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Summary

Trust predicts the disuse and misuse of automated vehicles. While a lack 

of trust may induce drivers to not use the automated vehicle’s functional-

ities, excessive trust can lead to dangerous outcomes, with drivers using 

the system in ways that were not originally intended by its designers. 

This dissertation explores new ways through which trust can be reliably 

measured and aligned with the true capabilities of the automated driving 

system.
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Chapter 1. Introduction 

1.1 Overview of thesis 

The studies reported in this thesis were conducted as part of i-CAVE (Integrated Cooperative 

Automated Vehicle) – an NWO Perspectief programme in which a large consortium of 

universities, research institutes and industrial partners are working together to design, develop 

and test a highly cooperative and automated passenger vehicle for use on the Eindhoven 

University of Technology campus. The central theme in Project 5 (Human Factors) is drivers’ 

trust in the automated driving capabilities of passenger vehicles, and the way this affects the 

interaction between drivers and vehicles.  

Trust plays a key role in determining if and how drivers will use automated technology (Hoff 

& Bashir, 2015; Lee & See, 2004; Parasuraman & Riley, 1997): under-trust in the automated 

driving system can prompt disuse, preventing the driver from taking full advantage of the 

vehicle’s comfort and safety features (Carsten & Martens, 2019; Lee & See, 2004; Muir, 1987). 

Conversely, over-trust commonly leads to misuse, with the driver using the system beyond its 

capabilities (Boubin, Rusnock, & Bindewald, 2017; Flemisch et al., 2017; Muir, 1987; Noah et 

al., 2017; Lee & See, 2004). Disuse and misuse of automation can be seen as two extremes of 

a spectrum. The drivers’ position on this spectrum may change, depending on factors such as 

knowledge and expectations, and the perceived reliability of the vehicle. Ideally, trust should 

be calibrated, meaning that the drivers’ position on the disuse-misuse spectrum should be 

continuously aligned with the true reliability of the automated system (Lee & See, 2004; Muir, 

1987; Payre, Cestac, & Delhomme, 2016). 

Although trust calibration is desirable, relatively few studies have addressed how it can be 

achieved and measured, and in which situations increases or decreases in trust occur. The 

studies reported in this thesis aim to partially fill in these gaps, by investigating the way drivers 

calibrate their trust in the technology based on their experience in on-road and simulated driving 

scenarios. We show that driver trust varies from situation to situation and that levels of driver 

trust often do not correspond to the reliability of the system. Based on our results, we formulate 

proposals for design improvements and other interventions, which could mitigate under- and 

over-trust in automated driving technology. During our studies we also developed new metrics 

for the real-time measurement of driver trust. We envision a future in which automated vehicle 
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behaviour will automatically adapt to the trust of the user. So, real-time trust metrics will be 

fundamental for the achievement of this goal. 

The thesis is structured in three main sections: introduction (Chapter 1), experimental chapters 

(Chapter 2 through Chapter 5), and general conclusions and recommendations (Chapter 6). The 

dissertation ends with an epilogue. The remaining sections of this introduction provide context 

and background for the various chapters. Section 1.2 provides a brief history of “automated 

driving”, introduces the classification of automated driving systems, and discusses their 

possible benefits. Next, in section 1.3, we address the Human Factors challenges that arise from 

the interaction between drivers and automated driving systems. Section 1.4 introduces the basic 

concept of trust and its extension from interpersonal relationships to the relationship of users 

with automated systems. In section 1.5, we address the multi-layered concept of trust as we will 

be using it in the rest of this thesis. Sections 1.6 and 1.7 are dedicated to the impact of multilayer 

trust on drivers’ willingness to use automated driving systems, and its effect on road safety. 

Section 1.8 introduces the concept of trust calibration. Section 1.9 reviews proposals in the 

literature for mitigating under- and over-trust. Finally, in section 1.10, we describe a conceptual 

model of the dynamic development of calibrated trust, and show how applications based on 

trust measurements can positively impact the trust cycle. On this basis, we identify several gaps 

in our current knowledge. These gaps motivate the research questions we address in our studies:  

“What is the effect of on-road experience with Level 2 systems on drivers’ trust?” (Chapter 2);  

“Can driving simulator studies provide valid information on user behaviour?” (Chapter 3);  

“How can studies of user trust in specific driving situations inform vehicle design?” (Chapter 

4); and  

“How can trust in automated vehicles be measured objectively and in real-time?” (Chapter 5). 

In Chapter 6 we summarize and interpret our findings, formulate recommendations for the 

mitigation of under- and over-trust, and for future studies of user trust. Finally, in the epilogue, 

we present a new research idea for the achievement of a safe and comfortable automated driving 

experience.  
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1.2 Automated driving 

1.2.1 History of automated driving  

In 1939, General Motors (GM) presented its provocative vision of what the world would look 

like twenty years in the future, at the New York World Fair. The GM Futurama exhibit featured 

vast suburbs, crossed by superhighways occupied by fully automated vehicles.  

Although these cars are not yet a reality, the development of automated driving technology 

progressed steadily through the years. In 1956 General Motors presented Firebird II - a concept 

car designed to cruise the highways of the future, guided by an electric wire embedded in the 

road (GM, 2019). In the sixties, the United Kingdom's Transport and Road Research Laboratory 

tested a driverless Citroen DS guided by magnetic cables, again buried in the road surface 

(Bimbraw, 2015; Cardew, 1970). In the eighties, pioneering work by Dickmanns and Zapp 

(1987) raised awareness of the potential of computer vision. Their vision-guided, driverless 

Mercedes-Benz van, which integrated data gathered by cameras and sensors installed on the 

vehicle, could reach a maximum speed of 60 km/h on streets without traffic (Bimbraw, 2015; 

Dickmanns & Zapp, 1987). In the nineties, the PROMETHEUS program developed this vehicle 

further (Behringer & Müller, 1998; González, Pérez, Milanés, & Nashashibi, 2016, Ulmer, 

1994).  

Another milestone was reached in 1997, when the California PATH consortium demonstrated 

an eight-car platoon manoeuvring under complete automatic control (Rajamani, Tan, Law, & 

Zhang, 2000; van den Beukel, 2016). Awareness of the potential of automated vehicles was 

further raised in 2004, with the DARPA Grand Challenge - an ambitious event in which 

automated vehicles competed against each other to complete an off-road course (Seetharaman, 

Lakhotia, & Blasch, 2006). DARPA has organized variations of this competition ever since, 

challenging automated vehicles not only on off-road tracks, but also in urban environments 

(DARPA, 2020; Seetharaman et al., 2006).  

Today, automated driving systems are present in commercially available vehicles (e.g., Tesla, 

Mercedes, Volvo) and public transport (e.g., automated taxis and buses). Current and future 

automated driving systems will be reviewed in greater detail in the following section. 
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1.2.2 The classification of automated systems 

The vehicles described in 1.2.1 present different levels of automation, making it hard to 

compare their capabilities. As automated vehicles moved closer to deployment in real-life 

situations, a classification of different automated systems became necessary. 

Over the last ten years, the German Federal Highway Institute (BASt, 2013; Gasser & Westhoff, 

2012), the National Highway Traffic Safety Administration (NHTSA, 2013), and the Society 

of Automotive Engineers (SAE, 2014) have all advanced proposals for classifying automated 

driving systems into different levels. The most widely-used classification was developed by the 

Society of Automotive Engineers (see Table 1.1). It was formally endorsed in 2017 by the 

NHTSA (Biondi, Alvarez, & Jeong, 2019; Inagaki & Sheridan, 2019).  

The classification distinguishes between five levels of automation (SAE, 2018): 

- Level 0 (no automation): the human driver is completely responsible for the driving task 

and is not supported by any form of automation, but may be assisted by means of active 

safety systems such as ABS. 

- Level 1 (driver assistance): the human driver is responsible for monitoring the driving 

environment, while assisted by a single driving assistant system that controls 

longitudinal (e.g., Adaptive Cruise Control (ACC)) or lateral (e.g., Lane Keeping 

System (LKS)) vehicle motions, but not both simultaneously. 

- Level 2 (partial automation): driving assistant systems that support the vehicle’s 

longitudinal and lateral control are combined. Such systems can execute steering, 

accelerating and decelerating manoeuvres in specific situations only. The driver 

maintains responsible for monitoring the driving environment and supervising the 

system and is supposed to keep hands on wheel at all times. 

- Level 3 (conditional automation): the automated driving system, instead of the driver, 

has the primary responsibility for monitoring the driving environment. This allows the 

driver to temporarily perform other secondary activities. Nevertheless, the driver is 

expected to respond adequately to a Take Over Request (TOR), taking back control of 

the vehicle when the system cannot cope with the situation. 

- Level 4 (high automation): the automated driving system can cope with any 

environment within a specified Operational Design Domain (ODD). Unlike most highly 

automated public transport services, Level 4 private cars can be driven manually outside 

their ODD. This means that before exiting the ODD, the system will send a TOR to the 
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driver, asking him/her to manually take back control of the vehicle. If the driver does 

not respond to the TOR, the system transitions automatically to a minimal risk 

condition. 

- Level 5 (full automation): the automated driving system takes care of the driving task 

completely. However, the system may still not be able to handle extreme situations (e.g., 

floods, snow storms, glare ice) that are often not manageable even for a human. The 

specification of an ODD is not required, and therefore the user is not expected to respond 

to a TOR. 

Table 1.1. the SAE classification of the five levels of automation (SAE, 2018). 

 

At the time of this writing, vehicles equipped with Level 2 systems are already on the roads. 

These vehicles offer a combination of Advanced Driving Assistance Systems (ADAS) that are 

meant to support – and not replace – the driver in the driving task. This is done by taking over 

the vehicle’s longitudinal and lateral control in certain situations, and thus by relieving the 

driver for most of the physical and cognitive effort that classically characterizes manual driving. 

Examples of Level 2 driving systems include Volvo’s Pilot Assist, BMW’s Traffic Jam 

Assistant, Toyota’s Automated Driving Highway Assistant, Mercedes’s Drive Pilot and Tesla’s 
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Autopilot (de Winter, Happee, Martens, & Stanton, 2014; Walker, Boelhouwer, Alkim, 

Verwey, & Martens, 2018).  

The introduction of Level 3 and 4 automated driving technology will make it possible for the 

first time for drivers to perform non-driving-related activities (e.g., reading, working) when the 

vehicle operates within its ODD (SAE, 2018). This ODD is defined as the set of operating 

conditions under which the automated system is designed to work (SAE, 2018). These include 

environmental, geographical and road characteristics, but also time-of-day restrictions, and 

other elements that may affect the optimal functioning of the automated system (Czarnecki, 

2018). This means that a regular passenger vehicle may have Level 3 or 4 functionalities, but 

that these may not be available during the drive (for example, due to poor weather or road 

conditions). 

Crucially, Level 3 and 4 systems allow drivers to be temporarily “out of the loop” (Meilander, 

1972; Merat et al., 2019) – in other words, drivers are not required to pay attention to the driving 

environment or the actions of the automated system (Merat et al., 2019). Nonetheless, they still 

need to take back control of the vehicle when prompted by a TOR. Inagaki and Sheridan (2019) 

point out that although researchers have extensively studied driver performance during manual 

takeovers (for a review, see Zhang, de Winter, Varotto, Happee, & Martens, 2019a), there is 

currently no consensus as to how a Level 3 system should act when the driver fails to adequately 

respond to a TOR. Inagaki and Sheridan (2019) argue that handing back control to the driver 

after a TOR, without having a safety backup, is too risky and thus not a realistic objective. In 

other words, automation should always minimise drivers’ safety risk, even when these drivers 

do not react properly to a TOR (Inagaki & Sheridan, 2019). This is a crucial conceptual 

difference between Level 3 and 4. If the driver does not respond to the TOR in a Level 4 system, 

the system transitions automatically to a minimal risk condition. How safe this minimal risk 

condition actually will be is yet unknown. 

In this context, it is necessary to make a distinction between Level 4 public transport and Level 

4 passenger cars. Several public transport services operated Level 4 automated driving 

technology, even before the development of the SAE taxonomy. One example is ParkShuttle, 

a driverless bus that has operated since 2006, connecting a business park in the city of 

Rotterdam (The Netherlands) with the closest metro station (Fornasiero, 2011). Since 2010, a 

similar automated transport system has been operating in Abu Dhabi (2getthere, 2020). In both 

systems, vehicles are trained to function on one specific road, or only on roads with special 

infrastructure. Therefore, their ODD is limited to a single, well defined route, often with 
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adjustments to the infrastructure. By contrast, the studies reported in this thesis will focus on 

automated passenger cars that can be driven manually outside their ODD. 

Level 4 passenger cars can be controlled manually when operating outside their ODD. 

Examples include Uber’s (Uber, 2020) and Waymo’s (Waymo, 2020) automated taxis - fleets 

of modified commercially available vehicles, such as Volvo, Jaguar and Chrysler passenger 

cars. However, this possibility is not offered to passengers or ordinary car drivers, but only to 

well-trained technical drivers (also known as “safety drivers”). At the time of writing, no 

commercially available automated passenger car can safely transfer control to the driver who 

was temporarily allowed to be out of the loop, when moving outside its ODD. All current 

commercial automated vehicles are at Level 2. However, recently approved regulations, defined 

in GRVA (2020), will allow restricted deployment of Level 3 functionality on roads where 

pedestrians and cyclists are prohibited, and with a physical barrier that separates traffic moving 

in opposite directions. The deployment of the technology will be restricted to passenger vehicles 

travelling at a maximum speed of 60 km/h (GRVA, 2020, under review).  

Against this background, many analysts believe that fully functional Level 5 self-driving cars 

are still decades away (Bansal & Kockelman, 2017; Litman, 2014; Litman, 2020; Lumiaho & 

Malin, 2016), and important stakeholders have recently expressed doubts about whether they 

will ever be feasible (Reuters, 2019; The Drive, 2020; The New York Times, 2019; Whichcar, 

2019). Concerns are not limited to the state of the technology, but also to the legislation and 

road infrastructure that would be necessary to make them a reality (Fagnant & Kockelman, 

2015; Litman, 2020; Taeihagh & Lim, 2019). 

1.2.3 Possible benefits of automated vehicles 

Reports indicate that more than 90% of road accidents are due to human error (NHTSA, 2008; 

Rumar, 1986; Salmon, Regan, & Johnston, 2005). Automated vehicles are generally expected 

to drastically reduce such accidents, but also to reduce workload and increase travelling 

comfort, allowing drivers to engage in all sort of activities while the car takes care of driving 

(Fagnant & Kockelman, 2015; Kyriakidis et al., 2017; Litman, 2020; Milakis, Van Arem, & 

Van Wee, 2017; Payre et al., 2016; van Nes & Duivenvoorden, 2017).  

Given that road accidents represent the ninth cause of death worldwide (Noy, Shinar, & Horrey, 

2018; WHO, 2015), this safety benefit arguments strongly for the development of automated 

vehicles. Already today, active safety systems have in fact led to major reductions in crash rates. 

For example, research by Cicchino (2017) and Hummel et al. (2011) shows that Autonomous 
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Emergency Braking (AEB) reduces front-to-rear injury crash rates by 45%. When AEB is 

combined with Forward Collision Warning (FCW) the estimated percentage of front-to-rear 

injury crashes avoided goes up to 56% (Cicchino, 2017). Other driver assistance technologies, 

such as lane departure warnings and blind spot detection systems, have also had a positive 

impact on crash rates (Hummel, Kühn, Bende, & Lang, 2011).  

However, the current generation of automated driving technology is much more than a mere 

combination of active safety systems. Vehicles with Level 2 driving technology are equipped 

with Advanced Driving Assistance Systems (ADAS) that do more than supporting the driver in 

emergency situations, taking over control of the vehicle’s speed (via Adaptive Cruise Control) 

and lateral movements (via Lane Keeping Systems). The Dutch government and the European 

Commission both expect that improved ADAS will have a strong impact on traffic safety, 

helping to fulfil their ambitious goal of “zero road deaths” by the year 2050 (OVV, 2019). 

Nevertheless, the road safety impact of combining longitudinal and lateral control is currently 

unknown (OVV, 2019; SWOV, 2019). This is partly due to the fact that car manufacturers are 

often unwilling to share information about accidents (OVV, 2019). 

Multiple reports suggest that the introduction of more advanced automated driving technology 

poses new safety risks – many of which can be traced back to the way users interact with the 

technology (Carsten & Martens, 2019; Kyriakidis et al., 2017; Lee & See, 2004; OVV, 2019). 

In this thesis, we will argue that safe deployment of present (Level 2) and future (Levels 3 and 

4) commercially available automated driving systems depends, to a large extent, on a deeper 

understanding of the way users interact with such systems. By highlighting problems of human-

automation interaction, researchers can play a fundamental role in addressing the Human 

Factors challenges of automated vehicles and thus in minimising these dangers (Anund, 

Lindström, van Schagen, & Linder, 2020; Cunningham & Regan, 2015; de Winter, 2019; 

Kyriakidis et al., 2017; Lu, Happee, Cabrall, Kyriakidis, & de Winter, 2016). 

1.3 Ironies of automation 

By definition, a system that never fails can always be trusted. However, automated systems that 

are always reliable are very rare. As early as 1983, Bainbridge identified several “ironies of 

automation”. These include overreliance on the automated system, loss of skills and reduced 

vigilance. These challenges have now been investigated in multiple domains, including the 

aviation, manufacturing, and naval sector (for an overview see Endsley, 2017b; Lee & See, 

2004; Parasuraman & Riley, 1997). These studies show clearly that “the more advanced a 
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control system is, so the more crucial may be the contribution of the human operator” 

(Bainbridge, 1983, p. 775). In other words, the more reliable an automated system, the more 

Human Factors challenges arise (Bainbridge, 1983; Boelhouwer, van Dijk & Martens, 2019; 

Carsten & Martens, 2019; Kyriakidis et al., 2017; Parasuraman & Riley, 1997). These concerns 

have been described as “The Lumberjack Effect”: the higher the level of automation, the worse 

will be the consequences of failure (Onnasch, Wickens, Li, & Manzey, 2014).  

1.3.1 Automated vehicles: the challenge of human-machine interaction 

Past experience with automated systems suggests that the safety effects do not just depend on 

the technology but also on the trust humans place in these automated systems (Hoff & Bashir, 

2015; Kyriakidis et al., 2017; Lee & See, 2004; Schaefer, Chen, Szalma, & Hancock, 2016). 

This is equally true for automated vehicles, an area where the primary focus has been on 

technology rather than on addressing Human Factors challenges. In reality, there are many 

driving situations in which poor human-machine interaction can lead to potentially dangerous 

situations (Carsten & Martens, 2019; Kyriakidis et al., 2017; Lee & See, 2004; Martens & Van 

Den Beukel, 2013; Saffarian, De Winter, & Happee, 2012). Of key importance is situational 

awareness – the perception and comprehension of information present in the environment and 

the projection of how this information will impact the user in the near future (Endsley, 1988). 

It is likely that loss of situational awareness, combined with increases in drivers’ reaction times 

and unexpected vehicle behaviour could have a strong impact on the safety of automated driving 

technology (Carsten & Martens, 2019; de Winter, Happee, Martens, & Stanton, 2014; Martens 

& Van Den Beukel, 2013; Saffarian et al., 2012; Sarter, Woods, & Billings, 1997). 

More generally, as automated driving technology becomes more reliable and with the expansion 

of its ODD, driver misconceptions concerning the automated vehicle’s capabilities may 

increase, and the likelihood and consequences of an automation failure may be underestimated 

(Carsten & Martens, 2019; Flemisch et al., 2017; Holländer, Wintersberger, & Butz, 2019; 

Seppelt & Victor, 2016; Wagner et al., 2018; Victor et al., 2018). Flemisch et al. (2017) stress 

that there is an unsafe/uncanny valley of automation between vehicles equipped with partially 

and highly automated systems. In robotics, the “Uncanny Valley” is defined as the point in a 

relationship between a human and a robot, where the imperfect resemblance of the robot to an 

actual human being generates confused negative feelings in the human (Mori, 1970; Mori, 

MacDorman, & Kageki, 2012). Flemisch et al. (2017) point out that similar confused feelings 

may arise between drivers and automated vehicles, and that drivers’ misperceptions - 

concerning their role and the capabilities of the system - may lead to dangerous outcomes. 
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In the coming years or even decades, drivers will still be required to operate vehicles in 

situations not supported by automated driving control and may, at times, be forced to manually 

take back control of the vehicle (Carsten & Martens, 2019; Kyriakidis et al., 2017). In an ideal 

world, the automated vehicle and the human driver should act as a joint cognitive system, whose 

safe functioning requires proper collaboration between them (Carsten & Martens, 2019). In 

reality, however, this kind of collaboration may be hindered by drivers’ misperceptions 

concerning their role and by other factors that prevent an optimal interaction. Of particular 

interest are Human Factors challenges facing vehicles at Levels 2, 3 and 4. While a complete 

overview of all the challenges is not possible within the framework of a thesis, the studies in 

chapters 2 to 5 address some of those we believe to be most important. 

1.3.2 Specific challenges of different levels of automation 

Drivers often struggle to understand the supportive role of Level 2 systems. These systems rely 

strongly on the vehicle’s built-in sensors with their individual limitations. In many conditions 

these limitations - together with the behaviour of other road users, poor weather and road 

conditions - can strongly impact system performance. As a result, automated vehicles equipped 

with Level 2 systems may unexpectedly fail at any moment, even when they are operating on 

roads for which they are intended to be used, i.e. highways and major roads (e.g., Tesla, 2020; 

Volvo, 2020). This leads to the paradoxical situation in which the system automatically handles 

the vehicle’s lateral and longitudinal control when activated, while the driver is still required to 

continuously monitor the road (OVV, 2019; SAE, 2018). The vehicle may feel like an 

automated car. However, it can also fail from one instant to the next, without providing any 

warning. This puts the driver in a difficult and confusing position, that may lead to accidents 

instead of preventing them (Flemisch et al., 2017; OVV, 2019; Wagner, Borenstein, & Howard, 

2018). 

Drivers’ interactions with future passenger cars, equipped with Level 3 and 4 driving systems, 

raise other problems. When these vehicles issue a TOR, drivers will need to manually take back 

control of the vehicle. Yet, the time needed by drivers to manually take back control raises 

numerous safety issues. It is also important to stress that the speed at which drivers take over 

control, does not necessarily reflect take-over quality. On the contrary, multiple studies show 

that take-over times depend primarily on the urgency of the situation (e.g., Eriksson & Stanton, 

2017; Gold, Happee, & Bengler, 2018; Naujoks, Mai, & Neukum, 2014; Zhang et al., 2019a). 

As nicely put by Zhang et al. (2019a), “drivers take more time when they have more time” (p. 

25). Thus, engineering efforts should aim not so much to decrease mean take-over-time, as to 
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ensure that drivers always have enough time for an optimal take-over and that they will not 

need to face truly critical situations (Zhang et al., 2019a). 

1.4 Trust in automated vehicles 

Loss of situational awareness and slow or inadequate human response in case of automation 

failures often arise from poor design, and can be interpreted in terms of an excess of trust, or 

“over-trust” (also described as “complacency”) (Boubin et al., 2017; Flemisch et al., 2017; Hoff 

& Bashir, 2015; Inagaki & Itoh, 2013; Lee & See, 2004; Lee, Liu, Domeyer, & Dinparastdjadid, 

2019; Muir, 1987; Noah et al., 2017; Parasuraman, Molloy, & Singh, 1993; Parasuraman & 

Riley, 1997; Payre et al., 2016). However, it is also possible that users do not place enough trust 

in what is actually a reliable automated system (Carsten & Martens, 2019; Hoff & Bashir, 2015; 

Lee & See, 2004; Muir, 1987; Parasuraman & Riley, 1997). Some authors have called this 

“under-trust” (or “distrust”) (Hoff & Bashir, 2015; Lee & See, 2004; Muir, 1987; Sheridan & 

Parasuraman, 2005). 

1.4.1 The origin: interpersonal trust 

The concept of trust originates from the field of interpersonal relationships (Lee & See, 2004; 

Muir, 1987; Rempel, Holmes, & Zanna, 1985). In this setting, Deutsch (1973) has defined trust 

between humans as “confidence that one will find what is desired from another, rather than 

what is feared". Other authors have defined it as “[an] Actor's willingness to arrange and repose 

his or her activities on [an] other because of confidence that [the] other will provide expected 

gratifications" (Scanzoni, 1979, p. 78), or the “expectation related to the subjective probability 

an individual assigns to the occurrence of some set of future events” (Rempel et al., 1985, p. 

96). 

In the context of management science, with its focus on the role of interpersonal relationships 

within human organizations, trust has been defined as “one party’s willingness to be vulnerable 

to another party based on the belief that the latter party is (a) competent, (b) open, (c) concerned, 

and (d) reliable” (Mishra, 1996, p. 265), and “the employees’ feelings of confidence that, when 

faced with an uncertain or risky situation, the organization’s words and behaviours are 

consistent, and are meant to be helpful” (Matthai, 1989, p. 29). Several authors working in this 

area have claimed that trust can increase productivity and strengthen the bonding between the 

different parties involved in an organizational commitment (Nyhan, 2000; Lee & See, 2004).  
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Most definitions of trust are based on a small number of recurrent constructs and themes. Nyhan 

(2000) stresses the importance of fairness, confidence and risk taking. Lee and See (2004), in 

line with Mayer, Davis, and Schoorman (1995), assign a crucial role to uncertainty and 

vulnerability. Mayer et al. (1995) put these elements together in what is today one of the most 

widely used definitions. Here, trust is the “willingness of a party to be vulnerable to the actions 

of another party based on the expectation that the other will perform a particular action 

important to the trustor, irrespective of the ability to monitor or control that party” (Mayer et 

al., 1995, p. 712). By delegating responsibility for actions to the trustee, the trustor voluntarily 

puts him-/herself at risk (Lee & See, 2004).  

1.4.2 Trust in automated systems 

Authors interested in the relationship between individuals and automated agents use concepts 

borrowed from studies of interpersonal trust. Thus, Lee and See (2004) define trust as “the 

attitude that an agent will help achieve an individual’s goals in a situation characterized by 

uncertainty and vulnerability” (p. 51). Other authors (Körber, Baseler, & Bengler, 2018; 

Petersen, Robert, Yang, & Tilbury, 2019) have combined the Lee and See (2004) and Mayer et 

al. (1995) definitions. Thus, Körber et al. (2018) define trust as “the attitude of a user to be 

willing to be vulnerable to the actions of an automation based on the expectation that it will 

perform a particular action important to the user, irrespective of the ability to monitor or to 

intervene” (p. 19). This implies that the development of trust in an automated driving system is 

dependent on the characteristics of the system (e.g., predictability, system performance) and of 

the user (e.g., tendency to trust). 

Some authors have pointed to differences between interpersonal trust and individual trust in 

automated systems. Some have argued, for example, that interpersonal trust depends on the 

personal principles, intents and motivations of the trustee while trust in automation is 

determined by more tangible characteristics of the automated system – such as its performance 

(what it does), process (how the system makes decisions) and purpose (why it takes specific 

actions) (Dikmen & Burns, 2017; Hoff & Bashir, 2015; Mayer et al., 1995; Lee & Moray, 1992; 

Lee & See, 2004; Lee & Kolodge, 2019). Others have pointed to differences in the way the two 

types of trust evolve over time (Hoff & Bashir, 2015; Lee & See, 2004; Muir & Moray, 1996). 

However, the similarities are also very clear (Wagner et al., 2018). Interpersonal trust and trust 

in automation both involve a relationship between a trustor (i.e., human) and a trustee (i.e., 

human or automated system), and are both strongly influenced by uncertainty and by the 

specific characteristics of the situation (Hoff & Bashir, 2015). In other words, humans trust 
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other humans and automated systems more in some situations than in others (Butler, 1991; Hoff 

& Bashir, 2015; Marsh & Dibben, 2003; Scott, 1980). In both cases, trust is influenced by 

perceptions of risk (see section 1.5.3): the perceived probability that the trustee’s actions may 

lead to psychological, economical or, in the worst case scenario, physical harm to the trustor 

(Hoff & Bashir, 2015).  

1.5 Layers of trust 

After a systematic review of 127 studies investigating users’ trust in a variety of different 

automated systems (e.g., combat identification aids, general decision aids, collision warning 

systems, route-planning systems), Hoff and Bashir (2015) identified three factors that play a 

crucial role in the variability of trust in automation: the human operator, the environment, and 

the automated system. Although their review did not specifically focus on automated driving 

technology, numerous studies of automated driving systems refer to their findings (e.g., 

Habibovic et al., 2018; Haeuslschmid, Von Buelow, Pfleging, & Butz, 2017; Hergeth, Lorenz, 

Vilimek, & Krems, 2016; Körber et al., 2018; Lee & Kolodge, 2019). The three factors 

identified by Hoff and Bashir (2015) correspond, respectively, to three interdependent trust 

layers originally identified by Marsh and Dibben (2003): dispositional, situational and learned 

trust. The latter, as proposed by Hoff and Bashir (2015), can be divided further into “initial” 

and “dynamic” learned trust. In the following discussion, we will address dispositional, initial, 

situational and dynamic learned trust separately. 

1.5.1 Dispositional trust 

Dispositional trust reflects the operator’s tendency to trust automation in general (Hoff & 

Bashir, 2015). It is a stable trait that exists before interaction with the automated system, and is 

influenced by factors such as age, gender, culture and personality.  

Age and gender 

Although studies directly investigating the relationship between age and trust in automated 

vehicles are lacking, the recent literature provides some indications about this relationship. 

Studies suggest that older adults have greater concerns about using automated vehicles than 

younger users. Thus, a survey conducted by Schoettle and Sivak (2014a) showed that older 

respondents were less likely than younger respondents to be willing to ride in a fully automated 

vehicle. Similarly, a study by Abraham et al. (2016) showed that older adults are generally less 

comfortable with the idea of automated vehicles compared to younger adults. In line with these 

results, a recent survey conducted by the news agency AAA (2018) showed that “baby 
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boomers” (born between 1944 - 1964) and “generation X” respondents (1965 - 1979), indicated 

to feel less safe than “millennials” (1980 – 1994) in a fully automated vehicle (AAA, 2018).  

The literature also suggests gender differences in attitudes towards the adoption of automated 

vehicles. A survey conducted by Jardim, Quartulli, and Casley (2013), with 467 students of the 

Worcester Polytechnic Institute, showed that women were less likely to use and enjoy a fully 

automated vehicle than men. Similarly, an online questionnaire involving 421 French drivers, 

reported by Payre, Cestac and Delhomme (2014), showed that women indicated to be less 

willing to use a fully automated vehicle than men. The survey by Schoettle and Sivak (2014a) 

also found numerous gender differences, with women expressing higher levels of concern about 

automated vehicles than men. In addition, women appeared more cautious about the potential 

benefits of fully automated driving technology (Schoettle & Sivak, 2014a). The survey 

conducted by AAA (2018) confirmed these results, showing that women indicated to be more 

afraid to ride in a fully automated vehicle than men (83% compared to 63%). Similarly, a survey 

conducted by Hulse et al. (2018), with 925 UK respondents, suggests that women perceive fully 

automated vehicles as more risky than men (Hulse, Xie, & Galea, 2018). 

Personality 

Studies suggest that personality may influence drivers’ trust towards automated driving 

technology (Choi & Ji, 2015; Payre et al., 2014; Rudin-Brown & Noy, 2002). However, 

investigations of the impact of personality on drivers’ trust have yielded contradictory results 

and should be interpreted with caution.  

Studies have focused on “locus of control” – the extent to which individuals believe they can 

control external events that affect them (Choi & Ji, 2015; Rotter, 1966). Individuals with a 

strong internal locus of control (“internals”) believe that these events are mainly influenced by 

their own actions. Conversely, individuals with a strong external locus of control (“externals”) 

believe that these events are mainly influenced by external factors (Rotter, 1966). As a result, 

externals may rely less on their own driving skills and trust automated driving systems more 

than internals (Choi & Ji, 2015; Rudin-Brown & Noy, 2002). In line with these expectations, a 

simulator study by Rudin-Brown and Noy (2002) showed that externals tended to trust lane 

departure warnings more than internals, regardless of the accuracy of the warnings. Another 

study by Choi and Ji (2015) showed that survey respondents who scored higher on the external 

locus of control items also showed stronger intentions to use fully automated vehicles. 

However, other studies seem to contradict these findings. Responses from 421 French drivers 



 
 

29 
 

to an online questionnaire by Payre et al. (2014) suggested that respondents’ locus of control 

did not influence their a priori evaluation (i.e., before interaction) of fully automated vehicles. 

Furthermore, a survey by Kyriakidis, Happee and De Winter (2015) (4886 respondents), using 

a short version of the Big Five Inventory (John & Srivastava, 1999; Rammstedt & John, 2007), 

concluded that personality factors do not predict public concerns (e.g., software hacking, 

misuse, safety, legal issues) and willingness to buy automated vehicles (Kyriakidis et al., 2015). 

In brief, the role of personality, in determining driver trust and behaviour is still an open issue. 

Culture 

Studies have shown that drivers’ cultural background influences their attitudes towards traffic 

and in-vehicle technologies (Jeon, Riener, Lee, Schuett, & Walker, 2012; Lim, Sheppard, & 

Crundall, 2013; Nordfjærn, Jrgensen, & Rundmo, 2011; Olaverri-Monreal & Bengler, 2011). 

To date, however, there has been little research directly tackling the impact of culture on trust 

in automated vehicles. A study by Hergeth, Lorenz, Krems and Toenert (2015) partly filled in 

this gap, investigating the trust of Chinese and German employees of BMW in a simulated 

vehicle equipped with a highly automated driving system. The authors measured driver trust at 

the beginning and at the end of the experimental session (using the Empirically Derived (ED) 

trust scale, also known as Trust in Automation scale (Jian, Bisantz, & Drury, 2000)), showing 

that Chinese drivers reported lower trust than German drivers, both before and after the 

experimental session. However, simplified measures of trust taken during the session showed 

no difference between the two groups. In brief, the study failed to show conclusively that culture 

influenced or did not influence trust. 

Other surveys provide indications that culture may indeed affect drivers’ trust towards 

automated driving technology. In a study with 1533 respondents by Schoettle and Sivak 

(2014a), 26% of US respondents appeared “very concerned” about the performance of fully 

automated vehicles and system failures when facing challenging situations. This percentage 

was significantly lower for UK (15%) and Australian (16%) respondents. In a second study by 

the same authors (1722 respondents), 84% of respondents from China and India reported 

positive opinions towards self-driving vehicles, compared to 43% of Japanese respondents 

(Schoettle & Sivak, 2014b). Moreover, 76% of Chinese and 80% of Indian respondents reported 

interest in acquiring automated driving technology for their personal vehicles, compared to only 

41% of Japanese respondents (Kyriakidis et al., 2015; Schoettle & Sivak, 2014b). These results 

suggest that culture may have an impact on user trust towards automated driving technology. 

However, many more studies will be needed before we gain a full picture of the way different 
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cultures react to different aspects of the technology, and the way these reactions change as the 

technology becomes more familiar. 

1.5.2 Initial learned trust 

Initial learned trust can be defined as the trust drivers derive from their “pre-existing 

knowledge” of an automated system, “gut feelings” and “hearsay”, before they have interacted 

with the system (de Vries & Midden, 2008; Hoff & Bashir, 2015; Körber et al., 2018; Kramer, 

1999; Lee & See, 2004; Zhang et al., 2019b). 

Several authors mention that initial learned trust depends to a large extent on the system’s 

reputation (de Vries & Midden, 2008; Forster, Kraus, Feinauer, & Baumann, 2018; Lee & See, 

2004; Schaefer, Chen, Szalma, & Hancock, 2016; Zhang et al., 2019b). However, there have 

been very few studies addressing the role of reputation and gut feelings in the context of 

automated driving systems. 

In studies that do discuss initial trust, the majority relates trust to drivers’ pre-existing 

knowledge. Several studies show that information provided before drivers experience an 

automated driving system is very important (e.g., Beggiato & Krems, 2013; Körber et al., 2018; 

Kraus, Forster, Hergeth, & Baumann, 2019; Zhang et al., 2019b). For example, a simulator 

study by Beggiato and Krems (2013) showed that the more frequently potentially critical 

situations were mentioned in the pre-session briefing, the lower the initial trust of the user. 

Similarly, Körber et al. (2018) have shown that drivers’ trust towards a simulated vehicle 

equipped with Level 3 technology can be manipulated by changing the initial information about 

the automated driving system: the trust promoted group, that received trust promoting 

information (i.e., low chances of experiencing take-over situations), showed higher initial trust 

levels than the trust lowered group (Körber et al., 2018). An online study by Kraus et al. (2019) 

yielded similar results: participants who were primed to believe the automated system would 

require frequent transfers of control reported lower trust in the system than users who did not 

receive the priming (Forster, Kraus, Feinauer, & Baumann, 2018; Kraus et al., 2019). 

Furthermore, a survey by Zhang et al. (2019b) with 216 drivers revealed that initial trust was a 

crucial factor in promoting a positive attitude towards vehicles equipped with Level 3 systems, 

and drivers’ intentions to use them.  

However, the results of these studies show that the preliminary information provided to drivers 

may also lead to over-trust – and therefore to potentially dangerous situations. In Körber et al.'s 

(2018) driving simulator study, six participants in the trust promoted group crashed during a 
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critical take-over situation, compared to zero in the trust lowered group. Worryingly, a recent 

survey showed that car dealers in The Netherlands often lack crucial knowledge concerning 

ADAS functions (including Level 2 functions) in the vehicles they are selling (Boelhouwer et 

al., 2020). Circumstantial evidence (i.e., postings on online forums), suggest that incorrect 

information provided by poorly informed car dealers may lead drivers to use ADAS in unsafe 

driving conditions. 

1.5.3 Situational trust 

Marsh and Dibben's (2003) situational trust is the trust shown by a user of an automated system, 

in a specific situation at one specific time. It depends on the context-dependent characteristics 

of the user (e.g., self-confidence), on the specifics of the situation (e.g., overtaking), the general 

characteristics of the environment (e.g., weather, light, and road conditions) and, of course, on 

the behaviour of the system in this situation (Carsten & Martens, 2019; Hergeth et al., 2016; 

Hoff & Bashir, 2015; Lee & See, 2004; Rovira, McGarry, & Parasuraman, 2007). Importantly, 

situational trust develops in relation to a specific event. The collection of such events is what 

determines the user’s dynamic learned trust (described in 1.5.4). Therefore, although dynamic 

learned trust and situational trust are both influenced by experience, the former develops 

through the latter (Marsh & Dibben, 2003). 

The environment and drivers’ perceived risk 

As briefly discussed in 1.4.2, drivers may trust automated vehicles in some situations more than 

in others: trust is context-dependent (Hoffman, 2017; Lee & Kolodge, 2019). As underlined by 

Lee and Kolodge (2019), “people trust system X to do Y in context Z” (p. 16). Carsten and 

Martens (2019) stress this, pointing out that the level of trust of the user may strongly depend 

on the settings and characteristics of the vehicle (for example, the maximum speed set by the 

driver when using Adaptive Cruise Control), but also on the actual situation that the automated 

vehicle needs to tackle. In this respect, it is reasonable to assume that a straight highway may 

have a different impact on drivers’ situational trust than an intersection with crossing 

pedestrians (Carsten & Martens, 2019).  

Yet, “uncertainty” and “vulnerability” remain crucial elements of users’ trust in automated 

systems (Hoff & Bashir, 2015; Lee & See, 2004; Mayer et al., 1995). Trust is always linked to 

an uncertain outcome, and therefore perceptions of risk play a crucial role in its development 

(Brower, Schoorman, & Tan, 2000; Hoff & Bashir, 2015; Lee & See, 2004; Nyhan, 2000; 

Perkins, Miller, Hashemi, & Burns, 2010; Shapiro, 1987). The driver’s evaluation of the 
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probability of a negative outcome (e.g., an accident), combined with its seriousness, determine 

the perceived risk (Li, Holthausen, Stuck, & Walker, 2019). 

Several studies have investigated how trust and perceived risk impact drivers’ use of automated 

systems (Li et al., 2019; Perkins et al., 2010; Rajaonah, Tricot, Anceaux, & Millot, 2008; Zhang 

et al., 2019b; Zmud, Sener, & Wagner, 2016). Among these, a driving simulator study by 

Rajaonah et al. (2008) showed that drivers who were less familiar with ACC perceived more 

risk in its use, and tended to apply fewer modifications to the reference speed and time headway 

(i.e., distance, measured in time, to the leading vehicle) compared to drivers who were more 

familiar with the system. 

In line with these results, Li et al. (2019) have suggested that situational factors may influence 

drivers’ trust less once they have gained more experience with the system. However, when 

drivers have a high level of trust in an automated driving system, they may be willing to use the 

system in less safe and reliable environments (Boubin et al., 2017; Castelfranchi & Falcone, 

2000; Lee & See, 2004; Muir, 1987; Noah et al., 2017), leading to dangerous outcomes. 

