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Abstract: The development of automated driving will profit from an agreed-upon methodology
to evaluate human–machine interfaces. The present study examines the role of feedback on
interaction performance provided directly to participants when interacting with driving automation
(i.e., perceived ease of use). In addition, the development of ratings itself over time and use case
specificity were examined. In a driving simulator study, N = 55 participants completed several
transitions between Society of Automotive Engineers (SAE) level 0, level 2, and level 3 automated
driving. One half of the participants received feedback on their interaction performance immediately
after each use case, while the other half did not. As expected, the results revealed that participants
judged the interactions to become easier over time. However, a use case specificity was present,
as transitions to L0 did not show effects over time. The role of feedback also depended on the
respective use case. We observed more conservative evaluations when feedback was provided than
when it was not. The present study supports the application of perceived ease of use as a diagnostic
measure in interaction with automated driving. Evaluations of interfaces can benefit from supporting
feedback to obtain more conservative results.
Keywords: automated driving; human–machine interface; diagnostic measures; ease of use; method
development

1. Introduction
Level 3 (L3) Automated Driving Systems (ADS) are about to enter the consumer market while
Level 2 (L2) automation is already commercially available. According to the Society of Automotive
Engineers (SAE), L2 driving automation [1] is defined as a combined lateral and longitudinal vehicle
guidance function where the driver is responsible for supervising correct system functioning. With the
step to L3 ADS, the human driver’s role shifts from that of supervisor to the fallback performer if the
ADS exceeds its operational design domain (ODD). This change of responsibility increases the need
for method development for automated driving since existing research methodologies (see e.g., [2])
for human–machine interfaces (HMI) cannot be simply transferred to higher levels of automation.
Therefore, research and development of ADS HMI evaluation needs to examine existing methods and
bring forth novel methods [3]. The present work contributes to method validation and development
for automated driving by investigating the role of experience formation and use case specificity on
diagnostic measures in HMI evaluation. Furthermore, the study examines the effect of feedback on
operator success or failure when interacting with driving automation.
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1.1. Validation and Development of Methodology
The evaluation of HMIs has a long tradition in the automotive context. In manual driving (SAE L0),
the evaluation focused on the distraction potential of In-Vehicle Information Systems (IVIS). Thus, the
central goal here is the assessment of visual workload associated with the IVIS (see e.g., [2,4]) While
standardized test protocols and best practice approaches have been established for driver distraction,
the change of the driver’s role from manual driver to supervisor in L2 and fallback performer in L3
automation makes the application of these methods impossible. In automated driving, a variety of
theoretical constructs related to the safe driver-vehicle-interaction such as trust [5,6], controllability [7],
mode awareness [8], or usability [9] could be used as criteria. Research has shown that these pose
challenges to the design and evaluation of automated vehicle HMIs. For an outline of evaluation
methods for automated vehicle HMIs see Naujoks et al. [10].
One further step towards ADS method validation concerns the investigation of dependent
measures for a usability assessment [9]. In principle, both self-report data and behavioral observations
can be used to assess the quality of an HMI for automated driving. First research efforts on the quality
criteria of summative evaluations [11] brought forth empirical evidence for applying questionnaires
when it comes to assessing satisfaction [12]. Forster et al. [13] have found evidence that summative
evaluations of automated vehicle HMIs remain on a constant level over time. They also found
that summative evaluations are closely tied to interaction performance in first system encounters.
However, research on the suitability of diagnostic tools [11] for usability evaluation in this context is
scarce. Diagnostic instruments seek to identify shortcomings and provide interface developers with
recommendations for redesign. They capture the user’s state at a given time of measurement in a
specific use case. Additionally, they indicate whether specific system functions work as intended or
whether these are overly demanding for users.
One such measure is perceived ease of use (PEOU, [14]), which can be operationalized as a single
item measure. PEOU has indeed been frequently used in automated vehicle research (e.g., [15–23]).
The technology acceptance model [14] incorporates external factors (e.g., training), which directly
influence PEOU. Consequently, ease of use should increase with more system experience. A study
by Karahanna and Straub [24] on acceptance of e-mail systems, however, contradicts the assumption
that training affects PEOU. Due to contradictory evidence, the present study investigates the effect of
repeated exposure to an automated driving HMI on PEOU. Transitions from L0 to automated driving
mode (e.g., L2, L3) are expected to show a strong effect over time. In contrast, user-initiated transitions
to L0 should not show a comparable effect, since learning about the interaction has already occurred
during the activation. Therefore, one aim of the present work is to investigate diagnostic measures
(i.e., PEOU) regarding the influence of (1) repeated interaction and (2) use case specificity.
1.2. Judgment Calibration
Moreover, the present study examined the role of feedback about interaction performance
on diagnostic self-report measures. The coupling of ADAS and driving automation increases the
