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Perceived risk and trust are crucial for user acceptance of driving automation. In this study, we
identify important predictors of perceived risk and trust in a driving simulator experiment and
develop models through stepwise regression to predict event-based changes in perceived risk and
trust. 25 participants were tasked to monitor SAE Level 2 driving automation (ACC + LC) while
experiencing merging and hard braking events with varying criticality on a motorway. Perceived
risk and trust were rated verbally after each event, and continuous perceived risk, pupil diameter
and ECG signals were explored as possible indictors for perceived risk and trust.
The regression models show that relative motion with neighbouring road users accounts for
most perceived risk and trust variations, and no difference was found between hard braking with
merging and hard braking without merging. Drivers trust the automation more in the second
exposure to events. Our models show modest effects of personal characteristics: experienced
drivers are less sensitive to risk and trust the automation more, while female participants perceive
more risk than males. Perceived risk and trust highly correlate and have similar determinants.
Continuous perceived risk accurately reflects participants’ verbal post-event rating of perceived
risk; the use of brakes is an effective indicator of high perceived risk and low trust, and pupil
diameter correlates to perceived risk in the most critical events. The events increased heart rate,
but we found no correlation with event criticality. The prediction models and the findings on
physiological measures shed light on the event-based dynamics of perceived risk and trust and can
guide human-centred automation design to reduce perceived risk and enhance trust.

