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Summary 

Automation is one of the key drivers of technical progress. Hereby, automated driving is an area 

in which this progress has been prominently discussed in recent years. In order for automated 

systems to contribute to any gain in efficiency, safety, or comfort at all, they must be used in 

accordance with their capabilities. Since trust was found to build an essential psychological basis 

for how users rely on automated systems, an appropriate level of trust in automation (calibrated 

trust) is a prerequisite for efficient and safe interaction with these systems. Numerous research 

projects have been carried out over the past 30 years that investigated the psychological mecha-

nisms of the formation and development of trust in automation. At this point, there is no compre-

hensive empirically validated understanding of how trust in automated technology is established 

and how different variable groups affect it. Starting from the assumption of a dynamic and inter-

active process of trust development, in combining assumptions of the work of Lee and See (2004) 

and Hoff and Bashir (2015) and extending these with assumptions of theories from other psycho-

logical domains (e.g., theories on interpersonal trust and social cognition), this dissertation pre-

sents the Three Stages of Trust framework for the investigation of trust development. The basic 

assumption of the model is that automation trust is formed and calibrated at three successive trust 

stages. In the first stage the propensity to trust in automation is formed from a combination of more 

general personality, other dispositions, and the individual learning history with technology and 

automation. At stage 2 initial learned trust is formed from a combination of the propensity to trust 

and the interpretation of the information available before the actual use of a specific system. It is 

proposed that the formation of initial learned trust follows to a large extent the psychological 

mechanisms of attitude formation and is based on expectations towards the system. Both these 

expectations and the initial learned trust constitute a starting point for the first reliance decision 

and the calibration of dynamic learned trust during the interaction with the system at stage 3. At 

this stage, in a feedback process in which the system expectation and actual system behavior are 

compared, dynamic learned trust is continuously calibrated. Dynamic learned trust is proposed to 

influence reliance decisions in regard to the automation essentially. At stages 2 and 3, the frame-

work additionally proposes an influence of moderating variables in both the processing of availa-

ble information and the relation between trust and reliance behavior. In summary, the framework 

emphasizes the relevance of three successive trust stages and specifies the psychological processes 

at these stages in more detail. Building on this, this dissertation presents six studies from four 

published research articles, that used the framework as a basis for theorizing and research design. 

In the first two studies, a hierarchical personality model for predicting both the propensity to trust 

and dynamic learned trust in a highly automated driving system was explored (study 1) and vali-

dated (study 2) in an online setting. Dynamic learned trust was found to be well predicted by the 

propensity to trust and the prior acceptability of automated driving. These technology-specific 

dispositions, in turn, were in part explained by technological affinity and dispositional interper-

sonal trust. Furthermore, the more general personality traits self-esteem, extraversion, and agree-

ableness predicted variables at the more specific model levels. Study 3, in a driving simulator 

paradigm, examined a mediation of the effect of personality (depressiveness and dispositional neg-

ative self-assessments) to dynamic learned trust by the experienced anxiety at the time of the in-

troduction of an automated driver assistance system. In particular, a negative correlation between 

state anxiety and trust was found. The level of anxiety was predicted by negative trait self-evalu-

ations, especially by low self-esteem and low self-efficacy. These effects of personality differences 
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on trust were mediated by state anxiety. Study 4 examined the influence of different types of prior 

system information on initial learned trust in an online setting. Two types of information were 

manipulated: system reliability and the system manufacturer (brand reputation). While both types 

of information affected trust in automation, in line with the assumptions of the Elaboration Like-

lihood Model (ELM), it was found that the reliability information had a more stable effect on trust 

and that people with a high need for cognition changed their trust more in the direction of the 

presented information than people with low need for cognition. Study findings support the propo-

sition of the framework that initial learned trust is built up, at least in part, analog to processes of 

attitude formation and change. Studies 5 and 6 focused on the investigation of dynamic trust de-

velopment by measuring trust repeatedly over time in a driving simulation experiment. First, study 

5 examined the temporal development of trust in an automated driver assistance system in two 

study groups. While in one group, the system worked flawlessly, in the other group the system had 

a malfunction during the drive. Trust increased over time with error-free system function, de-

creased temporarily after a system malfunction, and recovered again in the further course of the 

drive. In study 6, additionally, the provided information on system malfunctions, participants re-

ceived before using the system for the first time, was manipulated. If drivers were informed of the 

reasons for malfunctions in advance the temporary trust decrease after an experience of the mal-

function during the drive did not occur. These findings support the proposed feedback process at 

stage 3 in which available information is used to steadily update trust in the system. Additionally, 

study 6 supports an effect of the information acquired at stage 2 on trust calibration at stage 3. 

Taken together, the studies empirically support key propositions of the presented framework and 

extent the knowledge on the formation and calibration of trust in automation. Above this, the pre-

sented framework represents a theoretical advancement in the specification of trust processes be-

fore and during the interaction with automated technology. The integration of different models on 

the formation of trust in automation with fundamental psychological theories supports a broader 

perspective on psychological processes prior and during the interaction with automated systems in 

the investigation of trust in automation. On this basis, various research questions, for example, in 

regard to the interrelation of the different trust stages and the influence of moderating variables, 

can be derived to further specify and refine the framework in future research endeavors. In the 

discussion of this dissertation, the theoretical and empirical contribution of the presented frame-

work and the study results are summarized. Furthermore, an agenda for future research to further 

enhance the understanding of the psychological process of trust development is proposed. In ad-

dition, recommendations for the practical implementation of the gained insights into the design of 

prior information, training, system functions, and user interfaces of automated systems and auto-

mated vehicles are discussed. To conclude, the strengths and limitations of this work are discussed. 
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Zusammenfassung 

Automatisierung ist eine der Schlüsseltechnologien des gegenwärtigen technischen Fortschritts. 

Das automatisierte Fahren bildet einen der Bereiche, in denen dieser Fortschritt in den vergange-

nen Jahren prominent diskutiert wird. Damit automatisierte Systeme überhaupt zu einem Gewinn 

an Effizienz, Sicherheit oder Komfort beitragen können, müssen sie entsprechend ihrer Fähigkei-

ten genutzt werden. Da Vertrauen in automatisierte Systeme eine wichtige psychologische Grund-

lage für die Entscheidung sich auf ein automatisiertes System zu verlassen bildet, ist ein angemes-

senes Maß an Vertrauen in automatisierte Technologie (kalibriertes Vertrauen) eine wichtige Vo-

raussetzung für eine effiziente und sichere Benutzung dieser Systeme. In den vergangenen 30 Jah-

ren wurden zahlreiche Forschungsarbeiten durchgeführt, die die psychologischen Mechanismen 

der Entstehung und Entwicklung von Automationsvertrauen untersucht haben. Aktuell liegt kein 

empirisch validierter Forschungsrahmen vor, der die Entstehung von Automationsvertrauen und 

den Einfluss verschiedener Variablengruppen zusammenfassend erklärt. Ausgehend von der An-

nahme eines komplexen, dynamischen und interaktiven Prozesses der Vertrauensentwicklung, 

wird in dieser Dissertation ein Rahmenmodell, das Three Stages of Trust Framework, zur Erfor-

schung dieses Entwicklungsprozesses vorgestellt. Das Rahmenmodell verknüpft die Annahmen 

der beiden Arbeiten von Lee und See (2004) sowie Hoff und Bashir (2015) und erweitert diese mit 

Annahmen aus psychologischen Theorien aus anderen Bereichen. Die Grundannahme des Modells 

ist, dass das Automationsvertrauen in drei aufeinander aufbauenden Vertrauensstufen ausgebildet 

und kalibriert wird. Auf Stufe 1 entsteht die dispositionelle Vertrauensneigung gegenüber Auto-

mation unter anderem aus einer Kombination von allgemeineren Persönlichkeitseigenschaften, 

Einstellungen und der individuellen Lerngeschichte mit Technik und Automatisierung. Auf Stufe 

2 entwickelt sich das initial gelernte Vertrauen in ein spezifisches System aus einer Kombination 

dieser allgemeinen Vertrauensneigung und der Interpretation der vor der eigentlichen Systembe-

nutzung verfügbaren Informationen. Es wird angenommen, dass dieser Prozess weitestgehend den 

psychologischen Mechanismen der Einstellungsbildung folgt. Das initial gelernte Vertrauen wird 

maßgeblich durch die initialen Erwartungen an das System beeinflusst. Diese Erwartung und das 

initial gelernte Vertrauen bilden den Ausgangspunkt für die erste Reliance-Entscheidung und die 

Kalibrierung von dynamisch gelerntem Vertrauen während der Interaktion mit dem System auf 

Stufe 3. Auf dieser Stufe wird durch einen Feedbackprozess, in dem die Systemerwartungen mit 

dem tatsächlichen Verhalten des Systems abgeglichen werden, das dynamisch gelernte Vertrauen 

kalibriert, welches dann die einzelnen Entscheidungen, sich auf die Automation zu verlassen, maß-

geblich beeinflusst. Zudem wird im Rahmenmodell auf Stufe 2 und 3 der Einfluss moderierender 

Variablen angenommen. Zusammenfassend betont das Rahmenmodell die Bedeutung dreier auf-

einander aufbauender Vertrauensstufen und spezifiziert die psychologischen Prozesse auf diesen 

Stufen näher. Hierdurch können Forschungsfragen und Designs sowie Hypothesen für künftige 

Studien zur schrittweisen Verfeinerung des Modells abgeleitet werden.  

Auf dieser Grundlage werden in dieser Dissertation sechs Studien aus vier veröffentlichten For-

schungsartikeln vorgestellt. Die Forschungsfragen der Studien zu Zusammenhängen von Variab-

len auf den verschiedenen Vertrauensstufen, sowie Einflüssen von personen- und systembezoge-

nen Variablen, wurden aus den Annahmen des Rahmenmodells abgeleitet. In den ersten beiden 

Studien wurde ein hierarchisches Persönlichkeitsmodell zur Vorhersage der dispositionellen Ver-

trauensneigung in Automation und des dynamisch gelernten Vertrauens in ein hochautomatisiertes 
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Fahrassistenzsystem in einem Onlineparadigma exploriert (Studie 1) und validiert (Studie 2). Dy-

namisch gelerntes Vertrauen konnte durch die dispositionelle Vertrauensneigung gegenüber Au-

tomation und Voreinstellungen zum automatisierten Fahren substantiell vorhergesagt werden. 

Diese beiden technikspezifischen Dispositionen wurden wiederum durch Technikaffinität vorher-

gesagt. Zudem zeigte die Disposition zu zwischenmenschlichem Vertrauen einen Zusammenhang 

mit der Vertrauensneigung gegenüber Automation. Auf der Ebene allgemeinerer Persönlichkeits-

eigenschaften sagen vor allem das Selbstwertgefühl, Extraversion und Verträglichkeit die spezifi-

scheren Dispositionen vorher. In Studie 3 wurde eine Mediation der Zusammenhänge von Per-

sönlichkeitseigenschaften (Depressivität und negative Selbstbewertungen) mit dem dynamisch ge-

lernten Automationsvertrauen durch das bei der Vorstellung eines automatisierten Fahrassistenz-

systems berichtete Ausmaß an Angst untersucht. Es fand sich insbesondere ein starker negativer 

Zusammenhang zwischen der State-Angst und Automationsvertrauen. Hierbei wurde das Ausmaß 

der Angst durch dispositionelle negative Selbstbewertungen, insbesondere durch ein niedriges 

Selbstwertgefühl und eine niedrige Selbstwirksamkeit erklärt. Die Effekte der Persönlichkeitsei-

genschaften auf Automationsvertrauen wurden durch die empfundene Angst mediiert. In Studie 

4 wurde der Einfluss verschiedener Vorabinformationen auf das initial gelernte Automationsver-

trauen in einem Onlineparadigma untersucht. Zwei Arten von Informationen wurden variiert: die 

Systemzuverlässigkeit und das Markenimage des Systems. Entsprechend der Annahmen des Ela-

boration-Likelihood-Modells (ELM) zeigte sich, dass die Information zur Reliabilität einen zeit-

lich stabileren Effekt auf das Vertrauen hatte und dass diese Information stärker von Menschen 

mit einem hohen Need for Cognition genutzt wurde. Die Ergebnisse dieser Studie unterstützen die 

Annahme des Rahmenmodells, dass initial gelerntes Vertrauen auch durch Mechanismen von Ein-

stellungsbildungsprozessen ausgebildet wird. In den Studien 5 und 6 wurde die dynamischen 

Vertrauensentwicklung auf Stufe 3 in einem Fahrsimulationsparadigma untersucht. Zunächst 

wurde in Studie 5 die zeitliche Entwicklung von Vertrauen in ein automatisiertes Fahrassistenz-

system in einer Bedingung ohne und einer Bedingung mit Systemfehler während der Fahrt unter-

sucht. Das Vertrauen stieg über die Zeit bei fehlerfreier Systemfunktion und sank nach einem Sys-

temfehler temporär ab, erholte sich jedoch im weiteren Fahrtverlauf. In Studie 5 wurde zusätzlich 

die Vorabinformation zu Systemfehlfunktionen manipuliert. In einer Bedingung, in der die Fahrer 

im Vorfeld über die Gründe des Auftretens der Fehler informiert waren, blieb der temporäre Ver-

trauensabfall aus. Diese Ergebnisse unterstützen eine zeitliche Abfolge von Vertrauensstufen und 

dass erhaltene Informationen auf Stufe 2 die Vertrauenskalibrierung auf Stufe 3 beeinflussen.  

Zusammenfassend konnten in den Studien zentrale Annahmen des Rahmenmodells empirisch ge-

stützt werden. Das Rahmenmodell stellt eine theoretische Weiterentwicklung und Spezifikation 

des Verständnisses der Vertrauensprozesse vor und während der Interaktion mit automatisierter 

Technik dar. Die Integration verschiedener Forschungszweige zu Vertrauen mit grundlegenden 

psychologischen Theorien erlaubt die Ableitung einer Vielzahl von Forschungsfragen zum Zu-

sammenspiel der verschiedenen Modellstufen und des Einflusses von Moderatoren in diesem Pro-

zess. In der Diskussion werden die Ergebnisse im Zusammenhang mit dem Rahmenmodell disku-

tiert, der theoretische und empirische Beitrag der Arbeit eruiert und eine Agenda für zukünftige 

Forschungsarbeiten vorgeschlagen. Zudem werden Ableitungen zur praktischen Implementierung 

der gewonnenen Erkenntnisse in der Gestaltung von Vorinformationen, Trainings, Systemfunkti-

onen und Nutzerschnittstellen von automatisierten Systemen, insbesondere in der Anwendung 

beim automatisierten Fahren, diskutiert. Abschließend werden die Stärken und Schwächen dieser 

Arbeit diskutiert.
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“Trust is the glue of life. It’s the most essential ingredient in effective communication. It’s the 
foundational principle that holds all relationships.” – Stephen R. Cove 

“All the world is made of faith, and trust, and pixie dust.” – J.M. Barrie, Peter Pan 

1 Introduction 

Technology is becoming increasingly sophisticated in recent years and enters more and more areas 

of private, public, and work-life. Current technology trends that govern this development are be-

sides others artificial intelligence (AI), fast and mobile internet connectivity, and automation (e.g., 

Marr, 2019). This dissertation addresses the latter topic and contributes to the investigation of the 

psychological process in which trust in automated technical systems is established and adapted. 

In the following, the term automated system is used to subsume all systems performing tasks tra-

ditionally conducted by a human (e.g., Parasuraman & Riley, 1997), including active data selec-

tion, transformation of information, decision-making, and controlling processes (e.g., Lee & See, 

2004). This includes “older” automated systems like industrial robots, but also technology like AI-

enabled software (e.g., translation software or spell checkers), sophisticated robots for public and 

private use, and automated vehicles. Automated functioning can be distinguished by the level of 

automation, indicating the extent to which responsibilities in task fulfillment are automated (e.g., 

Parasuraman et al., 2000). In the early days of automation, tasks were mostly dichotomously as-

signed either to the automation or the human operator (e.g., “Men Are Better At-Machines Are 

Better At”-lists, e.g., Fitts, 1951). This rather static task allocation has been discussed in relation 

to different problems like task decomposition, out-of-the-loop problem, loss of expertise, and com-

placency (e.g., Hoc, 2000; Dekker & Woods, 2002). In the face of these problems and the increas-

ing capabilities of technology, a substitution of the human by automated systems or a mere coex-

istence seems dated. Two concepts paying respect to these challenges and allowing for new direc-

tions in human-automation interaction are adaptive automation and human-machine cooperation. 

As opposed to static automation, adaptive automation has the capability to adapt its functioning 

and automation level dynamically to the task environment or user needs (Parasuraman et al., 1992). 

Accordingly, the interaction with such systems is substantially more complex than with static sys-

tems. Instead of switching an automation on and off, in line with Woods (2001), interaction con-

cepts must account for „intermediate, coordinative modes of interaction, which allow human op-
erators to focus the power of the automation on particular sub-problems, or to specify solution 

methods that account for unique aspects of the situation“ (p. 3). As such complex tasks are increas-

ingly cooperatively accomplished, they call for an extended perspective on the role of the auto-

mated system as a teammate (e.g., Klein et al., 2004; Atkinson et al., 2012). Accordingly, the 

concept of human-machine cooperation has gained substantial interest in the last 20 years (e.g., 

Hoc, 2000; Dekker & Woods, 2002; Young et al., 2007). It describes a mode of interaction in 

which two agents (the human and the technical system) strive towards a shared goal, interfere with 

each other in terms of resources and procedures and manage these interferences in order to facili-

tate their activities towards task completion (Hoc, 2001). The perspective of cooperation between 

the human and the automated system changes the role distribution, character, and goals of the 

interaction essentially. From being a mere substitute of the human, automated systems become 

team players working together with their human partners to find dynamic solutions for complex 

problems under consideration of the respective skill set (Christofferson & Woods, 2002; Klein et 

https://www.goodreads.com/work/quotes/1358908


Psychological Processes in the Formation and Calibration of Trust in Automation 

17 

al., 2004; Dekker & Woods, 2002; Hoc et al., 2009). In line with this change, also the perspective 

in system design changes from mere reliance and compliance to the consideration of social ex-

change relationships between the human and the automated system (e.g., Madhavan & Wiegmann, 

2007). Building on previous work (e.g., Dekker & Woods, 2002; Christoffersen & Woods, 2002; 

Hoc et al., 2009; Klein et al., 2004), Walch and colleges (2017) name four requirements for suc-

cessful human-machine cooperation: mutual predictability, directability, shared situation repre-

sentation, and calibrated trust.  

This dissertation takes a closer look at the nature of trust in automation and aims at a deeper un-

derstanding of the psychological processes leading to trust formation and trust calibration in regard 

to a specific automated system. In line with current human factors models (e.g., Lee & See, 2004; 

Hoff & Bashir, 2015), trust in automation is conceptualized as a subjective attitude, dynamically 

evolving over time on the basis of available information. Trust has been found to influence user 

decisions in regard to automated systems essentially and is under certain circumstances highly 

predictive for reliance in and use of automated systems (e.g., Muir & Moray, 1996; Lee & Moray, 

1992; Biros et al., 2004). A calibrated level of trust, accurately reflecting the actual capabilities 

and performance levels of a system (Muir, 1987), builds an important precondition for safe and 

efficient system use. Accordingly, the understanding of the psychological processes in trust for-

mation is crucial for the design of systems that are safe, efficient, and enjoyable. At this point, 

essential questions like how trust in automation is built up, which characteristics of the user, the 

automated system, and the situation influence the formation of trust in automation, how it is 

adapted in the course of interaction, and how system design can enhance appropriate trust have 

not yet been fully answered (e.g., Lee & See, 2004; Walker et al., 2016; Hoff & Bashir, 2015). 

This dissertation proposes a psychological framework for the investigation of trust in automated 

systems integrating theorizing from the domains of interpersonal trust and trust in automation. On 

this basis, six studies are presented that investigated psychological processes of trust formation 

and calibration before and during the initial interaction with automated systems. All of these six 

studies were conducted in the domain of automated driving. Nevertheless, the investigated pro-

cesses can likely be extended to the interaction with automated systems from other domains.  

The first two studies investigated the role of several personality traits and technology attitudes for 

individual differences in trust in automation by exploring a hierarchical personality model in the 

first and validating it in the second study. In a third study, a mediation of the effects of personality 

traits on trust in automation by users’ state anxiety at the time of being introduced to an unfamiliar 

automated driving system was investigated. In a fourth study, the utilization of different kinds of 

information about an automated system presented before the first interaction was investigated 

based on theoretical assumptions of the Elaboration Likelihood Model (ELM; Petty & Cacioppo, 

1986). In studies 5 and 6, the dynamic development of trust over the course of a first interaction 

with an automated driving system was investigated. Thereby, both studies investigated trust in 

flawless and erroneous system functioning. In study 6, additionally, the effects of prior information 

about system malfunctions on trust changes after the experience of such a malfunction during the 

drive was examined. 

Regarding the organization of this dissertation, in the first chapter, interpersonal trust and trust in 

automation are defined (chapter 1.1), the relevance of considering trust in the design of automated 

vehicles is derived along with an overview of basic concepts (chapter 1.2), essential theories on 

trust are introduced (chapter 1.3), and a brief review of variables found to be predictive for trust 
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in automation is provided (chapter 1.4). Based on this, the aims of this dissertation are further 

specified (chapter 1.5). In chapter 2, the propositions of the introduced framework are derived 

from theory. Following on from this, in chapter 3, the empirical studies of this dissertation are 

presented (chapters 3.1 to 3.4). In the discussion (chapter 4) the study findings are summarized 

(chapter 4.1), and theoretically integrated along with directions for future research (chapter 4.2). 

Furthermore, practical implications (chapter 4.3), strengths, and limitations are discussed (chapter 

4.4), and a conclusion is drawn (chapter 4.5). 

1.1 Trust in Automation 

Trust can be generally described as a psychological variable that influences a trustor’s (the trust-

giving agent) willingness to accept risk in regard to a trustee (the trust-receiving agent; e.g., Hoff 

& Bashir, 2015; Mayer et al., 1995; Thielmann & Hilbig, 2015). In early trust research by Deutsch 

(1960) the theoretical foundation on the role of trust for human cooperation had been established. 

Later, the focus of interpersonal trust research shifted to an investigation of trust as a dispositional 

variable reflecting people’s general tendency to trust others (e.g., Rotter 1967, 1980) and as a key 

variable in the development of dyadic relationships between humans (e.g., Rempel et al., 1985). 

A review of the history of research and empirical findings in the domain of interpersonal trust can 

exemplarily be found in Simpson (2007). 

In the interpersonal context, trust has been defined by Rotter (1967) as an expectation of an indi-

vidual that he or she can rely on another human being’s promise or written communication. Mayer 
et al. (1995) provide a somewhat more extensive definition of trust as a party’s general willingness 

“to be vulnerable to the actions of another party based on the expectation that the other will per-

form a particular action important to the trustor, irrespective of the ability to monitor or control 

that other party” (p. 712). In their interdisciplinary review on trust Thielmann and Hilbig (2015) 

identified three common features entailed in most trust definitions: a) uncertainty and risk, b) an 

expectation in regard to the actions of the interaction partner, and c) acceptance of vulnerability.  

The basic concepts of trust between humans can be transferred to a broad array of decisions in the 

interaction with automated systems. Accordingly, the psychological concept of trust was trans-

ferred from the domain of cooperation between humans to the interaction of humans with auto-

mated systems (e.g., Muir, 1987, 1994, Lee & Moray, 1992; Lewandowsky et al., 2000; Madhavan 

& Wiegmann, 2007, see chapter 1.3). In the case of human-automation interaction, the trustor is 

the human user (e.g., driver) and the trustee is the autonomous system (e.g., automated driving 

system). Uncertainty and subjective risk result, e.g., from the user’s incomplete picture of a) the 

system’s technological components, b) their functioning, and c) the inherent mechanisms of the 

relation between system input and output. Based on the available information, an expectation is 

built of how the system “is” and how it is likely to behave. Furthermore, the early interaction with 

such systems is likely to be characterized by a subjective or objective vulnerability of the user as 

inappropriate reliance might lead to non-optimal task execution or accidents. This overlap of de-

fining features between interpersonal trust and trust in automation makes trust an essential concept 

for the understanding and prediction of decision making in the interaction with automated systems.  

Trust in automation has been investigated for over three decades now, which is reflected in various 

definitions (see Lee & See, 2004 for an overview). This work builds on the well-recognized defi-

nition for trust in automation by Lee and See (2004) “as the attitude that an agent will help achieve 
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an individual´s goal in a situation characterized by uncertainty and vulnerability“ (p. 51). The 

underlying understanding of trust as a specific dynamic attitude that develops and changes in the 

course of the familiarization with an automated system puts trust in automation in the role of an 

intermediate subjective variable that affects decisions in the interaction with such systems.  

Early investigations of the relationship between trust in automation and reliance behavior were 

conducted in process control scenarios in which participants supervised, controlled, and delegated 

processes in simulated plant micro worlds (e.g., Muir & Moray, 1996; Lee & Moray, 1992, 1994). 

Muir and Moray (1996), in such studies, for example, found that trust in automation could be 

meaningfully assessed with subjective scales, that these assessments varied with changes in system 

reliability and were predictive for reliance behavior (e.g., Lewandowsky et al., 2000). It was fur-

ther shown that trust in automation is not merely a reflection of automation behavior, but is also 

affected by task-related self-perceptions (e.g., self-confidence, Lee & Moray, 1994) and learning 

about the system (e.g., Khastgir et al., 2018). Taken together, trust in automation is conceived as 

a distinguishable psychological construct influencing the use of automated systems (e.g., Lewan-

dowsky et al., 2000). In support of this claim, since the earlier days of research on trust in automa-

tion, there has been a huge deal of research underpinning a relationship of subjective trust in au-

tomation with reliance and use of various automated systems (e.g., Biros et al., 2004; Sanchez et 

al., 2004; Daly, 2002; Hergeth et al., 2016; Rajaonah et al., 2006). 

1.1.1 Calibrated Trust and Trust Calibration 

As for the described theoretical relevance of trust in automation for safe and efficient decision 

making with automated systems, it is a goal of both research and practice to investigate and provide 

directions for facilitating a calibrated level of trust in users – a condition in which a user’s level 

of trust is precisely congruent with the system’s actual capabilities and performance (Muir, 1987). 

In such a situation of calibrated trust, an automated system is likely to be used in an adaptive 

manner that maximizes positive and minimizes adverse outcomes. On the other hand, the more the 

individual trust level deviates from a calibrated level, the more likely suboptimal reliance patterns 

in terms of disuse (using an automated system not to its fullest capability) and misuse (using an 

automated system beyond its capabilities, e.g., Parasuraman & Riley, 1997) emerge. In this regard, 

Lee and See (2004) linked distrust (trusting a system too little) to system disuse and overtrust 

(trusting a system over its capabilities) to system misuse. In order to favor the emergence of cali-

brated trust in the design of automated systems and the corresponding user interfaces, the psycho-

logical processes in which trust levels are adapted to the anticipated or experienced capabilities of 

an automated system need to be considered (e.g., Lee & See, 2004; Khastgir et al., 2018).  

Trust is commonly conceptualized as a dynamic variable evolving and adjusting along with avail-

able information and accumulated knowledge about a system to correspond to objective trustwor-

thiness of a system, a process that is referred to as trust calibration (e.g., Kraus, Scholz, et al., 

2019; Khastgir et al., 2018; Muir, 1994). In this regard, calibrated trust is the optimal result of the 

dynamic process of trust calibration prior to and during the interaction with an automated system. 

While at the beginning of system interaction, trust was found to change relatively fast with new 

information and experiences (e.g., Muir & Moray, 1996; Hergeth 2016; Khastgir et al., 2017), over 

the course of the interaction trust has been found to stabilize if system behavior meets the expec-

tations of the users (e.g., Beggiato et al., 2015). In the process of trust calibration, besides others, 

system knowledge and the experience of system reliability were proposed to play an important 

role (e.g., Khastgir et al., 2017, 2018).  
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Although the psychological processes involved in the formation and calibration of trust in auto-

mation have been both discussed on a theoretical level and empirically investigated in the last 30 

years, they are not yet sufficiently understood at this point. In the face of the depicted role of 

calibrated trust in automation, the questions of how it is built up, which information is used to 

adapt one’s level of trust, and how trust in automation dynamically develops over time are essential 
to be answered for facilitating a safe and from a user’s perspective positive interaction with auto-

mated systems in their design and introduction.  

