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Foreword

Research has demonstrated that many drivers have gaps in their knowledge and
understanding of advanced vehicle technology—how it works and what its limitations are.
These gaps can have important implications for the safe use of these systems. It is
imperative to increase our understanding of how drivers’ perceptions and expectations of
new technology form and evolve over time such that knowledge gaps can be exposed and
addressed.

This technical report summarizes a multi-session driving simulator study looking at how
different types of driving experiences can influence drivers’ understanding of Adaptive
Cruise Control. The report should be of interest to researchers, safety advocates, and the
automobile industry who are working in the domain of advanced vehicle technology.

This report is a product of an active cooperative research program between the AAA
Foundation for Traffic Safety and the SAFER-SIM University Transportation Center.

C.Y. David Yang, Ph.D.

President and Executive Director
AAA Foundation for Traffic Safety

Dawn Marshall
SAFER-SIM Director

National Advanced Driving Simulator
The University of Iowa
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Executive Summary

Advanced Driver Assistance Systems (ADAS) support drivers with some driving
tasks. However, drivers may lack appropriate knowledge about ADAS resulting in
inadequate mental models, which can translate to drivers misusing ADAS, or mistrusting
the technologies, especially after encountering edge-case events (situations beyond the
capability of an ADAS where the system may malfunction or fail). Past research suggests
that mental models may be improved through exposure to ADAS-related driving situations,
especially those related to the system capabilities as well as its limitations. The objective of
this study was to examine the impact of frequency and quality of exposure on drivers’
understanding of Adaptive Cruise Control (ACC), their trust, and their workload after
driving with ACC.

Sixteen novice ACC users were recruited for this longitudinal driving simulator
study. Drivers were randomly assigned to one of two groups—the “Regular Exposure” group
encountering routine edge-case events, and the “Enhanced Exposure” group encountering
both routine and rare edge-case events. Each participant undertook four different simulator
sessions, each separated by about a week. Each session comprised a simulator drive
featuring five edge-case scenarios. The study followed a mixed-subject design, with
exposure frequency as the within-subject variable, and quality of exposure (defined by two
groups) as the between-subject variable. Surveys measured drivers’ trust, workload, and
system knowledge (i.e., mental models).

The results from the analyses revealed that drivers’ mental models about ACC
improve with frequency of exposure to ACC and associated edge-case driving situations.
This was more the case for drivers who experienced rare ACC edge cases. The findings also
indicate that for those who encountered rare edge cases, workload was higher and trust was
lower than those who did not. These findings underline the importance of experience and
familiarity with ADAS for safe operation. While these findings indicate that drivers benefit
from increased exposure to ACC and edge cases in terms of appropriate use of ADAS, and
ultimately promise crash reductions and injury prevention, a challenge remains regarding
how to provide drivers with appropriate exposure in a safe manner.



Introduction

Most, if not all, modern automobiles are equipped with advanced vehicle
technologies that have the capability to automate some aspects of the driving task. A report
in 2019 indicated that nearly 93% of all new vehicles had at least one advanced driver
assistance system (ADAS) feature, such as Automatic Emergency Braking (AEB), Adaptive
Cruise Control (ACC), or Lane Keeping Assist (LKA), among others (AAA, 2019).

These technologies are often touted as driver convenience or driver assistance
features and offer promises of increased driver safety. However, by virtue of their
capabilities, the driver can relegate some of their traditional driving tasks to the
automation systems. This results in a change in the drivers’ traditional role: from that of an
engaged operator responsible for controlling the vehicle, to that of an operator that shares
monitoring and vehicle control tasks with one or more automated systems. That is, ADAS
technologies like ACC and LKA require the driver to more closely monitor and control the
systems, despite the systems’ ability to manage the longitudinal and lateral vehicle control
tasks.

Moreover, these vehicle technologies are inherently complex and are not
immediately transparent and obvious to the everyday users. The technological
sophistication of automation technologies can influence how drivers understand their
vehicles (sometimes referred to as drivers’ mental models of vehicle technology). Thus,
while these systems promise safety and convenience, the complexities of these automation
systems, the changing role of the driver, and the shared responsibilities between driver and
vehicle automation may result in a compromising of any promised benefits. Therefore, to
indeed realize the benefits, it is critical for the operator to understand the technology, its
impact on their driving task, and their own new role in this modern vehicle ecosystem.

Mental Models

Drivers’ mental models of systems have been described as a mental representation
that contains a rich and elaborate structure about a user’s understanding of the how, what,
and why, of any system (Carroll & Olson, 1987). These mental models help drivers
understand two very critical aspects of any system: (a) the systems’ capabilities and
limitations and (b) the current and the possible states/modes of the automation system.
Incomplete or inaccurate mental models may lead to drivers misunderstanding the scope,
purpose, operation, capabilities, and limitations of a system. This can lead to
human factors—related issues including inflated expectations, uncalibrated trust, negative
adaptation, or simply operational errors, which could result in safety critical consequences.
Mental models are constantly being updated, with the updating of long-term knowledge
based on exposure to scenarios. This is especially important in the context of ADAS and
users’ mental models, since ADAS technology is relatively new resulting in drivers
generally starting off with no or very limited prior knowledge and hence potentially sparse
and inaccurate mental models (Beggiato & Krems, 2013; Victor et al., 2018).

Past research has found that ADAS users may be generally unaware of system
limitations and capabilities. McDonald et al. (2018) reported low awareness among users of
ADAS features and found that only about 10% of drivers actively sought more information
about equipped ADAS features. Jenness et al (2008) found that only about 28% of ADAS



users (from a pool of about 370 participants) were aware of their system’s functionalities
and limitations. Mehlenbacher et al (2002) reported that 40% of their study population’s
drivers did not read the owner’s manual at all, and the other 60% reported to have only
read the manual partially.