1. Introduction
Automated vehicles (AV) have the potential to improve safety and comfort and reduce congestion (ERTRAC, 2017). Current
production vehicles support SAE Level 1 or Level 2 driving automation systems with Adaptive Cruise Control (ACC) and Lane Centring
(LC). Such systems still require continuous supervision by drivers to guarantee safety. Higher automation levels (SAE Level 3 + )
gradually allow drivers to shift attention away from dynamic driving tasks but require them to be fallback-ready in case of automation
failure (SAE, 2021). Driving automation changes the driver’s perceived risk and trust, influencing acceptance of driving automation
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(Nordhoff, Malmsten, et al., 2021; Zoellick et al., 2019). If the public does not widely accept driving automation, road safety and traffic
benefits will not accrue (Dong et al., 2019; Nordhoff, Malmsten, et al., 2021; Noy et al., 2018). Therefore, understanding perceived risk
and trust in driving automation is of great importance. Below, we review existing perceived risk and trust studies to synthesize def
initions, influencing factors, and measurement methods for the current paper.
1.1. Theories of perceived risk and trust
Perceived risk, or perceived safety, captures the level of risk experienced by users of driving automation. It can differ from
operational (or actual) risk (Griffin et al., 2020; Kolekar et al., 2020), which is defined as the combination of accident probability and
severity (ISO, 2018a). A low perceived risk leads to feeling relaxed, safe, and comfortable (Osswald et al., 2012; Xu et al., 2018), while
a high risk perception results in cautious behaviour (Griffin et al., 2020). Perceived risk is highly individualized and is influenced by
personal experience, personality, and attitudes (Jin et al., 2020; Ping et al., 2018). The driving environment, such as urban or rural
roads, influences both operational and perceived risk (Cox et al., 2017).
Trust has been studied in psychology, sociology, and human factors. A survey by Kaplan et al. (2020) listed 18 commonly-cited but
distinct definitions of trust. Although definitions vary, there are three essential factors in trust: risk of losing or not gaining; uncertain
outcomes and interdependence between trustor and trustee. The most cited trust definition is ‘the willingness of a party to be
vulnerable to the actions of another party based on the expectation that the other party will perform a particular action important to
the trustor, irrespective of the ability to monitor or control that other party’ (Mayer et al., 1995), which is also applicable to driving
automation. Subjective thinking, feeling, and emotions account for most trusting behaviour (Lee and See, 2004). The process of trust
calibration is dynamic with a high degree of volatility (Lee and See, 2004). Kraus, Scholz, Stiegemeier, et al. (2020) proposed a dy
namic trust calibration model based on the theory of Lee and See (2004), and Hoff and Bashir (2015), where initial learned trust is
formed before the actual interaction with a system and is related to personality, provided information and driving experience. Dynamic
learned trust evolves through interacting with the system and is influenced by experienced performance in similar situations and can
be moderated by expectations and presentation (e.g. interface design). Trust factors can be divided into three broad categories: humanrelated, system-related and environment-related factors (Hancock et al., 2020; Hoff and Bashir, 2015; Kaplan, Kessler, Brill, et al.,
2021; Schaefer, 2013). Surveys and interviews demonstrated that trust is affected by personal characteristics (e.g., culture, age, and
gender), external situations (e.g., task difficulty, traffic), internal situations (e.g., perceived risk, mood), driver’s experience and
system’s performance. Kraus, Scholz, and Baumann (2020) developed a personality model for trust in automation, indicating that a
priori acceptability of automated driving is positively related to trust. Increased trust with experience is reported by Gold et al. (2015)
for driving automation and Kaplan, Kessler, Brill, et al. (2021) for artificial intelligence system operators.
Exploring the influencers of perceived risk and trust in driving automation is challenging since most people do not have experience
in driving automation, making it difficult to reveal user preferences based on empirics. Recent field experiments showed that real
driving automation experience led to improvements in trust (Walker et al., 2018; Xu et al., 2018). However, further work is needed to
study the influence of driving scenarios and personal characteristics on perceived risk and trust.
Several studies reported highly negative correlations between perceived risk and trust in driving automation. Some studies regard
perceived risk as the antecedent of trust (Li et al., 2019; Nordhoff, Stapel, et al., 2021): where perceived risk is firstly influenced by
traffic condition, age, gender, etc., upon which trust is then built. In another school of thought, perceived risk is treated as the
descendant of trust (Choi and Ji, 2015; Xu et al., 2018; Zoellick et al., 2019), where trust is firstly formed and then influences perceived
risk. The relation between perceived risk and trust is also considered a mutual interaction (Garidis et al., 2020; Pyrialakou et al., 2020).
Existing studies include conceptual models, surveys and post-experiment questionnaires. However, the relation between perceived risk
and trust still needs further investigation using actual driving automation.
1.2. Measurements of perceived risk and trust
Questionnaires are widely used to measure perceived risk, trust and other psychological constructs (Schaefer, 2013; Stapel et al.,
2019; Xu et al., 2018; Yagoda and Gillan, 2012). Post-test questionnaires mainly reflect recent experience, and responses may be biased
towards social norms. Besides, questionnaires increase participants’ mental workload and are not suitable for real-time measurement.
To overcome these drawbacks, continuous measurement devices are considered. Researchers have used handset controls (Beggiato
et al., 2019; Rossner and Bullinger, 2019), sliders (Saffarian et al., 2012), rotary bars (Cleij et al., 2018) and angle sensors within the
steering wheel (Kolekar et al., 2020) for the continuous rating of perceived risk, trust and other subjective items.
Behaviour indicators (e.g., braking) have the potential to reflect automation reliance and compliance. Tenhundfeld et al. (2020)
used intervention by braking as an indicator of distrust in automated parking in a Tesla Model X. Naturalistic braking profiles have also
been used to cluster near-miss events to different risk levels (Xiong et al., 2019).
Physiological indicators (heart activity, skin response, etc.) are widely studied for non-intrusive continuous state assessment.
Taylor (1964) measured skin conductance (galvanic skin response; GSR) as an index of perceived risk in various traffic situations. GSR
rates were 50 times higher during driving than during quiet sitting but were not correlated with actual traffic conditions (e.g. day-time
off-peak, night off-peak). Morris et al. (2017) compared driver’s trust to GSR in different automation driving modes, finding lower skin
conductance in safe driving modes. Ajenaghughrure et al. (2021) identify brain activity (EEG) and gaze as the most robust indictors of
trust in driving automation.
Pupil diameter is a practical tool to investigate perceived risk and trust in AV. For perceived risk, Tang et al. (2018) showed that the
change rate of pupil diameter is significantly higher in severe crashes than in minor crashes. For trust, Perello-March et al. (2019)
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proposed to use increased and decreased pupil size as potential indicators to classify users’ distrust and appropriate trust in driving
automation. Therefore, we expect pupil diameter to reflect perceived risk and trust in driving automation.
1.3. Modelling perceived risk and trust
Following the principle of human-centred design, modelling perceived risk in AV has gained attention. Varotto et al. (2018)
investigated perceived risk in full range ACC. They proposed a decision model where the driver would choose to deactivate ACC if the
perceived risk becomes unacceptable based on the risk allostasis theory (Fuller, 2011). Kolekar et al. (2020) presented the driving risk
field capturing perceived risk continuously in the spatial and time domain based on driver’s verbal ratings and steer response to
obstacles in manual simulator driving. Surrogate Measures of Safety (SMoS) evaluate operational risk in terms of event criticality and
can provide a basis to estimate perceived risk. Minimum time to collision (TTC) can show the driver’s acceptance threshold of