Self-confidence 

One factor affecting situational trust is self-confidence (Hoff & Bashir, 2015; Kantowitz, 

Hanowski, & Kantowitz, 1997; Lee & Moray, 1994; Lee & See, 2004). This is defined as the 

extent to which users trust their own abilities to perform a specific task (de Vries, Midden, & 

Bouwhuis, 2003). Therefore, self-confidence is not an enduring trait, like those influencing 

dispositional trust. Rather, it is a transitory characteristic of the user, strongly influenced by 

context (Hoff & Bashir, 2015). Self-confidence is commonly assessed through self-reports. 

To the knowledge of the present author, there have been no studies to date of the link between 

trust and self-confidence during automated driving. However, research on other automated 

systems suggests that drivers with high self-confidence and low trust will be more prone to use 

manual control and that drivers with low self-confidence and high trust will tend to rely more 

on automation (de Vries et al., 2003; Kantowitz et al., 1997; Lee & Moray, 1994; Lee & See, 

2004; Riley, 1996). 

Lee and Moray (1994) showed, for example, that users with high self-confidence and low trust 

in the automated system were more prone to use manual control when operating a simulated 

pasteurization plant. Conversely, users with low self-confidence and high trust relied more on 

automation, even when automation was not reliable.  
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Kantowitz et al. (1997) also investigated the link between self-confidence and trust in 

automation. The authors showed that the information provided by a road navigation system 

impacted drivers’ trust in the system. When the information was unreliable and harmful, i.e. 

when the system reported light traffic ahead when actual traffic was heavy, participants’ trust 

in the system decreased. In this situation, participants trusted their own capabilities more than 

the system. Interestingly, when the information provided by the system was unreliable but not 

harmful, i.e. when the system reported heavy traffic ahead when actual traffic was light, trust 

in the system did not decrease (Kantowitz et al., 1997).  

Kantowitz et al. (1997) also showed that unreliable information had a stronger negative effect 

in familiar environments and that, although unreliable information negatively impacted drivers’ 

trust, this partially recovered when new reliable information was provided. The authors 

concluded that, especially in familiar environments, when self-confidence exceeds trust, drivers 

tend to rely more on their own solutions than on the suggestions of the navigation system 

(Kantowitz et al., 1997; de Vries et al., 2003). It is plausible that users of automated driving 

technologies will show similar tendencies, trusting their own abilities to handle a familiar 

situation more than those of the automated system.  

1.5.4 Dynamic learned trust 

Dynamic learned trust is the trust that users develop over time, based on the skills and 

knowledge acquired through past experiences and interactions with the system. Unlike 

situational trust, which can change very rapidly, dynamic learned trust changes more gradually, 

as the user acquires more knowledge about the system’s capabilities and performance (Hoff & 

Bashir, 2015).  

Several studies show that trust towards automated driving systems can be strongly altered by 

vehicle experience (e.g., Beggiato & Krems, 2013; Endsley, 2017a; Gold, Körber, 

Hohenberger, Lechner, & Bengler, 2015; Stapel, Mullakkal-Babu, & Happee, 2019). As 

stressed by Beggiato and Krems (2013), preliminary information forge an initial mental model, 

creating expectations about the automated vehicle’s behaviour. The model then changes 

through actual experience with the automated system (Beggiato & Krems, 2013). Therefore, an 

idealised description that omits system limitations will increase drivers’ trust only temporarily. 

Once drivers experience problems with the system, their trust will decrease accordingly. 

Notably, the harder it is for the drivers to update their mental models (i.e., the larger the 
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discrepancy between expectations and actual vehicle behaviour), the lower will be their trust in 

the automated system (Beggiato & Krems, 2013). 

To date, there has been very little research concerning the way trust evolves during road-

interactions with automated passenger cars (Banks, Eriksson, O’Donoghue, & Stanton, 2018; 

Lin, Ma, & Zhang, 2018). A notable exception is Endsley's work (Endsley, 2017a). During a 

six-month period, the author recorded her own experiences with a Tesla Model S equipped with 

Autopilot, observing that her trust in the system kept increasing throughout the six months. As 

stressed by the author, this was mainly due to a better understanding of what the system could 

and could not do (Endsley, 2017a). Yet, Endsley (2017a) also mentions more than once that 

loss of situational awareness led to potentially dangerous situations.  

Along the same lines, Lin et al. (2018) interviewed twenty Chinese Tesla owners, all of whom 

had been using Autopilot for at least one month. As in Endsley (2017a), drivers’ trust towards 

Autopilot increased with experience, leading them to engage in more non-driving-related-tasks 

(Lin et al., 2018). Similarly, Stapel et al. (2019) showed that Autopilot users with previous 

experience reported higher trust in the system after a 1.5 hour motorway drive, than first-time 

users. 

The growing literature of naturalistic studies addressing the evolution of drivers’ trust towards 

automated driving technology is promising. Yet, given the focus on Tesla’s Autopilot and the 

limited number of participants in most studies, more research is needed.  

1.6 Impact of trust on willingness to use automated driving systems 

The literature provides evidence that trust has a strong influence on intentions to use automated 

systems (Choi & Ji, 2015; Ghazizadeh et al., 2012; Parasuraman & Riley, 1997; Sheridan & 

Hennessy, 1984; Zhang et al., 2019b). This point is very clear in the Technology Acceptance 

Model (TAM), originally proposed by Davis, Bagozzi, and Warshaw (1989). The TAM has 

been used to explain patterns of trust and use for a broad range of technological innovations, 

including online banking (Pikkarainen, Pikkarainen, Karjaluoto, & Pahnila, 2004), and E-

learning (Abdullah & Ward, 2016). In proposed extensions of the model for automated vehicles 

(Ghazizadeh et al., 2012; Choi & Ji, 2015; Zhang et al., 2019b), intention to use the technology 

and its perceived usefulness depend strongly on trust. This conclusion is supported by surveys 

investigating drivers’ attitudes towards automated driving technology (for a review, see Becker 

& Axhausen, 2017). 
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While many drivers have positive attitudes towards automated driving technology, studies also 

show that many would still not want to be a passenger in a fully automated vehicle. A survey 

with 3255 respondents from six different countries showed that while the majority of 

participants felt that self-driving cars would lead to fewer crashes and reduce their severity, 

about 90% of the respondents were at least slightly concerned about riding such a vehicle 

(Schoettle & Sivak, 2014b). A more recent study showed that although US drivers want 

automated driving technologies in their next car, only 22% of them would feel safe as a 

passenger of a Level 5 self-driving vehicle (AAA, 2017). Lack of trust may also explain results 

from other surveys in which respondents appeared reluctant to let their children ride, 

unchaperoned, in a fully automated vehicle (Vallet, 2013; Cunningham, Regan, Horberry, 

Weeratunga, & Dixit, 2019).  

Trust or lack of trust does not only influence reported willingness to use automated driving 

technology, but also drivers’ ideas about how they would use the technology (Hoff & Bashir, 

2015; Kyriakidis et al., 2017; Lee & See, 2004; Parasuraman & Riley, 1997). In the study by 

Schoettle and Sivak (2014b), 41% of respondents said that they would continue to monitor the 

road, even if this would not be required (Noy et al., 2018; Schoettle & Sivak, 2014b). In another 

large survey (5089 respondents), respondents reported that they would observe the scenery, or 

perform other “non-risky” activities they perform when driving manually (e.g., eating, 

interacting with passengers). In line with these results, most would not read, work or sleep in a 

fully automated vehicle (Cunningham et al., 2019). The authors of the latter study interpreted 

these findings as an indication of respondents’ distrust in automated driving technology: if users 

do not trust the fully automated vehicle to operate safely in all driving conditions, they will 

refrain from activities that would compromise their ability to act in case of an unexpected 

malfunction of the system (Cunningham et al., 2019). However, it should be pointed out that 

there may be other reasons for drivers’ reluctance to engage in more risky activities, for instance 

this may also be due to feelings of discomfort (e.g., motion-sickness) that are commonly 

observed in passengers of manually-driven cars, and that are not directly linked to trust. 

Furthermore, what people claim does not necessarily reflect how they would interact with an 

actual automated vehicle.  

1.7 Impact of trust on traffic safety 

While under-trust can hinder adoption and use of automated driving technology, excessive trust 

can lead drivers to overestimate the capabilities of the vehicle, and to rely on automation under 
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unsafe conditions (Inagaki & Itoh, 2013; Lee & See, 2004; Lee & Kolodge, 2019; Payre et al., 

2016). Failures induced by drivers pushing their automated driving systems beyond their safety 

boundaries, together with increases in driver distraction, can create situations that are 

potentially deadly. Therefore, over-trust is generally considered more dangerous than under-

trust (Carsten & Martens, 2019).  

It is worth observing that in manual driving, an increase in secondary task engagement 

(potentially a sign of over-trust) is usually followed by partially compensatory behaviours, such 

as decreasing speed (Horberry, Anderson, Regan, Triggs, & Brown, 2006; Rakauskas, Gugerty, 

& Ward, 2004) or increasing the headway distance to a lead vehicle (Jamson, Westerman, 

Hockey, & Carsten, 2004; Strayer & Drews, 2004), that give more time to the distracted driver 

to act during critical situations. Since automated vehicles provide no opportunity for this kind 

of behaviour, distracted drivers may have less time to react to a critical event (Naujoks, 

Purucker, & Neukum, 2016). 

Authors have demonstrated increased driver distraction with high levels of automation (e.g., 

Carsten, Lai, Barnard, Jamson, & Merat, 2012; Hergeth et al., 2016; Naujoks et al., 2016; de 

Winter et al., 2014). In an on-road experiment, Naujoks et al. (2016) investigated drivers’ 

willingness to engage in a secondary task while experiencing different automated driving levels 

(i.e., no assistance, ACC, partial automation). The results corroborate and extend previous 

findings showing that when supported by partial automation – or even just with ACC – drivers 

increased their engagement with the secondary task (Naujoks et al., 2016). Similarly, Hergeth 

et al. (2016) showed that drivers experiencing a simulated vehicle equipped with a Level 4 

system, monitored the road less as their trust in the system increased. 

Cases where over-trust has led to dangerous outcomes have been widely reported. One early, 

well-reported incident was the 2016 Autopilot accident. A Tesla Model S equipped with 

Autopilot (a Level 2 system) failed to detect a tractor-trailer that was crossing the motorway, 

did not apply the brakes, drove under the trailer and crashed, killing the driver (NHTSA, 2018; 

Noy et al., 2018; The Guardian, 2016a). Autopilot is an Advanced Driving Assistance System 

(ADAS), that does not replace the driver’s supervisory role (SAE, 2018). This means that the 

driver is required to monitor the road, stay alert and be prepared to perform corrective driving 

actions. The NHTSA (2018) report after the accident showed that the tractor-trailer had been 

clearly visible, and that the driver had about seven seconds to perform an avoiding manoeuvre. 

It also reported various sources of distraction inside the vehicle, including a fully adjustable 

aftermarket laptop mounting system and a computer, compatible with the system. However, the 
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damage sustained by the laptop made it impossible to assess if it was operating at the moment 

of the crash (NHTSA, 2018). 

The 2016 Autopilot accident was not the first fatal crash in which a partially automated driving 

system misperceived a situation that a human driver might have avoided (NHTSA, 2018; Noy 

et al., 2018; The Guardian, 2016b). On January 20th, 2016, there was a similar accident in China. 

On this occasion, a Tesla Model S crashed into a road sweeper present on the motorway’s left 

lane, killing the driver. Video footage and the absence of marks on the road suggest that the 

brakes were not engaged before impact. However, Tesla has never confirmed whether Autopilot 

was active when the accident occurred (CNET, 2016; The Guardian, 2016b; The New York 

Times, 2016). 

In the United States, the 2016 Autopilot accident was followed by two more fatal accidents 

involving Tesla’s Autopilot. On March 23rd, 2018, a Tesla Model X crashed into a highway 

safety barrier killing the driver (BBC, 2020; NTSB, 2020; The Guardian, 2020). An 

investigation by the National Transportation Safety Board (NTSB) identified driver distraction 

and over-trust (i.e., complacency) in the automated system as main causes of the accident 

(NTSB, 2020). The NTSB reported that the driver had probably been distracted by a gaming 

application on his phone, and had not realized that his Tesla had steered into an area of the 

motorway not intended for vehicle travel (NTSB, 2020). NTSB investigations of other crashes 

suggest that drivers frequently over-trust Autopilot, regularly activating it outside its ODD 

(NTSB, 2019;a NTSB, 2020). In another fatal incident in 2019, a Tesla Model 3 (BBC, 2019; 

NTSB, 2019;a ZDNet, 2020) with Autopilot engaged, crashed into a truck that was attempting 

to cross the highway. Although the probable cause of the accident was the truck driver’s failure 

to give right of way, the NTSB report indicated the driver’s overreliance on Autopilot as an 

important factor in the crash (NTSB, 2019a). The same report blamed Tesla for not limiting the 

use of Autopilot to limited-access highways, the ODD for which it is designed (Tesla, 2020). 

In addition to crashes involving Tesla’s Autopilot, it is worth mentioning the first (and only) 

accident in which a pedestrian died after being struck by an automated vehicle. On March the 

18th 2018, an automated Uber experimental taxi, operating at night, struck a jaywalker who was 

crossing a four-lane street in Tempe Arizona (Claybrook & Kildare, 2018; NTSB, 2019b; 

CNBC, 2018; The Verge, 2019). Unlike the accidents with Autopilot – a commercially 

available system – this accident involved a test vehicle in which the factory-installed automated 

emergency braking and forward collision warning systems had been deactivated for 

experimental purposes (NTSB, 2019b). Moreover, the Uber taxi was operated by a “safety 



38 
 

driver” – an operator trained to be alert and intervene if the automated system behaved in an 

unexpected way (Centre for Connected & Autonomous Vehicles, 2019; Waymo, 2019). The 

investigation following the accident showed that, even in these conditions, distraction – in this 

case distraction of the safety driver – strongly contributed to the fatal crash (NTSB, 2019b; The 

Verge, 2019). After analysing Uber’s video footage, NTSB investigators reported that the safety 

driver was visually distracted by a personal phone, glancing down at it throughout the trip 

(NTSB, 2019b). Importantly, the board pointed to Uber’s inability to address “automation 

complacency” (NTSB, 2019b) – a serious problem also observed in the accidents involving 

Tesla’s Autopilot. 

Although the Tesla Autopilot and Uber accidents cited above are well documented, many 

accidents involving automated driving systems go unreported. Furthermore, vehicle 

manufacturers rarely provide information concerning which ADAS were activated and how 

they were functioning at the time of the accident (OVV, 2019). As recently stressed by the 

Dutch Safety Board, lack of transparency on the part of manufacturers makes it difficult to 

estimate the statistical impact of ADAS on road safety (OVV, 2019). 

The fatal accidents described in this section show how over-trust can create serious safety 

issues, which are not necessarily resolved by improvements in vehicle reliability (Carsten & 

Martens, 2019). Automated vehicles, like other automated systems, are subject to the “ironies 

of automation” (see section 1.3). In other words, the better the automation, the less attention 

drivers will pay to the road and to the system, the poorer will be their situational awareness, 

and the less they will be able to take back control of the vehicle during dangerous situations 

(Carsten & Martens, 2019; Seppelt & Victor, 2016; Victor et al., 2018). Of particular concern 

are first-failures: events where automation fails for the first time, after previous flawless 

performance. Studies have shown that responses to such events are poor (Molloy & 

Parasuraman, 1996; Victor et al., 2018; Wickens, Hooey, Gore, Sebok, & Koenicke, 2009), and 

that first-failures have a strong, negative impact on trust (Beggiato & Krems, 2013; Walker, 

Wang, Martens, & Verwey, 2019). Although these failures may be due to actual technical flaws 

of the automated system (e.g., sensor errors or problems concerning the system’s underlying 

algorithms), they often occur when the system is being used inappropriately - outside its ODD.  

1.8 Trust calibration 

Safe interaction with automated driving systems requires an appropriate level of trust – 

calibrated to the reliability of the system (Lee & See, 2004). The process of achieving and 
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maintaining such an appropriate level of trust has been called trust calibration. Trust calibration 

will be the central theme of this thesis.  

Payre et al. (2016) have defined trust calibration as the “match between abilities of the 

automation and the person’s trust in automation” (p. 230); Carsten and Martens (2019) as 

“having accurate knowledge of the system’s capabilities” (p.7), and Khastgir, Birrell, 

Dhadyalla, and Jennings (2017) as “the process of adjusting trust to correspond to an objective 

measure of trustworthiness” (p. 542). In what follows, we will use the definition proposed by 

Lee and See (2004): “the correspondence between a person’s trust in the automation and the 

automation’s capabilities” (p. 55). 

In this setting, it is vital to take account of the situational and dynamic nature of trust, as 

discussed in 1.5.3 and 1.5.4. During driving, the objective reliability of the system varies 

according to the situation. It follows that the appropriate level of trust should also vary in line 

with the objective reliability of the system (Carsten & Martens, 2019).  

1.9 Mitigating under- and over-trust  

Trust calibration implies that drivers adjust their trust and behaviour in line with system 

capabilities and limitations in different situations, and thus that they know these capabilities 

and limitations (e.g., Carsten & Martens, 2019; Chavaillaz, Wastell, & Sauer, 2016; Körber et 

al., 2018; Kunze, Summerskill, Marshall, & Filtness, 2019; Ward, Raue, Lee, D’Ambrosio, & 

Coughlin, 2017).  

Although there have been relatively few suggestions about how to achieve good trust 

calibration, ways of mitigating under- and over-trust can still be identified in the literature. We 

will discuss these in greater detail below. 

1.9.1 The Human Machine Interface 

Drivers’ development of accurate knowledge about an automated vehicle may be facilitated or 

hindered by the Human-Machine Interface (HMI), and thus strongly depends on how well the 

capabilities of the automated driving system are conveyed to its user (Carsten & Martens, 2019; 

Ekman, Johansson, & Sochor, 2018; Forster, Hergeth, Naujoks, & Krems, 2018; Hoff & Bashir, 

2015; Lee & See, 2004, Naujoks, Wiedemann, Schömig, Hergeth, & Keinath, 2019). In this 

respect, Lee and See (2004) stress that automated systems can facilitate the development of 

trust calibration by providing information to its users along two dimensions: abstraction and 

detail. While “abstraction” refers to information about the vehicle’s performance, process and 
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purpose (section 1.4.2), “detail” concerns what is to be trusted – the entire system or its specific 

functions and modes (Kunze et al., 2019; Lee & See, 2004).  

The HMI should not be seen as a mere collection of visual and audio cues which sole purpose 

is to communicate information to the driver. It also includes all the vehicle controls, with 

feedback provided by the pedals, the steering wheel and, more generally, by vehicle dynamics 

(Carsten & Martens, 2019). Therefore, the relationship between the HMI and the user is not 

unidirectional but should rather be seen as a continuous collaboration between the two agents. 

An HMI that encourages appropriate trust, while guiding the driver in actual driving conditions, 

is of crucial importance for the safe use of an automated driving system (Carsten & Martens, 

2019; Lee & See, 2004; Naujoks et al., 2019). Nonetheless, as recently stressed by Ekman et 

al. (2018), although several design recommendations (e.g., Hoff & Bashir, 2015; Lee & See, 

2004) for the improvement of human-automation interaction have been suggested throughout 

the years, relatively few studies have directly addressed how HMIs can mitigate under- and 

over-trust in automated driving technology. In other words, although there is general agreement 

that feedback is needed for the achievement of an appropriate level of trust, more research is 

required to better understand how and when this should be implemented (Ekman et al., 2018). 

Authors have suggested that an appropriate level of trust may be achieved by presenting the 

driver with real-time information concerning the confidence of the automated vehicle’s system 

in its ability to handle the current situation (Beller, Heesen, & Vollrath, 2013; Helldin, Falkman, 

Riveiro, & Davidsson, 2013; Kunze et al., 2019; Seppelt & Lee, 2007). Among these, Helldin 

et al.(2013) conveyed such information through seven bars, displayed on the vehicle’s 

dashboard. Each bar indicated the vehicle’s ability to keep driving automatically, with 7 

indicating “very high ability” and 1 “no ability” (Figure 1.1). Similarly, Kunze et al. (2019) 

communicated the level of vehicle uncertainty through an anthropomorphic feature, simulating 

the heart rate (50, 80, 110, 140 bpm) of the automated system (Figure 1.2), which increased in 

situations where the system was uncertain about its response (Kunze et al., 2019). Both studies 

showed that in situations of low visibility (due to snow or fog), participants who received the 

“confidence” information paid more attention to the road and reported lower trust in the 

simulated automated vehicle once that the situation was over (Helldin et al., 2013; Kunze et al., 

2019). These results stress that providing drivers with additional real-time information 

concerning the reliability of the automated system leads to safer behaviour and suggest that 

calibration of trust – and thus safer human-automation interaction – may require decreases and 

not just increases in driver trust (Helldin et al., 2013; Kunze et al., 2019). 
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Figure 1.1. Graphical display of the car’s ability to keep driving automatically, with 7 indicating “very 

high ability” and 1 “no ability” (Helldin et al., 2013). 

 

Figure 1.2. Graphical display of the automated vehicle’s heartbeat (50, 80, 110, 140 bpm). The higher 

the level of vehicle uncertainty, the faster the heart beat (Kunze et al., 2019). 

1.9.2 Anthropomorphic features 

Kunze et al.'s (2019) findings show how the integration of anthropomorphic features in the 

automated vehicle’s HMI may lead to more appropriate trust levels. Other earlier authors have 

made similar suggestions (de Visser et al., 2012; Forster, Naujoks, & Neukum, 2017; Hoff & 

Bashir, 2015; Lee & See, 2004; Pak, Fink, Price, Bass, & Sturre, 2012; Waytz, Heafner, & 

Epley, 2014).  

These recommendations were tested by Waytz et al. (2014) in a driving simulator study. Here, 

participants experienced an automated vehicle (i.e., lateral and longitudinal control) with or 

without anthropomorphic features. Specifically, the vehicle experienced by drivers of the 

“anthropomorphic group” was given a name (i.e., Iris), a gender (i.e., female) and a voice 

(Waytz et al., 2014). The authors showed that participants reported higher trust towards the 

vehicle with the anthropomorphic features. Forster et al. (2017) recently arrived at similar 

conclusions. The authors tested whether adding speech output to the HMI of an automated 

vehicle equipped with Level 3 technology would increase user self-reported trust towards the 

system. A female voice verbalized the information displayed on the visual HMI (Forster et al., 

2017). As expected, their results showed that participants trusted the anthropomorphised system 
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more, compared to an HMI in which instructions were not verbalized. When speech output was 

integrated in the vehicle’s HMI, drivers attributed higher competence and reliability to the 

automated system (Forster et al., 2017).  

The studies cited above focus on the impact of anthropomorphic design features on trust rather 

than on the reasons for this impact. More importantly, however, the association with higher 

trust does not per se indicate that the integration of human-like features in the vehicle’s HMI 

leads to more appropriate levels of trust. As early as in 2004, Lee and See recommended that 

designers should carefully evaluate features, such as the use of “synthetic conversational 

partners” (p. 74), to ensure that they contribute to this goal.  

1.10 Research gaps and objectives 

From the preceding discussion, it is clear that increases in automated vehicle reliability do not 

automatically lead to a more pleasant and safe driving experience. Human Factors challenges 

need to be addressed. Many of these challenges present a common denominator: users’ trust in 

the automated system. Under-trust may induce drivers to not take advantage of the automated 

vehicle’s functionalities. Over-trust can lead to dangerous outcomes, with drivers using the 

system in situations it cannot cope with. A successful and safe interaction between humans and 

automated driving systems requires trust calibration.  

Figure 1.3 shows a conceptual model which diagrams the frameworks proposed by Lee and See 

(2004), Hoff and Bashir (2015), and Ghazizadeh et al. (2012), but also makes explicit the 

different ways in which engineering interventions can influence the trust calibration process. In 

the model, stable predispositions (dispositional trust), and preliminary information about the 

system (initial learned trust) both impact drivers’ situational trust, that is the trust shown by a 

user in specific situations at specific times. Situational trust may also be affected by vehicle 

behaviour and information provided by the HMI (Figure 1.3). 



 
 

43 
 

 

Figure 1.3. A conceptual model of the dynamic development of calibrated trust (based on Ghazizadeh 

et al., 2012; Hoff & Bashir, 2015; Lee & See, 2004) and the role of possible engineering interventions.  

The use of the system in different situations determines drivers’ dynamic learned trust, which 

develops continuously as users acquire more experience and knowledge concerning how the 

automated vehicle behaves in different driving scenarios (Hoff & Bashir, 2015). Therefore, 

although a driver may generally trust the system (dynamic learned trust), this may not be the 

case in certain situations and under certain circumstances (situational trust) (Marsh & Dibben, 

2003). 

The development of an appropriate level of trust should be seen as a cycle, in which dynamic 

learned trust and vehicle behaviour feed back into situational trust, continuously impacting 

user’s interaction with the system. In our model, each round of the cycle ends with a trust 

calibration assessment, verifying whether there is a mismatch between situational trust and 

vehicle behaviour. If such a mismatch is present, users’ trust towards the automated driving 

system is not well calibrated. 

The model shows two distinct applications of trust measurements. On the one hand, engineers 

can respond to mismatches between user trust and the objective reliability of the automated 

system by modifying the behaviour of the vehicle and/or by changes to the HMI (i.e., during 

the design phase). On the other hand, the automated driving system can use trust measurements 

as a basis for real-time adjustments in vehicle dynamics and/or in the feedback provided through 

the HMI (i.e., in real-time). If successful, both kinds of intervention would modify drivers’ 

situational and dynamic learned trust leading ultimately to improved trust calibration. We will 

return to these themes in the last chapter of this thesis. 
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The review of the literature in the previous sections shows that some of the concepts in the 

conceptual model have received far more attention than others. First, there have been relatively 

few studies to date about the way driver trust varies from situation to situation (situational trust). 

Second, most of the relatively few studies investigating the factors that facilitate or inhibit trust 

calibration have focused on the Human Machine Interface (e.g., Helldin et al., 2013; Kunze et 

al., 2019), leaving other factors unaddressed (e.g., the driver experience in specific situations, 

modifications in vehicle behaviour introduced at design time, dynamic real-time changes in 

vehicle behaviour). Third, the majority of studies have measured trust based on driver self-

reports – a method subject to well-known limitations and biases (see 5.1). There is an urgent 

need for methods that can provide objective real-time measurements of trust as it changes in 

response to different driving situations. 

The studies presented in this thesis attempt to fill some of these gaps. They address the four 

research questions summarized below. Two focus on the relationship between situational trust, 

dynamic learned trust and trust calibration itself. Two address methodological issues. The final 

chapter uses the findings as the basis for recommendations for engineering interventions to 

achieve better trust calibration. Further recommendations address the methodologies they 

should use to obtain the necessary data. On this basis, we describe possible directions for future 

research. In an epilogue, we outline the methodology for a study we had planned to conduct as 

part of this thesis, but which we were unable to complete due to the COVID-19 pandemic. 

Research question 1: What is the effect of on-road experience with Level 2 systems on 

drivers’ trust?  

In Section 1.7, several examples were presented of how drivers’ over-trust in vehicles equipped 

with Level 2 systems can lead to dangerous situations. Although the literature shows that trust 

strongly affects how drivers interact with Level 2 systems and that a clear understanding of 

vehicles’ limitations is important for trust calibration (Dickie & Boyle, 2009; Gold et al., 2015; 

Körber et al., 2018; Koustanaï et al., 2012; Lee & See, 2004; Rajaonah et al., 2008), there is a 

lack of studies addressing how on-road experience with automated vehicles affects drivers’ trust 

in the ability of the vehicle to handle specific situations. Our first study, described in Chapter 

2, addresses this issue and provides useful insights for the other studies described in this thesis.  
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Research question 2: Can driving simulator studies provide valid information on user 

behaviour? 

Our first study was conducted on the road, using commercially available automated vehicles. 

Although on-road studies are fundamental for the investigation of user trust, they provide little 

control over road conditions and vehicle behaviour. Research conducted in driving simulators 

is therefore needed to overcome these challenges. However, some authors have suggested that 

the results of such studies are biased by the absence of the “uncertainty” and “vulnerability” 

drivers experience on the road (e.g., Heikoop, de Winter, van Arem, & Stanton, 2017; Helland 

et al., 2013; Melman, Abbink, van Paassen, Boer, & de Winter, 2018). Given the importance 

of simulator studies for our type of research, we investigated whether mid-level (Kaptein, 

Theeuwes, & van der Horst, 1996) driving simulators, such as the one used in our studies, are 

capable of inducing a sense of presence: the feeling of being and belonging in the virtual 

environment (Slater, Usoh, & Steed, 1994). Demonstration of a high sense of presence would 

be evidence that simulators are a valid tool for the investigation of driver trust. This study is 

presented in Chapter 3. 

Research question 3: How can studies of user trust in specific driving situations inform 

vehicle design? 

A key question that is currently not well addressed in the literature is how to mitigate the 

negative effects of under- and over-trust. Our third study, therefore, investigated engineers’ and 

potential users’ perceptions of reliability of a Level 4 functionality/system, currently under 

development. Since engineers’ evaluations represent the best information available before 

actual road testing, mismatches between engineers’ and users’ perceptions can lead to important 

recommendations for future vehicle design improvements, and thus to more appropriate levels 

of trust. Chapter 4 describes the method and results of the study and discusses their implications. 

Research question 4: How can trust in automated vehicles be measured objectively and 

in real-time? 

In Studies 1-3 we measured trust and other aspects of the user experience through 

questionnaires, the most widely used measure for such studies. Yet, questionnaires are prone to 

social desirability and memory biases, and cannot unobtrusively measure the way drivers’ 

position on the trust spectrum changes through time, making their use unpractical in real-driving 

conditions. In our fourth study, therefore, we investigated the possibility of using measures of 

participants’ gaze behaviour and skin conductance as an objective real-time measurement of 
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trust, providing information that cannot be obtained through questionnaires. This study and its 

implications are discussed in Chapter 5. 
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Chapter 2. What is the effect of on-road experience with 

Level 2 systems on drivers’ trust?  

 

 

This chapter is based on: 

Walker, F., Boelhouwer, A., Alkim, T., Verwey, W. B., & Martens, M. H. (2018). Changes in 

trust after driving Level 2 automated cars. Journal of advanced transportation, vol. 2018, 1-9. 

https://doi.org/10.1155/2018/1045186. (Minor textural changes). 

 

Abstract 

In the present study, we examined if drivers’ trust towards cars equipped with Level 2 

automated systems changed after on-road experience. Drivers’ self-reported trust was assessed 

three times: before having experience with these vehicles, immediately after driving two types 

of vehicles, and two weeks after the driving experience. Analysis of the results showed major 

changes in trust scores after the on-road driving experience. Before experiencing the vehicles, 

participants tended to overestimate the vehicle capabilities. Afterwards they had a better 

understanding of vehicles’ limitations, resulting in better calibrated trust. 
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2.1 Introduction 

Calibrating drivers’ trust in vehicles equipped with automated driving technology requires a 

better understanding of their initial learned trust, and the way their assessments of specific 

situations (situational trust) change after driving experience (dynamic learned trust). Here, we 

studied the interplay between trust and experience, by investigating drivers’ on-road 

interactions with the combination of two Advanced Driver Assistance Systems (ADAS), 

Adaptive Cruise Control (ACC) and Lane Keeping System (LKS). Unlike other studies reported 

in the literature (e.g., Beggiato & Krems, 2013; Gold et al., 2015) that were conducted in driving 

simulators, our own study investigates driver trust after experiencing the vehicle on the road. 

ADAS are technologies that support the human driver in the driving task. This is done by 

providing information and warnings, and automating demanding and repetitive tasks 

(Brookhuis, de Waard, & Janssen, 2001; Gietelink, Ploeg, De Schutter, & Verhaegen, 2006; 

Tigadi, Gujanatti, & Gonchi, 2016). Several modern vehicles present a combination of ADAS. 

The Society of Automotive Engineers has formally classified the systems equipped in these 

vehicles as “Level 2”, or vehicles equipped with “partial automation” (SAE, 20141). With SAE 

Level 2 systems, the driver should always monitor the driving environment and be ready to 

respond to system failures (SAE, 2014).  

The benefits of partial automation will not be realized until vehicles equipped with Level 2 

systems are widely accepted and used on the road (Gold et al., 2015). If drivers do not trust the 

automated system, it is likely that they will overrule the system’s decisions, or not activate it at 

all. This will reduce the potential positive safety impact of the technology (Martens & Van Den 

Beukel, 2013). It is also possible for drivers to overestimate the capabilities of the system, 

relying excessively on SAE Level 2 functions even under unsafe conditions or outside of the 

Operational Design Domain (ODD).  

Studies of automated aircraft, naval and production systems indicate that user trust in 

automation is strongly affected by system performance, unexpected failures of the automated 

system, and predictability of system behaviour (Gold et al., 2015; Lee & See, 2004; Lee & 

Moray, 1992; Muir, 1987; Parasuraman & Riley, 1997). In the automotive domain, several 

studies have analysed drivers’ trust in relation to ACC. ACC is an Advanced Driving Assistance 

System that automatically regulates speed and headway distance. Rajaonah, Anceaux and 

Vienne (2006) used a simulated vehicle equipped with ACC to analyse driver behaviour when 

 
1 The 2018 SAE taxonomy was not available when this paper was published. 
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a truck suddenly cut into the driver’s lane. Trust was measured via self-reports. The study 

identified two groups of drivers: a group that started braking before the truck pulled into their 

lane - correct anticipatory behaviour - and a group that started braking only when the truck was 

already in their lane. The latter behaviour suggests over-trust in the ACC (Rajaonah et al., 

2006). The group that correctly disengaged the ACC before the cut-in event reported high trust 

in their interaction with the ACC system, but not in the system itself. This result suggests that 

this group had a clear understanding of the ACC’s limitations, which may allow appropriate 

trust calibration (Rajaonah et al., 2006). A survey conducted by Dickie and Boyle (2009) 

showed that drivers who are unaware of the way ACC works were unsure about how to use it, 

tending to overestimate the capabilities of the system. The authors argue that the inappropriate 

expectations of “unaware” and “unsure” drivers lead to poor trust calibration (see also Lee & 

See, 2004).  

Following these considerations, Beggiato and Krems (2013) investigated how preliminary 

information concerning ACC and simulated driving experience with the system influences 

drivers’ trust. Participants were divided into three groups. Before experiencing the system, the 

groups received correct, incomplete, or incorrect information about ACC, respectively. The 

authors showed that preliminary information influenced participants’ expectations and their 

initial trust towards the system. Yet, after experiencing the system, drivers’ expectations and 

trust changed. Specifically, trust grew steadily for those participants who received correct 

information about ACC. A similar trend was observed for participants who received 

information about problems which did not actually occur. Conversely, the trust of participants 

who received an incomplete and idealised description of ACC decreased during the driving 

experience (Beggiato & Krems, 2013). In sum, preliminary information form initial 

expectations, which are then updated through experience. The larger the discrepancy between 

expected and actual vehicle reliability, the harder it will be to calibrate drivers’ trust (Beggiato 

& Krems, 2013). 

A driving simulator study by Gold et al. (2015) suggests that actual experience with vehicles 

equipped with SAE Level 3 systems can influence drivers’ trust in the system. In such vehicles 

the system, and not the driver, is responsible for monitoring the driving environment (SAE, 

2014). Thus, in vehicles equipped with Level 3 systems, drivers can perform all sort of activities 

while the car takes care of the driving task. In Gold et al.'s (2015) study participants were briefed 

that the vehicle could cope with most driving scenarios. Thus, monitoring the system was 

unnecessary. Nevertheless, participants were also told that the vehicle could not cope with every 
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driving scenario and that the system would emit a warning signal when it could not cope. 

Participants had seven seconds to take back control of the vehicle. Drivers experienced three 

take over scenarios during a twenty minute simulated drive. Interestingly, drivers’ clearer 

understanding of the vehicles’ limitations (i.e., take-over scenarios) due to on-hand experience 

lead to a decreased perception of safety advantages, but also to an increase in trust. In line with 

these results, a study investigating drivers’ experience with Forward Collision Warnings 

showed that a learning period helped drivers to achieve a better understanding of system 

behaviour, ultimately improving their interactions with the system and increasing their trust 

(Koustanaï et al., 2012). 

Overall, the literature suggests that trust strongly affects how drivers interact with automated 

driving technology, and that a clear understanding of vehicles’ limitations is important for trust 

calibration (Dickie & Boyle, 2009; Gold et al., 2015; Körber et al., 2018; Koustanaï et al., 2012; 

Lee & See, 2004; Rajaonah et al., 2006). Nevertheless, these studies analysed the effect of 

specific ADAS (i.e. ACC, Forward Collision Warnings) or, in the case of Gold et al. (2015), 

systems that are not yet available on the market. They thus provide no information about the 

evolution of drivers’ trust after experiencing Level 2 systems – on simulated or on real roads. 

One notable exception is the study conducted by Endsley (2017a), already described in 1.5.4.  

Against this background, the study reported here explored how on-road experience with 

vehicles equipped with Level 2 systems influences drivers’ trust in automation. In line with the 

literature (e.g., (Beggiato & Krems, 2013; Gold et al., 2015; Koustanaï et al., 2012), we 

expected that real life experience would give drivers a better understanding of system 

behaviour, thereby improving trust calibration. In the study, participants were asked to fill in a 

trust questionnaire before, immediately after, and two weeks after driving two different vehicles 

equipped with Level 2 systems on motorway, urban and rural roads. The impact of the driving 

experience on participants’ trust was assessed through the comparison of the pre and post trust 

scores. The “2 weeks” measurement was included to measure if changes in trust would fade 

after two weeks. Features such as age, gender, and views of new technology were also taken 

into account. To the best of our knowledge and with the exception of Endsley's (2017a) work – 

based on the experience of a single participant – this is the first time trust scores have been 

collected before and after on-road experience with real vehicles equipped with Level 2 systems. 
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2.2 Methods 

2.2.1 Participants 

Participants in the study were all employees of Rijkswaterstaat, the Dutch Ministry of 

Infrastructure and Water Management. None of the participants had driven or been driven (as 

a passenger) in a Level 2 vehicle before joining the study. Drivers were asked to fill in the same 

questionnaire three times (see section 2.4). Only participants who completed all three 

questionnaires (i.e. measurement 0, measurement 1 and measurement 2) were included in the 

analysis. This resulted in a sample of 106 participants of which 77.4% (n = 82) was male. This 

group had a mean age of 43.77 years (SD = 10.14). The youngest participant was 24 years old, 

and the oldest 62. 

2.2.2 Questionnaire 

The questionnaire was composed of 34 items. Of these, 4 concerned participants’ age, gender, 

travelling profile and view with regard to new technology. A subsection of the questionnaire, 

composed of 12 items, investigated drivers’ trust toward Level 2 cars in twelve different 

scenarios. This was the focus of the current study.  

In this section of the questionnaire, participants were first asked to indicate which driving 

scenarios they thought partially automated cars could or could not handle. Then, after 

experiencing the vehicles, participants were asked to imagine driving a Level 2 car in these 

different scenarios. More specifically, drivers were asked to indicate to what extent they trusted 

the system (i.e., the Level 2 car) to cope with each scenario. This was done through the 

statement “I trust that the system can handle the situation, thus, I do not need to take over 

control”. Drivers were asked to indicate, through a 5-point Likert scale (i.e., 1 indicating “I fully 

disagree” and 5 indicating “I fully agree”), how much they agreed with the statement. Each of 

the 12 items was accompanied by an image illustrating the scenario (e.g., Figure 2.1 and 2.2). 

Scenarios were presented in Dutch, and translated into English for this manuscript. The 12 

scenarios were as follows: 

1) You are driving on a highway with an average amount of traffic. The system is set 

to automatically keep distance from the vehicle in front, and to keep within the lane 

(see Figure 2.1). 
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Figure 2.1. Picture following description of scenario 1. 

2) You drive on the highway and the vehicle in front brakes hard (see Figure 2.2). 

 

Figure 2.2. Picture following description of scenario 2. 

3) A car overtakes you from the right lane. 

4) You drive on the highway with a lot of rain, so the visibility is poor. 

5) You drive in a work area with yellow road marking in addition to the normal white 

road marking. 

6) A car merges in from the right lane and has a much lower speed than yours. 

7) A deer suddenly crosses the highway – a situation in which normally you would 

brake. 

8) The lane where you drive ends, you need to move to the lane to your right. 

9) You are approaching a curve on the highway. 

10) You are driving on the highway behind a motorcycle instead of behind a car. 

11) You are driving on the highway and the speed limit decreases. Your speed should 

adapt to the new speed limit. 

12) You are driving at night on the highway. 
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2.3 Vehicles 

The following Level 2 vehicles, all 2016 models, were selected for the study: two Tesla (a 

Model S and a Model X), two Mercedes (an E-200 and an E-350E), and two Volvo (a XC90 

and a V90). All the vehicles were equipped with similar SAE Level 2 functions.  

