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ABSTRACT

System reliability promotes trust, but may also impair human monitoring performance and in turn affects trust. This effect
varies across different errors. This study examined the effect of automation reliability (100%, 75%, and 50%) and its framing

(negative and positive description of reliability), and error bias (false alarm and miss) on user trust and its related factors in the

automated driving system (ADS). Each participant completed 16 trials with human-vehicle collaboration task in a static driving

simulator. The results showed that ADS with higher reliability positively impact user trust, but negatively impact situation
awareness. Users' trust was higher in false alarm (FA) events than in miss events, but task success and situation awareness were
higher in miss events. This study revealed an unusual negative correlation between trust and situational awareness in human-

vehicle collaboration and provided possible insights into the internal factors of error bias in automation. Our finding has

implications for reliability disclosure strategies and trust calibration.

1 | Introduction

Automated technologies involved in the vehicle industry is
an inevitable trend for the future, as automated driving sys-
tem (ADS) can reduce congestion, reduce driver's fatigue,
improve road safety, and increase fuel efficiency (Daziano
et al. 2017; Fagnant and Kockelman 2015). Sharing respon-
sibility for vehicle control with the system also allows the
driver to use the travel time for non-driving-related tasks
(NDRTs) (Fagnant and Kockelman 2015). However, many
users may harbor distrust based on their preconceived
notions or news coverage of ADS failures (Shi et al. 2021),
and it may subsequently lead to the disuse of part or all of the
functions of the automation (Parasuraman and Riley 1997).
Cases of ADS errors may affect user trust and use of ADS, and
a key factor in this human-vehicle interaction is the auto-
mation reliability and the variables that may be associated
with it (Mishler and Chen 2023).

The issue of reliability is of particular interest in the context of
advanced automation. Previous studies have examined the
effect of automation reliability on trust, suggesting that an
increase in automation reliability leads to increased users' trust
or reliance (Large et al. 2019; Mishler and Chen 2023), but may
seriously impair their ability to monitor effectively, further
affecting the human-automation trust relationship (Bailey and
Scerbo 2007). And users are not sensitive to system reliability if
there is no accurate description or feedback about it (Wang
et al. 2009), especially when the system does not misses but
makes false alarm, as false alarm (FA) and miss affect trust
through two independent processes, and automation FAs may
be more damaging than misses (Bliss and Acton 2003;
Meyer 2001). An exploratory driving simulation experiment was
conducted in this study, with several levels of reliability,
description framings for reliability level, and error bias events
simulating different driving scenarios to examine how user trust
varies when collaborating with the ADS.
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1.1 | Trust in Automation

Trust in automation refers to human trust in automation sys-
tem, which depends on the performance, process, or purpose of
an automated system (Lee and Moray 1992), and determines
automation usage. Inappropriate trust in automation may lead
to misuse, disuse, and abuse of automation (Parasuraman and
Riley 1997). Lee and See (2004) arguably provide one of the
most comprehensive descriptions to elucidate the role of trust in
automation and propose a method for defining appropriate trust
in automation which emphasizes that overtrust and distrust are
all poor calibrations in which trust does not match the system
capabilities. That means, with interaction, humans can under-
stand the capabilities and limitations of the system and calibrate
their trust accordingly (Parasuraman and Riley 1997).

The current study applied this concept of human trust in ADS,
where the driver should trust that the vehicle will respond to
unpredictable hazards exactly as it is programmed to do.
Drivers can learn over time via interacting with ADS about its
capabilities and calibrate their trust accordingly. In this pro-
cess, automation errors are one of the most influential factors
affecting trust, usually depending on error frequency, pre-
dictability, and severity. For minor automation errors, trust
decrement might be small and inconsequential (Beggiato
et al. 2015; Mishler and Chen 2023). Major or serious auto-
mation errors like those that cause vehicles to crash would be
much more potent (de Visser et al. 2018). The decline of trust
may prompt drivers to ignore or disable ADS if the driver trust
does not recover from the decline, which is a direct conse-
quence of mistrust and could hurt the performance of the
entire human-vehicle team (Bliss and Acton 2003). Extensive
evidence suggests that understanding the dimensions of trust
in ADS will enable designers to create systems that maximize
human-vehicle collaboration and thus improve road safety in
the future.

How to measure trust in automation is also a key topic. In
experimental studies in aviation automation, trust is usually
measured through two behaviors: compliance (operator
responds to an automation alert) and reliance (operator
responds to an automation non-alert) (Chavaillaz et al. 2016;
Dixon and Wickens 2006; Johnson et al. 2004). Such mea-
surements can be employed in warning systems that allow
human behavior to be evaluated in a single trial (Holthausen
et al. 2020). In automated driving contexts, some of the driver
behaviors in ADS cannot be simply classified as whether or
not the driver is responding to the automation alerts. In some
empirical studies that examined driver trust in ADS, physi-
ological (such as pupil dilation (Stapel et al. 2022), galvanic
skin response (Morris et al. 2017), and eye-tracking (Hergeth
et al. 2016)) or psychological (such as variability of mental
model (Beggiato et al. 2015)) measurements have been pro-
posed, leading to diverse results. It remains unclear how valid
physiology or psychology is over a longer period of time,
aggregated over repeated events. There are also studies that
used situation awareness (SA) and perceived reliability (PR)
as proximate variables of trust (He et al. 2022; Petersen
et al. 2019; Washburn et al. 2020). Ultimately, the most direct
way to measure trust in ADS is by asking participants via a
standardized or adapted scale. An often-used scale is the

“Trust in Automation Scale” proposed by Jian et al. (2000),
which classified trust into competency, reliability, predict-
ability, and faith. Cramer et al. (2008) proposed a scale con-
taining 12 items, six of which were adapted from Jian et al.
(2000). On the basis of these, Holthausen et al. (2020) deve-
loped the “Situational Trust Scale for Automated Driving”,
which incorporates important elements of Hoff and Bashir
(2015)'s model, such as the driving context's potential risks
and benefits, or the driver's self-efficacy for operating an
automated vehicle. In general, one possibility to evaluate
trust in a specific human-vehicle interaction context might be
the integrating measurements of different dimensions, by
analyzing driving tasks and scenarios.