While a good part of early research on trust in automation was conducted in professional settings 

in which very specific tasks are to be performed by highly specialized experts (e.g., plant simula-

tions), in recent years, automated systems are more and more introduced into public and private 

settings. This is especially the case for household robots and automated vehicles, which are used 

by lay users on a broad basis without systematic training. The question of how to facilitate trust 

calibration in such systems has significant implications at both the individual (e.g., user well-be-

ing) and societal level (e.g., road safety). As we are contemporary witnesses of the transition from 

manual to automated driving, in which intermediate systems allowing for automated support in a 

part of the driving task are more and more introduced in current vehicles, the scientific analysis of 

trust processes in this domain can influence system design and introduction from an early phase 

of technology dissemination on. Accordingly, the presented studies of this dissertation were set in 

the domain of highly automated driving. In the following, the essential role of trust calibration and 

calibrated trust for safe and efficient use of automated driving systems is discussed before theories 

of trust formation and calibration are introduced (chapter 1.3). 

1.2 Trust Calibration in Driver-Vehicle Interaction with Automated Vehicles 

Commonly, the advent of automated vehicles is discussed in relation to positive outcomes like 

efficient, safe, and comfortable driving (Maurer et al., 2016). Before fully autonomous driving can 

become a reality and these projected positive effects come fully into play, several technological 

and legal obstacles have to be overcome. Therefore, it will likely take another 10 to 20 years before 

fully autonomous cars are used on a daily basis (e.g., Beiker, 2016). During this period of transi-

tion, intermediate modes of automation are introduced, in which the automation takes over full or 

partial control temporarily for a specific road type or driving situation it is designed for (e.g., 

driving on a two-lane rural road). These intermediate modes refer to level 1 (driver assistance), 

level 2 (partial driving automation), level 3 (conditional driving automation), and level 4 (high 

driving automation) of the taxonomy of the Society of Automotive Engineers (SAE, 2018), in 

between level 0 (no driving automation), and level 5 (full driving automation). Automated driving 

at the SAE levels 3 and 4 provides the driver, depending on the automation level, with the possi-

bility to more or less disengage for a certain time from the driving task. On the other hand, at levels 

1 and 2 the driver has to supervise system functioning at all times. While all four intermediate 

levels are referred to as automated driving in the following, levels 3 and 4 are referred to as highly 

automated driving. The functional scope of automated driving systems is restricted by system lim-

itations and malfunctions. 

A system limitation occurs when a limit of an automated driving system’s operational design do-

main (Czarnecki, 2018; SAE, 2018) is reached, e.g., when the vehicle leaves an area the automa-

tion is designed to manage (e.g., change of road type) or the environmental conditions change into 

a constellation under which the system is not able to drive automatically (e.g., restricted sight). In 
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the case of a system limitation, the system initiates a Take Over Request (TOR; e.g., Gold et al., 

2013; Walch et al., 2017), after which control is handed back to the human driver in a transition 

area. Accordingly, system limitations are intended restrictions to the scope of automated systems. 

On the other hand, system malfunctions refer to “sudden, unpredicted errors related to a system’s 
reliability within its area of application” (Kraus, Scholz, et al., 2019, p. 1) leading to disruption of 
normal driving and resulting for example in a fallback strategy like a safe halt (e.g., Emzivat et al., 

2017). As in these situations the control of the complete driving task or subtasks has to be handed 

over, the intermediate modes of automated driving reflect a cooperative task-sharing between the 

driver and the automation during the drive (Woods, 2001). Accordingly, as the drivers are com-

monly assumed to be still in charge of function allocation in driving automation at intermediate 

automation levels (e.g., Beiker, 2016; Hoc et al., 2009), drivers are facing complex decisions dur-

ing the drive. These include if and to what extent they use the automation, continue to monitor it, 

and if, when, and to what extent they regain control. Above this, the interaction between the driver 

and the driving automation might include training of the automation, collaborative maneuver plan-

ning, and cooperative resolution of uncertainties. 

In the face of this complexity and the associated dangers of inappropriate system use (as discussed 

in chapter 1.1.1), it is essential to minimize both the negative effects of misuse and disuse of au-

tomated driving systems in their design and introduction. Disuse may, for example, arise if drivers 

do not feel comfortable with the technology and decide not to use it. In this case, the positive 

effects of advantages commonly associated with automated driving, like reduced CO2 emissions 

and increased road safety, do not fully come into play. On the other hand, misuse might result if 

drivers are too prone to the technology and use it excessively, which is dramatically illustrated by 

recent accidents with automated vehicles that have not been used in an appropriate manner (e.g., 

Wang & Li, 2019). Accordingly, if one aims at pursuing the goal of a safe and sustainable intro-

duction of automated driving systems (e.g., by user education), it seems meaningful to direct one’s 
attention to psychological processes leading to the drivers’ decisions if, when and how to use the 

driving automation.  

Like in other domains, also in automated driving trust in automation has been found to be an es-

sential predictor for the reliance and use of automated driving systems (e.g., Payre et al., 2016; 

Hergeth et al., 2016; Rajaonah et al., 2006). The importance of trust for decision making in the 

interaction with automated driving systems is further reflected by an ever-growing body of litera-

ture on trust in the domain of automated driving systems in recent years (e.g., Hergeth et al., 2017; 

Beggiato et al., 2013, 2015; Hartwich et al., 2019; Frison et al., 2019; Körber et al., 2018; Ekman 

et al., 2018; Waytz et al. 2014). In this regard, it is an essential research focus of how trust cali-

bration in drivers before and during the drive can be facilitated. For example, in regard to trust 

processes prior to the drive, the role of prior information about a system’s capabilities has been 

investigated (e.g., Körber et al., 2018; Beggiato et al., 2013). In the same manner, the role of prior 

experience and practice with automated driving systems have been addressed (e.g., Gold et al., 

2015). In regard to processes during the drive, the dynamic trust development over time has been 

investigated for short (e.g., Hergeth et al., 2015, 2016) and longer periods of interaction with au-

tomated driving systems (Beggiato et al., 2013, 2015). Along the same line, the effects of TORs 

and system limitations on trust calibration have been investigated (e.g., Hergeth et al., 2015, 2016). 
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Additionally, some studies investigated how provided information during the drive (e.g., Win-

tersberger et al., 2017; Helldin et al., 2013) and different design characteristics of the respective 

user interface affect trust during the drive with automated vehicles (e.g., Frison et al., 2019).  

At this point, like in general in the investigation of trust in automation, essential questions like 

how trust in automated vehicles is dynamically built up, which variables affect this process and 

how trust calibration and calibrated trust can be facilitated in the introduction, design, driver train-

ing, and associated user interfaces of such systems remain not sufficiently answered. Against this 

background, this dissertation aims at enhancing the theoretical foundation for investigating trust 

in automation by presenting a psychological framework for the investigation of the formation and 

calibration of trust in automation. On this basis, six studies are presented that investigated several 

of the framework’s propositions in the setting of automated driving. To gain an understanding of 

the psychological processes and influencing variables hypothesized to be involved in the formation 

and calibration of trust in automation, in the following, essential theories of trust and trust for-

mation from the domains of interpersonal trust and trust in automation are introduced. 

1.3 Theories of Trust and Trust Formation 

The conceptual proximity between trust in automation and interpersonal trust has been the subject 

of scientific discussion since the beginning of research on trust in automation. Most researchers 

see similarities between these two forms of trust but differ in regard to the extent of the attested 

comparability (Hoff & Bashir 2015; Lee & Moray, 1992; Jian et al., 2000; Lee & See, 2004). In 

favor of the similarity hypothesis, people were found to treat computers and technological systems 

as social objects and apply social rules from human interaction to the interaction with these sys-

tems (e.g., computers are social actors; e.g., Nass et al., 1994; Nass & Moon, 2000). On the other 

hand, essentially, the character of available information about the interaction partner (e.g., lan-

guage structures in human partners) as well as the applied cognitive schemas were discussed to be 

different in human-human and human-automation trust (Madhavan & Wiegmann, 2007). In the 

same manner, also individual differences that affect information processing in the two trust do-

mains were discussed to vary (e.g., in terms of self-evaluations; Lewandowsky, 2000). In particu-

lar, it was also discussed from early on that the temporal order of available information to inform 

one’s trust over the course of the individual phases of trust formation differs in the two domains 

(Lee & Moray, 1992). Furthermore, in human-machine interaction, characteristics and trust-rele-

vant processes on the side of the trustee are easier to objectivize (e.g., restricted subjectivism on 

the side of the machine). For example, in the interaction with automation, social projection (e.g., 

Thielmann & Hilbig, 2015) and the intentionality of the trustee (Lee & See, 2004) are restricted. 

In conclusion, while the basic psychological processes of trust in other humans and trust in auto-

mated systems are assumed to share essential underlying mechanisms, the considered information, 

attributional processes and the process of trust formation over time are likely to differ. However, 

while specific theories and models of trust in automation are essential to account for these and 

other differences, theorizing on trust in automation originated in the theoretical work on human-

human trust. Thereby, especially, the models proposing different levels of trust attributions from 

the interpersonal domain (e.g., Rempel et al., 1985) and the models by Lee and See (2004) and 

Hoff and Bashir (2015) have been influential and build an important basis for this dissertation. In 
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the following, these three models are depicted in more detail and open research questions are iden-

tified. For an additional overview of theoretical work on trust in automation, see French et al. 

(2018) and Walker et al. (2016). 

1.3.1 Theories on Levels of Trust Attributions 

Early theories on the formation of trust in automation built on the model by Rempel et al. (1985) 

from the domain of dyadic relationships between humans. An underlying assumption of this model 

is that trust as a general expectancy of certain events evolves in a dynamic process of uncertainty 

reduction over the course of relationship development (Holmes & Rempel, 1989). In the model by 

Rempel et al. (1985) it is proposed that in the course of this process, the information basis of trust 

involves three increasing levels of attributional abstraction.  

At level 1, predictability, the extent to which the behavior of the partner can be anticipated, pro-

vides the basis for trust (Rempel et al., 1985). This anticipation is influenced by knowledge on 

reward contingencies, stability, and control over the behavior. At level 2, the reasons behind the 

partner’s behavior come into focus, which are subsumed under the term dependability. At this 

level, rather than from discrete behavior, trust is inferred from an attribution of a partner’s person-
ality in regard to cooperativeness, reliability, honesty, and benevolence. A partner’s dependability 
is evaluated over time on the basis of accumulated experiences in repeated encounters with the 

partner in situations involving personal risk and uncertainty. At level 3, especially in the later 

progress of a relationship, trust is additionally proposed to be built on faith. This level entails an 

anticipation of future behavior of the interaction partner and was defined as the general “belief that 
one's partner will act in loving and caring ways whatever the future holds” (Rempel et al., 1985, 

p. 109). Taken together, according to the model by Rempel et al. (1985), the sources for inferences 

about trust in a partner evolve and broaden in the course of a relationship from behavioral obser-

vation via a derivation from perceived dispositions to the projection of future behavior. The model 

entails three essential characteristics of trust processes: a) trust develops dynamically over time on 

the basis of b) available information about the interaction partner, whereby c) the characteristics 

of the utilized information tend to change over the course of relationship building with the partner. 

The model by Rempel et al. (1985) was transferred to the area of human-machine trust by Muir 

(1987, 1994). She proposed that the assessment of predictability towards automated systems builds 

on the objective behavior of the automated system, the user’s ability to predict it, and the stability 

of the environment. For the second level, Muir argued that dependability is built through experi-

ence with the automation and testing the limits of the system in uncertain and risky situations 

leading to less need for monitoring of the automation. Third, faith in the domain of human-auto-

mation interaction was proposed to refer to the incomplete understanding users still have after they 

have been using the system for a longer period of time as the underlying technological processes 

are in most cases too complex to be fully understood. In this regard, faith builds on a perception 

of appropriateness and flexibility of the programming of the system in a way that the system’s 
dependability is projected to unforeseeable future interactions.  

Also, in the tradition of Rempel’s theory, Lee and Moray (1992) and based on Muir’s work defined 

four dimensions of attributional abstraction in trust processes specific for the interaction with au-

tomated systems. The authors adapted the naming of these dimensions to represent the conditions 

of human-machine interaction. The first dimension of trust is proposed to be formed by a general 

assumption that natural and social laws apply. The second dimension of trust, performance 
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(adapted from predictability), is related to what the system does and an expectation of its “con-
sistent, stable, and desirable performance or behaviour” (Lee & Moray, 1992, p. 1246). Third, 
process (from dependability) refers to an understanding of the mode of operation of the system 

involving, for example, sensors and algorithms and their appropriateness for the situation and goal 

attainment. Fourth, purpose, adapted from the dimension faith, covers the motives and intentions 

of the system designer and how the system is intended to be used. While the first level is not 

mentioned again in further discussion of the trust levels in Lee and Moray’s paper, the remaining 

three trust levels provide a good foundation for the various attributions from system behavior to 

the evaluation of trustworthiness. For example, Lee and See (2004) used these three levels to cat-

egorize a broad array of different proposed trust bases from trust theories from different domains. 

While Lee and Moray (1992) do not further specify how their proposed trust dimensions are inter-

related, they state that they do not reflect a sequential order. This is important as the label “levels” 
of the attributional trust models suggests a timely order of these processes, although the levels by 

Rempel et al. (1985) were not proposed to be necessarily run through in hierarchical order nor to 

be mutually exclusive. Rather, they reflect “a developmental progression in terms of the time and 
emotional investment required to establish each component and in terms of the level of attribu-

tional abstraction each demands” (Rempel et al., 1985, p. 98). Therefore, the levels proposed by 

Muir (1989, 1994) and Lee and Moray (1992) do not per se reflect a process over time in the 

relationship building between users and automated systems, but rather describe different attribu-

tional abstractions in the process in which available information is used to build up trust. In the 

following, the two models by Lee and See (2004) and Hoff and Bashir (2015) are introduced. 

These models entail further assumptions on the dynamic character of the development of trust over 

the course of getting to know and familiarization with automated systems. 

1.3.2 Lee and See’s Trust in Automation Model 

Lee and See (2004) integrate definitions, concepts, and research on trust from different (interper-

sonal, psychological, sociological, and organizational) domains into an influential conceptual 

Figure 1 

Lee and See’s (2004) conceptual model for trust in automation, illustrating the proposed dynamic feedback process 

of trust in automation. (Figure from Lee & See, 2004). 
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model for explaining the process of dynamic trust formation in the interaction with automated 

technology (see Figure 1). Based on their definition of trust as an attitude, the authors transfer the 

theory of reasoned action (TRA; Ajzen & Fishbein, 1980) to the domain of automation trust. The 

TRA builds on the assumption that people exert some kind of control over their behavior and that 

behavior is essentially influenced by the intention to perform this behavior, which in turn is formed 

on the basis of an integration of available information (e.g., Ajzen, 1991). Thereby, a behavioral 

intention refers to “the motivational factors that influence a behavior; […] indicators of how hard 

people are willing to try, of how much of an effort they are planning to exert, in order to perform 

the behavior” (Ajzen, 1991, p. 181). Accordingly, it is proposed that the higher the intention to 

engage in a certain behavior, the more likely it is to result in the actual performance of this behavior 

(Ajzen, 1991). Based on the assumption of behavioral control, the TRA further proposes that be-

havior is influenced through the combined influence of norms, beliefs, attitudes, and intentions. 

Beliefs can be defined as subjective probabilities of the link between particular attributes and a 

given object (e.g., a system), which are derived from salient information and, in turn, influence 

attitudes (Albarracín & Chan 2018; Ajzen, 1991). Attitudes can be defined as “a summary evalu-
ation of a psychological object captured in such attribute dimensions as good-bad, harmful-

beneficial, pleasant-unpleasant, and likable-dislikable” (Ajzen, 2001, p. 28). Accordingly, in com-

parison to beliefs, which are specific for the information available in the situation, attitudes are 

rather integrative evaluations and compared to beliefs less fluctuating and more robust across sit-

uations. Lee and See (2004) simplify and adapt the proposed interrelations of the TRA in their 

model to explain trust-based behavioral decisions in a closed-loop dynamic decision-making pro-

cess in the interaction with an automated system (see Figure 1), in which “the dynamic interaction 

with the automation influences trust and trust influences the interaction with the automation” (Lee 
& See, p. 68). This process is hypothesized to be affected by contextual factors in the environment, 

characteristics of the automation, and user characteristics. A further specific role is attributed to 

the content and format of the information that is displayed in the user interface during the interac-

tion. 

Lee and See’s model represents an important step toward a foundation of the theorizing about 

psychological processes in the formation of trust in automation. Thereby, the model’s notions that 
trust evolves dynamically and that in this process, various factors play together in their effects on 

trust formation are of specific importance for a more complex approach to the phenomenon. The 

article by Lee and See (2004) in which the model was first introduced is often cited in the field 

(especially for the attitude-based trust definition) and has been influential in the scientific discus-

sion on trust in automation since its publication. However, very few studies have been published 

that empirically tested the main assumptions of the model. Furthermore, the model awaits further 

theoretically advancement and specification. Also, it inherited some of the criticisms of the TRA 

and the theory of planned behavior (PLABE theory; Ajzen, 1988, 1991) to which the TRA was 

extended and which shares the basic assumptions Lee and See entailed in their model. Both the 

TRA and the PLABE theory have been criticized, for example for their overly restrictive rational 

perspective on decision making not sufficiently accounting for affective influences (e.g., Conner 

et al., 2013), unconscious or implicit motivations and direct effects of variables on behavior when 

controlling for the included predictors (e.g., Sniehotta et al., 2014). While the model of Lee and 

See (2004) accounts for some of these influences (e.g., affective processes), it still yields empirical 

confirmation and might benefit from further specification. First, the included variables and the 
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psychological processes, in which they relate to trust, are in part not sufficiently defined and spec-

ified. In this regard, the underlying definition of trust as an attitude could be built on to further 

provide specifications. Second, the authors conceptualize trust as a history-based construct but do 

not provide further details on the trust processes taking place before the interaction with an auto-

mated system. Third, while the model proposes a general influence of individual differences, there 

is no further specification of how user dispositions affect trust processes. Fourth, also an integra-

tion of different trust layers (Marsh & Dibben, 2003; Hoff & Bashir, 2015) into the model seems 

fruitful. 

1.3.3 Trust Layers 

From the theories of trust attributions, it can be concluded that the information and processes on 

which trust in automation is based change over time during the familiarization with a system. To 

understand the character of trust at different points in the trust process, it is meaningful to differ-

entiate between several trust layers. Based on a review of 127 studies on factors influencing hu-

man-automation interaction, Hoff and Bashir (2015) propose four interdependent “trust layers” 

and different categories of variables affecting trust at these layers (see Figure 2). First, in line with 

Marsh and Dibben (2003) as well as Merritt and Ilgen (2008), dispositional and learned trust can 

be differentiated. Unlike learned trust which is built up on the basis of the experience with a spe-

cific trustee (e.g., person or automated system), dispositional trust was conceptualized as “a dif-
fuse expectation of others’ trustworthiness […] based on early trust-related experiences” (Merritt 
& Ilgen, 2008, p. 195). While Hoff and Bashir (2015) do not further differentiate, a distinction 

between the more general tendency to trust in other people (e.g., Rotter, 1967, 1980; Gurtman, 

1992), and the tendency to trust in automated systems (e.g., Merritt & Ilgen, 2008) seems essential. 

Both variables are conceptualized as stable personality traits referring to the individual disposition 

to trust in other entities. As there is some disagreement about the naming of these constructs in the 

literature and to prevent confusion, the tendency to trust other people is referred to as dispositional 

interpersonal trust in the following (propensity to trust, e.g., in Frazier et al., 2013 and Mayer et 

al., 1995). Dispositional interpersonal trust has been defined as “a generalized expectancy held by 
an individual that the word, promise, or written statement of another individual or group can be 

Figure 2 

Model by Hoff and Bashir (2015) differentiating four trust layers. (Figure from Hoff & Bashir, 2015). 
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relied on” (Rotter, 1980, p. 1) and more simply as “a general willingness to trust others” (Mayer 
et al., 1995, p. 715). On the other hand, the more specific dispositional trust in automated systems 

is referred to as the propensity to trust in automation (in line with Merritt & Ilgen, 2008; disposi-

tional trust in Hoff & Bashir, 2015), which was defined as “an individual’s overall tendency to 
trust automation, independent of context or a specific system” (Hoff & Bashir, 2015, p. 413). 
While learned trust is built up over the course of experiences with a specific automated system, 

dispositional trust in automation is a disposition of the user general for automated technology, 

which he or she brings into the situation of getting to know a specific system. The authors state 

that dispositional trust in automation is built up by “both biological and environmental influences” 
(Hoff & Bashir, 2015, p. 413) and name general personality traits, culture, age, and gender as 

possible influencing variables. The nature of the propensity to trust in automation is discussed in 

more detail in chapter 2. 

Learned trust is specific for a system, based on the individual learning history with this system 

(Merritt & Ilgen, 2008), and “represents an operator’s evaluations of a system drawn from past 
experience or the current interaction […] directly influenced by the operator’s preexisting 
knowledge and the automated system’s performance” (Hoff & Bashir, 2015, p. 420). Learned trust 

can be conceptualized as a specific, history-dependent, dynamic attitude regarding a system’s 
trustworthiness as defined in chapter 1.1 (Lee & See, 2004). Hoff and Bashir (2015) further dif-

ferentiate between initial learned trust and dynamic learned trust. Initial learned trust represents 

the user’s evaluation of the system drawn from knowledge about the system available prior to the 
interaction, including experience with similar technology, the reputation of the system, and sub-

jective expectations (Hoff & Bashir, 2015). Thus, initial learned trust is assumed to determine the 

initial reliance strategy. Dynamic learned trust, on the other hand, results from the sum of experi-

ences with a particular system during its use up to the specific moment of measurement and covers 

the fluctuations of trust in correspondence with system performance. Also, initial and dynamic 

learned trust are further discussed in chapter 2.  

As a fourth trust layer, Hoff and Bashir (2015) name situational trust which covers situation-spe-

cific trust differences evoked by user states (internal variability), characteristics of the automation 

and the task (external variability) as well as the variances of the relation between trust and behavior 

induced by such variables. Situational trust, thus, is specific for a particular situational context of 

the interaction and varies along with these situational influences.  

Taken together, the work by Hoff and Bashir (2015) constitutes an essential integration of research 

on factors influencing trust in automation and provides a detailed research agenda for the different 

trust layers. Up to now, similar to the Lee and See’s (2004) model, there were not yet many at-

tempts to provide empirical support for the proposed model’s assumptions. While the authors pro-

pose a basic structure of the processes relating the four layers of trust (see Figure 2), their work 

focuses on providing an overview of the variables influencing trust at the different stages. In this 

regard, the psychological processes along which trust evolves along the different trust layers might 

be further specified in the future. First, the different trust layers appear somewhat underspecified 

with regard to their definitions and psychological causation. Second, the interrelationship of the 

different trust layers is not substantially specified (e.g., the influence of dispositional trust to 

learned trust). Third, some of the depicted relations between variables seem restrictive (Figure 2, 

e.g., personality might directly affect dynamic learned trust). Fourth, the process in which context 

factors influence the trust layers is not explained in detail and requires further specification. Fifth, 
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it is unclear whether the influencing factors summarized under the term situational trust constitute 

an own trust layer or if this is a subsuming term for situational variables influencing the formation 

of dynamic learned trust (external variability) that might moderate the relationship between dy-

namic learned trust and reliance (internal variability and task environment). Sixth, an integration 

of the proposed trust layers with the model of Lee and See (2004) might constitute a substantial 

step forward in theorizing on trust in automation. To provide an empirical basis of which factors 

and which information plays a role in the psychological process of trust calibration, in the follow-

ing, several variables that have been investigated in their effect on trust in automation are reviewed. 

1.4 Review on Factors Influencing Trust in Automation 

Trust is dynamic and affected by factors on the side of the system, the person, and the situation. 

This complexity can be understood by taking a look at the meta-analyses by Schaefer et al. (2016), 

Schaefer et al., (2014) and Hancock et al. (2011) as well as the reviews by Lee and See (2004) and 

Hoff and Bashir (2015), subsuming factors influencing trust in automation. To provide a picture 

of the complexity of the processes involved in trust formation and calibration, in the following, a 

brief review of some of the variables that have been studied in their relation to trust processes in 

human-machine interaction along the three categories user-related, system-related, and situation-

related is provided. Thereby, under situational variables both environmental factors (e.g., task 

characteristics, physical variations) and user states as situation-specific variations in the user’s 
adaptation to situational circumstances (Hamaker et al., 2007) are subsumed. User-related varia-

bles, on the other hand, refer to relatively stable differences between users that are assumed to 

influence trust in automation (besides others personality traits and general technology-related at-

titudes). 

1.4.1 Characteristics of the User 

In regard to attributes of the user investigated in relation to trust in automation, exemplarily, find-

ings on demographic variables, working memory, and user domain expertise are briefly discussed. 

As for the emphasis of the presented studies on personality traits and technology-related attitudes, 

these are discussed in more detail. First, demographic variables like age and gender have been 

repeatedly linked to trust in automation. At this point, while some age differences were reported 

(e.g., Donmez et al., 2006), these seem to variate between contexts (Hoff & Bashir, 2015). Re-

cently, Hartwich et al. (2019) investigated age group effects for trust in an automated driving sys-

tem and did not find any differences in the considered groups. Also for gender, no general effects 

on trust in automation can be reported at this time (Hoff & Bashir, 2015). Second, Rovira et al. 

(2017) found higher working memory to be associated with more appropriate trust calibration. 

This initial finding points into the direction that trust calibration might be cognitive demanding 

under certain circumstances, which entails implications for the design of both user education and 

user interfaces. Third, higher domain expertise (e.g., automated driving in general) was repeatedly 

found to result in less reliance on automated systems (e.g., Sanchez et al., 2011). For such a rela-

tionship trust might be a mediating variable, but up to now, this has not yet been conclusively 

investigated. Fourth, several general personality traits and more specific individual dispositions 

have been repeatedly investigated in relation to differences in trust in automation. Within the group 

of more general personality traits, the traits of the Five-Factor Model of Personality (e.g., McCrae 

& John, 1992; Costa & McCrae, 1992) have been repeatedly investigated in relation to trust. Ex-

traversion has been well-established to be positively related to dispositional interpersonal trust 
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(e.g., Gaines et al., 1997; Evans & Revelle, 2008). This positive relationship was found to gener-

alize to the propensity to trust in machines (Merritt & Ilgen, 2008). For neuroticism, a negative 

relation to interpersonal trust was found (Evans & Revelle, 2008). While at this time, there is no 

direct evidence for a link of neuroticism to trust in automation, a reported relationship between 

neuroticism and the agreement with an automated advice system (Szalma & Taylor, 2011) points 

into the direction of such a relationship. Third, agreeableness and consciousness were found to be 

positively related to the propensity to trust in automation (Chien et al., 2016). Regarding further 

general traits, on a theoretical level, also dispositional interpersonal trust has been related to trust 

in automation (e.g., Madhavan & Wiegman, 2007), but up to now empirical evidence for such a 

relationship has not been reported. Within the group of more specific personality traits, the pro-

pensity to trust in automated systems (Merritt & Ilgen, 2008) has been found to be positively re-

lated to trust in automation. Similarly, also general automation-specific attitudes have been inves-

tigated in regard to trust in automation. In this respect, implicit positive attitudes towards automa-

tion have been found to predict trust in automation (Merritt et al., 2013). Furthermore, recently 

several studies investigated the role of a perfect automation scheme (PAS) for trust in automation 

(Merritt et al., 2019; Merritt, Unnerstall, et al., 2015; Lyons & Guznov, 2019), which was first 

proposed by Dzindolet et al. (2002) and later conceptualized as “a tendency to view automation as 
perfectly performing or infallible” (Merritt et al., 2019, p. 4). The PAS consists of the two separate 

factors high expectations for the performance of automated systems and all-or-none thinking, a 

belief that automated systems either work flawlessly or not at all (Merritt, Unnerstall, et al., 2015). 

For the factor high expectations Lyons and Guznov (2019) reported in three studies significant 

positive relationships between the factor high expectations and trust in the investigated automated 

systems (robots and an automated flight assistance system). On the other hand, as for a consider-

able theoretical overlap between the high expectations factor and the propensity to trust in auto-

mation, the incremental validity of this factor has to be further investigated. In Merritt, Unnerstall, 

et al. (2015) this theoretical overlap was supported in a hierarchical approach indicating that the 

factor high expectations did not account for additional variance explanation in trust in automation 

over the propensity to trust in machines. For the factor all-or-none thinking findings are inconclu-

sive (Merritt, Unnerstall, et al., 2015; Lyons & Guznov, 2019) and rather point into the direction 

that it moderates the effect of system malfunctions on trust in automation.  

The example of the PAS illustrates that dispositional variables are related to trust in a complex 

manner, and besides direct relationships, individual dispositions are likely to moderate some of 

the relationships between characteristics of the automation or situational variables and trust in 

automation. Also, at this point, only a limited number of studies have been conducted that relate 

personality variables and other individual characteristics to trust in automation. Furthermore, in 

some cases, there are inconsistencies in regard to the effect sizes and direction of effects of single 

personality traits and attitudes on trust in automation. These inconsistencies might be based on 

differences in the studied systems, the context of interaction, and the task. 

