical studies (including: Alarcon et al., 2021; Capiola et al., 2024;
Chien, Lewis, et al., 2016; Hussein et al., 2020; J. D. Lee & Moray, 1994b). As Lee and Moray
(1994) put it: although such microworlds are orders of magnitude less complex than real-world
processes, they capture the essential elements of supervisory control while enabling systematic
manipulation and replication. Lee and Moray’s orange-juice pasteurization microworld was
“designed to capture some of the complexities of the actual work domain, but in a way that
allowed a greater degree of experimental control” (J. D. Lee & Moray, 1994b, p. 156).
Essentially, this trade-off balances ecological validity with the flexibility researchers need to

vary conditions and repeat the task across participants.

The task, which I named “Calibratio”, is a collaborative shape-sorting task built with Unity that
quantifies participants’ interactions with the sorting assistant, an adaptable system I named
“Otto”, by tracking delegation of the task load between the participant and the system. The

collected data from Calibratio includes repeated measures of: (1) real-time quantification of



reliance on a continuous ratio scale, (2) post-round quantification of different dimensions of trust
in Otto using a survey measure, and (2) post-round quantification of self-assessment of

performance.

Game Detail

The game includes the 1 Baseline Stage, and 3 Game Stages, which are detailed below:

(1) Baseline Stage

The game begins with a Baseline Stage where the participants are given instructions to play the
sorting game on their own. The goal of the Baseline Stage is two-fold: (1) for participants to get
acquainted to the task and (2) to calibrate a spawn rate of the puzzle pieces for the participant’s
individualized performance. The spawn rate adjusts on a rolling basis to the corresponding
individual performance level, setting the actual gameplay spawn rate to yield participant
performance of 80% ability to sort shapes in time, thus requiring at least some delegation of the
task to Otto. The same individualized spawn rate for each participant is carried on throughout the

remaining Stages of the game.

The goal of Calibratio is to sort puzzle piece shapes as they travel down a conveyor belt (Figure
11), in order to accumulate as many points as possible. The participants sorts the shapes by

pressing A, S, or D with their left hand (



A Puzzling Mishap

A game manufacturer's puzzle pieces have all been mixed
together due to a production error. Your job is to sort the pieces
by shape.

BACK Slide 2 of 10 CONTINUE

Figure 12) to sort a shape when it is in the dark blue “sorting zone”. This accumulates a score
displayed to the participant on the interface in the form of “Correct”, “Incorrect” and “Missed”.
One point is given to the participant’s Total for each “Correct” sorted shape, 0 for each

“Incorrect” or “Missed” shape, and the accumulated tallies are updated respectively.



Figure 11: An introduction to the delegation interface poses a factory setting to induce participant

engagement with a realistic, goal-oriented setting.

A Puzzling Mishap

A game manufacturer's puzzle pieces have all been mixed
together due to a production error. Your job is to sort the pieces
by shape.

BACK Slide 2 of 10 CONTINUE

Figure 12: Instructions given to participants before the Baseline Round to sort with the A, S, and D

keys.

Sorting with Keyboard Keys

There are 3 puzzle piece shapes: each piece is sorted by
pressing the keyboard key A, S, or D.

BACK Slide 4 of 10 CONTINUE




(2) Gameplay Stages: Stage 1, Stage 2, and Stage 3

There are three Gameplay Stages in Calibratio. A sample screenshot of the game interface during
the Stage 1 is shown in Figure 13. Gameplay round 1 starts with an introduction of Otto, the
robot employed to help participants sort the shapes on a separate track. The participant is given
instructions on how to delegate the proportion of “Workload” (0-100%) to Otto throughout the
game, including during intermittent breaks during gameplay. The breaks are inspired by the
general idea of situational awareness (SA) orientation in task pauses from Endsley’s Situation
Awareness Global Assessment Technique (SAGAT) (Endsley, 1988). Although we do not
actually collect SA as a metric, we employ the breaks so that participants are able to better

employ SA of the score board.

The tasking interface is similar to the interface in the Baseline Round, but additionally includes:
(1) Otto’s track above the participant’s track, (2) a separate scoreboard for Otto, (3) a display of
the Joint Score to depict the sum total of the participant’s score and Otto’s score, (4) real-time
feedback in the form of X-marks and check-marks on Otto’s track above the sorting zone to
depict correctly sorted pieces (check marks) and missed pieces (x marks), and (5) the reliance or
workload “knob”, including numerical representation of their real-time delegation to either
agent. During round start, the knob begins at an initial position of 100% delegated to the player,
and 0 to Otto, which enables the player to calibrate their reliance based on explicit knowledge

and on trust.

During gameplay, the participant can change allocation of the workload— i.e., reliance on the
system— by using the up and down arrow keys with their right hand (Figure 14)—which

provides a near-continuous ability to adjust their reliance on Otto. Otto cannot make an error in



sorting but becomes overloaded if allocated more of the task than Otto’s capability level for the
round. Otto’s capability level varies throughout gameplay: in randomized order across
participants, Otto is able to sort pieces on time with respect to three levels of capability: 40%

(low), 60% (medium), or 80% (high) of the task load.

Following each round, participants are given the same scales to measure trust, using McKnight’s

(2011) Reliability and Functionality subscales.



Figure 13: A screenshot sample of Calibratio during Round 1, where 80% of the workload has been

delegated to Otto.

OttO Stage 1 of 3 J { Items spawned: 36 / 200 =
Correct: 17
Incorrect: 0
Missed:

You

Correct:
Incorrect:
Missed: 14

Combined
Correct: 13

Incorrect: 1
Missed: 14

Figure 14: Instructions given to participants to change their workload/reliance on Otto using the up

and down keys.

Sharing Workload with Otto

Press the up arrow key A to increase Otto's share and
decrease your share of the pieces

Press the down arrow key v to decrease Otto's share and
increase your share of the pieces

m Slide 7 of 10 CONTINUE




Figure 15: Example of a break during Gameplay

Otto | Stage 1 of 3 ‘ {
Correct: 39
Incorrect: Q
Missed: 17

Break Time!

YO u You may use this time to reallocate work distribution.

Use the Up and Down Arrow Keys on your keyboard to
shift the workload between Otto and you.

Correct: 6
Incorrect: 1
Missed: 17

Break ends in 55

Combined

Correct: 45
Incorrect: 1
Missed: 34

Task Considerations

The flexible delegation interface also addresses the pitfalls as advised by Miller and Parasuraman

(2007):

“It is critical that such an approach avoid two potential problems. First, it must make the
task of instructing automation to behave as desired achievable without excessive
workload. Second, it must ensure safe and effective overall behavior” (Miller and
Parasuraman, 2007, p. 8).

To address these two points, we implemented the following:

(1) To mitigate excessive workload:
a. As described above, the participant’s workload is fixed at 80% performance
during the Baseline Stage, therefore controlling for independent skill levels which

may very across individuals.



b. As described above, the delegation interface lets participants voluntarily adjust
their desired reliance on Otto.

c. As described above, intermittent breaks are given to participants each round to
enable better SA of the scoreboard.

(2) To ensure effective overall behavior (safety is likely less of a concern in this simulation
context), Otto’s reliability (performance) is designed to be highly transparent to the
participant in the following ways:

(3) During each pre-round briefing, Otto’s level of capability to the player prior to the start of
the task (

(4) Figure 17).

(5) The score board accurately reflects Otto’s real-time score during the gameplay, as well as
after each round.

(6) Feedback in the form of red X’s and green checkmarks are shown on Otto’s track as each

piece is sorted.



Figure 16: Participants are told that their the allocation of workload is voluntary.

Sharing the Workload with Otto

It's up to you when and how much you want to rely on Otto!

Figure 17: An example of Otto’s stated reliability prior to Stage 2, which was randomly assigned as

40% for this particular instance.

OttO Stage 2 of 3 H Items spawned: 200 / 200 J
Correct: 0
Incorrect: 0

Missed:

Otto's Reliability

Yo u Round 2 will begin after this stage

Every round, Otto's reliability will change. This round, Otto says,

Correct ‘my reliability this round is 40%.'

