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Executive Summary

As research and development on automated driving systems (ADSs) continues to advance, the full scope of
safety challenges associated with automated vehicles (AVs) remains uncertain, particularly regarding human-
system interaction. As more ADS-equipped systems move towards deployment on public roads, understanding
their operational safety remains an urgent priority.

This report presents the development and initial findings supporting the empirical validation of a driver-system
model through controlled driving simulator experiments involving drivers performing takeover scenarios in
Level 3 ADS. The foundations of this model lie in team performance models developed within the context of
Human Reliability Analysis (HRA) in complex socio-technical systems. HRA provides key input into quantitative
and qualitative risk assessments, and, by extending these concepts to human-system interactions in ADS
operations, it offers a path to extract and quantify the impacts that ADS system and operation design have on
operational safety.

Current literature and ongoing research exploring human-autonomy teams (HATs) in ADS operations are used
to establish and refine relationships within human-system team models. From the perspective of HATs, a
causal model is constructed using Bayesian networks to represent the relationship between identified
performance shaping factors that contribute to team performance (Correa-Jullian et al. 2024a; Correa-Jullian et
al. 2025, Correa-Jullian et al. 2026b). Driving simulation-based experiments inform and complement the
model’s development and quantification, with a focus on operation and takeover performance. This report
provides an overview of the experimental design and analysis of the data collected from the driving simulator-
based experiments. Given that time-constrained control transitions between drivers and the ADS have been
identified as a critical source of safety hazards, the experiments are designed to assess the impact of silent
failures — when a system failure that should have triggered a driver-facing alert has failed to do so - (Factor A:
Takeover Request / Warning Availability) and environmental complexity (Factor B: Traffic Level) on operation
and takeover performance—represented through a causal Bayesian belief network (BBN) structure.

The experiments were conducted in a medium-fidelity physical simulator and leveraged the OpenCDA open-
source platform to design the driving scenarios (Xu et al. 2023). A total of 72 volunteers participated in the
research study conducted from February to May 2025. Questionnaires were used to extract the participants’
driver profile, trust in driving automation, and workload perception of the simulated driving scenarios. These
subjective ratings were combined with simulation data, including vehicle kinematics, reaction times, and
recorded incidents, to derive the impact of agent, scenario, and team factors on safety performance.
Appropriate statistical tests were applied to continuous, count, and categorical (ordinal and nominal) data to
determine the significance of main and interaction effects, i.e., the impact of warning availability and traffic
levels. Future work will focus on the final causal model developed and calibration to link the participant’s
profile and scenario complexities (e.g., traffic, warnings) to safety outcomes, i.e., probability of collision or
near-miss hard-braking events.

Automated Vehicle Safety: Developing a Human-Autonomy Team Model - Findings from Driving Simulator Study
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Introduction

Automated driving systems (ADSs) and their associated technologies possess significant implications for
transportation, commercial sectors, and legal frameworks. Their successful adoption depends on rigorous
identification and mitigation of associated risks, particularly those arising from human-system interactions.

The integration of ADS into heavy-duty commercial transport operations is driven by the objectives of reducing
traffic collisions and incidents attributable to human errors, while enhancing efficiency and extending
operational hours (Bhoopalam et al. 2023). As automated driving technology is increasingly used on public
roads, understanding the relationship between drivers and ADS-equipped vehicles is a first step towards
establishing robust evidence-based policies in commercial applications.

To date, the Society of Automotive Engineers (SAE) categorizes automation on a scale from 0 to 5, based on
the division of the dynamic driving task (DDT) between human and machine (SAE On-Road Automated Vehicle
Standards Committee 2021). At Levels O to 2, the human remains responsible for performing the DDT, with
automated features supporting when certain conditions are met. At Level 3, the ADS controls the DDT within a
prescribed operational design domain (ODD) but may require human fallback. Level 4 systems can operate
without in-vehicle fallback but remain ODD-limited, whereas Level 5 automation performs all driving tasks in
any environment. Currently, there are multiple prospective models of heavy-duty autonomous vehicles
operations spanning Levels 2-4 depending on the application, underscoring the need to examine how human
operators supervise, intervene, or collaborate with automation.