complexity of these systems. As a consequence, users face high demands when operating these
for the first time [13,25]. Simultaneously, all users of ADS must be considered as novices when
facing such an emerging technology [26]. Support for this assumption comes from studies on
system understanding and mental models of driving automation [25,27]. The understanding of
system and HMI functionality tends to be quite inaccurate before and after only one brief system
exposure [25]. These two conditions—high system complexity and an inaccurate mental model as a
novice user—pose a threat to the validity of diagnostic measures in automated driving development.
If users of driving automation systems are not aware that their interaction did not follow the designer’s
intent [28], they might consider it as easy to use. In contrast, from a designer’s perspective they had
not shown error-free interaction. One example might be that users who try to activate an L3 ADS
erroneously activate L2 driving automation. Without sufficient understanding of the HMI, they might
still assume a successful interaction and report high ease of use. Users’ judgments thus might not
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align with what happened in reality. This happens frequently when observing attitude-behavior
dissociations [29]. Dissociations between attitude and behavior have been reported in workload
research [30]. While behavioral parameters of workload (e.g., pupil diameter) show high workload,
under certain circumstances participants report low workload. Similar observations have been reported
for attitudinal and behavioral parameters in usability studies [9,31].
Calibration research assumes that varying conditions under which judgments are made lead to
different fits of these with the operator’s actual performance [32]. Such calibration effects are closely
linked to self-regulatory mechanisms [33]. Self-reported judgments depend on feedback loops that
provide necessary information about the status of one’s knowledge and strategies. The present work
draws on the question and the effects of anchoring mechanisms from which judgments are made.
More than four decades ago, Tversky and Kahnemann [34] have investigated humans’ judgments
under uncertainty. They showed that people tend to estimate their performance in accordance to an
initial value. However, driving automation users cannot have a realistic initial value of interaction
performance besides their self-observation of time on task. Hence, their reported ease of use might be
biased. Interacting with a system where only button presses while driving are necessary could seem
comparably effortless. Even major problems from a designer’s perspective might not be obvious to the
users thus biasing their initial estimation towards a positive value. From that, we assume that novice
users do not exactly know whether and/or how well their interaction proceeded in accordance with the
HMI designer’s intent. Calibrating effects for ease of use judgments should therefore be present when
users are provided with information about their performance.
Calibrating users’ judgments in the automation domain up to now has mainly been investigated
for trust in automation [35,36]. By investigating calibration for ease of use judgments, this work
expands existing evidence of calibration in automated driving. It is important to mention that there is
a close link between trust in automation and ease of use as suggested by Lee and See [37]. This also
points towards investigations of calibrating ease of use judgments. With the present study, we aim
to find out about different manifestations of PEOU judgments under different conditions regarding
feedback loops (i.e., additional feedback vs. no feedback). If presented with feedback, users should be
able to recognize whether and to what degree a trial was error-free or not and consequently adapt their
PEOU ratings.
1.3. Objective and Hypotheses
From prior research and the considerations outlined above, the present work aims at an examination
of ease of use judgments in automated driving. It shall be noted here that the present work focuses
on the circumstances that might influence ease of use judgment. It shall provide researchers and
practitioners with methodological insights into how such diagnostic measurements might manifest
depending on study design. This work does explicitly not try to establish a method that researchers
have to apply in future research settings. On the contrary, its goal is to provide a set of methodological
possibilities (e.g., repetition, use cases, feedback) for research settings that lead to different outcomes of
this dependent measure. Depending on each specific study purpose, researchers can draw from the
present work for study design when it comes to ease of use judgments. The following hypotheses
are derived:
Hypothesis 1. Perceived ease of use increases over time.
Hypothesis 2. Perceived ease of use shows use case specific patterns.
Hypothesis 3. There is a calibrating effect of feedback on perceived ease of use. By providing feedback, perceived
ease of use decreases.
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2. Materials and Methods
2.1. Driving Simulation
The study was conducted in a high-fidelity moving-base driving simulator (see Figure 1a).
The integrated vehicle’s console contained all the necessary instrumentation and was identical to a
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2.2. Driving
Driving Automation
Automation and
and Human–Machine
Human–Machine Interface
Interface
As soon as the driver activated the respective function, it carried out longitudinal and lateral
As soon as the driver activated the respective function, it carried out longitudinal and lateral
vehicle guidance. The graphical HMI in the instrument cluster showed the vehicle and its surroundings
vehicle
guidance. The graphical HMI in the instrument cluster showed the vehicle and its
in both L2 and L3 automated driving. It resembled a combination of adaptive cruise control and
surroundings in both L2 and L3 automated driving. It resembled a combination of adaptive cruise
additional steering assistance [39]. Additionally, a light strip coronal on the steering wheel was colored