Incorrect:

Missed:
Combined ‘ .
Correct: 0
Incprrect: 0 A S
Missed: 0




Sample

Inclusion and Exclusion Criteria

The inclusion criteria for participants were as follows: they must be at least 18 years of age,

located within the United States, proficient in English, and active users of Prolific.

Planned Sample and Power Analysis

I planned to recruit a representative U.S. sample of 100 participants through the Prolific
platform, resulting in approximately N = 300 observations across all task stages. The target
sample size was based on an a priori power analysis to detect a small-to-medium effect size
while accounting for potential exclusions and missing data. Because GPower does not directly
support power analysis for structural equation modeling (SEM), I approximated the required
sample size using a linear multiple SEM model with the largest number of predictors in any SEM
equation (k = 11). Using G*Power, Linear multiple SEM: Fixed model, R? deviation from zero, |
conducted an a priori power analysis using G*Power 3.1.9.7 (a = .05, 1 — 3 = .80, 2= 0.06)
indicated that a minimum of 290 participants would be needed. The effect size (> = 0.06) was
based on Cohen’s guidelines (Cohen, 2009), where f* values of 0.02, 0.15, and 0.35 represent
small, medium, and large effects, respectively. I selected 0.06 to reflect a small-to-medium
effect, which is typical in trust in automation research (Hoff & Bashir, 2015b; J. D. Lee & See,
2004a). I targeted 200 participants to ensure sufficient power for the most complex part of the

SEM and to allow for attrition.



Sampling Procedures

I developed a quantitative, repeated-measures experimental design conducted across participants.
The study was administered using Prolific to a representative sample of US participants,

stratified by ethnicity.



Analysis

Modeling Approach

SEM was chosen because it allows simultaneous estimation of direct and indirect effects (Kline,
2016), providing a holistic understanding of relationships among dispositional factors, trust, and

reliance.
The SEM included three linked components:

(a) baseline trust formation modeled as a function of cultural dimensions (PD, UA, CO, MA,

LTO) and dispositional trust measures (PTT, FIGT, GPTM);

(b) Overall trust after experience modeled as a function of baseline trust, system capability (cap),

and updated self-assessment of performance (SA); and

(c) Reliance calibration modeled as a function of overall trust, system capability, self-assessment
of performance, cultural dimensions, and dispositional trust measures. Converged reliance was
quantified using the median value of reliance during the last 30 s of Stages 1-3, identified via

preliminary time-series plots of a pilot study.



Structural Equation Model Specification

Guided by Lee & See’s (2004) trust framework, the cultural-factor findings in Chien et al.
(2016), and Hoff & Bashir’s (2015) three-layer model, I specified an observed-variable path

model with three layers, accounting for both direct and indirect effects:
Equation 1: Baseline Trust Formation

Teomp, = B*PD + B2-UA + p3-CO + p*-MA + B>-LTO + B®-PTT + B’-FIGT + B%-GPTM + ¢!

Equation 2: State Trust After Stage
Teom=7"T +vy?-cap +y>-SA + €2
comp Y Comp0 Y pTY
Equation 3: Converged Reliance Calibration

Repy= 8" Teomp+ 8°-cap + 8°-SA +8*PD + §”-UA +8°-CO + §'-MA + §°-LTO + §”-PTT +

§'%-FIGT + 8'!-GPTM + &3
Legend

PD = Power Distance

UA = Uncertainty Avoidance
CO = Collectivism

MA = Masculinity

LTO = Long-Term Orientation

PTT = Propensity to Trust

FIGT = Faith in General Technology



GPTM = General Propensity to Trust Machines

cap = Otto's Capability
SA = Self-Assessment of Performance
Tcompo = Composite Trust Score at Baseline

Tcomp = Composite Trust Score After Stage

el,e2,e3 = Error Terms

Exploratory Model Specification

To quantify calibrated use, I adapted the Time-in-Range (TIR) technique from endocrinology
(Wright et al., 2020). Often used as Percent-TIR (%TIR), this metric evaluates glucose levels in
real-time for people wearing on-body continuous glucose monitoring devices for diabetes. With
this technique, the %TIR is calculated by taking the percentage of the total time range in which
the dependent variable is within a specified, desirable range of a target. Accordingly, the percent
of time spent above the target band would be considered Misuse, and the converse being the

percent of time spent below the target would be considered Disuse.

%TIR was defined as the percentage of time reliance remained within +£10% of Otto’s capability

during each stage:
Equation 4: Use-in-Range (UIR)

Cj = 10

|
Uij =

=3

ij



Legend

Uj; = proportion of pieces allocatedd to Otto within + 10% of Cj
T;; = total pieces of stage j for user i

Cj; = Otto’s capability for user i at stage j



Results

The results section includes the statistical examination of the following: sample data, survey
metrics, trust and reliance metrics, correlational and covariance matrices of SEM model

variables, SEM model outcomes, and exploratory model findings.

Sample Data

The final analytical sample included 189 participants, which totaled to N = 567 observations,
after removing 29 cases for incomplete surveys (on cultural and dispositional trust traits) and 45
cases for incomplete game metrics (of trust and reliance outcomes). This was more than a

sufficient N to detect the expected effect size, considering the a priori power analysis.

Survey Metrics

Due to the large number of collected variables, the distributions of only the variables used in the
SEM model and the exploratory model are analyzed. Comprehensive tables of all correlation and

variance matrices are found in the Appendix.

The survey metric summary is depicted in Figure 18. Comparing the means and trimmed means,
the data demonstrates how all dispositional factor measures with the exception of Masculinity
(MA) are robust to outliers. The difference in the mean and trimmed mean for MA (~0.2)
suggests some skew or outliers in these responses, which aligns with its skew (1.351) and
kurtosis (1.436), which means the Masculinity dimension is not as robust as the other dimensions
to outliers, which may have slightly impacted a bias in this trait on the SEM outcomes (discussed

in appropriate section below).



Figure 18: Descriptive Statistics

Variable N  Mean SD Min Max
T Comp0 567  77.86  23.75 0.00  100.00
T Comp 567 8324  21.76 0.00  100.00
converged_reliance 567  52.18  20.06 0.00 100.00
ottocap 567  60.00 1634  40.00 80.00
SA 567  11.95 16.61 0.00  100.00
PD 567 1.59 0.69 1.00 3.67
UA 567 4.56 0.54 2.67 5.00
CcO 567 3.36 0.89 1.00 5.00
MA 567 1.95 1.05 1.00 5.00
LTO 567 4.26 0.62 2.00 5.00
PTT 567 3.41 1.09 1.00 5.00
FIGT 567 3.67 0.79 1.50 5.00

GPTM 567 342 1.08 1.00 5.00




The summary metrics of composite outcome variables are listed in Table Figure 21: Composite
Trust and Reliance Summary . Across all levels of capability, participants reported high
composite trust (Teomp) (mu = 83.24, sd = 21.76) and baseline trust (Tcompo) scores (mu = 77.26,
sd = 23.83), with modest negative skew (-1.91 and -1.14, respectively), meaning most people
clustered towards the upper end. Converged reliance across all levels of capability sits closer to
the midpoint (mu = 52.18, sd = 20.06), indicating trust may not inherently translate into full

automation use.

For ease of understanding the skew and kurtosis, the distribution of all dispositional factors are
displayed in Figure 19. Notably, I likely did not capture a full range of cultural values in the
sample: individuals were more likely to rate high on Long-Term Orientation and Uncertainty
Avoidance, and more likely to rate very low on both Masculinity and Power Distance. The
sample also captured a characteristic distribution of the Collectivism ratings, which starts to
increase moving from the lower end of Collectivism scores until a steep drop observed right after
the midpoint of these ratings. Furthermore, the ratings on trust propensity traits (Faith in General
Technology, General Propensity to Trust Machines, and Propensity to Trust) each skewed
towards the upper-middle range of the respective trait, meaning that people in this sample were

more likely to have a higher tendency to trust, in both people and technology.