With low knowledge and experience with ADAS, drivers may either lack an initial
mental model (Beggiato & Krems, 2013) or have inaccurate or incomplete mental models.
These flawed mental models can potentially result in driver errors that can negate any
safety advantages of ADAS (Stanton & Salmon, 2009; Victor et al, 2018; Gaspar et al.,
2021). Additionally, incomplete mental models may contribute to mode confusion where
drivers may be unsure about the system state, system responsibility, and whether driver
interventions are necessary (Endsley, 2017; Wilson et al, 2020).

The initial formation and development of mental models may be highly dependent
on the source, accuracy, and accessibility of the information. For example, the informational
content, the framing, and the design of owners’ manuals have an impact on how drivers
understand complex ADAS technologies (McDonald et al, 2018; Singer & Jenness, 2020). In
addition, after an initial mental model has been established by a user, the subsequent
evolution and strengthening (or weakening) of these mental models can be highly
influenced by a user’s unawareness of system limitations, or inflated expectations of a
system. This is more pertinent when one experiences failures or malfunctions of the
technology, or when experiencing situations (edge cases) where a system reaches the limits
of its capabilities or is out of its operational design domain (ODD). One could then learn
from these experiences and improve one’s understanding, or the experiences may negatively
affect trust, acceptance, and hence use of a system (Beggiato & Krems, 2013).

Moreover, research has also shown that driver trust is associated with system
understanding. Incorrect expectations or miscalibrated trust levels in the system may
result in misuse of the system (Dickie & Boyle, 2009). Lack of knowledge could also result
in distrust and disuse of systems after encountering edge-case events (Beggiato & Krems,
2013).

Other human factors challenges in the context of ADAS include potentially adverse
effects on driver workload (Hungund et al, 2021; De Winter et al., 2014). Interestingly,
informing drivers about the functions, limitations, and operations of their system and
therefore, improving their mental models about the system, can lead to increased workload
(Khastgir et al, 2019). Thus, methods of improving knowledge without an adverse effect on
workload are desirable.

Past studies have suggested that through experience and exposure, one could
acquire the necessary knowledge to bridge the gaps in drivers’ mental models about their
systems (Beggiato & Krems, 2013; Carney et al, 2022). For example, a driver may learn
that an ACC system should not be used in particular weather conditions because they have
tried to do so and found that the system performed poorly. Other studies have shown that
participants have some preference towards experimentation and real-world exposure to
edge-case events, in terms of gaining knowledge and understanding about their systems
(Jenness et al, 2019). Similarly, another study showed how exposure to on-road situations
helped drivers to update and improve their mental models and improve their trust and
acceptance of the system (Novakazi et al, 2020). Despite the potential benefits of real-world
experience and exposure in improving a driver’s understanding of a system, this approach
1s not without risk. This is especially so, given that system limits or failures often require a



quick and decisive response and that drivers’ experiences in specific situations will vary
widely.

Objective

Given the importance of mental models towards safe interaction with ADAS and the
various human factors challenges regarding ADAS such as miscalibrated trust and the
effect on workload, it is important to understand how different types of driving experiences
and exposures affect drivers’ mental models about ADAS. The objective of this study was to
examine how the frequency and quality of exposure (exposure defined as driving through
events or situations that have some bearing on the functions of the ACC) affect drivers’
mental models about ACC, their trust, workload, and their use of the systems as measured
by their behaviors around disengaging ACC.

This research employed an experimental longitudinal driving simulation study to
expose drivers to ADAS technologies as well as associated edge cases over time. Drivers
with minimal experience with ACC were recruited and exposed to the technology through
simulated drives over multiple visits separated by approximately a week.

Method

Participants

Sixteen drivers, aged between 21 to 54 years (mean = 29.6; SD = 4.2) were recruited
for this longitudinal driving simulator study. The participants were pre-screened for the
study through an online survey, which determined if they had prior experience and
familiarity using ACC. Based on their responses, only novice users of ACC, i.e. those
participants that indicated that they have never used ACC or indicated that they were “not
at all familiar” or “slightly familiar” with ACC, were chosen to participate in the study.
They were also required to hold a valid United States driver’s license to be eligible for
participation. The study received prior IRB approval for human subject testing.

Participants were incentivized to participate and remain in the study via the
following incentive structure. Each participant was offered up to $100 for completing all
four study visits. The incentives were offered on an increasing basis with each subsequent
visit to encourage participants to complete all visits and minimize attrition. Specifically,
participants were paid $15, $20, $30, and $35 for visits 1, 2, 3, and 4, respectively.
Following their 4th visit, participants were also automatically enrolled in a raffle for an
additional $100.

Equipment and Materials

Driving Simulator

The study utilized a Realtime Technologies (RTI) full-cab driving simulator (Figure
1), which is a fixed-base driving simulator running on RTT’s SimCreator engine. The
simulator consisted of a 2013 Ford Fusion cab and five screens situated in front of the cab
giving the driver a 330-degree field of view. The simulator also provided the driver with
rear views of the simulator environment with the help of two dynamic side-mirrors and a



rear-view mirror. A five-speaker surround system simulated external environmental
sounds and two-speakers simulated in-vehicle noise.

The SimCreator engine enabled the designing and scripting of edge-case events in
the virtual world along with the ability to design visual elements on the instrument panel.
Moreover, audio cues to assist the driver when traversing through the virtual world were
also scripted. The SimCreator engine also utilized the SImADAS package, which enabled
the simulator to include ADAS features such as Adaptive Cruise Control, Blind Spot
Monitoring, Lane Keep Assist, etc. The ACC system that was utilized for this study had
functionalities and limitations mirroring those of ACC systems found in the real world and
could maintain the vehicle’s speed and distance from the lead vehicle based on the driver-
defined settings. The simulator collected vehicle measures and real-time recordings of the
participants’ eye, foot, and hand movements. A Smart Eye Pro eye-tracker system was also
utilized, however, data from this component are not considered in the current report.