1.2 | Reliability, Error Bias and Framing

Through a meta-analysis of factors affecting trust in automa-
tion, Hancock et al. (2011) found that reliability is one of the
main factors influencing the development of human trust.
Azevedo-Sa et al. (2021) defined reliability as internal risk and
demonstrated that reliability could influence user trust signifi-
cantly because risk in driving has been discovered to determine
whether trust translates into actual trusting behaviors. Most
work in human-vehicle collaboration has shown that when the
ADS is not very reliable, human collaborators need to react to
and correct malfunctions that occur, and then their trust will
decrease and they rely less on the system (Bailey and
Scerbo 2007; Dixon et al. 2007; Dzindolet et al. 2003) across a
range of driving automation context, including the entire ADS
(Large et al. 2019), crash avoidance systems (Bliss and
Acton 2003), and in-vehicle navigation (R. Ma and Kaber 2007).

When automation fails, it usually produces one of two types of
errors. A FA is an incorrect indication of an event, while a miss
means that an error is not detected (Dixon et al. 2006), col-
lectively referred to as error bias. Previously, it had been
assumed that FAs would hurt overall performance more than
did misses, as well as affecting operator compliance and reli-
ance (Dixon et al. 2007), and persistent or pervasive FAs would
lead to lower operator trust in automation (Dixon et al. 2007;
Johnson et al. 2004). FA are also prone to causing annoyance,
which requires a higher workload and some otherwise
unnecessary actions from human collaborators (Dixon and
Wickens 2006). In fact, these phenomena are all intrinsically
linked. Compliance and reliance as externally visible
responses to trust, and the main difference between them in
human-automation interactions is the absence of cues
(Chancey et al. 2017). FAs are usually accompanied by
perceptually salient events, that is, more noticeable or
memorable errors than misses (Dixon et al. 2007), and also
need more intervention from collaborators, thus, causing a
lower trust in the automated system and true alarms are
ignored, known as the “cry wolf” syndrome (Breznitz 1984;
Parasuraman and Riley 1997). Despite these evidence, it is
important to note that experts may be less receptive to
misses than FAs, as the costs associated with missing a
critical event in a signaling system can be disastrous
(Chancey et al. 2017; Masalonis and Parasuraman 1999). In
human-vehicle collaboration, the impact of these two error
biases remains to be examined.
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User trust is also shaped by any information they receive before
human-automation interaction about the possible error or the
cost of a failure (Groom et al. 2011; Wang et al. 2009). This
information about the reliability of automation is referred to as
framing (Hallahan 1999). Framing helps people negotiate and
interpret interactions appropriately by encouraging the activa-
tion of knowledge structures, or relevant schema (Tannen and
Wallat 1987), and thus accurately match their trust to the actual
level of reliability in the subsequent interactions (Wang
et al. 2009). It has been demonstrated that automation with
framing generated higher evaluations than those without
(Groom et al. 2011; Wang et al. 2009). High framing that
describes the automation as high capabilities generated
more positive evaluations than low framing (Paepcke and
Takayama 2010; Washburn et al. 2020). Notably, Framing
effects also influence human attitudes (Tversky and
Kahneman 1981) - i.e. presenting the same message in a posi-
tive or negative way, people are usually more sensitive to a
negative one, because the negative description suggests possible
losses, while a positive description suggest possible benefit
(Vliegenthart 2012; C. Zhang et al. 2022). This difference will be
more pronounced in high-risk tasks (Tversky and
Kahneman 1981), such as human-vehicle cooperation for
autonomous driving. Because a negative framing implies the
loss of a possible collision, while a positive framing implies the
benefit of just a safe drive.

1.3 | The Current Study

Previous studies have generally suggested that the reliability of
ADS has a significant impact on human trust and that error bias
is a key factor in human-automation collaboration, but none of
them focus on the framing effect in human-vehicle interaction
and adopted these variables as independent variables to ex-
amine the effects of them and analyze their internal factors on
user trust in human-vehicle collaboration. The current study
addresses the gaps in knowledge about automation reliability
and its framing, as well as error bias in driving systems, and
puts a special focus on their interplay by examining trust
development. The primary research question of the current
study was: How do automated driving system reliability and its
framing, and error bias affect user trust? Therefore, we designed
and conducted a simulated driving experiment to investigate
the effects of these three variables on participants' trust in a
simulated driving scenario with human-vehicle collaboration
task. To explore the effects clearly, we excluded variables
unrelated to the collaboration task in the driving scenario to
mitigate participants' cognitive workload. The experiment was
designed with a simple scenario and collaboration task,
involving driving on a low-volume road and encountering a
moving obstacle with unknown intention upon arrival at an
intersection.

In experiment studies of human-vehicle collaboration tasks,
usually, if the system handles the driving task well, the driver is
encouraged to engage in NDRTs (Radlmayr et al. 2014). When a
complex situation arises, the system provides certain information
to the driver, maintains the driver's situational awareness,
or seeks the driver's intervention (Guo et al. 2018; Xing
et al. 2021). In the current study, the basic form of human-vehicle

collaboration was similar to the predecessors. the effects were
examined in specific driving scenarios, encompassing secondary
tasks of NDRTs, and primary tasks of human-vehicle collabora-
tion. Participants’ performance in the collaboration task was
considered to be an intuitive outward sign and objective measure
of trust in the ADS. Also, the scales that participants were asked
to fill out at the end of each collaboration task were used as
subjective measurements of trust.

2 | Materials and Methods
2.1 | Participants

A-priori sample size calculation was performed using G*Power
software (Version 3.1.9.7) (Faul et al. 2007). For an assumed
power of 0.80, alpha of 0.05, and effect size of 0.25, we had a
projected sample size of 30 participants. Therefore, the study
recruited 30 participants from two universities, of which 15 self-
identified as female and 15 as male. 28 participants were stu-
dents (93%) and 2 employees (7%). The ages ranged from 20 to
31 years old, with a mean of 24.7 years (SD = 8.13). All parti-
cipants reported having normal or corrected-to-normal hearing
and vision. No participants had previously experienced driving
simulators. They signed a consent and GDPR form before they
took part in the study and were compensated with a 10-euro
shopping voucher after the study.