1.4.2 Characteristics of the Automated System  

The variables in the design of automated systems, which have been studied to affect trust in auto-

mation, can be divided into capability-related and appearance-related variables. Capability-related 

variables include the type of the system, its features, and functionality, as well as the reliability of 

task performance. Appearance-related variables include all features of the user interface and of the 

design of the technological device itself. In terms of capability-related variables, system reliability 
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is one of the most frequently investigated in relation to trust in automation (e.g., Parasuraman & 

Riley, 1997). In this regard, malfunctions of automated systems were found to result in declines in 

trust in the systems (e.g., Lee & Moray, 1992; Muir & Moray, 1996; Dzindolet et al., 2003), which, 

presumably, to some extent, results from the perception of lower system reliability (e.g., Madhavan 

& Wiegmann, 2007). Reliable behavior and communication of automated systems, on the other 

hand, were found to be positively related to trust across a broad array of tasks and system types, 

while at the same time, also possible moderations by task characteristics (e.g., task difficulty) have 

been discussed (see Schaefer et al., 2016 for an overview). Furthermore, there seems to be no 

simple relationship between automation level and trust (Rani et al., 2000; French et al., 2018). 

Irrespective of the automation level, users were found to trust systems more that provide some 

extent of control (e.g., Hoff & Bashir, 2015) and lead to predictable outcomes (Schaefer et al., 

2016). For a further review of capability-related variables, see Hoff and Bashir (2015) and 

Schaefer et al. (2016). 

On the side of system appearance, variables related to system aesthetics like the degree of anthro-

pomorphism (Waytz et al., 2014) and communication style of the automated system (e.g., voice 

type; Large & Burnett, 2014) have been found to influence trust in automation. Only recently, 

measuring trust and distrust as two dimensions, Frison et al. (2019) found that a system with higher 

usability was trusted more while a more aesthetic system was less distrusted. Apart from that, as 

the investigation of specific design elements (regarding surface characteristics like aesthetics) is 

not likely to lead to generalizable design guidelines for trustworthy interfaces for automated sys-

tems, the investigation of broader psychological functions of the user interface might be more 

promising. Two related examples of user interfaces’ psychological functions that have been prom-

inently discussed in relation to trust in automation are transparency and feedback. Transparency 

refers to the extent to which a system’s processes and decisions are accessible by the user (e.g., 

Seong & Bisantz, 2008) in a way that enhances system comprehensibility and predictability, in 

turn supporting trust calibration (e.g., Kraus, Scholz, et al., 2019). System transparency might ei-

ther be enhanced by providing prior information about system functioning or by an implementation 

in the user interface. Exemplarily, Körber et al. (2018) found prior information with regard to the 

trustworthiness of an automated driving system to influence trust ratings in the interaction with 

the system. Furthermore, Beggiato et al. (2013) showed that prior information about the limitations 

of an automated driving system affected trust prior to the interaction and during repeated interac-

tion with the system over several weeks. Also, in regard to transparent user interfaces, initial sup-

port for an association of higher transparency with increased trust levels has been presented (Ek-

man et al., 2016). Above this, the character of feedback - e.g., feedback accuracy, amount, and 

type - has been found to influence trust development (Schaefer et al., 2016). Variables like system 

transparency or system feedback might be implemented in a manifold of different ways within a 

system (e.g., transparency through graphical or speech interfaces), which affect trust in automation 

in similar ways. Furthermore, it is likely, that design variables interact in their effect on trust in 

automation with other system- or person-related factors and, thus, to better understand the inter-

active dynamics of trust calibration a theoretical approach might account for interactions between 

these variable groups (e.g., different reactions of different user groups to the same interface). 

1.4.3 Characteristics of the Situation, Task Environment 

Besides the discussed variables on the side of the user and the system, also the role of situational 

variables should be considered under a dynamic perspective of trust formation. In this regard, Hoff 
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and Bashir (2015) name task difficulty, workload, attentional capacity, self-confidence, perceived 

risks and benefits, organizational setting, task framing, and mood as factors that could affect trust. 

Here, exemplarily, workload, self-confidence, and emotional states are discussed in more detail.  

First, some studies report a role of workload for the formation of trust in automation. For example, 

Biros et al. (2004) found task load to moderate the relationship between trust and automation use. 

Phillips and Madhavan (2011) found that different types of distractor tasks affected trust in an 

automated x-ray aid. Second, self-confidence, the situational anticipated self-assessment of one’s 
own ability to successfully perform a task (e.g., Briggs et al., 1998), has been repeatedly investi-

gated in relation to trust in automation. Several authors found the relative ratio of trust in automa-

tion and self-confidence (as reflected in difference scores) to predict task allocation (e.g., Lee & 

Moray, 1994; Lewandowsky et al., 2000; de Vries et al., 2003). For example, Lee and Moray 

(1994) found in a semi-automated pasteurization plant simulation that users prefer automated con-

trol if trust exceeded self-confidence and in the opposite case prefer manual control. Third, only 

few studies have investigated the influence of emotional user states on trust in automation. Merritt 

(2011) found a positive relationship between happiness and trust in an automated x-ray system. 

Similarly, Stokes et al. (2010) reported higher trust in participants with positive than with negative 

affect while this effect was strongest at the beginning and disappeared in the course of the interac-

tion. In line with this, Frison et al. (2019) found a negative relationship between negative affect 

and trust in an automated driving system. 

In summary of the review of empirical findings on factors influencing trust in automation, it can 

be stated that while many studies have been conducted and various effects have been reported, at 

this time, no clear picture of generalized effects over different automated systems, tasks, and situ-

ations can be provided. This is presumably a result of a complex interaction of the different vari-

able groups in the formation of trust in a specific automated system. In this regard, enhancing the 

understanding of the underlying psychological trust processes seems fruitful to increase insight 

into this interplay of the different variable groups in their effect on trust in automation. 

1.5 Problem Statement and Aims of this Dissertation 

Trust in automation has been discussed and empirically supported to play an essential role in the 

safe and efficient interaction with automated systems in general and automated driving systems in 

specific. Early theories on trust levels (Rempel et al., 1985; Muir, 1994; Lee & Moray, 1992) and 

the models by Lee and See (2004) and Hoff and Bashir (2015) constituted essentially to an under-

standing of the nature of formation and calibration of trust in automation. Up to now, these streams 

of theorizing have mainly been discussed separately, and no integrative research framework re-

flecting the complex, history-based, and dynamic nature of trust has yet been introduced. Such an 

integration and further specification of psychological processes in trust formation might help to 

cope with the complexity of the factors contributing to trust in automation in research (as illus-

trated in chapter 1.4). At this point, several open questions on how different trust layers are inter-

related, which processes are involved in their formation and calibration, and how the identified 

variable clusters feed into these processes are still pending answers. First, the role of dispositional 

trust (both in its generalized and automation-specific form) in the perception of unfamiliar auto-

mation systems has not yet been conclusively understood. Second, in this regard, it is an open 

question how dispositional interpersonal trust relates to dispositional trust in automation. Third, 
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the interplay of different trust layers, as proposed by Hoff and Bashir (2015), has not been inves-

tigated in detail. Fourth, it is unclear how predispositions resulting from personality differences 

and individual experiences in learning history influence the use and processing of information 

provided before users interact with an automated system for the first time and in the course of 

system interaction. Fifth, the question of how initial learned trust informs dynamic learned trust 

and decision-making with automated systems is yet unanswered. Sixth, at this point, it is an open 

question how dynamic learned trust evolves along with the observed system behavior over time 

and how the perception of automation reliability is interpreted against information the users re-

ceived prior to the interaction with a system. Seventh, the understanding of the role of communi-

cated or observed system characteristics and situational variables in the establishment of learned 

trust remains restricted. While these research questions only subsume some of the open questions 

in the formation and calibration of trust in automation, they constitute the motivation for this work. 

Against this background, this dissertation aims at presenting: 1) an integrative psychological re-

search framework for investigating the dynamic formation and calibration of trust in automation, 

and 2) a series of studies in the domain of highly automated driving to investigate some of the 

relationships and specific variables proposed to affect trust in automation. 

1.5.1 Aims of the Proposed Framework for Trust in Automation 

There is a general consensus in the field that trust is built in a dynamic process over time (Lee & 

See, 2004) in which different variables interact with each other. While two influential papers in 

recent years have essentially contributed to theoretically describe the process of trust development 

in automated systems (Lee & See, 2004; Hoff & Bashir, 2015), their assumptions have not yet 

been integrated into a conclusive model nor sufficiently empirically validated. Moreover, these 

models still require further specification of the psychological processes of trust development. 

Starting from the assumption of a dynamic learning process of trust development in which different 

groups of variables interact, this dissertation presents a framework for the investigation of the 

process of trust development integrating the trust layers by Hoff and Bashir (2015) and the trust 

processes proposed by Lee and See (2004). The proposed framework specifies three stages at 

which trust is formed along three trust layers (propensity to trust in automation, initial, and dy-

namic learned trust) that sequentially build on each other. Furthermore, the complexity of influ-

encing factors, as depicted in chapter 1.4, is integrated into the framework. Additionally, the psy-

chological processes in which the trust layers are proposed to be formed at the three stages are 

further specified on the basis of concepts and models from interpersonal trust, personality psychol-

ogy, and social-cognitive theories on attitude formation. The presented framework is specified 

along ten propositions, integrating and extending the state of theorizing on trust in automation. 

The framework aims at providing a theoretical basis for the integration of research on trust in 

automation and serves as a heuristic for the derivation of hypotheses and research designs in order 

to test, falsify, and further specify the entailed propositions on the psychological processes playing 

a role in the formation of trust in automation. 

1.5.2 Aims of the Empirical Studies 

On the basis of the proposed framework, a series of six studies from four published research arti-

cles in the area of automated driving is presented. To contribute to closing the described research 

gaps, these studies focused on an investigation of trust formation processes as specified in the 

propositions of the framework. More specifically, they addressed interrelations between the dif-
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ferent trust layers, the impact of available information (prior to system use and during the interac-

tion) on trust formation and calibration and the role of several dispositional and state variables in 

trust development. These studies are depicted in more detail after a presentation of the research 

framework. 

2 Research Framework: Three Stages of Trust in Automation  

The Three Stages of Trust framework (see Figure 3) integrates variables and processes that have 

been proposed to be involved in the formation of trust in the areas of interpersonal trust and human-

technology interaction. The framework consolidates the main assumptions of the two models by 

Lee and See (2004) and Hoff and Bashir (2015) and further specifies the psychological processes 

involved in trust formation along ten general propositions integrating assumptions of the two mod-

els with theorizing from the domains of interpersonal trust, personality psychology, and social 

cognition. The ten propositions of the framework entail general theoretical assumptions about the 

interrelations of variable groups acting together in forming and calibrating trust on the basis of 

available information. Altogether, the framework proposes three sequential stages of trust for-

mation as depicted in Figure 3. The Three Stages of Trust provide a framework for integrating 

existing research and orienting hypothesizing and design of future research endeavors for investi-

gating trust in automation (see chapters 1.5.1, 4.2, and 4.4.1 for a more detailed discussion of the 

advances by the framework). In the following, ten propositions, theoretically underpinning the 

framework, are derived and specified. 

2.1 Propositions of the Three Stages of Trust Framework 

An essential defining psychological momentum of trust is an inherent uncertainty about the trust-

worthiness of the trustee (see chapter 1.1). Thus, trust formation can be described as a psycholog-

ical process in which sources of available information are used to reduce uncertainty about the 

trustee and to build up an expectation about his actual trustworthiness over time. In a similar man-

ner as interpersonal trust can be understood as a result of a learning process of other humans’ 
trustworthiness (e.g., Rempel et al., 1985), also trust in automation is hypothesized to be built up 

in a learning process in which the basis of trust changes over the course of the relationship with an 

automated system (e.g., Lee & Moray, 1992; Lee & See, 2004). As relevant information for the 

interaction with a system is already available before the interaction begins, the trust processes are 

assumed to start before the interaction with an automated system. Accordingly, and in line with 

Hoff and Bashir (2015), the proposed framework distinguishes and relates trust processes prior to 

and during the interaction with an automated system. Based on the work by Rempel et al. (1985), 

Lee and See (2004), and Hoff and Bashir (2015), it is proposed that trust in an automated system 

is dynamically built up over the course of the individual learning history with technology and the 

usage history with a particular system (as depicted in the x-axis of Figure 3). Thereby, trust in a 

specific system at a given time is built on the basis of the individual learning history and the ag-

gregate of received information and experiences over all instances of familiarization with a system 

and its subsequent use up to this point. From this, the first proposition of the framework is derived:  

Proposition 1: Trust in automation is formed in a dynamic learning process over time, which 

begins before the actual interaction with a specific automated system. 
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While this temporal sequence of trust formation is depicted in the x-axis of Figure 3, on the y-axis 

of Figure 3, the framework differentiates three categories of variables – person-, system-, and sit-

uation-related – which are assumed to affect trust development over the course of the familiariza-

tion with an automated system (see chapter 1.4). In Figure 3, the components and properties of the 

technical system are located in the upper area and dispositional person-related influencing varia-

bles are depicted in the lower area. The relationship between a person and a system is proposed to 

be built up in a series of situations in which information about the system is available or experi-

ences with the system are made. On the basis of the collection of such information and experiences, 

users dynamically build their trust in the system. These situations are characterized by environ-

mental conditions (e.g., the task or the constellation of present stimuli) and situational variations 

on the side of the user (e.g., states, motivation) that define the situational circumstances in which 

users receive information about the system and experience its behavior. As for the differentiation 

of trust processes general for automated systems and those specific for a particular system, as 

reflected by the arrows in the lower area of Figure 3, the properties of a specific system and the 

situation only affect trust formation at the later, system-specific stages. Accordingly, it is proposed:  

Proposition 2: Trust in automation is essentially influenced by three variable groups: char-

acteristics of the person, the system, and the situation. 

To summarize the first two propositions of the framework, trust in automation is assumed to be 

built up in a learning process, in which an expectation about the actual trustworthiness of an auto-

mated system is formed from the available information before and during the interaction with a 

Figure 3 

Illustration of the Three Stages of Trust Framework for the investigation of the dynamic formation and calibration of 

trust in automation. Trust in automation is assumed to be built up through three sequential trust layers at three trust 

stages: 1. the propensity to trust in automation, 2. initial learned trust, and 3. dynamic learned trust. The framework 

provides an integration and specification of psychological processes and relationships of variable groups that affect 

trust formation. Solid black arrows illustrate hypothesized direct effects and (partial or full) mediations. The dashed 

grey boxes and arrows represent hypothesized moderations in the processing of available trust-relevant information. 

Note: not every theoretically meaningful relationship is specifically illustrated to increase clarity of the illustration. 
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system. This process is proposed to be influenced by factors on the side of the system, the person 

and the situation, in which the trust-relevant information is presented or respective experiences are 

made. Thus, the process of the formation and calibration of trust in an automated system can be 

characterized as a learning process over time, in building up an expectation about a system on the 

basis of prior information and learning about it during the interaction from a sequence of observa-

tions of its behavior and the output of its user interface. This history-dependent process of trust 

formation is accounted for in the depicted conceptions of different levels of attributional abstrac-

tion by Rempel et al. (1985) in the interpersonal domain and by Lee and Moray (1992) in the 

domain of interaction with automated technology (chapter 1.3.1). 

In line with these conceptions, it is proposed that in the process of the formation of trust in auto-

mation three trust layers are built up at three stages of trust formation, which are run through 

sequentially prior to and during the process of getting to know and using a system (in Figure 3 in 

the lower part). Thereby, similarly to the models of trust levels, at these three stages, the psycho-

logical processes of trust formation build on available information with different character. The 

emerging trust layers at each stage are conceptualized on the basis of the trust layers discussed in 

chapter 1.4 (Marsh & Dibben, 2003; Hoff & Bashir, 2015): the propensity to trust (stage 1), initial 

learned trust (stage 2), and dynamic learned trust (stage 3).  

As for the underlying definition of trust as an attitude (chapter 1.1), before the explication of the 

trust processes at each of the proposed stages, a conceptual differentiation between the propensity 

to trust and learned trust in automation seems indicated. Attitudes as dispositions to more or less 

favorably respond to an object (Ajzen, 2005) are hypothesized to vary in their generality vs. spec-

ificity according to the object to which they refer (e.g., Sherman & Fazio, 1983; Albaraccín & 

Chan, 2018). Accordingly, the two forms of trust can be differentiated on the basis of this dimen-

sion of specificity. While the propensity to trust is more globally related to all kinds of automated 

systems, learned trust is specific for the system under consideration. Besides this, attitudes share 

many resemblances with personality traits in their explanation of the relation between individual 

differences and variations in behavior (e.g., Ajzen, 2005; Sherman & Fazio, 1983; Albaraccín & 

Chan, 2018). In this respect, personality was found to essential influence the formation of attitudes. 

This relation was nicely summarized by Albaraccín and Chan (2018): “Attitudes are seen as a 
product of experience leading to individual differences and stemming from general, stable personal 

dispositions. […] [P]ersonal factors, including personality traits, are likely to pose a ceiling to the 
degree of situational social influence” (p. 4). Based on this, the propensity to trust in automation 
is conceptualized as a technology-specific personality trait in line with theoretical conceptions of 

the propensity to trust in other people (e.g., Frazier et al., 2013; Mayer et al., 1995). Personality 

traits are “relatively stable interindividual differences in the proneness […], tendency […], style 
[…], or disposition […] to behave […], feel […], or think in certain ways […]” (Hamaker, 2007, 
p. 297) associated to tendencies of a person to interact with and adapt to social and physical envi-

ronments (e.g., Larsen & Buss, 2005). Based on the notion that personality traits at different levels 

of specificity exist, the propensity to trust in automation can be understood as a surface trait re-

sulting from the interplay of more general traits (e.g., dispositional interpersonal trust), attitudes, 

the individual learning history, and the domain involvement (e.g., hierarchical personality models; 

Mowen, 2000). Learned trust in automation, on the other hand, reflects a specific momentary atti-

tude towards a certain system in line with the provided definition (Lee & See 2004, chapter 1.1).  
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In the following, a short wrap-up of the proposed processes at each stage is provided. At the Trust 

Stage 1, before any specific system is in the focus of the user, the propensity to trust in automation, 

a specific personality trait regarding the tendency to perceive automated systems as trustworthy, 

is formed on the basis of broader personality variables, the individual learning history, and emerg-

ing dispositional technology-related attitudes. At the Trust Stage 2, initial learned trust is formed 

on the basis of the propensity to trust in automation and available information about a specific 

system before any interaction (e.g., marketing, word-of-mouth). As for the underlying definition 

of trust as an attitude, it is proposed that the available information is used, at least in part, analogous 

to information processing in attitude formation. At the Trust Stage 3, on the basis of the former 

trust stages, dynamic learned trust is calibrated along the experienced system behavior during the 

interaction with the system. This trust layer is proposed to be calibrated in a dynamic feedback 

loop (e.g., Lee & See, 2004), in which the current system expectation is compared against the 

observed system behavior and user interface output. Taken together, the framework proposes: 

Proposition 3: Trust in automation is formed in three consecutive trust stages, at which three 

trust layers build on each other: 

1) Stage 1: Dispositions and learning history - the propensity to trust in automation, 

2) Stage 2: Attitude formation process - initial learned trust in automation, 

3) Stage 3: Dynamic trust calibration - dynamic learned trust in automation. 

At the first stage of the framework, the propensity to trust in automation – a general individual 

predisposition to trust in an automated system irrespective of a specific context, system, or task – 

is established (Hoff & Bashir, 2015; see chapter 1.3.3). In the same manner, as prior trust experi-

ences are assumed to direct expectations of trustworthiness in specific other people in the inter-

personal domain (Thielmann & Hilbig, 2015), the propensity to trust can be described as a gener-

alized form of trustworthiness expectation towards all kinds of automated systems reflecting an 

individual’s learning history with automated systems.  

Based on this conceptualization, it is proposed that the propensity to trust in automation results 

from an interplay of broader personality variables, the sum of learning experiences with automated 

systems, and general attitudes towards technology and automation. Thereby, the formation of the 

propensity to trust in automation is grounded in the more general personality of a user, which 

accentuates the experiences with technology and automated systems throughout the life span. In 

the course of the individual learning history, this accentuation and the sum of experiences lead to 

individual differences in the propensity to trust in automation that, in turn, is proposed to influence 

the expectations and trust processes at the more specific stages of the framework. Accordingly, 

people with a higher propensity to trust in automation will likely show higher initial trust levels 

and tend to engage in more trusting behavior in the first encounter with a new automated system. 

In the same personality-accentuated learning process, besides the propensity to trust also other 

specific technology-related personality traits and general technology-related attitudes are estab-

lished that are proposed to influence the propensity to trust and the trust processes at the later 

stages. An exemplary technology-specific personality trait is the affinity for technology (Karrer et 

al., 2009). General technology attitudes reflect, for example, the general evaluation of automated 

technology or of a more specific domain like automated driving. Taken together, for the trust pro-

cesses at the first stage of the proposed framework, it is assumed: 
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Proposition 4: The propensity to trust in automation is formed on the basis of user personality, 

the individual learning history with technology and automated systems (e.g., experience and 

domain expertise), as well as general attitudes towards technology and automation. 

Based on the general propensity to trust, at stages 2 and 3, during system familiarization, learned 

trust in a specific system is proposed to be established in a process that forms trust from an inter-

pretation of available information allowing for conclusions about the trustworthiness of the auto-

mated system. For the inherent uncertainty in trust situations, in line with Thielmann and Hilbig 

(2015) “trustors can never be completely sure about the trustee’s trustworthiness but have to esti-
mate the probability of trust appreciation” (p. 12). To account for this, an essential element of most 
trust definitions is the trustor’s expectation of the trustee’s trustworthiness and the perception of 

risk and vulnerability associated with reliance decisions (e.g., Mayer et al., 1995; Lee & See, 2004; 

Thielmann & Hilbig, 2015; see chapter 1.1). In the case of trust in automation, the system expec-

tation entails the assessment of the trustworthiness of the automated system under consideration. 

This system expectation, in turn, is assumed to build an essential basis for trust and the intention 

to rely on a system. It is further assumed that in the process of establishing both layers of learned 

trust, this expectation of the system’s trustworthiness is informed along with available diagnostic 

information about the system, both prior and during system interaction. Thereby, from the availa-

ble information trust cues are extracted, which can be characterized as “in some way observable 

or given pieces of evidence a trustor might use to draw inferences about a trustee’s trustworthiness 
in a specific situation” (Thielmann & Hilbig, 2015, p. 21). These trust cues are evaluated and 

interpreted by the user on the basis of individual dispositions and learning experiences (e.g., pro-

pensity to trust, stage 1). It can further be hypothesized that the character of trust cues changes 

over the course of the two stages of learned trust, e.g., in terms of their attributional abstraction 

(Lee and Moray, 1992). While before the interaction, more less specific purpose information, e.g., 

from marketing or information campaigns, might be available, during the interaction, users can 

directly assess the system performance. 

As a cognitive basis of system expectations and antecedents of learned trust, the framework further 

integrates mental models at stages 2 and 3 (see Figure 3). Mental models are defined as “a rich 

and elaborate structure, reflecting the user’s understanding of what the system contains, how it 
works, and why it works that way“ (Carroll & Olson, 1987, p. 12). Following Durso and Gronlund 
(1999), it is assumed that this knowledge structure consists of representations of if-then relations 

about system functionality under certain conditions. Mental models were found to affect the char-

acteristics that people attributed to automated systems (Beggiato & Krems, 2013) and accordingly 

have been discussed as an essential basis for trust calibration (Beggiato et al., 2015). It is proposed 

that the mental model of a system is established from the sum of processed information in an 

individual learning history with a system. As a second, more evaluative basis for the establishment 

of system expectations (in line with Lee & See, 2004), additionally, beliefs about the system are 

integrated into the framework. These are proposed to be established from available information, 

the content of the mental model, and other variables (e.g., affective processes). Based on the pro-

vided definition (chapter 1.1), beliefs reflect specific attributions of characteristics to a given sys-

tem and include, for example, the subjective, expected predictability, dependability, competence, 

and reliability of a system (Muir, 1994; Muir & Moray, 1996; Chancey et al., 2017). In combina-

tion with the available information and entailed trust cues, the mental model and the beliefs are 

proposed to form the system expectation, which in turn informs the formation and calibration of 
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learned trust. This relationship of mental models, beliefs, system expectation, and learned trust is 

represented in Figure 3 at the stages 2 and 3. Accordingly, it is assumed: 

Proposition 5: Learned trust in automation is built up and calibrated in two phases - initial 

learned trust and dynamic learned trust - on the basis of available information (trust cues) and 

the system expectation (informed by the mental model and beliefs). 

At the two stages of learned trust the framework proposes two processes in which information is 

used to build up and calibrate trust. Thereby, it has to be clearly stated that these processes are not 

separated and are likely combined at both stages. As for the different character of available trust 

cues and the different phases in relationship development, the relative importance of these pro-

cesses is proposed to change between the two stages. 

Initial learned trust (at stage 2) is proposed to be formed on the basis of trust cues provided with 

prior system information, which encompasses any kind of communication about a system before 

a user actually interacts with it (similar to the diagnostic information Madhavan & Wiegmann, 

2007 discuss). This includes, e.g., marketing instruments like advertisement, public information 

campaigns, word-of-mouth, technical documentation, and training for the automated system under 

consideration (see Figure 3). In regard to the content of the provided information that is relevant 

for the formation of trust in automation, again, an orientation on similar processes in the interper-

sonal domain provides starting points. In the interpersonal setting trust before an actual interaction 

with another human is being inferred, exemplarily, from trust cues related to the appearance, rep-

utation, and social category of the other person (e.g., Thielmann & Hilbig, 2015). In the case of 

automated technological systems, appearance and reputational information can also be used as 

trust cues. In terms of appearance, future users might, for example, be addressed with an adver-

tisement previewing the design and the associated user interface of a technological system, from 

which an initial trustworthiness expectation in regard to the system might be derived. In the case 

of reputational information, for example, the brand of a system might carry information about the 

quality and image of the system relevant to the expected trustworthiness of the system. Addition-

ally, as mentioned before, also a classification of trust cues based on the levels of Lee and Moray 

(1992; see chapter 1.3.1) seems useful. From this, an integrated, preliminary classification of trust 

cues for the context of human-automation trust into five categories can be derived: reputation-, 

purpose-, process-, performance-, and appearance-related trust cues.  

In line with the definition of trust as an attitude (see chapter 1.1), the psychological process at 

stage 2, in which available pieces of information (trust cues) are selected, processed, and weighted 

is proposed to be characterized, at least to a substantial extent, as an attitude formation process. A 

transfer of theories and models of attitude formation, attitude change, persuasion, and on the rela-

tionship between attitudes and behavior can be helpful in understanding the interplay of different 

kinds of information, processes, and individual characteristics of the trustor in the formation and 

calibration of initial learned trust. In this regard, basic theories and models from social psychology 

and social cognition (see, e.g., Maio et al., 2018 for an overview) provide promising additions to 

the theoretical understanding of how trust in automation is formed and changed. This view is com-

patible with the three proposed routes of information processing through which information influ-

ences trust in automation by Lee and See (2004): analytic, analogical, and affective. Information 

about the automated system that is processed by the user before and during system use can be 



Psychological Processes in the Formation and Calibration of Trust in Automation 

39 

transformed along these three routes. These routes are not proposed to be separated, but infor-

mation can be processed in varying relative proportions by several routes and the routes are as-

sumed to influence each other (Lee & See, 2004). First, through the analytical route, trust is formed 

comparable to rational decision-making under uncertainty in which the ratio of expected gains and 

losses are evaluated. In the second route, analogical processes derive trust from characteristics of 

the interface or the category membership and, third, through the affective route, emotions towards 

the trustee or the situation inform trust formation. This view of different routes of information 

processing in attitude formation and change is compatible with dual-process theories from social 

psychology (Chaiken & Trope, 1999; Chen et al., 1996), which also correspond well with the 

attributional levels proposed by Lee and Moray (1992). In this regard, exemplarily, the Elaboration 

Likelihood Model (ELM, Petty & Cacioppo, 1986), a well-established dual-process theory, is dis-

cussed here in more detail. The ELM proposes two routes through which messages can influence 

attitude change. While the central route is characterized by an in-depth elaboration of the meaning 

and the arguments of the message resulting in stable attitude changes, attitude change through the 

peripheral route is a result of attributional processes in relation to surface characteristics of the 

message or the sender of the message. The attitude changes affected by the latter are superficial, 

unstable, and prone to change. The likelihood of elaboration, thus, the likelihood that a message 

is processed with cognitive effort through the central route, depends on the motivation and the 

ability of the message receiver to engage in effortful elaboration. The ELM allows for the deriva-

tion of a number of study hypotheses to investigate the formation of initial learned trust and builds 

the theoretical foundation for study 4 of this dissertation (see chapter 3.3). Taken together, initial 

learned trust is proposed to be formed to a substantial extent in a process that corresponds to the 

social cognitive perspective of attitude formation and change on the basis of available prior system 

information and a system expectation: 

Proposition 6: Initial learned trust in automation is formed and calibrated on the basis of prior 

system information in a process that follows to a substantial extent the mechanisms of attitude 

formation and change. 