2.3.1 Tesla Model S and Model X 

Tesla’s combination of Advanced Driving Assistance Systems (ADAS) falls under the name of 

Autopilot (Tesla, 2017a). Tesla’s Autopilot features Automatic Emergency Braking (AEB), 

Lane Keeping capabilities (i.e., “Autosteer”) and ACC (Tesla, 2017b, 2017c). Autopilot also 

allows the vehicle to automatically change lanes when prompted by the driver’s tap on the turn 

signal lever (Tesla, 2017a). The 2016 version of Tesla’s Autopilot could already detect 

pedestrians, a feature later significantly improved through the v8.0 software update (Tesla, 

2017d).  

2.3.2 Mercedes E-200 and E-350-E 

Mercedes’s combination of ADAS is known as Drive Pilot (Mercedes-Benz, 2016). Drive Pilot 

features Active Break Assist, ACC (i.e., “Distronic Cruise Control”), and Lane Keeping 

functions (i.e., “Active Lane Keeping Assist”). Other ADAS include Speed Limit Pilot. This is 

a sub-function of Drive Pilot that detects speed limits and adjusts the vehicle’s speed 

accordingly. Like the Tesla, the Mercedes E class comes with Active Lane Change Assist, 

allowing the driver to initiate an automatic lane change by lightly touching the turn control 

(Mercedes-Benz, 2017b). Drive Pilot does not provide pedestrian detection. Pedestrian and 

animal recognition was implemented in the 2017 models through the Intelligent Drive software 

update (Mercedes-Benz, 2017a). However, the study reported here only used 2016 models. 

2.3.3 Volvo XC90 and V90 

Pilot Assist is the name chosen by Volvo to describe the combination of ADAS in their XC90 

and V90 2016 models (Volvo, 2016b; 2016c). Pilot Assist features ACC, AEB, and Lane 

Keeping functions. Volvo vehicle user manuals clearly specify that Pilot Assist is not a collision 

warning system: even if Pilot Assist can detect leading vehicles, it cannot detect pedestrians, 

cyclists, animals and motorcycles (Volvo, 2016c, 2016b). Pilot Assist II, implemented in the 

Volvo XC90 2017 model (thus, not available for this study) features pedestrian, cyclist and 

Large Animal Detection functions (Volvo, 2016a). Unlike Tesla’s Autopilot and Mercedes’s 

Drive Pilot, Volvo’s Pilot Assist does not support lane changing.  
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2.4 Procedure 

Five separate driving sessions were organised. Each participant joined only one of the five 

sessions. Participants were asked to fill in the same questionnaire (see section 2.2.2) three times: 

before the session (i.e. “measurement 0”); immediately after the session (“measurement 1”); 

and two weeks after the session (“measurement 2”). In each session, participants drove and 

were also passengers in two of the Level 2 vehicles described earlier (see section 2.3). Each 

vehicle carried a driver, two passengers in the back seats (also participants in the study) and a 

PRO DRIVE expert or car dealer expert in the front passenger seat. The expert explained the 

functionalities of the vehicle and made sure that overreliance in automation would not lead to 

dangerous situations. The expert also prompted participants to use the vehicle’s Level 2 

functions. In each driving session, participants drove on a predefined route that consisted of a 

motorway, an urban and a rural road for a total duration of ~ 20 minutes. 

2.5 Analysis 

A Bonferroni correction was applied to reduce the likelihood of Type I Errors. The corrected 

p-value was calculated by dividing the alpha-value (αoriginal = .05) by the number of scenarios 

(12): (αaltered = .05/12) = .004. A Friedman test was used to assess differences between 

measurement 0 (m0), measurement 1 (m1) and measurement 2 (m2). If differences between the 

three measurements were found, a Wilcoxon Signed Ranks test was used to assess differences 

between m0 and m1, m0 and m2, and m1 and m2. If the Friedman test showed differences 

between the three measurements, a Mann-Whitney U test was performed to analyse the effect 

of gender. A Kruskal-Wallis test was used to analyse innovation and age effects.  

2.6 Exclusions 

Participants who did not fill in the questionnaire at all three time points (i.e. m0, m1, and m2) 

were excluded from the analysis. 60 participants were excluded on these grounds. Missing 

values for any of the 12 items were replaced by the mean of the other participants’ responses. 

Missing values were only present at m1. In no case were there more than four missing values 

for a single scenario.  
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2.7 Results 

2.7.1 Participants 

None of the participants selected for this study had ever experienced a Level 2 car, as a driver 

or a passenger. Of the final sample of 106 participants, 46.7% of the drivers reported that they 

used their car more often than public transport, 37.1 % reported that they used public transport 

more than the car, and 16.2% reported equal use. None of the respondents reported exclusive 

use of public transport or the car. Questioned about their attitudes to new technology, 1.90% 

viewed themselves as innovators, 20.8% as early adopters, 48.10% as early majority, 28.30% 

as late majority, and 0.9% as laggards. For the purposes of the subsequent analysis, these 

categories were condensed into three innovation profiles: “innovators/early adopters”, “early 

majority”, and “late majority/laggards”. A Mann-Whitney test showed a significant main effect 

of gender on innovation profile, with men considering themselves more innovative than women 

(U = 736.50; p = .043). Ages were categorized into three groups: <35, 35-50, 50+. 

Questionnaire responses showed no significant effect of age, gender or innovation profile (data 

not shown).  

2.7.2 Responses to questionnaire 

For seven of the twelve scenarios, Wilcoxon Signed Ranks tests showed significant differences 

(i.e. p <= .004) between m0 and m1 (see Figure 2.3 and Table 2.1). In scenarios 1 and 2 (see 

Figure 2.3 and Table 2.1), trust increased after vehicle experience. All the Level 2 vehicles 

included in this study could cope with scenario 1 and 2. In scenario 1 (ACC and Lane Keeping), 

the high scores reported at m0 (M = 4.21) showed relatively high trust for the ACC and Lane 

Keeping functions of the systems. The increase in trust reported at m1 (M = 4.62) suggests that 

the vehicles’ ACC and Lane Keeping functions exceeded participants’ expectations. In line with 

these results, drivers’ responses to scenario 2 (Brake preceding vehicle) suggest that vehicle 

experience had a positive impact on participants’ trust ratings. 

In scenarios 4, 7, 8, 9 and 12, Wilcoxon Signed Ranks tests showed significant decreases in 

drivers’ trust after vehicle experience (see Figure 2.3 and Table 2.1). In scenario 4 (rain), 

drivers’ trust decreased after they had driven the vehicles, suggesting an initial overestimation 

of the vehicles’ capabilities. Bad weather still represents a challenge for Level 2 technology, 

for instance because it makes it more difficult to detect road markings. Even though participants 

did not directly experience this scenario, the drop in trust from m0 (M = 2.96) to m1 (M = 2.57) 

can probably be explained by a clearer understanding of vehicles’ limitations. Scenario 7 



56 
 

(crossing deer) implies that the vehicle should automatically brake in response to a crossing 

deer. Animal detection currently represents a big challenge for automakers, and none of the 

2016 vehicles selected for the study were equipped with this feature. Even though none of the 

drivers experienced this scenario on the road, the reported decrease in trust from m0 (M = 2.69) 

to m1 (M = 2.20) suggests a better understanding of the systems’ limitations after the driving 

experience. None of the Level 2 vehicles were capable of handling scenario 8 (merging from 

left lane). As with scenario 7, drivers’ decrease in trust from the pre to the post measurements 

suggests an initial overestimation of the vehicles’ capabilities, but also a clearer understanding 

of the systems’ limitations after on-road experience with the vehicles. In scenario 9 (curve on 

motorway), even when Lane Keeping functions were activated, the selected Level 2 vehicles 

would occasionally stray out of lane when facing tight curves. Most drivers experienced this 

systems’ limitation, and their trust decreased from m0 (M = 3.63) to m1 (M = 2.81). Drivers 

did not have the chance to experience scenario 12 (driving at night). Here, drivers’ trust 

decreased from the pre (M = 3.61) to the post (M = 3.28) measurement. In scenario 10 (driving 

behind a motorbike), no significant difference was found between m0 and m1. However, the 

Wilcoxon Signed Ranks test showed a significant difference between m0 (M = 3.5) and m2 (M 

= 3.15).  

A Friedman test showed no significant differences across measurements for scenario 3, 5, 6 and 

11 (see Figure 2.3 and Table 2.1). The low trust scores observed for scenario 3 (car overtakes 

from right lane) indicate that drivers did not trust the vehicles to cope with this scenario, and 

that this did not change after their experience with the vehicles. A car overtaking from the right 

lane represents a dangerous situation. Nevertheless, Autopilot, Drive Pilot and Pilot Assist 

would be able to detect the oncoming vehicle. Even if drivers did not directly experience 

scenario 5 (work area), the selected Level 2 vehicles do not perform well with mixed white and 

yellow road markings. 

In scenario 6 (car merging from right), as in scenario 3, the absence of an effect across 

measurements suggests that participants are unsure of how the systems could handle this 

situation. In scenario 11 (adapting to speed limit), the absence of any significant difference 

between the three measurements is likely due to the fact that most participants did not have the 

chance to experience the scenario. In reality, of the vehicles used in the study, only the 

Mercedes’ E class was capable of adapting to speed limits. 
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Figure 2.3. Questionnaire results. Scenarios (S) one to twelve are displayed from left to right, 

respectively. For the scenarios 1 and 2, drivers’ trust significantly increased after experiencing the 

vehicles. Conversely, for scenarios 4, 7, 8, 9 and 12, drivers’ trust significantly decreased after 

experiencing the vehicles. No significant trust changes between pre and post measurements were found 

for scenario 3, 6 and 11. For scenario 10, significant differences were found between the pre and the “2 

weeks measurement” (i.e. m2), but not between m0 and m1. α = .004. Error bars were calculated based 

on the standard error of the mean. 
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Table 2.1. Questionnaire results. A Friedman test was performed for an analysis of the variances of m0 (measurement 0), m1 (measurement 1) and m2 

(measurement 2). Wilcoxon Signed Ranks test was used for pairwise comparisons (i.e. m0 vs m1, m0 vs m2, m1 vs m2).* significant (p < .004). 

 

N = 106 

Scenario Missing values Friedman test Mean m0 Mean m1 Mean m2 M0 vs m1 M0 vs m2 M1 vs m2 

1) You are driving on a highway with an 

average amount of traffic. The system 

is set to automatically keep distance 

from the vehicle in front, and to keep 

within the lane. 

4 χ2 = 23.096, p < 

.001* 

4.21 4.62 4.43 Z = -3.927, p < .001* Z = -2.511, p = .012 Z = -2.360, p = .018 

2) You drive on the highway and the 

vehicle in front brakes hard. 

3 X2 = 26.315, p < 

.001* 

3.49 4.04 3.87 Z = -4.014, p < .001* Z = -3.390, p = .001* Z = -2.024, p = .043 

3) A car overtakes you from the right 

lane. 

1 X2 = 2.537, p = 

.281 

1.92 2.09 1.99 Z = -1.065, p = .287 Z = -.444, p = .657 Z = -.676, p = .499 

4) You drive on the highway with a lot of 

rain, so the visibility is poor. 

0 X2 = 6.483, p = 

.039 

2.96 2.57 2.71 Z = -3.390, p = .001* Z = -2.212, p = .027 Z = -1.484, p = .138 

5) You drive in a work area with yellow 

road marking in addition to the normal 

white road marking. 

2 X2 = 8.130, p = 

.017 

2.01 1.85 1.80 Z = -1.883, p = .06 Z = -2.211, p = .027 Z = -0.668, p = .504 

6) A car merges in from the right lane and 

has a much lower speed than yours. 

1 X2 = 0.087, p = 

.957 

3.24 3.24 3.26 Z = -.092, p = .926 Z = -.327, p = .744 Z = -.235, p = .814 

7) A deer suddenly crosses the highway 

– a situation in which normally you 

would brake. 

1 X2 = 19.196, p < 

.001* 

2.69 2.20 2.08 Z = -3.437, p = .001* Z = -4.026, p < .001* Z = -1.233, p = .218 

8) The lane where you drive ends, you 

need to insert the lane to your right. 

0 X2 = 31.848, p < 

.001* 

2.93 2.23 2.24 Z = -4.658, p < .001* Z = -4.641, p < .001* Z = -0.329, p = .742 

9) You are approaching a curve on the 

highway. 

4 X2 = 48.771, p < 

.001* 

3.63 2.81 2.52 Z = -5.239, p < .001* Z = -6.326, p < .001* Z = -2.556, p = .011 
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10) You are driving on the highway 

behind a motorbike instead of behind 

a car. 

1 X2 = 13.076, p = 

.001* 

3.5 3.43 3.15 Z = -0.578, p = .564 Z = -3.003, p = .003* Z = -2.970, p = .003* 

11) You are driving on the highway and 

the speed limit decreases. Your speed 

should adapt to the new speed limit. 

3 X2 = 2.299, p = 

.317 

3.71 3.30 3.37 Z = -2.402, p = .016 Z = -2.253, p = .024 Z = -.405, p = .686 

12) You are driving at night on the 

highway. 

0 X2 = 13.292, p = 

.001* 

3.61 3.28 3.26 Z = -2.989, p = .003* Z = -3.214, p = .001* Z = -0.180, p = .857 
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2.8 Discussion 

While engineering developments are moving fast, there is still little understanding of how 

drivers interact with automated driving technology. The study of drivers’ trust in automation 

represents a fundamental challenge for current and future Human Factors research. Importantly, 

the goal should not be to maximize users’ trust toward the technology, but to align drivers’ 

subjective feelings of safety with the actual reliability of the vehicle (Lee & See, 2004). In this 

respect, a decrease in trust is not a negative outcome per se: if, for example, vehicles are 

incapable of handling a specific driving scenario (e.g., deer crossing the road), decreases in trust 

suggest an improvement in trust calibration. More generally, if drivers overestimate the 

capabilities of the system, a better understanding of vehicles’ limitations after vehicle 

experience can lead to a decrease in trust. Conversely, if drivers underestimate the capabilities 

of the system, a better understanding of the vehicles’ functionalities can lead to increased trust 

(Muir, 1987).  

Bearing these considerations in mind, determining the “correct” level of trust for particular 

driving scenarios is a challenging task, particularly in realistic driving conditions where road 

conditions change continuously and unexpected issues can compromise the safety of the driver 

at any moment. Nonetheless, observed changes in drivers’ trust after vehicle experience in 

specific situations (situational trust) were in the direction we would expect if drivers had 

improved their understanding of vehicles’ limitations and capabilities (dynamic learned trust). 

More specifically, the results of the study suggest an improvement in trust calibration in seven 

out of twelve scenarios. In one scenario (i.e., work area) drivers already showed correct trust 

calibration and this was maintained after the driving experience. In three scenarios the changes 

observed were not significant.  

Notably, improved trust calibration involved both increases and decreases in trust. After vehicle 

experience, drivers showed increased trust in vehicles’ ACC and Lane Keeping capabilities. In 

the other five scenarios where we observed a change in trust, we observed a reduction in trust 

– reflecting a better understanding of the vehicles’ capabilities. Specifically, drivers seem to 

have understood that weather conditions can have a major impact on the reliability of the 

system, that they cannot rely on the emergency braking system when a deer suddenly crosses 

the highway, that the current Level 2 systems do not have the capability to merge autonomously, 

that automated vehicles with Lane Keeping functionality can stray out of lane when facing tight 

curves, and that they should not blindly rely on automation in low visibility conditions. 
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When asked if the system could work optimally when driving behind a motorcycle (instead of 

behind a car), drivers’ trust did not change immediately after experiencing the vehicles. 

However, drivers’ trust appeared significantly lower in the “2 weeks” measurement. In a recent 

study by Lenkeit (2016), motorcycles were inadequately detected in more than 40% of cases 

(against a ~4% failure rate for detection of cars). In sum, vehicle detection systems are still far 

from perfect. Even if this scenario was not directly experienced by our participants, drivers’ 

trust was better aligned to the actual reliability of the systems after on-road driving experience. 

The fact that participants’ decrease in trust occurred only two weeks after experiencing the 

vehicles, could indicate that they needed more time to process this specific scenario. 

Nevertheless, since trust did not change immediately after vehicle experience, we cannot 

decisively conclude that the driving session was the main factor leading to improved trust 

calibration.  

Participants’ initial trust scores, before their driving experience (initial learned trust), suggest 

a general overestimation of vehicles’ capabilities. Drivers had no experience with the selected 

systems and their expectations of system behaviour may have been influenced by media reports 

and corporate public relations efforts (PR). “Self-driving cars” are currently a hot topic, leading 

to increased awareness of the presence and promises of the technology (Panetta, 2017; 

Trübswetter & Bengler, 2013). News agencies, dealers and manufacturers often suggest that 

fully automated vehicles will soon be cruising our roads (e.g., in 2016, Tesla’s website opens 

with the statement “Full Self-Driving Hardware on All Cars”). In reality, however, many 

analysts believe that full automation is still decades away (e.g., Bansal & Kockelman, 2017; 

Litman, 2014; Lumiaho & Malin, 2016). Thus, the initial overestimation of vehicles’ 

capabilities seen in our participants might be the result of erroneous beliefs and expectations 

concerning the status of available driving technology. 

In the scenarios where we found differences between the pre and post measurement, no 

differences were found between the post and the “2 weeks” measurement (see Table 2.1). This 

suggests that the impact of the driving experience on drivers’ trust was relatively stable. No 

differences between the pre and the “2 weeks” measurement were found when drivers were 

questioned about the ACC and Lane Keeping functions of the Level 2 vehicle (i.e., scenario 1), 

nor when they were asked if the system could optimally function in low visibility conditions 

due to heavy rain (i.e., scenario 4). In these two scenarios, the driving experience had a direct 

positive impact on drivers’ trust but the effect did not seem to last. In the other scenarios, where 
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differences between the pre and post measurements were found, differences were also found 

between the pre and the “2 weeks” measurement.  

Our study presents several limitations that should be acknowledged. Participants drove two 

different vehicles before completing the post questionnaires (i.e., immediately after the driving 

session and two weeks after the driving session). The systems equipped in these vehicles were 

all categorized as Level 2 and presented comparable Level 2 functions. Nevertheless, we cannot 

assess from the questionnaire data if one vehicle influenced trust scores more than the other. 

The event started with a presentation, in which the concept of “partial automation” was 

introduced to the participants for the first time. Furthermore, during every drive, a vehicle 

expert explained the Level 2 functions available in the vehicle and prompted the drivers to use 

them. We cannot assess if trust scores were mainly influenced by the participants’ on-hand 

driving experience, by the initial presentation, by the experts’ feedback, or by a combination of 

these factors. Finally, data was collected during five separate driving sessions. Varying weather 

conditions between sessions may have affected drivers’ trust scores. 

To our knowledge, this study represents one of the first attempts to measure changes in trust 

after drivers’ experience with real vehicles equipped with Level 2 systems. Overall, our results 

suggest that hands-on experience with Level 2 vehicles helps trust calibration. Drivers 

interested in purchasing a vehicle equipped with a Level 2 system should be given the chance 

to drive the car along with someone (e.g., car dealer) who is fully aware of its functionalities. 

Such a procedure is likely to improve driver’s understanding of the vehicles’ capabilities, and 

trust calibration even beyond situations that are not specifically encountered during the on-road 

experience. Carefully organised instruction and on-road experience seem crucial for safe 

driving, simultaneously improving sales, encouraging uptake, and helping to realize the 

technology’s potential benefits for drivers and society as a whole. 

2.9 Conclusion 

In this study we analysed participants’ trust in the ability of the vehicle to handle specific 

situations before (i.e., pre-measurement), immediately after (i.e., post-measurement), and two 

weeks after (i.e., “2 weeks” measurement) on-road driving experience with automated vehicles 

equipped with Level 2 systems. The results showed that in most cases driving experience led to 

improvements in trust calibration after the real-life driving experience. These improvements 

were experienced by all drivers, independent of age, gender and innovation profile. 
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2.10 Data availability 

The data collected during the study are freely available at: osf.io/f7rm9. 
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Chapter 3. Can driving simulator studies provide valid 

information on user behaviour? 

 

 

This chapter is based on: 

Walker, F., Hauslbauer, A., Preciado, D., Martens, M. H., & Verwey, W. B. (2019). Enhanced 

perception of risk in a driving simulator. International Journal of Human Factors Modelling 

and Simulation, 7(2), 100-118. https://doi.org/10.1504/IJHFMS.2019.105428. (Minor textural 

changes). 

 

Abstract 

One major concern with driving simulator studies is the lack of perceived risk for participants. 

This has led some authors to question the behavioural validity of simulator-based research. In 

this study, we investigated this concern by compensating for the possible perceived absence of 

risk with an anxiety-inducing risk factor: participants were told that if they had a collision, they 

would receive a mild electric shock. We hypothesized that the addition of the new risk factor 

would increase participants’ “sense of presence” – the feeling of truly being and belonging in 

the virtual environment. We also analysed their driving behaviour, physiology, anxiety, and 

workload. Overall, we observed very few differences between the threat and the control group: 

both reported a strong sense of presence. This suggests that, even without the risk of physical 

harm, mid-level driving simulators already elicit a strong sense of presence and that the “lack 

of physical crash risk” is unlikely to affect study results. 
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3.1 Introduction 

Although our first study was conducted on the road, other tests with commercially available 

automated vehicles, or higher levels of automation, can only be performed in a driving 

simulator. Unlike driving on open roads, driving simulators provide a highly controllable 

environment, which allows researchers to safely monitor and record driver behaviour (Godley, 

Triggs, & Fildes, 2002; Nilsson, 1993), and to test systems and situations that cannot be safely 

investigated in real-life. Driving simulators are also used for other purposes, including driver 

training (Casutt, Theill, Martin, Keller, & Jäncke, 2014), early stage testing of road design 

(Keith et al., 2005), medical research (Helland et al., 2013), and Human Factors research (e.g., 

Ahlström, Anund, Fors, & Åkerstedt, 2018; Slater et al., 1994). Nevertheless, to be truly 

valuable, they need to provide some form of validity. There are different categories of validity 

(for an overview see Mullen, Charlton, Devlin, & Bedard, 2011). Of these, behavioural validity 

– the extent to which the simulated environment elicits behaviour that would be observed on 

the actual road – is very important. In other words, results collected in the simulator need to 

reflect real world behaviour (Kaptein et al., 1996; Mullen et al., 2011; Risto & Martens, 2014). 

Behavioural validity can be further categorized into absolute and relative validity, with the 

former describing the absolute size of the effect, and the latter its direction and magnitude 

(Kaptein et al., 1996; Wang et al., 2010): for example, participants may drive at different speeds 

in the simulator and in the real world (i.e., absolute validity). However, in response to a specific 

threat, participants’ speed may still decrease in a comparable way in both settings (i.e., relative 

validity). As shown by Burnett, Irune and Mowforth (2007), the behavioural validity of driving 

simulators is enhanced when the driver is truly immersed in the virtual environment, feeling a 

sense of “being there”. This feeling is known as “sense of presence” (Slater et al., 1994).  

Sense of presence is a multidimensional construct, strongly influenced by numerous factors, 

including the individual’s involvement, the possibility of exploring and interacting with the 

virtual environment, and the realism of the overall experience (Krauss, Scheuchenpflug, 

Piechulla, & Zimmer, 2001; Schubert, Friedmann, & Regenbrecht, 1999). Users of a Virtual 

Reality (VR) tool can subjectively quantify their “sense of presence” through self-reports on 

standardized scales (e.g., Krauss et al., 2001; Lessiter, Freeman, Keogh, & Davidoff, 2001). 

We can also measure objective aspects of “immersivity” (Kalawsky, 2000; Slater, 1999; Slater 

et al., 1994), such as the extent of the visual field (Lessiter et al., 2001). With its bigger screen, 

an IMAX cinema leads to a more immersive experience than a mobile phone. However, 

immersion and presence are different concepts. While the former refers to the objective 
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properties of the simulation, the latter indicates the extent to which the personal experience of 

the individual is comparable to real world experience (Krauss et al., 2001; Lessiter et al., 2001; 

Slater et al., 1994). 

Importantly, presence is strongly influenced by the emotional valence of the environment 

(Baños et al., 2004; Krauss et al., 2001). For example, Alsina-Jurnet and Gutiérrez-Maldonado 

(2010) exposed groups of students to a virtual exam situation, using neutral environments, such 

as an empty living room, as a control. The exam was designed to induce anxiety. The authors 

found that, during the exam, students felt a greater sense of presence than in the neutral 

environment. Based on this result, they concluded that affective content increases the sense of 

presence in VR. Other studies reviewed in Diemer, Alpers, Peperkorn, Shiban and Mühlberger 

(2015) reached a similar conclusion. However, the authors point out that more research is 

needed to clarify the link between presence and affective content in virtual environments. In 

addition, researchers have struggled to pin point physiological markers for the sense of presence 

(Felnhofer et al., 2014; Schuemie, van der Straaten, Krijn, & van der Mast, 2001). Nevertheless, 

several authors have shown that the immersion in virtual and mediated (e.g., projected, 

broadcasted, etc.) environments may produce the same physiological responses observed in the 

real world (e.g., de Kort, Meijnders, Sponselee, & IJsselsteijn, 2006; Valtchanov, 2010). 

Although the relative validity of driving simulators has been established through a number of 

studies (e.g., Godley et al., 2002; Kaptein et al., 1996; Klüver, Herrigel, Heinrich, Schöner, & 

Hecht, 2016; Meuleners & Fraser, 2015) and is also supported by anecdotal evidence, it is 

plausible that the lack of accident risk in simulated driving affects users’ sense of presence 

(Espié, Gauriat, & Duraz, 2005; Helland et al., 2013; Melman et al., 2018). In a simulator, 

unlike on the road, users’ actions can never lead to actual physical harm. We therefore 

hypothesized that we could improve users’ sense of presence by inducing anxiety in our 

participants in a different way.  

The “threat of shock” is a well-known and well-established fear conditioning paradigm, that 

has been repeatedly shown to induce anxiety (e.g., Cornwell, Garrido, Overstreet, Pine, & 

Grillon, 2017; Robinson, Vytal, Cornwell, & Grillon, 2013), even in virtual environments 

(Baas, Nugent, Lissek, Pine, & Grillon, 2004). Following this paradigm, the aversive stimuli of 

our study consisted of small electric shocks, which are highly controllable and reproducible and 

are thus ideal for testing purposes. Participants were divided into a threat and a control group. 

Participants in the threat group were told that if their simulated vehicle had a collision, they 

would receive an electric shock. Participants in the control group did not receive any shocks, 
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and were unaware that shocks were delivered to the experimental group. The intensity of the 

shock given to members of the threat group was determined using a six-step procedure. 

Importantly, we did not expect our participants to crash, and even when they did, they did not 

receive an actual shock. Thus, small shocks were delivered only during the six-step procedure, 

to convince participants that this was actually what was going to happen if they had a virtual 

collision. Our goal was to induce anxiety and not pain. As shown by Phelps et al. (2001), the 

sole expectation of an aversive event is sufficient to induce anxiety.  

During the study, we collected continuous data on participants’ electrodermal activity (EDA) 

and heart rate (HR). EDA reflects changes in skin conductance, which is continuously 

modulated by the sympathetic nervous system, and is not under conscious control (Braithwaite, 

Watson, Jones, & Rowe, 2015; Christie, 1981; Critchley, 2002). Meehan (2000) reports a link 

between EDA and sense of presence in VR. In this study, participants were asked to move from 

a virtual training room to a virtual experiment room with a deep pit in the floor. The perceived 

risk of falling into the pit increased participants’ self-reported sense of presence and their EDA. 

On this basis, we expected that the anxiety induced by the perceived risk of receiving a shock 

could also lead to higher EDA. 

Concerning HR, several studies suggest that anxiety leads to increased HR (e.g., Hjortskov et 

al., 2004; Vrijkotte, van Doornen, & de Geus, 2000). However, others have failed to confirm 

this link (e.g., Bassett, Marshall, & Spillane, 1987; Jorna, 1993). We therefore investigated HR 

in an exploratory fashion, with the goal of contributing to what is still an open debate. In 

addition to taking physiological measurements, we also administered standardized 

questionnaires to assess users’ sense of presence, anxiety, and mental workload. In line with 

the literature, we expected these scores to be higher in the threat group than in the control group. 

Finally, we characterized participants’ driving behaviour. We expected that the threat group 

would drive more carefully than the control group. Specifically, we expected them to drive at 

lower speed (as shown by Schmidt-Daffy, 2013), and to use the brake pedal more often. We 

also expected participants to show an increased steering reversal rate (i.e., a change in the 

direction of movement of the steering wheel from a clockwise to a counter clockwise direction, 

or vice versa) (Green, 2013). Studies have found that steering reversal rates are positively 

correlated with workload (Faure, Lobjois, & Benguigui, 2016; Nakayama, Futami, Nakamura, 

& Boer, 1999) and that fatigued drivers tend to decrease steering movements (Feng, Zhang, & 

Cheng, 2009; Krajewski, Sommer, Trutschel, Edwards, & Golz, 2009).  
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In summary, our study investigated whether tuning the risk associated with a (simulated) car 

crash affects driving behaviour. To do this, through the threat of receiving a mild electric shock, 

we added affective content (i.e., anxiety) to the simulated driving experience. We expected that 

this would increase participants’ sense of presence and clarify the link between sense of 

presence and anxiety.  

3.2 Methods 

3.2.1 Participants 

Thirty-two university students (23 males and 9 females), recruited through the institution’s 

Sona Systems webpage, participated in the study. Their ages ranged from 20 to 27 years (M = 

23.8, SD = 4.2). All participants had held a driver’s licence for at least two years. None of them 

commonly suffered from car-sickness. Students received monetary compensation (€ 6 per 

participant) or study credits for their participation. None of the participants had ever been in a 

driving simulator before, and all of them reported normal or corrected-to-normal vision. Given 

the use of electric shocks, strict exclusion criteria were set to ensure participants’ safety: 

pregnant women, individuals experiencing epilepsy, seizures, cardiac illness (or related 

conditions), or having neurological, psychiatric or psychological conditions, were excluded, as 

were participants with pacemakers or other implanted electric devices. One participant 

experienced motion sickness in the first stages of the experiment. The data for this participant 

was excluded from the analysis, and the participant was replaced by a newly recruited one. The 

study was approved by the ethics board of the Faculty of Behavioural, Management and Social 

Sciences at the University of Twente. 

3.2.2 Task 

Participants were randomly assigned to the threat or the control group. Both groups were 

instructed to drive freely in the simulated environment for 15 minutes, and to behave as they 

would normally on a real road. Additionally, participants of the threat group were told that if 

they collided with another car, pedestrian or building, they would receive an electric shock to 

the left ankle. Before starting the task, the intensity of the shock was personalised by means of 

a six-step procedure. The procedure was performed only with the threat group, and not with the 

control group. It started with a first 1 Volt shock. In line with previous studies (e.g., Baas et al., 

2004; Baas et al., 2009; Preciado, Munneke, & Theeuwes, 2017), the participant rated the shock 

on a Likert scale from 1 to 5 (1 = “not perceptible”; 5 = “highly annoying”). According to the 

participant’s rating, the shock intensity for the consecutive shock was increased or decreased. 
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For instance, a rating of 2 (“mildly annoying”) for the first shock resulted in an increase of 0.3 

Volt for the second shock. The rating of this second shock was then used to increase or decrease 

the intensity of the third shock, and so on (see Appendix A). Thus, the final voltage, established 

after the sixth shock, differed among participants. All shocks had a duration of 26 ms. This is 

the shortest shock that could be delivered through the Digitimer DS5, and was considered 

adequate by our ethics committee. Participants were told that, in the event of a collision, they 

would receive a shock with the intensity determined through this procedure. 

3.2.3 Measures 

Self-reported Sense of Presence 

Sense of presence was measured using the ITC-Sense of Presence Inventory (ITC - SOPI). This 

is a standardized questionnaire, developed by Lessiter et al. (2001). Participants’ responses 

were measured on four subscales. Sense of Physical Space includes questions on the interaction 

with, and physical placement in, the simulated environment; Engagement assesses the tendency 

to feel psychologically involved with the content presented in the environment; Ecological 

Validity evaluates if the simulated environment is perceived as lifelike and real; Negative 

Effects relates to adverse physiological reactions such as eyestrain or dizziness (Lessiter et al., 

2001). 

Self-reported Anxiety 

Anxiety was measured using the State-Trait Anxiety Inventory (STAI – Spielberger, Gorsuch, 

Lushene, Vagg, & Jacobs, 1983). This standardized questionnaire consists of two independent 

subsections. The first measures state anxiety, i.e. anxiety triggered by one or more specific 

events. The second section measures trait anxiety, i.e. a personality feature - the stable tendency 

to experience state anxiety across many situations (Gidron, 2013; Spielberger et al., 1983).  

Self-reported Workload 

Workload was measured using the full online version of the NASA Task Load Index (NASA – 

TLX). This is a standardized questionnaire, divided into six subscales: Mental, Physical and 

Temporal Demands, Frustration, Effort and Performance (Hart & Staveland, 1988). Once 

completed, a score for each subscale of the questionnaire and an overall workload score is 

computed. 

Electrodermal activity (EDA) and heart rate (HR) 

The Empatica E4 wristband was used to measure EDA and HR. The E4 is a wireless wearable 

device, designed for continuous physiological data acquisition. Data is sampled at 4 Hz, and 



 
 

71 
 

acquired via two ventral wrist electrodes (Empatica, 2018). The Empatica E4 wristband was 

placed on participants’ left wrist. EDA and HR data was acquired solely during the driving 

session, and not while participants were filling in questionnaires. 

Driving behaviour 

Participants’ speed, brake pedal use and steering wheel angle were recorded during the driving 

session. Speed was measured in km/h. Brake pedal use ranged from 0 (no use) to 5 (full pressure 

on the pedal), and the recorded use was averaged over the period the participant was driving. 

Steering wheel angle was measured in radians, with value 0 indicating that the steering wheel 

was not moving (Wivw GmbH-Silab, 2018). This measurement was then used to calculate 

participants’ steering reversal rates (SRR). Following the Society of Automotive Engineers ISO 

J2944 Recommended Practice (2015), these were computed as the number of steering wheel 

reversals divided by total driving time (Green, 2013; SAE, 2015). A high SRR is interpreted as 

an indication of increased workload (Faure et al., 2016; Nakayama et al., 1999) 

3.2.4 Apparatus 

Driving Simulator and Environment 

The University of Twente driving simulator was equipped with a steering wheel, pedals and 

indicators, placed inside a skeletal mock-up. The simulated gearbox was automatic. Participants 

had a 180° field of view of the screen (Figure 3.1). This setup can be classified as a mid-level 

driving simulator (Kaptein et al., 1996).  

 

Figure 3.1. The driving simulator (left); a participant driving in the simulator (right). 

SILAB Version 6.0 software was used to create and display the driving environment (Wivw 

GmbH-Silab, 2018). Participants were asked to drive, in mildly cloudy weather, through a city-

like environment. This was designed in such a way that whatever turn participants took, they 

would always experience the same virtual environment. We added pedestrians, walking on the 
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sidewalks or crossing the street when prompted by a green traffic light. Traffic density was 

moderate (i.e., as defined in SILAB’s city demo scenario). Drivers were maintained in an 

attentive state by unexpected events, including a fire truck with loud sirens cutting the road and 

forcing the participant to brake, and a parked car suddenly pulling out onto the street (Figure 

3.2). 

 

Figure 3.2. The driving environment. Example of moderate traffic in the city environment (left); a car 

unexpectedly pulling onto the street (right). 

Digitimer 

Electric stimuli were delivered to the threat group through a DS5 - Digitimer For 

Transcutaneous Stimulation of Nerve and Muscle Tissue (Digitimer, 2019). A saline electrode 

gel was spread on a standard electrode, placed on the participant’s left ankle. The six-step shock 

procedure produced a maximum input intensity of 4 Volts. The current was set to 50 mA. 

3.2.5 Procedure 

On the testing day, participants were welcomed and informed that they would be asked to drive 

in the simulator for fifteen minutes. They were also told that the simulator had been acquired 

recently and that the purpose of this study was to test its realism. After filling in an informed 

consent form, participants put on the E4 wristband, sat in the driver’s seat, and filled in the trait 

subsection of the STAI questionnaire. Participants in the threat group started with the six-step 

shock procedure (described in 3.2.2). The experimenter informed participants that shocks were 

supposed to be highly annoying, but not painful. After the shock procedure, participants in the 

threat group filled in the state subsection of the STAI. In line with previous studies (e.g., 

Horberry et al., 2006; McGehee, Lee, Rizzo, Dawson, & Bateman, 2004; Thiffault & Bergeron, 

2003), both groups were told that the first five minutes were to be considered as a habituation 

period, before starting driving in the virtual environment. During this period, they could get 

used to the simulator and the virtual environment. Participants in the threat group were also told 
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that they would not receive a shock in this initial period if they had a collision. Participants 

were asked to drive as they normally would on a real road, and were informed when the 

habituation period was over. 

As participants had been told, the driving task ended after fifteen minutes. Participants in both 

groups filled in the ITC - SOPI and the state subsection of the STAI, while still sitting in the 

driver’s seat. They were then helped to remove the E4 wristband and the electrodes (only the 

threat group), leave the mock-up, and fill in a digitalized version of the NASA – TLX. The 

whole experiment lasted approximately forty-five minutes.  

3.2.6 Analysis 

The driving task was split into a five-minute familiarization phase, followed by a ten-minute 

experimental phase. Previous studies have shown that behaviour and physiology can change 

significantly between the beginning and end of a virtual experience (e.g., Meehan, 2000), and 

fluctuate significantly within the experimental phase (e.g., Brogni, Vinayagamoorthy, Steed, & 

Slater, 2006). We therefore analysed the habituation and experimental phases separately and 

split the experimental phase into two, obtaining three phases, each lasting five minutes: the 

familiarization phase (minute 1 to 5), experimental phase 1 (minute 6 to 10), and experimental 

phase 2 (minute 11 to 15). 

The normality of distributions for dependent variables was determined using the Kolmogorov-

Smirnoff test. When the assumption held, differences between the threat and the control group 

were determined via repeated measures ANOVAs, MANOVAs and t-tests. For those variables 

where the assumption of normality of distribution was violated, group differences were 

determined with the non-parametric Kruskal-Wallis test. Bonferroni corrections were applied 

when appropriate.  

3.3 Results 

3.3.1 Self-report 

A multivariate analysis of variance (MANOVA) with the six subscales of the NASA – TLX as 

dependent variables (DVs) and Group as independent variable (IV), found no difference 

between the two groups in terms of perceived workload (Wilk’s Λ = .83, F(6, 25) = .84, p = 

.554). In line with these results, an independent samples t-test revealed no difference between 

the overall workload score of the two groups, t(30) = .916, p = .367. A two-way repeated 
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measures analysis of variance (ANOVA) revealed no significant effect of Group and Time 

(IVs) on anxiety scores (DVs), F(1, 5.10) = .082, p = .776 (Table 3.1). 

Table 3.1. Means and standard deviation of self-report measures. 

 Threat Group (N = 16) Control Group (N = 16) 

Mean SD Mean SD 

ITC-SOPI     

       Physical Space 2.93 .66 3.12 .63 

       Engagement 3.52 .51 3.53 .69 

       Ecological Validity 3.11 .86 3.19 .70 

       Negative Effects 2.52 1.09 2.43 .94 

NASA-TLX     

       Mental Demand 68.75 19.62 60.63 21.28 

       Temporal Demand 42.19 23.52 37.81 27.14 

       Physical Demand 54.06 28.70 56.56 17.49 

       Performance 49.38 32.09 40.63 20.65 

       Effort 59.31 26.60 53.13 17.88 

       Frustration 45.00 31.68 32.50 21.37 

       Overall workload score 58.34 22.21 52.02 16.35 

STAI     

       Beginning of Experiment 32.06 8.65 33.24 8.14 

       After Calibration 36.63 11.1 n/a n/a 

       After Driving 34.13 10.37 34.58 9.32 

       Trait Anxiety 35.80 11.74 38.44 7.81 

 

Sense of presence was analysed using a one-way MANOVA, with the four subscales of the 

ITC-SOPI as dependent variables (DVs) and Group as the independent variable (IV). Sense of 

presence did not differ between the threat and the control group, and scores were high in both 

groups. The “Engagement” scale of the ITC-SOPI had the highest mean score; the “Negative 

Effects” scale the lowest (Table 3.1 and Figure 3.3). 
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Figure 3.3. Mean values of ITC-SOPI. Although sense of presence did not differ between the threat and 

the control group, scores were high in both groups. These and following error bars are based on the 

standard error of the means. 

3.3.2 Behaviour 

After application of the Bonferroni correction for multiple hypothesis testing (3 tests of driving 

behaviour), we used p < .017 for significance. Data of two of the thirty-two participants were 

lost due to software failure. One of these participants belonged to the threat group, the other to 

the control group. Thus, driving behaviour data were analysed for thirty instead of thirty-two 

participants. 

In general, all participants stayed within the 50 km/h speed limit. This is likely also due to the 

nature of the virtual environment – a city with moderate traffic density. A repeated measures 

ANOVA, with “phase” (familiarization/phase 1/phase 2) as the within-subjects and “group” 

(threat/control) as the between-subjects factor, revealed no speed difference between the three 

phases, F(2, 56) = 1.690, p = .194, or between the two groups, F(1, 28) = .513, p = .480. 