control and additional steering assistance [39]. Additionally, a light strip coronal on the steering
in blue during active L3 automation. Only limited segments were colored in green for active L2
wheel was colored in blue during active L3 automation. Only limited segments were colored in green
automation. The present HMI constitutes a representative solution for an ADS due to the conceptual
for active L2 automation. The present HMI constitutes a representative solution for an ADS due to
similarity to solutions in prior research (see e.g., [15,40]). The L2 and L3 vehicle surroundings differed in
the conceptual similarity to solutions in prior research (see e.g., [15,40]). The L2 and L3 vehicle
(1) their informational content (i.e., higher level of detail in L3: visibility of adjacent lanes and vehicles)
surroundings differed in (1) their informational content (i.e., higher level of detail in L3: visibility of
and (2) their perspective (i.e., larger field of view in L3). An activated L2 automation was colored in
adjacent lanes and vehicles) and (2) their perspective (i.e., larger field of view in L3). An activated L2
green while an activated L3 automation was colored in blue. The system functions could be activated
automation was colored in green while an activated L3 automation was colored in blue. The system
with a button on the left side of the steering wheel for both levels of automation. The input device
functions could be activated with a button on the left side of the steering wheel for both levels of
included three more buttons (e.g., set speed). A rocker switch served for the adjustment of cruising
automation. The input device included three more buttons (e.g., set speed). A rocker switch served
speed. Activation of the L2 driving automation was possible without any restrictions. For the L3 ADS,
for the adjustment of cruising speed. Activation of the L2 driving automation was possible without
however, there were several activation barriers [1]. These were (1) availability of the ADS, (2) velocity
any restrictions. For the L3 ADS, however, there were several activation barriers [1]. These were (1)
below 130 km/h and (3) lane keeping within a certain lateral margin. To complete a transition from L0
availability of the ADS, (2) velocity below 130 km/h and (3) lane keeping within a certain lateral
to L3, drivers had to ensure that current speed was at 130 km/h or lower, keep the vehicle central in the
margin. To complete a transition from L0 to L3, drivers had to ensure that current speed was at 130
current lane and check whether the ADS was available or not. The availability was indicated through
km/h or lower, keep the vehicle central in the current lane and check whether the ADS was available
an icon on the left side of the instrument cluster. The icon was the same as the L3 ADS button on the
or not. The availability was indicated through an icon on the left side of the instrument cluster. The
steering wheel. There was no auditory indication for a successful control transition.
icon was the same as the L3 ADS button on the steering wheel. There was no auditory indication for
a successful
control
transition.
2.3.
Design and
Procedure
The study
employed a 2 × 5 mixed within-between design. The within-subject factor “time of
2.3. Design
and Procedure
measurement” had five levels from the first to the fifth block of use cases. The between-subjects factor
The study employed a 2 × 5 mixed within-between design. The within-subject factor “time of
measurement” had five levels from the first to the fifth block of use cases. The between-subjects factor
“feedback” had two levels where participants either received the experimenter’s rating of interaction
quality after each use case (condition “additional feedback”, n = 27) or not (condition “no feedback”,
n = 28). Participants were randomly assigned to the between-subjects factor.
The present approach employed a five-point rating scale for user feedback. Table 1 outlines the
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“feedback” had two levels where participants either received the experimenter’s rating of interaction
quality after each use case (condition “additional feedback”, n = 27) or not (condition “no feedback”,
n = 28). Participants were randomly assigned to the between-subjects factor.
The present approach employed a five-point rating scale for user feedback. Table 1 outlines the
experimenter rating that was reported to participants. Possible errors during interaction led to an
increase in the experimenter rating indicating poorer performance. As there were 5 buttons on the
input element plus an additional rocker switch, each erroneous input that did not result in the required
control transition was counted as an error (see also [13]). Furthermore, there was the possibility to push
the correct button (e.g., L3 ADS) without the transition being executed by the system if availability
was not given. Such interactions were also counted as errors. Moreover, strong lane deviations due
to extensive correction of erroneous inputs and glance allocation away from the road towards the
in-vehicle HMI led to assignments of category four (i.e., massive errors). The experimenter rated
interactions immediately after each use case. Prior to the experimental procedure, the five categories
had been adapted specifically to each use case. Thus, the generic categories led to specific descriptions
of behavior for each category and use case (see description above). For simplification purposes,
Table 1 only provides the generic descriptions. A possibility for an error in UC2 (L0 to L2) is the
following scenario:
The driver erroneously pushes the L3 ADS button. Receiving information from the visual HMI that the
L3 ADS was not available, he/she repeats the input. Noticing that this operating path cannot be correct, he/she
tries pushing other buttons. Due to high visual workload he/she drifts from the central lane position towards the
adjacent lane and has to steer back to the initial lane. Shifting back to the control transition he/she pushes the
correct operating element and eventually the HMI indicates active L2 automation.
Table 1. Experimenter rating with label and description.
Category