Regarding the trust processes, in which dynamic learned trust is calibrated and related to reliance 

behavior during the interaction with an automated system, in orientation on the model of Lee and 

See (2004), the proposed framework assumes a psychological mediation process in which dynamic 

learned trust plays a crucial role in translating the interpretation of available trust cues to actual 

reliance decisions. Such trust cues during the system interaction are, for example, entailed in ob-

servations of system behavior and user interface content. In line with the underlying definition of 

trust as an attitude by Lee and See (2004) and in orientation on their model, the framework entails 

the core elements of the PLABE theory (Ajzen, 1991, chapter 1.3.2), namely, beliefs, attitudes, 

and intentions, as a basis to inform the calibration of dynamic learned trust at stage 3. Additionally, 

as detailed in proposition 5, the mental model is incorporated in this cascade as a memory-related 

knowledge basis for beliefs and system expectations. In sum, this mediation cascade is proposed 

to constitute to establish a psychological process in which during the interaction trust is dynami-

cally calibrated and translated into behavioral intentions and reliance decisions:  

Proposition 7.1: Dynamic learned trust in automation influences reliance decisions as part of 

a mediation process (mental models, beliefs, attitudes, intention). 

Additionally, at stage 3, dynamic learned trust is proposed to be initially informed by the system 

expectation built up prior to system use. On this basis, during the interaction with the system, 
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dynamic learned trust is proposed to be continuously updated and adapted in a dynamic learning 

process, in which the expectation of system behavior is compared to its actual behavior and the 

received information about system functioning in the user interface. To account for this continuous 

update process of dynamic learned trust, the framework incorporates the general assumption of a 

feedback loop by Lee and See (2004), in which dynamic learned trust is dynamically calibrated in 

the proposed mediation cascade (proposition 7.1) along the observed system behavior. This dy-

namic feedback loop is illustrated in Figure 3 at stage 3. As an addition to Lee and See’s (2004) 

model, the feedback process in which trust is calibrated is proposed to function comparable to the 

feedback mechanisms entailed in established theories of goal-directed behavior and self-regulation 

(e.g., Carver, 2004; Miller et al., 1960; Hacker, 2006). In these feedback processes, a stimulus is 

repeatedly tested for its congruence with a desired state until a specific goal is satisfied (e.g., test-

operate-test-exit in Miller et al., 1960). For clarification the feedback processes in which dynamic 

learned trust is proposed to be calibrated can be illustrated, for example, along the four elements 

of the behavioral feedback loop from the self-regulation theory (Carver, 2004): 1) input function 

(perception of the status in the environment), 2) reference value (internal goal of the person), 3) 

comparator (input vs. reference), and 4) output (behavior or non-behavior), from which the effect 

in the environment is fed back to the input function. The initial system expectation (initial mental 

model and beliefs) and the associated initial learned trust are proposed to build the initial reference 

value in this feedback loop. Based on this reference, as an output, the automation is relied on or 

not in different subtasks. The resulting system behavior is observed as input, compared to the 

expectation, and on this basis, the system expectation, and dynamic learned trust are adapted, up-

dated, and used to inform a subsequent behavioral intention and reliance decision. The adoption 

of the mechanism from feedback loops of other basic psychological phenomenon helps to derive 

more specific predictions of how trust is calibrated at stage 3. In line with this reasoning, it is 

further proposed for the calibration of dynamic learned trust in automation: 

Proposition 7.2: Dynamic learned trust in automation is calibrated in a feedback process dur-

ing the interaction with an automated system along a comparison of the current system expec-

tation and the observed system behavior and the associated output of the user interface.  

This dynamic feedback process in which trust is calibrated is further assumed to be directed at an 

equilibrium between the expected trustworthiness of the system and the actual reliability of the 

system. Accordingly, and following the assumptions on the character of trust formation in the 

interpersonal domain by Rempel et al. (1985), it can be assumed that dynamic learned trust stabi-

lizes in the course of the interaction relationship with an automation. At the beginning of system 

use, the difference between the expected and the actual system behavior should, as for the incom-

plete picture of the user about the system, tend to be relatively large. In the course of interaction 

with the system, if the system behavior corresponds with the user’s established system expectation, 
this difference should be iteratively reduced with repeated calibration of trust and system reliance. 

The findings of Beggiato et al. (2015) support such a stabilization of trust in the course of growing 

experience with an automated system. In this sense, especially, the first encounters with a system 

are crucial for trust calibration. In line with this reasoning, it is assumed: 

Proposition 7.3: Dynamic learned trust in automation is stabilized in the course of the interac-

tion relationship with an automated system if the system continuously functions in accordance 

with the user's system expectations. 
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Based on the proposition that the preceding trust stages influence the subsequent ones (proposition 

3), initial learned trust is assumed to be essentially influenced by the propensity to trust in auto-

mation (arrow between stages 1 and 2 in Figure 3). In line with this, the propensity to trust in 

automation has been considered as a variable affecting learned trust (e.g., Lee & See, 2004; Hoff 

& Bashir, 2015). As empirical evidence for this relationship is scarce at this time (Merritt & Ilgen, 

2008; Merritt et al., 2013), in studies 1 and 2, it was investigated in more detail (chapter 3.1). 

Furthermore, it is assumed that besides the propensity to trust in automation also additional user 

characteristics (e.g., user personality or expertise) influence initial learned trust. Thereby, these 

influences might either be direct (e.g., people who are low in trait A trust automated systems less 

in general) or indirectly mediated by the propensity to trust in automation. Also, a combination of 

these situations is possible (a part of the influence is direct, a part of the influence is mediated by 

the propensity to trust). In a statistical interpretation, these assumed possible effects from disposi-

tions to initial learned trust can be framed as direct effects, partial, and full mediations. The direct 

path from user dispositions to initial learned trust is illustrated in Figure 3. Similarly, user states 

are proposed to affect initial learned trust directly (e.g., a sad person might trust the system less 

irrespective of provided information). Direct effects of user states are not illustrated in Figure 3. 

In a similar manner, the trust processes at stage 3 are proposed to be substantially influenced by 

user characteristics, user states, and the trust processes at the two preceding stages (as illustrated 

in Figure 3). In this sense, initial learned trust builds the starting point for the calibration of dy-

namic learned trust and the initial decision to use or not use a system. In the same manner, direct 

effects, as well as full and partial mediations of the effects of user dispositions through the pro-

pensity to trust and initial learned trust, are proposed (as illustrated in Figure 3). On this basis, it 

is further assumed: 

Proposition 8.1: User dispositions, user states, and the preceding trust stages directly influence 

the formation of both layers of learned trust. Thereby the effects of the more general variables 

can be fully and partially mediated by the more specific variables. 

Additionally, the assumption that trust processes at stage 3 are based on those of the preceding 

stages, includes, that prior system information guides the interpretation of system behavior and 

output in the system’s user interface. For example, when a system has to execute a calibration of 
its sensors, such a behavior might be very differently interpreted if this calibration was explained 

to a user before as compared to a situation in which the user does not expect such a system behav-

ior. The same effects are proposed to play a role in the interpretation of user interface output. The 

moderation of the interpretation of observed system behavior and user interface output is illus-

trated in Figure 3 by a dashed grey arrow from prior system information to dynamic learned trust. 

Proposition 8.2: Prior system information influences the interpretation of observed system be-

havior and user interface output at stage 3. 

Furthermore, the perception, use, processing, and interpretation of information at stages 2 and 3 

are proposed to be moderated by user characteristics and situational variances at the time of their 

presentation (illustrated by grey dashed arrows and boxes in Figure 3).  

Regarding initial learned trust at stage 2, individual differences were found to essentially guide the 

search, selection, and interpretation of available information in the process of attitude formation 

(e.g., Cacioppo et al., 1983). In the same manner, in building up initial learned trust, prior system 
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information is proposed to be processed differently by different persons, besides others, based on 

differences in personality, technology attitudes, and the propensity to trust in automation. In this 

regard, the formation of initial learned trust is proposed to be not only directly influenced by user 

characteristics and the propensity to trust in automation, but user dispositions are proposed to 

moderate the use and interpretation of available information in the formation of initial learned trust 

(dashed grey arrow in Figure 3). In the same manner, the situational conditions, in which trust cues 

are extracted from prior system information, are proposed to influence the attitude formation pro-

cesses at this stage, which is, for example, in line with propositions of dual-process theories (e.g., 

Chaiken & Trope, 1999). For example, differences in terms of distraction by other presented in-

formation or time constraint should influence the visibility and perceptibility of information and, 

thus, influence the inclusion of this information in the trust formation process. Similarly, fluctuat-

ing user states are proposed to influence how provided information is used and interpreted. In this 

regard, for example, users’ momentary motivation, emotional states, and cognitive resources 

should guide information search and interpretation (dashed grey boxes at stage 2 in Figure 3). 

In a similar process, user characteristics and situational factors are assumed to affect information 

processing in trust calibration during the interaction with an automated system at stage 3. In this 

regard, the perception and interpretation of the system behavior and associated information in the 

user interface of the system are proposed to be affected by fluctuating individual and situational 

factors (illustrated by dashed grey arrows and boxes in Figure 3). Exemplarily, the interpretation 

of an output of a graphical or auditory interface might vary over users based on differences in their 

domain expertise. Similarly, the same ambiguous user interface output might be interpreted dif-

ferently in two situations based on the constellation of stimuli in the environment. Also, if a user 

is distracted at the moment when the system performs a task or when the user interface presents a 

specific output, the user cannot adequately use this information to calibrate his or her trust level. 

Taken together, it is assumed: 

Proposition 9: Information perception, use, evaluation, and processing in the formation of both 

layers of learned trust is moderated by user characteristics (dispositions and traits), user states 

(e.g., emotional states, motivation) and properties of the environment in which the information 

is presented (situation features and task characteristics).  

In line with the common finding that trust is not always predictive for system use and reliance 

decisions (e.g., Wiegmann et al., 2001) it is proposed that the link between trust in automation and 

reliance is moderated by user states (e.g., emotional states, motivation), user characteristics (e.g., 

risk awareness), situational variables (e.g., environmental factors like lighting conditions), and 

task characteristics (e.g., risk-benefit relation), at the time of the single reliance decisions. As trust 

is essential in situations of risk and uncertainty (see chapter 1.1), its relevance for reliance deci-

sions should be especially high in the early phase of system interaction. Thus in this phase, the 

relationship between the level of trust and the behavioral decision should be relatively strong. In 

the course of interaction with a system, the level of uncertainty is likely to be reduced and trust-

directed reliance decisions might be replaced more and more by knowledge-based decisions. At 

the same time, for the associated uncertainty in complex and sophisticated automation, trust in 

automation presumably predicts reliance decisions over all phases of system interaction to some 

extent. Regarding individual differences that moderate the relationship between trust in automa-

tion and behavioral decisions in the interaction with automation, it was shown that self-confidence 

influences the relationship between trust and reliance behavior (e.g., Lee & Moray, 1994). In the 
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same manner, other dispositional or situational differences in the user’s self-assessment might 

moderate the link between trust and reliance. In the same manner, characteristics of the task are 

proposed to moderate the association between trust and reliance decisions (e.g., the involved de-

gree of risk). Taken together, it is assumed: 

Proposition 10: The strength of the association between dynamic learned trust and reliance 

behavior is moderated by user characteristics (e.g., traits and states), situational variables, and 

task characteristics. 

Taken together, the Three Stages of Trust integrates and extends the theorizing on the formation 

and calibration of trust in automation by including assumptions from other psychological areas on 

the nature of information processing, learning, and attitude formation. In specific, the framework 

emphasizes the interrelation of three subsequent trust stages in trust formation. Furthermore, es-

sentially, the influence of individual differences and situational characteristics at the two stages of 

learned trust are emphasized. The Three Stages of Trust serve as a framework for the investigation 

of trust in automation and supports the derivation of research questions and hypotheses for future 

research to empirically investigate, extend and refine the framework propositions. Thereby, the 

framework cannot be supported or falsified in full by single studies. Rather like any theory, it 

might be falsified and improved in a cumulative research process and thereby fostering discussions 

and research ideas. From the framework propositions, also, a number of design requirements for 

studies on trust in automation can be derived. These are discussed in detail in chapter 4.2.6 and 

include, besides others, implications for the measurement of trust in automation. In the appendix 

(Appendix A), on this basis, the German Version of the Short Learned Trust in Automation Scale 

(LETRAS-G) is presented. This scale was used in five of the six studies, that will be presented in 

the following. The investigated study hypotheses aimed at an empirical investigation of some of 

the proposed relationships of the presented framework. 

3 Summary of Studies 

On the basis of the propositions of the Three Stages of Trust framework, a series of six studies was 

conducted investigating the formation and calibration of trust in automation at the different trust 

stages in the domain of highly automated driving. The studies take a history-based approach to 

trust formation and either measure one of the proposed trust layers repeatedly over time or several 

of the proposed trust layers. The presented studies were conducted in the domain of highly auto-

mated driving (SAE level 3) and were published in four peer-reviewed articles. 

Studies 1 and 2 focused on the role of user dispositions in trust formation at stages 1 to 3. In these 

studies, a hierarchical personality model for the prediction of dynamic learned trust in an auto-

mated driving system was explored in study 1 and validated in study 2 in an independent sample. 

The investigated model included hypotheses on the relation of personality traits to the propensity 

to trust in automation (stage 1) and dynamic learned trust (stage 3). Also, in these studies the 

relation of dispositional interpersonal trust, the propensity to trust in automation and dynamic 

learned trust was investigated. To gain a better understanding of the processes, in which personal-

ity affects trust formation, study 3 investigated how the level of state anxiety at the time of intro-

duction of an automated driving system mediates the effects of personality (depressiveness and 

negative self-evaluations) on dynamic learned trust. Study 4 investigated the proposition that ini-
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tial learned trust is formed analog to attitude formation. On the basis of the ELM, it was investi-

gated how different types of prior system information about an automated driving system are used 

to build up initial learned trust at stage 2 and how individual differences in need for cognition 

moderate this process. Additionally, a link from personality to the emergence of initial learned 

trust was investigated (stage 1 to stage 2). In studies 5 and 6, the calibration processes of dynamic 

learned trust (stage 3) and the impact of both prior system information (stage 2) and observed 

system behavior (stage 3) was investigated in a driving simulator study with a highly automated 

driving system. More specifically, in study 5, the development of dynamic learned trust over time 

was compared between a situation of flawless system functioning and a situation in which a mal-

function occurred. In study 6, the effect of prior system information about system malfunctions on 

the calibration of dynamic learned trust in the same situations as in study 5 was investigated. In 

this regard, study 6 provided an investigation of the use of prior information for the interpretation 

of observed system behavior at stage 3. 

In the following, for each article, the research questions, hypotheses, study designs, and results of 

the statistical analyses are summarized. Additionally, for each study the findings are discussed in 

relation to the propositions of the presented framework. The articles are included in Appendix B. 

3.1 Studies 1 and 2: What’s Driving Me? – Exploration and Validation of a Hierarchical 

Personality Model for Trust in Automated Driving 

3.1.1 Introduction and Study Hypotheses 

On the basis of prior research, the proposed framework identifies user personality and general 

technology-related attitudes as an essential source for individual differences in trust in automation 

(e.g., Schaefer et al., 2016; Hoff & Bashir, 2015; Lee & See, 2004). Essentially user dispositions 

are proposed to influence the formation of the propensity to trust in automation (stage 1, proposi-

tion 4). Furthermore, personality is proposed to influence learned trust at both stages, either di-

rectly, through the propensity to trust (proposition 8.1), or by affecting the use of available infor-

mation at these stages (proposition 9). Against this background and on the basis of the inconclusive 

state of knowledge on which personality differences affect trust formation (subsumed in chapter 

1.4.1), studies 1 and 2 aimed at an integrative investigation of personality variables theoretically 

associated with differences in dynamic learned trust in an automated driving system. Thereby, the 

studies followed a hierarchical approach to concurrently investigate the personality basis of dis-

positional interpersonal trust, the propensity to trust in automation, and dynamic learned trust. 

On the theoretical foundation of Mowen’s 3M model (Mowen, 2000), a hierarchical personality 

model that orders different personality and attitude constructs according to their specificity for 

dynamic learned trust in automation, was explored (study 1) and validated (study 2). Hierarchical 

personality models are based on the assumption of a hierarchical organization of personality in 

which cross-situational, general traits influence the emergence of more specific, narrower traits, 

which in turn affect behavior (Mowen et al., 2007) and thereby provide a solution for the band-

width-fidelity dilemma in personality research (e.g., Cronbach & Gleser, 1965). This dilemma 

Kraus, J., Scholz, D., & Baumann, M. (2020). What’s driving me? – Exploration and validation 

of a hierarchical personality model for trust in automated driving. Human Factors. Advance 

online publication. https://doi.org/10.1177/0018720820922653 
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describes the conflicting advantages and disadvantages of general and specific traits: while specific 

traits provide a good explanation of variance in specific behavior, their theoretical foundation is 

superficial. On the other hand, broader and theoretically well-established personality constructs 

like the Big Five (e.g., McCrae & John, 1992; Costa & McCrae, 1992) often provide only a limited 

variance explanation. Hierarchical personality models resolve this dilemma by integrating traits at 

different levels of abstraction for the explanation of specific phenomena (e.g., Allport, 1961; 

Mowen, 2000). At the same time, hierarchical modeling of personality traits allows for an integra-

tive analysis of traits within the nomological network of a particular outcome. For the hierarchical 

personality model of dynamic learned trust in automated driving (see Figure 4), the included traits 

and attitudes were selected on the basis of a thorough review of available studies investigating the 

role of one or more dispositional variables for trust in automation and related areas. The proposed 

model orders user dispositions at three levels. The decision where to order the included variables 

was informed by the definitions of three trait levels by Mowen (2000): elemental, situational, and 

surface traits, the labels of which were kept although a general technology-related attitude was 

included in the model (the acceptability of automated driving). The model, as depicted in Figure 

4, includes ten general hypotheses on the role of the included dispositional variables for the pre-

diction of dynamic learned trust in automation (except for openness and consciousness). The hy-

potheses were carefully underpinned on the basis of psychological theory and empirical findings 

on trust in automation and related phenomena (see Appendix B for more details). It is further 

hypothesized that the variables at preordered model levels directly affect the variables ordered at 

the next succeeding model levels and that the effects of the elemental and situational traits on 

dynamic learned trust are mediated by the variables at the intermediate model levels. As for the 

explorative approach of this research, hypotheses were not further specified in regard to the single 

mediation paths. Rather more, the exploration of the mediation paths within the hypothesized hi-

erarchical structure and the relative predictive power of the included traits for differences trust in 

automation were essential research questions of these studies.  

To answer these research questions and investigate the hypothesized hierarchical personality 

model, two consecutive online studies were conducted in which participants were presented with 

Figure 4 

Hypothesized hierarchical structure of the investigated user dispositions to predict dynamic learned trust in automa-

tion. (Figure from Kraus, Scholz, & Baumann, 2020, ©2020 Human Factors and Ergonomics Society).  
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a series of videos of an automated driving system. In study 1, the hypothesized model was explored 

and reduced to allow an economic prediction of dynamic learned trust in automation. In study 2, 

the reduced final model was validated in an independent study sample. 

3.1.2 Study 1 - Method 

The final sample of the study consisted of N = 274 participants (159 women, 58%, 113 men, one 

other and one “not specified”) with an average age of Mage = 33.88 years (SD = 14.75). The study 

took about 47 minutes on average to be completed. First, after being welcomed, participants an-

swered a series of personality and attitude scales. If available, validated short scales were used. 

For the remaining constructs, existing scales were shortened on the basis of item characteristics, 

factor loadings, and representativeness of content. In some cases, scales were translated from Eng-

lish to German and rephrased to be suitable for the domain of automated driving. After the per-

sonality questionnaires, participants were provided with general information about automated 

driving and were introduced to the “motorway pilot”, the automated driving system (SAE level 3) 

under consideration in these two studies. The motorway pilot was described as a prototype of an 

automated driving system that is currently undergoing road testing and that allows for partially 

automated driving by taking over both longitudinal and lateral control for a certain interval of the 

drive. The system was further explained to be able to automatically conduct driving maneuvers in 

compliance with traffic rules. Additionally, participants were informed that system malfunctions 

lead to the activation of a safe mode in which the system drives to the service lane, completely 

stops, and activates the warning lights. In this case, the system could only be re-activated after the 

driver manually drives back on the motorway. After this, participants were presented with seven 

animated videos showing different scenes of driving with the system on the motorway from the 

driver’s ego perspective. Video stimuli were created with the VICOM editor (TÜV | DEKRA arge 

tp 21, 2011) and selected on the basis of a pilot study (N = 36) to enhance the comparability of the 

videos. Each video showed a 30s drive on the motorway with a minimum of two lane changes and 

one overtaking maneuver. After each video, besides others, the LETRAS-G (see Appendix A) was 

presented. After the experimental set-up, a socio-demographic questionnaire was filled out. In the 

study, two variables not in the scope of this research question were manipulated. First, as a ma-

nipulation for system transparency, information about system malfunctions and its causes were 

provided in the initial system information in three levels of increasing transparency. Second, as a 

manipulation of system reliability, the fourth video either showed a non-critical situation like in 

the remaining videos or a system malfunction with subsequent activation of the safe mode.  

To test the hierarchical personality model, path models with scale means were calculated with the 

R package lavaan (Rosseel, 2012; version 0.6-2; R version 3.4.3). At each mediation level, covari-

ations between the residuals of the modeled variables were allowed to safeguard against biased 

standard errors and misspecification of the models (see Preacher & Hayes, 2008). Study 1 aimed 

at exploring the relevance of the included dispositional variables for the prediction of dynamic 

learned trust in automation. In line with this goal, model fit was optimized in an iterative procedure 

in which a series of path models were calculated and non-significant paths and variables with low 

predictive power for the subsequent model levels were excluded. For the evaluation of the model 

fit the χ² test, the comparative fit index (CFI; Bentler, 1990), the root mean square error of approx-

imation (RMSEA, Steiger & Lind, 1980; Steiger, 2016) and the standardized root mean square 

residual (SRMR, Bentler, 1995) were inspected. The following cut-offs were used as indicators of 

a good model fit: CFI > .95, RMSEA < .06, and SRMR < .08 (e.g., West et al., 2012; Hu & Bentler, 
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1999). Furthermore, direct and specific indirect effects were inspected (e.g., MacKinnon, 2008). 

Thereby, specific indirect effects constituted a test for mediations and were examined with the 

percentile bootstrap procedure (Hayes, 2018). Mediation hypotheses were supported if the result-

ing 95% confidence interval (CI) of the indirect effects did not include zero.  

3.1.3 Study 1 - Results 

As the outcome variable in the path models, the measurement of dynamic learned trust after the 

last video was used. As the assumption of multivariate normality was violated, robust Satorra-

Bentler estimates of standard errors and test statistics were reported (Satorra & Bentler, 1994). The 

hypothesized model was tested in the complete sample. Therefore, to control for a bias of the 

experimental manipulations, a series of general linear models inspecting interaction effects of each 

assessed user disposition and the independent variables on the outcome variable was conducted. 

Three of the personality variables showed significant interactions (neuroticism, self-esteem, and 

internal LOC). Thus, their relationships in the investigated model might be moderated by the ex-

perimental manipulations. A 2x3 ANOVA with the trust scores (after the last video) as dependent 

variable did not reveal any significant differences between the experimental groups (malfunction: 

F(1,268) = 0.16, p = .691, ηp² = .001; transparency: F(2,268) = 0.18, p = .836, ηp² =.001; interac-

tion: F(2,268) = 0.46; p = .629, ηp² = .003). As the first step in model exploration, a full parallel-

serial-mediation model (Hayes, 2018), estimating all paths between the model levels, was fitted. 

As a second step, because some variables at the same model levels were considerably correlated, 

to rule out underestimations of relationships by multicollinearity (Hayes, 2018), a series of medi-

ation models was tested for each trait without the inclusion of the remaining traits at the respective 

model level. In a third step, the reduced model was repeatedly fitted in an iterative process and the 

relationships with the lowest path weights were omitted until a satisfying model fit was reached. 

Figure 5 

Study 1: Model fit, standardized path weights, and explained variances for the reduced, final personality model. 

(Figure from Kraus, Scholz, & Baumann, 2020, ©2020 Human Factors and Ergonomics Society). 

 

Note. * indicates significance (α = .05).  
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On the basis of steps 2 and 3, technological self-efficacy and internal LOC were omitted from the 

model. This procedure resulted in the model depicted in Figure 5. The model test for the reduced 

final model showed a good fit to the data, χ²(22, N = 274) = 27.73, p = .185, CFI = .988, RMSEA 

= .031, SRMR = .037. The pre-ordered variables explained 42.4% of the variance in dynamic 

learned trust corresponding to a large effect, ƒ² = 0.74. Between 12.6%, ƒ² = 0.14, and 37.9%, ƒ² 
= 0.61, of the variances of the surface and situational traits were explained, accounting for effect 

sizes of between weak to medium and large effects. In support of nine of the ten hypotheses, all 

included direct and indirect effects were found to be significant. 

3.1.4 Study 2 - Method 

To provide a validation of the personality model explored in study 1, the final model was validated 

in study 2. The design of study 2 was similar to study 1. Participants rated their trust in the “mo-
torway pilot” repeatedly after the presentation of each one of a series of seven animated videos of 

an automated driving system in an online study. As in study 1 the trust measure directly after the 

last video was used as the predicted outcome variable. Again, two independent variables were 

manipulated: system reliability and transparency. While the reliability manipulation was the same 

as in study 1, transparency was manipulated in two levels by the absence or presence of a head-up 

display with system and maneuver status. The final sample of the study consisted of N = 149 

participants (93 females, 62.4%, 56 males) with an average age of Mage = 29.96 years (SD = 11.33). 

On average, participants completed the study in 40 minutes. As in study 1, in a series of general 

linear models, the interactions between the independent variables and the included dispositions 

were investigated. For two traits (neuroticism and the propensity to trust in automation) significant 

interactions were found. Thus, for this study, the relationships between these traits and trust in 

automation might be moderated by the manipulated system characteristics. Again, the experi-

mental groups did not show any significant differences in the trust rating after the last video (mal-

function: F(1,144) = 1.38, p = .242, ηp² = .009; transparency: F(1,144) = 0.87, p = .420, ηp² =.012; 

interaction: F(1,144) = 0.84, p = .361, ηp² = .006). 

3.1.5 Study 2 - Results 

The final model showed a good fit to the data, χ²(22, N = 149) = 25.81, p = .260, CFI = .983, 

RMSEA = .034, SRMR = .047, replicating the modeled structure of interrelationships between the 

dispositional variables and dynamic learned trust of the final model of study 1 (see Figure 6). The 

model explained 40.7% of the variance in dynamic learned trust, corresponding to a large effect 

(ƒ² = 0.69). While in this sample, the pre-ordered traits explained only 2.4% (ƒ² = 0.02, small 

effect) of the variance in affinity for technology, for the remaining surface and situational traits 

between 13.4% (ƒ² = 0.15) and 36.6% (ƒ² = 0.58) of the variances were explained, corresponding 

to medium to large effect sizes. Seven of the twelve included path weights were found to be sig-

nificant in this model. As for the smaller sample size and associated lower power, the point esti-

mates of the standardized path weights were compared to the 95% CIs of those of study 1 (e.g., in 

adaption of the recommendations by the Open Science Collaboration, 2015, and Cumming, 2013). 

Three of the non-significant path weights were in the same range as in study 1 (bold with no 

asterisks in Figure 6), providing some support for their relevance. The estimated standardized 

weights for the paths from self-esteem to the affinity for technology, from external LOC to dispo-

sitional interpersonal trust and from dispositional interpersonal trust to the a priori acceptability 

were neither significant nor did a CI overlap indicate a comparable effect to the estimates in study 

1. For all pre-ordered traits except for agreeableness, at least one specific indirect effect was in the 
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same range of the significant effect from study 1. Nevertheless, a relation between agreeableness 

and interpersonal trust was also found in this study. Taken together, the combined evidence of 

study 2 provides at least some support for 8 of the 10 study hypotheses, while the integration of 

LOC and technological self-efficacy in the combined consideration with the remaining variables 

into the hierarchical personality model was not supported and the indirect effect of agreeableness 

on trust in automation through dispositional interpersonal trust needs further investigation. 