Figure 19: Standardized Distribution of Dispositional Factors

Cultural & Dispositional Factors (All Stages Combined)
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Trust and Reliance Metrics

Summary statistics of the Trust subscales (reliability and functionality) are shown in Figure
Figure 20: Trust Subscale Summary These subscales appeared to rate very similarly (reliability:
mu = 81.85, sd = 22.65; functionality: mu = 85.10, sd = 21.77) across all stages. Because the
findings reflect an overlap of these system attributes (mu = 90.00, sd = 22.65, skew = -1.80,
kurtosis = 3.01; and mu = 93.33, sd = 21.77, skew = -2.02, kurtosis = 3.95, respectively), it

confirms that analysis of the collapsed subscale ratings (Tcompo and Tcomp) 1S appropriate.



Figure 20: Trust Subscale Summary Figure — All Stages

var n | mea |sd media | trimm | mad | mi | ma | rang | ske | kurtos | se
n n ed n |x e A4 is
Reliability | 56 | 81.8 | 22.6 | 90.00 | 86.44 | 148 |0 |10 | 100 |- 3.01 0.9
7 |5 5 3 0 1.8 5
0
Functional | 56 | 85.1 | 21.7 [ 93.33 | 89.89 |9.88 |0 |10 | 100 |- 3.95 0.9
ity 7 10 7 0 2.0 1
2

The composite baseline (Tcompo) and in-task trust (Tcomp) ratings, as well as the converged
reliance ratings, across all stages are shown in Figure Figure 21: Composite Trust and Reliance
Summary Figure, with its distribution visualized in Figure 22. Moving from the baseline to the
in-task trust ratings in this collapsed view, more people who rated lower baseline trust in Otto
tended to increase their trust after experiencing the gameplay. A further breakdown by stage for
in-task trust and converged reliance is visualized in Figure 23, which demonstrates general
stability (with a very slight, visible downwards trend) in both in-task trust and converged
reliance as the stages progress from 1 to 2 to 3— however, the order of stages is agnostic to
Otto’s capability, due to randomization of order, so this breakdown by capability is visualized in
Figure 24: Standardized Distribution of Converged Reliance and In-Task Trust Ratings - By
Otto's Capability. A clear trend in the distribution densities are demonstrated here, in which
people tended to rate higher trust in Otto as the capability increased from 40 to 60 to 80.

Furthermore, the “flattening” of the converged reliance distribution is observed from 40 to 60 to



80, demonstrating a case in which there is a wider variability in automation use as the capability

of the automation increases.

Figure 21: Composite Trust and Reliance Summary Figure — All Stages

var n |mea |sd |medi |trimm | mad | mi | ma | ran |ske | kurto |se
n an ed n [x |ge |w |sis
T Comp 56 | 83. |21. [90.4387.78 |13. |0 |10 | 100 |- 3.50 109
7 124 |76 34 0 1.9 1
1
T _Comp0 56 | 77. |23. |87.14 | 81.31 |19. |0 |10 | 100 |- 044 |1.0
7 |66 |83 06 0 1.1 0
4
Converged reli | 56 | 52. | 20. |55.00 | 53.33 | 14. |0 |10 [ 100 |- 0.67 [0.8
ance 7 |18 |06 83 0 0.5 4




Figure 22: Standardized Distribution of Converged Reliance, Composite Trust, and Baseline Trust

- All Stages

Trust & Reliance Variables (All Stages Combined)
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Figure 23: Standardized Distribution of Converged Reliance and In-Task Trust - By Stage
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Figure 24: Standardized Distribution of Converged Reliance and In-Task Trust Ratings - By Otto's

Capability

Trust & Reliance Variables by Otta's Capability
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20
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An additional visualization which includes the dimension Self-Assessment of Performance (SA)
is visualized between the prior graphs in Figure 25. This highlights an almost opposite
relationship between in-task trust and self-assessment, and an opposite trend with converged
reliance. Further, this shows the same trend in less variability in self-assessment of performance
as the automation capability increases. People almost always rated themselves and Otto
orthogonally, and tended to rate themselves lower as Otto’s capability increased. Albeit a weaker
relationship, this trend of self-assessment of performance is also reflected in their behavioral

reliance on Otto.



Figure 25: Standardized Distribution of Converged Reliance, Self-Assessment, and In-Task Trust

Ratings - By Otto's Capability
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SEM Model Outcomes

I estimated a structural equation model (SEM) in R (lavaan 0.6-19) with robust maximum
likelihood (MLR; Yuan & Bentler, 2000; Rosseel, 2012) on N = 567 observations with Full
Information Maximum Likelihhood (FIML) (Enders, 2010). Endogenous variables were baseline
trust (T_Comp0), in-task trust (T_Comp), and converged reliance. Exogenous predictors
included dispositional trait and cultural factors (PD, UA, CO, MA, LTO, PTT, FIGT, GPTM)
and task/context variables (ottocap = Otto/system capability; SA = self-assessment of
performance). Missing data were handled using FIML (Enders, 2010; Little & Rubin, 2019). I
report robust fit indices (scaled 2, CFI, TLI, RMSEA). For inference on path and indirect
effects, I obtained bootstrap 95% confidence intervals (1,000 resamples) from a parallel ML
bootstrap run (Preacher & Hayes, 2008). Bootstrap replaces analytic/robust SEs in that run, so fit
indices are taken from the MLR run and Cls from the bootstrap run (Efron & Tibshirani, 1993;

Preacher & Hayes, 2004, 2008).

Model Fit Indices

All indices (Figure 26) indicate good fit against conventional cut-offs, indicating that the model

fits the data well.



Figure 26: Global Fit Indices (Robust, MLR)

RMSEA 90%
Model v (p) df RMSEA SRMR CFI  TLI Overall
CI
16.19
SEM (p= 11 0.029 0.000-0.057  0.017 0.985 0.954 Good
.134)
Interpretation Good Good Good Good Good

Explained Variance

Variance explained was modest but meaningful: R*(T_Comp0) = .208; R*(T_Comp) = .228;

R?(converged reliance) = .222 (Figure).

Standardized Structural Path Estimates

The standardized path estimates with p-values are depicted in Figure 28. A path model diagram

is depicted in Figure 29.

Baseline Trust (T_Comp0)

I found higher baseline trust among participants with stronger:

. Collectivism (CO): p=.231, p<.001

. Faith in General Technology (FIGT): p=.185, p<.001



. General Propensity to Trust Machines (GPTM): f=.136, p=.016

. Uncertainty Avoidance (UA): p=.135, p=.003

Other dispositional paths to T _Comp0 (PD, MA, LTO, PTT) were not significant.

In-Task Trust (T_Comp)

In-task trust (T Comp) increased with baseline trust (T _Comp0) (p=.217, p<.001) and capability
(ottocap) (B=.304, p<.001) and decreased with self-assessment of performance (SA) (p=—272,

p<.001).

Converged Reliance (converged reliance)

Converged reliance increased with in-task trust (B=.151, p=.022) and capability (f=.291, p<.001)
and decreased with SA (f=—188, p<.001). Two dispositional predictors had smaller but
significant direct links to reliance: PD positive (f=.088, p=.023) and MA negative (p=.107,

p=.025). All other dispositional paths to reliance were non-significant.