Value

Description

No problem

1

Quick processing

Hesitation

2

Independent solution without errors
But: hesitation, very conscious operating and full concentration

3

Independent solution without or with minor errors which were
corrected confidently
But: longer pauses for reflection
Evaluation of potential operating steps

Massive errors

4

One or multiple errors
Clearly impaired operation flow
Excessive correction of errors
No help of experimenter necessary

Help of experimenter

5

Multiple errors
Massive errors require to restart task
Help of experimenter necessary

Minor errors

Prior to the drive, the experimenter outlined the procedure and explained that participants would
encounter two automated systems (i.e., L2, L3). The subsequent experimental drive included five
blocks of six interactions each between the driver and the driving automation. After each block,
participants completed the block inquiry. Participants started operational actions for the respective use
case upon request given by the experimenter. A use case lasted up to 60 s. After successful completion,
the experimenter waited for 20 more seconds before conducting the use case specific inquiry where
PEOU ratings were collected. Subsequent to the UC specific inquiry the experimenter waited at least
another 30 s before proceeding to the next UC. The experimental drive on a three-lane highway with
low to medium traffic density lasted approximately 60 min. There were no external factors such as
a slow car ahead or a highway intersection that could have served as an indicator for an upcoming
control transition. During transitions of control there was a small number of vehicles on the road with
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an average of 150 km/h on the center lane and an average of 180 km/h on the left lane. Vehicles on the
right lane drove with an average of 130 km/h.
2.4. Use Cases
The present experiment included driver-initiated transitions between L0, L2, and L3 automated
driving [41]. These six resulting use cases with the transition type, automation level at use case
initiation, target automation level and use case numbering are shown in Table 2. The motivations
for such transitions by users are (1) activating higher automation levels to be relieved of parts of the
driving or supervising task (UCs 1, 4, 3), (2) driving themselves for the pleasure of driving (UCs 2, 6)
and (3) choosing a higher speed or deactivating certain functionalities [41]. To counteract potential
sequential effects, participants were randomly assigned to one of six possible block sequences that were
created using a Latin square. Each block consisted of six interactions. To standardize the instructions,
we recorded samples for each use case that were triggered by the experimenter. To operationalize
system availability, use cases with a transition to L3 (i.e., UC1 and UC4) additionally included a 10-s
delay between the experimenter’s instruction and the availability of the L3 ADS. Within this 10-s
window, the L3 ADS could not be activated.
Table 2. Overview of use cases for one experimental block.
Transition Type
Upward
transition