Figure 1: University of Massachusetts Human Performance Laboratory Driving Simulator

Scales and Surveys

Participants’ trust in the ACC system was measured after each drive using the trust
survey by Jian et al (2000) and an overall trust score was derived from the mean of twelve
items on this survey. Workload was similarly assessed after each drive using the NASA
Task Load Index (Hart & Staveland, 1988; see Appendix A).

To measure changes in the participants’ mental models about ACC, the research
team developed a mental model survey. The survey consisted of 54 items and each item
included a true or false statement regarding ACC functions, limitations, and operational
capabilities. The participant rated their agreement with each statement on a ten-point
scale (ranging from 1 to 10, with higher ratings suggesting higher agreement). An example
for an item that is a true statement would be, “ACC will accelerate if a slower vehicle ahead
moves out of the detection zone.” Similarly, an example for an item that is a false statement
would be, “ACC can steer your vehicle automatically.” The agreement/disagreement rating
was then followed by a 3-point confidence rating, i.e., low confidence, medium confidence,
and high confidence, for each response. The complete survey can be found in Appendix A.



For each item, a composite score was derived based on the participant's responses on
both the agreement and confidence scales. To derive the scores, the ten-point agreement
scale was translated on a scale ranging between —5 and 5 indicating the lowest and highest
agreement range respectively. Next, the confidence scale was translated to a multiplier
scale. If a response on the agreement scale was leaning towards the right direction, i.e.,
greater than 0, the response was deemed correct, and the subsequent confidence multiplier
would be either 1, 2, or 3 (for low, medium, and high confidence ratings, respectively).
However, if a response on the agreement scale was leaning towards the wrong direction,
1.e., less than 0, the response was deemed incorrect, and the subsequent confidence
multiplier would be either 1, 2, or 6 (for low, medium, and high confidence ratings
respectively). This approach was taken to introduce an additional penalty in the score for a
high-confidence rating for an incorrect response. Therefore, each item on the mental model
survey would have a composite score ranging from —30 to 15 based on the scoring described
above. An overall Mental Model Score was derived from the mean of all composite scores on
the survey.

Experimental Design

The experimental design was a mixed design, with quality of exposure as the
between-subject variable, and exposure frequency as the within-subject variable. Quality of
exposure was defined by two conditions (and participant groups)—the Regular Exposure
group encountering routine edge-case events and non-events, and the Enhanced Exposure
group encountering routine and rare edge-case events. In this study, edge-case events were
defined as driving situations where ACC can no longer operate appropriately due to the
system having reached the limits of its operational design domain. Routine edge-case
events refer to edge-case events that are more commonly encountered when driving, while
rare edge-case events refer to those that occur with a lower frequency during driving. The
non-events encountered by the Regular Exposure group were situations that had no
consequence to the normal functioning of ACC. Given the lack of real-world crash datasets
from which one could derive crash types and frequency of occurrence, the categorization of
the edge-case events was based on the team’s expert opinions, taking into account the
nature of the events and thus their potential rarity (or commonness) in everyday driving.

Exposure frequency was defined by the number or visits (sessions) made by the
participants for the study. Participants in both groups were required to drive through a
total of four counterbalanced drives during four separate visits (one drive per visit). A gap
of at least five days was maintained between each of the visits. Each drive featured five
scenarios based on the participants’ group assignments. For the Regular Exposure group,
participants encountered four different drives each containing five scenarios—three
featuring routine edge-case events (shown in blue in Figure 2 and Table 1) and two non-
events (shown in grey in Figure 2 and Table 1). The drives for the Enhanced Exposure
group contained five scenarios as well—three featuring routine edge-case events (shown in
blue in Figure 2 and Table 2) and two rare edge-case events (shown in yellow in Figure 2
and Table 2). These conditions have been visualized in Figure 2, where each visit involves
one drive with five scenarios each. As a result of this design, the Enhanced Exposure group
encountered two more edge-case events per drive compared to the Regular Exposure group
due to the inclusion of the two additional rare edge-case events. The color-coded scenarios
represent the type of events encountered (routine edge-case, rare edge-case, or non-events).
The order of scenarios within each drive was fixed ensuring that every participant



encountered the scenarios at the same instance within the drive. The order of the drives
received by each participant was counterbalanced across and within each group. For
descriptions of scenarios within each drive, please refer to Table 1 and Table 2.

Drive 1 | Drive 2 | Drive 3 Drive 4 |
Regular
Y Exposure 5
]
2
&
&
&
E Enhanced 2 5 2
& Exposure
|
I

Visit 1 Visit 2 Visit 3 Visit 4

Exposure Frequency

Figure 2. Typical representation of scenario order in each drive for each group for each visit



Table 1. Description of Drives and Scenarios for the Regular Exposure group (blue = routine
edge-cases; gray = non-events).

Drive | Scenario Descrintion
No. No. p
1 Traffic cones—the driver encounters traffic cones that are placed near the
shoulder, slightly encroaching into the right lane
2 Bridge—the driver encounters a bridge
1 3 Slow-moving traffic—the driver reaches a line of slow-moving vehicles on the
highway
4 Car on the right shoulder—the driver encounters a car parked on the right
shoulder
5 Merging lane—the driver encounters a merging of lanes
1 Lack of lane markings—the driver reaches a roadway section where the lane
markings are deteriorated causing surrounding vehicles to drive erratically
2 Exit—the driver is instructed to take the exit approaching on their right
2 3 Police car—the driver encounters a police car parked on the right shoulder
4 Pedestrians on sidewalk—the driver encounters pedestrians walking on the
sidewalk on their right
5 Group of bicyclists—the driver encounters a group of bicyclists in the right
lane
1 Roundabout—the driver encounters a roundabout in nighttime conditions
9 Poor visibility due to fog—the driver encounters bad visibility conditions due
to fog
3 3 Lead vehicle with no taillights—the driver encounters a lead vehicle whose
taillights are not visible, i.e. not switched on
4 Digital billboards—the driver reaches a roadway section with several
brightly lit digital billboards
5 Construction zone on opposite side—the driver encounters a construction
zone on the opposite side of the roadway
Pedestrian crossing—the driver approaches an intersection with the traffic
1 lights (lit green) and a pedestrian approaches the edge of the crosswalk in
the driver’s travel path
9 Billboards—the driver reaches a roadway section with several billboards
placed close to each other
4 3 Heavy traffic near exit—the driver encounters slow-moving traffic near an
exit
Shopping area—the driver encounters a shopping area on their right side
4 . .
with stores and several parked vehicles
5 Motorcyclist in travel lane—the driver encounters a motorcyclist that cuts
into their travel lane




Table 2. Description of Drives and Scenarios for the Enhanced Exposure group (blue rows =
routine edge-cases; yellow = rare events).