Figure 27: R-squared (Endogenous Variables)

Variable R2
Baseline Trust 0.208
In-Task Trust 0.228

Converged Reliance 0.222




Figure 28: Structural Paths (B, SE, 95% CI, B, p)

Outcome Predictor B SE 95% CI Beta p Sig
T Comp0 PD -1.913 1.460 [-4.831, 1.149] -0.055  0.190

T Comp0 UA 5.904 1.972 [2.197, 9.666] 0.135 0.003 wox
T _Comp0 CcO 6.144 1.046 [4.011, 8.209] 0.231 <001  ***
T Comp0 MA 0.621 1.195 [-1.521, 3.063] 0.027 0.603

T Comp0 LTO -1.929 1.515 [-4.801, 1.186] -0.050  0.203

T Comp0 PTT 0.929 0.897 [-0.757,2.782] 0.043 0.300

T Comp0 FIGT 5.582 1.467 [2.805, 8.507] 0.185 <001  ***
T Comp0 GPTM 2.972 1.234 [0.503, 5.268] 0.136 0.016 *
T Comp T Comp0 0.199 0.046 [0.108, 0.285] 0.217 <.001  F*
T Comp ottocap 0.405 0.054 [0.297, 0.506] 0.304 <.001  Fx*
T Comp SA -0.356  0.090 [-0.541,-0.192] -0.272 <001  ***
converged reliance T Comp 0.139 0.061 [0.017, 0.258] 0.151 0.022 *
converged reliance ottocap 0.357 0.056 [0.239, 0.461] 0.291 <.001 ook
converged reliance SA -0.227  0.056  [-0.337,-0.113] -0.188  <.001  ***
converged reliance PD 2.555 1.128 [0.453, 4.814] 0.088 0.023 *



Outcome Predictor B SE 95% CI Beta p

converged reliance UA -2.436 1.466 [-5.242, 0.538] -0.066  0.097
converged reliance CO 0.187 0.865 [-1.457, 1.953] 0.008 0.829
converged reliance MA -2.038 0911 [-3.907,-0.316] -0.107  0.025
converged reliance LTO -2.042 1.409 [-4.721, 0.712] -0.063 0.147
converged reliance PTT -0.249  0.836 [-1.892, 1.384] -0.014  0.766
converged reliance FIGT 0.276 1.288 [-2.326, 2.787] 0.011 0.830
converged reliance GPTM 0.591 0.876 [-1.039, 2.282] 0.032 0.500




SA

Figure 29: Path Model Diagram
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Indirect and Total Effects

The indirect (“ind_"") and total (“tot ) effects are displayed in Figure 29.

I observed a small but reliable mediation from capability through trust to reliance (ottocap —

T Comp — reliance, indirect=0.056, p=.022). The SA — reliance path via trust trended negative
(indirect=—0.050, p=.061). For total effects on reliance (unstandardized), capability was the
largest positive driver (0.413, p<.001), SA the largest negative (—0.277, p<.001), with PD (2.502,

p=.028) and MA (—2.021, p=.028) also significant.



Figure 30: Indirect and Total Effects (with 95% CI)

Effect Estimate SE 95% CI Sig
ind PD -0.053 0.055 [-0.191, 0.033] 0.334
ind UA 0.163 0.115 [0.008, 0.427] 0.155
ind_CO 0.170 0.100 [0.016, 0.408] 0.090
ind MA 0.017 0.038 [-0.048, 0.107] 0.653
ind LTO -0.053 0.056 [-0.189, 0.033] 0.336
ind PTT 0.026 0.031 [-0.027,0.101] 0.401
ind FIGT 0.155 0.097 [0.013, 0.394] 0.111
ind GPTM 0.082 0.064 [0.002, 0.245] 0.195
ind_ottocap 0.056 0.025 [0.007, 0.108] 0.022 *
ind_SA -0.050 0.027  [-0.107,-0.005]  0.061
tot PD 2.502 1.140 [0.352, 4.756] 0.028 *
tot UA -2.272 1.459 [-5.051, 0.608] 0.119
tot CO 0.357 0.875 [-1.320, 2.150] 0.683
tot MA -2.021 0921  [-3.910,-0.237]  0.028 *



Effect Estimate SE 95% CI p Sig
tot LTO -2.095 1.414 [-4.743, 0.648] 0.138

tot PTT -0.223 0.840 [-1.919, 1.415] 0.790

tot FIGT 0.431 1.290 [-2.212, 2.968] 0.738

tot GPTM 0.673 0.876 [-0.932, 2.370] 0.442
tot_ottocap 0.413 0.049 [0.313, 0.503] <001  ***
tot SA -0.277 0.063  [-0.400,-0.154] <.001  *%**

Correlation Matrix (lower triangle; * p<.05, ** p<.01, *** p<.001)
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Exploratory Analysis Outcomes

The exploratory analysis to investigate %TIR quantifies the percent of time people fell into the
defined ranges of calibrated use, misuse, and disuse across all conditions (across stage and across
Otto’s capability level). The summary stats for these metrics are depicted in Figure 31. The

corresponding visualization is depicted in a distribution bar chart (Figure 32).

The mean percent time of calibrated use across all stages and capability levels was 49.09% (SD
=39.00%). The median percent time of calibrated use was 52.43%. The mean percent time of
misuse (reliance exceeding 10% of Otto’s capability) was 9.31% (SD = 21.00%); and the mean
percent time of disuse (reliance below 10% of Otto’s capability) was 41.60% (SD = 39.85%).
Regardless of the stage or Otto’s capability, operators tended to calibrate use to Otto’s capability
about half of the time. About two-fifths of the time, operators would disuse Otto; and rarely, less
than one-tenth of the time, operators would misuse Otto, or rely on Otto more than his

capabilities warranted.

Figure 31: Summary Stats of Percent Time Calibrated Use, Misuse, Disuse - All Conditions

Mean Calibrated Use Median Calibrated Mean Misuse Mean Disuse

(SD) Use (SD) (SD)

49.09 (39.00) 52.43 9.31 (21.00) 41.60 (39.85)




Figure 32: Distribution Bar Chart of Calibrated Use, Misuse, and Disuse - All Conditions

Overall Time-in-Range Distribution Across All Conditions

Percentage of Time

Classification . Misuse (Above) . Time in Range . Disuse (Below)

The distribution plots of calibrated use, misuse, and disuse for all conditions, segmented by each
use case, are depicted in Figure 33. There appears to be a similar trend in the percent of time
spent in calibrated use as there is in disuse: where most operators either spent most of the time
calibrating reliance on Otto to Otto’s actual capability, or—to a greater extent—spent most of the
time using Otto less than Otto’s capabilities warranted. Furthermore, operators spent hardly any

time misusing Otto.



Figure 33: Distribution of Calibrated Use, Misuse, and Disuse by Use Case - All Conditions

Distribution of TIR Metrics Across All Conditions
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The summary stats segmented by stage and capability of calibrated use, misuse, and disuse are
depicted in Figure 34. A corresponding visualization is depicted in a distribution bar chart
(Figure 35). Even with the segmentation by Otto’s capability and stage, similar patterns emerge

as the collapsed metrics: most of the time, operators spent calibrating reliance on Otto to Otto’s
capabilities, followed by time spent disusing Otto, and least frequent of all did operators spend
time misusing Otto. However, for capability levels 40 and 60, as operators progressed from stage

1 to 2 to 3, they tended to calibrate use to Otto’s capabilities better, as shown by the enlarging

proportion of time spent in calibrated use. And, across all capability levels as operators moved



from stage 1 to 2 to 3, there is a trend towards increasing the amount of time calibrating use to

Otto’s capabilities.

Figure 34: Calibrated Use, Misuse, and Disuse - By Stage and Capability

Stage | Capability | N Mean % TIR (SD) Mean % TAR (SD) Mean % TBR
(SD)
Calibrated Use Misuse Disuse

1 40 67 | 43.3 (30.3) 22.5(27) 34.2 (27.7)
60 60 | 41 (34.1) 4.8 (9.5) 54.2 (35.2)
80 62 | 30.9 (33.2) 2.1(9.1) 67 (34.2)

2 40 61 | 58.6 (35) 23.2(30.2) 18.2 (30.1)
60 64 | 52.3 (41.8) 7.7 (21.3) 40 (40.8)
80 64 | 37.4 (37.7) 5.1(17.6) 57.5 (40.3)

3 40 61 | 72.3 (36.3) 10.8 (22.2) 16.8 (32.3)
60 65| 69.9 (36.9) 3.6 (14.7) 26.5 (36.1)
80 63 | 36.3 (42.4) 3.6 (13.7) 60.1 (43.8)




Figure 35: Calibrated Use, Misuse, and Disuse - By Stage, Capability

Time-in-Range Analysis by Stage and Otto Capability

Stage 1 Stage 2 Stage 3

‘UD I I I I I I I
o
40 60 80 40 80 40

60
Otto Capability (%)

Percentage of Time
g 5

n
@

60 80

Classification . Misuse (Above) - Time in Range . Disuse (Below)

Correlation Matrix

%TIR Tcomp Reonv cal_diff

%TIR 1.000 0.178 0.263 0.441

A frequency plot (Figure 36) depicts the frequency of calibrated use only, by stage and
capability. In stage 1, operators who received the treatment of capability at 80 tended to spend
less time in calibrated use compared to operators who received the 40 and 60 treatment levels at
stage 1. In stage 2, operators who received the treatment level of 80 also showed this pattern of
less time spent in calibrated use. By contrast, operators who received the treatment level of 60 at

stage 2 tended to spend most time in calibrated use. The pattern in stage 2 is pronounced further



in stage 3. In all stages, operators tended to not spend any time in calibrated use when Otto’s
capability was at the lowest level of 40%. A small exception of this is depicted in stage 1, where

some operators who received the lowest capability level on the first round of the game spent

some (<25%) of the time in calibrated use.