Downward
transition

Scenario

ADS level at UC Initiation

ADS Target Level

UC Number

Activation L3

L0

L3

1

Activation L3

L2

L3

4

Activation L2

L0

L2

3

Deactivation L3

L3

L0

2

Deactivation L3

L3

L2

5

Deactivation L2

L2

L0

6

2.5. Dependent Variables
The dependent variable was PEOU. Having completed the respective UC and having received
feedback on the interaction (or not), participants reported difficulty on a 7-point Likert scale from 1
(“very easy”) via 4 (“neither nor”) to 7 (“very difficult”). The item read “How easy or difficult was
the last use case?”. Time on task was used as a manipulation check since it represents an indicator
of the “big three” interaction measures [42] and has revealed positive results regarding applicability
in human–automation interaction [13]. Time on task was assessed as the time from the onset of the
experimenter instruction until the use case was solved. A use case was counted as successfully solved
if the target system state (i.e., L0, L2, L3) was active for at least five seconds without unintended
deactivations or interruptions. Wickens et al. [42] describe the role of feedback as a form of training.
Thus, ease of use might rather be facilitated by differences in interaction performance than by feedback
itself. To control for potential influences of differences in interaction behavior that impact PEOU,
we additionally investigated the main and interaction effects of feedback on time on task.
2.6. Sample
A total of N = 59 participants took part in the driving simulation experiment. N = 2 drop-outs
occurred due to simulator sickness and n = 2 incomplete data sets were recorded. This left N = 55
(14 female, 41 male) participants for data analysis. The mean age of the final sample was 31.64 years
(SD = 9.97, MAX = 62, MIN = 20). All participants were BMW Group employees, held a German
driver’s license and had normal or corrected to normal vision.
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3. Results
3.1. Manipulation Check: Time on Task
Mauchly’s test of sphericity revealed statistically significant effects for all factors (see Table 3).
Therefore, degrees of freedom were adjusted after Greenhouse–Geisser. The manipulation check
applied a 2 × 5 × 6 (feedback × time of measurement x use case) mixed within-between ANOVA.
Inferential results for time on task (see Table 4) showed significant main effects for time of measurement
and use case. These results indicate that participants’ performance improved over time and differed
between use cases. The UC difference lies in the nature of the UC design. While the transition from L0 to
L2 could be completed within 5–10 s after repeated exposure (see UC3 and UC5 in Figure 2), transitions
to L3 lasted between 15 and 20 s. There is a 10-s window where the ADS was not available and therefore
shorter time on task was not possible (see section Use Cases). The significant interaction between
use case and time of measurement points towards different demands in the use cases. While there
was no performance improvements in transitions to L0 (i.e., UC2, UC6), the interaction performance
improved for transitions between levels of automation. There was no significant main or interaction
effect of feedback present. The manipulation check thus supports the assumption that the experimental
manipulation did not directly affect the interaction performance. Figure 2 shows the results of time
on task for the use cases by time of measurement and feedback condition. The plots show that in
single interactions such as UC1 block 1 and UC 3 block 1 there was a tendency towards differences in
interaction performance between the two feedback conditions.
Table 3. Mauchly-test statistics of sphericity assumption for time on task.
Effect

Approx. X2

df

p

Time of measurement

82.002

9

<0.001

Use case

100.439

14

<0.001

Time of measurement × Use case

1235.381

209

<0.001

Table 4. Inferential statistics (i.e., F, df1, df2, p, ηp 2 —value) of time on task.
Effect

F

df1

df2

p

ηp 2

Time of measurement

73.630

2.177

123.278

<0.001

0.581

Use case

103.203

3.580

189.754

<0.001

0.661

Feedback

0.832

1

53

0.366

0.015

Time of measurement × Feedback

0.588

2.177

123.278

0.571

0.011

Use case × Feedback

0.342

3.580

189.754

0.829

0.006

Time of measurement × Use case

8.305

4.501

238.556

<0.001

0.135

Time of measurement × Use case × Feedback

2.250

4.501

238.556

0.057

0.041

Use case
103.203 3.580 189.754 <.001 .661
Feedback
0.832
1
53
.366 .015
Time of measurement × Feedback
0.588 2.177 123.278 .571 .011
Use case × Feedback
0.342 3.580 189.754 .829 .006
Time
of measurement
× Use case
8.305 4.501 238.556 <.001 .135
Multimodal Technol. Interact.
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of were
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wereafter
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× time
6 (feedback
× time of
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statistics
measurement × use case) mixed within-between ANOVA was conducted for perceived ease of use.
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revealed
significant
effects for time
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useperceived
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specific
of
was
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The main
effects indicate
ease
of usetransitions
depends on
control as well as on the number of times that participants had completed the use case. In addition,
there were two significant two-way interactions between use case and feedback as well as between
time of measurement and use case. The test statistics are reported in Table 6. With two significant
two-way interactions, the significant main effects cannot be interpreted. The significant interaction
between use case and feedback indicates that there is an effect of feedback on perceived ease of use
ratings which depends on the respective use case. The transitions to L0 showed ratings on a very high
level overall, with only small variation and no difference between the two experimental conditions.
These use cases are perceived as effortless from the first time of measurement. Furthermore, UCs 1, 4,
and 5 exhibited a tendency towards decreased ease of use ratings in the feedback condition. This result
means that when participants received feedback on their interaction performance, their ratings became
more conservative in terms of lower ease of use. In contrast, UC3 led to higher self-reported ease
of use in the feedback condition. Thus, participants who received feedback about their interaction
quality tended to rate the interaction as more effortless compared to the group with no feedback.
The interaction between time of measurement and use case indicates that perceived ease of use depends
on the time of measurement, which is in turn different between the use cases. While ease of use ratings
increased towards higher ratings with rising experience in UCs 1, 3, 4, and 5, this trend over time was
not apparent in transitions to L0 (UC2, UC6). The transitions to L2 automation (i.e., UC3, UC5) showed
a steep increase in ease of use ratings from the first to the second time of measurement while a more
gradual increase was observed for transitions to L3 automation (i.e., UC1, UC4).