3.1.6 Study 1 and Study 2 - Conclusion 

This research was the first of its kind in combining personality traits and technology-related gen-

eral attitudes at different levels of specificity into one hierarchical personality model for the pre-

diction of dynamic learned trust in automation. In both studies, the final model showed a good fit 

and the included pre-ordered variables explained substantial variance proportions in both dynamic 

learned trust and the propensity to trust in automation. Especially the propensity to trust in auto-

mation and the general attitude towards the technological domain of automated driving showed 

strong relationships with dynamic learned trust in the investigated automated driving system. 

These, in turn, were found to be related to the more general situational trait the affinity for tech-

nology. Furthermore, the general disposition to trust in other people predicted the propensity to 

trust in automation at the surface level. In terms of the most basic included variables, neuroticism 

was found to be negatively related to the affinity for technology and extraversion, agreeableness 

and self-esteem were positively related to dispositional interpersonal trust. Taken together, the 

inclusion of eight of the investigated dispositions at the different levels of the model hierarchy was 

supported. Their role for trust formation and calibration is discussed in more detail in chapters 4.1 

and 4.2. The relationship between LOC and trust in automation was not conclusively supported in 

Figure 6 

Study 2: Model fit, standardized path weights, and explained variances of the validation for the reduced, final per-

sonality model. (Figure from Kraus, Scholz, & Baumann, 2020, ©2020 Human Factors and Ergonomics Society). 

 

Note. * indicates significance (α = .05); boldly printed path weights indicate that these paths were found to be significant in study 1 and that the 

point estimate of study 2 lies within the respective 95% CI of study 1. 
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these studies and might be addressed in future studies (see chapter 4.2). In the same manner, the 

role of agreeableness for trust in automation needs further investigation. 

The findings of these studies support some of the basic assumptions of the proposed framework. 

First, they underline the role of personality and general attitudes for the formation of the propensity 

to trust in automation (stage 1, proposition 4), which, in turn, was found to influence dynamic 

learned trust at stage 3 (proposition 8.1). Accordingly, second, the findings provide some support 

for the general notion of the framework that trust formation begins before the interaction with an 

automated system and that different trust layers are built up in a sequential manner (propositions 

1, 3, and 8). This is indicated by the considerable correlation between the propensity to trust in 

automation measured at the beginning of the study before the introduction of the system and dy-

namic learned trust measured at the end of the study after the stimulus presentation. Third, the 

relationship between interpersonal trust and the propensity to trust supports the idea that interper-

sonal trust and trust in automation build on similar psychological processes (e.g., Lee & Moray, 

1992; see chapter 1.3). At the same time, the reported proportions of shared variance also suggest 

that while there seem to be some conceptual overlaps between these traits, trust in automation has 

a large proportion of unique variance seemingly resulting from processes different from those in 

interpersonal trust. In this regard, the considerable relationships between the affinity for technol-

ogy, general technology attitudes, and dynamic learned trust point into the direction that the per-

sonal learning history with automated technology might be one of these specific processes essen-

tial for the formation of trust in automation (see chapter 4.2 for a more detailed discussion). 

It can be subsumed, that personality differences are important to be considered at every stage of 

trust formation both in research and in the practical implementation of automated systems. In this 

regard, the supported mediation paths from more general traits via specific dispositions to dynamic 

learned trust extent the understanding of trust processes indicating that besides the individual 

learning history as reflected in technology attitudes and the disposition to trust in interpersonal 

contexts, also the dispositional self-evaluation plays an important role for the formation of trust in 

automation. In this regard, it might be that people who hold a positive view of themselves gener-

alize this self-assessment to the ability to functionally and effectively use automated systems. This 

relationship is further investigated in study 3. To summarize, it seems essential to address individ-

ual user dispositions in both future research on trust in automation and in the design and dissemi-

nation of automated driving systems (see chapter 4.3 for a more detailed discussion). 
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3.2 Study 3: Scared to Trust? – Predicting Trust in Highly Automated Driving by Depres-

siveness, Negative Self-Evaluations and State Anxiety 

3.2.1 Introduction and Study Hypotheses 

Building on the results of studies 1 and 2 in support of the role of personality in the formation of 

trust in automation and the proposition that user states influence the formation of learned trust, 

study 3 investigated the mediation of effects of personality traits to dynamic learned trust in auto-

mation through the experience of emotional states. This hypothesized mediation is theoretically 

founded in studies supporting a fundamental impact of personality for the experience of emotional 

states (e.g., Larsen & Ketelaar, 1991; Letzring & Adamcik, 2015) as well as the affect-as-infor-

mation model (e.g., Schwarz & Clore, 1988) and the affect infusion model (e.g., Forgas, 1995), 

which propose emotions as an essential source for judgments. Evidence for such a mediation pro-

cess would, again, support a sequential history-based process of trust formation (proposition 1 and 

3), in which user personality affects emotional experiences in the process of familiarization with 

automation and, eventually, the formation of learned trust (proposition 8.1).  

Against this background, in this study, a mediation of the effects of several personality traits on 

dynamic learned trust in automation through state anxiety was investigated. More specifically, 

depressiveness and negative dispositional self-evaluations were hypothesized to be associated with 

an experience of higher levels of state anxiety at the time of introduction to a new automated 

system, which in turn was hypothesized to be associated with lower trust in this system. 

While differential effects of negative and positive emotions on trust in automation have been in-

vestigated before (e.g., Merritt, 2011; Frison et al., 2019; see chapter 1.4.3), research on the influ-

ences of state anxiety on trust in automation is scarce. Anxiety was defined as an emotional state 

“characterized by subjective, consciously perceived feelings of tension and apprehension, and 
heightened autonomic nervous system activity” (Horikawa & Yagi, 2012, p. 1) and was found to 

influence the processing of ambiguous stimuli (e.g., Mathews & Mackintosh, 1998). Essentially, 

the experience of anxiety might influence trust through the assessment of risks in the interaction 

with such a technology as a theoretical link between the individual tendency to experience anxiety, 

risk aversion, and trust suggests (in the interpersonal context discussed, e.g., by Thielmann & Hil-

big, 2015). On this basis and in line with both the affect-as-information and the affect infusion 

model, it was hypothesized:  

Hypothesis 1 (H1): Higher state anxiety at the time when an unfamiliar automated driving 

system is introduced is associated with lower trust in the system. 

As individual differences in anxiety have been found to be predicted by personality, amongst oth-

ers by depression (Lovibond & Lovibond, 1995) and self-evaluations (e.g., Xiao et al., 2014), it 

can be concluded that depressiveness is positively and dispositional positive self-evaluations (self-

esteem, self-efficacy, and an internal LOC) are negatively associated with individual differences 

in the experience of anxiety at the time of being introduced to a new automated system. In line 

with this, depressive symptoms are commonly found to be associated with higher levels of anxiety 

(e.g., Murphy et al., 2004; Cummings et al., 2014). This relationship was also found for subclinical 

Kraus, J., Scholz, D., Messner, E.-M., Messner, M., & Baumann, M. (2020). Scared to trust? – 

Predicting trust in highly automated driving by depressiveness, negative self-evaluations and 

state anxiety. Frontiers in Psychology, 10. https://doi.org/10.3389/fpsyg.2019.02917 
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depression (e.g., Lovibond & Lovibond, 1995). As depression and diminished levels of interper-

sonal trust have also been associated (e.g., Lester & Gatto, 1990; Kim et al., 2012), such a rela-

tionship might generalize to limitations of depressive people to build up trust in automated sys-

tems. It was hypothesized: 

Hypothesis 2 (H2): Depressiveness is negatively related to trust in an automated driving system. 

Hypothesis 3 (H3): The effect of depressiveness on trust in an automated driving system is 
mediated by the experience of anxiety at the time of the introduction of the system. 

Based on several studies supporting an interrelation between self-confidence and trust in automa-

tion (see chapter 1.4.3), this study further investigated the role of the dispositional self-evaluations 

self-esteem (e.g., Harter, 1993), self-efficacy (Bandura, 1991) and internal LOC (Rotter 1966, 

1990) for the experience of anxiety when being introduced to a new automated system and how 

these relationships are associated with dynamic learned trust in the system. Self-esteem, as a pos-

itive global evaluation of oneself (e.g., Harter, 1993), has been found to be associated with self-

confidence (e.g., Owens, 1993). Also, self-efficacy has been discussed as closely related to self-

confidence (e.g., Schunk, 1991). Thus, it can be assumed that these traits lead to a more positive 

evaluation of the own ability to successfully and safely interact with automated technology in line 

with one’s needs and goals and, on this basis, a tendency to trust such systems more (as for example 

for the own ability to react adequately to any difficult or unforeseen situations in the course of the 

interaction). Furthermore, people with an internal LOC view significant outcomes to be within 

their own control and not mainly controlled by external, uncontrollable events, which, on the other 

hand, externals perceive to control their fate (e.g., Ajzen, 2002). In line with this, an internal LOC 

has been related to increased intrinsic task motivation and problem-focused coping strategies (e.g., 

Galvin et al., 2018). Consequently, internals should perceive themselves as being more in control 

of a positive interaction with automated technology and the self-awareness of this capability might, 

in turn, establish a tendency to trust such technology more. On this basis, it is hypothesized: 

Hypothesis 4 (H4): Self-esteem is positively related to trust in an automated driving system. 

Hypothesis 5 (H5): Self-efficacy is positively related to trust in an automated driving system. 

Hypothesis 6 (H6): An int. LOC is positively related to trust in an automated driving system. 

Also, the associations of these traits with anxiety have been well supported in the literature. Self-

esteem has been found to be negatively related to anxiety, both in cross-sectional and longitudinal 

designs (Sowislo & Orth, 2013). Additionally, a negative correlation between task self-efficacy 

and computer anxiety has been reported (Brosnan, 1998). Also, an internal LOC has consistently 

been found to be related to lower levels of anxiety than an external LOC (e.g., Spector, 1982). 

From these theoretical and empirical associations of the investigated traits to both the experience 

of anxiety and trust in automation, it can be hypothesized that people who perceive themselves 

as being more capable of succeeding in various tasks and in control of the related outcomes, also 

experience less anxiety when being introduced to an unfamiliar, potentially dangerous, and risky 

automated driving system. On the basis of H1 and H4-6, it can be further hypothesized that 

through this reduced anxiety, these people also tend to trust such a system more. As in the case 

of depressiveness, the relationships of the included self-evaluative traits to trust in automation 

are hypothesized to be mediated by state anxiety: 
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Hypothesis 7 (H7): The effects of self-esteem (H7.1), self-efficacy (H7.2), and locus of control 
(H7.3) on trust in an automated driving system are mediated by the experience of anxiety at the 

time of introduction of the system. 

3.2.2 Method 

The study hypotheses were investigated in a driving simulator experiment, in which the variables 

of interest for this study were collected at the beginning of the study procedure before and directly 

after a practice trial. As not of interest for this study, the complete study procedure is described in 

detail in chapter 3.4 (study 6). After being welcomed, participants answered questionnaires on the 

investigated personality variables and several emotional states (positive and negative affect, state 

anxiety) before being introduced to an automated driving system (but after being introduced to the 

forthcoming interaction with an automated driving system). Afterwards, they drove with the sys-

tem in a practice trial, both in manual and automated mode, which was followed by a measurement 

of their trust in the system with the LETRAS-G (see Appendix A). This measurement was used as 

the outcome variable in this study. For the assessment of the investigated personality variables, 

the following questionnaires were used: Becks Depressions Inventory-II (BDI-II, Hautzinger et 

al., 2009) for depressiveness, the TOR-IE by Rotter (1966; with higher values indicating a more 

external LOC) for LOC, the Rosenberg Self-Esteem Scale (Ferring & Filipp, 1996), the General 

Self-Efficacy Scale (GSE; German version; Jerusalem & Schwarzer, 1999), the PANAS (Krohne 

et al., 1992) for positive and negative affect, and the STAI-6 (Marteau & Bekker, 1992) for state 

anxiety. The final sample consisted of N = 47 participants (27 females, Mage = 27.45, SD = 9.75).  

For testing the direct bivariate relationships (H1, H2, H4, H5), Pearson correlations were calcu-
lated. For the mediation hypotheses (H3 and H7), path models with the R package lavaan (Rosseel, 
2012; version 0.6-2; R version 3.4.3) were calculated and bootstrapped direct and specific indirect 
effects were investigated (5000 samples, Hayes, 2009) and the hypotheses were evaluated by in-
specting the 95% CIs. As a first step in the analysis, four path models for the individual mediation 
effects from each of the investigated personality traits were calculated in which, in addition to state 
anxiety, also positive and negative affect were included to assess the specific effect of anxiety in 
combination with these two emotional states (see Figure 7 A-D). As a second step, a path model 
with all four personality traits as predictors and state anxiety as the only mediator was calculated 
to investigate specific indirect effects on trust of the personality traits in a combined consideration. 
Standardized effects were reported. Some of the variables showed derivations from normality, as 
indicated by a series of Shapiro-Wilk tests. As the Pearson coefficient has been shown to be robust 
against such violations (e.g., Bishara & Hittner, 2012) and bootstrapping was used in the path 
models (making distribution assumptions obsolete), the reported findings can be validly inter-
preted. 

3.2.3 Results 

The hypothesized relationship of state anxiety and trust (H1) was supported by a significant neg-

ative correlation, r = -.400 (p < .001), and a significant negative direct effect in the path models, β 

= -.413, [-.697; -.062], (see Figure 7). The correlations for positive and negative affect with trust 

in automation were not found to be significant and neither were any of the direct or indirect effects 

on trust in the mediation models (see Figure 7). While depressiveness was not directly related to 

trust, r = -.262, p > .05, a significant negative indirect effect of depressiveness on trust mediated 

by state anxiety, β = -.193, [-.373; -.007], in partial support of H2 and full support of H3 was found 

(Figure 7A). The hypotheses on the positive relationships of self-esteem and self-efficacy with 

trust in automation were fully supported (H4, H5, H7.1, H7.2). Self-esteem, r = .370, p < .05, and 
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                     Figure 7 

Results of the separate path models for the mediations of the effects of the four investigated personality variables on 

trust in automation by the three investigated emotional states. (Figure from Kraus, Scholz, Messner, et al., 2020, CC 

BY 4.0, https://creativecommons.org/licenses/by/4.0/). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Note. Asterisks indicate significance at α = .05; above each of the emotional states the respective specific indirect effect is depicted; bootstrapped 

95% CIs are depicted. 
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self-efficacy, r = .291, p < .05, both showed significant positive correlations with trust in automa-

tion and these relationships were mediated by state anxiety (self-esteem, H7.1; β = .251, [.025; 

.480]; Figure 7C, and self-efficacy, β = .202, [.017; .401], Figure 7D). For LOC, neither bivariate 

correlations nor direct or indirect effects to trust in automation were found to be significant in 

contradiction to H6 and H7.3 (Figure 7B). In the path model which investigated the paths from the 

four personality traits simultaneously, only the direct effect from self-esteem on state anxiety re-

mained significant (β = −.459, [−.800; −.019]). This indicates that, in line with their substantial 

theoretical overlap, the investigated personality traits showed a considerable degree of multi-col-

linearity and the relative effect on dynamic learned trust in automation was highest for self-esteem.  

3.2.4 Conclusion 

First of all, the study supported a prediction of individual differences in dynamic learned trust in 

an automated driving system after the first experiences with that system by the individual level of 

anxiety at the time of introduction of the system. In this study, the relationship between anxiety 

and dynamic learned trust was higher than that of positive or negative affect to trust. Furthermore, 

personality differences in regard to dispositional self-evaluations predicted differences in the ex-

perience of anxiety and in dynamic learned trust. More specifically, as indicated by the significant 

mediations of the effects of self-esteem and self-efficacy on dynamic learned trust through state 

anxiety, people who hold a favorable view about themselves and perceive themselves as able to 

perform in various task successfully, are less anxious when being confronted with a new techno-

logical system and in turn trust it more after some interaction. Again, comparable to the findings 

of studies 1 and 2, the effects associated with LOC were smaller than those for self-esteem and 

self-efficacy and the role of this trait for the formation of trust in automation remains unclear (as 

further discussed in chapter 4.1). As supported by an indirect effect of depressiveness on dynamic 

learned trust, a pessimistic view on the world and on one’s own capabilities might emphasize the 

consideration of potential risks and dangers of automated driving systems. The nature of this effect 

could be addressed in future studies. 

Taken together, this study is the first of its kind to provide evidence for a mediation of the effect 

of personality variables on dynamic learned trust by state anxiety. Notably, the influence of state 

anxiety before the interaction on dynamic learned trust after some experience with a system pro-

vides a new finding in the area and again indicates that interpersonal differences influence the 

process in which trust in automation is built up. The supported mediations provide various impli-

cations on a theoretical and practical level regarding the role of personality and emotional states 

in the familiarization with automated systems. In terms of the Three Stages of Trust framework, 

this study underlines the influence of personality differences not only in the early stages of trust 

formation but also in the formation of dynamic learned trust at stage 3 (proposition 8.1). Above 

this, the reported mediations of these effects by the experience of anxiety when being first intro-

duced to the system (stage 2) further underline the interrelation of the three trust stages (proposi-

tions 1 and 3). Furthermore, the findings suggest a possible process through which personality 

might affect the perception of unfamiliar automated systems in terms of an attribution of experi-

enced affect to the evaluation of an automated system in line with the affective route proposed by 

Lee and See (2004) and, for example, the affect-as-information model (e.g., Schwarz & Clore, 

1988). As discussed in chapters 4.1, 4.2, and 4.3, the reported study findings support a considera-

tion of dispositional self-evaluations, anxiety in the face of new technology as well as their asso-

ciation in both research and practice in regard to automated technology. 



Psychological Processes in the Formation and Calibration of Trust in Automation 

56 

3.3 Study 4: Two Routes to Trust Calibration: Effects of Reliability and Brand Information 

on Trust in Automation 

3.3.1 Introduction and Study Hypotheses  

Especially in suspicious or anxious users, the information prior to the first system use might be 

essential to generate an initial trust level exceeding a minimum threshold necessary for the inten-

tion to use an unfamiliar system at all. At the same time, from a perspective of trust calibration, 

the initial trust level should not exceed a realistic assessment of system capabilities leading to 

overtrust and system misuse. As for this vital role of prior system information, it is essential to 

gain a deeper understanding of how this information is used in the process of trust formation and 

calibration to build up a realistic picture of the automated system. The presented framework pro-

poses that the formation of learned trust in automation is based on a system expectation built up 

using available information (trust cues, proposition 5). It is further assumed that at stage 2 trust 

cues affect initial learned trust through attitude formation processes (proposition 6). Against this 

background and based on the notion by Lee and See (2004) that trust can be influenced by provided 

information through three different routes – the analytical, the analogical and the affective route – 

this study investigated if trust cues entailed in prior system information are used in line with the 

predictions of the Elaboration Likelihood Model (ELM; Petty & Cacioppo, 1986; see chapter 2). 

In this study, the effect of two types of information about an automated driving system (infor-

mation about system reliability and the manufacturer) on initial learned trust was investigated. In 

line with the assumptions of the ELM, both types of information were hypothesized to influence 

initial learned trust in their respective direction (either positive or negative). First, the presentation 

of prior reliability information was hypothesized to result in attitude changes through the central 

route of processing. In line with this, in two studies with driving automation at different levels it 

was found that prior information on the systems’ functional scope affected initial trust levels (Begi-

atto & Krems, 2013, Körber et al., 2018). Accordingly, it was hypothesized: 

Hypothesis 1 (H1): An automation that is described as reliable is trusted more than one that is 

described as unreliable. 

Second the information about the system manufacturer (original equipment manufacturer, OEM 

brand) was manipulated in the study. This more heuristic information was assumed to affect trust 

formation through the ELM’s peripheral route. It was hypothesized: 

Hypothesis 2 (H2): A better OEM brand reputation of an automated system leads to higher 

trust in the system. 

Elaboration of the content and arguments of a presented message depends on the motivation and 

cognitive capacity to do so (Petty & Cacioppo, 1986). As mere support for these two hypotheses 

would not provide evidence for the effect of two routes in trust formation, additionally, the moti-

vation of users to elaborate the content of the received information seemed worthwhile to be con-

sidered in the study. On the level of individual differences, need for cognition (NFC), defined as 

an “individual’s tendency to engage in and enjoy effortful cognitive endeavors“ (Cacioppo et al., 

1984, p. 306), has been found to influence the probability of elaboration. For example, findings 

Kraus, J. M., Forster, Y., Hergeth, S., & Baumann, M. (2019). Two routes to trust calibration: 

Effects of reliability and brand information on trust in automation. International Journal of Mo-

bile Human Computer Interaction, 11(3), 1-17. https://doi.org/10.4018/IJMHCI.2019070101 
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from a study by Cacioppo et al. (1983) support the notion that people with higher NFC engage in 

central processing more often than those with lower NFC. In line with this, it was hypothesized: 

Hypothesis 3 (H3): NFC moderates the usage of information as follows: People with higher 

NFC use the reliability information more than people with lower NFC (H3.1), People with 

lower NFC use the brand reputation information more than people with higher NFC (H3.2). 

Based on the theorizing of studies 1 and 2, three further personality traits were included in the 

study: regulatory focus (promotion and prevention focus, Higgins, 1997), materialism (Belk, 1985) 

and the PAS (Merritt, Unnerstall, et al., 2015) with its two factors (see chapter 1.4.1, please find a 

more detailed argumentation for their inclusion in Appendix B). Based on their theoretical and 

empirical relevance for trust in automation, it was hypothesized: 

Hypothesis 4 (H4): Regulatory focus, materialism, as well as the perfect automation scheme, 

predict initial learned trust in an automated system. 

3.3.2 Method 

Study hypotheses were investigated in an online experiment with a two-factorial design in which 

the presentation of information on system reliability was manipulated in two (low vs. high) and 

the OEM brand was manipulated in seven levels (baseline without brand and six different OEM 

brands). Additionally, NFC was assessed and the sample was split into two groups on the basis of 

a median split as an additional factor for some analyses. The included OEM brands were selected 

on the basis of results from a cluster analysis in a pilot study to resemble three categories of brand 

reputation (below average: Kia and Dacia; average: Opel and Skoda; above-average: BMW and 

Tesla). The sample was recruited with an online panel company. Participants were randomly as-

signed to one of the 14 combinations of the two manipulated factors. The dependent variable trust 

in automation was measured three times during the experiment (see Figure 8 for the study proce-

dure). At the beginning of the study, participants read a general description of automated driving 

systems, after which trust in the system was assessed for the first time (tpre). Then a one-pager was 

presented in which a conditionally automated driving system was introduced along with the results 

of a fictive road test. As a manipulation of the brand reputation factor, the manufacturer of the 

system was prominently mentioned two times in the one-pager. Information on system reliability 

was manipulated in the provided results of the (fictive) road test. While in the high-reliability 

condition the system was said to have had nine malfunctions during the test and ranked second of 

22 tested systems, in the low-reliability condition the system was reported to have shown 90 errors 

and ranked 16th. After the presentation of the one-pagers, trust was rated a second time (t1). After 

this, participants were presented with four videos allegedly showing a driver using the system in a 

driving simulator (about 30 seconds each). The videos entailed different interactions with the sys-

tem: activation by the driver, automated overtaking, system-initiated TOR, and a deactivation of 

Figure 8 

Procedure of study 4. (Figure from Kraus, Forster, et al., 2019, ©2019 IGI Global, www.igi-global.com. Posted by 

permission of the publisher). 
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the system by the driver. After the videos, participants rated their trust in the system a last time 

(t2). Afterwards, the personality questionnaires were filled out and participants were debriefed.  

Trust in automation was measured with a 12-item German translation of the ATS Scale (Jian et 

al., 2000). For assessing NFC, eight items of the German scale by Bless and colleges (1994) were 

selected on the basis of item difficulty and factor loadings. For the assessment of the regulatory 

focus, the scale by Fellner et al. (2007) was used. For the two remaining personality variables, 

scales were shortened on the basis of factor loadings: the scale by Richins and Dawson (1992) for 

materialism and the scale by Merritt, Unnerstall, et al. (2015) for the PAS. From N = 623 partici-

pants, who completed the survey, 104 had to be excluded for one of the following two reasons: 

unsuccessful manipulation checks (wrongful memory of the brand or the overall result of the road 

test in the one-pager) or speeding (study completion in less than 24 min.) resulting in a final sample 

of N = 519 (55.3% females, Mage = 45.5, SD = 14.35). 

3.3.3 Results 

As for unequal group sizes, type-III sum of squares (Howell, 2007) were reported. At tpre, the 

experimental study groups did not significantly differ in their trust mean scores, as indicated by a 

two-way ANOVA with brand reputation and reliability as between factors, Fmax = 1.08, all p > .05. 

In line with the results of the pilot study, OEM brands were grouped in the three OEM reputation 

groups. For investigating the hypotheses on the effects of the information manipulations, the base-

line condition was left out, resulting in an n = 435 in these analyses. For the correlations of the 

personality traits and trust the full, cleaned sample was used. A manipulation check with an 

ANOVA (reputation groups as between factors, the average image score of the pilot study as de-

pendent variable, see Forster et al., 2018) indicated a successful manipulation, F(2,432) = 27.49, 

p < .01, ηp² = .113, Mbelow average = 4.03, SD = 1.09, Maverage = 4.41, SD = 1.16, Mabove average = 4.95, 

SD = 0.94. In Table 1, trust means for the six study groups at t1 and t2 are presented on the left 

side. For testing the moderation of information use by NFC (H3), a median split in the sample 

without the baseline condition was conducted (Mdn = 4.75) resulting in two groups: low NFC, n 

Table 1  

Means and standard deviations for initial learned trust in automation at t1 and t2 split by reliability and brand 

reputation groups (left) and split by reliability groups and median-split groups for NFC (right). (Table adapted 

from Kraus, Forster, et al., 2019. ©2019 IGI Global, www.igi-global.com. Posted by permission of the publisher). 

   Brand reputation Need for cognition median-split 

 Reliability  <average average >average NFC low NFC high 

Trust t1 

low 
M     

(SD) 

3.29 
(1.01) 

2.99 
(1.06) 

3.41 
(1.09) 

3.30 
(1.04) 

3.16 
(1.09) 

high 
M     

(SD) 

3.88 
(0.94) 

3.84 
(1.15) 

4.00 
(1.12) 

3.74 
(0.99) 

4.13 
(1.13) 

Trust t2 

low 
M     

(SD) 

3.85 
(1.23) 

3.66 
(1.19) 

3.87 
(1.23) 

3.82 
(1.14) 

3.76 
(1.31) 

high 
M    

(SD) 

4.30 
(1.00) 

4.20 
(1.19) 

4.16 
(1.21) 

4.04 
(0.99) 

4.47 
(1.26) 

Notes. M = Mean, SD = Standard Deviation 
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= 240, MNFC low = 4.10, SD = 0.54, and high NFC, n = 195, MNFC high = 5.44, SD = 0.48. On the right 

side of Table 1, the respective group means for the groups by the NFC median split and the relia-

bility manipulation are displayed. H1-3 were tested with two three-factorial ANOVAs (factors: 

reliability, brand reputation, NFC median-split) and trust at t1 and t2 as the dependent variables. 

Neither at t1 nor at t2 a main effect for the NFC median-split groups was found. In line with the 

hypothesis that reliability information affects trust in automation (H1), in both ANOVAs a main 

effect for reliability was supported, t1: F(1,423) = 48.14, p < .001, ηp² = .102; t2: F(1,423) = 16.34, 

p < .05, ηp² = .037. In support of an influence of brand reputation on trust (H2), at t1, a significant 

main effect was found for the OEM brand reputation groups, F (2,423) = 3.17, p < .05, ηp² = .015, 

while there was no effect of the brand reputation at t2, F(2,423) = 0.58, p = .559, ηp² = .003. A 

Tukey’s HSD post hoc test indicated that the effect at t1 reflected a significant difference between 

the average and the above-average reputation group. The two-way interaction between the two 

manipulated variables was not found to be significant at both times of measurement. For the eval-

uation of the moderation of information use by NFC (H3), the two-way and three-way interactions 

including the NFC median-split groups were inspected. The two-way interactions with brand rep-

utation and the three-way interactions were neither found to be significant at t1 nor t2. Thus the 

two NFC groups did not show to influence the use of brand reputation information (H3.2). On the 

other hand, NFC was found to influence the use of the reliability information (H3.1) as supported 

by a significant interaction between the reliability condition and the NFC median-split groups for 

trust at t1, F(1,423) = 6.84, p < .01, ηp² = .016, and t2, F(1,423) = 4.54, p < .05, ηp² = .011 (Figure 

9). The interactions indicate that the trust difference between the high and low reliable systems is 

higher in the high NFC as compared to the low NFC group at both times of measurement. In line 

with H3.2, people with higher NFC seem to use the reliability information more to form their trust 

than those with lower NFC. A further analysis of a quartile split of NFC indicated a non-linear 

relationship between NFC and the extent to which the reliability information was used to form 

trust in the system. To evaluate the prediction of trust in automation by the investigated personality 

traits (H4), bivariate Pearson correlations were inspected. For NFC, no significant correlation with 

trust in automation was found. While the correlations between the PAS factor “all or none” at tpre 

as well as the correlation between promotion focus and trust at t1 were not found to be significant, 

Figure 9 

Effects of reliability information and NFC median-split groups on trust in automation. Error bars reflect 1 SE. (Figure 

from Kraus, Forster, et al., 2019, ©2019 IGI Global, www.igi-global.com. Posted by permission of the publisher). 
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for the remaining personality variables, significant relationships with trust were found at all three 

times of measurement (rpromotion focus = .108 – .183, rprevention focus = .127 - .139, rmaterialism = .191 - 

.238, rPAS high expectations = .599 - .613, rPAS all or none = -.090 to -.159, all p < .05).  