perceived risk when they take actions (e.g. braking) (Kiefer et al., 2005). The inverse of TTC represents the relative visual expansion of
the obstacle, which is referred to as looming (Lee, 1976). Hence, SMoS reflect event criticality and the related perceived risk, but this
relationship needs experimental support.
Trust in AV has been captured with conceptual models with various structures (Choi and Ji, 2015; Lee and See, 2004; Mayer et al.,
1995). Marsh and Dibben (2003) identified three layers of trust in information science: dispositional, situational and learned trust. Hoff
and Bashir (2015) extended this to trust in AV and considered different personal characteristics (e.g. culture, personality traits and
mood) in the three layers. Empirical models have also been developed. Kraus, Scholz, Stiegemeier, et al. (2020) investigated the
dynamic process of trust calibration in partial driving automation and high driving automation, demonstrating that trust increased
along with knowledge accumulation. Tenhundfeld et al. (2020) reported that drivers trust automation more and intervene less
frequently when using driving automation more. Hu and Wang (2021) proposed a prescribed-performance control barrier function
with a dynamic model of trust in ACC, where the human will hand over the control to ACC if the system’s performance reaches a certain
threshold.
1.4. Objectives
Based on the discussions above, we identified the following research gaps. Firstly, a quantitative model between event criticality
and perceived risk and trust is still lacking. Secondly, personal characteristics (e.g. age, driving experience) influence perceived risk
and trust, but their impact has not been fully quantified in dynamic driving. Thirdly, the relations between perceived risk and trust are
primarily derived from surveys and post-experiment questionnaires but hardly investigated in dynamic driving. Lastly, trust in
automation has been studied mainly through surveys regarding higher automation levels (Level 3 and higher), whereas perceived risk
has been mainly studied for manual driving. Hence it is unclear whether perceived risk and trust operate differently in Level 2 driving
automation.
This study contributes to two main objectives: Objective 1: to model perceived risk and trust in SAE Level 2 automation. Objective
2: to quantify the impact of personal characteristics by verifying their contributions in the perceived risk and trust models.
We conduct a simulator study with partial automation (SAE Level 2) motorway driving with drivers continuously monitoring the
automation. This allows continuous measurement of perceived risk during dynamic interactions with other road users. We focus on
aggressive merging (cut in) and hard braking as safety-critical events (Dreger et al., 2020). Questionnaires, continuous measures of
perceived risk (e.g. sensors for hands), physiological measures (e.g. GSR, ECG), behaviour indicators (e.g. braking behaviour) and eye
behaviour (e.g. pupil diameter) are jointly evaluated to assess their ability to quantify perceived risk and trust in automation.
We develop perceived risk and trust models that include the factors mentioned above to explain and predict perceived risk and
trust.
The remainder of this paper is structured as follows. The methods, including experiment design and measures of perceived risk and
trust, are introduced in Section 2. The results in Section 3 are followed by a discussion in Section 4 and conclusions in Section 5.
2. Methods
2.1. Participants
Twenty-five participants with at least 3 years of driving experience were recruited. A recruitment advertisement was distributed via
email to university employees and students, and advertised on the neighbourhood app NEXTDOOR to citizens living in Delft. 25
participants (6 females and 19 males) joined the experiment. The age ranged from 24 to 76 years, with a mean of 40.6 years (SD =
16.3). Years with a driving license varied from 3 to 55 years (Mean = 19.2, SD = 15.0). 16 of the 25 participants reported no experience
in adaptive cruise control (ACC) or lane centring systems (LC).
2.2. Apparatus
2.2.1. Driving simulator
The experiment was conducted at Delft University of Technology on a driving simulator named DAVSi with Yaris cockpit (Fig. 1). In
this experiment, the motion platform was not actuated. The environment was shown on the cylindrical 180-degree screen using three
high-quality projectors (Khusro et al., 2020). CarMaker 8.0.1 was used to create the motorway traffic environment. A model of an Auris
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4 was used to simulate the subject vehicle dynamics. Subject vehicle dynamics and traffic were controlled using Simulink on a real-time
simulation system (dSPACE SCALEXIO). Motion data of the subject vehicle and other vehicles were logged at 10 Hz.
Automated lateral control of the subject vehicle was performed by the IPG driver model provided by CarMaker. A non-linear fullrange ACC algorithm was used with the following key parameters: td = 1.2 s (desired time gap to the vehicle in front); s0 = 6 m
(minimum space gap at a standstill); v0 = 27.78 m/s (100 km/h, desired velocity when there is no vehicle detected in front) (MullakkalBabu et al., 2016).
An indicator on the dashboard was used as a basic HMI displaying the automation’s working status with two colours. Green
indicated that the system was activated and worked well. Yellow indicated that the driver had to take over control, but this never
happened during this experiment.
2.2.2. Questionnaires
A pre-questionnaire collected personal characteristics such as gender, age, years licensed, and prior automation experience (see
Appendix A). Initial learned trust and dynamic learned trust were assessed before and after the simulator drive using the questionnaire
in Table 1, including related questions on the willingness to hand over control, the need to monitor automation and the willingness to
do other activities.
2.2.3. Physiological measures
Three physiological signals were measured to assess their predictive value in monitoring trust and perceived risk: Cardiovascular
activity (ECG), galvanic skin response (GSR) and pupil dilation.
ECG was measured on Lead II (between the left inner ankle and right inner wrist, with the ground on the right inner ankle) and
recorded using a TMSi amplifier at 1024 Hz (Fig. 1C). Heartbeats were identified using BioSigKit (Sedghamiz, 2018). The MTEO_QRST
algorithm was found to produce the most reliable detection (Sedghamiz and Santonocito, 2015). Peak detections were inspected
manually for mislabelling and ectopic beats. The resulting detections were then converted to the rate and variability metrics Heart rate
(Beats per minute, BPM), Inter-beat interval (IBI), Root mean square of successive inter-beat interval differences (RMSSD), and power
in the High-frequency band (HF; 0.15–0.40 Hz) using the heart rate analysis toolkit heartpy 1.2.6. For calculating HF, IBI was resampled using 3rd order univariate spline interpolation. Metrics were calculated for “ultra-short-term” windows of 30 s, in which
RMSSD and HF variability metrics are acceptable surrogates for 5-minute recordings, according to Baek et al. (2015). Samples were
deemed too short to inspect the Low-frequency band (LF; 0.04–0.15 Hz). An increase in RMSSD and HF may indicate increased activity
of the parasympathetic nervous system (and hence a state of ease), while a reduction could indicate increased anxiety, but HF is also
influenced by breathing (Shaffer and Ginsberg, 2017).
GSR was measured on the right palm with a Groove GSR sensor at 60 Hz and de-convolved into phasic and tonic components using
Ledalab-349 (Benedek and Kaernbach, 2010).
Pupil dilation (diameter) was measured at 50 Hz using a Tobii head-mounted eye tracker (Fig. 1D) measuring the left eye and postprocessed with a 4 Hz low-pass filter (Kret and Sjak-Shie, 2019).
2.2.4. Verbal ratings of perceived risk and trust and continuous ratings of perceived risk
The experimenter asked two questions during the simulator drive after each event (see the detailed experiment design below). The
two questions were “How dangerous do you think was the previous event?” and “To what extent do you trust the driving automation according
to the previous performance of the system?” Meanwhile, participants continuously rated their perceived risk with a pressure sensor fixed
on the steering wheel (Fig. 1A), obtaining visual feedback through a LED bar (Fig. 1B). The participants were tasked to press the sensor
harder whenever they felt unsafe, where no force (zero active LED) indicated no risk and the maximum (ten active LEDs) meant very
high risk. The sensor’s scope and sensitivity were calibrated based on the data from Astin (1999) to have a better experience on the
ratings and visual feedback of the LED bar. The continuous rating was recorded at 60 Hz.