indicates that perceived ease of use depends on the time of measurement, which is in turn different
between the use cases. While ease of use ratings increased towards higher ratings with rising
experience in UCs 1, 3, 4, and 5, this trend over time was not apparent in transitions to L0 (UC2, UC6).
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Figure 3. Means and standard errors for difficulty ratings in the 6 use cases by time of measurement
(x-axis) and feedback condition (blue:
(blue: additional feedback; red: no feedback).
Table 5. Mauchly-test statistics of sphericity assumption for perceived ease of use.
Table 5. Mauchly-test statistics of sphericity assumption for perceived ease of use
p
Approx.
X2 df df p
Approx. Χ²
49.001
9 9<0.001<0.001
49.001

EffectEffect
Time
of measurement
Time of
measurement
Use case
Use case
Time of measurement × Use case

48.367
48.367
567.343

Time of measurement × Use case

567.343

14 <0.001
14
<0.001
209 <0.001

<0.001

209

Table 6. Inferential statistics (i.e., F, df1, df2, p, ηp² -value) of perceived ease of use.
Table 6. Inferential statistics (i.e., F, df1, df2, p, ηp 2 -value) of perceived ease of use.
Effect

Time of measurement
Effect

F

F 49.231

Use case
23.717
Time of measurement
49.231
Feedback
0.725
Time
of measurement × Feedback 23.717
1.601
Use case
Use case × Feedback
4.529

df1
2.685
df1
3.869
2.685
1
2.685
3.869
3.869

df2
p
142.281
df2 <.001
205.076 <.001
142.281.398
53
142.281
205.076.372
205.076 <.01