2.2 | Apparatus and Stimuli

The experiments were conducted in Germany at the Depart-
ment for Informatics of LMU, using a fixed-base open driving
simulator with three 43-inches display monitors (3840 x 2160
resolution) providing a horizontal field-of-view of approxi-
mately 135°, which display the main driving scenario. The
sampling frequency of the driving simulator is 60 Hz. The
steering wheel, pedals, and gear stick during the experiment
were covered, to eliminate the participants’ sense of driving a
manually driven car (See Figure 1). Participants sat approxi-
mately 120 cm from the primary monitors. A surround audio
system provided the sound of the engine and surrounding
traffic object in the scenario, which was placed under the three
monitors.

The driving scenario of highly ADS in this study was simulated
in Unity 3D (Version 2018.4.14f1) and run on all three monitors
of the driving simulator. In the scenario, there was a 2-lane
urban road with low traffic, about 1.2km long with an inter-
section at the end of the road. Low visibility in foggy conditions
has been found to increase the likelihood of collisions
(Yan et al. 2014). To improve the plausibility of the vehicle
system failures, we set the weather environment to a foggy
day that permitted drivers to spot an obstacle 130 m away.
Accordingly, the automated driving speed (about 60 km/h) was
set slightly below the speed limit of many urban roads. So, the
participants were able to identify the obstacle that could be
reached after about 7 s (i.e., time limit for collaboration tasks on
center console display) at this speed. It took about 65 s for the
vehicle to drive 1.2 km and reach the intersection.
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FIGURE 1 | Experiment environment and setup.

Within the experiment, the participants were seated in the
simulator. On the right-hand side, an additional screen (Mac
Book Pro, 13-inch, M1, 2020) was mounted to simulate the
vehicle center console display, allow participants to participate
in NDRTs, and act as interfaces for collaboration tasks, and was
also used to fill in the scales at the end of each trial. The col-
laborative tasks and NDRTs were created in a web program
created with JavaScript, where participants can interact with
the touchpad and a keyboard.

2.3 | Experimental Tasks

For the participants, each trial in the experiment consisted of
two tasks. The primary collaboration task was that when the
vehicle was about to reach the intersection, the participant
would see the vehicle's status interface zoomed in on the
additional screen (see NDRTs to C in Figure 2). This interface
showed a bird's eye view of the vehicle the participant was
riding in, and provided the following information: road condi-
tions, current charge/gasoline level, current speed, and collab-
oration task information. The collaboration task pop-up in the
middle was translucent, with system detecting information,
driving suggestions, and task countdown. The participant could
choose whether to go straight or to brake by pressing the “up”
or “down” key on the keyboard based on the suggestion on the
pop-up and their own judgment of the scenario.

It is worth noting that unlike the signal system, which only
alerts when it detects an error, the ADS in this study provides
detecting information and driving suggestion on every trial.
And the information and suggestion were always provided
accordingly. That is, If the system detects correctly, it will give
the correct information and the appropriate driving suggestion.
Figure 3 depicts the driving scenarios and the vehicle's status
interfaces when the system is reliable or unreliable for two error
bias events. Regardless of whether the system information was
correct, the collaboration task would be successful as long as the
participant's response was correct. If the collaboration task
succeeds, in FA events, the vehicle would brake at a certain
distance from the pedestrian; in miss events, the vehicle would
drive straight through the empty intersection. If failed, in FA
events, the vehicle would drive into the intersection and have a

‘ Driving Scenario

Center Console Display

minor collision with the pedestrian; in miss events, the vehicle
would brake and stop at the empty intersection for no reason.

The secondary task of NDRT in this study was a word game,
modified from Jarosch et al. (2019)'s study. Participants had to
detect all words beginning with “p” whenever it was presented
on the additional screen by pressing the “space” key, among the
random words beginning with “b,” “q,” “p” and “d.”

After each driving task, participants were asked to fill out three
scales. At the end of all trials, participants would answer several
questions in a short interview related to the experiment to
complement some unclarified parts of the experiment. All
scales and interview outline are presented in Supporting
Information S1: Additional File 1.

2.4 | Experiment Design

A mixed 3 X 2 X 2 design was employed in this study. The level
of reliability was a between-subject factor (high, medium, low).
Error bias event (FA and miss) and framing (positive and
negative) were within-subject factors that appeared in a coun-
terbalanced order in each group. Each participant experienced
16 trials, with 4 repetitions of the crossover of framing condi-
tions and error bias event conditions.

System reliability in the experiment was manipulated across the 3
experimental conditions by varying the percentage of correct
detection and suggestions given by the ADS. Under high-,
medium-, and low-reliability conditions, 100%, 75%, and 50% of
the detection and suggestions were correct, respectively. Evidence
suggests that the lower limit of acceptable automation reliability is
70%-80% (Johnson et al. 2004; Rovira et al. 2014). Thus, setting
these three reliability conditions can represent perfect automation,
acceptable automation, and unacceptable automation. Because
reliability was a between-subject variable, 30 participants were
randomly assigned to 1 of 3 reliability condition groups.

Error bias events refer to driving event that occurs when the
participant is about to reach an intersection in the ADS. For FA
events, there was no pedestrian at the intersection, but the
system could potentially detect a moving obstacle ahead and
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FA Event

Miss Event

Driving scenario

Interface of correct
detection and
suggestion

Interface of
incorrect detection
and suggestion

A moving obstacle and brake.

No obstacle and going straight.

FIGURE 2 | Driving scenarios and the vehicle's status interfaces at the 2nd second of the collaboration task, up to 7 s.

The system has a
absolutely low chance
of driving task failure

Framing reading : 5s

€L Autopilot

Automated driving: 8s

quantity

NDRTs: 52s

Three scales

Subjective evaluation

Task result: 5s

Collaboration task: 0~7s

FIGURE 3 | Procedure for each trial. The front layer of each step are vehicle center console interfaces in the additional screen; the back layer are

the driving scenarios in the driving simulator monitors.

suggest braking. For Miss events, there was a pedestrian on the
side of the road about to cross the road, but the system could
potentially detect no obstacle and suggest going straight. See
Figure 3.