Drive | Scenario Description
No. No. P
1 Traffic cones—the driver encounters traffic cones that are placed near the
shoulder, slightly encroaching into the right lane
Straddling lead vehicle—the driver encounters a lead vehicle that is
2 . .
straddling the lane lines
1 3 Slow-moving traffic—the driver reaches a line of slow-moving vehicles on the
highway
4 Swerving lead vehicle—the driver encounters a lead vehicle that is swerving
in and out of their travel lane
5 Merging lane—the driver encounters a merging of lanes
1 Lack of lane markings—the driver reaches a roadway section where the lane
markings are deteriorated causing surrounding vehicles to drive erratically
9 Exit—the driver is instructed to take the exit approaching on their right
Non-standard-shaped lead vehicle—the driver encounters a non-standard-
2 3 . .
shaped lead vehicle, i.e., a cement truck
4 Sharp curve—the driver reaches a sharp curved section of an undivided
highway
5 Group of bicyclists—the driver encounters a group of bicyclists in the right
lane
1 Roundabout—the driver encounters a roundabout in nighttime conditions
9 Poor visibility due to fog—the driver encounters bad visibility conditions due
to fog
3 Lead vehicle with no taillights—the driver encounters a lead vehicle whose
3 taillights are not visible, i.e. not switched on
4 Bad weather—the driver encounters a lead vehicle in bad visibility
conditions due to fog
Oncoming vehicle—the driver encounters a construction zone on the opposite
5 side of the roadway and a vehicle moves into their travel lane from the
opposite direction to pass the construction zone
Pedestrian crossing—the driver approaches an intersection with the traffic
1 lights (lit green) and a pedestrian approaches the edge of the crosswalk in
the driver’s travel path
Stopped truck and lead vehicle—the driver encounters a lead vehicle in their
2 (right) lane that suddenly changes to the left lane to pass a stopped truck
with hazard lights
4 3 Heavy traffic near exit—the driver encounters slow-moving traffic near an
exit
4 Sharp curve—the driver encounters a sharp curve on a divided highway
5 Motorcyclist in travel lane—the driver encounters a motorcyclist that cuts

into their travel lane




Procedure

During the participants’ first visit, they provided their informed consent and were
given a document that provided an overview of ACC, summarizing the functions and
operations of ACC in a succinct manner. Next, they filled out a demographics questionnaire
that collected basic information about age, gender, licensure, as well as driving frequency,
followed by a pre-drive Simulator Sickness Questionnaire (SSQ). Calibration of the eye-
tracker was conducted followed by a short practice drive where drivers could familiarize
themselves with the controls of the simulator, the virtual environment, as well the controls
for the ACC system. The practice drive lasted for up to five minutes. Following the practice
drive, the participants drove through the main drive, which was the counterbalanced drive
according to their group assignment (see Tables 1 and 2). Following the drive, the post-
drive SSQ, the mental model survey, the NASA TLX, and the trust survey were
administered. The participants were compensated for each visit. The experimental
procedure remained similar for each subsequent visit, except for the demographics survey,
which was administered only during the first visit.

Data Analysis

The overall trust score was derived from the mean of twelve items on the survey
(Jian et al., 2000). Workload was analyzed according to each of the six sub-scales of the
NASA-TLX. An overall Mental Model Score was derived from the mean of all composite
scores on the survey, based on the combination of accuracy and confidence (see above).

Participants’ use of the ACC system was measured by the proportion of events for
which they disengaged ACC, and by the quality of their handling of the vehicle after
disengaging ACC. For the former, the proportion of disengagements for types of events
(routine, rare, and non-event) was recorded. With respect to quality of vehicle handling, the
drivers’ speed variability (i.e., standard deviation of velocity, SD-V), lane keeping
variability (i.e., standard deviation of lane offset, SD-LO), and their maximum resultant
acceleration (MaxRA) were derived for each disengagement event from the point of
disengagement until the end of the predefined event window (Du et al, 2020).

Linear regression models were used to statistically analyze the associations between
the independent variables and dependent variables. Separate models examined
participants’ trust, workload, Mental Model Score, SD-V, SD-LO, and MaxRA, and
interaction effects were considered between the independent variables in the models. The
significance level was set to 0.05.

Results

Mental Model Scores

There was a main effect of exposure frequency (8 = 1.55, p = 0.02, n2=0.19), and a
main effect of quality of exposure (8 = 2.25, p < 0.001, n2 = 0.29) on mental model scores
(Figure 3). Drivers’ scores increased significantly over exposure, and the Enhanced
Exposure group had significantly higher scores (mean = 8.1, SD = 2.1) as compared to the
Regular Exposure group (mean = 5.8, SD = 1.8). No significant interaction effects were
found.
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Figure 3. Mental Model Scores across multiple exposures for the Regular Exposure and
Enhanced Exposure groups

Trust

There was no main effect of exposure frequency on trust; however, there was a main
effect of quality of exposure (8 =-1.09, p < 0.001, n2=0.17) on trust, with the Enhanced
Exposure group having significantly lower trust. Specifically, as compared to the Regular
Exposure group (mean = 4.7, SD = 1.2), participants of the Enhanced Exposure group
(mean = 3.6, SD = 1.3) rated themselves as having lower trust in the system (Figure 4).
There was no significant interaction between quality of exposure and exposure frequency on
participants’ trust.
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Figure 4. Trust Scores across the two groups