Furthermore, no interaction was found between phase and group, F(2, 56) = .687, p = .507. A 

Kruskal-Wallis test showed no significant difference in brake pedal use frequency. This was 

the case for the familiarization phase (χ2 = .044, p = .834), phase 1 (χ2 = 1.125, p = .289), and 

for phase 2 (χ2 = .004, p = .950) of the two groups. 
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A repeated measures ANOVA revealed no difference in steering reversal rates between the 

three phases, F(2, 56) = .571, p = .568. However, a significant main effect of group was found, 

with the control group performing more steering reversals than the threat group, F(1, 28) = 

6.683, p = .015. No interaction effect was found between phase and group, F(2, 56) = .450, p = 

.640. Independent samples t-tests, conducted to further analyse the main effect of group, 

revealed that the difference lied within phase 2. While no difference was found when comparing 

both the familiarization phase (t(28) = -1.875, p = .071) and phase 1 (t(28) = -1.619, p = .117), 

in phase 2 the steering reversal rate was higher for the control group than for the threat group, 

t(28) = -3.265, p = .003, d = 1.192 (Table 3.2). 

Table 3.2. Means and standard deviations of behavioural measures. * Significant difference between the 

two groups (p < .017). 

 Threat Group (N = 15) Control Group (N = 15) 

Mean SD Mean SD 

SPEED     

       Familiarization Phase  31.42 8.11 31.00 7.75 

       Experimental Phase 1  28.93 7.46 31.27 6.17 

       Experimental Phase 2  31.42 6.49 33.86 6.14 

STEERING REVERSAL RATE      

       Familiarization Phase 

       Experimental Phase 1 

       Experimental Phase 2 

.251 

.248 

.240* 

.0380 

.0445 

.0333 

.276 

.271 

.274* 

.0336 

.0325 

.0058 

BRAKE PEDAL USE 

       Familiarization Phase 

       Experimental Phase 1 

       Experimental Phase 2 

 

.105 

.081 

.127 

 

.0593 

.0542 

.1201 

 

.097 

.115 

.095 

 

.0448 

.0794 

.0422 

            

 

3.3.3 Electrodermal activity (EDA) and heart rate (HR) 

We conducted a repeated measures ANOVA to analyse participants’ EDA values, with “phase” 

as the within-subjects and “group” as the between-subjects factor. To compensate for 

interindividual variability, EDA values were z-transformed (Ben-Shakhar, 1985; 1987). 

Mauchly’s test indicated that the assumption of sphericity had been violated (χ2 = 11.519, p < 

.003). Thus, degrees of freedom were corrected using Greenhouse-Geisser estimates of 
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sphericity (ε = 0.753). A significant main effect of phase was found, F(1.506, 45.187) = 31.278, 

p < .001. Paired samples t-tests, conducted to further analyse this effect, revealed that the 

familiarization phase differed significantly, both from phase 1 (t(31) = -7.426, p < .001, d = 

0.63), and from phase 2 (t(31) = -5.943, p < .001, d = 0.95). No significant difference was found 

between phase 1 and 2, t(31) = -1.817, p = .079. For both groups, EDA values were significantly 

lower during the familiarization phase than during experimental phases 1 and 2. (Table 3.3 and 

Figure 3.4). We found no main effect of group (F(1, 30) = 1.228, p = .277), and no interaction 

effect between phase and group (F(1.506, 45.187) = 1.510, p = .232). Following the same lines, 

participants’ HR was analysed using a repeated measures ANOVA. No difference was found 

between the three phases, F(2, 60) = .427, p = .655, or between the two groups, F(1, 30) = 0, p 

= .991. We also found no interaction effect between phase and group, F(2, 60) = .031, p = .969 

(Table 3.3). 

Table 3.3. Means and standard deviations of physiological measures. EDA was recorded in 

microsiemens (μS), and was then z-transformed. HR was recorded in beats per minute (BPM). 

 Threat Group (N = 16) Control Group (N = 16) 

Mean SD Mean SD 

EDA (z-transformed)     

       Familiarization Phase  -.59 .70 -.85 .48 

       Experimental Phase 1  .32 .37 .17 .39 

       Experimental Phase 2  .37 .70 .66 .54 

HR     

       Familiarization Phase  89.9 8.40 90.30 8.30 

       Experimental Phase 1  90.29 10.40 90.53 7.76 

       Experimental Phase 2  92.17 11.82 91.61 7.89 
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Figure 3.4. Mean EDA values (z-transformed). For both the Threat and the Control group, EDA values 

were significantly lower during the Familiarization Phase than during Experimental phases 1 and 2. 

3.4 Discussion 

We expected participants of the threat group to drive more carefully (i.e., reduced speed, 

increased brake pedal use and steering reversal rates), and to report a higher sense of presence 

than members of the control group. What we actually observed was an absence of significant 

differences between the groups in terms of mental workload, EDA, HR and, partly, driving 

behaviour. Nevertheless, for both groups, EDA was significantly lower during the 

familiarization phase than during experimental phases 1 and 2. This demonstrates the 

importance of giving participants time to get used to the driving simulator. We also found an 

unexpected difference between steering reversal rates in the two groups. In experimental phase 

2, steering reversal rates were lower (less strenuous steering) in the threat group than in the 

control group. Although this result was not in line with our initial expectations, it may be an 

indicator of less distracted, and thus safer, driving behaviour. This conclusion is supported by 

studies that show that non-visual (cognitive) distraction tasks lead to an increase of steering 

reversal rates (Kountouriotis, Spyridakos, Carsten, & Merat, 2016; Markkula & Engström, 

2006). Thus, the lower number of steering reversals may indicate that drivers are paying more 

attention to the road. That being said, more research is needed to clarify the link between 

steering reversal rates and driving behaviour.  
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Importantly, we found that participants in both groups experienced a strong sense of presence. 

The latter not only exceeded the norm values obtained during the development of the ITC-SOPI 

questionnaire (see Lessiter et al., 2001), but was also higher than results from other studies 

investigating sense of presence in virtual environments (e.g., Tang et al., 2004). In addition, 

although the ITC-SOPI is usually not administered after simulated driving, the sense of 

presence experienced by our participants was in line with what already observed by Harvey and 

Burnett (2016) in a mid-level driving simulator. This result suggests that mid-level driving 

simulators do indeed elicit a high sense of presence, even though simulated driving cannot lead 

to physical harm. 

In cases where simulator studies have failed to produce the expected results, the authors have 

sometimes argued that the failure was due to participants’ poor sense of presence or their lack 

of real fear. Negative results are explained in terms of a “lack of perceived danger” (Helland et 

al., 2013, p. 5), or a “lack of physical crash risk” (Melman et al., 2018, p. 980), or “because 

driving errors in the simulator do not have serious consequences” (Young, Regan, & Lee, 2009, 

p. 89), or participants “knew that a potential crash would not cause them physical harm” 

(Heikoop et al., 2017, p. 124). Our results suggest that the failure of a particular study to produce 

the expected result is unlikely to be due to participants’ low sense of presence or to the lack of 

perceived risk during simulated driving.  

The main limitation of our study was the relative small size of our sample. Future studies could 

achieve broader generalizability by using a higher number of participants. In the future, it would 

also be advisable to design a calibration procedure with a stimulus that is clearly aversive to all 

participants. 

Nonetheless, the high sense of presence obtained in both groups remains an important finding. 

Given that “uncertainty” and “vulnerability” are crucial elements of drivers’ trust in automation 

(Lee & See, 2004) and that risk perception plays an important role in its development (Hoff & 

Bashir, 2015), this result may also be particularly relevant for the investigation of trust in 

automated vehicles. 

To our knowledge, this is the first study using electrical stimulation to manipulate participants’ 

perceived risk during simulated driving. Future studies are thus needed to confirm our 

conclusions. Overall, our results are in line with studies showing that mid-level simulators are 

an invaluable tool for the safe yet reliable assessment of participants’ driving behaviour. 
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3.5 Conclusion 

Although the debate around the relationship between anxiety and sense of presence is ongoing 

(e.g., Felnhofer et al., 2014, 2015; Kothgassner et al., 2016; Takac et al., 2019), our data suggest 

that improving participants’ sense of presence during simulated driving may not be necessary. 

Participants given the opportunity to drive in a mid-level simulator consistently reported a good 

sense of presence, even in the control group. Our study supports the use of mid-level simulators 

for experimental research, and suggests that the “lack of physical crash risk” does not affect 

study results. 

3.6 Data availability 

The data collected during the study are openly available in Open Science Framework at 

http://doi.org/10.17605/OSF.IO/6JMWF 
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Chapter 4. How can studies of user trust in specific driving 

situations inform vehicle design? 

 

 

This chapter is based on: 

Walker, F., Steinke, J., Martens, M. H., & Verwey, W. B. (2020). Do engineer perceptions 

about automated vehicles match user trust? Consequences for design. Transportation Research 

Interdisciplinary Perspectives. Under review2. 

 

Abstract 

To maximize road safety, driver trust in an automated vehicle should be aligned with the 

vehicle’s technical reliability, avoiding under- and over-estimation of its capabilities. This is 

known as trust calibration. In the study reported here, we asked how far participant assessments 

of vehicle capabilities aligned with those of the engineers. This was done by asking the 

engineers to rate the reliability of the vehicle in a specific set of scenarios. We then carried out 

a driving simulator study using the same scenarios, and measured participant trust. The results 

suggest that user trust and engineer perceptions of vehicle reliability are often misaligned, with 

users sometimes under-trusting and sometimes over-trusting vehicle capabilities. On these 

bases, we formulated recommendations to mitigate under- and over-trust. Specific 

recommendations to improve trust calibration include the adoption of a more defensive driving 

style for first-time users, the visual representation of the objects detected by the automated 

driving system in its surroundings in the Human Machine Interface, and real-time feedback on 

the performance of the technology. 

  

 
2 This article has recently been accepted for publication. It can be found at: 

https://doi.org/10.1016/j.trip.2020.100251 
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4.1 Introduction 

The calibration of users’ trust represents an important goal for the safe use of present and future 

automated driving systems. This also applies to i-CAVE (Integrated Cooperative Automated 

Vehicle). i-CAVE focuses on the development of a fleet of cooperative automated concept 

vehicles to be operated on the campus of the Eindhoven University of Technology (The 

Netherlands) (i-CAVE, 2020). The car, a modified Renault Twizy, will transport people and 

goods, and will operate with Level 4 automation (SAE, 2018). Therefore, the vehicle will be 

able to cope with any environment within a specified Operational Design Domain (ODD) (SAE, 

2018). This means that users may at times still need to take over, when the vehicle reaches the 

ODD limits. 

As argued by Lee and See (2004), under- and over-trust may be mitigated by designing for 

“appropriate” rather than “greater trust”, and therefore by acting on the vehicle’s behaviour 

and/or on its Human Machine Interface (HMI). On the vehicle dynamics side, studies have 

shown that the automated vehicle’s driving style may strongly affect driver trust and comfort 

(Ekman et al., 2019;Lee et al., 2016; Price, Venkatraman, Gibson, Lee, & Mutlu, 2016). In 

particular, Price et al. (2016) showed that participants trusted a simulated automated vehicle 

more when this kept a more centred position on the driving lane. Similarly, Lee et al. (2016) 

pointed out that when participants perceived the lane positioning of the automated vehicle as 

“imprecise”, this negatively affected their trust towards the system. In a recent study using 

Wizard-of-Oz techniques, Ekman et al. (2019) showed that participants perceived a defensive 

driving style as more trust-worthy than an aggressive one, preferring an automated vehicle that 

avoided heavy accelerations, and behaved in a more smooth and predictable way. 

On the HMI side, studies have shown that presenting real-time visual information about the 

automated vehicle’s performance can lead to better trust calibration (Helldin et al., 2013; Kunze 

et al., 2019). For example, in a driving simulator study by Helldin et al. (2013), the authors 

presented information on the reliability of the highly automated vehicle’s behaviour through 

seven bars that were presented in-car. Helldin et al.'s (2013) results showed that participants 

that were presented with the reliability information trusted the system less and spent less time 

looking at the road. Yet, when needed, they took back control of the car faster than drivers that 

did not receive such information. More recently, Kunze et al. (2019) confirmed Helldin et al.'s 

(2013) findings. In this study, participants who received continuous feedback on the 

performance of the automated driving system calibrated their trust more easily than those who 
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did not. Specifically, in a low visibility situation, they paid more attention to the road, solved 

fewer non-driving-related-tasks, and reported lower trust scores (Kunze et al., 2019). Notably, 

the authors’ results showed that trust calibration – and safer human-automation interaction – 

may require less rather than more driver trust (Helldin et al., 2013; Kunze et al., 2019). 

Helldin et al. (2013) and Kunze et al. (2019) investigated drivers’ reactions to specific driving 

conditions (i.e., situations of low visibility due to snow or fog). They also assumed that the 

reliability of the automated system was known, but this is often not the case. Particularly for 

automated vehicles equipped with Level 4 driving functions, information concerning the 

reliability of the system is not even available yet, since these are primarily still being tested in 

pilots and demonstration projects. The same holds for i-CAVE. At this stage in the i-CAVE 

design process, the only reliability data available are the judgments of the vehicles’ engineers.  

In the present study, we asked the engineering team in i-CAVE to estimate the reliability of the 

automated Twizy in a number of urban driving scenarios. We then recreated these scenarios in 

our driving simulator, asked participants to experience them, and compared their trust score in 

each scenario with the engineers’ judgments of the car’s reliability in the same scenarios. 

Ideally, if the engineers’ evaluation shows that the vehicle can handle each scenario, users 

should trust it, and vice versa. However, if user trust is not aligned with the engineers’ 

judgments, then under- or over-trust may lead to disuse, discomfort or dangerous interactions 

with the system.  

Our goal was exploratory. First, we assessed whether there was a mismatch between first-time 

users’ trust and engineers’ judgements of reliability in different driving situations. Second, we 

aimed to identify factors responsible for trust calibration (i.e., optimal level of trust calibrated 

to actual vehicle capabilities). Finally, we derived recommendations for vehicle design – to be 

implemented before actual on-road testing. Such recommendations are relevant not just for the 

i-CAVE vehicle, but also for other comparable automated driving systems. 

4.2 Methods 

4.2.1 Engineers and participants 

The study was based on assessments of vehicle reliability obtained from the three i-CAVE 

engineers who were responsible for developing the controllers of the vehicle and its underlying 

path planning algorithms. The same engineers were also responsible for the vehicle’s functional 

architecture and for the evaluation of its safety systems. The focus of their work was on the 
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development of software systems, architectural models and quality standards ensuring the 

functional safety of the vehicle (i-CAVE, 2020).  

Sixty-two participants, all students or employees of the University of Twente, were recruited 

as “users”. They participated in exchange for money (€6) or study credits. None of the sixty-

two participants reported previous experience with automated vehicles, and none of them 

commonly suffered from motion sickness. They all had a driver’s licence, usually driving once 

or twice per week. Mean driving experience was 3.48 years (SD = 3.08). Participants (thirty-

four female, twenty-eight male) were between eighteen and forty-one years of age (M = 21.3, 

SD = 3.5). The study was approved by the ethics board of the Faculty of Behavioural, 

Management and Social Sciences at the University of Twente. 

4.2.2 Engineers’ evaluation 

The engineers were asked through an on-line questionnaire to imagine the fully functional i-

CAVE vehicle driving automatically in nine urban scenarios (see Figure 4.1 and Appendix B). 

All the scenarios represented situations commonly experienced by drivers on urban roads (e.g., 

entering a roundabout, giving right of way at an intersection, overtaking a parked vehicle). For 

each scenario, the engineers were asked to use their expertise to estimate how reliably the car 

would behave. Scenarios were displayed from a bird-eye view to make sure that engineers’ 

judgments were based on all the information available in the driving environment, and that they 

were not influenced by other factors (e.g., trust, feelings of discomfort) that could arise during 

a simulated drive.  

A brief description of the scenario was provided, and optimal weather and road conditions were 

assumed. Where appropriate, the behaviour of pedestrians and other road users was clearly 

indicated in each figure. The engineers indicated their response on a five-point Likert scale. “1” 

indicated that the automated vehicle could not safely handle the scenario, and that ideally it 

should never encounter such a situation. “5” indicated that the vehicle could handle the scenario 

perfectly, and thus that the passenger and the external users in the scenario (e.g., pedestrians, 

oncoming traffic) had nothing to worry about. When the engineers’ responses were below five, 

they were asked to briefly explain why through an open question.  
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Figure 4.1. One of the nine scenarios presented to the engineers (i.e., “Uphill”). 

4.2.3 Simulated driving scenarios 

The nine scenarios rated by the engineers were recreated in our driving simulator (see Figure 

4.2). This consists of a skeletal mock-up car positioned in front of a visual screen. The vehicle’s 

dashboard – an Asus Transformer Book (10.4 x 6.7 inches) – displays speed (in km/h) and a 

rev counter. When sitting in the driver’s seat, participants experience a 180° field of view (see 

Figure 4.2). Our setup runs with SILAB Version 6.0 software (Wivw GmbH-Silab, 2018) and 

can be classified as a mid-level driving simulator (Kaptein et al., 1996). 

 

Figure 4.2. On the left, the driving simulator of the University of Twente; on the right, the simulated 

driving environment. 

4.2.4 Procedure and user trust 

After collecting participants’ demographic and driving experience information, we measured 

their general trust in automated vehicles through a modified version of the Empirically Derived 

(ED) Trust Scale (Jian et al., 2000; Verberne, Ham, & Midden, 2012). As in Verberne et al. 

Description given: The automated vehicle is approaching a 

blind curve (due to bushes on the right-hand side of the 

road). The road is uphill. Oncoming traffic comes around the 

curve.  

What is the maximum reliability you can achieve in this 

situation? 

(Min) 1 – 2 – 3 – 4 – 5 (Max) 

If reliability is below 5, please briefly explain why. What can 

go wrong in this scenario? 
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(2012), participants indicated their level of agreement with seven statements (1 = totally 

disagree; 7 = totally agree). The higher the average score, the higher the trust, and vice versa. 

Participants were told that the goal of the study was to assess their trust in the simulated 

automated vehicle in different driving situations. They were then asked to sit in the driver’s seat 

and told to supervise the automated system at all times, although intervention would not be 

required. A five-minute familiarization phase allowed participants to get used to the simulator. 

Here, participants experienced a standard automated motorway drive, unrelated to the actual 

experimental session. 

The nine scenarios were then played to the participants in sequence. At the beginning of each 

scenario, participants initiated the vehicle’s automated functionalities by pressing a button on 

the steering wheel. Each scenario started with the simulated automated vehicle driving in an 

urban environment with no traffic, at a constant speed of 50 km/h. When the automated vehicle 

encountered the situation of interest, the experiment was paused. Thus, participants experienced 

the run-up to the situation, and not the situation itself. Although the paused driving scenario 

was viewed from a first-person perspective (i.e., driver view), it nonetheless contained all the 

visual elements presented to the engineers. 

The experimenter briefly described the situation (using the same description provided to the 

engineers), and asked each participant “On a scale from one to five, where one is “not at all” 

and five is “absolutely”, how sure are you that the vehicle can handle this situation?”. 

Participants wrote down their answer, together with a brief description of the reasons for their 

rating. Importantly, participants were given no feedback after their responses, which might have 

affected their subsequent ratings. After the participants’ response, a new scenario was 

presented. The order of the scenarios was counterbalanced across participants.  

After experiencing all nine driving scenarios, participants rated their general trust in the vehicle 

through the modified ED trust scale and were asked to fill in an exit questionnaire. This was 

composed of fifteen items, consisting of twelve closed questions (with responses on a five-point 

ordinal scale) and three open-ended questions (see Appendix C).  

The twelve closed items concerned the vehicle’s behaviour (e.g., speed and steering behaviour), 

and the information provided on its dashboard. The final three open-ended questions allowed 

participants to indicate what vehicle behaviour did not meet their expectations, if they wanted 

the vehicle to provide additional information (i.e., feedback), and if there was anything else that 
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they missed in the vehicle – features that could be implemented in the final version of the i-

CAVE vehicles. 

4.3 Results 

4.3.1 General trust in the automated vehicle 

A related-samples Wilcoxon Signed Ranks test was used to compare participants’ general trust 

in automated vehicles, as measured through the ED trust scale, before and after the simulated 

driving experience. The comparison between pre (M = 4.13, SD = .86) and post (M = 4.36, SD 

= 1) trust scores (Z = -2.35, p = .019) showed a significant increase in trust. This shows that the 

simulated on-road experience increased user trust in automation. 

4.3.2 Comparison of reliability and trust scores 

With the exception of scenarios Bus and Roundabout, the engineers consistently assigned a 

high reliability score (4 or 5) to the vehicle. In eight out of nine scenarios (all except scenario 

Roundabout) the standard deviation of the engineers’ responses was less than 1, suggesting 

agreement among their answers. 

To test the alignment between participant and engineer assessments we used a one-sample 

Wilcoxon Signed Ranks test. This is used to determine whether the median of a sample 

(participant trust assessments) matches a known value (engineer reliability assessments). A 

significant difference between the two medians is evidence that participant trust may be 

misaligned with engineer assessments of reliability, and that therefore they tend to over-trust or 

under-trust the vehicle. Conversely, the absence of a significant difference between the two 

values suggests that participants’ trust was approximately in line with engineer reliability 

scores, and thus that participant trust was well calibrated. 

A Bonferroni correction was applied to reduce the likelihood of Type I Errors. The corrected 

p-value was calculated by dividing the alpha-value ( = .05) by the number of scenarios (9): ( = 

.05/9) = .0055 for each scenario. 

An a priori power analysis was conducted using G*Power3 (Faul, Erdfelder, Lang, & Buchner, 

2007) to test the difference from a constant value (one-sample case) using a two-tailed test, a 

medium effect size (d= .50), and an alpha of .0055. The result showed that a total sample of 59 

participants was required to achieve a power of .80. 
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The one-sample Wilcoxon Signed Ranks test indicated that participants’ trust was significantly 

lower than the engineers’ reliability scores in three of the nine scenarios: Bus (p < .001), 

Crosswalk (p < .001), and Roadblock (p < .001). In these scenarios, participants underestimated 

the automated vehicle’s capabilities. In two scenarios (Junction and Uphill), users’ trust was 

significantly higher than the engineers’ reliability scores (Junction (p < .001) and Uphill (p = 

.003)). Here, participants overestimated the automated vehicle. For the remaining four 

scenarios, the scores of the two groups did not differ significantly, suggesting that participants’ 

trust was in line with the engineers’ reliability scores (see Figure 4.3 and Table 4.1). 

 

Figure 4.3. Comparison between user (trust) and engineer (reliability) median scores. Lower and upper 

box boundaries represent 25th (quartile 1) and 75th (quartile 3) percentiles, respectively. Whiskers 

represent minimum and maximum reported values (excluding outliers). Data that are more than 1.5 

times the interquartile range are plotted as outliers. Engineers’ reliability scores are represented through 

the dashed red line. 

Table 4.1. Medians (x͂) and standard deviations (SD) of users’ trust and engineers’ reliability scores.  

Scenario Trust Reliability 

Obstacle x͂ = 4 

SD = 1.1 

x͂ = 4 

SD = .47 

 

Bus x͂ = 3 

SD = 1.03 

x͂ = 4 

SD = .94 

 

Crosswalk x͂ = 3 

SD = 1.25 

x͂ = 4 

SD = .82 
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Curve x͂ = 4 

SD = .78 

x͂ = 4 

SD = .82 

 

Junction x͂ = 4 

SD = 1.1 

x͂ = 3 

SD = .94 

 

Uphill x͂ = 5 

SD = .89 

x͂ = 4 

SD = .47 

 

Car x͂ = 4 

SD = .92 

x͂ = 4 

SD = .47 

 

Roadblock x͂ = 3 

SD = 1.11 

x͂ = 4 

SD = .82 

 

Roundabout x͂ = 4 

SD = .97 

x͂ = 4 

SD = 1.7 

 

4.3.3 Qualitative analysis 

Participants’ answers to open-ended questions were analysed through a software package 

(Atlas.ti, 2020). Their statements were marked and listed into categories (i.e., coded). Codes 

were not mutually exclusive. For example, the statement “Easy for sensors to detect the cones. 

Not a dangerous situation, should be fine!” (Participant 4) was marked with the codes “Safe” 

and “Sensor”. Before proceeding with the analysis, the sentences placed in each category were 

reviewed by a second independent observer. No major differences were found. Following this 

review, the frequencies of each code were normalized into percentages. 

Engineers  

When rating the reliability of the automated vehicle as not optimal (i.e., below “5”), engineers 

were asked to briefly explain why. Given the limited amount of data, the engineers’ responses 

were not coded. Yet, as shown below, there was general agreement among their responses. 

In several scenarios, engineer concerns were focused on object recognition: the detection of 

cones (Obstacle), pedestrians (Crosswalk), oncoming traffic appearing from a blind corner 

(Bus, Uphill), and the detection of a roadblock (Roadblock) were all mentioned as important 

challenges. Engineers also expressed concerns about the implementation of algorithms that 

would allow the automated vehicle to respect traffic rules. For this reason, scenarios Junction 

and Roundabout were considered particularly challenging. Conversely, Car was considered as 

an easy scenario to tackle. 
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Participants 

The participants’ explanations of their trust scores were first categorized under three super-

codes: “Safe”, “Unsafe”, and “Uncertain”. “Safe” includes all statements in which participants 

believe that vehicle behaviour will not lead to dangerous outcomes. “Unsafe” includes 

statements in which participants believe that vehicle behaviour could lead to dangerous 

outcomes. “Uncertain” refers to statements where participants are unsure whether the vehicle 

will behave safely in the specific situation. The five codes “Sensor”, “Steering”, “Complex”, 

“Speed” and “Visibility” were used to classify participant answers into sub-categories. These 

helped us understand the reasons behind their answers (see Table 4.2). Statements concerning 

object recognition are coded under the heading “Sensor”. Statements concerning how the 

automated vehicle tackles curves are coded by “Steering”. “Complex” relates to driving 

situations perceived as complicated for the automated vehicle. “Speed” codes for situations in 

which the speed of the automated vehicle is perceived as too high or too low. Finally, 

“Visibility” refers to the visibility of objects and upcoming traffic. 

Table 4.2. Percentage of participant answers. Note: the total percentages, presented in bold, do not 

always correspond the sum of the single codes. This is due to the fact that participant answers cannot 

always be categorized in one of the five codes. 

  Code   

Code Safe Unsafe Uncertain Scenario 

 61% 6% 32%  

Sensor 35% 5% 10%  

Steering 0% 0% 0%  

Complex 2% 0% 2% Obstacle 

Speed 0% 0% 2%  

Visibility 24% 0% 10%  

 37% 21% 42%  

Sensor 16% 3% 15%  

Steering 0% 3% 2%  

Complex 0% 0% 5% Bus 

Speed 0% 2% 0%  

Visibility 10% 11% 15%  

 32% 35% 31%  

Sensor 16% 23% 11%  

Steering 0% 0% 0%  

Complex 0% 0% 3% Crosswalk 

Speed 0% 10% 0%  

Visibility 6% 10% 5%  

 73% 10% 18%  

Sensor 18% 2% 2%  

Steering 10% 5% 10%  

Complex 0% 0% 0% Curve 
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Speed 3% 2% 3%  

Visibility 0% 2% 3%  

 61% 3% 35%  

Sensor 35% 0% 26%  

Steering 0% 0% 0%  

Complex 0% 0% 0% Junction 

Speed 2% 0% 2%  

Visibility 16% 0% 0%  

 76% 2% 23%  

Sensor 13% 0% 10%  

Steering 0% 0% 2%  

Complex 0% 0% 0% Uphill 

Speed 5% 0% 2%  

Visibility 5% 2% 5%  

 61% 6% 32%  

Sensor 13% 0% 10%  

Steering 0% 0% 2%  

Complex 0% 0% 0% Car 

Speed 5% 0% 2%  

Visibility 5% 2% 5%  

 35% 18% 47%  

Sensor 13% 5% 10%  

Steering 0% 0% 2%  

Complex 5% 6% 15% Roadblock 

Speed 0% 0% 0%  

Visibility 2% 0% 0%  

 65% 10% 26%  

Sensor 24% 5% 6%  

Steering 0% 0% 2%  

Complex 0% 3% 3% Roundabout 

Speed 0% 0% 0%  

Visibility 16% 0% 0%  

 

Participant answers to the open-end question show that most participants perceived the majority 

of the scenarios as safe (Table 4.2). Participants justified these assessments in terms of the clear 

visibility of obstacles and oncoming traffic, and the expected performance of the automated 

vehicle’s sensors (Table 4.2).  

None of the scenarios were thought to be clearly unsafe (Table 4.2). However, in all scenarios 

many participants expressed uncertainty about how the automated vehicle would behave (Table 

4.2). This was expected, given that participants had never experienced an automated vehicle 

before and did not receive feedback on how the automated system would handle the situation 

from the Human-Machine-Interface (HMI) or from the experimenter. Uncertainty was strongest 

in situations in which obstacles and oncoming traffic were not considered to be clearly visible 
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(i.e., Obstacle; Bus), when the detection of a crossing pedestrian (i.e., Crosswalk) or a truck 

(i.e., Junction) was fundamental for the safe completion of the scenario, and when the situation 

was considered to be very complex (i.e., Roadblock), due to the vehicle’s need to perform a U-

turn and find an alternative route (Table 4.2).  

4.3.4 Exit questionnaire 

Descriptive statistics 

Responses to the closed items of the exit questionnaire did not show any clear preferences on 

the part of participants. In general, participants did not perceive the automated vehicle’s speed 

as too high or too low (M = 3.16, SD = .45), or the steering as being too lose or too stiff (M = 

2.77, SD = 1). The size of the dashboard (M = 3.92, SD = .95) and the information it provided 

(M = 2.27, SD = 1.19) were both considered to be adequate. Nevertheless, participants would 

have liked to interact with a touch interface (M = 3.69, SD = 1.17). In general, automated 

vehicle behaviour appeared in line with participants’ expectations (M = 3.6, SD = .97) (see 

Table 4.3 and Appendix C). 
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Table 4.3. Descriptive statistics of the exit questionnaire. All items were rated on a 5-point Likert scale. 

For items 1, 2 and 3, the extremes of the scales were “Too slow (1) – Too fast (5)”, “Too lose (1)” – 

“Too stiff (5)” and “Sufficient (1) – Insufficient (5)”, respectively. For all the other items, the extremes 

were “Not at all – Extremely”. 

Item Description Mean Std. 

Deviation 

1 Speed (Too slow – Too fast) 3.16 .45 

2 Steering (Too lose – Too stiff) 2.77 1 

3 Dashboard info (Sufficient – Insufficient) 2.27 1.19 

4 Dashboard size (Not at all – Extremely) 3.92 .95 

5 Dashboard style (Not at all – Extremely) 3.03 1.20 

6 Audio (Not at all – Extremely) 3.16 1.26 

7 Touch (Not at all – Extremely) 3.69 1.17 

8 Voice input (Not at all – Extremely) 3.31 1.48 

9 Voice communication (Not at all – Extremely) 3.19 1.36 

10 Ambient light (Not at all – Extremely) 3.27 1.1 

11 Human-like (Not at all – Extremely) 3.24 .97 

12 Expectations (Not at all – Extremely) 3.60 .97 

 

Qualitative analysis 

The exit questionnaire included three non-mandatory open questions. Seven codes were 

extrapolated from participant responses to the question “Which behaviour of the vehicle did not 

meet your expectations?”, and twelve from participant answers to the questions “Is there any 

additional information that you would have liked to be provided with?” and “Are there any 

other features that you missed in the automated vehicle?” (see Table 4.4 and Appendix C). 
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Table 4.4. Percentage of the codes used in the exit questionnaire. 

 Question 

Code 

Unexpected 

behaviour 

Additional 

information Missing features 

Careless   3% 
  

Constant speed   3% 
  

Acceleration 10% 
  

Better than expected 10% 
  

No communication   5% 
  

Steering 50% 
  

Too fast 18% 
  

Head-up display 
 

  3%   4% 

Confidence indication 
 

24%   4% 

Confirmation 
 

  9%   8% 

Decision-making 
 

18%   4% 

Navigation system 
 

  9% 13% 

Vehicle's view 
 

35% 21% 

Pedals 
 

  3%   4% 

Alerts 
  

  8% 

Monitoring alertness 
  

  4% 

Interaction 
  

17% 

State awareness 
  

4% 

Voice 
  

8% 

Note: Unexpected Behaviour N = 38; Additional information N = 34; Missing Features N = 

24. 

The codes extrapolated from the first question revealed that, at times, the vehicle’s steering, 

acceleration pattern and speed were not in line with participants’ expectations. 50% of 

participant answers to the first open question of the exit questionnaire were coded as issues with 

“Steering”: users were surprised by the vehicle’s occasional need to readjust its position to the 

centre of the driving lane. 18% of participant statements suggested that the vehicle drove “Too 

fast”, even though it never exceeded the speed limit. Other answers (10%) suggested that the 

vehicle accelerated too rapidly and that “[…] a human would increase the speed more 
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carefully” (Participant 60). Some participants described the automated vehicle’s behaviour as 

careless (“Careless”), appearing surprised that the vehicle kept an almost constant speed 

(“Constant speed”) and mentioned the lack of any way for the driver to give instructions to the 

system (“No communication”). 

In contrast, 11% of participant statements reported that the vehicle’s behaviour exceeded their 

expectations (“Better than expected”). One participant stated that “It was more humanlike than 

I thought, very smooth as well” (Participant 49). According to another participant statement, “I 

thought that I would feel uncertain and not able to trust the car while driving, but that wasn’t 

the case” (Participant 54).  

There was some overlap between the additional information that participants would have liked 

to access during the drive, and features that participants believed the automated vehicle was 

missing. Many participant answers (35%) indicated that a visual representation of what the 

vehicle “sees” would be an important addition to the vehicle’s HMI (“Vehicle’s view”), while 

21% noted that this feature was missing. As stated by one of the participants: “I would like to 

see what the car sees and which things it detects” (Participant 24). Following these lines, 

participants would have also liked to receive more feedback (18%) about the vehicle’s decision-

making process (“Decision making”). For instance, one would have liked to see “Some 

indication of the thinking process of the car. So some information on what the car will do next” 

(Participant 55). Some participant statements suggested the user would have liked to receive 

feedback (24%) concerning the vehicle’s ability to handle specific situations (“Confidence 

indication”): “I would like to know when the vehicle feels unable to deal with a situation and 

when it feels able to” (Participant 24). Some participants also noted the absence of visual and 

audio alerts confirming the correct detection of elements that could hinder the safe completion 

of the driving scenario (“Confirmation”; “Alerts”). 9% of answers indicated that participants 

would have felt more at ease with a visual representation of the vehicle’s route (“Navigation 

system”), with some suggesting that information could be provided through a head-up display 

(“Head-up display”). One participant appeared surprised that the vehicle pedals remained still 

when the vehicle gained speed (“Pedals”). 17% of user statements mentioned a lack of 

interaction with the vehicle (“Interaction”). 8% mentioned the possibility of using voice to 

convey information from the HMI to the user. Some participant statements suggested that the 

HMI should provide information concerning the state of the automated system (i.e., automation 

activated/deactivated) (“State awareness”). One participant reported that safety could be 

increased by monitoring drivers’ alertness (“Monitoring alertness”). 
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4.4 Discussion 

When testing specific driving scenarios, a mismatch emerged between the engineers’ perceived 

reliability of the automated vehicle and the trust of our potential users. Under-trust was 

observed in three of the nine scenarios (i.e., Bus, Crosswalk and Roadblock). Here, crucial 

elements that may have hindered the safe completion of the driving situation were not 

immediately visible to participants. Their concerns were shared by the engineers, but to a lesser 

extent. In scenario Roadblock, participants appeared unsure about what the vehicle would do 

after detecting the barrier. 

Over-trust was observed in two of the nine scenarios (i.e., Uphill and Junction). Engineers were 

concerned about oncoming traffic. Particularly in Junction, while most participants believed 

that the automated vehicle would safely cross the intersection, engineers were concerned about 

the detection of the crossing truck. In general, intersections represent a complex task for the 

automated system. As suggested by the engineers’ mixed responses, this also applies to 

roundabouts. 

Participants’ answers to the open questions point towards interventions that could mitigate 

under- and over-trust and, in general, guarantee a better user experience. Their first concern 

was vehicle dynamics: although the automated vehicle never exceeded the 50 km/h speed limit 

and always kept within its lane, participants were concerned about its behaviour. In particular, 

participants did not expect that the car would need to apply small adjustments to its position to 

stay in the centre of the driving lane. Furthermore, some participants perceived the vehicle 

speed as too fast and its acceleration as too aggressive. These results corroborate previous 

findings that stress the importance of the vehicle’s driving style – showing how this may 

strongly affect driver trust and comfort (Ekman et al., 2019; Lee et al., 2016; Price et al., 2016).  

An appropriate level of trust may be achieved not only by improving vehicle performance, but 

also by presenting drivers with information about the automated system’s decisions and actions. 

Notably, the presentation of feedback would indirectly increase interaction with the automated 

driving system – something that participants reported was lacking. In this respect, participants’ 

answers suggest that trust calibration would benefit from a graphical representation of the 

elements detected in the environment, combined with an indication of how the vehicle is 

handling specific driving situations. For example, in scenario Bus, a graphical representation 

of the still bus together with the path that the automated vehicle intends to follow would allow 

drivers to know whether the bus has been detected by the system, and if it would be overtaken 
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or not. Drivers’ trust could then be calibrated accordingly. Similar ideas have already been 

implemented in vehicles equipped with Level 2 systems (e.g., Tesla’s Autopilot).  

Participants preferences for more feedback about the vehicle’s performance can be interpreted 

in the light of suggestions that real-time feedback on the behaviour of the automated driving 

system promotes an accurate mental model of the system processes, and may be preferred to 

single warnings (Seppelt & Lee, 2019). More generally, several authors have shown that 

presenting real-time feedback of the automated driving system’s performance may improve 

trust calibration, and thus promote safer human-automation interaction (Helldin et al., 2013; 

Kunze et al., 2019). 

The low standard deviations of participants’ trust scores (see Table 4.1) suggest that under- and 

over-trust observed in our scenarios is not strongly influenced by users’ individual personalities 

or preferences. This implies not just that corrective engineering could produce significant 

improvements in trust calibration, but that such changes could impact a large proportion of our 

potential user population. More generally, our study shows that experiencing an automated 

vehicle that behaves in a predictable way leads to higher trust. This result is in line with the 

literature, and suggests that initial trust in automation can be altered by on-road experience 

(Beggiato & Krems, 2013; Endsley, 2017a; Gold et al., 2015).  

Our study has a number of limitations that should be acknowledged. The predicted reliability 

of the automated vehicle was assessed by just three engineers involved in the vehicle design 

process. Although their scores generally agreed, a larger sample size would have strengthened 

our results. It should also be noted that road scenarios were presented to engineers through a 

bird’s eyes view, while participants had an ego-centric view of the driving environment. These 

differences in perspective create difficulties for comparisons between user trust and engineers’ 

assessments of reliability. We would argue, however, that the engineers’ birds-eye perspective 

allowed them to provide a detached judgment, uninfluenced by the feelings that may come into 

play during a simulated drive. This is one area where reliability and trust truly differ. While the 

former is established through accurate knowledge concerning system performance, the latter is 

also influenced by feelings of uncertainty and vulnerability that come into play when 

experiencing the automated system, but which do not affect the objective reliability of the 

system. Therefore, including them could have negatively affected the engineers’ reliability 

ratings. 
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Although the engineers consistently gave positive assessments of the reliability of the vehicle, 

it should be stressed that the automated vehicle is not yet road-test ready and its objective 

reliability is currently unknown. The goal of this study was not to test whether participant views 

concerning vehicle behaviour were objectively correct, but to explore their alignment with 

engineer evaluations – the best information available before actual road testing. In this respect, 

our study shows that user trust and engineer evaluations of vehicle reliability are often 

misaligned, and points towards solutions that may lead to calibrated trust. Participants’ 

suggestions will be discussed with our engineering team, implemented in an updated simulated 

version of the Twizy, and tested with a new pool of users. We suggest that the adoption of 

methods similar to those used in our study can make a significant contribution to the safety and 

usability of future automated vehicles, allowing the investigation and implementation of user 

suggestions at an early stage of development. 

4.5 Conclusion 

Our study shows that users’ trust and engineers’ evaluations of vehicle reliability are often 

misaligned. Such misalignment may be mitigated by acting on the vehicle’s dynamics and on 

its HMI. Concerning vehicle behaviour, our results suggest that first-time users may prefer an 

automated vehicle with a more defensive driving style, for example, a vehicle that keeps a more 

centred position in its driving lane, drives more slowly and avoids rapid acceleration. As 

concerns the HMI, our findings suggest that trust calibration would be improved if the HMI 

provided a visual representation of objects detected by the automated driving system (as already 

seen in some commercially available Level 2 systems), and real-time feedback on vehicle 

performance (e.g., Helldin et al., 2013; Kunze et al., 2019). More generally, our results show 

that comparing engineer perceptions of reliability with user trust can lead to important 

suggestions for the improvement of vehicle design, before actual road testing. 