Automation poses many challenges regarding human-system interaction, such as complacency, human-out-of-
loop, sudden increases in cognitive workload, distraction, and skill degradation. However, human supervision
also serves as the ultimate safety barrier to prevent or mitigate risks during operation. Therefore, systems must
be designed to ensure safe human intervention when needed. This analysis incorporates methods from human
reliability analysis (HRA) and human factor research to characterize and quantify risks arising from human-ADS
interactions.

This work examines operational safety across two dimensions. A previous report (Correa-Jullian, et al. 2026)
established a structured hazard identification methodology to derive safety metrics emphasizing the role of
human-system interactions in heavy-duty autonomous vehicle operations. Building on these findings, the
present report develops a theoretical interaction model informed by driving simulator experiments to partially
validate causal relationships.

Automated Vehicle Safety: Developing a Human-Autonomy Team Model - Findings from Driving Simulator Study



Developing a Human-System Interaction Model: Driving Simulation
Study

To advance the research on human-system interactions in the context of ADS operations, this research adapts
team performance frameworks from HRA to the transportation domain. The HRA discipline has long supported
quantitative and qualitative risk assessments of complex socio-technical systems. Extending these concepts to
ADS operations provides a path to quantify operational safety impacts of system and mission design.

Recent research emphasizes collaborative dynamics between humans and automation, including task allocation
strategies, trust calibration, attention management, and explainability challenges (Janssen et al. 2019; Lyons et
al. 2021). The concept of human-autonomy teams (HATSs) offers a framework for analyzing these interactions
from a collaborative perspective. These HATs are defined as teams in which at least one member meets the
definition of an autonomous machine agent — expressing degrees of agency, interdependence, and proactivity —
working alongside human team members to achieve a collective goal (O’Neill et al. 2023; Mosier et al. 2017,
O’Neill et al. 2022; McNeese et al. 2018). This hybrid team concept makes it possible to apply decades of
research on the impact of human team dynamics to system safety and explore emerging behaviors.

With rising automation across industries, HRA provides structured approaches to modeling human
performance under evolving operational demands (Porthin, Liinasuo, and Kling 2020). Many HRA methods rely
on performance shaping factors or performance influencing factors (PSF/PIF) to express factors impacting
human performance and estimate human error probabilities (Ekanem, Mosleh, and Shen 2016; Boring and
Blackman 2007; Sundaramurthi and Smidts 2013). PSFs are aspects of individual characteristics, the
environment, scenario development, or the organization in charge that increase or decrease the likelihood of
human error (Groth and Mosleh 2012). The team-centered information, decision, and action in crew (Tc-IDAC)
model (Azarkhil, Mosleh, and Ramos 2025b; 2025a) further established connections between individual-level
and team-level tasks, error modes, and factors. This work focused on expanding individual, team, and
communication related factors, and proposed causal models for the five team-related factors (Azarkhil and
Mosleh 2014). Multiple methods have been used to estimate human error probabilities, including the use of
Bayesian belief networks to represent the causal relationships between human factors, tasks, and system safety
(Groth, Smith, and Moradi 2019). However, a persistent limitation is the lack of benchmark datasets to support
parametrization. As a result, many models rely on expert judgement to estimate values of nominal human error
probabilities and performance shaping factors (Burns and Bonaceto 2020). In ADS contexts, existing
experimental studies typically measure physiological and behavioral responses under various interface designs
and operational scenarios. These studies provide an opportunity to align existing HRA theory with empirical
evidence.

Accordingly, this report reviews existing PSF taxonomies and adapts them for ADS and safety-driver contexts.
We then selected PSFs to construct a driver-system interaction model focused on takeover performance based
on the findings from the safety metric derivation methods study (Correa-Jullian et al. 2026a), combined with
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relevant literature on human factors and human reliability analysis. We conducted driving simulations with
human subjects to refine and parameterize this model, where risk scenarios involving human or interaction
failures were implemented in a virtual driving simulator environment. Given that time-constrained control
transitions between ADS and safety drivers are a critical hazard source, experiments focused on how workload
and silent failures (e.g., a warning fails to appear) affect driver takeover performance.

Report Organization

This report is structured as follows: (1) review of human-system interaction literature, (2) selection of PSFs
relevant to ADS safety drivers, (3) experimental design of the driving simulator study, and (4) overview of key
results.