Fig. 1. Experimental setup. Left side: Driving simulator (DAVSi) at Delft University of Technology. Middle: Participant with all measurement
devices. Right side: (A) Pressure sensor for reporting continuous perceived risk. (B) LED bar- visual feedback of reported continuous perceived risk.
(C) ECG device TMSi to measure cardiovascular activity. (D) Eye tracker Tobii pro 2 to measure pupil dilation.
181
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Table 1
Trust related questionnaire used before and after the simulator drive (scaled between 1 and 10).
Item

Results before the
simulator drive (Mean +
Std)

Results after the simulator
drive (Mean + Std)

t

p

To what extent do you trust the described driving automation system? (adapted
from Meyer-Waarden and Cloarec, 2022)
To what extent are you willing to hand over control to the described automation
system? (Self-developed)
To what extent do you think it is necessary to monitor the described automation
system? (adapted from Nordhoff, Stapel, et al., 2021)
To what extent are you willing to do other activities (e.g., eating, drinking,
checking the phone) while using the described automation system? (adapted
from Xu et al. 2018; Gold et al. 2015)

6.84 (1.57)

7.92 (1.50)

− 2.49

0.016

6.60 (1.98)

6.56 (2.48)

0.06

0.950

2.96 (2.62)

4.56 (2.41)

− 2.24

0.029

4.40 (2.67)

4.60 (2.57)

− 0.27

0.789

2.3. Experiment design and scenarios
Level 2 automation is mainly developed for motorway driving (Huang et al., 2018). Car following (braking) and lane change
(merging) account for most driving scenarios on motorways (Zhao et al., 2017) and are used as safety-critical events in a simulator
study (Sharma et al., 2020). Therefore, merging by an adjacent vehicle and hard braking by a lead vehicle were selected for our
research. The driving automation maintained longitudinal velocity or kept the predesigned distance to the lead vehicle. The reference
velocity of the subject vehicle and the traffic vehicles was set to 100 km/h (ISO, 2018b).
The participants monitored the automation driving at the right lane (see Fig. 2 and Fig. 3). A merging vehicle entered the motorway
from an on-ramp, passed the subject vehicle, and merged between the subject and lead vehicles. Detection of this merging manoeuvre
was implemented as the moment when the centre of the merging vehicle crossed the line. This somewhat late detection was seen as
representative of current systems. After this detection, the subject vehicle automation followed the merging vehicle instead of the
original lead vehicle. At this exact moment, the original leading vehicle braked strongly to 60 km/h, followed by acceleration to 100
km/h. The merging vehicle braked and accelerated accordingly keeping a safe distance. The initial merging distance and braking
intensity were both varied threefold, creating 9 merging with hard braking (MB) events with different criticalities (see Table 2). In
addition, a hard braking (HB) event without merging was designed to investigate whether perceived risk and trust differ between hard
braking after merging and normal hard braking (Table 2). All 10 events in Table 2 were repeated twice, resulting in 20 events.
Hereafter, the event names with ‘a’ or ‘b’ mean the first and second exposure to the event. All events occurred in a single drive through
a series of ramps (20 out of 23 ramps) along the road, as shown in Fig. 3. The order of events was randomized with intervals around 1min between merging locations.
Participants could overrule the automation by using braking or gas pedals whenever they felt this was necessary. However, manual
steering was not allowed during the simulator drive. No accidents or automation failures were designed.
2.4. Procedure
The participants were asked to read an information letter about the experiment and sign an informed consent form. The experi
menter introduced the driving automation system and the procedure. Then the participants were asked to fill the trust questionnaire
(Table 1).
Electrodes were attached to measure GSR and ECG and the eye tracker was installed and calibrated. Participants were seated in the
simulator, and sensors were connected to their recording devices. The experimenter introduced the scenarios and the operation of the
simulator.
The experimenter trained the participants to use the pressure button to rate perceived risk. Participants used the pressure button by
giving a number from 0 to 10 and hold each number for at least 3 s. Subsequently, they had to follow a random number between 1 and
10 provided by the experimenter. In the ensuing practice drive, the participants experienced several merging events. They were asked