3.3.4 Conclusion 

The reported findings support an influence of prior system information about system reliance and 

brand on the formation of initial learned trust. While reliability information influenced trust at both 

times of measurement, an effect of brand reputation was only supported for a short time interval 

between the presentation of the information and the trust measurement. In this regard, in line with 

the assumptions of the ELM, the effect of reliability information, which is supposedly processed 

through the central route, showed higher stability over time as compared to the effect of the more 

heuristic brand information, which is likely to be processed through the peripheral route. Further-

more, differences in the personality variable NFC affected the weighting of the reliability infor-

mation in trust formation: participants with a higher NFC changed their trust ratings more into the 

direction of the provided information as those with a lower NFC. Furthermore, the results support 

relationships of three personality traits to initial learned trust in automation. First, the significant 

relationships of both layers of the regulatory focus support the role of individual differences in the 

consideration and weighting of gains and losses in trust formation. Second, people with higher 

materialism tended to trust the driving automation more. This points into the direction that the 

higher importance materialists put on material goods might be associated with an overly optimistic 

evaluation of innovative technology and that this is a possible source of bias in the direction of 

overtrust. Third, a considerable positive relationship of the PAS factor “high expectation” with 

initial trust was found, which is in line with earlier research (e.g., Lyons & Guznov, 2019). The 

factor “all or none” showed smaller, yet significant negative relationships with initial learned trust.  

Taken together, this research is among the first to investigate trust processes in automated driving 

systems in terms of dual-process theories and by this supports several of the propositions of the 

Three Stages of Trust framework. Essentially and central for the framework, the findings support 

a transfer of attitude formation processes to the process in which initial learned trust is built up on 

the basis of prior system information (propositions 5 and 6). Furthermore, a moderation of infor-

mation processing at stage 2 by individual user differences was supported (proposition 9). Also, 

in line with the findings of studies 1 to 3, the role of personality and general technology-related 

attitudes for individual differences in initial learned trust was supported (proposition 8.1). These 

findings underline the essential relevance of trust formation processes before the actual interaction 

with an automated system for trust processes. While the study groups started with comparable trust 

levels in the experiment, the presentation of reliability information was associated with stable trust 

differences, which presumably relate to different expectations towards the system, which might 

influence trust calibration during later system use. Taken together, these findings point into the 

direction that the transfer of theories and models from the domain of attitude formation to the 

research on trust in automation seems fruitful (as discussed in more detail in chapter 4.2.3). Fur-

thermore, these findings entail implications for the design of prior system information with the 

goal of facilitating initial trust calibration. A detailed discussion of the practical implications of a 

transfer of attitude theories is provided in chapter 4.3. 
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3.4 Studies 5 and 6: The More You Know: Trust Dynamics and Calibration in Highly Auto-

mated Driving and the Effects of Take-Overs, System Malfunction and System Trans-

parency 

3.4.1 Introduction and Study Hypotheses 

The Three Stages of Trust framework proposes that trust is built up and calibrated prior and during 

the interaction with an automated system along the provided information at stages 2 and 3, at which 

the user learns to trust a system (proposition 5). Against this background, to further enhance the 

understanding of the nature of the proposed feedback process at stage 3, studies 5 and 6 investi-

gated how dynamic learned trust in automation is calibrated during early use of an automated 

driving system. In each of the studies a driving simulator experiment was conducted in which trust 

in automation was measured prior and repeatedly during the interaction with an automated driving 

system in different conditions. Both studies compared trust calibration in conditions with and with-

out system malfunctions, while in study 5, participants additionally experienced TORs in both 

conditions. Furthermore, the effect of prior system information about system limitations on the 

interpretation of a system malfunction was investigated in study 6. In combination, these research 

questions represent a test of several of the propositions of the Three Stages of Trust framework. 

First, the character of the comparison between system expectation and actual system behavior in 

the proposed feedback loop of trust calibration was investigated (proposition 7.2). In this regard, 

additionally, study 6 aimed at an investigation of how prior system information affects the cali-

bration of dynamic learned trust at stage 3 (proposition 8.2). 

In several studies which measured trust repeatedly over time with flawless system functioning, 

trust in automation was found to increase in different settings and over different periods of time: 

in simulated automated process control scenarios over the course of a single episode of system 

interaction (e.g., Muir & Moray, 1996; Moray & Inagaki, 1999) and in real-life use of adaptive 

cruise control (ACC) over the first days (Kazi et al., 2007) and weeks (Beggiato & Krems, 2015). 

Several studies (Hergeth et al., 2016, 2017, 2015; Hartwich et al., 2019) provided initial evidence 

that such a trust increase also occurs in the interaction with higher-level driving automation. Ac-

cordingly, it was hypothesized: 

Hypothesis 1 (H1): If an automated system works without malfunctions, trust increases over 

the course of system interaction. 

In highly automated vehicles (SAE levels 3 and 4), automated driving is restricted by system lim-

itations and system malfunctions (see chapter 1.2). The depicted studies investigated the effect of 

both, TORs and system malfunctions, on the formation of dynamic learned trust during the first 

drive with an automated driving system. As users were found to tend to expect automated technol-

ogy to work extremely reliable or even flawlessly (e.g., Dzindolet et al., 2002; Merritt, Unnerstall, 

et al., 2015), derivations from perfection should be associated with trust decreases. For system 

Kraus, J., Scholz, D., Stiegemeier, D., & Baumann, M. (2019). The more you know: Trust dy-

namics and calibration in highly automated driving and the effects of take-overs, system mal-

function, and system transparency. Human Factors. Advance online publication. 
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limitations, such trust decreases were shown with single-item trust measures in the domain of 

highly automated driving (Hergeth et al., 2015) and for system malfunctions in automated decision 

aids (Dzindolet et al., 2003). In regard to the processes after such a trust decrease, exemplarily, 

research in the domain of automated plant simulations (Moray & Inagaki, 1999; Lee & Moray, 

1992) and automated driving (Hergeth et al., 2015) showed that trust in these automated systems 

after a transition of control or error was at least to some degree remediated in further system use. 

Based on this, it was hypothesized that such a re-establishment of trust also takes place in contin-

ued interaction with an automated driving system after experiencing a TOR or a malfunction: 

Hypothesis 2 (H2): Trust decreases temporarily after a take-over of manual control in the face 

of a system limitation. 

Hypothesis 3 (H3): An unexpected malfunction of the system leads to a significant temporary 

decrease in trust in the automated system (H3.1). Trust recovers in case of continued error-free 

system operation (H3.2). 

These temporal trust decreases may arise from a lack of knowledge and understanding of the sys-

tem malfunctions. Accordingly, prior system information on the reasons, nature, and results of 

system limitations/malfunctions might prevent such trust decreases. In line with this, it was shown 

that transparent information during the use of automated driving systems affects trust (Ekman et 

al., 2016) and that information prior to using an automated driving system affects trust in the sys-

tem during subsequent system use (e.g., Beggiato et al., 2013). Therefore, it was hypothesized: 

Hypothesis 4 (H4): Higher system transparency (providing a priori information about reasons 

for system malfunctions and the character of the safe-mode) leads to less trust reduction sub-

sequent to a malfunction of an automated system. 

These hypotheses were tested in two driving simulator experiments in which trust was repeatedly 

measured during the first drive with an automated vehicle. In study 5, initial trust formation was 

investigated in two groups: error-free system and system with a malfunction. In study 6, addition-

ally, the effect of prior system information about system limitations was investigated. 

3.4.2 Study 5 - Method 

In a one factorial design (between factor: system malfunction), trust was repeatedly measured over 

time during an initial drive with an automated driving system in the driving simulator of the de-

partment of Human Factors at Ulm University. Participants were randomly assigned to a malfunc-

tion (MF+) or no-malfunction group (MF-). Altogether N = 31 participants (18 females; Mage = 

23.84, SD = 3.66) took part in the study. In Figure 10, the procedure of the study is illustrated. 

First, participants were introduced to the automated driving system and the experimental task. The 

Figure 10 

Procedure and experimental drive of study 5. (Figure from Kraus, Scholz, et al., 2019. ©2019 Human Factors and 

Ergonomics Society.) 
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automation was introduced as an SAE level 3 system allowing for highly automated driving on the 

highway with automated overtaking. The system had two modes: a manual and an automated one. 

Participants were told that they could take over manual control at all times during the experimental 

drive. As a secondary task during the drive, participants were playing a tablet-based Tetris game 

(Electronic Arts, 2013). After the introduction and filling out questionnaires with the dependent 

variables (amongst others trust in automation), two practice trials for familiarization with both 

driving modes were conducted. In the practice trial, a system malfunction was implemented, which 

resulted in a safe mode established by an alarm sound and a visual signal in the user interface, 

activation of the indicator light, slowing down, and stopping at the emergency lane. After the prac-

tice trial, the experimental drive (see Figure 10) started during which, at t1 – t7, after automated 

overtaking and at m1 and m2 after two TORs, the simulation was halted and trust was measured. 

While in the MF- group the automation worked flawlessly during the complete drive, the MF+ 

group experienced a system malfunction and a safe mode of the system. After the drive, trust was 

assessed again, followed by a questionnaire on demographics. Trust was measured with the long 

version of the LETRAS-G scale at critical times (tpre, t0, t4, and tpost) and at the remaining times a 

further shortened five-item version of the scale was used (see Appendix A). In the analysis, trust 

development in the interval between t0 (after system introduction) and t7 (before the effect of the 

second TOR) was inspected. The two study groups did not show significant differences in trust at 

the two times of measurement before the experimental drive, tpre: t(29) = 0.08, p = .937, d = -0.03; 

t0: t(29) = -0.36, p = .720, d = 0.13.  

3.4.3 Study 5 - Results 

Figure 11 (left side) shows the trust development over the course of the experimental drive relative 

to the trust measurement at t0. To test the hypothesis on a trust increase over time (H1), a repeated 

measures ANOVA with the trust measurements from t0 - t7 as the dependent variables was con-

ducted in the MF- group. To account for a violation of the assumption of sphericity, Huynh-Feldt 

corrected degrees of freedom were reported. In line with H1, an F-test showed a significant effect 

of the time of measurement on trust, F(4.27,59.77) = 3.35, p < .05, ηp² = .19, and a polynomial 

contrasts analysis supported a positive linear trend for trust over time in the MF- group, F(1,14) = 

6.01, p < .05, ηp² = .30. Furthermore, in support of a temporary trust decrease after the experience 

Figure 11 

Trust development in study 5 (left side) and study 6 (right side) at the different times of measurement prior to and 

during the experimental drive for the two respectively four study groups. The malfunction took place before t4. Dif-

ferences to t0 are displayed. (Figures from Kraus, Scholz, et al., 2019, ©2019 Human Factors and Ergonomics Soci-

ety).  
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of a TOR (H2), a polynomial contrast analysis with the trust measures at t2, m1, and t3 in the com-

plete sample supported a quadratic but not a linear trend for TOR 1, linear: F(1,29) < 0.01, p = 

.966, ηp² = .00, quadratic: F(1,29) = 5.60, p < .05, ηp² = .16. Unlike assumed in H2, for TOR 2 in 

both groups, a significant negative linear trend, but not a quadratic trend was supported, indicating 

a more stable trust decrease, MF-, linear: F(1,14) = 10.05, p < .01, ηp² = .42, MF+, linear: F(1,15) 

= 9.71, p < .01, ηp² = .39. Further, to investigate the effect of system malfunctions on trust for-

mation (H3.1 and H3.2), separate contrast analyses for the two study groups were conducted with 

trust measured before (t3), directly after the malfunction (t4), and after some further driving (t5). 

While for the MF+ group a quadratic, but not a linear trend was supported, linear: F(1,15) = 0.35, 

p = .564, ηp² = .02, quadratic: F(1,15) = 15.32, p < .01, ηp² = .51, both trends were not significant 

in the MF- group, linear: F(1,14) = 1.71, p = .212, ηp² = .11, quadratic: F(1,14) = 1.91, p = .189, 

ηp² = .12. This pattern of findings supported a temporary trust decrease after a system malfunction 

(H3.1) and a subsequent trust recovery (H3.2). In an additional two-tailed t-test at t7, no group 

differences for trust were found, t(29) = -0.77, p = .449, d = 0.28, indicating that the trust impair-

ment in the MF+ group after the malfunction was not permanent and trust was reestablished. Taken 

together, all investigated study hypotheses were supported (H1-3) in study 5. 

3.4.4 Study 6 - Method 

The procedure of study 5 was slightly adapted in study 6 to investigate the effect of the prior 

transparency information. First, all TORs were removed and participants remained in automated 

driving mode after the initial take-over. Second, an attention assistant (a beep in a 1-minute interval 

after which participants had to direct their view to the road and touch the steering wheel) was 

implemented to enhance balanced task engagement between the primary and secondary task. 

Third, instead of Tetris, the participants played Angry Birds (Rovio Entertainment Corporation, 

2010) as this game allows for task disruption. Fourth, additionally, to the experience of a malfunc-

tion, transparency was manipulated in two levels. In the low transparency groups (LT), the mal-

function and safe mode were excluded from the practice trial. In the high transparency groups 

(HT), the malfunction and safe mode were part of the practical trial and participants received ad-

ditional information on the technical reasons for malfunctions as well as on the character of the 

safe mode. Fifth, an additional overall evaluation (besides others of trust) of the system after the 

experimental drive ended was included in the study design (toverall). This resulted in a 2 (malfunc-

tion) x 2 (system transparency) experimental design with four groups, MF-/LT, MF+/LT, MF-

/HT, and MF-/LT. The final sample consisted of N = 47 participants (27 females, Mage = 27.45, 

SD = 9.75). As a control for the transparency manipulation, a three-item scale on the anticipation 

of a malfunction was filled out after the experimental drive in the MF+ groups. A t-test supported 

a higher transparency for the MF+/HT, M = 3.82, SD = 1.12, than the MF+/LT group, M = 2.39, 

SD = 1.03, t(20) = 3.10, p < .01, d = 1.32.  

3.4.6 Study 6 - Results 

The development of trust over time during the experimental drive is depicted in Figure 11 on the 

right side. Again, as for violations of sphericity, Huynh-Feldt-corrected degrees of freedom were 

reported. No group differences in trust at the two initial times of measurement were found, tpre, 

F(3,43) = 1.80, p = .162; t0, F(3,43) = 1.15, p = .339, indicating that the additional information 

provided in the HT groups did not affect initial trust levels. All findings of study 5 in regard to H1 

and H3 were validated. In support of a trust increase over time in flawless system functioning 

(H1), in the MF-/LT group, in a repeated measures ANOVA (t0 - t8) a significant effect for time 
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of measurement on trust was found, F (2.46,29.51) = 3.22, p < .05, η²p = .21 and a t-test between 

the trust measures at t0 and t8 revealed a significant difference, t(12) = -3.64, p < .01, d = 0.79. In 

the MF-/LT group, this trust development corresponded with a positive linear trend, F(1,12) = 

6.31, p < .05, η²p = .35. Furthermore, the temporal trust decrease after a system malfunction (H3.1) 

and subsequent recovering of trust (H3.2) was supported by an according pattern of trends in the 

two LT groups of the trust measurements at t3, t4, and t5. In line with H3.1, while for the MF-/LT 

group no trend was significant, linear: F(1,12) = 0.35, p = .568, ηp² = .03; quadratic: F(1,12) = 

0.15, p = .709, ηp² = .01, for the MF+/LT group, the quadratic, but not the linear trend was signif-

icant, linear: F(1,10) = 0.09, p = .772, ηp² = .01; quadratic: F(1,10) = 5.65, p < .05, ηp² = .36. In 

line with the hypothesized trust recovery over error-free system use subsequent to a malfunction 

(H3.2), at t8 no significant difference for trust between the two LT groups was found, t(22) = 0.78, 

p = .446, d = 0.32. In order to test the hypothesis that information on reasons and consequences of 

malfunctions prevents a trust decrease after a malfunction (H4), polynomial contrasts were calcu-

lated for trust at t3 to t5 in the two HT groups. In both groups, in line with the hypotheses, no 

significant trend was statistically supported, MF-/HT, linear: F(1,10) = 1.83, p = .206, ηp² = .16, 

quadratic: F(1,10) = 2.95, p = .117, ηp² = .23; MF+/HT, linear: F(1,11) = 1.36, p = .269, ηp² = .11; 

quadratic: F(1,11) = 1.87, p = .199, ηp² = .15. In combination with the significant quadratic trend 

in the MF+/LT group, this indicates that the presentation of transparency information prevented a 

trust decrease after the system malfunction in the MF+/HT group. Interestingly, the presentation 

of the transparency information was not associated with a significant trust difference of the two 

HT, MHT = 5.19, SD = 1.01, and the two LT groups, MLT = 5.33, SD = 0.98, at t0 as indicated by a 

non-significant t-test, t(45) = 0.485, p = .630, d = -0.14.  

3.4.7 Studies 5 and 6 - Conclusion 

The findings of studies 5 and 6 support the notion of a dynamic nature of trust calibration during 

the early phase of interaction with an automated driving system. In both studies, trust increased 

linearly over time when the system functioned without error and decreased temporarily after a 

system malfunction. The combined findings support a rapid recovery of trust after the experience 

of a first malfunction in an automated driving system. Additionally, as supported by the findings 

of study 2, in the case of a system malfunction, the presentation of prior system information on the 

underlying reasons and the character of the safe mode prevented a temporary trust decrease. At the 

same time, the presentation of the prior system information on the malfunction did not lead to a 

trust decrease in the groups that received such information as compared to those that did not get 

such information. In study 1, a temporary trust decrease after the experience of a first TOR was 

found, while after a second TOR users’ trust was more permanently reduced.  

Taken together, the studies provide conclusive support for dynamic trust calibration during the 

early use of automated driving systems that entails several characteristics of the proposed pro-

cesses of trust calibration from the presented framework. Thereby, the studies support the propo-

sition that dynamic learned trust is calibrated in a continuous feedback process in which expected 

and observed system behavior are compared against each other and derivations are associated with 

adaptions of the level of trust (proposition 7.2). This is reflected in the successive increases of trust 

in error-free system functioning and the temporary reductions of trust if the expectation of flawless 

system function was violated either by a TOR or a system malfunction. In this regard, the study 

findings further support a link between trust stages 2 and 3 in the sense that prior system infor-

mation is used to interpret the observed system behavior during the interaction to build up system 
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expectations, which in turn are used as a standard for comparison of the actual system behavior in 

trust calibration (proposition 8.2). Furthermore, for the domain of highly automated driving, the 

reported findings are among the first to show a reestablishment of trust in automation after the 

experience of a first system malfunction. In sum, the findings of studies 5 and 6 underline the 

importance of early system use for trust calibration and point into the direction that neither prior 

information about limitations or potential shortcomings of a system nor the actual experience of a 

system error is necessarily associated with trust decreases. Rather, it might be that such infor-

mation and experiences support trust calibration before and during early system use by providing 

transparent insights into potential worst-case scenarios. Theoretical and practical implications of 

these findings are further discussed in chapters 4.2 and 4.3. 

4 General Discussion 

Trust has been found to be essentially related to behavioral decisions and reliance on automated 

systems (see chapter 1.1; e.g., Biros et al., 2004; Muir & Moray, 1996). There is a consensus in 

the field that trust in automation is built in a dynamic process over time (Lee & See, 2004) and 

that in this process trust is influenced by various user, system and situation variables (see chapter 

1.4; e.g., Schaefer et al., 2016). While the two models by Lee and See (2004) and Hoff and Bashir 

(2015) contributed essentially to theorizing on trust in automation, the assumptions of these mod-

els have not yet been integrated and require further specification and empirical validation. Against 

this background, the first goal of this dissertation was to provide a theoretical integration of as-

sumptions of these two models into a psychological framework for investigating trust in automa-

tion. Based on this integration and further theoretical extensions and specifications, the Three 

Stages of Trust framework was presented along ten basic propositions on trust processes prior and 

during the interaction with automated systems. Against this background, six studies were presented 

that build on the theoretical basis of the proposed framework. In these studies, trust processes prior 

and during early use of automated driving systems were investigated.  

In the following, the findings of the single studies are discussed in relation to the proposed frame-

work (chapter 4.1), and, on this basis, an integrative theoretical discussion and identification of 

future research questions along the three trust stages are provided (chapter 4.2). Furthermore, in 

chapter 4.3, practical implications for facilitating calibrated trust are discussed. In the last two 

sections, the strengths and limitations of the presented work are discussed (chapter 4.4) and a 

conclusion is drawn (chapter 4.4). 

4.1 Summary of Findings and Evaluation of the Proposed Framework 

Taken together, the combined findings of all presented studies underpin the theoretical importance 

of an integrated consideration of trust processes at all three stages of the proposed framework for 

enhancing the understanding of how trust in automated systems is built up and calibrated. Figure 

12 provides an integration and summary of the findings of the six studies along the Three Stages 

of Trust framework. Taken together, the presented studies provide initial support for nine of the 

ten underlying propositions of the Three Stages of Trust framework (Figure 12). The combined 

evidence of all six studies supports the three basic framework propositions of a dynamic and his-

tory-based character of trust development (proposition 1), the influence of person-, system- and 
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situation-related factors in the emergence of the different trust layers (proposition 2), and the dif-

ferentiation of three subsequent and interrelated trust stages (propositions 3 and 8). Above this, the 

findings of the single studies provide initial support for some of the proposed trust processes at the 

three trust stages (propositions 4-7). In the following for each study, the findings are discussed in 

more detail in relation to the Three Stages of Trust framework. 

Studies 1 and 2 investigated the role of user personality (besides others of dispositional interper-

sonal trust) and general technology-related attitudes for both the propensity to trust in automation 

and dynamic learned trust in automation (link between stages 1 and 3). The findings support the 

general proposition of the framework that different trust layers build on each other at different 

stages of trust formation (proposition 1 and 3). In support of such a link between stages 1 and 3, 

dynamic learned trust was found to be predicted by the propensity to trust. This finding is in line 

with previous findings from other technological domains (e.g., Merritt et al., 2013). Additionally, 

in support of proposition 4 of the framework, the propensity to trust in automation was explained 

by dispositional interpersonal trust, which in turn was predicted by extraversion, agreeableness, 

and self-esteem. These findings provide initial support for the popular hypothesis of a common 

psychological basis of trust in other people and trust in automated technology (e.g., Lee & Moray, 

1992; Hoff & Bashir, 2015). Especially, the mediated relationships of extraversion and self-esteem 

through interpersonal trust and the propensity to trust in automation to dynamic learned trust un-

derline the common personality basis of the different investigated trust variables. However, the 

magnitude of the proportion of explained variance also suggests that despite a certain commonality 

between the two types of dispositional trust, a substantial proportion of variance in the general 

tendency to trust automation cannot be related to the psychological mechanisms of interpersonal 

trust. This is particularly supported by the high variance proportions in dynamic learned trust, that 

were explained by general attitudes towards automated technology and automated driving. This  

prediction of dynamic learned trust by a pre-existing technology attitude supports the importance 

of considering the individual learning history and expertise in regard to (automated) technology in 

the explanation of individual differences in trust in automation. Furthermore, the negative rela-

tionship of neuroticism and the affinity for technology in both studies, points into the direction 

that individual differences in the openness and active approach of new technology might in part 

be grounded in differences in the dispositional tendency to be worrying and risk-averse in general. 

Furthermore, the role of self-esteem in the investigated personality model points into the direction 

that the self-assessment of one’s own capability to use such a system in a functional manner might 
be an important prerequisite for trust in automation. This was further investigated in study 3. All 

in all, the established relationships of the more specific dispositions with theoretically well-estab-

lished, broader traits help to gain a better understanding for the foundation of the psychological 

mechanisms involved in trust formation in more basal psychological functions like the user’s self-
evaluations, emotional stability, the tendency to trust other people and a general affinity for tech-

nology. In summary, the suggested link of the general personality of users to experiences they 

make in their individual learning history and the establishment of more specific technology-related 

personality traits and general technology-related attitudes in this process seems essential to be 

considered at the different stages of trust formation in research and practice.  
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  Figure 12 

Summary of findings of the six presented studies and their integration in the Three Stages of Trust framework. In 

the upper area, variables for which the studies supported a role in the formation of trust in automation are de-

picted along with their supported relationships. Solid lines represent direct relationships and mediations. Dashed 

lines represent moderations and interaction effects. In the lower part, study findings and their relation to the prop-

ositions of the framework are summarized for each study or pair of studies respectively.  
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In study 3, a mediation of the effects of dispositional self-evaluations (depressiveness, self-esteem, 

self-efficacy, and locus of control) on dynamic learned trust by the experience of anxiety was 

investigated (link between stages 1, 2, and 3). This study was one of the first to focus on the 

relationship between the experience of anxiety and trust in automation. In this study, a negative 

relationship between state anxiety when being introduced to unfamiliar technology and dynamic 

learned trust in the system after some interaction with it provides support for a transfer of models 

proposing influences of emotional states on decision-making (e.g., Schwarz & Clore, 1988; For-

gas, 1995) to the domain of trust in automation. Furthermore, the study findings supported the 

proposed mediations of the positive effects of self-esteem and self-efficacy on trust by state anxi-

ety. Also, a negative indirect effect of depressiveness on trust was found. Persons, who viewed 

themselves as worthy and capable of performing well in general, experienced less anxiety when 

being introduced to an unfamiliar automated system and subsequently trusted such a system more. 

This underlines the essential role of one’s assessment to use a new system in a functional manner 
and corroborates findings from early studies on trust in automation on an interrelation between 

trust in automation and self-confidence in their association to reliance behavior (see chapter 1.4.3; 

e.g., Lee & Moray, 1994; de Vries et al., 2003). At this point, it seems that a generalized positive 

self-evaluation of users reduces the level of anxiety when being introduced to an unfamiliar auto-

mated system. This reduced anxiety might be grounded in the self-assessment to be able to func-

tionally react to all eventualities of the forthcoming interaction with the system. In this manner, 

users with higher self-esteem and self-efficacy might perceive themselves to be able to balance 

out potential shortcomings or errors of the automated system. This, in turn, might lead to higher 

trust levels as for the perceived own ability to use such a system more functionally, which makes 

the whole situation of using such a system seem less risky and dangerous. An integrative investi-

gation of dispositional and situational self-evaluations, state anxiety, other personality variables, 

and reliance behavior in future research endeavors could provide insights into the character of the 

association of these variables. Like in studies 1 and 2, the effect of LOC in this study was consid-

erably smaller than those of self-esteem and self-efficacy. In the same manner, LOC has been 

associated with mixed findings in other research areas before (e.g., driving behavior in general, 

Özkan et al., 2005). While the general direction of the relationships of LOC was comparable to 

those of the other two self-evaluative traits, these showed higher correlations and the mediation 

through anxiety to trust was supported. Accordingly, in terms of the self-evaluative personality 

basis of trust in automation, self-esteem and self-efficacy seem to assess these differences in users 

more clearly than LOC. Nevertheless, future research might further explore the relative role of 

different self-evaluations for the development of trust in automation. To conclude, the findings of 

study 3 support the role of personality (proposition 2) and state anxiety in trust formation (propo-

sition 8.1). Specifically, in order to facilitate trust calibration, the role of anxiety during the intro-

duction to unfamiliar automated systems and dispositional self-evaluations seemingly contributing 

to this negative emotional experience might be considered both in future research (chapter 4.2) 

and practice (chapter 4.3). 