Workload

There was no main effect of exposure frequency on any of the task load indices
(subscales of the NASA-TLX), with two exceptions. There was a main effect of quality of
exposure on Mental Demand (8 = 1.59, p < 0.001, n2 = 0.21), with the Enhanced Exposure
group (mean = 3.5, SD = 1.7) having significantly higher ratings than the Regular Exposure
group (mean = 1.9, SD = 1.5) (see Figure 5). Similarly, there was a main effect of quality of
exposure on Effort (8 =12.78, p = 0.02, n% = 0.09), with the Enhanced Exposure group
(mean = 34.0, SD = 23.0) also having significantly higher ratings than the Regular
Exposure group (mean = 21.2, SD = 17.7) (see Figure 6). No significant interaction effects
were found for both Mental Demand and Effort.
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Figure 6. Effort ratings across the two groups
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ACC Disengagements

ACC disengagements were recorded for each type of event in the drives: routine
events, rare events, or non-events. The Regular Exposure group and the Enhanced
Exposure group were collectively exposed to a total of 320 events. Both groups were exposed
to 96 routine events, the Regular Exposure group had an additional 64 non-events, and the
Enhances Exposure group had an additional 64 rare events. The table below shows the
proportion of disengagements that each group had for the various event types.

Table 3. Proportion of Disengagement for Both Groups by Event Type

Group Routine Events Rare Events Non-Events
Regular Exposure 25.8% NA 3.2%
Enhanced Exposure 15.6% 20.3% NA

Disengagement Behaviors

The disengagement data were reduced to only include those with actual post-
disengagement values. (i.e., those drivers who disengaged). Regression analyses were run to
examine the associations between SD-V, SD-LO, and MaxRA and exposure frequency
(session number) and quality (group). No statistically significant associations were found.
Figures 7-9 describe these disengagement behavior measures across groups and across
time.
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Figure 7. Standard deviation of lane offset by exposure quality (left panel) and frequency
(right panel).
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Discussion

Previous research has indicated that mental models (i.e., driver’s knowledge and
understanding) of system functions and limitations may be improved through repeated
exposure and exposure to edge-case events (Beggiato & Krems, 2013; Novakazi et al, 2020;
Carney et al, 2022). As such, this study investigated the effects of different types of
exposure on drivers’ mental models about ACC in a longitudinal driving simulator study.
Specifically, the study examined how quality of exposure, characterized by different types of
events and edge cases, and exposure frequency affected drivers’ mental models of ACC,
their trust, their workload, and their disengagement behaviors. The study recruited sixteen
novice ACC users and randomly assigned them to either of two groups—one that
encountered routine edge-case events only; the other that encountered both routine and
rare edge-case events. All drivers made four visits and, in each visit, drove through a
unique counterbalanced drive on the simulator featuring several ACC edge-case events.

The results from the analyses indicated that both exposure frequency and quality of
exposure had effects on drivers’ mental models. Participants’ mental models about ACC
improved with repeated driving exposure to ACC, with scores increasing with each
subsequent visit. Results also showed that those drivers that encountered both rare and
routine edge-case events (Enhanced Exposure group) had higher mental model scores than
those who only encountered routine events (Regular Exposure group). These differences in
the mental model scores could be due to the inclusion of rare edge-case events for the
Enhanced Exposure group, which were intended to provide drivers with rich information
about system limitations. It is also possible that the group differences were due to the
increased frequency of edge-case events encountered by the Enhanced Exposure group per
drive (five events) compared to the Regular Exposure group (three events), although the
inclusion of mundane non-events was intended to counter this to some degree.

Results also indicated that there was no interaction effect between quality and
frequency of exposure, suggesting that the rate of mental model improvement between the
two participants groups over multiple exposures to ACC was comparable. These findings
are significant since they underline the importance of experience and familiarity with
ADAS in terms of knowledge improvement. Exposure to both rare and routine edge cases
(as experienced by the Enhanced Exposure group) may also fast-track mental model
development in novice ADAS users as opposed to simple exposure to routine edge cases and
events where the ACC system functions as intended (as experienced by the Regular
Exposure group). For example, as shown in Figure 3, it took the Regular Exposure group
until the fourth session to match the level of system understanding exhibited by the
Enhanced Exposure Group in the first session.

Since accurate mental models about a system are likely to promote safe operations, a
practical implication that can be drawn from this study is that when introducing ADAS-
equipped vehicles to new users, an effective strategy could include targeted exposure to
different situations either through direct experience or through training, so that they can
develop appropriate initial mental models about their systems. Prior driver training studies
(Pradhan et al, 2005; Pradhan et al, 2011) have used an error-feedback approach (Ivancic &
Hesketh, 2000) to provide a controlled but enhanced exposure to risk and such approaches
could form an important pillar in terms of future training or consumer education research
about ADAS and other advanced vehicle technologies.
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Results from the analyses for trust and workload indicate that exposing novice
ADAS users to rare edge cases may have an impact on trust. The Enhanced Exposure group
exhibited lower trust in the system than the Regular Exposure group. This could suggest
that trust decreased on encountering rare edge cases—a finding that is in line with past
literature where encountering edge-case events without prior knowledge about them had an
adverse impact on trust (Beggiato & Krems, 2013). However, as noted by Novakazi et al
(2020), trust 1s a construct that develops over time with repeated exposure and interaction
with the system. This evolution of trust may manifest different after more experience with
the system, but this was unfortunately outside the scope of the current study (limited to
four visits and relatively short driving sessions). The Enhanced Exposure group also
experienced a higher mental demand and perceived effort than their Regular Exposure
group counterparts. This is somewhat in line work by Khastgir et al. (2019), which showed
an increase in workload following an increase in knowledge. The higher mental model
scores of the Enhanced Exposure group and their higher ratings on certain task load
indices may suggest such a relationship between knowledge and workload.