Framing in this study was a description of ADS reliability,
presented on the additional screen at the beginning of each
trial, with two conditions of positive and negative, describing
the chances of success or failure in the primary task. Evidence
suggests that consumer trust in new technologies stems from a

balance of perceived risks and perceived benefits (Ali et al. 2021;
Featherman et al. 2021). The positive framing implies the chance
that the participant will drive safely through the intersection,
while the negative framing implies the chance that the partici-
pant will collide with a pedestrian at the intersection. See Table 1
for further information about framing under three reliability
conditions.

Both error bias and framing were within-subject variables, so
participants were required to participate in all four conditions
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TABLE 1 | Framing under three reliability conditions.

System reliability Positive framing

Negative framing

High The system has an absolutely high chance of

driving task success.

The system has an absolutely low chance of
driving task failure.

Medium The system has a relatively high chance of driving The system has a relatively low chance of driving
task success. task failure.
Low The system has a low chance of driving task The system has a high chance of driving task

success.

failure.

for the two variables. To eliminate the effect of trial sequence, 3
groups of 16 simulated driving trials were balanced by a Latin
square, and then 10 sets of sequences were randomly selected
from 16 sets of sequences. Finally, 3 groups of 10 sets of dif-
ferent trial sequences were obtained.

2.5 | Dependent Variables

During all drives, the behavior measurements of participants’
performance during the collaboration task and the subjective
measurements filled in a series of scales have been obtained as
dependent variables. Participants' performance including com-
pliance, response time (RT), and task success in the collabora-
tion task. Compliance was defined as whether participants
responded the same as the system suggested in the collabora-
tion tasks; RT refers to the time for participants' first response to
the collaboration task. Collaboration task success refers to
whether the vehicle brakes at a certain distance from the
pedestrian or drives straight through the empty intersection.

The subjective measurements included trust, perceived reliability
(PR), and situation awareness (SA). Trust was measured with the
Situational Trust Scale for Automated Driving (STS-AD) which
comprises 6 items: trust, performance, NDRT, risk, judgment,
and reaction (Holthausen et al. 2020). PR scale was adapted scale
from Washburn et al. (2020) Reliability Questionnaire and Kidd
and David (2003) Subscale of Reliability, including 5 questions
(see Table 1). Adapted Situational Awareness Rating Technique
(SART) Taylor (1990) was used to measure participants’ SA,
consisting of 9 questions in dimensions of instability, complexity,
variability of situation, arousal, concentration, division of atten-
tion, Spare Mental Capacity, information quantity, and famil-
iarity with the situation. Those three scales were using a 5-point
Likert scale which ranged from 1 to 5 with “Strongly Disagree” to
“Strongly Agree” or “Very Low” to “Very High”.

2.6 | Procedure

Upon arrival at the laboratory, each participant was told the
primary aim of the study and was asked to complete a consent
form and a demographic sheet. They were asked to sit in the
simulator and encouraged to adjust the vehicle's chair to com-
fortably reach the additional screen. Then the participants had a
task introductory and practice session that lasted approximately
8 min with 2-3 trials and covered the two error bias event
conditions to practice and get familiar with the tasks. During
this session, participants were told that they should treat the

experiment as if they were driving on real roads and complete
primary and secondary tasks as best they could.

After the practice sessions, a series of 16 formal trials began. For
each trial, participants were tasked with both driving collabo-
ration task and performing the NDRTs. First, a framing of
system reliability was presented on the additional screen
through positive or negative text. This text framing would last
for 5s and the adverbs and adjectives for reliability level in the
text were highlighted to ensure that participants captured the
information. Then the autopilot was turned on. Participants
could enjoy a few seconds driving through the monitors of the
simulator and see the vehicle driving automatically on a foggy
urban road. After a beep, participants should join the NDRTSs on
the additional screen for 52 s until the vehicle almost reached
an intersection and the vehicle's status interface popped up on
the additional screen replacing the NDRTs interface. Partici-
pants were asked to choose to comply or not comply with the
suggestion within 7s. After driving, participants completed
three scales based on the drive just finished. Figure 2 illustrates
the monitors of the driving scenario and interfaces on the
additional screen that participants can see throughout the trial
procedure. Between each two trials, it was reiterated that the
participants will now experience a different ADS from a dif-
ferent supplier. Such a design was implemented to eliminate the
effects of framing and results from the previous trial. Also,
participants were asked to take a 1- or 2-min break before
moving on to the next trials.

At the end of all 16 trials, participants would answer questions
in a short interview. And then the participation fee was deliv-
ered and the experiment ended. The total duration of the ex-
perimental procedure consisted of four sessions and was
approximately 80 min (see Figure 4).

3 | Results

The experimental data of 30 participants were summarized,
including participants’ performance and scale data after driving.
As the scale data collected in the experiment was from sub-
jective measurements, Cronbach's alpha firstly was used to
determine the degree of consistency and reliability for Trust,
PR, and SA scales. The calculated values of Cronbach's alpha
for Trust, PR, and SA were 0.809, 0.865, and 0.785, respectively,
indicating that all responses were reliable.

Given that the study aimed to analyze the relationships between
variables, statistical analyses were conducted using correlational
approaches. The Shapiro-Wilk Test and Q-Q Plot were first used
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+ Study Objective » task introductory
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Reading
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Formal Experiment (16 trials)
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Short Interview
* Response
Task  Results " Filing * Reason
J + Willingness

[11b

FIGURE 4 | Experiment procedure.

to check the normality of all dependent variables, as the ex-
perimental sample size did not exceed 100 (Zhang and Wu 2005).
Dependent variables that were normally distributed and met the
homogeneity of variance assumption (Levene's test) were ana-
lyzed using ANOVA. For non-normally distributed data, discrete
and continuous variables were analyzed using the Mann-
Whitney test (two condition variable) and Kruskal-Wallis test
(three condition variable). Binary Logistic Regression was used to
predict binary variables. The alpha level was set to 0.05 for all
statistical tests. All the analyses were processed using SPSS
Statistics.