Findings of study 4 support the role of prior system information in the establishment of initial 

learned trust at stage 2. In line with proposition 5 and 6 of the framework, the effects of different 

types of information were consistent with predictions derived from a dual-process theory of atti-

tude change, the ELM. The pattern of effects indicates an influence of information processes 

through both the peripheral and central route on initial learned trust. This is in support of the notion 

that information with different levels of attributional abstraction (e.g., purpose and performance 
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information; Lee & Moray, 1992) is used in several processes (e.g., analytical and analogical; Lee 

& See, 2004) to establish trust in automation. Above this, in the study, an interaction effect indi-

cating that user differences influence the use of information in trust formation was found. Partici-

pants with a high need for cognition changed their trust ratings more into the direction of the 

provided reliability information than those with a low need for cognition. This supports the notion 

that user characteristics moderate the use and processing of provided information in trust formation 

(proposition 9). In line with proposition 1 of the framework, in regard to the stable effects of the 

reliability information, it can be concluded that trust calibration begins before the actual system 

use. For these reasons, a consideration of initial trust formation before the first interaction with a 

given system in research and practice is similarly important for an understanding of trust processes 

as dynamic trust calibration during the interaction. The supported transfer of processes of attitude 

formation provides the possibility to build on existing research from social psychology in the fur-

ther investigation of information processing in the formation of initial learned trust. As a prelimi-

nary conclusion of such a transfer, in the design of prior system information, it seems essential to 

consider the complex interaction between a) message content, b) the way of message presentation, 

c) the situation in which the message is presented, as well as d) general dispositions of the user, 

and e) the situational state in which the user processes the information. Taken together, from the 

findings of study 4, various research questions and implications for the design of the introduction 

process of novel automated systems can be derived (as discussed in more detail in chapter 4.3.2). 

Studies 5 and 6 investigated the dynamic development of trust in automation during the early 

interaction with an automated driving system (stage 3). Both studies conclusively found trust in 

automation to increase over time in an error-free system supporting results of previous studies 

(e.g., Hergeth et al., 2016; Beggiato et al., 2013; Lee & Moray, 1992). While in study 5 an early 

TOR was followed by a temporal decrease of trust, confirming findings by Hergeth et al. (2015), 

after a second TOR, such a decrease was not observed, supporting a more permanent trust decrease 

by the second TOR. Additionally, in both studies, trust in automation decreased after a first system 

malfunction and recovered quickly in subsequent error-free system use. Furthermore, in study 6 it 

was found that this temporal trust decrease after a malfunction could be prevented by prior system 

information providing more transparency on the character of malfunctions. Taken together, these 

findings support the notion that dynamic learned trust is dynamically calibrated in a feedback loop, 

in which system expectation and actual system behavior are compared and discrepancies are re-

flected in trust adjustments (propositions 7.2). As long as the system performs well, it tends to 

surpass the initial expectations leading to a trust increase over time. An unexpected error of the 

system, on the other hand, results in a trust decrease. Such a decrease was not found after an error, 

that was anticipated on the basis of the provided information before the interaction with the system. 

This supports the role of prior system information in the calibration of dynamic learned trust which 

is in line with earlier findings suggesting an influence of prior information about system limitations 

on trust calibration (e.g., Beggiato et al., 2013; Körber et al., 2018). The use of prior system infor-

mation for trust calibration during system interaction, thereby underlines the sequential interrela-

tion of trust processes at stages 2 and 3 (propositions 3 and 8). Interestingly, the study groups that 

received the information on system malfunctions before system interaction did neither trust the 

system less before nor after the first interaction with it as compared to those groups that not receive 

such information. This emphasizes that trust is not necessarily negatively affected by the transpar-

ent communication of potential shortcomings or even actual system malfunction. Rather, it points 
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into the direction that not necessarily the “new” negative information (that the system is not flaw-
less) leads to trust reduction, but that actually the divergence between expected and actual system 

behavior is the reason for trust reduction after a system malfunction. Taken together, this study 

supports the assumption that in trust calibration information prior to the system use and observed 

system behavior during the interaction are integrated into a system expectation that, in turn, influ-

ences trust formation in a feedback loop in which this expectation is compared and updated along 

the observed system behavior. As for the complex dynamics in trust calibration during the estab-

lishment of initial and dynamic learned trust, provided information both before and during early 

system interaction should be taken into consideration in the design and dissemination of automated 

systems (as discussed in chapter 4.3).  

4.2 Theoretical Integration and Directions for Future Research 

In the following, the combined findings of the studies and perspectives for future research are 

discussed in relation to the framework. This discussion is organized in six sections: a first section 

that covers the underlying hypothesis of the dynamic and history-based nature of trust in automa-

tion, one for each of the proposed trust stages, a section that covers a discussion of the influences 

of individual, system-specific and situational variations, and a final section, in which implications 

for the design of research on trust in automation are discussed. 

4.2.1 Trust as a Dynamic and History-based Variable 

In line with theories on trust formation in the interpersonal (e.g., Rempel et al., 1985) and techno-

logical domain (e.g., Lee & Moray, 1992), the proposition that trust in automation is dynamically 

built up in three sequential stages was supported in the presented studies. First, the positive and 

substantial correlations of the propensity to trust and dynamic learned trust in studies 1 and 2 

indicate that previous experiences with other automated systems considerably influence the emer-

gence of trust in a newly introduced system. Second, in studies 3 and 6, the reported effects of 

available information and individual reactions at stage 2 to the formation of dynamic learned trust 

at stage 3 supports the interrelation between the two layers of learned trust. In study 3, anxiety 

after an introduction to an automated driving system was found to be a predictor for the individual 

level of dynamic learned trust after the interaction with an automated system. In study 6, it was 

shown that the information received at stage 2 affected the interpretation of system behavior at 

stage 3. Thus, it can be concluded that the information provided prior to system interaction and 

the individual level of initial trust affects the interpretation of system behavior at stage 3. The 

supported interrelations of trust processes at the different stages of the proposed framework allow 

the derivation of a multitude of research questions for future studies to gain a better understanding 

of trust in automation. 

At this point, the process of how the preceding trust stages feed into the later ones is still under-

specified and provides many open questions for future research. Essentially, the relative im-

portance of the propensity to trust for the establishment of the subsequent trust stages needs further 

investigation. In this regard, the development of its relative importance for the formation of learned 

trust over time seems an interesting research question. It might be hypothesized that pre-existing 

tendencies to trust an automated system more strongly affect trust formation in a new system if 

only little or ambiguous information is available and that its influence diminishes over time with 

the accumulation of specific information about a system. Further, based on the findings of study 

6, a further investigation of the processes through which the provided information and trust cues 
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at stage 2 influence trust calibration at stage 3 seems worthwhile. Further research questions in 

regard to the interrelations of the proposed trust stages are discussed in the following sections. 

4.2.2 Propensity to Trust 

The propensity to trust, as a general tendency to trust in automated systems, is proposed to be 

formed from a combination of broader personality variables, an individual’s learning history with 

technology in general and automated systems in specific as well as general technology-related 

attitudes. It is further assumed that a higher individual expression on this trait leads to more posi-

tive expectations towards automated systems. In this regard, the propensity to trust constitutes an 

individual disposition with which users enter the process of learning to trust a system. This role of 

the propensity to trust was essentially supported by studies 1 and 2, in which it substantially pre-

dicted dynamic learned trust in line with previous studies (e.g., Merritt, Unnerstall, et al., 2015). 

Furthermore, a relationship between dispositional interpersonal trust and the propensity to trust 

supported that this generalized trusting attitude towards automated systems is, to some extent, 

rooted in the individual disposition to trust other persons. Accordingly, the psychological mecha-

nisms associated with trust in other persons and trust in automated technology seem to share some 

similarities (as discussed in chapter 4.1). On the other hand, as this relationship was only in a range 

of a small effect, the propensity to trust in automation seems to have an additional unique psycho-

logical basis. In this regard, a more history-based interpretation of the relationship of the propen-

sity to trust in automation and the affinity for technology might point into the direction of potential 

underlying mechanisms providing some explanatory approaches for the reported differences be-

tween dispositional trust in others human and in automated technology. As reflected in both, the 

scales and definitions of the utilized scale for affinity for technology (Karrer et al., 2009), people 

with higher affinity for technology like to possess and use new technological products more and 

find themselves as more capable of understanding and using these products successfully than those 

with lower affinity for technology. In line with the proposed framework, this points into the direc-

tion of the role of the individual learning history with technology for the emergence of the propen-

sity to trust. As compared to people with lower accentuation in this trait, technology-affine people 

have a history of actively approaching technology leading to more experience with technology and 

more knowledge of the general abilities and functionality of technology. This, in turn, might lead 

to a more positive self-assessment of their ability to be able to use technological systems in a 

functional and effective manner and thus a tendency to start into the interaction with a considerably 

higher readiness to place their fate in the hands of an automated system. In line with this interpre-

tation, the factor of competence included in the applied measure for affinity for technology reflects 

the self-assessment of their own ability to make good use of new technology. While such a foun-

dation of differences in the propensity to trust in the individual learning history with technology 

awaits further investigation, initial support for the role of self-evaluations for the formation of trust 

in automation stems from study 3 in which a positive relationship of the traits self-esteem and self-

efficacy and dynamic learned trust in automation was found. Furthermore, in studies 1 and 2, a 

consistent significant negative correlation between neuroticism and the propensity to trust in au-

tomation was found. This relationship might be – as the studies’ findings suggest – mediated at 

least in part by the individual affinity for technology. In this regard, the individual disposition of 

neurotic persons to avoid risks might lead to a generalized avoidance of situations in which trust 

has to be put in an unfamiliar technology, as reflected in lower levels of the propensity to trust in 

automation.  
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On the basis of these findings, future studies could further investigate which broader personality 

tendencies build the psychological basis for differences in the propensity to trust automation. Be-

sides this, building on the findings of studies 1 and 2, the interrelation of a general trusting per-

sonality (as reflected in dispositional interpersonal trust) and the self-attribution of technological 

expertise for the emergence of the propensity to trust in automation could be investigated more 

closely. In this regard, especially the character of psychological processes that explain the relation 

between self-evaluative dispositions, the experience of anxiety in face of new technology, affinity 

for technology and trust in automated systems might be further investigated, also with a consider-

ation of the role of the propensity to trust automation in this process. An additional promising 

direction for future studies is the investigation of how the individual learning history with technol-

ogy and automated systems influences the establishment of the propensity to trust in automation.  

4.2.3 Initial Learned Trust 

Both layers of learned trust are built up from the aggregate of the information perceived and pro-

cessed up to the time of their measurement. Relevant information for initial learned trust is pro-

posed to be established by trust cues included in prior system information from sources like ad-

vertisement or information campaigns. Trust cues were proposed to be classified in the five cate-

gories reputation, purpose, process, performance, and appearance (e.g., Lee & Moray, 1992, Thiel-

mann & Hilbig, 2015, see chapter 2). For the formation of initial learned trust, the presented Three 

Stages of Trust framework proposes that the use and processing of information at this stage follows 

the general principles of attitude formation (e.g., Maio et al., 2018), including analytical, analogi-

cal, and affective processes (Lee & See, 2004). As initial learned trust is built up on the basis of 

the available, partly ambiguous information about a system before its first use, the evaluation of 

available information should be considerably influenced by personality, pre-existing general atti-

tudes, personal preferences, and motivations. In study 4, first evidence for both an analogy to atti-

tude formation and the role of user personality in the use of initial system information in the for-

mation of initial learned trust has been provided. On the theoretical basis of the ELM, it was shown 

that prior information was differently processed by users with a relatively high and those with a 

relatively low NFC. Participants with a high NFC weighted information on the reliability of an 

automated system more in their trust assessment than those with a low NFC. Furthermore, it was 

shown that in line with the predictions of the ELM, the reliability information, which is supposedly 

processed through the analytical route, had a more stable effect on trust over time as compared to 

information on the brand of the system. Also, the considerable correlations between the high ex-

pectations factor of the PAS and initial learned trust, in line with earlier findings by Lyons and 

Guznov (2019), as well as the respective correlation for materialism supported the role of general 

prior attitudes for the formation of initial learned trust. Above this, the findings of study 3 imply 

that also affective processes influence initial learned trust. People who experienced higher levels 

of anxiety when being introduced to a new automated system, trusted the system less in a later 

interaction. As the variations in state anxiety were in part explained by dispositional differences 

of users, this study provides additional support for the notion that also the processes at stage 2 are 

considerably influenced by personality. Taken together, research on the emergence of initial 

learned trust might combine the perspective of attitude formation with theories that view emotions 

as an important source for judgements like the affect-as-information model (e.g., Schwarz & Clore, 

1988) or the affect infusion model (e.g., Forgas, 1995). Furthermore, top-down processes resulting 

from user personality and general attitudes might be considered. 
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While recently, several studies on the effect of prior system information on trust have been pub-

lished (e.g., Körber et al., 2018; Beggiato et al., 2013), future research endeavors might take the 

attitude formation processes in the formation of initial trust more into account. In this regard, a 

first interesting research question is which different kinds of information are essential for the for-

mation of initial learned trust and how these interact in their effect. In this regard, the suitability 

of the proposed classification of trust cues from chapter 2 could be further explored. Second, the 

role of the information source might be considered in future research projects. For example, it is a 

promising research question to investigate if the information provided by system manufacturers is 

used differently from information provided by more neutral sources. Third, it might be interesting 

to investigate how users deal with conflicting information from different sources or at different 

levels of processing. Fourth, the role of the order of provided information, their relation to previous 

experience with other systems, and a moderation of information use by individual differences 

might be further explored. Fifth, based on the reported mediation of the effects of self-evaluative 

traits to trust by the level of anxiety at the time of being introduced to a new automated system, 

also the exploration of the role of these and additional trait and state variables in the process of 

building up initial learned trust from provided information seems worthwhile. Sixth, characteris-

tics of the provided information like salience or simplicity should essentially influence the proba-

bility that it is used for building up trust and, therefore, might be addressed in the future. Seventh, 

the role of mental models and beliefs for building up an initial system expectation and initial 

learned trust might be further investigated. Eighth, the relative importance of bottom-up (the use 

of provided information) and top-down processes (influence of global technology attitudes and the 

propensity to trust) in the formation of initial learned trust is worthwhile to be further investigated. 

Ninth, in the same manner, the role of situational factors for the transfer of pre-existing attitudes 

to new systems might be more closely investigated. For example, it might be that such top-down 

processes are of higher relevance if a user has restricted capabilities to process new information. 

Reasons for such restrictions involve a lack of motivation, high situational or task-related work-

load, or a temporary salience of the existing attitude. In this regard, also potential individual mod-

erators of the relationship between attitudes and trust formation like the accessibility of attitudes 

(e.g., Fazio, 1990) or self-monitoring (e.g., Ajzen, 2005) might be worthwhile to consider.  

4.2.4 Dynamic Learned Trust 

The presented findings of studies 5 and 6 support the general notion of the proposed framework 

that dynamic learned trust is calibrated during the interaction with an automated system in a psy-

chological process with characteristics of a feedback loop, in which observed system behavior is 

compared to system expectations. The framework further proposes that initial learned trust pro-

vides a starting point for trust calibration in the first interaction with a system. While this specific 

assumption has not been investigated in the presented studies, initial support for an interaction of 

the processes at stages 2 and 3 can be derived from the findings of study 6, which support a com-

bined consideration and integration of information provided at these stages in building up dynamic 

learned trust. Additionally, the findings of study 6 underline that prior system information on po-

tential shortcomings or flaws of an automated system does not necessarily negatively affect trust 

in the system. Rather, as such prior system information might serve as a buffer against a trust 

reduction in the face of a system malfunction, such allegedly negative information might, thus, be 

even associated with a long-term trust-enhancing effect. The hypothesized feedback process of 

trust calibration is proposed to continue after the first reliance decision by comparing the observed 
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system behavior to the initial trust expectation, which is stabilized or adjusted and, as a conse-

quence, so is the level of dynamic learned trust. This adjusted level of trust is proposed to subse-

quently build the basis for the forthcoming reliance decision. In the resulting feedback process, 

trust is proposed to be steadily updated during the interaction with the observed system behavior 

and output of the user interface. In this dynamic feedback process, new information is proposed to 

be used to calibrate trust leading to either stabilization of this assessment in the case of affirmative 

new information or an adjustment in the case of conflicting new information. Empirical evidence 

for such a feedback process has been reported in studies 5 and 6 (see chapter 4.1), in which dy-

namic learned trust was found to be calibrated dynamically according to the observed system be-

havior as reflected in a linear trust increase over time in flawless system interaction and temporary 

trust declines after the experience of a first TOR or system malfunction. To conclude, it seems 

recommendable for future research to incorporate design measures to reflect both the dynamic 

nature of learned trust during system interaction and the enhanced complexity of the combined 

consideration of information provided prior and during system interaction in trust calibration to 

account for a complete picture of the comparison processes at play during the interaction. Several 

recent studies in the domain of automated driving or advanced driver assistance systems followed 

such a paradigm in controlling the provided information prior to early system use and measuring 

trust repeatedly in the course of the study (e.g., Beggiato, et al., 2013; Koustanaï et al., 2012; 

Hergeth et al., 2016; Körber et al., 2018).  

On this basis, a number of research questions to further enhance the understanding of the nature 

of the calibration of dynamic learned trust in automation can be derived from the proposed frame-

work. First, the development of trust over time as a function of a) system behavior, b) expectations, 

and c) the interaction of expectations and system behavior might be further addressed (e.g., con-

sequences of exceeding or disappointing expectations). Furthermore, the role of interface output 

for the interpretation of system behavior seems worthwhile to be further explored. For example, it 

seems reasonable to hypothesize that system behavior deviating from user expectations has a less 

substantial effect on trust in the system if appropriate explanations for such a deviation are given 

in a user interface. Above this, it is of interest to further investigate how user differences like prior 

experience, attitudes, and personality traits influence the dynamics of trust calibration. In this re-

gard, the investigation of the role of different states in which users encounter a system (e.g., anxi-

ety) for dynamic trust development provides a potential for future research. Additionally, a further 

specification and empirical investigation of the proposed trust mediation cascade (mental models, 

beliefs, intention, reliance behavior) in orientation to Ajzen (1991) might help to gain essential 

insights in how trust in automation is related to reliance behavior and thereby investigate proposi-

tion 10 of the presented framework, which has not been covered by the presented studies. In this 

regard, an integration of the variables specified in the Technology Acceptance Model (TAM, Da-

vis et al., 1989) and the Unified Theory of Acceptance and Use of Technology (UTAUT, Ven-

katesh, et al., 2003) seems promising. In line with this, Buckley et al. (2018) found trust to explain 

additional variance in the intention to use an automated vehicle above other variables entailed in 

the PLABE and the TAM. Furthermore, the role of the mental model for dynamic learned trust 

should be further investigated. These studies might build on the work by Beggiato et al. (2013, 

2015), who already reported on an essential role of mental models as a basis for trust calibration. 
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4.2.5 Influences of Person Characteristics, System Features, and Characteristics of the Situation 

The Three Stages of Trust framework proposes that trust processes are decisively influenced by 

characteristics of the user, situational conditions, and system characteristics (propositions 2, 8, 9, 

and 10). The presented studies investigated variables of all three groups.  

First, in terms of dispositional characteristics, studies 1 to 4 found considerable relationships of 

user disposition with the propensity to trust, initial, and dynamic learned trust. In particular, the 

studies support a prediction of differences in trust in automation by general and technology-spe-

cific personality traits as well as general attitudes, besides others towards technology and automa-

tion. The combined evidence of these studies underlines in specific the role of dispositional self-

evaluative processes and global technology attitudes for differences in trust in automation. Above 

this, in study 2, a partial overlap between trust in other people and automation trust was found. 

The findings of study 4, additionally, point into the direction that the individual representation of 

gains and losses might influence trust in automation (regulatory focus, e.g., Higgins, 1997). The 

relevance of considering direct and indirect effects of personality and technology-related attitudes 

in future research has been discussed in the respective sections covering the trust stages above. 

Second, in the presented studies, the effect of several communicated and experienced system char-

acteristics on trust in automation was investigated both at stages 2 and 3. In specific in studies 4, 

5, and 6 system reliability and the manufacturer brand were manipulated and considerable effects 

were found. In terms of directions for future research on the effects of system features and char-

acteristics on the emergence of trust, the different attributional levels of information (Lee & 

Moray, 1992) and the different processes in which available information is processed (e.g., Lee & 

See, 2004) need further consideration (as detailed in the section on initial learned trust). Further-

more, the role of the provided information in the user interface for the interpretation of system 

behavior has only been scarcely investigated. In this regard, especially the interaction of infor-

mation provided at different times in the trust formation process (e.g., at stage 2 vs. stage 3), 

through different channels before the interaction (e.g., public campaigns vs. advertisement) and 

during the interaction (actual system behavior vs. information in the user interface) could be fur-

ther investigated. Essentially, also the interaction of conflicting information at the trust stages 2 

and 3 (e.g., advertisement vs. actual system behavior) in regard to system characteristics seems 

worthwhile to be addressed in future research. In this regard, an orientation on the psychological 

mechanisms proposed in the presented framework (attitude formation and feedback process with 

actual/target comparison) might support an identification of meaningful research questions. 

Third, in terms of situational factors (on the side of the users or the environment), the presented 

framework proposes that situational factors essentially influence the formation and calibration of 

trust in four processes: a) in the perception and interpretation of available information prior to 

system interaction, proposition 9, b) in the perception and interpretation of system behavior and 

associated output of the system’s user interface, proposition 9, c) in the translation of behavioral 

intentions to actual reliance behavior, proposition 10, and d) directly through the attribution of 

emotional states on the system or the interaction situation (e.g., affect-as-information), proposition 

8.1. In line with proposition 8.1, in study 3, the emotional state of the users when being first intro-

duced to an automated driving system was found to be directly related to dynamic learned trust. 

While at this time, mainly studies on the role of positive and negative affect are available (Merritt, 

2011, Stokes et al. 2010, Frison et al., 2019), in the presented study, a strong relationship between 

state anxiety and dynamic learned trust was found. This finding supports the fourth route, through 
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which situational variations in users’ emotional states might affect trust in automation as proposed 

by the affect-as-information model (e.g., Schwarz & Clore, 1988) and the affect infusion model 

(e.g., Forgas, 1995). On the other hand, as anxiety was found to mediate the relationships between 

personality variables and dynamic learned trust, the emotional experience in the investigated situ-

ation was, at the same time, strongly influenced by user dispositions. Future research might address 

the role of anxiety for trust formation more closely and thereby aim at the differentiation of situa-

tional and dispositional variances in the experience of emotional states during the familiarization 

with automated systems and their relative effects on trust in automation. The same holds true for 

a more detailed investigation of the role of other emotional states. Besides situational fluctuations 

in user emotion, future research might also address the influences of situational variations of other 

psychological states like motivation, cognitive capacity, or situational awareness on trust for-

mation. In the same manner, like momentary psychological states influence trust formation, more 

objective situational variables and task characteristics like the constellation of tasks, time pressure, 

and physical conditions like lighting and surrounding noise could also affect trust formation, es-

pecially in terms of information processing, and might be considered in future research endeavors.  

4.2.6 Recommendations for the Design of Research on Trust in Automation 

First, based on the sequential process of trust formation over time, measuring learned trust repeat-

edly during the course of a study seems essential to understand the individual development of trust. 

Therefore, optimally, trust should be measured before, repeatedly during, and after the interaction 

with a system under consideration. Specifically, measuring trust before the actual interaction pro-

vides possibilities to account for pre-existing trust differences in participants. In this sense, it seems 

recommendable to use increments of pre and post measurements of trust to be able to assess the 

actual effects of manipulation in terms of system characteristics or experiences with the system on 

trust. Above this, a repeated measurement of trust allows for the assessment of individual relative 

trust variations (gains and losses) over time and in reaction to specific pieces of information (stage 

2) and a specific system behavior (stage 3). 

Second, for the assessment of (initial and dynamic) learned trust, it is essential to use a subjective 

trust measurement that clearly only measures trust as a subjective attitude (Lee and See, 2004) and 

is not confounded with the integration of antecedents or consequences of trust. In this regard, the 

available measurement approaches vary considerably in their underlying trust definitions and num-

ber of included trust dimensions (Chien et al., 2014; Madsen & Gregor, 2000; Muir & Moray, 

1996; see Jian et al., 2000 for a detailed discussion). In line with Jian et al. (2000), it seems advis-

able to conceptualize trust as a unidimensional construct. Besides this, eye-tracking (Hergeth et 

al., 2016) and skin-conductance (Mühl et al., 2019; Walker et al., 2019), which have been recently 

found to reflect trust variations, might provide reasonable additions to subjective trust measures. 

In derivation from the definition of trust as an attitude, it seems further worthwhile to clearly dis-

tinguish trust in automation from its objective correlates or consequences. While trust is concep-

tualized as a subjective psychological variable, reliance behavior is an objective behavior, which 

is assumed to be influenced by trust (see chapter 1.1). Furthermore, a strong, direct association 

between subjective trust measures and objective behavioral outcomes cannot always be expected 

as this relationship might be moderated, e.g., by situational variables or task characteristics. From 

this, a clear differentiation and conceptual separation of subjective trust measures and measures of 

behavioral consequences of trust can be concluded. This is in line with Wiegmann et al. (2001), 

who claim “that automation trust as a psychological construct might appropriately be inferred only 
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through subjective measures, such as reliability estimates. On the other hand, objective measures 

of automation usage, such as agreements with an aid, actually reflect automation reliance […]” (p. 
364). Nonetheless, objective measures provide a reasonable supplement in most trust research and 

a combined measurement of subjective trust measures and behavioral measures seems meaningful 

for investigating both the relevance of trust for reliance behavior and the nature of this relationship 

in the studied scenarios. Furthermore, from the recommendation to measure trust several times 

over the course of a single study, it can be followed that such a scale should be economical. Based 

on these considerations, in Appendix A, the LETRAS-G is introduced, which was used in five of 

the six presented studies. 

Third, the different nature of the propensity to trust (stage 1) and the learned trust layers (stages 2 

and 3) needs to be accounted for with the implementation of a specific measure for the propensity 

to trust in automation in the study setup before the interaction with a specific automated system. 

Such a measure needs to provide the possibility to capture stable inter-individual differences in the 

general tendency to trust various automated systems over different situations. In studies 1 and 2, 

to measure the propensity to trust in automation, four items of the Propensity To Trust Scale (Mer-

ritt, 2011; Merritt et al., 2013) were rephrased for “automation technology” instead of their original 

reference to “machines”. This scale showed convincing reliabilities of Cronbach’s α of about α = 
.91 in both studies and was found, as reported, to predict dynamic learned trust well. 

Besides these considerations for the measurement of trust, additional recommendations for the 

research design of studies investigating the formation and calibration of trust in automation can be 

derived. As for the presumed moderations of trust processes by variables on the side of the user 

(e.g., traits, motivation), the situation, and task environment, on the basis of theoretical consider-

ations, variables possibly influencing trust formation should be controlled for in research designs. 

Furthermore, in order to make the experience of the system under consideration comparable for 

different people, it seems recommendable to keep the information participants are addressed with 

before the beginning of an experimental interaction as constant as possible. For this purpose, also, 

a comparable background of experience of participants can be enhanced by introducing a respec-

tive criterion in sample selection or by the presentation of information before the experimental 

interaction to facilitate alignment of the level of experience of different participants. This also 

means that in many cases, the interaction situation with the system should be designed as simple 

as possible to facilitate experimental control and the interpretation of the findings. Another critical 

factor is the creation of a maximum degree of psychological reality in the interaction. Here, the 

existence of a certain degree of uncertainty in the system interaction and a certain degree of sub-

jective risk resulting from a failed cooperation with the system is particularly important for inves-

tigating trust in automation. Both components are essential prerequisites for valid conclusions 

about the role of trust in automation for actual reliance behavior in practical settings. In this regard, 

to be able to understand and interpret study findings, it seems reasonable to conduct exit interviews 

in the process of debriefing participants. 

4.3 Practical Implications  

In the following, based on the Three Stages of Trust framework and the presented study findings, 

recommendations for the design, deployment, and introduction of automated systems are derived. 

These are general for automated technology if not explicitly framed for automated driving.  
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4.3.1 Designing for Calibrated Trust, Diverse Users, and Situational Variability 

In all endeavors to educate and assist users in learning how to use an automated system in a func-

tional manner, the promotion of calibrated trust provides an essential goal. Although a certain level 

of trust is necessary to motivate users to get involved with an automated system at all, an uncon-

ditional maximization of trust is irresponsible and dangerous. The proposed trust processes and 

the empirically supported relationships provide directions to prevent overtrust and distrust as well 

as to facilitate trust calibration. In line with the presented framework and study findings, calibrated 

trust can be promoted by providing information on a system’s capabilities and limitations prior to 
(e.g., user manuals, tutorials) and during system use (e.g., real-time information on sensor percep-

tion of surrounding, sensor status, the state of the automation, and warnings). In this regard, as the 

system is more or less a black box for users at the beginning of the familiarization process, all 

information provided prior and during system interaction helps to build up a mental model, beliefs, 

a system expectation, and calibrated trust. A further significant contribution of this research is the 

identification of intra- and inter-individual differences in users that influence trust formation and 

calibration. Additional to these individual differences, also situational variables have been found 

to influence trust formation (see chapter 1.4.3). For the practice of developing and disseminating 

automated systems, these complexities can be addressed by designing both prior information and 

the actual system (its functionality and user interface) with consideration of individual and situa-

tional variances. Approaches for both are discussed in the following two sections. Taken together, 

to account for the complexities of designing automated systems, in line with Lee and See (2004), 

it can be argued that it is the task of developers to design automated systems in a way that they 

evoke a calibrated level of trust in the users. In this regard, in the following several recommenda-

tions for facilitating trust calibration before and during the use of automated systems are provided. 