Figure 36: Frequency Distribution of Calibrated Use - By Stage and Capability

Distribution of Time-in-Range (TIR) by Stage
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Discussion

Despite the large body of data collected and analyzed in this empirical work, many clear patterns
arose in analyzing both the impact of cultural and dispositional traits on trust and reliance in the
adaptable system, Otto, and patterns of calibrated use, disuse, and misuse on Otto with respect to

the stage and capability level of the automation.

The final analytical sample included 189 participants, totaling 567 observations after removing
incomplete cases. The sample likely did not capture a full range of Hofstede’s cultural values—
Power Distance, Uncertainty Avoidance, Collectivism, Masculinity, and Long-Term
Orientation— as there were observed biases across all traits. Other than the fact that the observed
sample in this study was restricted to sampling from within the borders inside of the US, the low
ratings in Collectivism (equivalent to high ratings for Individualism), low ratings on Masculinity,
and high ratings on Propensity to Trust predominantly reflects individuals who align closer to the
Dignity cultural syndrome (Leung and Cohen, 2011; Chien et al., 2016). However, the sample
also tended to rate high on Long-Term Orientation and Uncertainty Avoidance, which are less
characteristic of Dignity cultures. This aligns well with Leung and Cohen’s original CuPS
model, and thoughts from Hofstede (Hofstede, 2011), wherein variability is observed at the

individual-level and contextual-level within a given culture at the population-level.

Interestingly, the sample also seems to be characterized by higher dispositional propensities to
trust in technology due to observation of higher ratings on Faith in General Technology
(McKnight, 2011) and Propensity to Trust in Machines (the adapted name from General Trusting
Stance - General Technology; McKnight, 2011)—and, as suggested visually in the correlational

matrices, these traits showed a moderately strong positive relationship (which is expected due to



the overlap of similarities between the scales). Perhaps, it is likely that the employment of the
study through a web-based platform (Prolific) and the game in the description on the study
posting facilitated the bias of higher ratings on both scales. However, it is unclear as to whether

this speculation is the cause of this bias in the sample from the given data.

In a more general sense, the hypothetical case that this sample reflects a general population of
individuals in the country, it would be interesting to see how general attitudes towards
technologies trend alongside the advances in innovation. However, in the case that this sample is
not representative of the general population (which I speculate is more likely the case due to the
general expectancy for traits to be distributed normally across populations), this limitation of the
biased sample would elicit further investigation on individuals who differ across dispositional
trusting traits towards technology, people, and across cultural ValueEand perhaps, a more
suitable method to capture this would indeed be on the global scale—for instance, one similar to

the vast sample undertaken by the Moral Machine study (Awad et al., 2018).

Reliability and functionality subscales showed similar ratings across all stages. These findings
indicate an overlap, or near-equivalence between the sample’s attitudes on the reliability and
functionality of Otto. This finding underscores a justification that in this context, these two
constructs could be taken as a composite score— however, this understanding does not scale to
any context or agent. In fact, a separate suggestion can be drawn from this finding, in that
because Otto is a very simple embodiment of automation (he can only automate sorting, with
respect to three levels of capability), there is a likely smaller range of the resolution in trust
calibration which can be drawn from this atomically-decomposed singular-function agent.
Regarding the dimension of automation capability, there is also a smaller range of the specificity

of trust calibration, as Otto’s three, distinct levels of capability (40, 60, and 80) are not indicative
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of real-world systems which have broader LoA for separate functions and modes. Paired with
findings from the Exploratory Analysis, it is interesting that the higher Otto’s capability, the
poorer the resolution of reliance calibration— which aligns with the interpretation of McDermott
and Brink’s (2023) point (demonstrated in Figure X) that more complex systems may have a

larger margin of error allowed by human operators.

Another finding from the metric analysis was the high composite in-task trust and baseline trust
scores, which align with higher ratings on propensities to trust in both people and technology, as
mentioned. However, reliance tended to cluster around the midpoint. In the model, trust
modestly translates to reliance—i.e., capability moves both trust and reliance up, while self-
assessment of performance moves both down. This is supported robustly by the distinction
between attitudes and action, and the mediation of intent in both Ajzen and Fishbein’s (1987)
original behavioral model, the Theory of Reasoned Action, as well as Lee and See’s (2004)
model. Further, compliance to rely on automation is also distinct from voluntary use of
automation (Nof, )— and ultimately, the incidence of whether an instance is characterized by
rational, planned, or even preferred decision-making is harder to disentangle in real-world

systems.

More findings from the metrics are that people who rated lower baseline trust in Otto tended to
increase their trust after experiencing the gameplay. In-task trust and converged reliance in Otto
remained generally stable across different stages of the experiment, but people tended to rate

higher trust in Otto as its capability increased from 40% to 60% to 80%, regardless of order.

A prominent suggestion from these aggregated metric findings was that the in-task trust and self-

assessment of performance suggested an opposite relationship, with in-task trust increasing as



self-assessment of performance decreased. Further, the variability in the operators’ self-
assessment of performance showed a negative relationship with automation capability and
(weaker, but still negative) converged reliance. In addition, the covariance matrices visually
suggested strong positive relationships between baseline trust, in-task trust, and converged
reliance, and a negative relationship between these variables and self-assessment of performance.
Despite these relationships supposed from the high-level view and not confirmed via significance
testing, the latter should be warranted prior to making any claims about the definite relationship
between these variables. However, the speculation I propose here is that there is a cyclical
model: more information is available when automation capability increases, because operators
rely on the automation more, which in turn enables them to allocate reliance to the agent, and
continuous positive feedback will enforce the attitudes that the agent is reliable, therefore they
rely on it more, and so forth. This cycle is also a significant part of Lee and See’s (2004) original
model of the observational trust approach. The opposite is also true, in cases where operators are
more capable than automation, they may rely on it less, and therefore less feedback is given to
enforce reliance. In conjunction, in cases where automation is merely at a low capability level
and therefore it is a low bar for the human to surpass it in capability— which is equivalent to the

prior paradigm, but perhaps may be regarded differently in context.

The three-tiered structural equation model fits the study data well based on all model fit indices.
The most significant predictors of each equation are as follows: Collectivism and Faith in
General Technology are the most significant predictors of baseline trust; Baseline trust, Otto’s
capability, and self-assessment of performance are significant predictors of in-task trust; and In-
task trust, Otto’s capability, and SA significantly predict the final path. However, the model also

suggested that each set of predictors only predict a little over 20% of the variability in each of



their respective outcomes (T _Comp0=.208; T Comp=.228; converged reliance=.222). This is
expected, as it suggests that there are many predictors unaccounted for which compose the
remaining 80% of each layer (and these are not necessarily mutually-exclusive, as each layer
may have an effect on the following). It is interesting to speculate on which variables could have
been dimensionalized in addition to the already hefty load of predictors in this study set, but
iterating on different contexts in the real world, or again in this same context, warrants better

ideas of which predictors are more relevant to retain in future models.