Automated Vehicle Safety: Developing a Human-Autonomy Team Model - Findings from Driving Simulator Study ' 5



Human-System Interaction Model

Heavy-duty autonomous vehicles are expected to operate at SAE Level 4 with no human intervention.
However, a variety of operational concepts have emerged in this space, such that different operator roles and
levels of human intervention may be required at certain operational periods (Correa-Jullian et al. 2026a). Many
elements from human-system interactions studies can provide insights to guide the system and operation
design of these systems, so that when human intervention is required (in the event of an emergency), it is
timely and contributes to prevent or mitigate risks.

The SAE levels of driving automation define “Driver Support Systems” (Levels 0-2) and “Automated Driving
Systems” (Level 3-5). Commercially available driver support systems — commonly referred to as advanced
driver assistance systems (ADASs) — have expanded over the past decade, offering assistance at low speeds and
on highways under specified conditions (Aukema et al. 2023; Yu et al. 2021). Up to SAE Level 2, the driver
needs to continuously monitor the vehicle’s actions, respond to vehicle alerts or awnings, and intervene to
correct inadequate responses as the automated driving technology does not perform all object and event
detection and response (OEDR) functions. Driver warning design depends on the vehicles’ manufacturer, and
can span different modes, including visual (e.g., dashboards alerts), audible (alarms), and/or tactile (e.g.,
steering wheel, seat belt or seat vibrations). These warnings are activated even when there is not a risk of a
crash—i.e., beyond “crash-imminent scenarios” (Mueller et al. 2020; Yue et al. 2021; Zhu, Wang, and Hu 2020).
At Level 3, the ADS performs all OEDR functions under specific operational conditions, i.e., it can perform all
DDTs within its ODD; but the human remains as the fallback-ready user, intervening upon the request of the
ADS or in response to unsafe driving conditions (Boggs, Arvin, and Khattak 2020; Favaro, Eurich, and Nader
2018). Shared-control, task-allocation, and control-transition designs depend on vehicle specifications and
operational envelopes (Vanderhaegen 2021; Warg, Skoglund, and Sassman 2021; Marcano et al. 2020).

A core challenge at Level 3 is resolving conflicting assessments between system and driver during automation
failures or when the driver’s situational awareness is limited (Vanderhaegen 2021). Takeover performance in
shared autonomy is influenced by time pressure, stress, sleep deprivation, and the longer-term effects of
automation on attention and cognitive load during routine and emergency disengagements (Bruck, Haycock,
and Emadi 2021; Rendon-Velez et al. 2016; Gouribhatla and Pulugurtha 2022; Ramakrishnan, Balasingam, and
Biondi 2021; Paschalidis, Choudhury, and Hess 2018; Wu et al. 2019). Human-system interface design, non-
driving-related tasks, and alarm characteristics also shape situational awareness and takeover quality (Samani,
Mishra, and Dey 2022; DeGuzman et al. 2021).

At Level 4, the ADS is expected to execute all DDTs independently, including DDT fallbacks and achieving a
minimal risk condition, without requiring human driver intervention, provided the system operates within its
predefined operational design domain (ODD). Hence, the user is not expected to monitor or intervene in the
vehicle’s actions (SAE On-Road Automated Vehicle Standards Committee 2021). Yet, remote human assistance
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is expected to remain necessary for supporting vehicle and passenger operations in the near future (Kettwich
et al. 2021) or may remain indefinitely as part of their concept of operations, especially in middle-mile
operations (automation is engaged between first-mile and last-mile delivery, the latter being operated in
manual driving mode by a safety driver or operator). Many planned heavy-duty autonomous vehicle concepts
involve interactions among SAE Levels 2-4 systems and remote operators, safety drivers, or safety operators
who support tasks outside the ODD or serve as fallback-ready users in emergencies (Bhoopalam et al. 2023).
Thus, evaluating safety drivers and the feasibility of remote interventions—determining which tasks are
appropriate and when—requires comprehensive modeling of factors that influence system-level safety and
performance. This report centers on onboard safety drivers and their interactions with ADS-equipped heavy-
duty vehicles. Details on remote operators can be found in Correa-Jullian et al. 2024b; Ma et al. 2024; and
Correa-Jullian et al. 2025.