Fig. 2. Video stills of merging with hard braking events. The first row shows the sequence of merging manoeuvre in the most critical MB3 (initial
gap 5 m, braking intensity − 8 m/s2), and the second row shows the sequence of the least critical MB7 (initial gap 25 m, braking intensity − 2 m/s2).
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Fig. 3. Merging scenario. The Subject vehicle (S) was driving behind the Lead vehicle (L) when the Merging vehicle (M) merged. L then braked
while M and S still had a reduced headway. The scenario’s objective risk was varied through merging distance (S-M) and braking intensity of L.
Table 2
Events with different criticalities.
Scenario

Merging gap(initial gap)
(m)

Braking intensity
(m/s2)

Merging with hard
braking

5

−
−
−
−
−
−
−
−
−
−

15
25
Only hard braking

25

2
5
8
2
5
8
2
5
8
8

Event
name

minimum THW (s) averaged for the two exposures
(measured value)

MB1
MB2
MB3
MB4
MB5
MB6
MB7
MB8
MB9
HB1

0.22
0.22
0.14
0.48
0.48
0.48
0.84
0.83
0.80
0.85

to continuously indicate perceived risk using the pressure button and answer the experimenter’s questions mentioned in 2.2.4 verbally
after each event. The training lasted until the participants could handle all tasks well.
The formal drive (after practice) followed the same procedure, now including 20 events. Another questionnaire with the items in
Table 1 was filled after the simulator drive to measure changes in trust.
3. Results
All 25 participants completed the simulator drive, and no motion sickness was reported. 7 out of 25 participants intervened by
braking in at least one event. The variations induced by participants’ braking and simulated control noise inside the subject vehicle led
to 3 events with a close-to-zero distance in the most critical event MB3, one of which was regarded as a collision by the participant.
Therefore, these 3 participants were not considered during regression modelling. Besides the three collision participants, 12 outlier
ratings (see Fig. 4 for criterion) were removed, leaving 428 out of 500 events for the regression analysis. Pupil diameter and ECG signal
were successfully recorded for 22 participants. The recorded GSR signal was not of good quality since skin conductance was outside the
device’s sensitive range for all but two participants and was excluded from the analysis. We also repeated the experiment without the
verbal rating task with 5 extra participants (2 of them are new) to evaluate the influence of speaking on pupil dilation and ECG signals.
3.1. Perceived risk and trust as functions of scenario and personal characteristics
The verbal risk and trust ratings for the events of different criticalities are presented in Fig. 4. Perceived risk varied highly between
conditions for all participants. Trust was lowest after the first occurrence of the most critical event (MB3a) and varied less than
perceived risk. 12 participants consistently rated trust as 7 or higher in all events except in MB3.
3.1.1. Correlation analysis of potential influencers for perceived risk and trust
Perceived risk and trust are influenced by many factors. Before the regression analysis, we selected four clusters of potential factors
(see Table 3). Cluster 1 includes the participant’s responses to the events, including verbal ratings of perceived risk (PR) and trust
183
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Fig. 4. Upper: Verbal perceived risk ratings for different events. Lower: Verbal trust ratings for different events. Bars present verbal ratings (5, 25,
50, 75, 95 percentile). The dashed blue lines represent the model output in Equation (1) and (2). The red ‘+’ represent outliers beyond 75 percentile
+ 1.5IQR or below 25 percentile-1.5IQR (IQR is the first quartile subtracted from the third quartile). (For interpretation of the references to colour in
this figure legend, the reader is referred to the web version of this article.)

(TRU) themselves and the maximum braking by participants (max_B) because they can reflect driver’s perceived risk and trust
(Beggiato et al., 2015; Cleij et al., 2018; Tenhundfeld et al., 2020; Xu et al., 2018). Cluster 2 captures the criticality of the event with
factors related to relative motion, including the initial merging gap (IMG), minimum gap (min_gap), minimum time to collision
(min_TTC), minimum time headway (min_THW) and braking intensity (BI) of the merging vehicle during the events. Here min_gap,
min_TTC and min_THW express the smallest gap in different manners and are established SMoS to assess the criticality of vehicle
184
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interactions (Wang et al., 2021). These factors (e.g., minimum gap, minimum TTC, minimum THW, etc.) have been used to reflect
perceived risk in prior studies (Kiefer et al., 2005; Ma et al., 2018). We will also verify their substitution in the regression. Additionally,
we will investigate the overlap among influencers of perceived risk and trust. Cluster 3 includes personal characteristics, age (AGE),
gender (GEN), years with a driving license (YDL), and automation experience (AE). These factors play essential roles in individual
modelling of perceived risk and trust (Gold et al., 2015; Jin et al., 2020; Kaplan, Kessler, Brill, et al., 2021; Kraus, Scholz, Messner,
et al., 2020; Ping et al., 2018; Rhodes and Pivik, 2011). Cluster 4 includes repetition (REP) of the event and event type (ET) being
merging or hard braking because trust may change with automation experience according to the trust formation from Lee and See
(2004), Hoff and Bashir (2015), and Kraus, Scholz, Stiegemeier, et al. (2020). Also, participants perceived less risk in the second
exposure to the same event in our experiment (Fig. 4).
Before the stepwise regression, we checked for multicollinearity among potential influencers.
In Cluster 2, non-linear transformations on the original metrics were explored (Appendix B). We found that the logarithm of
min_gap, min_TTC and min_THW have strong linear relationships with the participant-averaged perceived risk and the reciprocal of the
min_gap, min_TTC and min_THW have strong linear relationships with trust (see Fig. B. 1 in Appendix B). Therefore, the logarithm and
the reciprocal of min_gap, min_TTC and min_THW were used as potential predictors for perceived risk and trust in the regression.
We only found strong (|r| > 0.7, shaded in Orange in Table 3) correlations within Cluster 2 and Cluster 3. In Cluster 2, strong
correlations exist between min_gap, min_TTC, min_THW and IMG (correlation group 1). In Cluster 3, AGE highly correlates with YDL
(correlation group 2). Therefore, in the following regression procedure, we will use at most one variable of each of the two correlation
groups as potential predictors to resolve multicollinearity.
3.1.2. Stepwise regression analysis of perceived risk and trust
Stepwise regression is an efficient way to select suitable predictors after the elimination of multicollinearity. We used stepwise
multiple regression to model the influence of event criticality and personal characteristics on perceived risk and trust. The consecutive
steps of both regression models are shown as the first 4 models in Table 4 and Table 5 for perceived risk and trust respectively. Hence,
the two models 4 represent the final models of perceived risk (PR) and trust (TRU) as shown in Equation (1) and (2).
PR = 9.384 − 2.473 ⋅ log(min gap) − 0.038 ⋅ YDL − 0.201 ⋅ BI + 0.470 ⋅ GEN