ηp²
.482
p
.309
<0.001
.013
.019
<0.001
.079

0.398

0.013

1

53

ηp 2
0.482
0.309

Feedback

0.725

Time of measurement × Feedback

1.601

2.685

142.281

0.372

0.019

Use case × Feedback

4.529

3.869

205.076

<0.01

0.079

Time of measurement × Use case

8.660

8.200

434.589

<0.001

0.140

Time of measurement × Use case × Feedback

0.961

8.200

434.589

0.467

0.018

4. Discussion
The present study examined the effect of operator performance feedback on PEOU in the context
of automated driving. In a driving simulator study, N = 55 participants completed several transitions
between levels of driving automation. One part of the participants received standardized feedback on
their performance while the other part did not. To find out about the effects of time of measurement,
use case and feedback, participants answered a single-item question on PEOU after having successfully
completed each use case. The results revealed that feedback facilitates PEOU in a use case specific
manner. Transitions to L0 were considered as very easy independently from the experimental
conditions. In contrast, transitions between automation levels were affected by the feedback condition.
This indicates that there is a calibrating effect of feedback for diagnostic measures. The following
section discusses and explains the results found above and derives implications regarding time of
measurement, use case and the provision of feedback.
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4.1. Effect of Feedback on Interaction Performance
The results did not show an effect of feedback on actual interaction performance operationalized
through the time on task. This result is not in line with considerations about training effects through
feedback by Wickens et al. [42]. One possible explanation is that the feedback in this study was
provided after the interaction and not concurrently. The temporal course of interaction and subsequent
feedback makes it impossible for participants to be able to connect the feedback with actual operating
behavior. Furthermore, the experimenter only provided generic category names and did not specifically
report why the respective rating was assigned. Therefore, participants could not directly infer which
issues in interaction were still present and adapt their behavior accordingly. Only if a participant could
not solve a use case and the experimenter had to explain the correct operating path (i.e., category 5,
see Table 1) did participants receive specific instructions. From the independence of the interaction
performance from feedback, we conclude that there is a direct link between feedback and diagnostic
measures. Thus, valid conclusions for the analysis of the main and interaction effects of feedback on
perceived ease of use can be drawn.
4.2. Change Over Time and UC Specificity
The significant main and interaction effect of time of measurement (see Table 6 and Figure 3)
corroborates considerations of the technology acceptance model that repeated interaction increases
ease of use [14]. Thus, hypothesis 1 is confirmed. The present results do not support observations by
Karahanna and Straub [24], who did not find an effect of training on PEOU. Especially first contacts
(i.e., Block 1) showed a trend towards the “difficult” end of the scale, while subsequent ratings aligned
towards the upper end (i.e., “easy”). User studies on novel technologies in general and on automated
driving in particular often investigate short term usage only. In an applied setting on automated vehicle
HMIs, Frison et al. [21] report close to average ease of use ratings. However, with experimental drives
lasting only 10 min, subsequent improvements in ease of use might be possible. In contrast, a study
by Large et al. [23] deliberately trained participants until they assumed competence in operating the
interface. Thus, the authors ensured that differences between conceptual approaches are not only
present at initial operations but also hold true for more skilled users.
In general, a trend towards the “very easy” end of the 7-point Likert scale could be observed and it
seems that a ceiling effect was present here. This was especially evident for transitions to L0 (i.e., UC2,
UC6), where no change over time was evident (see Figure 3). This result supports the considerations on
use case specificity of learning effects [43] and confirms hypothesis 2. As a consequence, only a small
diagnostic benefit can be drawn from use cases with driver-initiated transitions to L0. This suggests
that future studies investigating human–automation interaction for do not need to consider these use
cases closely but should rather focus on transitions towards levels of automation. When researchers
aim at finding issues in operating an ADS, driver-initiated transitions to different levels of driving
automation can bring diagnostic benefit.
4.3. Calibrating Effects of Feedback
The present study’s aim was to show that different judgments arise when the performance
feedback loop is closed. The present results did not show a main effect of feedback on PEOU. However,
in interaction with use case, there was a significant effect on PEOU (see Table 6). These results highlight
the use case specificity (see [43]) that was also apparent for the time of measurement factor. It means
that there is an effect of feedback on the calibration of PEOU in a sense that participants provided
more conservative ratings when they receive feedback compared to when they do not receive any
feedback. This effect, however, depends on the specific transition and is not apparent in transitions to
L0, where a ceiling effect was present in both groups. To be more specific, UC1, UC4, and UC5 tended
to lead to more conservative PEOU ratings in the feedback condition. In the light of the manipulation
check of actual interaction performance, differences in PEOU between feedback conditions are limited
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to certain interactions (see e.g., UC3 block 1, Figure 2). Thus, the result of higher PEOU judgments
observed in UC3 with additional feedback cannot be interpreted insofar as the feedback itself led to this
observation, but it is rather due to the interaction performance. Besides these restrictions, the significant
interaction effect between performance feedback and use case highlights the calibrating role of feedback
for self-reported diagnostic measures. Hypothesis 3 is thus partly confirmed. Feedback influenced
PEOU such that participants gave more conservative judgments tending towards the “difficult” end
of the scale and the ceiling effect was mitigated. These results support prior considerations on the
calibrating role of feedback. However, in comparison to calibrating effects of feedback on trust in
automation (e.g., [35,36]) the influence is not as pervasive in the present study. The observation of
feedback influencing ease of use is also in accordance with the trust model by Lee and See [37] which
proclaims a link between the attitudes of trust and ease of use.
In an applied context of HMI testing in user studies, there are many examples reporting high
ease of use (see e.g., [15,20,22]) even in first contacts. These results certainly give an important
insight into participants’ subjective evaluation, namely that they perceive interaction as considerably
effortless. However, the interpretation of these observations needs to carefully incorporate the notion
that potentially more conservative estimates might have been present if users had known about
potential errors.
To novice users [26], the interface design might seem comparably simple including buttons on
a steering wheel and a display in the instrument cluster. However, automated vehicle HMIs are
considerably complex and it is likely that users cannot recognize this at the first glance. Therefore, only
scratching the surface with their interaction might seem simple if one is not aware of system limitations
and ODD restrictions. Errors in interaction with the automated vehicle’s interface might thus not
be integrated into a larger picture of system states, HMI displays and traffic conditions. This might
consequentially lead to judgments that are on the one hand subjectively true for the user but on the
other hand seem unreasonable to the HMI designer. By providing feedback that there actually was an