4.6 Data availability 

The data collected during the study are available at http://doi.org/10.17605/OSF.IO/DE8KM. 
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Chapter 5. How can trust in automated vehicles be 

measured objectively and in real-time? 

 

 

This chapter is based on: 

Walker, F., Wang, J., Martens, M. H., & Verwey, W. B. (2019). Gaze behaviour and 

electrodermal activity: Objective measures of drivers’ trust in automated vehicles. 

Transportation research part F: traffic psychology and behaviour, 64, 401-412. 

https://doi.org/10.1016/j.trf.2019.05.021. (Minor textural changes). 

 

Abstract 

To date, most studies of trust in automated vehicles have relied on self-reports. However, 

questionnaires cannot capture real-time changes in drivers’ trust, and are hard to use in applied 

settings. In this study we tested whether combining gaze behaviour with electrodermal activity 

could provide an effective measure of trust in a simulated automated vehicle. The results 

indicated a strong relationship between self-reported trust, monitoring behaviour and 

electrodermal activity: the higher participants’ self-reported trust, the less they monitored the 

road, the more attention they paid to a non-driving related secondary task, and the lower their 

electrodermal activity. We also found evidence that combined measures of gaze behaviour and 

electrodermal activity predict self-reported trust better than either of these measures on its own. 

These findings suggest that such combined measures have the potential to provide a reliable 

and objective real-time indicator of driver trust.  
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5.1 Introduction 

To understand how trust calibration can be achieved and the way in which trust impacts the use 

of automated vehicles, we need reliable trust metrics. Today, metrics are based primarily on 

questionnaires, in particular Jian et al.'s (2000) trust scale, which has been used in a broad range 

of studies (e.g., Dzindolet, Peterson, Pomranky, Pierce, & Beck, 2003; Gold et al., 2015; Hoff 

& Bashir, 2015).  

In general, questionnaires used for the investigation of users’ attitudes towards automated 

driving technology have a number of well-known limitations and biases. In many cases, there 

are often differences between what respondents claim and what they do. For example, 

Cunningham et al.'s (2019) results suggest that respondents would not be comfortable with an 

automated vehicle controlling speed and vehicle following distance (i.e., ACC). However, these 

findings contradict other studies showing that ACC is accepted by consumers, who see it as a 

safe and comfortable driving assistance system (Beggiato, Pereira, Petzoldt, & Krems, 2015; 

Strand, Nilsson, Karlsson, & Nilsson, 2011; Trnros, Nilsson, Ostlund, & Kircher, 2002). Miller 

et al. (2016) define the mismatch between survey responses and actual behaviour as the “Trust 

Fall”. Several authors have suggested that the Trust Fall may be due to the time participants 

have available to rationalize their answers, or to the absence of immediate risks in case of 

automation failure (Carsten & Martens, 2019; Miller et al., 2016; Muir & Moray, 1996).  

A second distinct limitation of self-reports is that they do not provide continuous measurement 

and therefore cannot capture real-time changes in trust, such as those associated with particular 

driving situations (Hergeth et al., 2016). If we ever want to develop automated vehicles that can 

measure driver under- or over-trust and act accordingly (e.g., changing the HMI, providing a 

warning, changing vehicle behaviour, etc.), real-time measures of trust are essential. In this 

study we combined two potential measures of user trust: gaze behaviour and electro-dermal 

activity (EDA).  

Because drivers’ reliance on automation depends to a large extent on trust (e.g., Carlson, Desai, 

Drury, Kwak, & Yanco, 2014), it is reasonable to assume that when trust is high, drivers will 

monitor non-driving-related tasks (NDRTs) more than when trust is low. This assumption was 

derived from an earlier pilot study (Walker, Verwey, & Martens, 2018).  

Gaze behaviour has the potential to provide a reliable real-time measure of drivers’ trust 

(Parasuraman & Manzey, 2010). However, the empirical evidence is mixed: while some studies 
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find a relationship between trust and monitoring behaviour (e.g., Hergeth et al., 2016; Körber 

et al., 2018; Walker et al., 2018), others do not (e.g., Gold et al., 2015). 

Another way of measuring users’ trust in automation is to analyse changes in skin conductance 

- the skin’s ability to conduct an electrical current (Braithwaite et al., 2015; Christie, 1981). 

These changes, which are not under conscious control, are continuously modulated by the 

sympathetic nervous system, and are commonly referred to as electrodermal activity (EDA) 

(Critchley, 2002; Sequeira, Hot, Silvert, & Delplanque, 2009). Importantly, EDA is modulated 

by stress, probably because stress increases perspiration (Costa, Roe, & Taillieu, 2001; 

Santarcangelo et al., 2012).  

Several recent studies have investigated the link between trust and EDA, showing that lower 

trust correlates with higher EDA. For example, Khawaji, Zhou, Chen and Marcus (2015) 

investigated EDA as a possible indicator of interpersonal trust, showing that the EDA of users 

of a text-chat environment was strongly affected by trust and cognitive load. The link between 

trust and EDA was investigated further by Akash, Hu, Jain and Reid (2018). In this study, 

participants were asked to evaluate the performance of a sensor, designed to detect on-road 

obstacles. After each of a series of trials, participants were asked if they trusted or distrusted 

the result from a sensor on an automated vehicle (i.e., presence or absence of an obstacle on the 

road). Participants’ responses were followed by feedback, showing whether the response was 

correct or incorrect. The authors measured participants’ EEG response signals and EDA during 

each trial, and built a trust model based on these values. They concluded that physiological 

measures were promising real-time indicators of participants’ trust in automation (Akash et al., 

2018). In a similar study, Morris, Erno and Pilcher (2017) used a simulated automated vehicle 

to test participants’ trust and EDA during risky and safe driving situations. Here too, the authors 

showed that participants reported low trust towards the vehicle in the risky scenario, and also 

showed an increase in EDA (Morris et al., 2017). Taken together, these studies suggest that 

EDA is a good indicator of emotional activation (Sequeira et al., 2009), revealing something of 

the emotions, actions, thoughts and perceptions of the participants in various studies (Cacioppo, 

Tassinary, & Berntson, 2007).  

The study reported here explored whether combining gaze behaviour and EDA could provide 

a more reliable real-time metric of drivers’ trust than either of these measures on their own. To 

that end, we simulated fully automated driving by projecting forward looking videos recorded 

from a driving car in a driving simulator. The decision to project videos in the simulator, instead 

of using a single monitor, was based on the rationale that the simulator grants a higher level of 
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immersion. Research shows that the extent of the visual field, an objective aspect of 

“immersivity”, positively influence participants’ sense of presence – and their driving 

behaviour (see Chapter 3) (Risto & Martens, 2014). For these reasons, another recent study has 

used an experimental setup similar to our own (i.e., Boelhouwer, van den Beukel, van der Voort, 

& Martens, 2019).  

In the present experiment, participants were divided into a “Perfect Vehicle” and a “Poor 

Vehicle” group. They were then instructed to imagine being in a fully automated car and to 

perform a NDRT, but only if they trusted the car’s behaviour. The experiment consisted of three 

driving phases. In Phase 1 and 2, the “automated” car performed differently for the two groups, 

handling the driving task perfectly for the Perfect Vehicle group, and poorly for the Poor 

Vehicle group. In Phase 3, both groups viewed videos of the car behaving poorly on the road. 

We expected to find a strong association between monitoring behaviour, EDA and self-reported 

trust: the more drivers trusted the system, the less they would view the road, the more attention 

they would pay to the secondary task, and the lower would be their EDA. 

5.2 Methods 

5.2.1 Participants 

Thirty-six participants, all students of the University of Twente, were recruited. Participants 

joined the study in exchange for study credits or money (6 euro). Ten participants were excluded 

from the analysis, due to poor eye-tracking or EDA data quality. The final sample consisted of 

16 males and 10 females, all between 19 and 36 years of age (M = 24.27, SD = 4.37). None of 

the participants reported previous experience with automated vehicles, either as drivers or 

passengers. All participants had a driver’s licence for at least two years, reported normal or 

corrected to normal (i.e., lenses) vision, did not wear glasses, and did not commonly suffer from 

motion sickness. The study was approved by the ethics board of the Faculty of Behavioural, 

Management and Social Sciences. 

5.2.2 Video material 

Fully automated driving was simulated using two-minute videos in the University of Twente 

driving simulator. Videos were all filmed in the surroundings of the university’s campus, 

through a Go-Pro Hero 4 Session camera, placed centrally on the hood of an Audi A4. The 

same material had been used in a previous study (i.e., Walker et al., 2018). 
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5.2.3 Tasks 

Participants were assigned to one of two groups: as in Walker et al. (2018), the Perfect Vehicle 

group viewed forward looking videos of a car handling the driving task perfectly (i.e., it braked 

comfortably in front of crossing pedestrians or cyclists, and always kept in lane). The Poor 

Vehicle group viewed videos of a car struggling with the driving task, with a tendency to brake 

abruptly in front of crossing pedestrians or cyclists, and to drift towards the centre of the road. 

Perfect Vehicle and Poor Vehicle participants both encountered one crossing pedestrian or 

cyclist per video. Although group assignment was random, the randomization procedure 

ensured that the two groups had the same number of participants (i.e., sixteen per group), a 

similar gender make-up, and a similar distribution of initial trust levels. 

During simulated automated driving, participants in both groups performed the visual Surrogate 

Reference Task (SuRT) (ISO, 2012), a task commonly used to simulate NDRT during 

automated driving (e.g., Hergeth et al., 2016; Radlmayr, Gold, Lorenz, Farid, & Bengler, 2014) 

and in ACC situations (e.g., Beggiato & Krems, 2013). Here, participants had to select the 

largest circle (diameter 47 pixels) among 49 distractor circles (diameter 40 pixels) by tapping 

on a touch screen. Participants started a new trial by tapping the “start” button, displayed at the 

bottom of the screen at the end of each trial (see Figure 5.1). The task was shown on an Apple 

iPad tablet with no time limit for completion. The placement of the tablet required participants 

to allocate their visual attention completely away from the road. Thus, participants could not 

use peripheral vision to watch the road while performing the task. The visual angle between the 

forward view on the road and the secondary task display was about 12°. 

 

Figure 5.1. The Surrogate Reference Task (SuRT) – trial example. Participants were instructed to search 

and tap on the larger circle, displayed among 49 distractor circles. 
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5.2.4 Measures 

Self-reported trust 

Participants’ trust towards the simulated vehicle was measured through a modified version of 

the Empirically Determined (ED) Trust Scale (Jian et al., 2000). As in Verberne et al. (2012) 

and Walker et al. (2018), the modified version involved a 7-point Likert scale (1 = totally 

disagree; 7 = totally agree) indicating level of agreement with seven statements. The higher the 

score, the higher the trust. Trust scores were collected before the study, to ensure that 

participants in each group were equally distributed in terms of their initial trust, and also after 

every phase of the experiment. Cronbach’s alphas for this scale in the pre-test and 

questionnaires administered after each phase were 0.90, 0.83, 0.87, 0.92 respectively. 

Gaze behaviour 

Participants’ eye movements were recorded through a head-mounted mobile eye-tracker, the 

Tobii Pro Glasses 2. The eye-tracker was equipped with two cameras for each eye, and a wide-

angle full HD scene camera to record the external world. The glasses were connected to a 

recording unit, and wirelessly to a Dell tablet, running the Windows 10 operating system and 

the Tobii Pro Glasses Controller software (Tobii, 2018a). Participants’ gaze behaviour was 

extracted and analysed using Tobii Pro Lab software. 

As shown in Figure 5.2, we assessed participant fixations on two areas of interest (AOIs): 1) 

the road, i.e., the central section of the driving simulator screen (size 2600 x 1950 mm); 2) the 

tablet (size 240 x 186 mm), on which the SuRT was presented. Fixations that fell outside the 

two AOIs were treated as “fixations on other areas”. Outcome variables were fixation frequency 

(i.e., percentage of fixations in each AOI), and fixation duration (i.e., percentage of time spent 

viewing each AOI). 
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Figure 5.2. Areas of Interest (AOI). We assessed participants’ fixations on the central screen (yellow) 

and the tablet (green), where the NDRT was presented. 

Electrodermal activity (EDA) 

EDA, measured in microsiemens (μS), was recorded using the Empatica E4 wristband. The E4 

is a wearable wireless watch-like device designed for continuous physiological data acquisition. 

EDA data was acquired through two ventral wrist electrodes, and sampled at 4 Hz (Empatica, 

2018). Given that participants had to use their right hand to perform the NDRT (see Figure 5.2), 

the E4 wristband was placed on participants’ left wrist. EDA values were z-transformed to 

compensate for higher inter-individual variability of EDA (Ben-Shakhar, 1985, 1987). 

5.2.5 Driving simulator 

The University of Twente driving simulator consists of a mock-up equipped with steering 

wheel, pedals and indicators. Psychopy software (Peirce, 2008) was used to display the videos 

on a screen of 7800 x 1950 mm. The screen has a total resolution of 3072*768 pixels (~10ppi). 

5.2.6 Procedure 

Participants completed the pre-test questionnaire two or three days before the experiment. It 

consisted of demographic questions and the trust scale, used to measure participants’ initial 

trust in automated cars. On the testing day, participants were welcomed and told that they would 

view videos while sitting in the simulator mock-up. After filling in an informed consent form, 

participants put on the E4 wristband and the eye-tracker. The latter was then calibrated 

following Tobii’s recommendations (Tobii, 2018b). After calibration, participants sat down in 
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the driving simulator. On screen instructions informed them that the experiment would be 

divided into 3 phases and instructed them to imagine being in a fully automated car at all times. 

Participants were told to perform the NDRT, but only if they trusted the behaviour of the car. 

Participants practiced the NDRT before starting Phase 1. Each phase was composed of two 

videos. The order of the videos was counterbalanced across participants. 

Phase 1 served as a habituation period, in which participants could develop their own 

expectations towards the self-driving car: high trust for the Perfect Vehicle group, since the car 

behaved perfectly; low trust for the Poor Vehicle group, since the car behaved poorly. In this 

phase, participants could also get used to the simulator and the NDRT. After this, and each 

following phase, participants filled out the trust questionnaire (see section “Self-reported 

trust”). Importantly, although the items of the questionnaire were the same as in the pre-test, 

they were rephrased to refer to participants’ trust in the car they had just experienced, and not 

their general trust towards automated vehicles. In Phase 2, the car behaved in the same way as 

in Phase 1, though the driving scenarios were different. In Phase 3, both groups viewed videos 

in which the car handled the driving task poorly (the same videos for each group). After filling 

out the last trust questionnaire, participants left the mock-up, and were helped to remove the 

wrist band and the eye-tracker. Finally, they filled in an exit form, allowing them to make 

suggestions for the improvement of the study. The entire experiment lasted approximately 45 

minutes.  

5.3 Results 

5.3.1 Self-reported trust 

An independent samples t-test showed that the pre-test trust level did not differ between the 

Perfect Vehicle group (M = 4.02, SD = 1.29) and the Poor Vehicle group (M = 4.09, SD = 

1.31), t(24) = -.129, p = .898. Self-reported trust after experience with the simulator was 

analysed using a 4 x 2 mixed Analysis of Variance (ANOVA), with Phase as the within-subjects 

factor (Pre/Phase 1/Phase 2/Phase 3) and Group as the between-subjects factor (Perfect Vehicle 

group/Poor Vehicle group). Mauchly's Test of Sphericity indicated that the assumption of 

sphericity had not been violated, χ2(2) = 8.574, p = .128. Results showed a significant main 

effect of Phase (F(3, 72) = 6.21, p = .001, ηp
2 = .21), and an interaction between Phase and 

Group (F(3,72) = 20.00, p < .001, ηp
2 = .46, Figure 5.3). 

The significant interaction effect between Phase and Group was further analysed using 

independent samples two-tailed t-tests for each phase. As expected, the Perfect Vehicle group 
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(M = 4.88, SD = .60) showed higher trust levels after Phase 1 than the Poor Vehicle group (M 

= 3.35, SD = .98), t(24) = 4.797, p < .001, d = 1.88. Similarly, at the end of Phase 2, the Perfect 

Vehicle group (M = 5.10, SD = .57) again showed higher trust levels than the Poor Vehicle 

group (M = 3.48, SD = 1.11), t(24) = 4.672, p < .001, d = 1.84. At the end of Phase 3, by 

contrast, the Perfect Vehicle group (M = 2.87, SD = 1.16) showed significantly lower trust 

levels than the Poor Vehicle group (M = 4.01, SD = 1.26), t(24) = -2.40, p = .025, d = -0.94. 

Paired samples two-tailed t-tests were used to investigate the effect of phase within each group. 

Compared to their initial trust (i.e., “Pre” in Figure 5.3), the Perfect Vehicle group reported 

higher trust after Phase 1 (t(12) = -3.449, p = .005, d = -0.96) and Phase 2 (t(12) = -3.651, p = 

.003, d = -1.01) and lower trust after Phase 3 (t (12) = 3.681, p = .003, d = 1.02). Trust increased 

significantly from Phase 1 to Phase 2 (t(12) = -2.343, p = .037, d = -0.65) and dropped after 

Phase 3 (t(12) = 8.713, p < .001, d = 2.42). In the Poor Vehicle group, there were no significant 

differences between initial trust levels and the levels reported after Phase 1 (t(12) = 1.680, p = 

.119), Phase 2 (t(12) = 1.723, p = .110), and Phase 3 (t(12) = .218, p = .831). Surprisingly, 

however, trust was significantly higher in Phase 3 than in Phase 2 (t(12) = -2.281, p = .042, d = 

-0.63) (see Figure 5.3). 

 

Figure 5.3. Mean self-reported trust scores per phase and group. The Perfect Vehicle group reported 

higher trust scores during Phase 1 and 2. The Poor Vehicle group reported higher trust during Phase 3. 

Interestingly, trust fell from Phase 2 to Phase 3 in the Perfect Vehicle group but increased in the Poor 

Vehicle group. Error bars represent standard error of means, and each * indicates a significant difference 

between the two groups (p <= .05). 
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5.3.2 Gaze behaviour 

Mann-Whitney U tests showed that there was no significant difference in fixation frequency 

and duration between the Perfect Vehicle and the Poor Vehicle groups in Phase 1 (Frequency 

– to the Road: U = 66, p = .362; to the NDRT: U = 60, p = .223; Duration – to the Road: U = 

62, p = .264; to the NDRT: U = 54, p = .125, see Figure 5.4). As expected, in Phase 2 fixation 

frequency and duration differed significantly between the groups, with participants in the 

Perfect Vehicle group making fewer fixations (U = 46, p = .05) and spending less time (U = 42, 

p = .029) viewing the road. Fixation frequency (U = 38, p = .016) and time (U = 35.5, p = .01) 

spent on the NDRT were in line with these results. As hypothesized, no significant differences 

were found between the two groups during Phase 3. (Frequency - Road: U = 61, p = .243; 

NDRT: U = 68.5, p = .418; Duration - Road: U = 61, p = .243; NDRT: U = 66.5, p = .362). 

Means and standard deviations are reported in Table 5.1 and Table 5.2. 

 

Figure 5.4. Participants monitoring behaviour. A) Fixation frequency on road; B) Fixation duration on 

road. During Phase 2, participants in the Perfect Vehicle group made more fixations and spent more 

time viewing the road. In Phase 1 and 3, there was no difference between the two groups. Error bars 

represent standard error of means, and each * indicates a significant difference between the two groups 

(p <= .05). 

Within-group differences between Phase 1, Phase 2 and Phase 3 were assessed using a 

Friedman test. In the Perfect Vehicle group, gaze frequency (to the Road: 𝜒2 = 12.275, p = .002; 

to the NDRT = 𝜒2 = 10.308, p = .006) differed between the three phases. The Wilcoxon Signed 

Ranks tests (see Table 5.1) showed that the Perfect Vehicle group made significantly fewer 

fixations on the road in Phase 2 than in Phase 1 (p = .005). In Phase 3, in contrast, the group 

fixated more frequently on the road than in Phase 1 (p = .028) or Phase 2 (p = .002). Fixations 

on the NDRT followed an almost inverse pattern with no difference between Phase 1 and Phase 

2, but significant differences between these two phases and Phase 3. In the latter, participants 



 
 

109 
 

fixated less frequently on the NDRT (Phase 1, p = .011; Phase 2, p = .004). In the Poor Vehicle 

group, we observed no significant difference between Phase 1 and Phase 2 in terms of fixations 

on the road and fixations on the NDRT. In Phase 3, surprisingly, participants fixated less on the 

road than in Phase 1 (p = .046). This was not the case when comparing Phase 3 to Phase 2 (p = 

.084). However, in Phase 3, participants in the Poor Vehicle group did fixate more on the NDRT 

than in Phase 2 (p = .05).  

A Friedman test showed strong differences in fixation duration within each group (Road: 𝜒2 = 

15.176, p = .001; NDRT: 𝜒2 = 15.846, p < .001), a pattern similar to the pattern observed with 

fixation frequencies. Wilcoxon Signed Ranks tests (see Table 5.2) showed that the Perfect 

Vehicle group spent less time viewing the road in Phase 2 than in Phase 1 (p = .01) and more 

time in Phase 3, than in either Phase 1 (p = .028) or Phase 2 (p = .002). No difference was found 

when comparing the time participants of the Perfect Vehicle group spent viewing the NDRT 

during Phase 1 and Phase 2. Nevertheless, the same group spent less time viewing the NDRT 

during Phase 3 than in either Phase 1 (p = .011) or Phase 2 (p = .001). In the Poor Vehicle 

group, participants spent more time viewing the NDRT in Phase 3 than in Phase 2 (p = .034). 

Otherwise, the Poor Vehicle group showed no significant differences between phases. 

5.3.3 Electrodermal activity (EDA) 

As already reported for gaze behaviour, Mann-Whitney U tests revealed significant differences 

in EDA between the Perfect and Poor Vehicle groups. In Phase 1, although EDA may appear 

higher in the Perfect Vehicle group than in the Poor Vehicle group, this difference only 

approached significance (U = 47, p = .057, see Figure 5.5). However, in Phase 2, EDA was 

significantly lower in the Perfect Vehicle group than in the Poor Vehicle group (U = 42, p = 

.029). As expected, there were no significant differences between the two groups In Phase 3, 

(U = 77, p = .724) (see Table 5.3). 

In the Perfect Vehicle group, there were no significant within-group differences between Phase 

1, Phase 2 and Phase 3 (𝜒2 = 1.846, p = .397). In the Poor Vehicle group differences only 

approached significance (𝜒2 = 5.692, p = .058). Wilcoxon Signed Ranks tests (see Table 5.3) 

showed that members of the Poor Vehicle group had significantly lower EDA in Phase 1, than 

in either Phase 2 or Phase 3. No difference was found between Phase 2 and Phase 3 (see Table 

5.3 and Figure 5.5). 
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Figure 5.5. Electrodermal activity (EDA). During Phase 2, members of the Poor Vehicle group showed 

higher EDA than participants of the Perfect Vehicle group. In Phase 1, the difference between the two 

groups only approached significance. In Phase 3, there were no significant differences between the 

groups. Error bars represent standard error of means, and each * indicates a significant difference 

between the two groups (p <= .05). 
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Table 5.1. Fixation frequency. Wilcoxon Signed Ranks test, in this and following tables, was used for pairwise comparisons * indicates statistical significance 

(p <= .05). 

 

  

  Phase 1 (M, SD) Phase 2 (M, SD) Phase 3 (M, SD) Phase 1 VS 

Phase 2 

Phase 1 VS 

Phase 3 

Phase 2 VS 

Phase 3 

Perfect Vehicle 

group 

Road M = 60%, SD = 

.19 

M = 53%, SD = 

.20 

M = 68%, SD = 

.21 

Z = -2.825, p = 

.005* 

Z = -2.201, p = 

.028* 

Z = -3.110, p = 

.002* 

 NDRT M = 28%, SD = 

.14 

M = 30%, SD = 

.16 

M = 16%, SD = 

.19 

Z = -1.013, p = 

.311 

Z = -2.551, p = 

.011* 

Z = -2.900, p = 

.004* 

  

Poor Vehicle group Road M = 68%, SD = 

.23 

M = 67%, SD = 

.17 

M = 60%, SD = 

.19 

Z = -.524, p = .600 Z = -1.992, p = 

.046* 

Z = -1.726, p = 

.084 

 NDRT M = 21%, SD = 

.19 

M = 14%, SD = 

.15 

M = 22%, SD = 

.18 

Z = -1.452, p = 

.147 

Z = -.510, p = .610 Z = -1.961, p = 

.050* 
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Table 5.2. Fixation duration. * indicates statistical significance (p <= .05). 

 

  

  Phase 1 (M, SD) Phase 2 (M, SD) Phase 3 (M, SD) Phase 1 VS 

Phase 2 

Phase 1 VS 

Phase 3 

Phase 2 VS 

Phase 3 

Perfect Vehicle 

group 

Road M = 62%, SD = 

.20 

M = 54%, SD = 

.24 

M = 73%, SD = 

.26 

Z = -2.589, p = 

.010* 

Z = -2.201, p = 

.028* 

Z = -3.180, p = 

.001* 

 NDRT M = 30%, SD = 

.17 

M = 35%, SD = 

.21 

M = 19%, SD = 

.23 

Z = -1.642, p = 

.101 

Z = -2.551, p = 

.011* 

Z = -3.180, p = 

.001* 

 

Poor Vehicle group Road M = 73%, SD = 

.23 

M = 73%, SD = 

.20 

M = 65%, SD = 

.20 

Z = -.245, p = .807 Z = -1.712, p = 

.087 

Z = -1.608, p = 

.108 

 NDRT M = 19%, SD = 

.19 

M = 14%, SD = 

.15 

M = 23%, SD = 

.17 

Z = -1.255, p = 

.209 

Z = -1.020, p = 

.308 

Z = -2.118, p = 

.034* 
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Table 5.3. Electrodermal activity (EDA). * indicates statistical significance (p <= .05). 

 

  

 Phase 1 (M, SD) Phase 2 (M, SD) Phase 3 (M, SD) Phase 1 VS Phase 

2 

Phase 1 VS Phase 

3 

Phase 2 VS Phase 

3 

Perfect Vehicle 

group 

M = .18, SD = 

.83 

M = -.18, SD = 

.51 

M = .23, SD = 

.98 

Z = -.943, p = .345 Z = -.314, p = .753 Z = -1.433, p = 

.152 

 

Poor Vehicle group M = -.44, SD = 

.63 

M = .34, SD = 

.56 

M = .37, SD = 

.84 

Z = -2.062, p = 

.039* 

Z = -1.992, p = 

.046* 

Z = -.314, p = .753 
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5.3.4 Correlations 

Pearson correlations were used to further analyse the relationship between self-reported trust, 

monitoring behaviour and EDA. In all phases, trust scores collected at the end of each phase 

and pooled across the two groups correlated strongly with gaze behaviour. Combining the 

results of Phase 1 through 3 yielded similar results (see Table 5.4). In brief, the higher the trust, 

the less participants fixated the road, and the more they fixated on the screen displaying the 

NDRT (see Figure 5.6).  

Table 5.4. Correlations between self-reported trust and gaze behaviour. * indicates statistical 

significance (p <= .05). 

 

 

Figure 5.6. Correlation between self-reported trust (1: low; 7: high) and monitoring behaviour; combined 

results of Phase 1, 2, and 3. Both graphs refer to on-road fixations: A) fixation frequency; B) Fixation 

duration. The higher the trust, the less participants monitored the road. 

  Phase 1 Phase 2 Phase 3 Phases 1-3 

Fixation 

frequency 

Road r = -.532, p 

= .005* 

r = -.514, p = 

.007* 

r = -.578, p 

= .002* 

r = -.497, p = 

.010* 

 NDRT r = .606, p = 

.001* 

r = .587, p = 

.001* 

r = .555, p = 

.003* 

r = .556, p = 

.003* 

  

Fixation 

duration 

Road r = -.599, p 

= .001* 

r = -.602, p = 

.001* 

r = -.625, p 

= .001* 

r = -.585, p = 

.002* 

 NDRT r = .651, p < 

.001* 

r = .642, p < 

.001* 

r = .592, p = 

.005* 

r = .619, p = 

.001* 
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In Phase 1 (r = .246, p = .225) and Phase 3 (r = .028, p = .893), we found no correlation of EDA 

with trust scores, In Phase 2, however, there was a strong negative correlation (r = -.575, p = 

.002) indicating that higher trust correlated with lower EDA (see Figure 5.7). 

 

Figure 5.7. Correlation between self-reported trust (1: low; 7: high) after Phase 2 and EDA observed 

during Phase 2. The higher the trust, the lower participants’ EDA. 

Finally, we tested for correlations between EDA, fixation frequency and fixation duration. The 

only significant correlations were again in Phase 2, where participants’ EDA correlated with 

fixation duration (Road: r = .443, p = .024; NDRT: r = -.447, p = .022). The more time 

participants spent viewing the road, the higher their EDA (see Figure 5.8).  
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Figure 5.8. Correlation between the individual participants’ EDA values and fixation duration during 

Phase 2. The more time participants’ spent viewing the road, the higher their EDA. 

5.3.5 Joint use of gaze duration and EDA 

Following these results, we investigated whether combining Gaze Duration and EDA could 

provide a more reliable, real-time indicator of trust, than either measure on its own. To test this 

hypothesis, we compared the linear regression of self-reported trust in Phase 2 with gaze 

duration and EDA, against regressions using these variables separately. The results confirm that 

the combination of the two indicators predicts self-reported trust better than either individually 

(see Table 5.5).  

Table 5.5. Linear regression, Phase 2. B represents the unstandardized coefficient. * indicates statistical 

significance (p <= .05). 

 

 

 

 

 

 

 

 B R2 p F  

On-Road fixation 

duration + EDA 

Constant: 5.744 

Duration: -2.184 

EDA: -.777 

.481 .001* 10.662 

On-Road Fixation 

duration 

Constant: 6.226 

Duration: -3.040 

.363 .001* 13.675 

EDA Constant: 4.385 

EDA: -1.166 

.330 .002* 11.843 
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5.4 Discussion 

In this study we investigated the potential of gaze behaviour and electrodermal activity (EDA), 

singly and combined, as real-time measures of trust in automation. As expected, percentage of 

on-road fixation frequency and duration were negatively related to self-reported trust, while 

fixation on the NDRT was positively correlated to self-reported trust. In sum, the higher the 

drivers’ self-reported trust, the less time they spent viewing the road (see Table 5.4 and Figure 

5.6). These results confirm the negative relationship between trust and drivers’ on-road 

monitoring behaviour during automated driving, already observed in previous studies (i.e., 

Hergeth et al., 2016; Körber et al., 2018; Walker et al., 2018). 

The study was organized into three phases. In Phases 1 and 2, the Perfect Vehicle group viewed 

videos of a simulated automated car behaving well on the road. Conversely, during the same 

phases, the Poor Vehicle group viewed videos of the car struggling with the driving task. In 

Phase 3, both groups viewed the same videos of the car behaving poorly on the road. In Phases 

1 and 2 we expected participants’ gaze behaviour, EDA and self-reported trust to differ between 

the Perfect and the Poor Vehicle group. In Phase 3 we expected to find no differences between 

the two groups. 

Gaze behaviour differed between the two groups in Phase 2, but not in Phases 1 and 3, where 

the Perfect and Poor Vehicle groups displayed the same behaviour (see Figure 5.4). This 

supports the idea that trust develops over time (Lee & See, 2004). Once the two groups had 

experienced the behaviour of their respective vehicles, trust developed differently within each 

group (see Figure 5.3), and their gaze behaviour changed accordingly. 

The results for EDA were similar to those for gaze behaviour. In Phase 1 there were no 

significant inter-group differences. In Phase 2, the Perfect Vehicle group showed significantly 

lower EDA than the Poor Vehicle group. No difference was found in Phase 3 where, as 

expected, EDA was high in both groups (see Table 5.3 and Figure 5.5). These results confirm 

the findings of Khawaji et al. (2015) and Morris et al. (2017): demanding and stressful events 

increase individuals’ EDA. In Phase 2, EDA correlated strongly with self-reported trust: the 

higher the trust, the lower participants’ EDA (see Figure 5.7). Along the same lines, the more 

time drivers spent viewing the road during Phase 2, the higher their EDA (see Figure 5.8). 

Unfortunately, no correlations were found between EDA and self-reported trust in phases 1 and 

3. Previous studies have shown that too often, data collected through wearable and stationary 

sensors do not match (e.g., Ollander, Godin, Campagne, & Charbonnier, 2016). It is possible, 
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therefore, that our choice of instrument for the collection of the EDA data – the E4 wrist band 

– may have influenced our results. Future research should investigate whether more precise 

physiological measurements would lead to stronger effects. 

While gaze behaviour and EDA both provide useful real-time information about trust, they are 

both noisy measurements. Our study provides preliminary indications that combining the two 

measures may provide a more precise indicator of user trust than either measure individually 

(see Table 5.5). Given, however, that this result is derived from a single phase (i.e., Phase 2) of 

a single study, it requires validation in future work. 

Our results, if confirmed, suggest possible applications in real-life driving scenarios. In its CT6 

model (Cadillac, 2018) Cadillac uses head-tracking technology to track drivers’ head 

movements and infer their alertness, providing appropriate audio and visual feedback when the 

driver is not paying attention to the road. In-vehicle eye-tracking technology could be used in 

a similar way; not only to monitor drivers’ physiological state, but also to tailor real-time 

messages and alerts to their trust towards the automated system.  

Our study has a number of limitations. Due to the video-based nature of the experiment, 

participants knew they had no way of disengaging the automated system and take back control 

of the vehicle manually. In a real-world scenario, it is unlikely that drivers would rely on the 

automated vehicle if they thought it was not behaving safely. Furthermore, it is important to 

note that, in Phase 1, we expected gaze behaviour and EDA of the two groups to differ. This is 

not what we observed. It is possible that participants used most of Phase 1 to get used to the 

task. If true, this could explain the absence of differences between the two groups. Finally, we 

observe that, while drivers’ gaze behaviour could be easily tracked in an actual vehicle using 

fixed cameras, continuous non-intrusive measurement of EDA is a harder challenge.  

Despite these limitations, analysis of participants’ self-reported trust confirmed the success of 

our manipulation and suggested new ideas for future studies. After Phase 1 and 2, the Perfect 

Vehicle group reported higher trust than the Poor Vehicle group. These results are in line with 

previous studies, showing that users’ initial trust in automation can be modified by training and 

experience (Bahner, Hüper, & Manzey, 2008; Sauer, Chavaillaz, & Wastell, 2016; Walker et 

al., 2018). However, in Phase 3, where both groups viewed videos of the car struggling with 

the driving task, the Perfect Vehicle group’s trust dropped while the Poor Vehicle group’s 

increased, actually reaching a higher level than in the Perfect Vehicle group. These findings 

confirm that although unexpected system failures may disrupt trust in automation, humans can 
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deal with bad technology, so long as it is reasonably predictable. This result is in line with 

results in the literature (e.g., Beggiato, 2015; Beggiato & Krems, 2013; Lee & See, 2004), 

showing that familiar system failures do not negatively affect trust in automation.  

5.5 Conclusion 

Gaze behaviour and EDA appear to be promising indicators of drivers’ trust in automation. 

Although both measurements can be used independently, our results suggest that the 

combination of the two provides a better indication of drivers’ trust in automation than either 

individually. Overall, our study represents one step towards the development of reliable, 

continuous and objective measurements of drivers’ trust in automated vehicles. Such 

measurements are particularly important for the assessment of changes in real-time trust, 

especially in real-world scenarios, where measures, such as questionnaires, are hard to deploy.  

Although the metrics presented in this chapter (e.g., percentage of road fixations) were 

calculated post-hoc, it would not be difficult to develop a real-time algorithm based on the same 

metrics, calculated over a moving time window. If the percentage of road fixations and EDA in 

a particular time frame were higher or lower than specific thresholds (derived from system 

performance), the algorithm would infer that the user’s situational trust was poorly calibrated. 

Such inferences could be used to provide drivers with visual and audio feedback, specifically 

designed to improve the alignment between driver trust and the real capabilities of the vehicle.  

Future work is still needed for the development of reliable real-time measures of drivers’ trust 

in automated vehicles. In particular, more studies are needed to elucidate the links between 

trust, gaze behaviour, EDA and other objective metrics, such as heart rate. Our study represents 

one step towards the development of effective and reliable measures, a pre-requisite for 

understanding how trust in automation affects driver behaviour. 

5.6 Data availability 

The data collected during the study are available at https://doi.org/10.17605/OSF.IO/8JE5C 
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Chapter 6. Conclusions and recommendations 

The theme of this thesis is drivers’ trust in automated driving technology, and the way this 

affects drivers’ interaction with their vehicles. An extensive review of the literature (Chapter 1) 

identified several gaps in current research. Specifically, there have been relatively few studies 

about the way driver trust varies from situation to situation (situational trust). Furthermore, 

studies of the factors that facilitate or inhibit trust calibration have tended to focus on the Human 

Machine Interface leaving other factors unaddressed. Finally, most studies of trust have relied 

on driver self-reports – a method subject to well-known limitations and biases (see 5.1). The 

studies presented in this thesis attempt to fill some of these gaps. In this last chapter, we 

summarize and interpret the results, formulate recommendations for engineers and researchers, 

and trace directions for future research. In an epilogue we briefly describe an uncompleted study 

of our own, interrupted by the COVID-19 epidemic. 

6.1 Summary of results  

The absence of 100% reliable automated driving technology creates Human Factors challenges, 

many of which are linked to driver trust or lack of it. Under-trust may lead to disuse of the 

automated system or feelings of discomfort. Conversely, over-trust may prompt misuse, leading 

to dangerous outcomes. Ideally trust should be calibrated, meaning that the trust of the user 

should always be aligned with the reliability of the system.  

Our investigations addressed four specific research questions, tackling some of the gaps 

identified in our literature review. In what follows, we briefly summarize the results. 

Research question 1: What is the effect of on-road experience with Level 2 systems on 

drivers’ trust?  

Our first study (Chapter 2) investigates the impact of on-road driving experience with Level 2 

systems on driver trust. Before experiencing the vehicles, drivers tended to overestimate their 

capabilities. On-road experience gave drivers a better understanding of what the vehicles could 

and could not do. In particular, users learned to associate a certain level of situational trust with 

specific situations. In most cases, driver trust was lower after their experience than before. 

However, it was also better calibrated with the actual reliability of the automated driving 

system. This shows the impact of experience in different situations (situational trust) on drivers’ 

dynamic learned trust. One unexpected finding of this study was that trust calibration improved 
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even in scenarios drivers never encountered during their experience on the road. We will discuss 

the implications of this finding later in this chapter.  

Research question 2: Can driving simulator studies provide valid information on user 

behaviour? 

Driving simulator studies make it possible to investigate user behaviour and trust in vehicles 

that are not road-test ready, and situations that cannot be safely investigated on the road. 

However, it has been suggested that such studies may not yield valid results, due to the lack of 

physical risk for the driver. In the simulator-based study presented in Chapter 3, participants 

reported a strong sense of presence (Slater et al., 1994), whether or not they were exposed to 

risk. Such a sense of presence is a necessary requirement for validity and suggests that driving 

simulators can indeed be used to explore user behaviour, despite the absence of actual (physical) 

risk.  

Research question 3: How can studies of user trust in specific driving situations inform 

vehicle design? 

The study reported in Chapter 4 demonstrates a mismatch between drivers’ trust in the 

reliability of a Level 4 system in specific driving scenarios and reliability as perceived by 

engineers. User responses in the study also suggested specific changes in the design of the HMI 

and vehicle behaviour. For example, users suggested that the HMI should provide a visual 

representation of the objects detected by the automated driving system in its surroundings, and 

real-time feedback on vehicle performance. Some users also complained about specific aspects 

of the vehicle’s behaviour (e.g., speed, acceleration, lateral control) suggesting opportunities 

for improvement. These results demonstrate that studies of trust can provide useful inputs to 

vehicle design and support the well-recognized need for deeper collaboration between 

engineers and Human Factors researchers. 

Research question 4: How can trust in automated vehicles be measured objectively and in 

real-time? 

Calibrated trust requires that driver’s position on the spectrum between low and high trust aligns 

with the actual reliability of the system in the situation the driver is experiencing. However, 

identification of adjustments in trust, in continuously changing circumstances, is difficult 

through the sole use of questionnaires. In Chapter 5, we demonstrate the possibility of 

monitoring trust in real-time using combined measures of driver electrodermal activity (EDA) 
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and gaze behaviour. We find that participants’ monitoring behaviour and EDA correlate with 

their self-reported trust in the automated system. We also show that the combination of the two 

measures provides a better measure of trust than either indicator taken singly. Interestingly, 

observed changes in trust seem to have been driven not so much by the objective reliability of 

the system, but by its predictability. Participants who experienced a system that predictably 

behaved in an unreliable way (i.e., constant swerving, hard brakes), reported increased trust in 

the automated vehicle. Conversely, participants who experienced unpredicted unreliable 

behaviour showed reduced trust. These results, which closely match previous results discussed 

in Chapter 1, show that the predictability of automation failures strongly influences users’ 

dynamic learned trust when interacting with automated driving systems.  