(1)

TRU = 8.780 − 6.265 ⋅ (1/min TTC) + 0.125 ⋅ BI + 0.016 ⋅ YDL + 0.372 ⋅ REP

(2)

According to the results, perceived risk and trust mainly vary with min_gap, min_TTC and BI. A smaller minimum gap and more
intense braking lead to higher perceived risk; a larger minimum TTC and more gentle braking cause higher trust. Participants with
more driving experience trust the automation more and are less sensitive to risk. Female participants are more susceptible to risk.
Participants trust the automation more in the second exposure to the events.
The participant-averaged results were used to validate the two models expressed by Equation (1) and Equation (2). A very good fit
was obtained (Fig. 4) with R-square = 0.9379, F (2, 17) = 88.2940 (p = 0.000) for perceived risk and adjusted R-square = 0.8643, F (3,
Table 3
Correlation analysis (high correlations in orange and insignificant correlations in grey).
Cluster 1
PR
Cluster 1

PR

1.000

TRU

-0.607***

max_B

TRU

Cluster 2
max_B

Cluster 3

Log
Log
Log
1/
1/
1/
(min_gap) (min_TTC) (min_THW) min_gap min_TTC min_THW

BI

AGE

YDL

GEN

Cluster 4
AE

ET

REP

1.000

0.278*** -0.449***

1.000

Log(min_gap) -0.632*** 0.477*** -0.302***

1.000

Log(min_TTC) -0.611*** 0.487*** -0.373*** 0.918***

1.000

Log(min_THW) -0.579*** 0.416*** -0.248*** 0.972***

0.919***

1.000

Cluster 2

1/min_gap

0.592*** -0.513*** 0.337*** -0.914***

-0.818***

-0.857***

1.000

1/min_TTC

0.566*** -0.599*** 0.690*** -0.781***

-0.829***

-0.736***

0.840***

1/min_THW

0.581*** -0.468*** 0.275*** -0.951***

-0.871***

-0.949***

0.962*** 0.805***

IMG

-0.519*** 0.337*** -0.176*** 0.907***

0.881***

0.965***

-0.705*** -0.614*** -0.840***

-0.280*** 0.307*** -0.157**

0.144**

0.172***

-0.013

AGE

-0.179***

0.112*

0.063

-0.041

0.050

-0.001

0.012

YDL

-0.186*** 0.134**

0.095

-0.035

0.033

0.000

BI

IMG

1.000

-0.218*** -0.243***

1.000
1.000

Cluster 3

-0.071

-0.090*

1.000

-0.021

-0.013

0.005

-0.017

1.000

0.002

-0.002

-0.019

0.002

-0.018

0.957***
0.059

Cluster 4

GEN

-0.051

-0.065

0.020

-0.004

-0.017

-0.004

-0.018

-0.010

-0.014

-0.016

-0.011

AE

0.063

-0.078

0.115*

-0.028

-0.016

-0.019

0.023

0.054***

0.019

-0.015

0.040

ET

-0.128*

0.000

-0.064

0.283***

0.282***

0.307***

REP

0.033

-0.037

0.028

-0.073

0.022

0.121

**

-0.192*** -0.170*** -0.233*** 0.326*** -0.275***
-0.083

*

-0.026

*p < 0.05; ** p < 0.01; *** p < 0.001)
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-0.062

-0.005

0.022

1.000
0.154*** 1.000***

-0.333*** -0.240***

0.091

1.000

0.016

0.005

-0.049

-0.046

1.000

0.002

0.002

-0.001

0.003

-0.015

1.000
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Table 4
Multiple regression results of perceived risk. Models follow the stepwise regression (Model 4* is the final perceived risk model). See Table B. 1 in Appendix B for alternative models.
Variables in model

R2

Adjusted R2

F

p

Unstandardized B

1

Constant
Log(min_gap)
Constant
Log(min_gap)
YDL
Constant
Log(min_gap)
YDL
BI
Constant
Log(min_gap)
YDL
BI
GEN

0.400

0.398

283.782

0.000

0.443

0.440

169.033

0.000

0.481

0.477

130.777

0.000

0.487

0.482

100.427

0.000

10.183
− 2.556
10.981
− 2.585
− 0.035
9.673
− 2.472
− 0.035
− 0.202
9.384
− 2.473
− 0.038
− 0.201
0.470

2

186

3

4*

95% confidence interval for B
Lower bound

Upper bound

9.451
− 2.854
10.223
− 2.873
− 0.047
8.806
− 2.753
− 0.047
− 0.274
8.487
− 2.752
− 0.049
− 0.273
0.071

10.916
− 2.258
11.738
− 2.297
− 0.023
10.540
− 2.191
− 0.024
− 0.130
10.280
− 2.193
− 0.026
− 0.130
0.869

Standardized coefficients β

− 0.632
− 0.640
− 0.208
− 0.612
− 0.211
− 0.196
− 0.612
− 0.223
− 0.195
0.082

t

p

27.326
− 16.846
28.499
− 17.657
− 5.743
21.929
− 17.281
− 6.012
− 5.538
20.565
− 17.377
− 6.327
− 5.546
2.313

0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.021
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Table 5
Multiple regression results of trust. Models follow the stepwise regression (Model 4* is the final trust model). See Table B. 2 in Appendix B for alternative models.
Variables in model

R2

Adjusted R2

F

p

1

Constant
1/min_TTC
Constant
1/min_TTC
BI
Constant
1/min_TTC
BI
YDL
Constant
1/min_TTC
BI
YDL
REP

0.359

0.358

238.883

0.000

Unstandardized B

95% confidence interval for B
Lower bound

2

187

3

4*

0.387

0.384

134.126

0.000

−
−

0.405

0.401

96.126

0.000
−

0.416

0.410

75.290

0.000
−

8.715
6.770
9.299
6.300
0.125
8.974
6.290
0.126
0.016
8.780
6.265
0.125
0.016
0.372

−
−

−

−

8.536
7.631
8.984
7.169
0.069
8.616
7.147
0.071
0.007
8.399
7.115
0.071
0.007
0.107

Standardized coefficients β

t

p

95.771
− 15.456
57.969
− 14.247
4.379
49.332
− 14.425
4.509
3.627
45.326
− 14.476
4.500
3.651
2.754

0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.006

Lower bound
8.894
− 5.909
9.615
− 5.431
0.180
9.331
− 5.433
0.182
0.025
9.161
− 5.414
0.180
0.025
0.638