The analyses of the disengagement behavior from this study find some interesting
outcomes. First, the enhanced exposure group had approximately half the proportion of
disengagements for routine edge-case events compared to the other group. However, their
overall engagement rate was comparable when the rare edge-case events are also
considered. There is insufficient evidence to conclude if the fewer disengagement in routine
edge-case events is because of an attribution of lower risk or importance to these routine
events given the same group’s exposure to rare events, or if it is due to other factors. For
the Regular Exposure group, the low proportion of disengagements relative to routine edge-
case events helps to corroborate the selection and classification of scenarios as does the
higher proportion of disengagements to rare edge-case events for the Enhanced Exposure
group. Additionally, the analyses found no differences in driving related behaviors (i.e.,
disengagement quality as measured by kinematic vehicle handling) across groups or across
exposure frequency. It is possible that these vehicle-handling kinematics were not sensitive
enough in the current context to differentiate levels of knowledge or expertise with the
system.

Study Limitations

The study had a few limitations to note. First, the study was a longitudinal study
conducted on a driving simulator; an on-road study over a longer time course would be
useful in generalizing the results. However, it is worth pointing out that conducting such an
experiment involving novice ADAS users could present potential safety-related risks in a
real-world setting, and hence, a driving simulator study may be more appropriate in this
regard. Additionally, the simulator setting allowed for greater control over the occurrences
of critical events—outcomes whose prevalence in real-world interactions are much more
uncertain. Second, the sample size was small due to difficulties in enrolling and scheduling
participants arising from the pandemic, especially considering the longitudinal design. A
larger sample size may help in better generalizing these results and to examine which
components of the drivers’ understanding (i.e. which components of the mental model
survey) showed the most improvement after subsequent exposures to ACC. It should be
noted however that the observed outcomes for the two independent variables for the three
linear regression models were associated with medium to large effect sizes, and therefore
may compensate for potential negative effects due to the small sample size. Third, the
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number of visits was limited to four, and it is unknown if any more visits could have
affected the driver’s mental models, trust, or workload differently. Fourth, it is unknown
what effect participants’ background characteristics such as age and propensity toward
technology may have had on their trust in ACC. The current study was not designed to
collect information about the participants’ previous technology usage. Fifth, it is unknown if
the differences in the mental model scores between the Enhanced Exposure group and the
Regular Exposure group were driven due to the inclusion of rare edge-case events in the
former group’s drives, or due to the former encountering edge-case events at a higher
frequency per drive than the latter. Future work could address this by having both the
Enhanced Exposure and Regular Exposure groups encounter the same number of rare or
routine events per drive, respectively. Lastly, all dependent measures considered for this
study were self-reported survey measures, which may suffer from issues regarding
reliability and user bias (Schacter, 1999).

Conclusion and Implications

Results from this study have positive implications in terms of ADAS usage and
exposure and the improvements to one’s mental model as a result. Stronger mental models
may promote accurate and safer interactions with ADAS and prevent gaps in one’s
expectations and understanding of the system functions and limitations. This may
ultimately lead to crash reductions and injury prevention, and improve general on-road
safety. Importantly, exposure to both rare and routine edge cases may also afford a more
effective path to mental model development in novice users as opposed to simple routine
exposure. Approaches that include targeted exposure to different situations either through
direct experience or through training or education should be considered.

While the findings indicate that drivers benefit from increased exposure to ACC and
edge cases, the study also revealed differences in trust and workload between the groups.
Exposure to rare edge-case events seems to be associated with a lower trust as compared to
a group without that exposure. It is unclear if this lower trust reflects an appropriate
calibration of trust, or if it may reflect a negative impact. Future work should consider this
question. Additionally, it is unclear how trust would be affected in a hybrid “quality of
exposure” condition (i.e., introducing rare edge-case events after multiple exposures to
regular edge-case events or vice versa). However, this underlines the need for further
investigation to understand and, if necessary, mitigate any adverse effects on trust and
workload. One solution may be presenting the more rare and challenging edge-case events
to drivers much later in their exposure cycle rather than consistently presenting such
events from the start, where novice users most likely lack an appropriate initial mental
model about the system functions and limitations. Another important challenge that may
need to be addressed is regarding how to provide drivers with appropriate exposure in a
safe manner. The study provided exposures on a driving simulator in a laboratory setting,
which present almost no safety-related risks. However, exposure in the real world may not
be as safe, and future work could explore methods or platforms to provide novice ADAS
users with safe exposures in the real world to improve their mental models.

17



Acknowledgements

This study was conducted in the Arbella Human Performance Lab in the
Department of Mechanical & Industrial Engineering at the University of Massachusetts—
Ambherst. The authors would like to thank Apoorva Hungund, Jaji Pamarthi, Bhupesh
Kanth, and Sarah Widrow for their effort and help during the data collection process. Some
of Fangda Zhang’s contributions came while working at his new institution, The Abigail
Wexner Research Institute at Nationwide Children’s Hospital.

This work was supported by the AAA Foundation for Traffic Safety (under
agreement no. 4035-51171) and Safety Research using Simulation University
Transportation Center (SAFER-SIM). SAFER-SIM is funded by a grant from the U.S.
Department of Transportation’s University Transportation Centers Program
(69A3551747131). However, the U.S. Government assumes no liability for the contents or
use thereof.

References

American Automobile Association (2019). Advanced driver assistance technology names:
AAA’s recommendation for common naming of advanced safety systems. AAA News
Room, 25, 1-21.

Beggiato, M., & Krems, dJ. 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.
doi.org/10.1016/j.trf.2012.12.006

Carney, C., Gaspar, J. G., & Horrey, W. J. (2022). Longer-term exposure vs training: their
effect on drivers' mental models of ADAS technology. Transportation Research Part
F: Traffic Psychology and Behaviour, 91, 329-345. doi.org/10.1016/j.trf.2022.09.017

Carroll, J. M., & Olson, J. R. (1987). Mental models in human-computer interaction.
Research issues about what the user of software knows. Workshop on Software
Human Factors: Users' Mental Models. Washington, D.C.