Regarding the post-experimental interview, a thematic analy-
sis approach adapted from Braun and Clarke (2006) was
chosen as the methodology in our post-experimental inter-
view. The first author performed the coding process, based on
the transcripts’ semantic content, using raw quotes as codes.
The codes were sorted into thematic categories based on rep-
etition, similarities, and differences (Ryan and Bernard 2003).
Within each thematic category, the codes were further differ-
entiated and sorted into sub-themes. Then the second author
reviewed the definitions and the names of the themes and gave
feedback regarding the analysis, and the authors conjointly
decided on the revisions.

3.1 | Descriptive Statistics

The descriptive statistics for the combination groups of the
levels of each dependent variable are shown in Table 2.
From the descriptive statistics, the three measurements of
participants’ performance, Trust score, and PR score,
showed high consistency. Because of the simplicity of the
collaboration task, the compliance rate and task success rate
were 100% in several groups, mainly in high-reliability
conditions. The shortest RT (M =0.875, SD =0.607) for the
collaboration task was in the high-reliability* miss* negative
group. The highest Trust (M =4.19, SD =0.393) and PR
score (M =4.38, SD=0.510) were in the high-reliability*
FA* positive group. The lowest compliance rate (M =50,
SD =0.506) and lowest Trust score (M =2.97, SD =0.614)
were in the low-reliability* miss* positive group. The longest
RT (M =1.88, SD =0.939) was in the low-reliability* FA*
negative group. The lowest success rate (M = 88, SD = 0.420)
was in the low-reliability* FA* positive group. The lowest
PR score (M =2.89, SD =0.770) was in the low-reliability*
miss* negative group.

SA scores showed different results from other dependent vari-
ables. The highest SA scores (M = 3.54, SD = 0.565) were in the

Brief Break

low-reliability* miss* negative group and the lowest (M = 2.55,
SD =0.636) were in the high-reliability* FA* negative group.

N

3.2 | Collaboration Task Performance

Collaboration task performance included participants’ compli-
ance, response time (RT), and task success, which were
behavioral indicators of participant trust in the ADS. Higher
compliance rates and shorter RT mean that participants were
more willing to follow the system's suggestion in the collabo-
ration tasks, while higher task success rates indicate higher
collaboration quality.

Participants’ compliance data was analyzed using a Binary
Logistic Regression to ascertain the effects of system reliability,
error bias, and framing on the likelihood that a participant
would follow the suggestion of the ADS. The logistic regression
model was statistically significant, x> (4) =131.84, p <0.001.
The model explained 36.0% (Nagelkerke R?) of the variance in
compliance and correctly classified 76.0% of cases. Hosmer and
Lemeshow test showed a good fitting of the logistic regression
model, ¥*(8)=0.237, p>0.05. Participants in the medium-
reliability condition were 2.98 times more likely to follow the
suggestion of the ADS than in the low-reliability condition, Wald
(1) =20.017, p < 0.05. There were lower compliance rates for the
low-reliability condition (M = 52.0%, SD =0.501) compared to the
medium-reliability condition (M =76.0%, SD =0.427) and high-
reliability condition (M =100.0%, SD = 0.000). The effect of error
bias and framing on participants’ compliance was not statistically
significant, p > 0.05.

RT data revealed no outliers but were not normally distributed,
D(480)=0. 793, p <0.05. Tests showed a significant effect of
reliability on RT, H(2) =49.53, p <0.05, and a significant dif-
ference between the high-reliability condition (mean rank =
192.24), medium-reliability condition (mean rank =241.15),
and low-reliability condition (mean rank = 288.11), p < 0.05 for
all comparisons, suggesting that the RT for human-vehicle
collaboration task was shorter with higher reliability. The ef-
fects of error bias and framing on participants’ RT were not
statistically significant, p > 0.05.

Task success data was analyzed using a Binary Logistic
Regression to ascertain the effects of the independent variables
on the likelihood that a participant would fail in the collabo-
ration tasks. The logistic regression model was statistically
significant, x*(4)=23.304, p<0.001. The model explained
22.7% (Nagelkerke R?*) of the variance of task success, and
correctly classified 97.5% of cases. Hosmer and Lemeshow test
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TABLE 2 | Descriptive statistics of the dependent variables.
Compliance rate (%) RT Success rate Trust PR SA
c M SD M SD M SD M SD M SD M SD
HR* FA* NF 100 0.00 975 0.48 100 0.00 4.00 041 4.30 0.54 2.55 0.64
HR* miss* NF 100 0.00 875  0.61 100 0.00 4.03 0.46 4.28 0.53 291 0.63
HR* FA* PF 100 0.00 1.20 0.56 100 0.00 4.19 0.39 4.38 0.51 2.56  0.67
HR* miss* PF 100 0.00 1.00 0.50 100 0.00 3.98 0.41 4.26 0.60 292  0.58
MR* FA* NF 80.0 0.41 142  0.63 95.0 0.22 3.55 0.41 3.82 0.65 2.73  0.39
MR* miss* NF 75.0 0.44 1.05 0.75 100 0.00 342 0.38 3.60 0.79 3.30 040
MR* FA* PF 75.0 0.44 148 0.75 98.0 0.16 340  0.57 3.73 0.77 2.84 037
MR* miss* PF 75.0 0.44 1.15 0.62 100 0.00 3.22 0.68 3.58 0.76 333 033
LR* FA* NF 53.0 0.51 1.88 094 93.0 0.27 317 0.556 3.07 0.66 3.02 049
LR* miss* NF 53.0 0.51 132 0.73 98.0 0.16 3.15 0.63 2.89 0.77 3.54 0.57
LR* FA* PF 53.0 0.51 1.75 0.67 88.0 0.34 3.08 0.64 322 0762 3.02 048
LR* miss* PF 50.0 0.51 1.35 0.53 100 0.00 2.97 0.61 292 0843 347 0.65
Total 76.0 0.43 1.29 0.72 98.0 0.16 3.51 0.66 3.67 0866 3.02 0.61

Abbreviations: FA, FA events; HR, high-reliability; LR, low-reliability; Miss, miss events; MR, medium-reliability; NF, negative framing; PF, positive framing.

showed a good fitting of the logistic regression model, Wald
x*(5) =0.885, p> 0.05. Error bias was the only statistically sig-
nificant variable, x*(1) = 5.55, p < 0.05. The task success rate for
participants in the miss event condition (M =100.0%, SD =
0.065) was 11.95 times higher than in the FA event condition
(M =95.0%, SD=0.210). Although the predictability of reli-
ability was not statistically significant, p > 0.05, the task success
rate for participants in the medium-reliability condition
(M =98.0%, SD=0.136) was 3.21 times than in the low-
reliability condition (M =95.0%, SD=0.231), x*(1)=2.91,
p=0.088. The effect of framing on task success was also not
statistically significant, p > 0.05.