− 0.599
− 0.558
0.171
− 0.557
0.174
0.136
− 0.555
0.172
0.136
0.102
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16) = 27.6157 (p = 0.000) for trust. The root mean squared error (RMSE) is 0.4044 for perceived risk and 0.3164 for trust while the
Pearson correlation is 0.9812 (p = 0.000) for perceived risk and 0.9554 (p = 0.000) for trust, indicating that the models well predict the
participant-averaged perceived risk and trust ratings within events. The group based regression models also describe individual events
within individual participants quite well, as shown in Fig. B. 2 and Fig. B. 3 in Appendix B, resulting in RMSE = 1.7810, Pearson
coefficient = 0.7252 (p = 0.000) for perceived risk and RMSE = 1.4835, Pearson coefficient = 0.5824 (p = 0.000). Note that the output
of these two models can be out of the feasible range [0, 10] because the linear regression models do not constrain the output, but
individual data were all within the feasible range. The perceived risk model also well predicted the extra 5 participants’ data with Rsquare = 0.3641, F (3, 86) = 17.0563 (p = 0.000) in RMSE = 2.3727, Pearson coefficient = 0.6562 (p = 0.000) (see Fig. B. 4 in
Appendix B).
3.1.3. Individual calibration
We calibrated the two models in Equation (1) and (2) for each participant (Appendix C), where both models were statistically
significant for all participants except the trust model for participant 18. Female participants were only sensitive to minimum gap but
not braking intensity (the models without BI for the female participants have an average RMSE = 1.4794); participants with more
driving automation experience perceived the risk to depend only on the minimum gap.
3.1.4. Substitution of potential predictors
As motivated in Section 3.1.1 and 3.1.2, only the best predictor in each of the two correlation groups was adopted in the regression.
Below we verify the substitution of alternative predictors.
In correlation group 1, we replaced min_gap and min_TTC in Equation (1) and (2) with the other three relevant factors. For
example, in Equation (1), we replaced log(min_gap) with log(min_TTC). This generated models 5–7 (see Table B. 1 and Table B. 2 in
Appendix B). The new models remain significant and the R-square decreases slightly. Hence, these common safety metrics have a
similar capability to predict perceived risk and trust, indicating that they can be replaced. However, some predictors become insig
nificant, such as GEN in perceived risk (see model 9 in Table B. 1 in Appendix B) and REP in trust (see model 9 in Table B. 2 in
Appendix B).
In correlation group 2, we replaced YDL with AGE (see model 8 in Table B. 1 and Table B. 2 in Appendix B). The new model 8 is still
significant with only a slight decrease in R-square, but GEN is no longer significant. Hence, AGE and YDL have a similar performance in
predicting perceived risk and trust and are thereby replaceable.
For other predictors outside the two correlation groups, REP only appears in the trust model (Equation (2)), meaning that par
ticipants trust the automation more after the first exposure of the events, which implies that trust will accumulate over time provided
that no crash or automation failure occurs. To further validate the effects of automation exposure, we compared the trust levels of the

Fig. 5. Relation between perceived risk and trust for individual events (filled dots) and averaged over participants (circles). Darker dots indicate
more overlapping data points.
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questionnaires before and after the simulator drive for all 25 participants (Table 1). We found only participants 4 and 6 trusted the
automation less after the simulator drive, and especially participant 6 reported a ‘crash’ during the experiment, where the minimum
distance between the automated vehicle and the lead vehicle was close to zero. The average trust level increased from 6.84 (SD = 1.54)
before the simulator drive to 7.92 (SD = 1.47) (p = 0.016) after the drive. Hence, both the inclusion of REP in the trust model and the
questionnaire indicate that trust generally increased over time.
3.2. Correlation between perceived risk and trust
Our regression models for perceived risk and trust show a substantial similarity in agreement with the literature (Ayoub et al.,
2021; Xu et al., 2018; Zoellick et al., 2019). This similarity is also supported by Fig. 5. A strong linear relationship was found with a
Pearson correlation r = − 0.919 (p < 0.01) between participant-averaged perceived risk and trust levels for different events. Regarding
all 500 events, the repeated measures Pearson correlation coefficient is − 0.649 (p = 0.000) (Bakdash and Marusich, 2017). This means
that people trust the system more after events where they perceive a lower risk. The individual correlations between perceived risk and
trust are significant for 13 out of 25 participants but are not significant for participants with a low standard deviation of trust (Table B.
3 in Appendix B).
To evaluate how well the predictors discriminate between trust and perceived risk, we cross-validated the models of perceived risk
and trust. Specifically, we used the predictors of perceived risk to model trust and the predictors of trust to model perceived risk
(models 9 in Table B. 1 and Table B. 2 in Appendix B). The two models are still significant with a slightly lower R-Square but REP and
GEN are no longer significant in the new models.
We conclude that perceived risk and trust negatively correlate and can be modelled using the same predictors of min_gap, min_TTC,
YDL, and BI. However, REP only significantly affects trust, and GEN only significantly affects perceived risk.
3.3. Effective indicators of perceived risk and trust
Participants’ braking signal, pupil diameter, and ECG were recorded during the experiment, along with the continuous rating of
perceived risk (Fig. 7). This section investigated whether these signals reflect perceived risk and trust effectively.
3.3.1. Continuous ratings of perceived risk
To examine the consistency between continuous and verbal ratings, we compared the participant-averaged peak continuous risk to
the corresponding verbal ratings (Fig. 6). The two measures have a strong linear relationship, as indicated by their correlation (r =
0.983, p < 0.001). Hence, we conclude that the continuous ratings accurately reflect participants’ perceived risk.
3.3.2. Braking behaviour and perceived risk and trust
Braking is a signal potentially reflecting higher perceived risk and lower trust levels. This was confirmed by adding the maximum
braking pedal position (max_B) to the models in Equation (1) and (2), resulting in model 10 (see Table B. 1 and Table B. 2 in

Fig. 6. Participant-averaged perceived risk ratings within events for the two rating methods.
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Appendix B) for perceived risk and trust. Maximum braking was a significant predictor of perceived risk (p = 0.012), but the relation
with trust was not significant (p = 0.070) within single events.
7 of 25 participants braked in at least one event. Therefore, the participants were divided into non-braking and braking groups (see
Appendix D Braking behaviour). The braking group reported a higher perceived risk (p = 0.021) and lower trust (p = 0.000) in most of
the event types supported by t-test.
3.3.3. Pupil dilation and perceived risk
We evaluated if pupil dilation can indicate perceived risk. Pupil dilation was expressed as the difference of the maximum and
minimum pupil diameter from 20 s before till 10 s after reaching a minimum gap to the lead vehicle, which spans the first moment
when the on-ramp became visible until the time the participant was asked to provide subjective ratings (see Fig. 7).
Firstly, we explore whether the pupil significantly dilated in different event conditions. Kruskal-Wallis tests showed significant
variations of participants’ pupil diameter within most of the event conditions (p = 0.000), indicating pupil dilation significantly
changed within an event (see Appendix D Pupil dilation).
To evaluate whether event criticality had a within-subjects effect on pupil dilation, we performed repeated measures ANOVA
among all 20 event types. The difference between pupil dilation in different event types is statistically significant in the second
exposure of the events (F (5.881, 123.502) = 2.783, p = 0.015), but insignificant in the first encounters (F (4.470, 93.865) = 1.014, p =