error (e.g., category 3, see Table 1), users are more likely to recognize the degree of deviation from
error-free interaction. The degree of uncertainty about interaction performance decreases due to
feedback [34] and an anchor for realistic judgments is provided.
Overall, absolute judgments in the feedback conditions were still recorded with a considerable
alignment towards the upper end of the PEOU scale. The present HMI solution in essence
contained two buttons and a graphical interface in the instrument cluster. Therefore, with more
available levels of driving automation and ADAS (e.g., Adaptive Cruise Control, Speed Limiter),
PEOU ratings are expected to shift towards the lower end of the PEOU continuum. The present
work supports considerations about the validity of self-report measures on the use case level [9].
The obtained results indicate that study designs of automated vehicle HMIs can benefit from feedback
on operator performance if researchers aim at a more conservative and/or realistic evaluation of
human–machine interfaces.
In regard to methodology development and standardization in the driving automation domain,
this work contributes insofar as it outlines an additional possible procedure. Despite following the
human-centered design approach for HMI design, system functionality might still lead to considerably
complex interfaces. Especially in these instances, such a procedure could be applied. As outlined
before, users struggle with giving confident estimates as long as they are uncertain about their actions
and the HMI’s conceptualization. It might also be possible operationalize feedback differently than
the present experimenter rating on a scale from one to five. If users could not solve the use case by
themselves, the experimenter explained the correct operating path. Such explanations about users’
actions including information about one or multiple errors during operational inputs could as well be
provided independent from the rating category.
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4.4. Limitations and Future Research
This study comes with limitations and opportunities for future research. The experiment only
included a restricted number of use cases from the catalogue by Naujoks et al. [41] as well as
automation levels. Future HMI concepts for automated driving may also incorporate L1 (both lateral
and longitudinal) functionality as well as customizable solutions for specifying automation functionality
(e.g., setting speed, lateral offset).
Future conceptual approaches might consider providing feedback via different modalities.
Conceivable approaches are displaying performance through a visual display or auditory tones. Thus,
feedback on operator performance could be embedded within the existing HMI concept. Furthermore,
the use cases were restricted to driver-initiated control transitions and left out system-initiated
transitions such as take-over requests (for an overview see e.g., [44]).
Concerning feedback, future research is necessary to find out about these effects under
circumstances where PEOU ratings are more distributed across the applied scale. Since a ceiling
effect occurred in the present study, the effect of feedback on more scale-centered ratings is yet to be
investigated. In addition, a wider range of dependent variables such as usefulness [14] or single-items
on perceived usability [45] might be influenced by feedback and should be investigated for this effect.
The present research specifically examined the effect of operator feedback for the calibration of
ease of use judgments. This marks a first step going beyond calibrating effects in automation trust.
However, there remain important research areas such as mode awareness [8] or mental models [27]
where the role of feedback remains unknown.
4.5. Conclusions
The present study provides three core findings. First, the observation that PEOU changes over
time implies that initial measurements give the most conservative estimate of an HMI’s ease of use.
Concerning repeated exposure, we conclude that only limited diagnostic insights can be drawn from
trained users (e.g., after 5th repetition of UC). However, the subsequent tendency towards the upper
end shows that repeated measurements are necessary to also make statements about an HMI’s ease
of use when more experienced users are regarded. The repeated measure approach also bears the
advantage to make estimations about the magnitude of learning from the first to the second contact.
Second, the use case specificity indicates that transitions to an automated mode are of higher
importance than transitions to manual. These use cases seem to put higher demands on the users
in terms of HMI operation and understanding thereof. To derive a more comprehensive image of
an automated vehicle HMI, transitions to automated mode should be completed twice within an
HMI evaluation. Concerning use case specificity, we conclude that simple interaction scenarios
(e.g., UC2, UC6) do not provide substantial insights into issues of HMI design. In contrast, activation of
driving automation systems and changes between levels of driving automation provide more valuable
directions for future development.
Eventually, researchers and practitioners should acknowledge that users’ perception can differ
from what the experimenter actually observes during the interaction. In the present case, we observed
this as a dependency of PEOU on the information about performance (i.e., feedback versus no feedback).
The present study does not raise the claim that one approach is superior compared to the other. It rather
points out that researcher will obtain different results when applying one or the other method. If one
does not provide feedback, he/she leaves users with judgments under uncertainty [34] thus potentially
leading to stronger ceiling effects. Furthermore, the discrepancy between actual performance and
self-reported ease of use might be larger giving a more heterogeneous picture of the automated
vehicle’s HMI. In comparison, calibrated judgments provide a more homogeneous picture when
it comes to relating behavioral and self-report measures [9,31]. While on the one hand, this bears
the possibility to better infer behavior from self-report data and vice versa, on the other hand a
metric that is influenced by feedback might be diluted and does not reflect future users’ unswayed
attitude towards the system and its HMI. Here, it is important to mention that the present work does
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not suggest that by providing feedback, the necessity to collect behavioral measures (e.g., time on
task, error rate, gaze metrics) becomes obsolete. On the contrary, we explicitly demand researchers
to investigate human-automation interaction by means of both sources of data to derive a holistic
conclusion. This work, however, points out that the link between behavior and attitude might be
moderated by self-regulatory processes [33]. If one observes such ceiling effects in self-reports when
evaluating emerging technologies, these might be counteracted through closing the feedback gap.
User studies usually do not include additional provision of feedback as this procedure requires a
highly-trained and fast rater that is well-informed about the HMI. It is therefore debatable whether to
include such a procedure into user studies. Another possibility to make participants more sensitive
to HMI operation is user education. Here, information on correct and incorrect operational actions
is provided before rather than after interaction as in the present study. Therefore, the present study
supports the existence of calibrating effects on PEOU when closing attitude-behavior feedback loops
ex post. This feedback loop might also be closed ex ante by means of educating users of driving
automation technology so that they could classify their operational behavior within a larger set of
interaction behavior possibilities. There are already first efforts towards developing and testing user
education approaches for automated driving [46–48]. These procedures should be investigated closely
in regard to calibration effects and can be implemented efficiently into study designs.
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