3.3 | Trust

A 6-item, 5-point Likert scale was used to measure participants’
trust in the ADS after the collaboration tasks. Tests showed the
data were approximately normally distributed, D(160) = 0.987,
p>0.05 in the low condition of reliability. Thus, parametric
analyses were performed. A Three-Way ANOVA revealed a
significant effect on trust of reliability, F(2, 468)=104.23,
p <0.05, n2p=0.375. Post Hoc tests showed significant differ-
ences between these three conditions of reliability, p = 0.000 for
all comparisons. The average trust score was 4.05 (SD = 0.609),
3.40 (SD = 0.531), and 3.09 (SD = 0.423) for the high-, medium-,
and low-reliability conditions, respectively. There was also a
significant effect of error bias on trust, F(1, 468)=2.844,
p<0.05, nzp =0.375, indicating a higher trust in the FA event
condition than in the miss event condition. The average Trust
score for FA event and miss event condition was 3.57
(SD=0.647) and 3.46 (SD=0.672). Figure 5 depicts partici-
pants’ trust in all conditions of reliability and error bias. There
was no significant effect of framing on Trust, F(2, 468) = 2.844,
p=0.092, nzp =0.006, although the average trust score in
negative framing condition (M = 3.56, SD = 0.596) was numer-
ically higher than in positive framing condition (M =3.47,
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FIGURE 5 | Trust score for all conditions of reliability. Each line

represents a different error bias events condition. Error bars are 95%
confidence intervals.

SD = 0.718). The difference for the interaction comparisons was
not significant, p > 0.05.

3.4 | Perceived Reliability

The PR scores were obtained by averaging the scores in the
5-item, 5-point Likert scale, which was not normally distrib-
uted, D(480)=10.952, p <0.05. Non-parametric analyses were
applied. There was a significant effect of reliability on PR,
H(2) =181.44, p < 0.05, and a significant difference between high-
reliability condition (mean rank =344.70), medium-reliability
condition (mean rank =240.03), and low-reliability condition
(mean rank = 136.78), p < 0.05 for all comparisons, indicating that
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the PR score was higher in the ADS with higher reliability. Mann-
Whitney tests revealed that there was no significant effect on
participants’ PR of error bias and framing, p > 0.05.

3.5 | Situation Awareness

Participants' SA scores were obtained by averaging the scores in
the 9-item, 5-point SA scale. Tests revealed the data were
approximately normally distributed, D(160) = 0.985, p > 0.05 in
the medium-reliability condition. A Three-Way ANOVA
showed that the main effect of reliability was significant, F(2,
468) =40.24, p 0.05, nzp =0.147. Post Hoc Tests showed signif-
icant differences between the three conditions of reliability
(p <0.05 for all comparisons). The average SA score was 2.74
(SD = 0.648), 3.05 (SD =0.457), and 3.26 (SD =0.599) for the
high-, medium-, and low-reliability conditions, respectively.
There was also a significant effect of error bias on SA,
F(1, 468) =90.111, p < 0.05, nzp =0.161, indicating a higher SA
score in the miss event condition than in the FA event condition.
The average SA score for the miss event and FA event conditions
were 3.25 (SD=0.588) and 2.79 (SD =0.548). No significant
effect of framing, and interaction effects on participants’ SA were
found, p > 0.05. SA scores of participants between groups of the
statistically significant factors are reported in Figure 6.

3.6 | Post-Experimental Interview

We derived a total of 976 initial codes using descriptive induc-
tive coding of the transcripts. After refining the removal of the
duplicates, there were 660 codes left. While categorizing these
codes based on their shared sense, we received 19 sub-themes
containing more than 15 clustering codes. These sub-themes
were then organized under 4 organizing themes: (1) Error,
(2) Trust, (3) Human-machine interface (HMI) and (4) Safety.

Table 3 shows an overview of the seven themes and their
respective sub-themes. The detailed interpretation of the results
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FIGURE 6 | SA for all condition of reliability. Each line represents a
different error bias events condition. Error bars are 95% confidence
intervals.

will be discussed along with the experimental results in the
discussion section.

4 | Discussion

While it is important to continue improving ADS reliability, it is
also critical that we learn how to support efficient human-
vehicle teaming in the context of various degrees and types of
error. The results in this study highlights that participant in the
automation with higher reliability had a higher follow rate (i.e.,
compliance) as well as subjective trust evaluation (i.e., Trust),
and PR on ADS, and also performed better, such as shorter RT
in human-vehicle collaboration tasks, crossing different error
bias events and framings, compared to lower reliability groups.
It was expected because Hoff and Bashir (2015) model revealed
that reliability is the primary internal factor influencing learned
trust. However, the effect of reliability is not reflected in the
indicator of task success. It's contrary to that of Zhou et al.
(2022), who found that higher reliability improved performance
in an identification human-automation collaboration task. One
possible reason for it is that in our experiment, the collaboration
task was to choose whether to brake or go straight within 7 s,
which is much simpler than in a real-life traffic situation. In
fact, participants successfully completed 98% of the tasks in all
trials, which also suggested that participants took the collabo-
rative task seriously and had high reliability of response.
Although the task success data were not statistically significant,
they still show a distribution with the highest success rate in the
high-reliability condition (100%), and the lowest in the low-
reliability condition (94%).