Fig. 7. Participant-averaged signals in the most critical merge MB3 (left), the least critical merge MB7 (mid), and in hard braking (right). The time
scale is t = -55 s to t = 55 s, where t = 0 means the smallest gap to the lead vehicle. Pupil diameter is relative to the participant’s overall pupil
average (all events combined). BPM indicates heat rate; RMSSD represents root mean square of successive inter-beat interval differences; HF in
dicates the power in the High-frequency band (HF; 0.15–0.40 Hz); The solid curve and the dashed curve represent the first and second exposure.
Time is zero for the timing of minimum gap to the merging or leading vehicle. Black solid line: timing when the on-ramp became visible. Green
dashed line: timing when the merging vehicles became visible. Blue dashed line: timing when the merging vehicle started to brake. Black dashed
line: timing when the participants gave verbal ratings. Results before t = 0 include recovery from preceding events with some variation due to
randomization. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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0.409). Repeated measures correlation analysis in 397 events shows no significant correlation between within-subject pupil dilation
and the maximum continuous risk (Correlation r = 0.03, p = 0.530). A strong correlation is found between the participant-averaged
pupil diameter signal and the participant-averaged continuous perceived risk signal across all participants (22 participants available in
18 out of the 20 event types, especially in the most critical event MB3 (see Table D. 1 in Appendix D Pupil dilation).
Therefore, we conclude based on the participant-averaged signals that pupil dilation highly correlates with perceived risk if the
events are sufficiently risky. The merging and braking events affected pupil dilation, but the correlation between the maximum
continuous perceived risk and pupil dilation across all events was not statistically significant.
3.3.4. ECG and perceived risk
To evaluate whether event criticality had a within-subjects effect on heart measures, we performed repeated measures ANOVA as
well as a repeated measures correlation among all event types. Heart rate and variability metrics were calculated over the same time
period as the pupil dilation in Section 3.3.3. The ANOVA results show that a difference between event types was only statistically
observed for IBI with a marginal significance of p = 0.053 among first events and p = 0.002 among second events. In the most critical
event MB3, IBI tended to be smaller compared to less critical events (see Table D. 2 in Appendix D ECG).
Repeated measures correlations were performed between the three heart metrics and two safety metrics: the minimum time
headway and maximum continuous risk. A strong correlation between the safety metrics was observed but they do not correlate with
the within-subject heart metrics (see Table D. 3 in Appendix D ECG)
In terms of the participant-averaged BPM, RMSSD and HF, heart rate increases in the period following an event, and this pattern is
consistent across events and within repetitions of the same event. No such pattern was observed for RMSSD and HF in the participantaveraged signals. The participant-Averaged BPM increase did not correlate significantly with participant-averaged perceived risk (r =
0.174, n = 20, p = 0.464) or minimum time headway (r = -0.378, n = 20, p = 0.100), which indicates no consistent relation with event
criticality (see Fig. D. 3 in Appendix B).
Therefore, we conclude that the merging and brake events can increase heart rate, but no significant relation was found between
these heart measures and perceived or objective risk. Heart rate variability metrics were not significantly affected.
4. Discussion
This study was conducted to model perceived risk and trust in SAE Level 2 driving automation (ACC + LC) reacting to merging and
hard braking vehicles based on a driving simulator experiment.
4.1. Factors influencing perceived risk and trust
The regression models of perceived risk and trust (Equation (1) and (2)) demonstrate that smaller minimum gap, minimum TTC,
and stronger braking intensity lead to higher perceived risk and lower trust. Other classic surrogate metrics of safety (SMoS), including
the initial merging gap and THW have similar performance predicting perceived risk and trust (Table B. 1 and Table B. 2 in
Appendix B).
Our study shows that these well-known SMoS are good predictors for perceived risk. The results are in line with Ma et al. (2018),
who used TTC and THW in a regression model of driver’s subjective risk in critical cut-in scenarios in manual naturalistic driving.
Kondoh et al. (2008) captured human risk perception during car-following as the summation of the time headway inverse and the time
to collision. Lu et al. (2012) also found a strong relationship between TTC, THW and perceived risk in car-following. It should be noted
that non-linear transformation of the SMoS was required to obtain accurate models predicting perceived risk and trust. These
transformations may express human risk perception related to the visual perception of relative motion (Lee, 1976). Braking intensity of
the leading vehicle affects both perceived risk and trust as an independent factor which is only mildly correlated to other factors related
to vehicle motion (|r| < 0.275 for Cluster 2 in Table 3). We are not aware of other studies indicating the relevance of braking intensity
in perceived risk and trust, and recommend further exploration of this factor in future studies.
For trust, our study shows that the well-known SMoS are also predictive. Specifically, participants have a lower post-event trust if
the minimum TTC is smaller and the braking is stronger in the previous event. This aligns with existing studies on trust modelling and
trust calibration. According to Hoff and Bashir (2015) and Lee and See (2004), trust is established in a dynamic process using new
information (e.g., event criticality, system performance, etc.). Kraus, Scholz, Stiegemeier, et al. (2020) demonstrate that drivers
perceive and interpret the system behaviour and then update the dynamic learned trust based on the initial dynamic trust. Kaplan,
Kessler, and Hancock (2021) established a trust model where the environmental or contextual factors are directly used to calculate
trust. In our models, the safety metrics and kinematic vehicle state represent the criticality of the previous event, which updates trust
based on the initial trust.
The impacts of personal characteristics on perceived risk and trust were quantified by the regression models in Table 4 and Table 5.
We found increased trust in automation with more driving experience similar to Jin et al. (2020), Gold et al. (2015) and Kaplan,
Kessler, Brill, et al. (2021). For perceived risk, we found that driving-experienced participants perceived lower risk when using
automation compared to inexperienced drivers. Apart from a higher trust in the system, this may also be a consequence of trust in their
own ability to intervene, as illustrated by He and Donmez (2019), where experienced drivers showed less attention relaxation with SAE
Level 2 automation while performing a secondary-task. Similarly, Borowsky and Oron-Gilad (2013) and Ping et al. (2018) show that
experienced drivers have stronger hazard awareness when watching movies of real-world driving situations.
Gender effects were found in several studies, where males tend to trust the automation system more than females (Feldhütter et al.,
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2016; Kaplan, Kessler, Brill, et al., 2021), and females perceive more risk (Hulse et al. (2018). We found females to experience a higher
risk but found no significant effect on trust, possibly due to limited sample size and imperfect gender balance.
4.2. The relation between perceived risk and trust
Our results support that when people perceive lower risk, they trust automation more. Models 4 in Table 4 and Table 5 show
considerable overlap between trust and perceived risk determinants, confirmed through cross-validation with models 9 in Table B. 1
and Table B. 2 in Appendix B. The two constructs shared a strong negative correlation, which agrees with internet surveys (e.g. Choi
and Ji, 2015; Zoellick et al., 2019). Consequently, we observed that predicting variables of either construct are interchangeable be
tween regression models. However, there are grounds to believe that the two constructs are partially independent (see the discussion in
4.4).
4.3. Measures of perceived risk and trust
The regression models are based on post-event verbal ratings of perceived risk and trust. Continuous perceived risk was highly
correlated to the post-event verbal rating, indicating the effectiveness of the continuous measurement of perceived risk. However, the
continuous measurement increases the drivers’ workload, and participants occasionally forget to press the sensor. Taking into account
these limitations we do consider our continuous risk measure to be a valuable reference to study and model perceived risk as a function
of time. However, in a recent on-road experiment such a measurement was less effective with many missed events (Stapel, Gentner, &
Happee, 2022).
Significant effects were obtained for physiological measurements of pupil diameter and ECG metrics. Effects of events on pupil
dilation were significant at the group level. Pupil dilation varied with perceived risk, in particular for the most critical events. ECG
metrics showed significant effects of events on IBI, but showed no significant correlations with event criticality. Hence, pupil dilation
may indicate the amount of perceived risk while IBI is at best indicative of the presence of perceived risk. However, they lack accuracy
in quantifying perceived risk which will be an even larger drawback in on-road studies.
We found that driver intervention (braking) relates to perceived risk and trust at the event level, where the 7 participants braking in
at least one event reported higher risk and lower trust averaged over all events. Such interventions demonstrate active monitoring by
drivers and the somewhat lower trust levels in braking drivers can reflect well-calibrated trust levels. Our findings regarding braking
behaviour are in line with Tenhundfeld et al. (2020) and Lee et al. (2021), who found that if participants brake more frequently, they
perceive more risk and trust the system less in a Tesla automated parking test and an intersection crossing experiment in a driving
simulator. Hence, braking behaviour is a relevant indicator of the presence of perceived risk and distrust but only 7 out of 25 par
ticipants braked. Braking can be easily used for research since it will not influence behaviour and requires no additional
instrumentation.
4.4. Limitations and future work
Our regression models of perceived risk and trust are based on Level 2 driving automation (ACC + LC) in limited samples (428
events). The models use surrogate metrics of safety related to longitudinal interaction (1-D) to predict perceived risk and trust for both
merging with hard braking (MB) and hard braking without merging (HB). However, in the real world, perceived risk comes not only
from longitudinal but also from lateral conflicts. More advanced surrogate metrics of safety already consider lateral motion and
multiple risk sources (Afghari et al., 2018; Kolekar et al., 2020; Mullakkal-Babu et al., 2020). Further experiments should consider
lateral interaction to extend the current models to 2-D. The models predict perceived risk and trust per event, and need a trans
formation for prediction as continuous function of time suitable for real time control.
The regression models of perceived risk and trust combine existing knowledge with human response data. The selection of potential
influencers of perceived risk and trust, and the clusters in Table 3 are knowledge-based, while multicollinearity checks and regression
are data-driven. Full data-driven methods, like machine learning, can dig out more valuable information from data beyond human
experience, and may be promising in future modelling of perceived risk and trust in particular when large datasets become available
from multiple experiments and on-road observations.
A close correlation was observed between perceived risk and trust. However, we still cannot answer the causality question ‘which
one is the determinant of the other’. The interaction between perceived risk and trust can be studied further using longitudinal data
monitoring the process of trust calibration in relation to event criticality and performance of the driving automation. We found that
participants trust the automation more in the second exposure to events, which is shown as REP in trust regression model (Equation
(2)). This is related to trust calibration and is also supported by Kraus, Scholz, Stiegemeier, et al. (2020), who found that trust increases
over the course of system interaction if an automated system works without malfunctions. During our experiment, no malfunctions or
accidents were simulated. Therefore, we can only conclude that participants trust the system more with more automated system
interaction, but our results cannot support accident-related trust calibration. The current results only support short-term learned trust
calibration. Self-reported trust can still change in several weeks, even in several months, according to Walker et al. (2018), where
driver’s trust toward SAE level 2 cars still changed 2 weeks after the automation experience. Note that the trust here usually refers to
dynamic learned trust calibration, which is steadily updated in a dynamic calibration feedback loop according to Hoff and Bashir
(2015), Kraus, Scholz, Stiegemeier, et al. (2020) and Lee and See (2004).
It shall also be pointed out that the applied verbal rating procedure captured perceived risk and trust with only two questions for
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each event. This simplification was needed to capture ratings after each event but can be complemented by more complex ratings in
future studies.
The models of perceived risk and trust can be used to calibrate SMoS so that human factors can be included in risk prediction and
assessment. These subjectively calibrated SMoS can be subsequently used as cost function, constraint or reference in AV path planning,
decision making and controller design (Hu and Wang, 2021). This has the potential to make users feel safe and trust AV, enhancing user
acceptance of driving automation.
5. Conclusions
This study investigated perceived risk and trust in Level 2 driving automation (ACC + LC) in motorway driving with a simulator
experiment. We developed regression models that accurately predict perceived risk and trust in specific events and the models reveal
that neighbouring road users’ behaviours (relative motion) significantly influence occupants’ perceived risk and trust. No difference
was found in perceived risk and trust between merging with hard braking and hard braking without merging. Our models show that
experienced drivers are less sensitive to risk and trust the automation more, while female participants perceive more risk than males.
The findings confirm that perceived risk and trust are highly correlated. The proposed models indicate that trust and perceived risk
shared the predictors of minimum gap, minimum TTC, years of driving, and braking intensity but differ in using event repetition in the
trust model and gender in the perceived risk model. Additionally, the results show that people who perceive lower risk trust the
automation more. Regarding the indicators of perceived risk and trust, continuous ratings of perceived risk and braking behaviour can
effectively indicate perceived risk or trust. Pupil dilation can reflect perceived risk if the event is sufficiently risky. The merging and
braking events increased heart rate, but there was no quantified relation between heart rate increase (variability) and perceived risk.
Future research will focus on extending the perceived risk and trust models towards more complex interactions and applying the
models in designing control strategies and human-machine interfaces leading to desirable levels of perceived risk and trust.
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