Finally, the exploratory analysis quantified the percentage of time spent in calibrated use,
misuse, and disuse across conditions. It is interesting to apply the technique across disciplines
(%TIR is, as discussed, from diabetes medical technology), and results yield just as useful
indices in a different context of use. For instance, this technique enabled findings as follows:
operators calibrated their reliance on Otto to the actual capability level about half the time.
Operators disused Otto about two-fifths of the time. And, operators rarely misused Otto, relying
on it more than the capabilities warranted less than one-tenth of the time. Operators generally
spent more time calibrating reliance on Otto’s capabilities, followed by disuse, and least on
misuse. As operators progressed through stages, they tended to calibrate use to Otto’s
capabilities better, especially at capability levels 40 and 60. Operators with higher capability
levels (60 and 80) tended to spend more time in the calibrated use band, compared to when
operating with Otto at 40% capability. Together, these findings indicate that not only was the
original research question addressed in terms of quantifying states of calibrated use, misuse, and
disuse—but it also gave insights as to how operators perceived Otto’s design. The high
transparency in Otto’s reliability likely had an influence on operator calibration strategies, but

not to the full extent which may be speculated during the design process. This suggests that high



transparency does not directly translate to calibrated use— other factors, as discussed in the
background, including affective cues such as Otto’s lack of actual embodiment or truly robotic,
impersonal characterization may have prevented operators from relying on Otto. Further, |
speculate that operator behaviors such as mere exploration of the delegation interface may have

influenced the reliance strategies.

Limitations

This study was conducted in a controlled laboratory environment using a single-function,
simulation-based task. While this design allowed for precise control of variables and minimized
confounds, it necessarily limits ecological validity. The constrained setting does not replicate all
of the contextual factors present in operational environments, such as realistic or context-specific
time pressure, multitasking demands, and the consequences of real-world decision errors.
Similarly, the automation capability manipulations (40%, 60%, and 80%) were deliberately
chosen to be distinct and transparent for the purposes of calibration analysis; in applied contexts,
capability changes are often subtler, more granular, and less explicitly communicated (Sarter,

Woods, & Billings, 1997).

Furthermore, the participant pool was drawn entirely from a U.S.-based sample, which restricts
the generalizability of the cultural findings. Using the CVscale (Yoo et al., 2011), Hofstede’s
dimensions was measured at the individual level, which captures dispositional variance but does
not account for broader organizational or national cultural contexts. Broader cross-national
sampling would be necessary in future research to fully validate the findings due to cultural

effects.



Although these factors limit the scope of generalization, the metrics and predictor relationships
identified here—continuous reliance, calibration classification, %TIR, trust, self-assessment of
performance, and cultural values—are not inherently tied to this task or sample. The
methodological constraints of the present study should therefore be viewed as a trade-off
between experimental control and ecological fidelity, with the measures themselves remaining

portable to more complex environments, which I discuss in the next section.

Future Directions

Several extensions of this work are warranted. From a research perspective, replication with
more diverse and international samples would enable a fuller understanding of how cultural
values like Power Distance influence calibration across contexts. In applied terms, such studies
could be embedded within existing operational training environments to assess whether the

relationships observed here hold under domain-specific conditions.

Future work should also examine calibration in multi-function automation scenarios, where the
system can vary in capability across different sub-tasks. The influence of individual differences
also presents an opportunity for targeted intervention research through different contexts.
Training modules or interface features could be experimentally varied to test their effectiveness
in reducing miscalibration for operators with different trait profiles. For example, operators high
in Power Distance might benefit from prompts that invite verification of automation outputs,
while those with low self-assessment might benefit from confidence-building manual practice

embedded within automated workflows.



Finally, longitudinal field studies would be valuable for assessing how calibration metrics and
predictive models evolve over time in real-world operations. This would allow practitioners to
detect emerging patterns of misuse or disuse early and adjust training, interface design, or
operating procedures accordingly, closing the loop between laboratory research and operational

safety.

Example Operational Application: Mammography Clinical Decision

Support

The examples used in this section show contributions of this work extending
beyond a controlled research setting simulating industrial operation. The calibration
metrics and predictive relationships of the findings in this study—i.e., continuous
reliance, calibrated/misuse/disuse classification, %TIR, trust ratings, and self-
assessment—offer a portable framework for assessing and improving calibration.
Some high-stakes domains such as Medicine already capture similar data in routine
practice, therefore these measures might be readily deployable without requiring
interface redesign or new hardware.

Perhaps when paired with the automation—such as through the deployment
through a pre-programmed, accessible interface—the described computational
examples below could be smoothly incorporated into existing operational
workflows.

Large prospective and population-based evaluations (Dembrower et al., 2023; Lang et al., 2023)
showed that Al-supported protocols can maintain or improve breast cancer detection while
reducing radiologist workload (Lauritzen et al., 2024), but these effects depend on the workflow
role and operating point (triage, second reader, independent reader). Furthermore, controlled
experiments (Dratsch et al., 2023) found automation bias in mammography reading across
experience levels, resulting in radiologists sometimes following weak Al suggestions, and

sometimes ignoring strong ones.



Screening programs already log the necessary signals—AlI case/region scores and marks, display
state, reader actions (e.g., recall or BI-RADS assignment), and timestamps—as part of integrated
reading workflows (Lang et al., 2023; Lauritzen et al., 2024). These logs can already support: (a)
continuous reliance—the proportion of cases (or marked regions) in which the radiologist’s
action aligns with Al within a defined reading segment; (b) calibration classification—per-epoch
labels of calibrated use, misuse (following low-confidence marks), or disuse (ignoring high-
confidence marks) by comparing behavior to confidence-tier capability ranges set by the site’s
operating point and validation performance; and (c) %Time-in-Range (%TIR)—the share of
reading time/cases within the appropriate confidence band. This can help evaluating the
screening data, by showing where miscalibration lives—by tier, reader, and context (e.g., lesion

type, density, view)— rather than averaging it away.

Conclusion

This work explored the impact of dispositional traits and cultural values on trust in and reliance
on automation, and quantified instances of calibrated use, misuse, and disuse. I found significant
predictors of trust and converged reliance in cultural values and the extent to which operators
calibrate use of an adaptable automation system, but future work must be done to holistically
define cognitive modeling of trust with respect to operator dispositional factors and real-world
modeling of calibrated use, misuse, and disuse. I presented both applied implications for design
and training, as well as potential operational examples of the analytical approaches to framing

calibrated use.



As prophesized by Bainbridge’s seminal work, The Ironies of Automation (Bainbridge, 1983b),
there exists the pitfall of system designs which increase, rather than eliminate, problems for the
human operator (Bainbridge, 1983b). Operationally, this aligns with the onus on designers and
implementors of extant and novel technologies to design automation technologies which foster

Lee and See’s cornerstone pillars of calibrated trust and appropriate reliance (J. D. Lee & See,

2004b).



Appendix

Survey Instruments

Figure 37: CVSCALE (Yoo et al., 2011)

Internal Response
Dimension Item Wording
Item Code Scale
People in higher positions should not ask
PO1 the opinions of people in lower positions
too frequently.
People in higher positions should avoid
Power Distance PO2 social interaction with people in lower
positions.
1 = Strongly
People in lower positions should not
Disagree ...
PO3 disagree with decisions by people in
5 = Strongly
higher positions.
Agree
It is important to closely follow
UALI
instructions and procedures.
Uncertainty Rules and regulations are important
Avoidance UA2 because they inform me of what is
expected of me.
UA3 Instructions for operations are important.




Individuals should sacrifice self-interest

COl
for the group.
Group welfare is more important than
Collectivism CO2
individual rewards.
Group success is more important than
COo3
individual success.
It is more important for men to have a
MA1
professional career than it is for women.
Men usually solve problems with logical
MA?2 analysis; women usually solve problems
Masculinity
with intuition.
Solving difficult problems usually
MA3 requires an active, forcible approach,
which is typical of men.
How important is the value long-term
LTOl
planning to you? 1 = Very
How important is the value giving up Unimportant
Long-Term
LTO2 today’s fun for success in the future to
Orientation
you? 5=Very
How important is the value working hard | Important
LTO3

for success in the future to you?




Figure 38: Trust in Otto (TIO) adapted from Trusting Belief — Specific Technology (McKnight et

al., 2011)
Dimension Item Code Item Wording Response Scale
Reliability TIO1 Otto is a very reliable | Integer [0-100]

piece of software.

TIO2 Otto does not fail me.

TIO3 Otto is extremely
dependable.

TIO4 Otto does not

malfunction for me.