6.2 Implications of our results 

6.2.1 Situational and dynamic learned trust 

Two of the key elements of this dissertation are situational trust and dynamic learned trust. 

Situational trust refers to the trust (or lack of trust) in the vehicle a driver experiences in a single 

specific situation. Dynamic learned trust refers to the trust that drivers acquire through 

experience in a range of situations. The results presented in Chapter 2, Chapter 4 and Chapter 

5 provide evidence supporting the importance of these trust layers.  

One interesting result concerns the contribution of “generalization” to dynamic learned trust. In 

the study in Chapter 2, participants who had developed dynamic learned trust through 

experience with automated vehicles showed more appropriate levels of situational trust even 

for scenarios they had not experienced. These results show that trust calibration is possible 

without the driver having to experience all the possible situations that an automated system may 

encounter. Importantly, however, the impact of this kind of generalization is not necessarily 

positive. In the study reported in Chapter 4, users’ self-reported trust levels in specific situations 

did not always match engineer evaluations of vehicle reliability. In other words, their 

generalizations from limited experience were not always well-calibrated, sometimes showing 

under-trust and other times over-trust. This latter finding supports previous reports (e.g., NTSB, 

2019a; NTSB, 2020), suggesting that long periods of incident-free experience (possibly in a 

narrow range of scenarios) may lead to over-trust. 
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6.2.2 Measuring trust  

Trust is not a stable attitude or a binary concept. As users move from situation to situation, their 

situational trust and the objective reliability of the vehicle can change. Trust calibration 

requires them to match. To verify this, we need real-time measurements of trust.  

This thesis includes two studies contributing to this goal. Previous studies have already 

established the relative validity of driving simulators but have also suggested that the results 

may have been influenced by the simulator setting, where drivers do not experience the same 

sense of physical risk they would experience on the road. We therefore began with a preliminary 

study (presented in Chapter 3) addressing this critique. Our study provides evidence that 

participants experiencing a simulated drive are present, with or without the threat of receiving 

a mild electric shock in case of collision. This result supports the use of mid-level driving 

simulators for the safe yet reliable assessment of users’ driving behaviour. 

We proceeded to investigate ways of continuously and reliably assessing user trust (Chapter 5). 

To this end, we developed measures based on users’ eye-movements (monitoring behaviour) 

and EDA – considered singularly and in combination. The techniques tested in this study make 

it possible not only to investigate the way participants’ trust changes between the beginning and 

the end of the driving experience, but also to identify the specific situations in which drivers 

experience an increase in or a loss of trust. Such information could potentially provide valuable 

input for the design of vehicle dynamics and HMIs. In the future, similar measures could also 

provide input for systems of adaptive automation which adjust vehicle’s dynamics and HMI to 

driver trust in real-time – promoting a safer user experience. The possible benefits of adaptive 

automation will be discussed further in 6.4.3. 

6.3 Recommendations 

6.3.1 Mitigation of under- and over-trust 

The findings of our studies, combined with results from the earlier studies reviewed in Chapter 

1, suggest possible measures to reduce the risks of under- and over-trust.  

1. First-time drivers preparing to drive an automated vehicle should have the 

opportunity to experience the vehicle’s behaviour under the guidance of a driver 

who is fully aware of its capabilities and limitations. The study presented in Chapter 

2 shows that initial experience can play an important role in the development of trust 

calibration, allowing drivers to generalize from their experience to situations they have 
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never encountered. However, generalization based on an insufficient sample of 

situations may lead to under- or over-trust. We suggest that even a short experience, 

under the guidance of an experienced driver, can help to mitigate this risk. 

2. HMIs should be designed to contribute to trust calibration. Dynamic learned trust 

and good trust calibration develop over time as drivers experience an ever greater range 

of situations. HMIs should be designed to facilitate this continuous learning process. 

Studies, by Helldin et al. (2013) and Kunze et al. (2019), show that real-time indicators 

of the automated system’s “confidence” promote safer human-automation interaction. 

This is particularly important when system confidence is falling (e.g., when weather or 

road conditions are deteriorating), but is still strong enough to avoid a TOR. Participants 

of the study presented in Chapter 4 made similar suggestions for the i-Cave concept 

vehicle. Participants in the study also suggested that the vehicle’s HMI should provide 

graphical representations of what the system “sees” in the environment, and an 

indication of planned actions. To date, technical, safety and liability reasons have 

prevented the implementation of some of these features in commercially available 

vehicles, and they are not included in the current design of the i-CAVE vehicle. It is 

nonetheless plausible that they could be particularly useful for first-time users, with 

limited experience of the automated vehicle’s behaviour.  

Another way in which the HMI could contribute to trust calibration may be through the 

use of in-vehicle tutoring systems, as proposed in Boelhouwer et al. (2020). These could 

be particularly useful in situations that the driver has not experienced for a long time 

(Boelhouwer, van den Beukel, van der Voort, Verwey, & Martens, 2020). 

3. Be cautious in the use of anthropomorphism. The literature shows that integrating 

human-like features in the vehicle’s HMI may lead to higher trust towards the 

automated system (e.g., (Forster et al., 2017; Waytz et al., 2014). However, 

anthropomorphic features may also encourage a false sense of familiarity (Wagner et 

al., 2018), leading them to expect human-like responses beyond the system’s actual 

capabilities. As stressed throughout this dissertation, high and calibrated trust are not 

the same thing. While it is plausible that human-like features may lead to more 

appropriate trust levels, there is currently very little evidence to support this claim. 

4. Design and adapt vehicle dynamics based on user feedback and real-time measures 

of user trust. As shown in Chapter 4, user perceptions of trust-worthiness do not always 

match those of engineers. One way of mitigating this problem would be to test different 

vehicle dynamics (e.g., speed, acceleration, braking and steering in specific situations), 



126 
 

measure the impact of different choices on driver trust, and make final design decisions 

based on the results. However, driver preferences are likely to change as drivers gain 

experience. In some circumstances, therefore, a better solution might be to measure 

driver trust in real time and adapt the vehicle dynamics accordingly (e.g., by slowing 

down the vehicle). 

6.3.2 Methodological considerations 

Implementing the interventions outlined in 6.3.1 requires an appropriate methodology. Based 

on the experience of our studies we have formulated the following recommendations. 

1. Always take a multidisciplinary approach. As pointed out in 6.3.1, achieving trust 

calibration is likely to require modifications to the vehicle design. This requires 

collaboration among a broad range of actors including Human Factors researchers, 

engineers and vehicle designers, as well as road authorities and policy makers, whose 

decisions constrain the options available. i-Cave has encouraged such collaborations 

(e.g., the collaboration with the road authorities in Chapter 2, the collaboration with 

engineers in Chapter 4). However, this was challenging for all concerned. In the future, 

it will be important to develop best practices for such collaborations, and to make them 

a routine part of the design process.  

2. Measures of reliability. As recently stressed by the Dutch Safety Board (OVV, 2019), 

there is currently little data on the situational reliability of vehicles equipped with Level 

2 automated systems. The Board has therefore called for more on-road studies to 

characterize the reliability of automated driving systems in a broad range of situations. 

Euro NCAP – the official European vehicle safety rating organization – is already 

taking important steps in this direction.  

Current methodologies for safety assessment focus on “Adult Occupant Protection”; 

“Child Occupant Protection”; “Pedestrian Protection” (including cyclists) and “Safety 

Assist” (Euro NCAP, 2020). However, Level 2 systems (see section 1.7) create 

additional safety challenges. 

The study reported in Chapter 4 shows that driver situational trust is not always well 

calibrated. This confirms reports in the literature that prolonged experience of incident-

free driving can lead to over-trust. It is important, therefore, that future studies 

investigate systems’ ability to maintain driver engagement while providing adequate 

assistance and emergency backup (e.g., AEB). Recent proposals from Euro NCAP 

represent a move in this direction (Mills, 2019). 
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3. Use simulated driving to investigate user trust in a broad range of situations. 

Simulator studies allow investigations of the interaction between drivers and automated 

systems at an early stage of the design process. We recommend that the design process 

for new automated driving technology should always include studies of user trust in a 

broad range of simulated driving scenarios. Although simulation studies cannot replace 

large scale road testing, studies such as the one presented in Chapter 4, can provide 

valuable input to designers before the development of prototype vehicles. 

4. Use real-time measurements of trust. Throughout this thesis we stressed that 

situational trust increases or decreases in specific driving situations. Real-time 

measures, based on users’ gaze behaviour and physiological responses, can provide 

crucial insights into such variations. If the HMI and vehicle behaviour are to be tailored 

to user trust (see 6.4), such measurements are a pre-requisite. As a beneficial side-

effect, the same measurements could be used to detect potentially dangerous user 

distraction, e.g., use of mobile phone in situations requiring the driver to pay attention 

to the road. 

6.4 Future directions 

The specific limitations of the studies presented in this thesis are discussed within the individual 

chapters. However, our own studies and other studies in the literature also raise more general 

questions, suggesting opportunities for new technology or research. Below, we summarize the 

most important of these ideas. 

6.4.1 Studies with more representative user samples 

All the participants in the study presented in Chapter 2 were Rijkswaterstaat (the Dutch Ministry 

of Infrastructure and Water Management) employees. In Chapters Chapter 3, Chapter 4 and 

Chapter 5, most participants were graduate and undergraduate students. In brief, none of our 

samples was representative of the general population. This is a general problem affecting 

studies of human psychology and behaviour using participants recruited from Western, 

Educated, Industrialized, Rich and Democratic (WEIRD) societies, whose behaviours diverge 

widely from the norm for other populations (Henrich, Heine, & Norenzayan, 2010). In view of 

these considerations, it would be very useful to study trust in samples of elderly or less educated 

users, and in non-western cultures. In the same spirit, it would be useful to study the 

development of trust with samples of drivers who have already had experience with automated 

vehicles (the recruitment criteria for our studies excluded such drivers).  
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6.4.2 Longitudinal studies 

Longitudinal studies can provide insights into the way users’ interactions with automated 

driving technology evolve over time, testing whether and to what extent long-term experience 

leads to over-trust, loss of situational awareness and skill degradation. Today, the literature 

includes relatively few studies of this kind (see however, Beggiato et al., 2015; Large, Burnett, 

Morris, Muthumani, & Matthias, 2017). Indeed, most here involve simulated driving trials with 

naive participants. Recommendations for the mitigation of under- and over-trust (see 6.3) are 

often based on results from such studies. However, their validity is largely unknown. 

Comparison of the effectiveness of different mitigation measures is an important topic for future 

work. More generally, longitudinal studies could make it possible to identify and analyse 

situations or driver behaviours too rare to impact the descriptive statistics for the study, but with 

potentially major implications for safety. 

6.4.3 Adaptive automation 

In the literature, “adaptive automation” is usually seen in terms of “dynamic control allocation” 

i.e., the automated system dynamically initiates or terminates automated functionalities based 

on situational (e.g., task difficulty) or user (e.g., workload) demands (de Visser & Parasuraman, 

2011; Inagaki, 2003; Kaber & Endsley, 2004; Sauer, Chavaillaz, & Wastell, 2017). This kind 

of adaptive automation has been shown to reduce user workload, improve their situational 

awareness and increase trust in the system (de Visser & Parasuraman, 2011; Kaber & Endsley, 

2004). With automated driving systems, adaptive automation can do more than this, actively 

adapting the behaviour of the system to the needs and preferences of the driver (de Gelder et 

al., 2016; Hoff & Bashir, 2015).  

HMIs present in commercially available vehicles already monitor driver alertness. For 

example, Cadillac Super Cruise uses head-tracking technology to ensure that drivers keep their 

eyes on the road, sending out an escalating series of alerts when more attention is needed 

(Cadillac, 2018). Future adaptive systems at higher levels of automation could use similar 

technology to tailor messages and alerts and to adapt vehicle dynamics to the situational trust 

of the user. For example, the automated driving system could dynamically adjust the vehicle’s 

speed, reducing it in situations where the users’ measured trust is low (e.g., crossing a 

roundabout). This kind of adjustment could be beneficial for under-trusting individuals, who 

may be uncomfortable with the default speed or acceleration pattern of the automated vehicle. 

For over-trusting individuals, it could be even more important. For example, the system could 
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react to signs of over-trust (e.g., reduced driver attention in a situation requiring alertness) with 

warning signals and changes in vehicle dynamics (e.g., reductions in speed, increases in the 

distance from leading vehicle).  

6.4.4 Final remarks 

Reliable technology is not enough for automated vehicles to fulfil their promise. Safety and 

uptake of automated vehicles depends strongly on the attitudes and behaviours of their potential 

users. In particular, it is crucial that users develop appropriate levels of trust towards the 

technology. Cooperation between engineers, vehicle designers and Human Factors researchers 

can make a vital contribution to the achievement of this goal. 

In summary, the real question is not “to trust or not to trust” automated driving technology. 

What we should be asking is when an automated vehicle can be trusted and, most importantly, 

what can be done to calibrate user trust with the actual capabilities of the system.   
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Epilogue: biological feedback for safer transfers of control 

A key issue for the future of automated driving technology is how to achieve safe transfers of 

control from automated to manual driving. This is especially important for the deployment of 

Level 3 systems, which cannot guarantee safety if the driver fails to respond to a Take Over 

Request (TOR). Here, trust and trust calibration are key. Against this background, we have 

developed a proposal for a novel HMI feature, and implemented the technology in an 

experimental setting. Our description of the new feature won the best poster award at the 6th 

BMW Summer School: Emotion Aware Vehicle Assistants (Raitenhaslach, Germany). 

Unfortunately, the COVID-19 pandemic forced us to postpone the testing phase beyond the 

term of this PhD. We therefore conclude this thesis with a brief description of the project’s 

premises and methods, which will hopefully be tested at a later date. 

Converging evidence from neurophysiology, neuropsychology and experimental psychology 

(Berti & Frassinetti, 2000; Gross & Graziano, 1995; Maravita, Spence, & Driver, 2003; 

Rizzolatti & Berti, 1990; Rizzolatti, Fadiga, Fogassi, & Gallese, 1997) suggests that the brain 

hosts multiple representations of space, each with its own properties (Costantini, Ambrosini, 

Tieri, Sinigaglia, & Committeri, 2010). One of these is peripersonal space: the space 

immediately surrounding our body (Costantini et al., 2010). 

One important property of peripersonal space (PPS) is its plasticity. For instance, training in 

the use of tools (e.g., a rake) leads to an extension of PPS around the hand, both in monkeys 

and humans (D’Angelo, di Pellegrino, Seriani, Gallina, & Frassinetti, 2018; Holmes, Calvert, 

& Spence, 2004; Holmes & Spence, 2006; Ishibashi, Hihara, & Iriki, 2000; lriki, Tanaka, & 

Iwamura, 1996; Osiurak, Morgado, & Palluel-Germain, 2012; Quesque et al., 2017). However, 

hardly anything is known about the way perceptions of PPS are affected by driving (Moeller, 

Zoppke, & Frings, 2016). Our proposed project is based on the conjecture that driving affects 

PPS in similar ways to the use of hand-held tools.  

Research has shown that synchronous visual and/or tactile feedback can enhance participants’ 

self-identification with virtual avatars and objects (Adler, Herbelin, Similowski, & Blanke, 

2014; Aspell et al., 2013; Suzuki, Garfinkel, Critchley, & Seth, 2013; Tsakiris & Haggard, 

2005) and therefore extend their PPS towards them. For example, visual signals in synchrony 

with participants heart beat increase perceptions of identification and co-location with a virtual 

body (Aspell et al., 2013). Similarly, in a study by Adler et al. (2014), visual signals in 

synchrony with participants breathing led them to modify their PPS, localizing their perceptions 
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of breathing somewhere between their own body and a virtual body or a simple geometrical 

object. 

In our project, we attempt to exploit this kind of phenomenon. When the simulated vehicle is 

in automated mode, the cockpit lights pulse in synchrony with the driver’s breathing pattern 

(see Figure 0.1). Take-over requests are signalled by a sudden change in pattern (i.e., from 

synchronous to asynchronous pulsations).  

 

Figure 0.1. Driver’s view. When the simulated vehicle is in automated mode, a sensor (installed in the 

seatbelt) allows cockpit lights to pulse synchronously with the driver’s breathing pattern. 

The first hypothesis for our planned study is that heart beat and/or visuo-respiratory 

synchronization will extend participants’ PPS and displace their perceptions of agency, 

unconsciously leading to closer identification with the simulated vehicle. The study will 

investigate whether such methods could have a positive impact on (under)trust, leading to a 

more relaxed experience when drivers are “out of the loop” (i.e., when the vehicle is controlled 

by the automated system). Our second hypothesis is that when synchronization is disrupted, 

signalling a TOR, driver reaction times will be faster than in a control condition (i.e., the lights 

pulse regularly with no synchronization to the driver’s breathing/heartbeat, prior to the TOR). 

In the planned study, we wanted to test these hypotheses using a combination of driver self-

reports, continuous physiological measures as described in Chapter 5, and measures of reaction 

times to TORs. If the results of our study support our hypotheses, we will work with 

manufacturers to test our solution in prototype Level 3 driving systems. 



 
 

133 
 

References  

2getthere. (2020). Masdar City PRT. Retrieved June 26, 2020, from 

https://www.2getthere.eu/masdar-city-prt/ 

AAA. (2017). Vehicle Technology Survey - Phase II. Retrieved April 3, 2020, from 

http://newsroom.aaa.com/2017/03/americans-feel-unsafe-sharing-road-fully-self-driving-

cars/ 

AAA. (2018). Vehicle Technology Survey - Phase IIIB. Retrieved April 3, 2020, from 

https://newsroom.aaa.com/2018/05/aaa-american-trust-autonomous-vehicles-slips/ 

Abdullah, F., & Ward, R. (2016). Developing a General Extended Technology Acceptance 

Model for E-Learning (GETAMEL) by analysing commonly used external factors. 

Computers in Human Behavior, 56, 238–256. https://doi.org/10.1016/j.chb.2015.11.036 

Abraham, H., Lee, C., Brady, S., Fitzgerald, C., Mehler, B., Reimer, B., & Coughlin, J. F. 

(2016). Autonomous Vehicles, Trust, and Driving Alternatives: A survey of consumer 

preferences.White paper. Retrieved from https://bestride.com/wp-

content/uploads/2016/05/MIT-NEMPA-White-Paper-2016-05-30-final.pdf 

Adler, D., Herbelin, B., Similowski, T., & Blanke, O. (2014). Reprint of “Breathing and sense 

of self: Visuo-respiratory conflicts alter body self-consciousness.” Respiratory Physiology 

& Neurobiology, 204, 131–137. https://doi.org/10.1016/j.resp.2014.09.019 

Ahlström, C., Anund, A., Fors, C., & Åkerstedt, T. (2018). The effect of daylight versus 

darkness on driver sleepiness: a driving simulator study. Journal of Sleep Research, 27(3), 

1-9. https://doi.org/10.1111/jsr.12642 

Akash, K., Hu, W.-L., Jain, N., & Reid, T. (2018). A Classification Model for Sensing Human 

Trust in Machines Using EEG and GSR. ACM Transactions on Interactive Intelligent 

Systems, 8(4), 1–20. https://doi.org/10.1145/3132743 

Alsina-Jurnet, I., & Gutiérrez-Maldonado, J. (2010). Influence of personality and individual 

abilities on the sense of presence experienced in anxiety triggering virtual environments. 

International Journal of Human-Computer Studies, 68(10), 788–801. 

https://doi.org/10.1016/j.ijhcs.2010.07.001 

Anund, A., Lindström, A., van Schagen, I., & Linder, A. (2020). Safety through automation? 



134 
 

Ensuring that automated and connected driving contribute to a safer transportation system. 

8th Transport Research Arena TRA 2020, 1–5. Retrieved from 

https://www.swov.nl/en/news/safety-through-automation-ensuring-automated-and-

connected-driving-contribute-safer 

Aspell, J. E., Heydrich, L., Marillier, G., Lavanchy, T., Herbelin, B., & Blanke, O. (2013). 

Turning Body and Self Inside Out. Psychological Science, 24(12), 2445–2453. 

https://doi.org/10.1177/0956797613498395 

Atlas.ti (2020). Atlas.ti. Retrieved April 15, from https://atlasti.com/product/what-is-atlas-ti/ 

Baas, J. M., Nugent, M., Lissek, S., Pine, D. S., & Grillon, C. (2004). Fear conditioning in 

virtual reality contexts: a new tool for the study of anxiety. Biological Psychiatry, 55(11), 

1056–1060. https://doi.org/10.1016/j.biopsych.2004.02.024 

Baas, J. M. P., Mol, N., Kenemans, J. L., Prinssen, E. P., Niklson, I., Xia-Chen, C., … van 

Gerven, J. (2009). Validating a human model for anxiety using startle potentiated by cue 

and context: the effects of alprazolam, pregabalin, and diphenhydramine. 

Psychopharmacology, 205(1), 73–84. https://doi.org/10.1007/s00213-009-1516-5 

Bahner, J. E., Hüper, A.-D., & Manzey, D. (2008). Misuse of automated decision aids: 

Complacency, automation bias and the impact of training experience. International 

Journal of Human-Computer Studies, 66(9), 688–699. 

https://doi.org/10.1016/j.ijhcs.2008.06.001 

Bainbridge, L. (1983). Ironies of automation. Automatica, 19(6), 775–779. 

https://doi.org/10.1016/0005-1098(83)90046-8 

Banks, V. A., Eriksson, A., O’Donoghue, J., & Stanton, N. A. (2018). Is partially automated 

driving a bad idea? Observations from an on-road study. Applied Ergonomics, 68, 138–

145. https://doi.org/10.1016/j.apergo.2017.11.010 

Baños, R. M., Botella, C., Alcañiz, M., Liaño, V., Guerrero, B., & Rey, B. (2004). Immersion 

and Emotion: Their Impact on the Sense of Presence. CyberPsychology & Behavior, 7(6), 

734–741. https://doi.org/10.1089/cpb.2004.7.734 

Bansal, P., & Kockelman, K. M. (2017). Forecasting Americans’ long-term adoption of 

connected and autonomous vehicle technologies. Transportation Research Part A: Policy 

and Practice, 95, 49–63. https://doi.org/10.1016/j.tra.2016.10.013 



 
 

135 
 

Bassett, J. R., Marshall, P. M., & Spillane, R. (1987). The physiological measurement of acute 

stress (public speaking) in bank employees. International Journal of Psychophysiology, 

5(4), 265–273. https://doi.org/10.1016/0167-8760(87)90058-4 

BASt. (2013). Legal consequences of an increase in vehicle automation: final report of the 

project group. BASt-Report F83. Retrieved from https://bast.opus.hbz-nrw.de/opus45-

bast/frontdoor/deliver/index/docId/689/file/Legal_consequences_of_an_increase_in_vehi

cle_automation.pdf 

BBC. (2019). Tesla Model 3: Autopilot engaged during fatal crash. Retrieved March 25, 2020, 

from https://www.bbc.com/news/technology-48308852 

BBC. (2020). Tesla Autopilot crash driver “was playing video game”. Retrieved March 25, 

2020, from https://www.bbc.com/news/technology-51645566 

Becker, F., & Axhausen, K. W. (2017). Literature review on surveys investigating the 

acceptance of automated vehicles. Transportation, 44(6), 1293–1306. 

https://doi.org/10.1007/s11116-017-9808-9 

Beggiato, M. (2015). Changes in motivational and higher level cognitive processes when 

interacting with in-vehicle automation (Technischen Universität Chemnitz). Retrieved 

from https://monarch.qucosa.de/landing-

page/?tx_dlf[id]=https%3A%2F%2Fmonarch.qucosa.de%2Fapi%2Fqucosa%253A2024

6%2Fmets 

Beggiato, M., & Krems, J. F. (2013). The evolution of mental model, trust and acceptance of 

adaptive cruise control in relation to initial information. Transportation Research Part F: 

Traffic Psychology and Behaviour, 18, 47–57. https://doi.org/10.1016/j.trf.2012.12.006 

Beggiato, M., Pereira, M., Petzoldt, T., & Krems, J. (2015). Learning and development of trust, 

acceptance and the mental model of ACC. A longitudinal on-road study. Transportation 

Research Part F: Traffic Psychology and Behaviour, 35, 75–84. 

https://doi.org/10.1016/j.trf.2015.10.005 

Behringer & Müller. (1998). Autonomous Road Vehicle Guidance from Autobahnen to Narrow 

Curves. History of Economics Society Bulletin, 14(5), 810–815. 

https://doi.org/10.1017/S1042771600010292 

Beller, J., Heesen, M., & Vollrath, M. (2013). Improving the driver-automation interaction: An 



136 
 

approach using automation uncertainty. Human Factors, 55(6), 1130–1141. 

https://doi.org/10.1177/0018720813482327 

Ben-Shakhar, G. (1985). Standardization Within Individuals: A Simple Method to Neutralize 

Individual Differences in Skin Conductance. Psychophysiology, 22(3), 292–299. 

https://doi.org/10.1111/j.1469-8986.1985.tb01603.x 

Ben-Shakhar, G. (1987). The Correction of Psychophysiological Measures for Individual 

Differences in Responsivity Should Be Based on Typical Response Parameters: A Reply 

to Stemmler. Psychophysiology, 24(2), 247–249. https://doi.org/10.1111/j.1469-

8986.1987.tb00287.x 

Berti, A., & Frassinetti, F. (2000). When Far Becomes Near: Remapping of Space by Tool Use. 

Journal of Cognitive Neuroscience, 12(3), 415–420. 

https://doi.org/10.1162/089892900562237 

Bimbraw, K. (2015). Autonomous cars: Past, present and future: A review of the developments 

in the last century, the present scenario and the expected future of autonomous vehicle 

technology. Proceedings of the 12th International Conference on Informatics in Control, 

Automation and Robotics - ICINCO 2015, 191–198. 

https://doi.org/10.5220/0005540501910198 

Biondi, F., Alvarez, I., & Jeong, K. A. (2019). Human–Vehicle Cooperation in Automated 

Driving: A Multidisciplinary Review and Appraisal. International Journal of Human-

Computer Interaction, 35(11), 932–946. https://doi.org/10.1080/10447318.2018.1561792 

Boelhouwer, A., van den Beukel, A. P., van der Voort, M. C., Hottentot, C., de Wit, R. Q., & 

Martens, M. H. (2020). How are car buyers and car sellers currently informed about 

ADAS? An investigation among drivers and car sellers in the Netherlands. Transportation 

Research Interdisciplinary Perspectives, 4, 1-19. 

https://doi.org/10.1016/j.trip.2020.100103 

Boelhouwer, A., van den Beukel, A. P., van der Voort, M. C., & Martens, M. H. (2019). Should 

I take over? Does system knowledge help drivers in making take-over decisions while 

driving a partially automated car? Transportation Research Part F: Traffic Psychology 

and Behaviour, 60, 669–684. https://doi.org/10.1016/j.trf.2018.11.016 

Boelhouwer, A., van den Beukel, A. P., van der Voort, M. C., Verwey, W. B., & Martens, M. 

H. (2020). Supporting drivers of partially automated cars through an adaptive digital in-



 
 

137 
 

car tutor. Information (Switzerland), 11(4), 1–22. https://doi.org/10.3390/INFO11040185 

Boelhouwer, A., van Dijk, J., & Martens, M. H. (2019). Turmoil Behind the Automated Wheel. 

https://doi.org/10.1007/978-3-030-22666-4_1 

Boubin, J. G., Rusnock, C. F., & Bindewald, J. M. (2017). Quantifying compliance and reliance 

trust behaviors to influence trust in HumanAutomation teams. Proceedings of the Human 

Factors and Ergonomics Society, 2017-Octob, 750–754. 

https://doi.org/10.1177/1541931213601672 

Braithwaite, J. J., Watson, D. G., Jones, R., & Rowe, M. (2015). A guide for analysing 

electrodermal activity (EDA) & skin conductance responses (SCRs) for psychological 

experiments. Retrieved from https://www.lancaster.ac.uk/media/lancaster-

university/content-

assets/documents/psychology/ABriefGuideforAnalysingElectrodermalActivityv4.pdfhttp

s://www.lancaster.ac.uk/media/lancaster-university/content-

assets/documents/psychology/ABriefGuideforAnalysing 

Brogni, A., Vinayagamoorthy, V., Steed, A., & Slater, M. (2006). Variations in physiological 

responses of participants during different stages of an immersive virtual environment 

experiment. Proceedings of the ACM Symposium on Virtual Reality Software and 

Technology - VRST ’06, 376. https://doi.org/10.1145/1180495.1180572 

Brookhuis, K. A., de Waard, D., & Janssen, W. H. (2001). Behavioural impacts of advanced 

driver assistance systems–an overview. European Journal of Transport and Infrastructure 

Research, 1(3), 245–253. https://doi.org/https://doi.org/10.18757/ejtir.2001.1.3.3667 

Brower, H. H., Schoorman, F. D., & Tan, H. H. (2000). A model of relational leadership. The 

Leadership Quarterly, 11(2), 227–250. https://doi.org/10.1016/s1048-9843(00)00040-0 

Burnett, G.E., Irune, A., & Mowforth, A. (2007). Driving simulator sickness and validity: how 

important is it to use real car cabins. Road Safety and Simulation 2007, 1–6. Retrieved 

from 

https://www.researchgate.net/profile/Gary_Burnett/publication/289400203_Driving_sim

ulator_sickness_and_validity_How_important_is_it_to_use_real_car_cabins/links/5a7a2

6d9a6fdccebdd819461/Driving-simulator-sickness-and-validity-How-important-is-it-to-

use-re 

Butler, J. K. (1991). Toward Understanding and Measuring Conditions of Trust: Evolution of 



138 
 

a Conditions of Trust Inventory. Journal of Management, 17(3), 643–663. 

https://doi.org/10.1177/014920639101700307 

Cacioppo, J. T., Tassinary, L. G., & Berntson, G. (2007). Handbook of psychophysiology (J. T. 

Cacioppo, L. G. Tassinary, & G. Berntson, Eds.). Retrieved from 

https://www.researchgate.net/profile/Louis_Tassinary/publication/209436130_Handbook

_of_psychophysiology/links/09e415109a7785ed32000000/Handbook-of-

psychophysiology.pdf 

Cadillac. (2018). CT6 SUPER CRUISE Convenience & Personalization Guide. Retrieved from 

https://www.cadillac.com/content/dam/cadillac/na/us/english/index/ownership/technolog

y/supercruise/pdfs/2020-cad-ct6-supercruise-personalization.pdf 

Cardew. (1970). The Automatic Steering of Vehicles: An Experimental System Fitted to a DS 

19 Citroen Car. RRL report; LR 340. Retrieved from https://trid.trb.org/view/641347 

Carlson, M. S., Desai, M., Drury, J. L., Kwak, H., & Yanco, H. A. (2014). Identifying factors 

that influence trust in automated cars and medical diagnosis systems. AAAI Symposium on 

The Intersection of Robust Intelligence and Trust in Autonomous Systems, 20–27. 

Retrieved from https://www.aaai.org/ocs/index.php/SSS/SSS14/paper/view/7729/7725 

Carsten, O., Lai, F. C. H., Barnard, Y., Jamson, A. H., & Merat, N. (2012). Control task 

substitution in semiautomated driving: Does it matter what aspects are automated? Human 

Factors, 54(5), 747–761. https://doi.org/10.1177/0018720812460246 

Carsten, O., & Martens, M. H. (2019). How can humans understand their automated cars? HMI 

principles, problems and solutions. Cognition, Technology and Work, 21(1), 3–20. 

https://doi.org/10.1007/s10111-018-0484-0 

Castelfranchi, C., & Falcone, R. (2000). Trust is much more than subjective probability: mental 

components and sources of trust. Proceedings of the Hawaii International Conference on 

System Sciences, 1-10. https://doi.org/10.1109/hicss.2000.926815 

Casutt, G., Theill, N., Martin, M., Keller, M., & Jäncke, L. (2014). The drive-wise project: 

driving simulator training increases real driving performance in healthy older drivers. 

Frontiers in Aging Neuroscience, 6, 1-14. https://doi.org/10.3389/fnagi.2014.00085 

Centre for Connected & Autonomous Vehicles. (2019). Code of Practice: Automated vehicle 

trialling, 1-11. Retrieved from https://www.gov.uk/government/publications/trialling-



 
 

139 
 

automated-vehicle-technologies-in-public 

Chavaillaz, A., Wastell, D., & Sauer, J. (2016). System reliability, performance and trust in 

adaptable automation. Applied Ergonomics, 52, 333–342. 

https://doi.org/10.1016/j.apergo.2015.07.012 

Choi, J. K., & Ji, Y. G. (2015). Investigating the Importance of Trust on Adopting an 

Autonomous Vehicle. International Journal of Human-Computer Interaction, 31(10), 

692–702. https://doi.org/10.1080/10447318.2015.1070549 

Christie, M. J. (1981). Electrodermal Activity in the 1980s: A Review. Journal of the Royal 

Society of Medicine, 74(8), 616–622. https://doi.org/10.1177/014107688107400812 

Cicchino, J. B. (2017). Effectiveness of forward collision warning and autonomous emergency 

braking systems in reducing front-to-rear crash rates. Accident Analysis & Prevention, 99, 

142–152. https://doi.org/https://doi.org/10.1016/j.aap.2016.11.009 

Claybrook, J., & Kildare, S. (2018). Autonomous vehicles: No driver…no regulation? Science, 

361(6397), 36–37. https://doi.org/10.1126/science.aau2715 

CNBC. (2018). Tempe police release video of deadly Uber accident. Retrieved June 28, 2020, 

from https://www.cnbc.com/2018/03/21/uber-pedestrian-accident-tempe-police-release-

video.html 

CNET. (2016). Dashcam shows fatal Tesla Model S crash in China. Retrieved March 24, 2020, 

from https://www.cnet.com/news/dash-cam-showed-fatal-tesla-crash-in-china/ 

Cornwell, B. R., Garrido, M. I., Overstreet, C., Pine, D. S., & Grillon, C. (2017). The 

Unpredictive Brain Under Threat: A Neurocomputational Account of Anxious 

Hypervigilance. Biological Psychiatry, 82(6), 447–454. 

https://doi.org/10.1016/j.biopsych.2017.06.031 

Costa, A. C., Roe, R. A., & Taillieu, T. (2001). Trust within teams: The relation with 

performance effectiveness. European Journal of Work and Organizational Psychology, 

10(3), 225–244. https://doi.org/10.1080/13594320143000654 

Costantini, M., Ambrosini, E., Tieri, G., Sinigaglia, C., & Committeri, G. (2010). Where does 

an object trigger an action? An investigation about affordances in space. Experimental 

Brain Research, 207, 95–103. https://doi.org/10.1007/s00221-010-2435-8 



140 
 

Critchley, H. D. (2002). Review: Electrodermal Responses: What Happens in the Brain. The 

Neuroscientist, 8(2), 132–142. https://doi.org/10.1177/107385840200800209 

Cunningham, M. L., Regan, M. A., Horberry, T., Weeratunga, K., & Dixit, V. (2019). Public 

opinion about automated vehicles in Australia: Results from a large-scale national survey. 

Transportation Research Part A: Policy and Practice, 129, 1–18. 

https://doi.org/10.1016/j.tra.2019.08.002 

Cunningham, M., & Regan, M. A. (2015). Autonomous Vehicles: Human Factors Issues and 

Future Research. Australasian Road Safety Conference, 1–11. Retrieved from 

https://trid.trb.org/view/1399362 

Czarnecki, K. (2018). Operational Design Domain for Automated Driving Systems-Taxonomy 

of Basic Terms. 1–22. https://doi.org/10.13140/RG.2.2.18037.88803 

D’Angelo, M., di Pellegrino, G., Seriani, S., Gallina, P., & Frassinetti, F. (2018). The sense of 

agency shapes body schema and peripersonal space. Scientific Reports, 8(1), 1–11. 

https://doi.org/10.1038/s41598-018-32238-z 

DARPA. (2020). Darpa urban challenge. Retrieved March 27, 2020, from 

https://www.darpa.mil/about-us/timeline/darpa-urban-challenge 

Davis, F. D., Bagozzi, R. P., & Warshaw, P. R. (1989). User Acceptance of Computer 

Technology: A Comparison of Two Theoretical Models. Management Science, 35(8), 982-

1003. Retrieved from https://www.jstor.org/stable/2632151 

de Gelder, E., Cara, I., Uittenbogaard, J., Kroon, L., van Iersel, S., & Hogema, J. (2016). 

Towards personalised automated driving: Prediction of preferred ACC behaviour based 

on manual driving. 2016 IEEE Intelligent Vehicles Symposium (IV), 1211–1216. 

https://doi.org/10.1109/IVS.2016.7535544 

de Kort, Y. A. W., Meijnders, A. L., Sponselee, A. A. G., & IJsselsteijn, W. A. (2006). What’s 

wrong with virtual trees? Restoring from stress in a mediated environment. Journal of 

Environmental Psychology, 26(4), 309–320. https://doi.org/10.1016/j.jenvp.2006.09.001 

de Visser, E. J., Krueger, F., McKnight, P., Scheid, S., Smith, M., Chalk, S., & Parasuraman, 

R. (2012). The world is not enough: Trust in cognitive agents. Proceedings of the Human 

Factors and Ergonomics Society, 263–267. https://doi.org/10.1177/1071181312561062 

de Visser, E., & Parasuraman, R. (2011). Adaptive Aiding of Human-Robot Teaming: Effects 



 
 

141 
 

of Imperfect Automation on Performance, Trust, and Workload. Journal of Cognitive 

Engineering and Decision Making, 5(2), 209–231. 

https://doi.org/10.1177/1555343411410160 

de Vries, P., & Midden, C. (2008). Effect of indirect information on system trust and control 

allocation. Behaviour and Information Technology, 27(1), 17–29. 

https://doi.org/10.1080/01449290600874956 

de Vries, Peter, Midden, C., & Bouwhuis, D. (2003). The effects of errors on system trust, self-

confidence, and the allocation of control in route planning. International Journal of 

Human Computer Studies, 58(6), 719–735. https://doi.org/10.1016/S1071-

5819(03)00039-9 

de Winter, J. C. F. (2019). Pitfalls of automation: a faulty narrative?: Commentary on Hancock 

(2019) Some pitfalls in the promises of automated and autonomous vehicles. Ergonomics, 

62(4), 505–508. https://doi.org/10.1080/00140139.2019.1563334 

de Winter, J. C. F., Happee, R., Martens, M. H., & Stanton, N. A. (2014). Effects of adaptive 

cruise control and highly automated driving on workload and situation awareness: A 

review of the empirical evidence. Transportation Research Part F: Traffic Psychology 

and Behaviour, 27, 196–217. https://doi.org/10.1016/j.trf.2014.06.016 

Deutsch, M. (1973). The resolution of conflict: Constructive and destructive processes. 

American Behavioral Scientist, 17 (2). https://doi.org/10.1177/000276427301700206 

Dickie, D. A., & Boyle, L. N. (2009). Drivers’ understanding of adaptive cruise control 

limitations. Proceedings of the Human Factors and Ergonomics Society, 1806–1810. 

https://doi.org/10.1518/107118109x12524444082439 

Dickmanns, E. D., & Zapp, A. (1987). Autonomous High Speed Road Vehicle Guidance by 

Computer Vision 1. IFAC Proceedings Volumes, 20(5), 221–226. 

https://doi.org/10.1016/s1474-6670(17)55320-3 

Diemer, J., Alpers, G. W., Peperkorn, H. M., Shiban, Y., & Mühlberger, A. (2015). The impact 

of perception and presence on emotional reactions: a review of research in virtual reality. 

Frontiers in Psychology, 6. https://doi.org/10.3389/fpsyg.2015.00026 

Digitimer. (2019). Digitimer DS5. Retrieved January 13, 2019, from https://digitimer.com/wp-

content/uploads/2015/01/ds5.pdf 



142 
 

Dikmen, M., & Burns, C. (2017). Trust in Autonomous Vehicles. 2017 IEEE International 

Conference on Systems, Man, and Cybernetics (SMC), 1093–1098. 

https://doi.org/https://doi.org/10.1109/SMC.2017.8122757 

Dzindolet, M. T., Peterson, S. A., Pomranky, R. A., Pierce, L. G., & Beck, H. P. (2003). The 

role of trust in automation reliance. Int. J. Human-Computer Studies, 58, 697–718. 

https://doi.org/10.1016/S1071-5819(03)00038-7 

Ekman, F., Johansson, M., Bligård, L.-O., Karlsson, M., & Strömberg, H. (2019). Exploring 

automated vehicle driving styles as a source of trust information. Transportation Research 

Part F: Traffic Psychology and Behaviour, 65, 268–279. 

https://doi.org/10.1016/j.trf.2019.07.026 

Ekman, F., Johansson, M., & Sochor, J. (2018). Creating Appropriate Trust in Automated 

Vehicle Systems: A Framework for HMI Design. IEEE Transactions on Human-Machine 

Systems, 48(1), 95–101. https://doi.org/10.1109/THMS.2017.2776209 

Empatica. (2018). Empatica E4 wristband. Retrieved September 24, 2018, from 

https://support.empatica.com/hc/enus/%0Aarticles/202581999-E4-wristband-technical-

specifications 

Endsley, M. R. (1988). Design and Evaluation for Situation Awareness Enhancement. 