Unexpectedly, However, the distribution of the SA score was
quite different from the other indicators. The finding also did
not match previous findings by Petersen et al. (2019) and
Miller et al. (2014) that SA and trust are positively related, due
to the fact that higher SA allows drivers to better understand the
environment and predict future actions, reducing uncertainty
and thus enhancing trust. In our study, the highest SA score
was in the low-reliability condition. From the study design of
our experiment, the ADS always gave the correct detection and
suggestion in high-reliability conditions, which may make the
participant more dependent on the system and less observant of
the driving environment, and in turn, impaired the participants’
SA. According to one participant in the high-reliability group,
she virtually stopped observing the environment and followed
the system suggestions directly in the last few trials because
of the vehicle's reliable performance. It confirmed what
Dixon et al. (2007) suggested that highly reliable systems may
severely impair an operator's ability to monitor for unanticipated
system states, and a reduction in abilities of monitoring and pre-
diction can further damage operator's SA. It is inferred that the
contribution of understanding and prediction of the driving en-
vironment to participants’ trust in ADS is actually insignificant,
given the impact of apparent changes in system reliability on
driver monitoring. Although many studies in the past have fo-
cused on SA in automated driving and have attempted to design
vehicle HMIs to support driver SA (Kim et al. 2024; S. Ma
et al. 2021), to enhance driver trust in the vehicle and driving
safety (Parasuraman et al. 2008; Petersen et al. 2019). However, it
can be asserted that the contribution of understanding and
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TABLE 3 | Overarching themes and sub-themes.

Theme Subtheme Code examples
Error (52) Alert (39) False alarm; Unintelligent alert; incorrect reporting; incorrect cue
Miss (30) Missed detection; ignore obstacle; Missed pedestrian
Vehicle control (30) Braking; brake for no reason; go straight; decelerate; take over
Detection (24) Detection failure; misidentification; radar detection
Find error (21) Easier to find errors; notice the pedestrian; empty intersection
Trust (40) Distrust (27) Don't trust; never trust; untrustworthy vehicle; trust is irresponsible;

Human-machine
interface (37)

Safety (37)

Trust related
behavior (27)

Trust (25)
Personality trait (19)
Framing perception (35)

Driving information (32)

Functionality (24)

Driving suggestion (23)
Ways of alert (16)

Risk (31)
reliable (30)

Consequence (20)

Scenario (18)

not willing (to)

Not accept; rely on yourself; reliance on system judgment; re-
judgment myself; obey the system; willing buy;

Tended to trust; fairly trust; trust in; willing
Uneasy; adventurous; enthusiast; pessimistic
No difference; more alarming; not impressed; unaware about

obtain additional information; detailed information; concrete status
of automated driving; send a message

Display more; reminder light; explain the situation; bird's-eye view;
how to interact

Correct suggestion; understand the suggestion; don't need suggestion;

Sound of alert; Presented in a head-up display; more explanation pop-
up; not visible enough; haptics; be coherent

Risk on road; risk of; involved in; take risk; dangerous; risky

Often makes mistakes; reliable vehicle; low-reliability; the system is
uncertain

Terrible consequences; frightened pedestrian; rear-end collision;
accident; too severe

on the real road; obstacle in the scenario; decision in particular

Road users (15)

situation; urgent situation; Traffic signal; red light

Pedestrian; cyclist; eye-contact; motion cues; other car;

prediction of the driving environment to participants’ trust in ADS
is actually insignificant, considering the of apparent changes in
system reliability.

The effect of error bias on participants’ SA was also statistically
significant, with higher scores in the miss event condition than
in the FA event condition. The research in SA is plentiful in the
human-automation interaction domain, yet there is essentially
none on how it pertains to error bias. The post-experimental
interviews provided some possible arguments. One participant
responded that she found both FA and miss error bias in those
trials, and it is easier to find errors in miss events than in FA
events. Considering further that participants’ RT was shorter in
miss events (1.12s) than in FA events (1.45s) (not statistically
significant), it can be inferred that, it required more time and
cognitive workload to find a FA error than a miss error in such
driving events, which encouraged participants to better notice
and process the information in FA events. Previous studies on
error bias have made similar claims, that a FA-prone system
may leave the operator less inclined to pay any attention to the
entire automated domain (Dixon and Wickens 2006). The
results on error bias and SA do not match the predictions and
provide novel findings about the influences of reliability and
error bias on participants' SA in ADS, revealing that regardless

of the relationship between SA and external variables, the de-
terminants of SA remain its internal variables, that is, the level
of attention and perception of the scenario.

The insights from SA data and interviews can also be used to
explain the higher task success rate for the miss event condition
compared to the FA event condition. Since it is easier for par-
ticipants to detect errors by themselves in the miss events, the
probability of correcting errors in miss events and succeeding in
collaboration tasks is higher when both errors occur with the
same frequency. It matches previous findings that FA-prone
automation hurt performance more than miss-prone automa-
tion (Bliss and Acton 2003; Maltz and Shinar 2003). But the
interpretations in these studies were primarily from the per-
spective of “cry wolf” syndrome (Breznitz 1984), in which FA
alerts are more salient so that operators may ignore future
warnings from the automation. It may not be a good explana-
tion for lower success rate in the FA event condition of this
study since the alert salience of the error bias has been ma-
nipulated to be the same level (visual detection information and
driving suggestions, auditory and visual countdown). In fact,
Rice and McCarley (2011) provided rare evidence that FAs
produced poorer human performance and engendered lower
automation use than misses even misses and FAs were matched
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for their perceptual salience. They assert that automation mis-
ses and FAs may differ in their inherent cognitive salience,
the degree to which they are noticed or remembered, inde-
pendent of perceptual salience. The current data provide con-
vincing evidence that FAs not only produce effects on
participants’ SA and RT in ADS that are qualitatively different
from those produced by misses but also are quantitatively more
harmful to task success rate than misses.