Functionality TIOS Otto has the

functionality I need.

TIO6 Otto has the features

required for my tasks.

TIO7 Otto has the ability to
do what I want it to

do.

Figure 39: Faith in General Technology (McKnight, 2011)

Item Code Item Wording Response Scale

FIGT1 I believe that most 1 = Strongly Disagree ... 5 =
technologies are effective at Strongly Agree

what they are designed to do.




FIGT2

A large majority of

technologies are excellent.

FIGT3

Most technologies have the
features needed for their

domain.

FIGT4

I think most technologies
enable me to do what I need

to do.

Figure 40: Trusting Stance — General Technology (McKnight, 2011)

Item Code

Item Wording

Response Scale

GPTM1

My typical approach is to
trust new technologies until
they prove to me that I

shouldn’t trust them.

GPTM2

[ usually trust a technology
until it gives me a reason not

to trust it.

GPTM3

I generally give a technology
the benefit of the doubt when

I first use it.

1 = Strongly Disagree ... 5 =

Strongly Agree




Figure 41: Propensity to Trust (Frazier et al., 2013)

Item Code Item Wording Response Scale

PTT1 I usually trust people until 1 = Strongly Disagree ... 5 =

they give me a reason not to Strongly Agree

trust them.

PTT2 Trusting another person is not
difficult for me.

PTT3 My typical approach is to

trust new acquaintances until
they prove I should not trust

them.

PTT4 My tendency to trust others is

high.




Figure 42: In-Task Measures



Dimension Item | Item Wording Response
Code Scale

Assessment of Q8 Considering If Otto sorted | I think Otto Integer [0-
Otto’s Otto’s 100 shapes, would sort | 100]
Performance performance in | how many shapes in time
(# in-time) the last round of | would Otto out of 100

the game: sort in time? | shapes.
Assessment of Q9 If Otto sorted | I think Otto
Otto’s 100 shapes, would sort
Performance how many shapes
(# correct) would Otto correctly out

sort correctly? | of 100 shapes.

Self-Assessment | Q10 | Considering If I sorted 100 | I think Otto
of Performance your shapes, how would sort
(# in-time) performance in | many would I | shapes

the last round of

the game:

sort in time?

correctly out

of 100 shapes.




Self-Assessment | SA If I sorted 100 | I think I
of Performance shapes, how would sort
(# correct) many would I | shapes in time
sort correctly? | out of 100
shapes.

Figure 43: Demographic & Background Items
Item Type Item Wording Response Options
Demographics What is your gender? Male; Female; Other (Please

Specity: [text entry])
What is your age? 18-24; 25-34; 35-44; 45-54; 55—

64; 65+

What is your annual income?

Less than $5,000; $5,001-$25,000;
$25,001-$50,000; $50,001-$75,000;
$75,001-$100,000; More than

$100,000

What is your highest level of

education?

Attended High School; High School
Diploma; Attended College;

Bachelor’s Degree; Graduate Degree

What are your political views?

Integer Scale [0-100] with Intervals:
Very liberal; Liberal; Moderate;

Conservative; Very conservative




How religious are you?

Integer Scale [0-100] with Intervals:
Not religious at all; Slightly
religious; Moderately religious;

Very religious

What is your native language?

[text entry]

What is your current city of

City, ST, Country

residence?
Where did you grow up? City, ST, Country
Handedness Which is your dominant hand while | Right; Left; Ambidextrous
writing?
Gaming In the past month, approximately Integer [0+]
Proficiency how many hours per week do you
Questionnaire play video games?
Please indicate what types of games | Action; Action-adventure;
you play most often. Select all that | Adventure; Puzzle; Role-playing;
apply. Simulation; Strategy; Sports
SEM Model Outcomes

Figure 44: Lavaan Summary

lavaan 0.6-19 ended normally after 2 iterations

Estimator

ML




Optimization method NLMINB

Number of model parameters 28

Number of observations 567

Number of missing patterns 1
Model Test User Model:

Standard  Scaled

Test Statistic 16.548  16.187
Degrees of freedom 11 11
P-value (Chi-square) 0.122 0.134
Scaling correction factor 1.022

Yuan-Bentler correction (Mplus variant)

Model Test Baseline Model:

Test statistic 437.795 367.715
Degrees of freedom 33 33
P-value 0.000  0.000

Scaling correction factor 1.191

User Model versus Baseline Model:




Comparative Fit Index (CFI) 0986  0.985

Tucker-Lewis Index (TLI) 0.959 0.954
Robust Comparative Fit Index (CFI) 0.987
Robust Tucker-Lewis Index (TLI) 0.961

Loglikelihood and Information Criteria:

Loglikelihood user model (HO) -7444.214 -7444.214
Scaling correction factor 1.300

for the MLR correction
Loglikelihood unrestricted model (H1)  -7435.940 -7435.940
Scaling correction factor 1.222

for the MLR correction

Akaike (AIC) 14944.427 14944.427
Bayesian (BIC) 15065.958 15065.958

Sample-size adjusted Bayesian (SABIC)  14977.071 14977.071

Root Mean Square Error of Approximation:

RMSEA 0.030  0.029

90 Percent confidence interval - lower 0.000 0.000




90 Percent confidence interval - upper 0.058 0.056
P-value H_0: RMSEA <= 0.050 0.872 0.886
P-value H 0: RMSEA >= 0.080 0.001 0.000
Robust RMSEA 0.029
90 Percent confidence interval - lower 0.000
90 Percent confidence interval - upper 0.057
P-value H 0: Robust RMSEA <= 0.050 0.877
P-value H 0: Robust RMSEA >= 0.080 0.001
Standardized Root Mean Square Residual:
SRMR 0.017 0.017
Parameter Estimates:
Standard errors Sandwich
Information bread Observed
Observed information based on Hessian

Regressions:

Estimate Std.Err z-value P(>|z[) Std.lv Std.all

T Comp0 ~




PD (b PD) -1913 1393 -1.373 0.170 -1.913 -0.055
UA (b _UA) 5904 1.970 2.996 0.003 5.904 0.135
CO (b CO) 6.144 1.026 5.990 0.000 6.144 0.231
MA (b MA) 0.621 1.140 0.545 0.586 0.621 0.027
LTO (b LT) -1.929 1.498 -1.287 0.198 -1.929 -0.050
PTT (b _PT) 0.929 0.855 1.087 0.277 0.929 0.043
FIGT (b _FD) 5.582 1.430 3.905 0.000 5.582 0.185
GPTM (b _GP) 2972 1224 2428 0.015 2972 0.136
T Comp ~
T Comp0 (a_TO) 0.199 0.044 4.513 0.000 0.199 0.217
ottocap (a_OC) 0.405 0.053 7.658 0.000 0.405 0.304
SA (a_SA) -0356 0.086 -4.140 0.000 -0.356 -0.272
converged reliance ~
T Comp (c_TC) 0.139 0.062 2.245 0.025 0.139 0.151
ottocap (c_OC) 0.357 0.055 6.436 0.000 0.357 0.291
SA (¢ SA) -0.227 0.057 -3.978 0.000 -0.227 -0.188
PD (c PD) 2.555 1.129 2263 0.024 2.555 0.088
UA (c UA) -2.436 1409 -1.729 0.084 -2.436 -0.066
CO (c CO) 0.187 0.864 0.217 0.828 0.187 0.008
MA (¢ MA) -2.038 0.889 -2.291 0.022 -2.038 -0.107
LTO (c LT) -2.042 1395 -1.464 0.143 -2.042 -0.063
PTT (c PT) -0.249 0.837 -0.297 0.766 -0.249 -0.014

FIGT (c_FI) 0.276 1.270 0.218 0.828 0.276 0.011




GPTM (c_GP) 0.591 0.870 0.679 0.497 0.591 0.032

Intercepts:

Estimate Std.Err z-value P(>|z[) Std.lv Std.all
.T_Comp0 6.498 9.669 0.672 0.502 6.498 0.274
.T_Comp 47.756 5.205 9.175 0.000 47.756 2.195

.converged rlnc 38.780 9.038 4.291 0.000 38.780 1.936

Variances:

Estimate Std.Err z-value P(>|z[) Std.lv Std.all
T _Comp0 446.181 31.865 14.002 0.000 446.181 0.792
.T_Comp 365.176 35.240 10.363 0.000 365.176 0.772

.converged rlnc 312.159 25.633 12.178 0.000 312.159 0.778

R-Square:
Estimate
T Comp0 0.208
T Comp 0.228

converged rlnc 0.222

Defined Parameters:
Estimate Std.Err z-value P(>|z|) Std.lv Std.all

ind PD -0.053 0.049 -1.075 0.283 -0.053 -0.002




ind UA
ind CO
ind MA
ind LTO
ind PTT
ind FIGT
ind GPTM
ind_ottocap
ind SA
tot PD

tot UA
tot CO
tot MA
tot LTO
tot PTT

tot FIGT
tot. GPTM
tot ottocap

tot SA

0.163 0.108

0.170  0.097

0.017 0.033

-0.053 0.051

0.026 0.026

0.155 0.092

0.082 0.058

0.056 0.024
-0.050 0.026
2.502 1.145
-2.272  1.401
0.357 0.871
-2.021 0.900
-2.095 1.400
-0.223  0.839

0.431

1.512 0.131

1.746  0.081

0.163 0.004

0.170  0.008

0.522 0.602 0.017 0.001

-1.049 0.294 -0.053

0.973 0.331

-0.002

0.026 0.001

1.679 0.093 0.155 0.006

1.411

2.310 0.021

-1.944  0.052

2.186 0.029

-1.622  0.105

0.410 0.682

-2.246 0.025

-1.497 0.134

-0.266 0.790

1.273 0.338 0.735 0.431

0.158 0.082 0.004

0.056 0.046
-0.050 -0.041
2.502 0.086
-2.272 -0.062
0.357 0.016
-2.021 -0.106
-2.095 -0.065
-0.223 -0.012

0.017

0.673 0.869 0.774 0.439 0.673 0.036

0.413 0.049 8494 0.000 0.413 0.337

-0.277 0.063

-4.399 0.000

-0.277 -0.230

Figure 45: Lavaan Bootstrap

lavaan 0.6-19 ended normally after 2 iterations




Estimator ML

Optimization method NLMINB

Number of model parameters 28

Number of observations 567

Number of missing patterns 1
Model Test User Model:

Test statistic 16.548

Degrees of freedom 11

P-value (Chi-square) 0.122
Parameter Estimates:

Standard errors Bootstrap

Number of requested bootstrap draws 1000

Number of successful bootstrap draws 1000

Regressions:

Estimate Std.Err z-value P(>|z|) ci.lower ci.upper

T Comp0 ~

PD (b PD) -1.913

1.460

-1.310 0.190




UA (b _UA) 5904 1.972 2.994 0.003 2.197 9.666

CO (b_CO) 6.144 1.046 5.876 0.000 4.011 8.209

MA (b MA) 0.621 1.195 0.520 0.603 -1.521 3.063
LTO (b LT) -1.929 1.515 -1.273 0.203 -4.801 1.186
PTT (b _PT) 0.929 0.897 1.036 0.300 -0.757 2.782

FIGT (b _FI) 5.582 1.467 3.806 0.000 2.805 8.507

GPTM (b_GP) 2972 1234 2408 0.016 0.503 5.268
T Comp ~

T _Comp0 (a_TO0) 0.199 0.046 4.327 0.000 0.108 0.285
ottocap (a_OC) 0.405 0.054 7.521 0.000 0.297 0.506

SA  (a_SA) -0.356 0.090 -3.962 0.000 -0.541 -0.192

converged reliance ~

T Comp (c_TC) 0.139 0.061 2.288 0.022 0.017 0.258
ottocap (c_OC) 0.357 0.056 6.402 0.000 0.239 0.461

SA  (c. SA) -0.227 0.056 -4.037 0.000 -0.337 -0.113

PD (c_PD) 2.555 1.128 2266 0.023 0.453 4.814

UA (¢ UA) -2436 1466 -1.661 0.097 -5242 0.538
CO (c CO) 0.187 0.865 0.217 0.829 -1.457 1.953

MA (¢ MA) -2.038 00911 -2.237 0.025 -3.907 -0.316
LTO (¢ LT) -2.042 1.409 -1.449 0.147 -4.721 0.712
PTT (c_ PT) -0.249 0.836 -0.298 0.766 -1.892 1.384

FIGT (c_FI) 0.276 1.288 0.214 0.830 -2.326 2.787

GPTM (c_GP) 0.591 0.876 0.675 0.500 -1.039 2.282




Std.lv Std.all

-1.913

5.904

6.144

0.621

-1.929

0.929

5.582

2.972

0.199

0.405

-0.356

0.139

0.357

-0.227

2.555

-2.436

0.187

-2.038

-2.042

-0.055

0.135

0.231

0.027

-0.050

0.043

0.185

0.136

0.217

0.304

-0.272

0.151

0.291

-0.188

0.088

-0.066

0.008

-0.107

-0.063




-0.249 -0.014
0.276 0.011

0.591 0.032

Intercepts:

Estimate Std.Err z-value P(>|z|) ci.lower ci.upper
.T_Comp0 6.498 9.641 0.674 0.500 -12.966 24.311
.T_Comp 47.756 5.509 8.669 0.000 36.985 58.384
.converged rlnc 38.780 9.262 4.187 0.000 21.121 57.294
Std.lv Std.all
6.498 0.274
47.756 2.195

38.780 1.936

Variances:
Estimate Std.Err z-value P(>|z|) ci.lower ci.upper

.T_Comp0 446.181 31.575 14.131 0.000 379.844 501.270
.T_Comp 365.176 35.275 10.352 0.000 297.011 435.085
.converged rlnc 312.159 26.341 11.851 0.000 250.051 359.057
Std.lv Std.all

446.181 0.792

365.176  0.772

312.159 0.778




R-Square:

Estimate
T Comp0 0.208
T Comp 0.228

converged rlnc 0.222

Defined Parameters:

Estimate Std.Err z-value P(>|z|) ci.lower ci.upper

ind PD

ind UA
ind CO
ind MA
ind LTO
ind PTT
ind FIGT
ind GPTM
ind_ottocap
ind SA
tot PD

tot UA

tot CO

tot MA

-0.053 0.055 -0.967 0.334 -0.191 0.033

0.163 0.115 1.422 0.155 0.008 0.427

0.170 0.100 1.694 0.090 0.016 0.408

0.017 0.038 0.450 0.653 -0.048 0.107

-0.053 0.056 -0.961 0.336 -0.189 0.033

0.026 0.031 0.839 0.401 -0.027 0.101

0.155 0.097 1.594 0.111 0.013 0.394

0.082 0.064 1.295 0.195 0.002 0.245

0.056 0.025 2.290 0.022 0.007 0.108

-0.050 0.027 -1.874 0.061 -0.107 -0.005

2,502 1.140 2.195 0.028 0.352 4.756

-2.272 1459 -1.557 0.119 -5.051 0.608

0.357 0.875 0.409 0.683 -1.320 2.150

-2.021 0921 -2.194 0.028 -3.910 -0.237




tot LTO

tot PTT

tot FIGT

tot GPTM

tot ottocap
tot SA

Std.lv Std.all
-0.053 -0.002
0.163  0.004
0.170 0.008
0.017 0.001
-0.053 -0.002
0.026 0.001
0.155 0.006
0.082 0.004
0.056 0.046
-0.050 -0.041
2.502 0.086
-2.272 -0.062
0.357 0.016
-2.021 -0.106
-2.095 -0.065

-0.223 -0.012

-2.095 1.414 -1.482 0.138 -4.743 0.648

-0.223 0.840 -0.266 0.790 -1.919 1.415

0431 1.290 0.334 0.738 -2.212 2.968

0.673 0.876 0.769 0.442 -0.932 2.370

0.413 0.049 8.504 0.000 0.313 0.503

-0.277 0.063 -4.364 0.000 -0.400 -0.154




0.431

0.673

0.413

-0.277

0.017

0.036

0.337

-0.230
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