Proceedings of the Human Factors and Ergonomics Society, 97–101. 

https://doi.org/10.1177/154193128803200220 

Endsley, M. R. (2017a). Autonomous Driving Systems: A Preliminary Naturalistic Study of the 

Tesla Model S. Journal of Cognitive Engineering and Decision Making, 11(3), 225–238. 

https://doi.org/10.1177/1555343417695197 

Endsley, M. R. (2017b). From Here to Autonomy: Lessons Learned from Human-Automation 

Research. Human Factors, 59(1), 5–27. https://doi.org/10.1177/0018720816681350 

Eriksson, A., & Stanton, N. A. (2017). Takeover Time in Highly Automated Vehicles: 

Noncritical Transitions to and from Manual Control. Human Factors, 59(4), 689–705. 

https://doi.org/10.1177/0018720816685832 

Espié, S., Gauriat, P., & Duraz, M. (2005). Driving simulators validation: the issue of 

transferability of results acquired on simulator. Driving Simulation Conference, 149–156. 

Retrieved from 



 
 

143 
 

https://www.researchgate.net/profile/Stephane_Espie/publication/266456992_Driving_Si

mulators_Validation_The_Issue_of_Transferability_of_Results_Acquired_on_Simulator

/links/54d382250cf2b0c6146d9fe8.pdf 

Euro NCAP (2020). The ratings explained. Retrieved March 26, 2020, from 

https://www.euroncap.com/en/vehicle-safety/the-ratings-explained/ 

Fagnant, D. J., & Kockelman, K. (2015). Preparing a nation for autonomous vehicles: 

opportunities, barriers and policy recommendations. Transportation Research Part A: 

Policy and Practice, 77, 167–181. https://doi.org/10.1016/j.tra.2015.04.003 

Faul, F., Erdfelder, E., Lang, A.-G., & Buchner, A. (2007). G*Power 3: A flexible statistical 

power analysis program for the social, behavioral, and biomedical sciences. Behavior 

Research Methods, 39(2), 175–191. https://doi.org/10.3758/BF03193146 

Faure, V., Lobjois, R., & Benguigui, N. (2016). The effects of driving environment complexity 

and dual tasking on drivers’ mental workload and eye blink behavior. Transportation 

Research Part F: Traffic Psychology and Behaviour, 40, 78–90. 

https://doi.org/10.1016/j.trf.2016.04.007 

Felnhofer, A., Kothgassner, O. D., Hetterle, T., Beutl, L., Hlavacs, H., & Kryspin-Exner, I. 

(2014). Afraid to Be There? Evaluating the Relation Between Presence, Self-Reported 

Anxiety, and Heart Rate in a Virtual Public Speaking Task. Cyberpsychology, Behavior, 

and Social Networking, 17(5), 310–316. https://doi.org/10.1089/cyber.2013.0472 

Felnhofer, A., Kothgassner, O. D., Schmidt, M., Heinzle, A.-K., Beutl, L., Hlavacs, H., & 

Kryspin-Exner, I. (2015). Is virtual reality emotionally arousing? Investigating five 

emotion inducing virtual park scenarios. International Journal of Human-Computer 

Studies, 82, 48–56. https://doi.org/10.1016/j.ijhcs.2015.05.004 

Feng, R., Zhang, G., & Cheng, B. (2009). An on-board system for detecting driver drowsiness 

based on multi-sensor data fusion using Dempster-Shafer theory. 2009 International 

Conference on Networking, Sensing and Control, 897–902. 

https://doi.org/10.1109/ICNSC.2009.4919399 

Flemisch, F., Altendorf, E., Canpolat, Y., Weßel, G., Baltzer, M., Lopez, D., Herzberger, N. 

D., Voß, G. M. I., Schwalm, M., & Schutte, P. (2017). Advances in Ergonomic Design of 

Systems, Products and Processes. Advances in Ergonomic Design of Systems, Products 

and Processes, (September 2018). https://doi.org/10.1007/978-3-662-53305-5 



144 
 

Fornasiero, E. (2011). Evaluation of the effectiveness of “innovative” and “unconventional” 

systems in urban areas, 320-329. Retrieved from 

https://www.semanticscholar.org/paper/Evaluation-of-the-effectiveness-of-

%E2%80%9Cinnovative%E2%80%9D-and-

Fornasiero/a5f20cd11e2a469bfdb0841588da548d95eaef63 

Forster, Y., Hergeth, S., Naujoks, F., & Krems, J. F. (2018). How usability can save the day - 

Methodological considerations for making automated driving a success story. Proceedings 

of the 10th International Conference on Automotive User Interfaces and Interactive 

Vehicular Applications - AutomotiveUI '18, 278–290. 

https://doi.org/10.1145/3239060.3239076 

Forster, Y., Kraus, J., Feinauer, S., & Baumann, M. (2018). Calibration of trust expectancies in 

conditionally automated driving by brand, reliability information and introductionary 

videos: An online study. Proceedings of the 10th International Conference on Automotive 

User Interfaces and Interactive Vehicular Applications - AutomotiveUI '18, 118–128. 

https://doi.org/10.1145/3239060.3239070 

Forster, Y., Naujoks, F., & Neukum, A. (2017). Increasing anthropomorphism and trust in 

automated driving functions by adding speech output. Proceedings of IEEE Intelligent 

Vehicles Symposium, 365–372. https://doi.org/10.1109/IVS.2017.7995746 

Gasser, T. M., & Westhoff, D. (2012). BASt-study: Definitions of automation and legal issues 

in Germany. Road Vehicle Automation Workshop, 1–23. Retrieved from 

http://onlinepubs.trb.org/onlinepubs/conferences/2012/Automation/presentations/Gasser.

pdf 

Ghazizadeh, M., Lee, J. D., & Boyle, L. N. (2012). Extending the Technology Acceptance 

Model to assess automation. Cognition, Technology and Work, 14(1), 39–49. 

https://doi.org/10.1007/s10111-011-0194-3 

Gidron, Y. (2013). Trait anxiety. In M. D. Gellman & J. R. Turner (Eds.), Encyclopedia of 

Behavioral Medicine. New York, New York, USA: Springer. 

Gietelink, O., Ploeg, J., De Schutter, B., & Verhaegen, M. (2006). Development of advanced 

driver assistance systems with vehicle hardware-in-the-loop simulations. Vehicle System 

Dynamics, 44(7), 569–590. https://doi.org/10.1080/00423110600563338 

GM. (2019). 1956 Firebird II. Retrieved June 25, 2020, from 



 
 

145 
 

https://www.gmheritagecenter.com/gm-vehicle-collection/1956_Firebird_II.html 

Godley, S. T., Triggs, T. J., & Fildes, B. N. (2002). Driving simulator validation for speed 

research. Accident Analysis & Prevention, 34(5), 589–600. https://doi.org/10.1016/S0001-

4575(01)00056-2 

Gold, C., Happee, R., & Bengler, K. (2018). Modeling take-over performance in level 3 

conditionally automated vehicles. Accident Analysis and Prevention, 116, 3–13. 

https://doi.org/10.1016/j.aap.2017.11.009 

Gold, C., Körber, M., Hohenberger, C., Lechner, D., & Bengler, K. (2015). Trust in Automation 

– Before and After the Experience of Take-over Scenarios in a Highly Automated Vehicle. 

Procedia Manufacturing, 3, 3025–3032. https://doi.org/10.1016/j.promfg.2015.07.847 

González, D., Pérez, J., Milanés, V., & Nashashibi, F. (2016). A Review of Motion Planning 

Techniques for Automated Vehicles. IEEE Transactions on Intelligent Transportation 

Systems, 17(4), 1135–1145. https://doi.org/10.1109/TITS.2015.2498841 

Green, P. (2013). Standard definitions for driving measures and statistics: : overview and status 

of recommended practice J2944. Proceedings of the 5th International Conference on 

Automotive User Interfaces and Interactive Vehicular Applications - AutomotiveUI ’13, 

184–191. https://doi.org/10.1145/2516540.2516542 

Gross, C. G., & Graziano, M. S. A. (1995). Multiple Representations of Space in the Brain. The 

Neuroscientist, 1(1), 43–50. https://doi.org/10.1177/107385849500100107 

GRVA. (2020). Proposal for a new UN Regulation on Uniform provisions concerning the 

approval of vehicles with regard to Automated Lane Keeping Systems Contents. Retrieved 

from http://www.unece.org/fileadmin/DAM/trans/doc/2020/wp29grva/GRVA-06-

02r1e.pdf 

Habibovic, A., Lundgren, V. M., Andersson, J., Klingegård, M., Lagström, T., Sirkka, A., … 

Larsson, P. (2018). Communicating intent of automated vehicles to pedestrians. Frontiers 

in Psychology, 9, 1-17. https://doi.org/10.3389/fpsyg.2018.01336 

Haeuslschmid, R., Von Buelow, M., Pfleging, B., & Butz, A. (2017). Supporting trust in 

autonomous driving. Proceedings of the International Conference on Intelligent User 

Interfaces - IUI, 319–329. https://doi.org/10.1145/3025171.3025198 

Hart, S. G., & Staveland, L. E. (1988). Development of NASA-TLX (Task Load Index): Results 



146 
 

of Empirical and Theoretical Research. Advances in Psychology, 52, 139-183. 

https://doi.org/10.1016/S0166-4115(08)62386-9 

Harvey, C., & Burnett, G. (2016). The Influence of Incentives and Instructions on Behaviour in 

Driving Simulator Studies. Proceedings of the European Conference on Cognitive 

Ergonomics - ECCE ’16, 1–7. https://doi.org/10.1145/2970930.2970948 

Heikoop, D. D., de Winter, J. C. F., van Arem, B., & Stanton, N. A. (2017). Effects of 

platooning on signal-detection performance, workload, and stress: A driving simulator 

study. Applied Ergonomics, 60, 116–127. https://doi.org/10.1016/j.apergo.2016.10.016 

Helland, A., Jenssen, G. D., Lervåg, L. E., Westin, A. A., Moen, T., Sakshaug, K., Lydersen, 

S., Mørland, J., & Slørdal, L. (2013). Comparison of driving simulator performance with 

real driving after alcohol intake: A randomised, single blind, placebo-controlled, cross-

over trial. Accident Analysis and Prevention, 53, 9–16. 

https://doi.org/10.1016/j.aap.2012.12.042 

Helldin, T., Falkman, G., Riveiro, M., & Davidsson, S. (2013). Presenting system uncertainty 

in automotive UIs for supporting trust calibration in autonomous driving. Proceedings of 

the 5th International Conference on Automotive User Interfaces and Interactive Vehicular 

Applications - AutomotiveUI '13, 210–217. https://doi.org/10.1145/2516540.2516554 

Henrich, J., Heine, S. J., & Norenzayan, A. (2010). The weirdest people in the world? 

Behavioral and Brain Sciences, 33(2–3), 61–83. 

https://doi.org/10.1017/S0140525X0999152X 

Hergeth, S., Lorenz, L., Krems, J. F., & Toenert, L. (2015). Effects of Take-Over Requests and 

Cultural Background on Automation Trust in Highly Automated Driving. Proceedings 

Driving Assessment Conference, 331–337. 

https://doi.org/10.17077/drivingassessment.1591 

Hergeth, S., Lorenz, L., Vilimek, R., & Krems, J. F. (2016). Keep Your Scanners Peeled: Gaze 

Behavior as a Measure of Automation Trust during Highly Automated Driving. Human 

Factors, 58(3), 509–519. https://doi.org/10.1177/0018720815625744 

Hjortskov, N., Rissén, D., Blangsted, A. K., Fallentin, N., Lundberg, U., & Søgaard, K. (2004). 

The effect of mental stress on heart rate variability and blood pressure during computer 

work. European Journal of Applied Physiology, 92(1–2), 84–89. 

https://doi.org/10.1007/s00421-004-1055-z 



 
 

147 
 

Hoff, K. A., & Bashir, M. (2015). Trust in automation: Integrating empirical evidence on factors 

that influence trust. Human Factors, 57(3), 407–434. 

https://doi.org/10.1177/0018720814547570 

Hoffman, R. R. (2017). A Taxonomy of Emergent Trusting in the Human–Machine 

Relationship. In P. J. Smith & Hoffman R. R. (Eds.), Cognitive Systems Engineering, 137–

164. https://doi.org/10.1201/9781315572529-8 

Holländer, K., Wintersberger, P., & Butz, A. (2019). Overtrust in external cues of automated 

vehicles: An experimental investigation. Proceedings of the 11th International Conference 

on Automotive User Interfaces and Interactive Vehicular Applications - AutomotiveUI '19, 

211–221. https://doi.org/10.1145/3342197.3344528 

Holmes, N. P., Calvert, G. A., & Spence, C. (2004). Extending or projecting peripersonal space 

with tools? Multisensory interactions highlight only the distal and proximal ends of tools. 

Neuroscience Letters, 372(1–2), 62–67. https://doi.org/10.1016/j.neulet.2004.09.024 

Holmes, N. P., & Spence, C. (2006). Beyond the body schema: Visual, prosthetic, and 

technological contributions to bodily perception and awareness. In G. Knoblich, I. M. 

Thornton, M. Grosjean, & M. Shiffra (Eds.), Human body perception from the inside out. 

https://doi.org/10.1007/s13398-014-0173-7.2 

Horberry, T., Anderson, J., Regan, M. A., Triggs, T. J., & Brown, J. (2006). Driver distraction: 

The effects of concurrent in-vehicle tasks, road environment complexity and age on 

driving performance. Accident Analysis and Prevention, 38(1), 185–191. 

https://doi.org/10.1016/j.aap.2005.09.007 

Hulse, L. M., Xie, H., & Galea, E. R. (2018). Perceptions of autonomous vehicles: 

Relationships with road users, risk, gender and age. Safety Science, 102, 1–13. 

https://doi.org/10.1016/j.ssci.2017.10.001 

Hummel, T., Kühn, M., Bende, J., & Lang, A. (2011). Advanced Driver Assistance Systems 

(ADAS) : an investigation of their potential safety benefits based on an analysis of 

insurance claims in Germany, 1-21. Retrieved from 

https://library.swov.nl/action/front/cardweb?id=336149 

i-CAVE. (2020). i-CAVE. Retrieved April 15, 2020, from https://i-cave.nl/ 

Inagaki, T. (2003). Adaptive Automation: Sharing and Trading of Control. In E. Hollnagel 



148 
 

(Ed.), Handbook of Cognitive Task Design, 147–169. CRC Press. 

Inagaki, T., & Itoh, M. (2013). Human’s overtrust in and overreliance on advanced driver 

assistance systems: A theoretical framework. International Journal of Vehicular 

Technology, 2013, 1-8. https://doi.org/10.1155/2013/951762 

Inagaki, T., & Sheridan, T. B. (2019). A critique of the SAE conditional driving automation 

definition, and analyses of options for improvement. Cognition, Technology and Work, 

21(4), 569–578. https://doi.org/10.1007/s10111-018-0471-5 

Iriki, A., Tanaka, M., & Iwamura, Y. (1996). Coding of modified body schema during tool use 

by macaque postcentral neurones. Neuroreport, 7(14), 2325-2330. 

https://doi.org/10.1097/00001756-199610020-00010 

Ishibashi, H., Hihara, S., & Iriki, A. (2000). Acquisition and development of monkey tool-use: 

behavioral and kinematic analyses. Canadian Journal of Physiology and Pharmacology, 

78(11), 958–966. https://doi.org/10.1139/y00-063 

ISO. (2012). ISO/TS 14198:2012 - Road vehicles — Ergonomic aspects of transport 

information and control systems — Calibration tasks for methods which assess driver 

demand due to the use of in-vehicle systems, 1-16. Retrieved from 

https://www.iso.org/standard/54496.html 

Jamson, A. H., Westerman, S. J., Hockey, G. R. J., & Carsten, O. M. J. (2004). Speech-based 

e-mail and driver behavior: Effects of an in-vehicle message system interface. Human 

Factors, 46(4), 625–639. https://doi.org/10.1518/hfes.46.4.625.56814 

Jardim, A. S., Quartulli, A. M., & Casley, S. V. (2013). A Study of Public Acceptance of 

Autonomous Cars, 1-100. Retrieved from https://digitalcommons.wpi.edu/iqp-all/2596 

Jeon, M., Riener, A., Lee, J. H., Schuett, J., & Walker, B. N. (2012). Cross-cultural differences 

in the use of in-vehicle technologies and vehicle area network services: Austria, USA, and 

South Korea. Proceedings of the 4th International Conference on Automotive User 

Interfaces and Interactive Vehicular Applications - AutomotiveUI '12, 163–170. 

https://doi.org/10.1145/2390256.2390283 

Jian, J.-Y., Bisantz, A. M., & Drury, C. G. (2000). Foundations for an Empirically Determined 

Scale of Trust in Automated Systems. International Journal of Cognitive Ergonomics, 

4(1), 53–71. https://doi.org/10.1207/s15327566ijce0401_04 



 
 

149 
 

John, O. P., & Srivastava, S. (1999). The Big Five Trait taxonomy: History, Measurement, and 

Theoretical Perspectives. In L. A. Pervin & O. P. John (Eds.), Handbook of personality, 

102–138. New York, NY: The Guilford Press. 

Jorna, P. G. A. M. (1993). Heart rate and workload variations in actual and simulated flight. 

Ergonomics, 36(9), 1043–1054. https://doi.org/10.1080/00140139308967976 

Kaber, D. B., & Endsley, M. R. (2004). The effects of level of automation and adaptive 

automation on human performance, situation awareness and workload in a dynamic 

control task. Theoretical Issues in Ergonomics Science, 5(2), 113-153. 

https://doi.org/10.1080/1463922021000054335 

Kalawsky, R. S. (2000). The validity of presence as a reliable human performance metric in 

immersive environments. Presence Workshop ’00, 1–16. Retrieved from 

https://www.researchgate.net/profile/Roy_Kalawsky/publication/2561454_The_Validity

_of_Presence_as_a_Reliable_Human_Performance_Metric_in_Immersive_Environment

s_Roy_S_Kalawsky/links/551a9e900cf2f51a6fea7dc8/The-Validity-of-Presence-as-a-

Reliable-Human-Perf 

Kantowitz, B. H., Hanowski, R. J., & Kantowitz, S. C. (1997). Driver Acceptance of Unreliable 

Traffic Information in Familiar and Unfamiliar Settings. Human Factors, 39(2), 164–176. 

https://doi.org/10.1518/001872097778543831 

Kaptein, N. A., Theeuwes, J., & van der Horst, R. (1996). Driving Simulator Validity: Some 

Considerations. Transportation Research Record: Journal of the Transportation Research 

Board, 1550(1), 30–36. https://doi.org/10.1177/0361198196155000105 

Keith, K., Trentacoste, M., Depue, L., Granda, T., E., H., Ibarguen, B., … Wilson, T. (2005). 

Roadway Human Factors and Behavioral Safety in Europe, 1-55. Retrieved from 

https://rosap.ntl.bts.gov/view/dot/40061 

Khastgir, S., Birrell, S., Dhadyalla, G., & Jennings, P. (2017). Calibrating Trust to Increase the 

Use of Automated Systems in a Vehicle. In Advances in Human Aspects of Transportation. 

Advances in Intelligent Systems and Computing, Vol. 484. Cham, Switzerland: Springer. 

https://doi.org/10.1007/978-3-319-41682-3_45 

Khawaji, A., Zhou, J., Chen, F., & Marcus, N. (2015). Using Galvanic Skin Response (GSR) 

to Measure Trust and Cognitive Load in the Text-Chat Environment. Proceedings of the 

Annual ACM Conference on Human Factors in Computing Systems - CHI 2015, 1989–



150 
 

1994. https://doi.org/10.1145/2702613.2732766 

Klüver, M., Herrigel, C., Heinrich, C., Schöner, H.-P., & Hecht, H. (2016). The behavioral 

validity of dual-task driving performance in fixed and moving base driving simulators. 

Transportation Research Part F: Traffic Psychology and Behaviour, 37, 78–96. 

https://doi.org/10.1016/j.trf.2015.12.005 

Körber, M., Baseler, E., & Bengler, K. (2018). Introduction matters: Manipulating trust in 

automation and reliance in automated driving. Applied Ergonomics, 66, 18–31. 

https://doi.org/10.1016/j.apergo.2017.07.006 

Kothgassner, O. D., Felnhofer, A., Hlavacs, H., Beutl, L., Palme, R., Kryspin-Exner, I., & 

Glenk, L. M. (2016). Salivary cortisol and cardiovascular reactivity to a public speaking 

task in a virtual and real-life environment. Computers in Human Behavior, 62, 124–135. 

https://doi.org/10.1016/j.chb.2016.03.081 

Kountouriotis, G. K., Spyridakos, P., Carsten, O. M. J., & Merat, N. (2016). Identifying 

cognitive distraction using steering wheel reversal rates. Accident Analysis & Prevention, 

96, 39–45. https://doi.org/10.1016/j.aap.2016.07.032 

Koustanaï, A., Cavallo, V., Delhomme, P., & Mas, A. (2012). Simulator training with a forward 

collision warning system: Effects on driver-system interactions and driver trust. Human 

Factors, 54(5), 709–721. https://doi.org/10.1177/0018720812441796 

Krajewski, J., Sommer, D., Trutschel, U., Edwards, D., & Golz, M. (2009). Steering Wheel 

Behavior Based Estimation of Fatigue. Proceedings of the 5th International Driving 

Symposium on Human Factors in Driver Assessment, Training, and Vehicle Design - 

Driving Assessment 2009, 118–124. https://doi.org/10.17077/drivingassessment.1311 

Kramer, R. (1999). Trust and Distrust in Organizations: Emerging Perspectives, Enduring 

Questions. Annual Review of Psychology, 50(1). 

https://doi.org/10.1146/annurev.psych.50.1.569 

Kraus, J. M., Forster, Y., Hergeth, S., & Baumann, M. (2019). Two Routes to Trust Calibration. 

International Journal of Mobile Human Computer Interaction, 11(3), 1–17. 

https://doi.org/10.4018/IJMHCI.2019070101 

Krauss, M., Scheuchenpflug, R., Piechulla, W., & Zimmer, A. (2001). Measurement of 

presence in virtual environments. Experimentelle Psychologie Im Spannungsfeld von 



 
 

151 
 

Grundlagenforschung Und Anwendung, 358–362. Retrieved from 

https://www.researchgate.net/profile/Alf_Zimmer/publication/228952860_Measurement

_of_presence_in_virtual_environments/links/09e415071c3fd27d93000000.pdf 

Kunze, A., Summerskill, S. J., Marshall, R., & Filtness, A. J. (2019). Automation transparency: 

implications of uncertainty communication for human-automation interaction and 

interfaces. Ergonomics, 62(3), 345–360. https://doi.org/10.1080/00140139.2018.1547842 

Kyriakidis, M., de Winter, J. C. F., Stanton, N., Bellet, T., van Arem, B., Brookhuis, K., 

Martens, M. H., Bengler, K., Andersson, J., Merat, N., Reed, N., Flament, M., 

Hagenzieker, M., & Happee, R. (2017). A human factors perspective on automated 

driving. Theoretical Issues in Ergonomics Science, 20(3), 223–249. 

https://doi.org/10.1080/1463922X.2017.1293187 

Kyriakidis, M., Happee, R., & De Winter, J. C. F. (2015). Public opinion on automated driving: 

Results of an international questionnaire among 5000 respondents. Transportation 

Research Part F: Traffic Psychology and Behaviour, 32, 127–140. 

https://doi.org/10.1016/j.trf.2015.04.014 

Large, D. R., Burnett, G. E., Morris, A., Muthumani, A., & Matthias, R. (2017). Design 

implications of drivers’ engagement with secondary activities during highly-automated 

driving – a longitudinal simulator study. Proceedings of the AHFE 2017 International 

Conference on Human Factors in Transportation, 583–594. Retrieved from 

https://dspace.lboro.ac.uk/dspace-jspui/handle/2134/27542 

Lee, J. D., & Kolodge, K. (2019). Exploring Trust in Self-Driving Vehicles Through Text 

Analysis. Human Factors, 62(2), 260–277. https://doi.org/10.1177/0018720819872672 

Lee, J. D., Liu, S. Y., Domeyer, J., & DinparastDjadid, A. (2019). Assessing Drivers’ Trust of 

Automated Vehicle Driving Styles With a Two-Part Mixed Model of Intervention 

Tendency and Magnitude. Human Factors. https://doi.org/10.1177/0018720819880363 

Lee, J. D., & Moray, N. (1994). Trust, self-confidence, and operators’ adaptation to automation. 

International Journal of Human-Computer Studies, 40(1), 153–184. 

https://doi.org/10.1006/ijhc.1994.1007 

Lee, J. D., & See, K. A. (2004). Trust in automation: Designing for appropriate reliance. Human 

Factors, 46(1), 50–80. https://doi.org/10.1518/hfes.46.1.50_30392 



152 
 

Lee, J., Kim, N., Imm, C., Kim, B., Yi, K., & Kim, J. (2016). A Question of Trust. Proceedings 

of the 8th International Conference on Automotive User Interfaces and Interactive 

Vehicular Applications - AutomotiveUI '16, 201–208. 

https://doi.org/10.1145/3003715.3005405 

Lee, J., & Moray, N. (1992). Trust, control strategies and allocation of function in human-

machine systems. Ergonomics, 35, 1243–1270. 

https://doi.org/10.1080/00140139208967392 

Lenkeit, J. F. (2016). Preliminary Study of the Response of Forward Collision Warning Systems 

to Motorcycles. 11th International Motorcycles Conference, 1–23. Retrieved from 

https://www.ifz.de/wordpress/wp-content/uploads/2016/10/John-Lenkeit.pdf 

Lessiter, J., Freeman, J., Keogh, E., & Davidoff, J. (2001). A Cross-Media Presence 

Questionnaire: The ITC-Sense of Presence Inventory. Presence: Teleoperators and 

Virtual Environments, 10(3), 282–297. https://doi.org/10.1162/105474601300343612 

Li, M., Holthausen, B. E., Stuck, R. E., & Walker, B. N. (2019). No risk no trust: Investigating 

perceived risk in highly automated driving. Proceedings of the 11th International 

Conference on Automotive User Interfaces and Interactive Vehicular Applications - 

AutomotiveUI '19, 177–185. https://doi.org/10.1145/3342197.3344525 

Lim, P. C., Sheppard, E., & Crundall, D. (2013). Cross-cultural effects on drivers’ hazard 

perception. Transportation Research Part F: Traffic Psychology and Behaviour, 21, 194–

206. https://doi.org/10.1016/j.trf.2013.09.016 

Lin, R., Ma, L., & Zhang, W. (2018). An interview study exploring Tesla drivers’ behavioural 

adaptation. Applied Ergonomics, 72, 37–47. https://doi.org/10.1016/j.apergo.2018.04.006 

Litman, T. (2014). Autonomous vehicle implementation predictions. Retrieved from 

https://www.supplychain247.com/images/pdfs/autonomous_vehicle_planning_timeline_

paper.pdf 

Litman, T. (2020). Autonomous vehicle implementation predictions: Implications for transport 

planning. Retrieved from https://www.vtpi.org/avip.pdf 

lriki, A., Tanaka, M., & Iwamura, Y. (1996). Coding of modified body schema during tool use 

by macaque postcentral neurones. NeuroReport, 7(14), 2325–2330. 

https://doi.org/10.1097/00001756-199610020-00010 



 
 

153 
 

Lu, Z., Happee, R., Cabrall, C. D. D., Kyriakidis, M., & de Winter, J. C. F. (2016). Human 

factors of transitions in automated driving: A general framework and literature survey. 

Transportation Research Part F: Traffic Psychology and Behaviour, 43, 183–198. 

https://doi.org/10.1016/j.trf.2016.10.007 

Lumiaho, A., & Malin, F. (2016). Road transport automation: road map and action plan 2016-

2020, 1-82. Retrieved from https://www.doria.fi/handle/10024/123375 

Maravita, A., Spence, C., & Driver, J. (2003). Multisensory integration and the body schema: 

close to hand and within reach. Current Biology, 13(13), 531–539. 

https://doi.org/10.1016/S0960-9822(03)00449-4 

Markkula, G., & Engström, J. (2006). A steering wheel reversal rate metric for assessing effects 

of visual and cognitive secondary task load. 13th ITS World Congress, 1–13. Retrieved 

from https://trid.trb.org/view/847195 

Marsh, S., & Dibben, M. R. (2003). The role of trust in information science and technology. 

Annual Review of Information Science and Technology, 37, 465–498. 

https://doi.org/10.1002/aris.1440370111 

Martens, M. H., & Van Den Beukel, A. P. (2013). The road to automated driving: Dual mode 

and human factors considerations. Proceedings of the IEEE Conference on Intelligent 

Transportation Systems - ITSC, 2262–2267. https://doi.org/10.1109/ITSC.2013.6728564 

Matthai, J. M. (1989). Employee perceptions of trust, satisfaction, and commitment as 

predictors of turnover intentions in a mental health setting. Doctoral dissertation, Peabody 

College of Vanderbilt University. Retrieved from https://elibrary.ru/item.asp?id=5877852 

Mayer, R. C., Davis, J. H., & Schoorman, F. D. (1995). An Integrative Model of Organizational 

Trust. The Academy of Management Review, 20(3), 709–734. Retrieved from 

http://www.jstor.com/stable/258792 

McGehee, D. V., Lee, J. D., Rizzo, M., Dawson, J., & Bateman, K. (2004). Quantitative analysis 

of steering adaptation on a high performance fixed-base driving simulator. Transportation 

Research Part F: Traffic Psychology and Behaviour, 7(3), 181–196. 

https://doi.org/10.1016/j.trf.2004.08.001 

Meehan, M. (2000). An objective surrogate for presence: physiological response. Presence 

2000 Workshop, 1–4. Retrieved from 



154 
 

https://astro.temple.edu/~lombard/ISPR/Proceedings/2000/Meehan.pdf 

Meilander, W. C. (1972). Method and apparatus for vehicle traffic control, 1-9. Retrieved from 

https://patents.google.com/patent/US3668403A/en 

Melman, T., Abbink, D. A., van Paassen, M. M., Boer, E. R., & de Winter, J. C. F. (2018). 

What determines drivers’ speed? A replication of three behavioural adaptation 

experiments in a single driving simulator study. Ergonomics, 61(7), 966–987. 

https://doi.org/10.1080/00140139.2018.1426790 

Merat, N., Seppelt, B., Louw, T., Engström, J., Lee, J. D., Johansson, E., … Keinath, A. (2019). 

The “Out-of-the-Loop” concept in automated driving: proposed definition, measures and 

implications. Cognition, Technology and Work, 21(1), 87–98. 

https://doi.org/10.1007/s10111-018-0525-8 

Mercedes-Benz. (2016). The new 2016 E-Class. Retrieved September 11, 2017, from 

https://www.mercedes-benz.com/en/mercedes-benz/innovation/the-new-e-class-on-the-

road-to-autonomous-driving-video/ 

Mercedes-Benz. (2017a). Intelligent Drive. Retrieved September 11, 2017, from 

https://www.mercedes-benz.com/en/mercedes-benz/innovation/mercedes-benz-

intelligent-drive/ 

Mercedes-Benz. (2017b). Intelligent Drive next Level. Retrieved September 11, 2017, from 

https://www.mercedes-benz.com/en/mercedes-benz/innovation/with-intelligent-drive-

more-comfort-in-road-traffic/ 

Meuleners, L., & Fraser, M. (2015). A validation study of driving errors using a driving 

simulator. Transportation Research Part F: Traffic Psychology and Behaviour, 29, 14–

21. https://doi.org/10.1016/j.trf.2014.11.009 

Milakis, D., Van Arem, B., & Van Wee, B. (2017). Policy and society related implications of 

automated driving: A review of literature and directions for future research. Journal of 

Intelligent Transportation Systems: Technology, Planning, and Operations, 21(4), 324–

348. https://doi.org/10.1080/15472450.2017.1291351 

Miller, D., Johns, M., Mok, B., Gowda, N., Sirkin, D., Lee, K., & Ju, W. (2016). Behavioral 

measurement of trust in automation: The trust fall. Proceedings of the Human Factors and 

Ergonomics Society, 1842–1846. https://doi.org/10.1177/1541931213601422 



 
 

155 
 

Mills, G. (2019). Proposal for Assisted Driving Assessment, 1-35. Unpublished report.  

Mishra, A. K. (1996). Organizational responses to crisis: The centrality of trust. In R. M. 

Kramer & T. Tyler (Eds.), Trust in Organizations, 261–287. Newbury Park, CA: Sage 

Moeller, B., Zoppke, H., & Frings, C. (2016). What a car does to your perception: Distance 

evaluations differ from within and outside of a car. Psychonomic Bulletin & Review, 23(3), 

781–788. https://doi.org/10.3758/s13423-015-0954-9 

Molloy, R., & Parasuraman, R. (1996). Monitoring an Automated System for a Single Failure: 

Vigilance and Task Complexity Effects. Human Factors, 38(2), 311–322. 

https://doi.org/10.1177/001872089606380211 

Mori, M. (1970). The Uncanny Valley. Energy, 7, 33–35. Retrieved from 

https://ci.nii.ac.jp/naid/10027463083/#cit 

Mori, M., MacDorman, K. F., & Kageki, N. (2012). The uncanny valley. IEEE Robotics and 

Automation Magazine, 19(2), 98–100. https://doi.org/10.1109/MRA.2012.2192811 

Morris, D. M., Erno, J. M., & Pilcher, J. J. (2017). Electrodermal Response and Automation 

Trust during Simulated Self-Driving Car Use. Proceedings of the Human Factors and 

Ergonomics Society, 61(1), 1759–1762. https://doi.org/10.1177/1541931213601921 

Muir, B. M. (1987). Trust between humans and machines, and the design of decision aids. Int. 

J. Man-Machine Studies, 27(5-6), 527–539. https://doi.org/10.1016/S0020-

7373(87)80013-5 

Muir, B. M., & Moray, N. (1996). Trust in automation. Part II. Experimental studies of trust 

and human intervention in a process control simulation. Ergonomics, 39(3), 429–460. 

https://doi.org/10.1080/00140139608964474 

Mullen, N., Charlton, J., Devlin, A., & Bedard, M. (2011). Simulator validity: behaviors 

observed on the simulator and on the road. In D. Fisher, M. Rizzo, J. Caird, & J. D. Lee 

(Eds.), Handbook of Driving Simulation for Engineering, Medicine and Psychology, 1–

18. Retrieved from https://research.monash.edu/en/publications/simulator-validity-

behaviours-observed-on-the-simulator-and-on-th 

Nakayama, O., Futami, T., Nakamura, T., & Boer, E. R. (1999). Development of a steering 

entropy method for evaluating driver workload. SAE Transactions, 108, 1686–1695. 

Retrieved from www.jstor.org/stable/44668044 



156 
 

Naujoks, F., Mai, C., & Neukum, A. (2014). The Effect of Urgency of Take-Over Requests 

During Highly Automated Driving Under Distraction Conditions. Proceedings of the 5th 

International Conference on Applied Human Factors and Ergonomics - AHFE, 2099–

2106. Retrieved from http://www.ahfe2014.org/files/books/2014TRANSPORTATION-

PART-I.pdf 

Naujoks, F., Purucker, C., & Neukum, A. (2016). Secondary task engagement and vehicle 

automation - Comparing the effects of different automation levels in an on-road 

experiment. Transportation Research Part F: Traffic Psychology and Behaviour, 38, 67–

82. https://doi.org/10.1016/j.trf.2016.01.011 

Naujoks, F., Wiedemann, K., Schömig, N., Hergeth, S., & Keinath, A. (2019). Towards 

guidelines and verification methods for automated vehicle HMIs. Transportation 

Research Part F: Traffic Psychology and Behaviour, 60, 121–136. 

https://doi.org/10.1016/j.trf.2018.10.012 

NHTSA. (2008). National Motor Vehicle Crash Causation Survey - Report to Congress, 1-47. 

Retrieved from https://crashstats.nhtsa.dot.gov/Api/Public/ViewPublication/811059 

NHTSA. (2013). Preliminary statement of policy concerning automated vehicles, 1-14. 

Retrieved from 

https://www.nhtsa.gov/staticfiles/rulemaking/pdf/Automated_Vehicles_Policy.pdf 

NHTSA. (2018). Special Crash Investigations: On-Site Automated Driver Assistance System 

Crash of the 2015 Tesla Model S 70D, 1-39. Retrieved from 

https://crashstats.nhtsa.dot.gov/Api/Public/ViewPublication/812481%0Ahttps://trid.trb.o

rg/view/1498377 

Nilsson, L. (1993). Behavioural Research in an Advanced Driving Simulator - Experiences of 

the VTI System. Proceedings of the Human Factors and Ergonomics Society, 37(9), 612–

616. https://doi.org/10.1177/154193129303700921 

Noah, B. E., Wintersberger, P., Mirnig, A. G., Thakkar, S., Yan, F., Gable, T. M., … McCall, 

R. (2017). First workshop on trust in the age of automated driving. Proceedings of the 9th 

International Conference on Automotive User Interfaces and Interactive Vehicular 

Applications - AutomotiveUI '17, 15–21. https://doi.org/10.1145/3131726.3131733 

Nordfjærn, T., Jrgensen, S., & Rundmo, T. (2011). A cross-cultural comparison of road traffic 

risk perceptions, attitudes towards traffic safety and driver behaviour. Journal of Risk 



 
 

157 
 

Research, 14(6), 657–684. https://doi.org/10.1080/13669877.2010.547259 

Noy, I. Y., Shinar, D., & Horrey, W. J. (2018). Automated driving: Safety blind spots. Safety 

Science, 102, 68–78. https://doi.org/10.1016/j.ssci.2017.07.018 

NTSB. (2019a). Highway Accident Brief: Collision Between Car Operating with Partial 

Driving Automation and Truck-Tractor Semitrailer, 1–15. Retrieved from 

https://www.ntsb.gov/investigations/AccidentReports/Pages/HAB2001.aspx 

NTSB. (2019b). ‘Inadequate Safety Culture’ Contributed to Uber Automated Test Vehicle 

Crash. Retrieved March 25, 2020, from https://www.ntsb.gov/news/press-

releases/Pages/NR20191119c.aspx 

NTSB. (2020). Collision Between a Sport Utility Vehicle Operating With Partial Driving 

Automation and a Crash Attenuator, 1-9. Retrieved from 

https://www.ntsb.gov/news/events/Documents/2020-HWY18FH011-BMG-abstract.pdf 

Nyhan, R. C. (2000). Changing the paradigm: Trust and its role in public sector organizations. 

American Review of Public Administration, 30(1), 87–109. 

https://doi.org/10.1177/02750740022064560 

Olaverri-Monreal, C., & Bengler, K. J. (2011). Impact of cultural diversity on the menu 

structure design of driver information systems: A cross-cultural study. Proceedings of the 

IEEE Intelligent Vehicles Symposium, 107–112. 

https://doi.org/10.1109/IVS.2011.5940414 

Ollander, S., Godin, C., Campagne, A., & Charbonnier, S. (2016). A comparison of wearable 

and stationary sensors for stress detection. 2016 IEEE International Conference on 

Systems, Man, and Cybernetics - SMC, 4362–4366. 

https://doi.org/10.1109/SMC.2016.7844917 

Onnasch, L., Wickens, C. D., Li, H., & Manzey, D. (2014). Human performance consequences 

of stages and levels of automation: An integrated meta-analysis. Human Factors, 56(3), 

476–488. https://doi.org/10.1177/0018720813501549 

Osiurak, F., Morgado, N., & Palluel-Germain, R. (2012). Tool use and perceived distance: when 

unreachable becomes spontaneously reachable. Experimental Brain Research, 218(2), 

331–339. https://doi.org/10.1007/s00221-012-3036-5 

OVV. (2019). Who is in control? Road safety and automation in road traffic, 1-155. Retrieved 



158 
 

from 

https://www.onderzoeksraad.nl/en/media/attachment/2019/11/28/who_is_in_control_roa

d_safety_and_automation_in_road_traffic.pdf 

Pak, R., Fink, N., Price, M., Bass, B., & Sturre, L. (2012). Decision support aids with 

anthropomorphic characteristics influence trust and performance in younger and older 

adults. Ergonomics, 55(9), 1059–1072. https://doi.org/10.1080/00140139.2012.691554 

Panetta, K. (2017). Top trends in the gartner hype cycle for emerging technologies. Retrieved 

September 11, 2017, from https://www.gartner.com/smarterwithgartner/top-trends-in-the-

gartner-hype-cycle-for-emerging-technologies-2017/ 

Parasuraman, R., & Riley, V. (1997). Humans and automation: Use, misuse, disuse, abuse. 