4.3.2 Trust Calibration Prior to Interaction 

In regard to considerations how to design prior system information in the introduction of both new 

automated technologies on a societal level and specific automated systems on an individual level, 

it is an essential task for all stakeholders to provide future users with information aimed at creating 

a realistic picture of the functionality, abilities, and limitations of systems. In line with the assump-

tions of the presented framework and the findings of study 4, to maximize the effectiveness of 

such information, it should be designed to address attitude formation processes. For example, in 

line with the ELM, the type of information provided should be selected in a way that fits the ex-

pected cognitive resources and motivation of the users who process the information at the time of 

their presentation (like NFC in study 4). In the same manner, any other reason for motivated pro-

cessing of information should lead to more impact of information that needs a certain effort to be 

fully understood. For example, highly motivated processing should be more likely in situations in 

which users perceive the information to be highly relevant for a current goal or in regard to a 

potentially risky or dangerous decision they have to make. This might, exemplarily, be the case 

when users are addressed with prior system information just before they about to use an automated 

system for the first time (if they are not experiencing excessive anxiety which might prevent cen-

tral processing again). The other way around, if the information has either to be presented in a 

situation that leaves the user with limited time to process the information or if the information is 

directed at comparatively little motivated users, it should be designed in a way that heuristic pro-

cessing leads to the desired outcomes. Such information should be easy to understand with surface 

characteristics of the information fostering the intended direction of attitude change (e.g., heuristic 
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information). In this regard, the reported findings of study 4 point into the direction that the pro-

vided information should not only be designed in consideration of the situation but also in a way 

to address the individual personality (and capabilities) of the user. Furthermore, in terms of user 

dispositions, in studies 1, 2, and 3, technology-specific traits (e.g., the propensity to trust and the 

affinity for technology) and prior attitudes towards the domain of automation (e.g., acceptability 

of automated driving, PAS) were found to play a role in the formation of learned trust. Based on 

the reported studies and in line with the framework, it can be concluded that such technology-

specific traits and technology attitudes play an essential role in the perception and interpretation 

of prior system information. As a means to address these attitudes, information campaigns might 

be designed by public institutions or manufacturers in order to systematically evoke realistic global 

attitudes toward automated technology (e.g., acceptability of these systems). This includes, for 

example, realistic general information on the advantages, functional scope, capabilities, reliability, 

and potential dangers of such systems. Also, on a more individual level, differences in personality 

and attitudes might be addressed to facilitate trust calibration, for example, in personal contact or 

along with user profiles. In terms of findings from studies 1 and 2, people with higher neuroticism 

might be more sensitive to information on possible risks and dangers of using an automated sys-

tem. The same holds true for users with low levels of self-esteem or self-efficacy, who might react 

with excessive anxiety when being presented with a new automated system (study 3). At the same 

time, those who are more technically inclined (higher affinity for technology) might tend to ignore 

such negative information and instead focus on the innovative character of the technology more. 

To address these individual differences in the weighting of the information, measures to personal-

ize the provided information can be implemented, for example, in information campaigns, prior 

user training, and specific trust-related measures to provide “soft” learning possibilities. Based on 

the findings of study 6, these measures might include realistic information about possible malfunc-

tions, as these do not necessarily reduce trust in user and might be important for trust calibration. 

For example, to prevent distrust in overly skeptical users (as reflected, for example, in negative 

general technology attitudes), specific information material or education videos could be produced 

that provide realistic information on risks and potential consequences of system error. The same 

possibilities for soft training measures prior to the first use might support users with a negative 

self-evaluation to build up a more realistic picture of their ability to functionally use the system. 

Furthermore, such users might be provided with possibilities to get to know a system under con-

ditions that allow them to make first experiences with the system without potential negative out-

comes (e.g., virtual reality simulations, supervised training). In these measures specifically irra-

tional fears and overrepresented risks could be addressed to diminish potential distrust in these 

users. On the other hand, users who are overly optimistic about the system’s reliability and might, 

therefore, misuse it and thereby endanger themselves and others in the surrounding of the task 

could be addressed with salient information on dangers, risks, and the associated negative conse-

quences. In this manner, for example, training programs prior to system use could produce system 

malfunctions and clearly illustrate the consequences. In the face of the far-reaching consequences 

of prior information for the establishment of trust in an automated system and the strong relation-

ship of trust in automation to actual system reliance, the power of advertisement should not be 

underestimated. There is a particular danger that by creating an overly positive impression of a 

system, advertising may lead users to overtrust a system. For this reason, advertising campaigns 

should strictly adhere to the described principle of calibrating rather than maximizing trust. In this 
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sense, advertising can also contribute to a realistic picture of a system’s functions and capabilities 
at an early stage of trust formation. 

For the domain of automated driving, a collection of promising directions to address users’ atti-
tudes towards automated driving is entailed in Lee and Kolodge’s (2020) recent paper, in which 
they collected reasons for user attitudes towards self-driving vehicles in a text analysis approach. 

In regard to trust, the authors report mainly topics in regard to the dimension of performance (Lee 

& Moray, 1992) like system errors or situations beyond the functional scope of the driving auto-

mation. Above this, an implementation of a specific driver training for automated driver assistance 

within existing structures provides an excellent possibility to give drivers the possibility to learn 

to trust these systems realistically from the beginning. Driver education thereby should aim at 

systematically building up a realistic mental model of automated driving systems in general and 

supporting the establishment of realistic beliefs and attitudes. Furthermore, driver training could 

be implemented as part of the acquisition process of automated driving systems.  

4.3.3 Trust Calibration During Interaction 

In line with the propositions of the framework and findings of studies 4 and 6, trust calibration 

during the system interaction (stage 3) is essentially influenced by the processes at the preceding 

trust stages. In this regard, the measures discussed in the preceding paragraph are also essential for 

trust calibration during system interaction. On this basis, and in line with the findings of studies 5 

and 6, trust is further calibrated during the interaction in a feedback process in which the system 

expectation is continuously compared to the observed system behavior and information in the user 

interface. Accordingly, a transparent system design enhances users’ understanding of what the 
system does, why it does it, and what it is going to do (Seong & Bisantz, 2008; Chen et al., 2014; 

Christoffersen & Woods, 2002). Also, it should be transparent for the user if and how he can take 

back control and at what time which parts of a task can be conducted automatically. In the same 

manner, feedback on users’ input might help them to better understand the system. While some of 

these information needs might be addressed in the design of the system itself, for example by 

enhancing observability of the system’s internal processes, most of the necessary information in 

terms of transparency, feedback, and understanding has to be provided in a user interface bridging 

the gap between the user and the system. Further practical design implications for designing for 

system transparency are discussed, for example, in Lyons et al. (2017) or in the literature on hu-

man-machine cooperation (e.g., Christoffersen & Woods, 2002). 

Also, user differences, for example, in terms of preferences and motivation, to attend to and use 

specific information should be taken into account in interface design to “better accommodate the 
trusting tendencies of diverse operators” (Hoff & Bashir, 2015, p. 415). In this regard, a personal-

ized design of both the appearance and the contents of the user interface might enhance trust cali-

bration. Findings of studies 1, 2, and 3 provide starting points for individualization in the design 

of user interfaces. For example, the user interface could provide different levels of detail on tech-

nological parameters like sensor functioning to account for individual differences in technology 

affinity. In the same manner, interfaces could provide neurotic or depressive users with infor-

mation reducing irrational fears or provide those with low levels of self-esteem with positive feed-

back that strengthens their self-assessment to interact with the system functionally. In this respect, 

design decisions should be made on a case-by-case basis for each automated system in the specific 

context of the task, the characteristics of the user, and the situations in which it is used. In consid-

eration of this complexity, it seems advisable to implement some kind of adaptability to changing 
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situations or changing states and preferences of users (e.g., de Visser & Parasuraman, 2011; Saf-

farian et al., 2012). In Lee and See (2004) as well as Hoff and Bashir (2015), further recommen-

dations for a trustworthy design of automated systems are provided. 

In the design of automated driving systems, besides others, user interfaces should provide trans-

parency on the current status of the automation (automated or manual mode activated), on the 

automation’s current representation of the situation (environment detection of the sensors), and 

maneuver planning (e.g., Debernard et al., 2016). An exemplary design approach to implement 

transparency is the augmentation of elements in the traffic scenarios in the driver’s field of view, 

together with a graphical evaluation by the automation (e.g., Wintersberger et al., 2017). Interme-

diate levels of automation (SAE levels 3 to 4) call for the implementation of additional information 

in the user interface that enables dynamic task allocation and cooperative interaction between the 

driver and the automated vehicle, including, for example, the current allocation of subtasks and 

the temporal perspective of the current task allocation (e.g., Debernard et al., 2016; Dekker & 

Woods, 2002). The implementation of such information for cooperative real-time maneuver plan-

ning, control sharing, and feedback in the user interface is likely to enhance trust calibration during 

system use as it can be used to update the system expectation and trust. In this regard, interface 

design should be carefully fine-tuned to the dynamic capabilities of the automation, driver capa-

bilities, expectations, changing traffic situations, and road conditions in order to optimize the pro-

cess of trust calibration. Another important implication of the presented studies is that an experi-

ence of system malfunctions during the drive does not always result in negative long-term reduc-

tions in trust (studies 5 and 6). Instead, such experiences might also contribute to a realistic picture 

of the capabilities of an automated vehicle. Furthermore, if the consequences of such a malfunction 

are not extreme and do not endanger the driver, irrational fears in favor of trust calibration might 

be reduced. Thus, it might be advisable that automated driving systems provide transparent feed-

back on minor problems and malfunctions, helping the driver to better understand system limita-

tions. On the basis of the ideas of cognitive work analysis, human-machine cooperation and trans-

parency, Debernard et al. (2016) provided 12 principles for the decision which information to 

display during the drive in automated vehicles. Additionally, Ekman et al. (2018) provided an 

overview of design measures to facilitate trust calibration at different phases before and during the 

interaction with automated vehicles. Furthermore, additional implications for the interface design 

of cooperative automated vehicles are discussed in Walch et al. (2017) as well as Hoc et al. (2009). 

All in all, while the described measures likely support trust calibration, not all might be feasible 

for all systems, contexts of use, or user groups. Therefore, and as the dangers of miscalibrated trust 

cannot be emphasized enough, stakeholders should carefully plan and evaluate all measures ad-

dressing trust in automated systems and test strategies thoroughly before implementation.  

4.4 Strengths and Limitations 

In the following, several strengths and limitations of the provided framework and studies are dis-

cussed on an integrative level. 

4.4.1 Evaluation of the Proposed Framework 

The proposed framework builds on and integrates theoretical work and empirical findings from 

the last decades of research in the domain of trust in automation. Essentially, it integrates, extents, 

and further specifies the assumptions of the models by Lee and See (2004) and Hoff and Bashir 
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(2015). Furthermore, theorizing from interpersonal trust was integrated into the framework along 

with a specification of psychological processes in the formation and calibration of trust in automa-

tion based on theorizing from other domains of psychology. In the framework, several specifica-

tions for the included variables and assumed processes at the different trust stages have been pro-

vided. For example, the theoretical conceptions for different trust layers have been extended by 

differentiating the propensity for trust from learned trust on a conceptual level. Furthermore, men-

tal models, beliefs, and system expectations have been included. Also, study findings support the 

benefits of an application of attitude formation theories in providing a theoretical systematization 

for the investigating of prior system information in the formation of initial learned trust. Above 

this, attitude formation theory allows the integration of the effects of dispositional and situational 

variables to further enhance the understanding of trust formation prior to system use. Additionally, 

the concept of trust cues has been transferred to the domain of trust in automation and a preliminary 

classification of trust cues has been proposed. Furthermore, the proposed framework serves as a 

research basis for the integration and further investigation of trust in automation. Essentially, it 

can be used as a methodological guideline for the design of future research. On this basis, in chap-

ter 4.2.6, a number of design recommendations for empirical studies on trust in automation have 

been provided. In this regard, one essential conclusion from the propositions of the framework is 

the distinction of the measurement of the propensity to trust in automation and learned trust. On 

this basis, in Appendix A, a scale for measuring learned trust in automation is included that was 

used in five of the six presented studies. While most propositions of the Three Stages of Trust 

framework gained initial empirical support in the depicted studies, all propositions yield further 

empirical investigation. Specifically, various of the proposed interrelations of variable groups were 

not covered in the presented studies. This includes, besides others, the investigation of propositions 

7.3 and 10. In the same manner, for most of the entailed variable groups, only single variables 

have been investigated in the presented studies and the role of many other variables needs further 

investigation. Also, theorizing and research in the interpersonal domain of trust in other people 

has been growing over the last decades to a considerably complex and rich field. It is likely that 

the proposed framework can be further extended and specified on the basis of this work. Two 

possible directions that seem worthwhile to consider for extending the proposed framework would 

be a game-theoretic trust approach (Cabon-Dhersin & Ramani, 2007) or Brunswick’s lens model 
(Brunswick, 1959; Morita & Burns, 2014). In the same manner, further theorizing from the field 

of human factors could be implemented into the framework, for example, the model of situation 

awareness (Endsley, 1995, 2015), which might enhance the understanding of using information to 

build up a representation of the current and future system interaction during the calibration of 

dynamic learned trust. Although the proposed framework is complex and, clearly, the proposed 

complexity is unlikely to be addressed within single research endeavors, the framework is intended 

to build a basis for integrating research incorporating some of this complexity. Hereby, the frame-

work aims at providing directions for research and research design to further investigate the nature 

and dynamic of the formation and calibration of trust in automated systems in the future. In this 

regard, the depicted suggestions for future research may help to further specify the psychological 

processes involved in the formation and calibration of trust in automation and thereby contribute 

to an iterative refinement of the proposed framework in the scientific process. 

4.4.2 Evaluation of the Studies 

The depicted studies combine the strengths of different methods and study designs. While studies 

1, 2, and 3 follow correlative designs offering the possibility to simultaneously investigate the 
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relationships of several variables, the experimental designs of studies 4, 5, and 6 allow for more 

experimental control and isolation of the effects of interest. In terms of the utilized study para-

digms, studies 1, 2, and 4 were conducted in an online setting enabling an investigation of larger 

samples with more power and studies 3, 5, and 6 were conducted in a high-fidelity driving simu-

lator allowing for higher external validity. Through the combination of these approaches, the in-

dividual shortcomings of the studies are, to some extent, balanced out, strengthening the combined 

evidence for the processes involved in trust formation. Furthermore, for all studies, besides the 

framework propositions, thorough theoretical considerations from the areas of general, social, and 

differential psychology, as well as human factors, provided the basis for hypothesizing and re-

search design, which facilitates the understanding and integration of the study results. Also, the 

pairs of studies 1 and 2, as well as 5 and 6, provide combined evidence for several of the investi-

gated hypotheses. All studies addressed the complexity of dynamic trust formation processes 

through a consideration of either mediated or moderated effects. Furthermore, trust was measured 

repeatedly over the course of most of the depicted studies, allowing for a clearer picture of trust 

development over time. To conclude, the technical domain of highly automated driving was kept 

constant in the reported studies, which further facilitates the integration of study findings. 

However, as every research, the depicted studies have limitations, of which some will be discussed 

in the following. First, all studies have been conducted in the setting of automated driving. Alt-

hough, this can be regarded as an advantage as described above and most of the established rela-

tionships and effects can be assumed to generalize to other domains of the interaction with auto-

mated technology, studies in other domains might be conducted to ensure the generalizability of 

the findings. Second, all studies were conducted within paradigms that only allow for restricted 

reality in terms of the external validity of findings. While the studies in the driving simulator pro-

vide a higher degree of realism, system interaction in the online studies was restricted to texts, 

pictures, and videos. While it is likely that the observed effects generalize to more realistic settings, 

some of the findings, in specific those of the online studies, should be validated in paradigms with 

a higher degree of realism. This is especially the case in terms of the perception of uncertainty and 

risk as these perceptions are per definition essential for the experience of trust. Third, the duration 

of the introduction processes and interactions with the reported automated driving systems were 

rather short-term. Future studies might explore the reported effects within longer time frames and 

repeated interaction with the system over several days or even longer time intervals. Fourth, at this 

time, the investigated highly automated driving systems are not available on the market in the 

presented form. Accordingly, the study participants had no prior experience with these systems 

and had to build up their mental models and expectations during the course of the studies. Fifth, a 

further limitation of all reported studies is a lack of the inclusion of a behavioral measure, which 

would allow for the investigation of generalization of the observed effects for trust in automation 

to reliance behavior. While the inclusion of such a behavioral measure would strengthen the im-

plications of the reported studies, existing support for the relationship between trust in automation 

and actual reliance behavior is substantial (see chapters 1.1 and 1.2). Furthermore, as the relation-

ship between trust in automation and actual behavior is assumed to be subject to moderation by 

individual and situational variables, even if such an objective behavioral measure would have been 

included, results would be difficult to be transferred into practical settings. Future research might 

further address the character of the relationship between trust in automation and reliance. Above 

this, the quality of trust calibration could be objectively assessed, for example, with the operation-

alization proposed by Merritt, Lee, et al. (2015). Sixth, for some studies, the investigated sample 
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was considerably small (studies 2 and 3) and therefore, these studies were prone to a higher beta 

error and neglecting relevant effects. In study 2, a procedure of effect size comparison with the 

findings of study 1 was applied to prevent an overly excessive beta error. In study 3, the power of 

the small sample was sufficient to provide statistical support for the reported findings, further 

strengthening the relevance of these effects. Seventh, for some of the studies, the average age of 

participants was relatively low, which might restrict the generalizability of the results of these 

studies. Eighth, for some variables, the utilized scales were rather short. While short scales were 

purposely used to prevent bias by unmotivated study processing, future studies might use longer 

scales for some of these variables. Ninth, related to the first criticism, as all study findings, the 

investigated relationships and effects might be validated in settings with other automated systems, 

task environments, and situations. Also, second-order studies like meta-analyses provide a prom-

ising perspective to further enhance the understanding of the generalizability of influencing vari-

ables and psychological processes in trust formation. A thorough discussion of additional limita-

tions of the studies is included in the articles in Appendix B. 

4.5 Conclusion  

As calibrated trust in automation is essential for using automated systems appropriately, it is im-

portant to enhance the understanding of how trust in automation is built up, relates to reliance 

behavior, and how a calibrated level of trust can be supported in practice. The Three Stages of 

Trust framework integrates and extends the theoretical basis for human factors research on trust in 

automation by proposing a process in which trust in a specific automated system is formed through 

three successive trust stages. Additionally, the framework integrates variables on the side of the 

user, the system, and the situation. In this respect, the proposed framework provides a structure for 

the consideration of a certain complexity in trust formation for both research and practice. The 

framework, in particular, emphasizes that the level of trust in a certain system at a specific point 

of time is the result of a personal learning history in which different information is used in the 

formation of three different trust layers at the three trust stages. Taken together, on the theoretical 

basis of the framework propositions, numerous research questions and hypotheses for future re-

search can be derived (chapter 4.2) and decisions regarding the design of research on trust in au-

tomation can be informed (as provided in chapter 4.2.6).  

In this dissertation, six studies were presented which support some of the central propositions of 

the framework. In particular, they support the role of personality differences, general technology-

related attitudes, and users’ emotional states in the development of learned trust. Also, it was sup-

ported that the type of available information influences trust formation and is thereby interpreted 

differently by different users, depending on their personal preferences and abilities. Additionally, 

the presented results provide insights into the processes involved in trust calibration. In this regard, 

the findings of studies 5 and 6 point into the direction that dynamic learned trust develops during 

the interaction with an automated system in a dynamic feedback loop in which the perceived sys-

tem behavior and the associated output of the user interface are compared. On the basis of both the 

framework and the presented studies, practical implications were discussed (chapter 4.3). 

Taken together, calibrated trust in automated systems is essential for a safe, efficient, and satisfy-

ing interaction with such systems, and therefore, a thorough understanding of its psychological 

basis is important for designing socio-technical systems with respect to these goals. The presented 

dissertation substantially supports this endeavor by providing: a) a framework to integrate current 
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research, b) new empirical evidence for how trust in automation is built up and which variables 

influence this process, c) directions for future research, and d) practical implications for educating 

users and for the design of trustworthy automated systems that facilitate trust calibration and in 

the result a calibrated level of trust. Through these contributions, this work might help to accumu-

late knowledge on the formation of trust in automation. Through an integration of this knowledge 

into the practice of designing sophisticated automated systems and the strategies to introduce them, 

future users are essentially supported in building up an appropriate level of trust and using these 

systems for their individual and society’s benefit. In this manner, human factors research might 

further enhance a consequent consideration of psychological processes underlying the interaction 

with technology at all stages of product development and market introduction and thereby essen-

tially contribute to creating technical products that meet the needs and psychological requirements 

of users and therefore are likely to be safe and enjoyable to use. 
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Appendix A 

The Short Learned Trust in Automation Scale, German Version (LETRAS-G) 

In the past 30 years, a manifold of different methods has been proposed and used to measure trust 

in automation (e.g., Jian et al., 2000; Chien et al., 2014; French et al., 2018). For the subjective 

character of trust, subjective scales constitute a direct measurement of the construct. Thus, while 

subjective scales can be reasonably complemented with objective measures of reliance behavior 

(see chapter 4.2.6 for a more detailed discussion), repeated application of an economic subjective 

trust measure is essential in studies investigating the formation and development of trust in auto-

mation. As at this point, the discussion of how trust in automation can be optimally measured is 

ongoing (e.g., Billings et al., 2012; French et al., 2018), derivations based on the proposed frame-

work are discussed in chapter 4.2.6.  

According to French et al. (2018), the trust in automation scale (ATS) is the currently most widely 

used subjective trust scale in human-machine interaction research. Its predictive power for reliance 

behavior has been repeatedly demonstrated (e.g., Chancey et al., 2015; Wang et al., 2009, 2011). 

Building on the work by Jian et al. (2000), the German version of the Short Learned Trust in 

Automation Scale (LETRAS-G) is introduced. The LETRAS-G builds on the ATS items as a start-

ing point for scale construction. The goal of this scale is to measure learned trust in automation as 

a unidimensional attitude in an economical way before and during the interaction with an auto-

mated system (initial and dynamic learned trust at stages 2 and 3). Therefore, to ensure content 

validity of the items and to reflect the unidimensional nature of trust, all items either reflecting 

antecedents or consequences of trust (e.g., familiarity with the system) were excluded (except for 

item T5 which reflects a general reliability assessment, Table A1). Furthermore, to avoid endan-

gering unambiguous understanding and content validity by an unnatural word-by-word translation, 

the core meaning of the English items was translated as naturally as possible into German. There-

fore, for some of the remaining original English items, two German ones were constructed, and 

the other way round for two overlapping English items, one German equivalent was used. The 

content validity of the items was established by backward translations. The suggested answering 

format for the questionnaire is a 7-point Likert scale with two opposing ends (“totally disagree” 
and “totally agree” with a neutral center). Altogether, eight items were constructed. In Table A1 

the correspondence of the original English and the German items is depicted along with results 

from three online studies from the domain of automated driving, establishing initial support for 

construct validity of the scale. All studies were conducted in the setting of automated driving and 

participants rated their trust in a system after the presentation of either one or several animated 

pictures or videos of a driving situation with the system from the driver’s ego perspective. For all 
studies, exemplary, the data from the first trust measurement after rating such a stimulus or series 

of stimuli is reported in Table A1. For all studies, results of a reliability analysis and factor analyses 

(principal component analysis) are reported. In the first study (study A), a scale reliability of α = 
.900 was found. For one item (I0: “Das System versucht mich in die Irre zu führen.“), the resulting 

corrected item-total correlation and the factor loading on the general factor were considerably 

lower than for the other items (see Table A1). As it was in a range indicating a low correlation 

with the scale, this item was dropped from the scale. The inspected item statistics indicated com-

parable quality of item I5 as the remaining items and it was therefore kept in the scale. Taken 

together, this resulted in a scale with seven items reflecting learned trust in automation. This 7-
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item measure for learned trust in automation showed a reliability of α = .921 with good item-total 

correlations and high factorial loadings on a general factor of all items. The general factor ex-

plained 61.01% of the total variance. In studies B and C, similar scale reliabilities (α = .923 and α 
= .941) and item characteristics were found, in summary, providing provisory support for the qual-

ity of measurement of the LETRAS-G. All factor analyses supported a unidimensional structure 

as clearly indicated by both the Kaiser criterion and an inspection of Scree plots, with the general 

factor explaining 70.33% in study B and 74.91% of the total variance in study C. On the basis of 

factorial loadings, five items were selected to form a further shortened version of the scale to allow 

for an even more economic assessment of learned trust in automation. The according items are 

marked with an asterisk in Table A1. The scale reliabilities of the short version in the three studies 

were in a range between α = .897 for study A and α = .941 for study C. The correlations between 

the short and long scale ranged between r = .981 - .985 (all p < .01), indicating that the short scale 

is a good approximation of the long scale.  

Table A1 

Reliabilities and item statistics of the German version of the Short Learned Trust in Automation Scale (LETRAS-G) 

from three online studies. Relations between original ATS (Jian et al., 2000) and LETRAS-G items are depicted.  

Original English Version 

(Jian et al., 2000) 
LETRAS-G items 
 

Study A 

(N = 166) 
Study B 

(N = 276) 
Study C 

(N = 149) 

  α = .921a  α = .923 α = .941 

  IC FL IC FL IC FL 

The system is deceptive 
T0: Das System versucht mich in die Irre zu 
führen.b (excluded)  

.225 .227 - - - - 

The system behaves in an un-
derhanded manner 

Not reflecting general trust - - - - - - 

I am suspicious of the sys-
tem's intent action or output 

I1: Ich misstraue den Vorschlägen des Sys-
tems.b  

.708 .776 .720 .793 .729 .799 

  
I2: Ich bin dem System gegenüber misstrau-
isch.b*  

.770 .839 .816 .865 .856 .894 

The system's action will have 
a harmful or injourious out-
come 

I3: Die Nutzung des Systems wird zu gefähr-
lichen oder schädlichen Konsequenzen füh-
ren.b* 

.733 .807 .753 .820 .759 .822 

I can trust the system I4: Ich vertraue dem System.* .854 .907 .841 .896 .894 .930 

I am confident in the system I6: Das System ist vertrauenswürdig.*  .793 .866 .830 .894 .890 .931 

The system is dependable 

I5: Das System ist zuverlässig.* .662 .755 .797 .870 .827 .884 
The system is reliable. 

I am wary of the system I7: Ich bin skeptisch gegenüber dem System.b .762 .838 .641 .718 .720 .787 

The system provides security Not reflecting general trust  - - - - - - 

The system has integrity Not reflecting general trust  - - - - - - 

I am familiar with the system. Not reflecting general trust - - - - - - 
 

Note. Study B and C represent the data of studies 1 and 2 of this dissertation; IC = Corrected Item-Total Correlation; FL = Factor Loading (Gen-
eral Factor); Asterisks mark items of the short version. 
a Cronbach’s α for the 7-item version of the LETRAS-G 
b Inverted items 
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Appendix B 

Research Articles 

Article I: Kraus, J., Scholz, D., & Baumann, M. (2020). What’s driving me? – Exploration and validation 
of a hierarchical personality model for trust in automated driving. Human Factors. Advance online publi-
cation. https://doi.org/10.1177/0018720820922653 

Article II: Kraus, J., Scholz, D., Messner, E.-M., Messner, M., & Baumann, M. (2020). Scared to trust? – 
Predicting trust in highly automated driving by depressiveness, negative self-evaluations and state anxiety. 
Frontiers in Psychology, 10. https://doi.org/10.3389/fpsyg.2019.02917 

Article III: Kraus, J. M., Forster, Y., Hergeth, S., & Baumann, M. (2019). Two routes to trust calibration: 
Effects of reliability and brand information on trust in automation. International Journal of Mobile Human 

Computer Interaction, 11(3), 1-17. https://doi.org/10.4018/IJMHCI.2019070101 

Article IV: Kraus, J., Scholz, D., Stiegemeier, D., & Baumann, M. (2019). The more you know: Trust 
dynamics and calibration in highly automated driving and the effects of take-overs, system malfunction, 
and system transparency. Human Factors. Advance online publication. 
https://doi.org/10.1177/0018720819853686 
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Article I: What’s Driving Me? – Exploration and Validation of a Hierarchical Personality 

Model for Trust in Automated Driving 
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Article II: Scared to Trust? – Predicting Trust in Highly Automated Driving by Depres-

siveness, Negative Self-Evaluations and State Anxiety 
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Article III: Two Routes to Trust Calibration: Effects of Reliability and Brand Information 

on Trust in Automation 
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Driving and the Effects of Take-Overs, System Malfunction and System Transparency 
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