De Winter, J. C., 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. doi.org/10.1016/;.trf.2014.06.016

Dickie, D. A., & Boyle, L. N. (2009, October). Drivers' understanding of adaptive cruise
control limitations. Proceedings of the Human Factors and Ergonomics Society
Annual Meeting, 53, 1806—1810. doi.org/10.1518/107118109X12524444082439

Du, N,, Zhou, F., Pulver, E., Tilbury, D. M., Robert, L. P., Pradhan, A. K., & Yang, X. J.
(2020). Examining the effects of emotional valence and arousal on takeover
performance in conditionally automated driving. ArXiv Preprint. ArXiv:2001.04509.
doi.org/10.48550/arXiv.2001.04509

Endsley, M. R. (2017). Autonomous driving systems: A preliminary naturalistic study of the
Tesla Model S. Journal of Cognitive Engineering and Decision Making, 11(3), 225—
238. doi.org/10.1177/1555343417695197

18



Gaspar, J. G., Carney, C., Shull, E., & Horrey, W. J. (2021). Mapping drivers’ mental
models of adaptive cruise control to performance. Transportation Research Part F:
Traffic Psychology and Behaviour, 81, 622—638. doi.org/10.1016/5.trf.2021.07.012

Hart, S. G., & Staveland, L. E. (1988). Development of NASA-TLX (Task Load Index):
Results of empirical and theoretical research. Advances in Psychology, 52, 139—183.
doi.org/10.1016/S50166-4115(08)62386-9

Hungund, A. P., Pai, G., & Pradhan, A. K. (2021). Systematic review of research on driver
distraction in the context of advanced driver assistance systems. Transportation
Research Record, 2675(9), 756-765. doi.org/10.1177/03611981211004129

Ivancic, K., & Hesketh, B. (2000). Learning from errors in a driving simulation: Effects on
driving skill and self-confidence. Ergonomics, 43(12), 1966—1984.
doi.org/10.1080/00140130050201427

Jenness, J. W., Lerner, N. D., Mazor, S., Osberg, J. S., & Tefft, B. C. (2008). Use of
Advanced In-Vehicle Technology by Young and Older Early Adopters: Survey Results
on Adaptive Cruise Control Systems (Report DOT HS 810 917). Washington, D.C.:
National Highway Traffic Safety Administration.

Jenness, J., Lenneman, J., Benedick, A., Huey, R., Jaffe, J., Singer, J., & Yahoodik, S.
(2019). Spaceship, guardian, coach: Drivers’ mental models of advanced vehicle
technology. Proceedings of HCI International 2019-Posters: 21st International
Conference, 21, 351-356. doi.org/10.1007/978-3-030-23525-3_46

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. doi.org/10.1207/S153275661JCE0401_04

Khastgir, S., Birrell, S., Dhadyalla, G., & Jennings, P. (2019). Effect of knowledge of
automation capability on trust and workload in an automated vehicle: A driving
simulator study. Advances in Human Aspects of Transportation: Proceedings of the
AHFE 2018 International Conference on Human Factors in Transportation, 9, 410—
420. doi.org/10.1007/978-3-319-93885-1_37

McDonald, A., Carney, C. & McGehee, D.V. (2018). Vehicle Owners’ Experiences with and
Reactions to Advanced Driver Assistance Systems (Technical Report). Washington,
D.C.: AAA Foundation for Traffic Safety.

Mehlenbacher, B., Wogalter, M. S., & Laughery, K. R. (2002). On the reading of product
owner’s manuals: Perceptions and product complexity. Proceedings of the Human
Factors and Ergonomics Society Annual Meeting, 46(6), 730—734.
doi.org/10.1177/154193120204600610

Novakazi, F., Orlovska, J., Bligard, L. O., & Wickman, C. (2020). Stepping over the
threshold linking understanding and usage of Automated Driver Assistance Systems
(ADAS). Transportation Research Interdisciplinary Perspectives, 8, 100252.
doi.org/10.1016/].trip.2020.100252

Pradhan, A. K., Fisher, D. L., & Pollatsek, A. (2005). The effects of PC-based training on
novice drivers' risk awareness in a driving simulator. Proceedings of the Third
International Driving Symposium on Human Factors in Driver Assessment, Training
and Vehicle Design, 3, 81-87. doi.org/10.17077/drivingassessment.1146

19



Pradhan, A. K, Divekar, G., Masserang, K., Romoser, M., Zafian, T., Blomberg, R. D.,
Thomas, F. D., Reagan, 1., Knodler, M., & Pollatsek, A. (2011). The effects of focused
attention training on the duration of novice drivers’ glances inside the vehicle.
Ergonomics, 54(10), 917-931. doi.org/10.1080/00140139.2011.607245

Schacter, D. L. (1999). The seven sins of memory: insights from psychology and cognitive
neuroscience. American Psychologist, 54(3), 182. doi.org/10.1037/0003-066X.54.3.182

Singer, J. & Jenness, J.W. (2020). Impact of Information on Consumer Understanding of a
Partially Automated Driving System (Technical Report). Washington, D.C.: AAA
Foundation for Traffic Safety.