Human Factors, 39(2), 230–253. https://doi.org/10.1518/001872097778543886 

Parasuraman, R., & Manzey, D. H. (2010). Complacency and Bias in Human Use of 

Automation: An Attentional Integration. Human Factors, 52(3), 381–410. 

https://doi.org/10.1177/0018720810376055 

Parasuraman, R., Molloy, R., & Singh, I. L. (1993). Performance Consequences of Automation-

Induced “Complacency.” The International Journal of Aviation Psychology, 3(1), 1–23. 

https://doi.org/10.1207/s15327108ijap0301_1 

Payre, W., Cestac, J., & Delhomme, P. (2014). Intention to use a fully automated car: Attitudes 

and a priori acceptability. Transportation Research Part F: Traffic Psychology and 

Behaviour, 27(PB), 252–263. https://doi.org/10.1016/j.trf.2014.04.009 

Payre, W., Cestac, J., & Delhomme, P. (2016). Fully Automated Driving: Impact of Trust and 

Practice on Manual Control Recovery. Human Factors, 58(2), 229–241. 

https://doi.org/10.1177/0018720815612319 

Peirce, J. W. (2008). Generating stimuli for neuroscience using PsychoPy. Frontiers in 

Neuroinformatics, 2, 1-8. https://doi.org/10.3389/neuro.11.010.2008 

Perkins, L. A., Miller, J. E., Hashemi, A., & Burns, G. (2010). Designing for human-centered 

systems: Situational risk as a factor of trust in automation. Proceedings of the Human 

Factors and Ergonomics Society, 3, 2130–2134. 

https://doi.org/10.1518/107118110X12829370264961 

Petersen, L., Robert, L., Yang, J., & Tilbury, D. (2019). Situational Awareness, Driver’s Trust 



 
 

159 
 

in Automated Driving Systems and Secondary Task Performance. SSRN Electronic 

Journal, 1–26. https://doi.org/10.2139/ssrn.3345543 

Phelps, E. A., O’Connor, K. J., Gatenby, J. C., Gore, J. C., Grillon, C., & Davis, M. (2001). 

Activation of the left amygdala to a cognitive representation of fear. Nature Neuroscience, 

4(4), 437–441. https://doi.org/10.1038/86110 

Pikkarainen, T., Pikkarainen, K., Karjaluoto, H., & Pahnila, S. (2004). Consumer acceptance 

of online banking: An extension of the technology acceptance model. Internet Research, 

14(3), 224–235. https://doi.org/10.1108/10662240410542652 

Preciado, D., Munneke, J., & Theeuwes, J. (2017). Was that a threat? Attentional biases by 

signals of threat. Emotion, 17(3), 478–486. https://doi.org/10.1037/emo0000246 

Price, M. A., Venkatraman, V., Gibson, M., Lee, J., & Mutlu, B. (2016). Psychophysics of Trust 

in Vehicle Control Algorithms. SAE Technical paper 2016-01-0144. 

https://doi.org/10.4271/2016-01-0144 

Quesque, F., Ruggiero, G., Mouta, S., Santos, J., Iachini, T., & Coello, Y. (2017). Keeping you 

at arm’s length: modifying peripersonal space influences interpersonal distance. 

Psychological Research, 81(4), 709–720. https://doi.org/10.1007/s00426-016-0782-1 

Radlmayr, J., Gold, C., Lorenz, L., Farid, M., & Bengler, K. (2014). How Traffic Situations 

and Non-Driving Related Tasks Affect the Take-Over Quality in Highly Automated 

Driving. Proceedings of the Human Factors and Ergonomics Society, 58(1), 2063–2067. 

https://doi.org/10.1177/1541931214581434 

Rajamani, R., Tan, H. S., Law, B. K., & Zhang, W. Bin. (2000). Demonstration of integrated 

longitudinal and lateral control for the operation of automated vehicles in platoons. IEEE 

Transactions on Control Systems Technology, 8(4), 695–708. 

https://doi.org/10.1109/87.852914 

Rajaonah, B., Anceaux, F., & Vienne, F. (2006). Trust and the use of adaptive cruise control: a 

study of a cut-in situation. Cognition, Technology & Work, 8(2), 146–155. 

https://doi.org/10.1007/s10111-006-0030-3 

Rajaonah, B., Tricot, N., Anceaux, F., & Millot, P. (2008). The role of intervening variables in 

driver-ACC cooperation. International Journal of Human Computer Studies, 66(3), 185–

197. https://doi.org/10.1016/j.ijhcs.2007.09.002 



160 
 

Rakauskas, M. E., Gugerty, L. J., & Ward, N. J. (2004). Effects of naturalistic cell phone 

conversations on driving performance. Journal of Safety Research, 35(4), 453–464. 

https://doi.org/10.1016/j.jsr.2004.06.003 

Rammstedt, B., & John, O. P. (2007). Measuring personality in one minute or less: A 10-item 

short version of the Big Five Inventory in English and German. Journal of Research in 

Personality, 41(1), 203–212. https://doi.org/10.1016/j.jrp.2006.02.001 

Rempel, J. K., Holmes, J. G., & Zanna, M. P. (1985). Trust in Close Relationships. Journal of 

Personality and Social Psychology, 49(1), 95–112. https://doi.org/10.1037/0022-

3514.49.1.95 

Reuters. (2019). VW driverless vehicles. Retrieved April 2, 2020, from 

https://www.reuters.com/article/autoshow-geneva-autonomous-electric/vw-says-

driverless-vehicles-have-limited-appeal-and-high-cost-idUSL5N20S64F 

Riley, V. (1996). Operator Reliance on Automation: Theory and Data. In Raja Parasuraman & 

M. Mouloua (Eds.), Automation and Human Performance: Theory and Applications. CRC 

Press. 

Risto, M., & Martens, M. H. (2014). Driver headway choice: A comparison between driving 

simulator and real-road driving. Transportation Research Part F: Traffic Psychology and 

Behaviour, 25, 1–9. https://doi.org/10.1016/j.trf.2014.05.001 

Rizzolatti, G., & Berti, A. (1990). Neglect as a neural representation deficit. Revue 

Neurologique, 146(10), 626–634. Retrieved from 

http://www.ncbi.nlm.nih.gov/pubmed/2124720 

Rizzolatti, G., Fadiga, L., Fogassi, L., & Gallese, V. (1997). The Space Around Us. Science, 

277(5323), 190–191. https://doi.org/10.1126/science.277.5323.190 

Robinson, O. J., Vytal, K., Cornwell, B. R., & Grillon, C. (2013). The impact of anxiety upon 

cognition: perspectives from human threat of shock studies. Frontiers in Human 

Neuroscience, 7, 1-21. https://doi.org/10.3389/fnhum.2013.00203 

Rotter, J. B. (1966). Generalized expectancies for internal versus external control of 

reinforcement. Psychological Monographs: General and Applied, 80(1), 1–28. 

https://doi.org/10.1037/h0092976 

Rovira, E., McGarry, K., & Parasuraman, R. (2007). Effects of imperfect automation on 



 
 

161 
 

decision making in a simulated command and control task. Human Factors, 49(1), 76–87. 

https://doi.org/10.1518/001872007779598082 

Rudin-Brown, C. M., & Noy, Y. I. (2002). Investigation of Behavioral Adaptation to Lane 

Departure Warnings. Transportation Research Record: Journal of the Transportation 

Research Board, 1803(1), 30–37. https://doi.org/10.3141/1803-05 

Rumar, K. (1986). The role of perceptual and cognitive filters in observed behavior. In L. Evans 

& R. C. Schwing (Eds.), Human Behaviour and Traffic Safety, 151-170. New York, NY: 

Plenum Publishing Corporation.  

SAE. (2014). Taxonomy and definitions for terms related to on-road motor vehicle automated 

driving systems, 1-12. https://doi.org/10.4271/J3016_201401 

SAE. (2015). Operational Definitions of Driving Performance Measures and Statistics, 1-30 

https://doi.org/10.4271/J2944_201506 

SAE. (2018). (R) Taxonomy and definitions for terms related to on-road motor vehicle 

automated driving systems, 1-35. https://doi.org/10.4271/J3016_201806 

Saffarian, M., De Winter, J. C. F., & Happee, R. (2012). Automated driving: Human-factors 

issues and design solutions. Proceedings of the Human Factors and Ergonomics Society, 

2296–2300. https://doi.org/10.1177/1071181312561483 

Salmon, P. M., Regan, M. A., & Johnston, I. (2005). Human error and road transport: Phase 

one -Literature review, 1-165. Retrieved from 

http://www.monash.edu/__data/assets/pdf_file/0010/216946/muarc256.pdf 

Santarcangelo, E. L., Paoletti, G., Balocchi, R., Scattina, E., Ghelarducci, B., & Varanini, M. 

(2012). Watching neutral and threatening movies: Subjective experience and autonomic 

responses in subjects with different hypnotizability levels. International Journal of 

Psychophysiology, 84(1), 59–64. https://doi.org/10.1016/j.ijpsycho.2012.01.010 

Sarter, N. B., Woods, D. D., & Billings, C. E. (1997). Automation surprises. In G. Salvendy 

(Ed.), Handbook of Human Factors & Ergonomics, 1–25. Hoboken, NJ: Wiley 

Sauer, J., Chavaillaz, A., & Wastell, D. (2016). Experience of automation failures in training: 

effects on trust, automation bias, complacency and performance. Ergonomics, 59(6), 767–

780. https://doi.org/10.1080/00140139.2015.1094577 



162 
 

Sauer, J., Chavaillaz, A., & Wastell, D. (2017). On the effectiveness of performance-based 

adaptive automation. Theoretical Issues in Ergonomics Science, 18(3), 279–297. 

https://doi.org/10.1080/1463922X.2016.1207824 

Scanzoni, J. (1979). Social exchange and behavioral interdependence. In T. D. Huston & R. L. 

Burgess (Eds.), Social exchange in developing relationships, 61–98. New York, NY: 

Academic Press. 

Schaefer, K. E., Chen, J. Y. C., Szalma, J. L., & Hancock, P. A. (2016). A Meta-Analysis of 

Factors Influencing the Development of Trust in Automation: Implications for 

Understanding Autonomy in Future Systems. Human Factors, 58(3), 377–400. 

https://doi.org/10.1177/0018720816634228 

Schmidt-Daffy, M. (2013). Fear and anxiety while driving: Differential impact of task demands, 

speed and motivation. Transportation Research Part F: Traffic Psychology and 

Behaviour, 16, 14–28. https://doi.org/10.1016/j.trf.2012.07.002 

Schoettle, B., & Sivak, M. (2014a). A survey of public opinion about connected vehicles in the 

U.S., the U.K., and Australia. Proceedings of the 2014 International Conference on 

Connected Vehicles and Expo -ICCVE 2014, 687–692. 

https://doi.org/10.1109/ICCVE.2014.7297637 

Schoettle, B., & Sivak, M. (2014b). Public opinion about self-driving vehicles in China, India, 

Japan, the U.S., the U.K., and Australia, 1-31. Retrieved from 

https://deepblue.lib.umich.edu/handle/2027.42/109433 

Schubert, T. W., Friedmann, F., & Regenbrecht, H. T. (1999). Decomposing the sense of 

presence: factor analytic insights. 2nd International Workshop on Presence, 1–5. 

Retrieved from 

https://d1wqtxts1xzle7.cloudfront.net/31976070/Schubert.pdf?1380447120=&response-

content-

disposition=inline%3B+filename%3DDecomposing_the_Sense_of_Presence_Factor.pdf

&Expires=1595335828&Signature=BC~Ld9Zu6N8zHSuVruEk8PHNTlGjbHVbzs0y2tq

Ri4VOkPo7SjYEgwWodmP 

Schuemie, M. J., van der Straaten, P., Krijn, M., & van der Mast, C. A. P. G. (2001). Research 

on Presence in Virtual Reality: A Survey. CyberPsychology & Behavior, 4(2), 183–201. 

https://doi.org/10.1089/109493101300117884 



 
 

163 
 

Scott, C. L. (1980). Interpersonal Trust: A Comparison of Attitudinal and Situational Factors. 

Human Relations, 33(11), 805–812. https://doi.org/10.1177/001872678003301103 

Seetharaman, G., Lakhotia, A., & Blasch, E. P. (2006). Unmanned Vehicles Come of Age: The 

DARPA Grand Challenge. Computer, 39(12), 26–29. 

https://doi.org/10.1109/MC.2006.447 

Seppelt, B. D., & Lee, J. D. (2007). Making adaptive cruise control (ACC) limits visible. 

International Journal of Human Computer Studies, 65(3), 192–205. 

https://doi.org/10.1016/j.ijhcs.2006.10.001 

Seppelt, B. D., & Lee, J. D. (2019). Keeping the driver in the loop: Dynamic feedback to support 

appropriate use of imperfect vehicle control automation. International Journal of Human-

Computer Studies, 125, 66–80. https://doi.org/10.1016/j.ijhcs.2018.12.009 

Seppelt, B. D., & Victor, T. W. (2016). Potential Solutions to Human Factors Challenges in G. 

Meyer & S. Beiker (Eds.), Road Vehicle Automation 3, 131–148. Cham, Switzerland: 

Springer. https://doi.org/10.1007/978-3-319-40503-2_11 

Sequeira, H., Hot, P., Silvert, L., & Delplanque, S. (2009). Electrical autonomic correlates of 

emotion. International Journal of Psychophysiology, 71(1), 50–56. 

https://doi.org/10.1016/j.ijpsycho.2008.07.009 

Shapiro, S. P. (1987). The Social Control of Impersonal Trust. American Journal of Sociology, 

93(3), 623–658. https://doi.org/10.1086/228791 

Sheridan, T. B., & Hennessy, R. T. (1984). Research and modeling of supervisory control 

behavior, 1-71. Retrieved from https://apps.dtic.mil/sti/citations/ADA149621 

Sheridan, T. B., & Parasuraman, R. (2005). Human-Automation Interaction. Reviews of Human 

Factors and Ergonomics, 1(1), 89-129. https://doi.org/0.1518/155723405783703082 

Slater, M. (1999). Measuring Presence: A Response to the Witmer and Singer Presence 

Questionnaire. Presence: Teleoperators and Virtual Environments, 8(5), 560–565. 

https://doi.org/10.1162/105474699566477 

Slater, M., Usoh, M., & Steed, A. (1994). Depth of Presence in Virtual Environments. Presence: 

Teleoperators and Virtual Environments, 3(2), 130–144. 

https://doi.org/10.1162/pres.1994.3.2.130 



164 
 

Spielberger, C. D., Gorsuch, R. L., Lushene, R., Vagg, P. R., & Jacobs, G. A. (1983). Manual 

for the State-Trait Anxiety Inventory. Retrieved from mindgarden.com 

Stapel, J., Mullakkal-Babu, F. A., & Happee, R. (2019). Automated driving reduces perceived 

workload, but monitoring causes higher cognitive load than manual driving. 

Transportation Research Part F: Traffic Psychology and Behaviour, 60, 590–605. 

https://doi.org/10.1016/j.trf.2018.11.006 

Strand, N., Nilsson, J., Karlsson, I. C. M., & Nilsson, L. (2011). Exploring end-user 

experiences: Self-perceived notions on use of adaptive cruise control systems. IET 

Intelligent Transport Systems, 5(2), 134–140. https://doi.org/10.1049/iet-its.2010.0116 

Strayer, D. L., & Drews, F. A. (2004). Profiles in driver distraction: Effects of cell phone 

conversations on younger and older drivers. Human Factors, 46(4), 640–649. 

https://doi.org/10.1518/hfes.46.4.640.56806 

Suzuki, K., Garfinkel, S. N., Critchley, H. D., & Seth, A. K. (2013). Multisensory integration 

across exteroceptive and interoceptive domains modulates self-experience in the rubber-

hand illusion. Neuropsychologia, 51(13), 2909–2917. 

https://doi.org/10.1016/j.neuropsychologia.2013.08.014 

SWOV. (2019). Veiligheidseffecten van rijtaakondersteunende systemen, 1-28. Retrieved from 

https://www.swov.nl/publicatie/veiligheidseffecten-van-rijtaakondersteunende-systemen 

Taeihagh, A., & Lim, H. S. M. (2019). Governing autonomous vehicles: emerging responses 

for safety, liability, privacy, cybersecurity, and industry risks. Transport Reviews, 39(1), 

103–128. https://doi.org/10.1080/01441647.2018.1494640 

Takac, M., Collett, J., Blom, K. J., Conduit, R., Rehm, I., & De Foe, A. (2019). Public speaking 

anxiety decreases within repeated virtual reality training sessions. PLOS ONE, 14(5), 1-

17. https://doi.org/10.1371/journal.pone.0216288 

Tang, A., Biocca, F., & Lim, L. (2004). Comparing differences in presence during social 

interaction in augmented reality versus virtual reality environments: an exploratory study. 

Presence, 204–207. Retrieved from 

https://d1wqtxts1xzle7.cloudfront.net/42041134/Telling_People_About_Virtual_Places_

A_Qu20160204-30232-xigvk3.pdf?1454591443=&response-content-

disposition=inline%3B+filename%3DTelling_people_about_virtual_places_A_qu.pdf&

Expires=1595344027&Signature=Sn9sRo 



 
 

165 
 

Tesla. (2017a). Autopilot. Retrieved September 11, 2017, from 

https://www.tesla.com/en_GB/autopilot?redirect=no 

Tesla. (2017b). Model S. Retrieved September 11, 2017, from 

https://www.tesla.com/en_GB/models 

Tesla. (2017c). Model X. Retrieved September 11, 2017, from 

https://www.tesla.com/en_GB/modelx 

Tesla. (2017d). Software updates. Retrieved September 11, 2017, from 

https://www.tesla.com/en_GB/software?redirect=no 

Tesla. (2020). Autopilot. Retrieved March 25, 2020, from 

https://www.tesla.com/support/autopilot 

The Drive. (2020). Level 5 autonomous cars may never happen. Retrieved April 2, 2020, from 

https://www.thedrive.com/tech/31816/key-volkswagen-exec-admits-level-5-

autonomous-cars-may-never-happen 

The Guardian. (2016a). Tesla driver dies in first fatal crash while using autopilot mode. 

Retrieved March 24, 2020, from 

https://www.theguardian.com/technology/2016/jun/30/tesla-autopilot-death-self-driving-

car-elon-musk 

The Guardian. (2016b). Tesla says it has “no way of knowing” if autopilot was used in fatal 

Chinese crash. Retrieved March 24, 2020, from 

https://www.theguardian.com/technology/2016/sep/14/tesla-fatal-crash-china-autopilot-

gao-yaning 

The Guardian. (2020). Tesla driver who died in “autopilot” crash was playing on phone, inquiry 

finds. Retrieved March 25, 2020, from 

https://www.theguardian.com/technology/2020/feb/25/tesla-driver-autopilot-crash 

The New York Times. (2016). Autopilot Cited in Death of Chinese Tesla Driver. Retrieved 

March 24, 2020, from https://www.nytimes.com/2016/09/15/business/fatal-tesla-crash-in-

china-involved-autopilot-government-tv-says.html 

The New York Times. (2019). Driverless cars may be coming. Retrieved April 2, 2020, from 

https://www.nytimes.com/2019/06/20/business/self-driving-cars-cadillac-super-

cruise.html 



166 
 

The Verge. (2019). Uber is at fault for fatal self-driving crash, but it’s not alone. Retrieved 

March 25, 2020, from https://www.theverge.com/2019/11/19/20972584/uber-fault-self-

driving-crash-ntsb-probable-cause 

Thiffault, P., & Bergeron, J. (2003). Monotony of road environment and driver fatigue: a 

simulator study. Accident Analysis & Prevention, 35(3), 381–391. 

https://doi.org/10.1016/S0001-4575(02)00014-3 

Tigadi, A., Gujanatti, R., & Gonchi, A. (2016). Advanced driver assistance systems. 

International Journal of Engineering Research and General Science, 4(3), 151–158. 

Retrieved from http://pnrsolution.org/Datacenter/Vol4/Issue3/22.pdf 

Tobii. (2018a). Tobii Pro Glasses 2. Retrieved September 24, 2018, from 

https://www.tobiipro.com/product-listing/tobii-pro-glasses-2/ 

Tobii. (2018b). Tobii Pro Glasses 2 - Calibrating the participant. Retrieved September 24, 2018, 

from https://www.tobiipro.com/siteassets/tobii-pro/user-manuals/tobiipro-%0Aglasses-2-

user-manual.pdf/?v=1.83 

Trnros, J., Nilsson, L., Ostlund, J., & Kircher, A. (2002). Effects of ACC on driver behaviour, 

workload and acceptance in relation to minimum time headway. 9th World Congress on 

Intelligent Transport Systems, 1-13. Retrieved from https://trid.trb.org/view/735592 

Trübswetter, N., & Bengler, K. (2013). Why Should I Use ADAS? Advanced Driver Assistance 

Systems and the Elderly: Knowledge, Experience and Usage Barriers. Proceedings of the 

7th International Driving Symposium on Human Factors in Driver Assessment, Training, 

and Vehicle Design - Driving Assessment 2013, 495–501. 

https://doi.org/10.17077/drivingassessment.1532 

Tsakiris, M., & Haggard, P. (2005). The Rubber Hand Illusion Revisited: Visuotactile 

Integration and Self-Attribution. Journal of Experimental Psychology: Human Perception 

and Performance, 31(1), 80–91. https://doi.org/10.1037/0096-1523.31.1.80 

Uber. (2020). We believe in the power of technology. Retrieved June 26, 2020, from 

https://www.uber.com/us/en/atg/technology/ 

Ulmer, B. (1994). Vita ii-active collision avoidance in real traffic. Intelligent Vehicles’ 94 

Symposium, 1–6. Retrieved from https://ieeexplore.ieee.org/abstract/document/639460 

Vallet, M. (2013). Survey: Drivers ready to trust robot cars? Retrieved from 



 
 

167 
 

https://www.foxbusiness.com/features/survey-drivers-ready-to-trust-robot-cars 

Valtchanov, D. (2010). Physiological and Affective Responses to Immersion in Virtual Reality: 

Effects of Nature and Urban Settings. Doctoral dissertation, University of Waterloo. 

Retrieved from https://uwspace.uwaterloo.ca/handle/10012/5350 

van den Beukel, A. P. (2016). Driving automation interface design supporting drivers ’ 

changing role. Doctoral dissertation, University of Twente. 

https://doi.org/10.3990/1.9789036542395 

van Nes, N., & Duivenvoorden, K. (2017). Safely towards self-driving vehicles, 1-36. Retrieved 

from https://www.swov.nl/en/file/16389/download?token=nBIzr02I 

Verberne, F. M. F., Ham, J., & Midden, C. J. H. (2012). Trust in Smart Systems. Human 

Factors, 54(5), 799–810. https://doi.org/10.1177/0018720812443825 

Victor, T. W., Tivesten, E., Gustavsson, P., Johansson, J., Sangberg, F., & Ljung Aust, M. 

(2018). Automation Expectation Mismatch: Incorrect Prediction Despite Eyes on Threat 

and Hands on Wheel. Human Factors, 60(8), 1095–1116. 

https://doi.org/10.1177/0018720818788164 

Volvo. (2016a). Pilot Assist II. Retrieved September 11, 2017, from 

http://volvo.custhelp.com/app/answers/detail/a_id/9731/~/pilot-assist-ii 

Volvo. (2016b). V90. Retrieved September 11, 2017, from 

http://support.volvocars.com/SiteCollectionDocuments/theGuide/V90/uk.html#centerdis

playen&chapter3 

Volvo. (2016c). XC90. Retrieved September 11, 2017, from 

http://support.volvocars.com/uk/cars/Pages/owners-

manual.aspx?mc=v526&my=2016&sw=15w46&article=548956727ac6edfbc0a8015152

2a4edc 

Volvo. (2020). Pilot Assist. Retrieved March 30, 2020, from https://www.volvocars.com/en-

th/support/manuals/v60/2019-late/driver-support/pilot-assist/pilot-assist 

Vrijkotte, T. G. M., van Doornen, L. J. P., & de Geus, E. J. C. (2000). Effects of Work Stress 

on Ambulatory Blood Pressure, Heart Rate, and Heart Rate Variability. Hypertension, 

35(4), 880–886. https://doi.org/10.1161/01.HYP.35.4.880 



168 
 

Wagner, A. R., Borenstein, J., & Howard, A. (2018). Computing ethics overtrust in the robotic 

age. Communications of the ACM, 61(9), 22–24. https://doi.org/10.1145/3241365 

Walker, F., Wang, J., Martens, M. H., & Verwey, W. B. (2019). Gaze behaviour and 

electrodermal activity: Objective measures of drivers’ trust in automated vehicles. 

Transportation Research Part F: Traffic Psychology and Behaviour, 64, 401–412. 

https://doi.org/10.1016/j.trf.2019.05.021 

Walker, F., Boelhouwer, A., Alkim, T., Verwey, W. B., & Martens, M. H. (2018). Changes in 

Trust after Driving Level 2 Automated Cars. Journal of Advanced Transportation, 2018. 

https://doi.org/10.1155/2018/1045186 

Walker, F., Verwey, W., & Martens, M. (2018). Gaze Behaviour as a Measure of Trust in 

Automated Vehicles. Proceedings of the 6th Humanist Conference, 1–6. Retrieved from 

https://www.humanist-vce.eu/fileadmin/contributeurs/humanist/TheHague2018/29-

walker.pdf 

Wang, Y., Mehler, B., Reimer, B., Lammers, V., D’Ambrosio, L. A., & Coughlin, J. F. (2010). 

The validity of driving simulation for assessing differences between in-vehicle 

informational interfaces: A comparison with field testing. Ergonomics, 53(3), 404–420. 

https://doi.org/10.1080/00140130903464358 

Ward, C., Raue, M., Lee, C., D’Ambrosio, L., & Coughlin, J. F. (2017). Acceptance of 

Automated Driving Across Generations: The Role of Risk and Benefit Perception, 

Knowledge, and Trust. In M. Kurosu (Ed.), Lecture Notes in Computer Science, 254-266. 

Cham, Switzerland: Springer. https://doi.org/10.1007/978-3-319-58071-5_20 

Waymo. (2019). Safety Report. Retrieved March 25, 2020, from https://waymo.com/safety/ 

Waymo. (2020). We’re building the World’s Most Experienced Driver. Retrieved June 26, 

2020, from https://waymo.com/ 

Waytz, A., Heafner, J., & Epley, N. (2014). The mind in the machine: Anthropomorphism 

increases trust in an autonomous vehicle. Journal of Experimental Social Psychology, 52, 

113–117. https://doi.org/10.1016/j.jesp.2014.01.005 

Whichcar. (2019). Truly autonomous cars a pipe dream says Toyota. Retrieved April 2, 2020, 

from https://www.whichcar.com.au/car-news/truly-autonomous-cars-a-pipe-dream-says-

toyota 



 
 

169 
 

WHO. (2015). Global Status Report on Road Safety, 1-61. Retrieved from 

https://books.google.nl/books?hl=en&lr=&id=wV40DgAAQBAJ&oi=fnd&pg=PP1&dq

=WHO,+2015.+Global+status+report+on+road+safety+2015.+World+Health+Organizat

ion,+Geneva,+Switzerland&ots=DJZxwX8Swj&sig=fL3_ks-

l9ISH6isFIxtCnCdRMdY&redir_esc=y#v=onepage&q&f=false 

Wickens, C. D., Hooey, B. L., Gore, B. F., Sebok, A., & Koenicke, C. S. (2009). Identifying 

black swans in nextgen: Predicting human performance in off-nominal conditions. Human 

Factors, 51(5), 638–651. https://doi.org/10.1177/0018720809349709 

Wivw GmbH-Silab. (2018). Driving Simulation and SILAB. Retrieved January 5, 2018, from 

https://wivw.de/en/silab 

Young, K. L., Regan, M. A., & Lee, J. D. (2009). Measuring the Effects of Driver Distraction: 

Direct Driving Performance Methods and Measures. In M. A. Regan, J. D. Lee, & K. 

Young (Eds.), Driver Distraction: Theory, Effects, and Mitigation, 85–105. Boca Raton, 

FL: CRC Press. 

ZDNet. (2020). Tesla fatal Model 3 crash: Autopilot’s “operational design” condemned. 

Retrieved March 25, 2020, from https://www.zdnet.com/article/tesla-fatal-model-3-crash-

autopilots-operational-design-condemned/ 

Zhang, B., de Winter, J., Varotto, S., Happee, R., & Martens, M. (2019a). Determinants of take-

over time from automated driving: A meta-analysis of 129 studies. Transportation 

Research Part F: Traffic Psychology and Behaviour, 64, 285–307. 

https://doi.org/10.1016/j.trf.2019.04.020 

Zhang, T., Tao, D., Qu, X., Zhang, X., Lin, R., & Zhang, W. (2019b). The roles of initial trust 

and perceived risk in public’s acceptance of automated vehicles. Transportation Research 

Part C: Emerging Technologies, 98(November 2018), 207–220. 

https://doi.org/10.1016/j.trc.2018.11.018 

Zmud, J., Sener, I. N., & Wagner, J. (2016). Consumer Acceptance and Travel Behavior: 

Impacts of Automated Vehicles: Final Report, 1–65. Retrieved from 

https://rosap.ntl.bts.gov/view/dot/32687 

 

  



170 
 

  



 
 

171 
 

 

Appendices 

Appendix A – shock procedure guidelines 

Start at 1 V 

Subjects rating 

(tick one, change for next level) 

 

Participant # _____ 

 

Not 

perceptible 

Perceptible Mildly 

annoying 

Annoying Highly 

annoying 

Comment 

 

1 

(+0.5) 

2 

(+0.3) 

3 

(+0.1) 

4 

(=) 

5 

(-0.2) 

 

1 

(+0.5) 

2 

(+0.3) 

3 

(+0.1) 

4 

(=) 

5 

(-0.2) 

 

1 

(+0.5) 

2 

(+0.3) 

3 

(+0.1) 

4 

(=) 

5 

(-0.2) 

 

1 

(+0.5) 

2 

(+0.3) 

3 

(+0.1) 

4 

(=) 

5 

(-0.2) 

 

1 

(+0.5) 

2 

(+0.3) 

3 

(+0.1) 

4 

(=) 

5 

(-0.2) 

 

1 

(+0.5) 

2 

(+0.3) 

3 

(+0.1) 

4 

(=) 

5 

(-0.2) 

 

 

Final Intensity: _______   Final Rating: _________ 

 

1: Increase voltage of 0.5 for the next reading 

2: Increase voltage of 0.3 for the next reading 

3: Increase voltage of 0.1 for the next reading 

4: Do not increase nor reduce the voltage for the next reading 

5: Reduce voltage of 0.2 for the next reading 
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Appendix B – driving scenarios 

Boxes 

Three traffic cones are blocking the way. These should be avoided by passing on the left. 

There is no oncoming traffic. 

 

Bus 

The bus ahead is standing still and should be overtaken. There is no oncoming traffic. 

 

Crosswalk 

A pedestrian is standing at a crosswalk and wants to cross the road. The vehicle should stop 

and wait until the pedestrian has crossed the road. 
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Curve 

The vehicle takes a curve. There are vehicles parked on the left and right hand side of the 

curve. 

 

Junction 

A truck, approaching from the right, has the right of way. The vehicle needs to stop to let the 

truck pass. 
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Uphill 

The automated vehicle is approaching a blind curve (due to bushes on the right hand side of 

the road). The road is uphill. Oncoming traffic comes around the curve. 

 

Car 

The car ahead has left your lane, but not entirely. The rear of the car is still on your lane. 

There is oncoming traffic. 
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Roadblock 

The road is closed entirely. The vehicle cannot continue on this road.  

 

Roundabout 

The automated vehicle should enter the roundabout. The roundabout is busy with oncoming 

traffic.  
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Appendix C – exit questionnaire 

The speed of the vehicle was  

Too slow □ □ □ □ □ Too fast 

 

The steering of the vehicle was 

Too loose □ □ □ □ □ Too stiff 

 

The information provided by the dashboard was 

Sufficient □ □ □ □ □ Insufficient 

 

Was the size of the dashboard sufficient? 

Not at all □ □ □ □ □ Extremely 

 

Do you prefer a digitally styled dashboard over an analogue style? 

Not at all □ □ □ □ □ Extremely 

 

Would you like audio information?  

Not at all □ □ □ □ □ Extremely 

 

Would you like to be able to interact with the car via a touch interface? 

Not at all □ □ □ □ □ Extremely 

 

Would you like to be able to interact with the car via voice input? 

Not at all □ □ □ □ □ Extremely 

 

Would you like the vehicle to communicate to you with a voice?  

Not at all □ □ □ □ □ Extremely 

 

Would you like ambient lighting to provide information inside the car? 

Not at all □ □ □ □ □ Extremely 
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Was the behaviour of the car humanlike? 

Not at all □ □ □ □ □ Extremely 

 

Was the behaviour of the vehicle in line with your expectations? 

Not at all □ □ □ □ □ Extremely 

 

If not, which behaviour of the vehicle did not meet your expectations? 

 

Is there any additional information that you would have liked to be provided with? 

 

Are there any other features that you missed in the automated vehicle? 
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Summary 

Problem statement 

Automated vehicles promise to improve road safety and increase travelling comfort. Yet, while 

development efforts have focused on improving the technology, recent accidents have raised 

awareness of the challenges posed by the way humans interact with such systems. Many of 

these challenges present a common denominator: user trust. Trust predicts the disuse and, most 

importantly, the misuse of automated driving systems. While a lack of trust (under-trust) may 

induce drivers not using the automated vehicle’s functionalities, excessive trust (over-trust) can 

lead to dangerous outcomes, with drivers using the system in situations it cannot cope with. 

Successful and safe interaction between humans and automated driving systems requires trust 

calibration: the continuous alignment between driver trust and the reliability of the automated 

driving system. Trust calibration is the central theme of this dissertation. 

Chapter 1 reviews the extensive literature on trust and trust calibration. From this review, which 

we summarize in a conceptual model (see Figure 1.3), we see that trust is influenced by drivers’ 

predispositions towards the technology (dispositional trust), by the system’s reputation and 

other information available before actual vehicle experience (initial learned trust), and by 

knowledge and skills acquired by experiencing the system in specific situations (situational 

trust). The combination of past and present interactions with the system determine drivers’ 

dynamic learned trust.  

The development of an appropriate level of trust should be seen as a cycle in which drivers 

gradually improve their expectations and knowledge concerning the vehicle’s capabilities and 

behaviours by experiencing the automated system in numerous situations. However, experience 

with the system, although important, does not automatically lead to appropriate trust calibration: 

when drivers experience the system in a limited range of situations they can develop false 

expectations, leading to sub-optimal interactions with the system in difficult weather and road 

conditions, or new driving scenarios.  

To date, there have been relatively few studies focussing on the way driver situational trust 

varies from situation to situation, and if experience in such situations may lead to more 

appropriate levels of trust. Studies of driver trust also face a number of methodological issues 

including a lack of on-road investigations, concerns regarding the validity of simulator-based 

research, and the lack of reliable real-time measurements for the assessment of user trust. This 

dissertation partially addresses these research gaps through the four experimental studies 
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reported in Chapters 2 to 5. Each chapter addresses a single research question, as summarized 

below. 

What is the effect of on-road experience with Level 2 systems on drivers’ 

trust? 

The study reported in Chapter 2 examines whether drivers’ trust in commercially available 

automated systems (e.g., Tesla’s Autopilot) changes after on-road experience. Self-reported 

trust of 106 drivers was assessed three times: before having experience with these vehicles, 

immediately after driving two types of vehicles, and two weeks after the driving experience. 

Analysis of the results showed major changes in situational trust scores after the on-road driving 

experience. Before experiencing the vehicles, participants showed over-trust in that they tended 

to overestimate the vehicle capabilities to handle specific driving scenarios. Afterwards they 

had a better understanding of vehicles’ limitations, resulting in better calibrated trust. 

Can driving simulator studies provide valid information on user behaviour? 

Although previous studies have already established that driving simulators can provide relative 

validity, several authors have expressed concern about the lack of perceived risk for 

participants. In the study reported in Chapter 3, we attempted to compensate for this possible 

weakness with an anxiety-inducing risk factor: thirty-two participants were told that if they had 

a collision, they would receive a mild electric shock. We hypothesized that the addition of the 

new risk factor would increase participants’ “sense of presence” – the feeling of truly being and 

belonging in the virtual environment. In reality, however, the threat and the control group both 

reported a strong sense of presence, with few differences between the groups. These findings 

are evidence that a mid-level driving simulator can elicit a strong sense of presence, despite the 

absence of physical risk for participants. 

How can studies of user trust in specific driving situations inform vehicle 

design? 

Following the validation study reported in Chapter 3, the study in Chapter 4 used a driving 

simulator to gain further insights into the development of appropriate trust calibration. In the 

study, sixty-two users evaluated their situational trust towards a simulated automated vehicle 

during specific driving scenarios. In the study design, they only experienced the “run-up” to the 

situation and not the situation itself. We found that users’ reported trust levels in specific 

situations did not consistently match evaluations of vehicle reliability given by engineers. In 

other words, users’ generalizations from limited experience were not always well-calibrated. 
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This finding is supported by accident reports suggesting that long periods of incident-free 

experience (possibly in a narrow range of scenarios) may lead to over-trust in the automated 

system. In the questionnaire, administered at the end of the study, users offered suggestions for 

modifications to vehicle dynamics (e.g., lateral control) and the Human Machine Interface (e.g., 

visualization of the objects detected in the environment). These suggestions are evidence of the 

way results from Human Factors studies can feed into vehicle design. 

How can trust in automated vehicles be measured objectively and in real-

time? 

The majority of past studies of trust and trust calibration, including the studies reported in 

Chapters 2 and 4, rely on questionnaires, which are subject to well-known biases and do not 

provide accurate measures of the way driver trust varies from second to second. Measures of 

these variations could provide valuable information for studies of situational and dynamic 

learned trust, and might even be used as input for adaptive automation. In Chapter 5, therefore, 

we investigated ways of continuously and reliably assessing user trust. Specifically, we tested 

whether combining gaze behaviour with electrodermal activity (EDA) could provide an 

effective measure of trust in a simulated automated vehicle. The results indicated a strong 

relationship between self-reported trust, monitoring behaviour and EDA: the higher 

participants’ self-reported trust, the less they monitored the road, the more attention they paid 

to a non-driving related secondary task, and the lower their EDA. The study also provided 

evidence that combined measures of gaze behaviour and EDA predicted self-reported trust 

better than either of these measures on its own. These findings suggest that combined measures 

of gaze and EDA have the potential to provide a reliable and objective real-time indicator of 

driver trust in empirical evaluations of Level 2, 3, 4 and 5 automated vehicles. 

Although the main focus of this study was methodological, the results also provided new 

insights into the way trust calibration develops over time. As the twenty-six participants 

experienced the behaviour of their vehicles, their dynamic learned trust changed. Interestingly, 

participants who experienced an automated vehicle that predictably behaved in an unreliable 

way reported increased trust in the system. Conversely, participants who experienced 

unpredicted poor behaviour showed reduced trust. These results show that system limitations 

familiar to the driver do not have to negatively affect trust, but also that automation surprises 

(i.e., unexpected system failures) can have a strong negative effect. 

Implications 
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The results presented in Chapter 2, 4 and Chapter 5 support the critical importance of two key 

concepts we identified in our conceptual model: situational trust (the trust in the vehicle a driver 

experiences in a single specific situation) and dynamic learned trust (the trust that drivers 

acquire through experience in a range of situations). One unexpected finding was the 

contribution of “generalization” to dynamic learned trust. In the study reported in Chapter 2, 

participants generalized from their actual experience to situations they had never experienced. 

Results reported in Chapter 4 show that generalizations from limited experience may lead to 

poorly calibrated trust. This finding supports previous reports, suggesting that long periods of 

driving without incident may lead to over-trust. 

Recommendations 

On the basis of the results presented in Chapters 2 to 5 we formulated several recommendations, 

summarized below: 

1. Drivers preparing to experience an automated vehicle for the first time should do so under 

the guidance of an expert user, aware of the automated system’s capabilities and limitations. 

2. HMIs should be designed to contribute to continuous learning, providing information that 

facilitates improved trust calibration (e.g., real-time indicators of the system’s 

“confidence”). 

3. Designers should be cautious when implementing anthropomorphic features in HMIs: such 

features may encourage a false sense of familiarity, leading drivers to expect human-like 

responses from the automated system. 

4. Researchers should develop and use real-time measurements of trust. In the future, 

continuous measures may be used to adapt, in real-time, vehicle dynamics to driver trust. 

5. Studies should measure automated vehicle reliability in a broad range of situations. Trust 

cannot be aligned with vehicle capabilities if these are unknown. 

6. Research should use driving simulators to investigate user trust before prototype vehicles 

are available, and/or in situations that cannot be safely tested on the road.  

7. Studies of the interaction between humans and automated systems should adopt a 

multidisciplinary approach, taking account of input from different actors (e.g., Human 

Factors researchers, engineers, vehicle designers). 

Future directions and conclusions 

Future research should include longitudinal studies, with user samples that are more 

representative of the general population. Such studies can provide insights into the way long-
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term experience with automated driving system impacts the development of situational and 

dynamic learned trust. In the future it may be possible to facilitate trust calibration by adapting 

the behaviour of the system to the needs and preferences of its users. 

In summary, the safety and uptake of future automated vehicles depends not just on technology 

but also on users’ attitudes and behaviours. Crucially, user trust must be calibrated to the real 

capabilities of the technology. Cooperation between engineers, vehicle designers and Human 

Factors researchers can make a vital contribution to this goal. 
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