The results of Trust revealed a significant difference between
error bias, with participants' rating Trust higher in the FA event
condition than in the miss event condition. This is at odds with
the assumption and previous studies that FAs will produce
lower levels of subjective trust than misses in automated sys-
tems (Bahner et al. 2008; Bliss and Acton 2003; Dixon
et al. 2007). Similarly, these studies typically attribute the suf-
ficient distrust of FA to the “crying wolf” syndrome, yet the
participants’ levels of notice for FAs and misses in our experi-
ment could regarded as identical. There was also study sug-
gested that misses would be more salient and may severely
degrade trust when the system misses events that are easily
detectable by the operator (Madhavan et al. 2006), as the costs
associated with a signaling system's missing a critical event are
potentially disastrous (Chancey et al. 2017). If participant and
automation failed in the miss events in this study, the partici-
pant would face severe consequences, that is, a minor collision
with a pedestrian. This cost of failure is much larger than an
unwarranted stop at an empty intersection in the FA event. The
interviews confirmed this speculation. Several participants
mentioned that the consequences of a collision with a pedes-
trian in seemed too severe. And a participant believed that if the
vehicle braked for no reason in FA events in a real driving
scenario, it was possible to have a rear-end collision with the car
behind him, and he might reconsider his trust strategy.
Regardless, theories of trust, together with the data of trust and
interviews in this study, confirm that the risk in system error
likely plays a key role in determining trust in automation.
Although it is unclear from our data how the consequences of
failure under the two error biases, that is, the risks under the
two conditions, influenced the participants’ trust.

The data from this study also revealed inconsistencies in several
performance indicators, that is, participants were quicker to
collaborate with the ADS and more successful in the miss event
condition, but preferred to follow the ADS suggestions in the
FA event condition, although the effect of error bias on com-
pliance rate was not statistically significant (77% in FA event
condition, 75% in miss event condition). It suggested that one of
the best behavioral indicators that represent the abstract con-
cept of trust is compliance, that is, whether to follow the system.
While other performance indicators are influenced by many
factors. It can correspond to Mayer's definition of trust - the
willingness to accept vulnerability (Mayer et al. 1995), due to
which participants choose to trust the ADS's information and
follow its suggestion in collaboration tasks.

From a comprehensive perspective, the performance and
subjective measurements data in this study showed that error
bias affects participants’ trust and perception in human-
vehicle interaction in two aspects: First, it's easier to find the
system missing than the system making a FA, so participants

spent less time succeeding in the task, which resulted in
lower SA. Second, as errors occur and tasks are failed, par-
ticipants perceived greater risk in miss events than in FA
events and in turn are less likely to follow and trust the ADS
in those following trials. Whether this subjective and
behavioral distrust will further negatively impact SA and task
performance needs to be examined in a longitudinal human-
vehicle collaboration.

Finally, when discussing the positive and negative aspects of
framing, the data from this study indicated that framing did not
affect any of the variables in terms of data, inferring framing
effects were not reflected in human-vehicle collaboration. Sev-
eral participants across both framing conditions reported that
they did not find the differences between the two framing, and
one of them noted that there were too many trials in the ex-
periment that by the last few drives he was somewhat numb to
the framing. Another participant said that he wanted to
understand the specific degree of adverbs in the framing, and
even tried to predict the pattern of the framing's emergence.
The gap in research on the framing effect in automation leaves
this result lacking in interpretable space. More research needs
to be done to determine whether the framing effect, which has
had a huge impact in the sociological and psychological fields,
is unrelated to user trust and performance in human-
automation collaboration.

4.1 | Limitations and Future Research

The current study used multiple measurements to examine
trust in human-vehicle collaboration. Although the measure-
ments are all related to trust, the development of some in-
dicators varies considerably from trust in specific situations,
resulting in inconsistencies in the variable. Future research on
trust in automation should consider more behavioral indicators
as dependent variables, such as dependence, compliance, and
obedience. Regarding subjective data, larger sample size and
more precise Likert-points might improve the data's normal
distributivity, thus meeting the prerequisites for parametric
tests to find more associations from the data, for example, the
interaction effect between variables.

Another limitation is that error bias presented in the ADS in
our study was two events, and was coarse-grained classification.
when error bias was introduced to automated driving across
domains, it had to be placed in specific driving events, resulting
in differences in the error bias events in terms of salience of
alert, cost of failure, and difficulty of humans to detect the error.
As discussed in the previous chapter, it may not be the error
bias itself that affects user trust, but rather the finer elements of
it. Coarse-grained examination of error bias in human-
automation may lead to many contradictory conclusions, such
as that user trust is sometimes high in FA-prone systems and
sometimes high in miss-prone systems. Thus, future work on
error bias in human-vehicle interaction could attempt to
delineate the intrinsic dimensions of error bias or to consider
designing framing to describe the errors and aim to establish
mechanism that how error bias acts on human performance.
Systems that are prone to FA and miss also should be studied
differently, as in our study not only the behavioral indicators
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are different, but also the inherent psychological schemata that
drive these behaviors.

Finally, the human-vehicle collaboration task in our experiment
was set in a static driving simulator and only one vehicle driven
by the participant was on the simulated urban road. While this
manipulation could reduce risk and facilitate control of vari-
ables, leading to a lack of risk perception, and further reducing
human sensitivity to perceived reliability and situational
awareness that participants should have in the real world
(Walker et al. 2018; Xu et al. 2018). This may be one of the
reasons why some of the effects on subjective data in this study
were not significant. In the future, we would like to refine these
setups in a simulated experiment or test in multi-lane dynamic
scenarios with test vehicles.

5 | Conclusion

In this study, we experimentally manipulated the level of system
reliability, error bias of driving events, and framing of the reliability
for investigating participants’ user performance, situational trust,
perceived reliability, and situation awareness in human-vehicle
collaboration. Our findings contribute to the research on the ante-
cedents of the effect of reliability on trust in automation, suggesting
that the level of automation reliability has an important impact on
drivers' performance, perceived reliability, and trust in the vehicle.
However, users' situation awareness in a system with higher reli-
ability was lower, attributed to the fact that the high-reliability and
the positive framing of the system increases the participants' reli-
ance and thus reduces their monitoring performance of the sce-
nario. These findings have practical implications for reliability
disclosure strategies of automated driving systems.

We also found that user trust is higher in systems prone to FA
than miss. One possible explanation is that this study elimi-
nated the difference in the salience of alert between FA and
miss, and the other is that participants were shown the conse-
quence of task failure after collaboration task, allowing them to
perceive a higher potential risk in miss events than in FA
events. The findings on error bias provide an in-depth discus-
sion of the internal variables differences between automation
FAs and misses, thereby allowing generalization of its impli-
cations beyond systems where only FA has salient alerts.
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