Stanton, N. A., & Salmon, P. M. (2009). Human error taxonomies applied to driving: A
generic driver error taxonomy and its implications for intelligent transport systems.
Safety Science, 47(2), 227-237. doi.org/10.1016/j.ss¢1.2008.03.006

Victor, T. W., Tivesten, E., Gustavsson, P., Johansson, J., Sangberg, F., Aust, M. L., & Cars,
V. (2018). Automation expectation mismatch: Incorrect prediction despite eyes on
threat and hands on wheel. Human Factors, 60(8), 1095-1116.
doi.org/10.1177/0018720818788164

Wilson, K. M., Yang, S., Roady, T., Kuo, J., & Lenné, M. G. (2020). Driver trust and mode
confusion in an on-road study of level-2 automated vehicle technology. Safety
Science, 130, 104845. doi.org/10.1016/j.ss¢1.2020.104845

20



Appendix A

Trust Survey (Jian et al., 2000)

1) The system iz deceptive

1 2 3 4 3 6 7
I} The system behaves in an underhanded manner

1 2 3 4 5 3 7
3y I am suspicions of the system's infent, action, or cutputs

1 2 3 4 5 6 7
4y T am wary of the systemn

1 2 3 4 5 6 7
£} The system’s actions will have a harmful or injurions cutcomne

1 2 3 4 5 3 7
6) I am confident in the system

1 2 3 4 5 6 7
Ty The system provides security

1 2 3 4 5 6 7
3) The system has integrity

i 2 3 4 5 3 7
9 The system iz dependable

1 2 3 4 5 6 7
10) The systemn iz reliable

1 2 3 4 5 6 7
11} I can trust the system

1 5 7

12 I amn familiar with the system




NASA Task Load Index (Hart & Staveland, 1988)

NASA Task Load Index

Hazrl and Staveland'’s NASA Task Load Iwdlex (TLE] method assesses
work Ioad on five Fpoimt scaies. incremenis of fiph, medivm and low
aslimales for each poin reswl ir 21 gradations on the scaies

Participant IO Date:
bental Demand Haw rmantally demanding was Sa ask?
Letrrr ittt et
Wery Low Wary High
Physical Demand Haw physac ally demanding was ihe tash?
il ittt 111
‘ary Low ‘Mary High

Tempaoral Demand Heow Buried o rushed was he pace of the lask?

ey Lo Wery High

Parformance How succassill were you in accoamplishing what
you wans asked o do¥

Partac] Fallure

Eifori How hard did you hese toowaork o accomplish
your leval of perarmansa¥?

ary Low vary High

Frusiration How insecurne, descouraged, riialed, sisessed,
and armoyed wereyou T

IIIIIIIIIIIIIIIIIIIII
Wary Low Yary High
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Mental Model Survey Items

For each statement below, please answer these two questions. (i) On a scale of 1-10, with 1
being strongly disagree, and 10 being strongly agree, please indicate how much you agree
with the statement, and (i1)) How confident are you about your response? (1-low confidence,
2—-medium confidence, 3—high confidence).

1. ACC can regulate the vehicle’s distance from any type of lead vehicle

2. ACC helps a vehicle stay at a selected distance from the vehicle in front by signaling
the lead vehicle to slow down if the distance between them is too large

3. When ACC is regulating a vehicle’s distance, there is no limit to how near or how it
can follow another vehicle

4. The driver can select at what distance ACC will help their vehicle to follow another
vehicle

5. ACC is able to Keep a safe distance from a truck with a pole extending 15 feet out

from the back of the truck

ACC can operate the vehicle at the selected speed even if there is no vehicle in front

ACC will accelerate if a slower vehicle ahead moves out of the detection zone

8. ACC will react appropriately when Slower-moving vehicle in lane next to you
changes lanes in front of you, leaving a very small gap

9. ACC Will react appropriately when the Car in front of you in your lane suddenly
brakes hard

10. The driver can control how fast ACC 'drives' the car

11. When first activated, the ACC controls the vehicle at the speed the vehicle is
currently travelling at

12. ACC works at any speed

13. The vehicle needs to be driving at 25 mph to turn on ACC

14. ACC is able to Reduce speed when the speed limit drops from 65 mph to 55 mph

15. ACC is able to merge one lane to the left when the right lane ends

16. ACC is able to Change lanes to pass a slower vehicle in your lane

17. ACC can steer the vehicle automatically

18. ACC can steer the vehicle, but only to keep the vehicle within the travel lane

19. ACC can be “turned on” or “turned off” using buttons on the steering wheel

20. The driver can turn off ACC using brake pedals

21. The driver cannot turn off ACC by turning the steering wheel

22. The driver can temporarily deactivate the ACC using the gas pedal

23. The driver can temporarily deactivate the ACC using a button or lever on the
steering wheel

24. The driver can change the speed that the ACC is set to by simply pressing the gas
pedal

25. The driver can adjust ACC's desired distance by using the brake pedal

26. The steering wheel buttons are the only way to control the desired distance setting.

27. The status of the ACC is shown on the instrument panel

28. ACC remains activated if a lead vehicle changes lanes

29. ACC slows down the vehicle when it detects driver inactivity

30. Some ACC systems may alert a driver if their hands are not on the wheel

31. ACC requires that the driver has their eyes on the road at all times

32. While driving with ACC activated, the driver can safely use their smartphone for
texting

33. ACC is able to Bring the vehicle to a stop if the driver loses consciousness due to a

N
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medical emergency
34. ACC can be ‘turned OFF’ by the driver at any time
35. ACC is designed to allow a driver to drive with their hands off the wheel
36. ACC is capable of operating without any involvement from a human driver
37. ACC is a 'self-driving' feature
38. ACC can help a vehicle react to non-standard shaped vehicles (eg. Tractors, Trailers,
etc.)
39. ACC cannot help a vehicle to react to stationary objects on the road
40. ACC can help a vehicle react to all moving traffic in its lane
41. ACC can help a vehicle react to oncoming traffic
42. ACC does not help a vehicle react to pedestrians and animals
43. ACC reacts to potholes in the same lane
44. ACC cannot stop the vehicle at stop signs or stop lights
45. ACC is able to drive where lane lines are badly faded
46. ACC may not work in poor lighting conditions
47. ACC works on all roadway conditions
48. ACC works when Driving down a steep hill
49. ACC can work on all road types (eg. residential areas, highways, etc.)
50. ACC works when exiting onto a ramp from one freeway to another freeway
51. ACC works when Driving in stop-and-go traffic due to a traffic jam
52. ACC features may differ between manufacturers
53. ACC cannot alert a driver if erratic driving is detected from the vehicle ahead
54. ACC can help drivers navigate automatically
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