Safety Driver

This case considers a trained and certified safety driver responsible for supervision, responding to takeover
requests, initiating disengagements, and interacting with the ADS, while remote fleet operators provide limited
service-related support. Figure 1 depicts the functions and communications between the safety driver and the
ADS-equipped vehicle.

When the ADS is engaged, the onboard driver serves as a fallback-ready user, independent of whether the ADS
can nominally perform the DDT fallback. When the ADS is not engaged, the driver performs the DDT and may
request ADS engagement when appropriate. The driver can initiate control transitions (e.g., manual input) or
accept takeover requests (e.g., steering or braking interventions). Although expected to monitor the
environment continuously, the driver may fail to maintain situational awareness (e.g., because reduced
attention or engagement in non-driving-related tasks).

To sustain engagement, the ADS employs noninvasive driver-monitoring tools. Alert messages include those
referring to safety (e.g., multi-model audio, visual, and haptic alerts), driver monitoring (e.g., front-facing gaze
or hand-on steering wheel), vehicle health (e.g., a vehicle failure has been detected), driver-initiated control
transfer status (e.g., success or failure), and system-initiated control transfer (i.e., take-over requests). The ADS
may transmit regular vehicle warnings or suggested actions based on internal health metrics (e.g., low battery
or tire pressure). Additionally, some information is communicated passively, such as general health metrics, as
well as infotainment and navigation applications. Even with certification, the safety driver may have limited
understanding of heavy-duty autonomous vehicle functions and may be unable to diagnose system
misbehavior. Identifying factors that affect performance is therefore a first step toward systematic frameworks
for assessing system-level safety impacts.
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Figure 1: Functional Breakdown of On-Board Driver and ADS-Equipped Vehicle.
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Selected Performance Shaping Factors

Developing a human-autonomy team (HAT) performance model requires analyzing, adapting, and extending
existing PSF nomenclatures to represent both human and automated machine agents. While the underlying
decision-making mechanisms of an autonomous machine agent fundamentally differ from a human, the effect
of both internal and external factors, e.g., scenario and design elements, can be traced to observable ADS
behaviors.

Building on the hierarchy developed in Groth and Mosleh (Groth and Mosleh 2012), this section applies PSF
concepts to HATs at comparable levels of detail across agents, considering organization, agent, scenario, and
team factors, and identifying data sources for design-time and operation-time characterization. Team-behavior
insights from team-centered information, decision, and action in crew (Tc-IDAC) complement the taxonomy
(Groth and Mosleh 2012; Ekanem, Mosleh, and Shen 2016), adding detail on how individual-level factors shape
team-level cohesion, role awareness, and leadership. Effective error detection, indication, and correction
require shared mental models, mutual monitoring, backup behavior, and adaptability (Mosier et al. 2017),
offering greater transparency into system-level decisions when interpreted through team interactions
(Azarkhil, Mosleh, and Ramos 2025b; 2025a). A summary of the proposed taxonomy is presented in Table 1,
with additions highlighted in bold.

This section contains extracts from Correa-Jullian et al. (Correa-Jullian et al. 2024a; Correa-Jullian et al. 2025;
Correa-Jullian et al. 2026b) as well as additions focused on safety drivers.

Organization-Based and System-Based Factors

Organization-based and system-based factors (previously machine-based factors) are those under the control
of the organization operating or designing the system. In the context of ADS, the boundary between system-
and organization-based factors becomes less distinct due to the involvement of multiple organizations, such as
vehicle manufacturers (OEMs [original equipment manufacturers]), technology suppliers, ADAS-ADS
developers, and fleet operators. The main applicable factors are:

e Safety culture: Each organization’s safety culture is reflected in risk-management policies and
responsibility allocation across system and operations design. The OEM-ADS developer relationship
and over-the-air updates further complicate distinctions between organization- and machine-based
factors, embedding safety culture in design, testing, validation, maintenance, updates, and incident
reporting. Safety culture can be used as a proxy for elements likely to be codified by standards or law
(e.g., corrective-action programs, task-allocation requirements).

e Training programs: As in other complex systems, ADS fleets will rely on the availability and quality of
decision-support procedures. Safety driver training and certification may be essential depending on
task allocation and scheduling (e.g., ODD-breach detection, DDT fallbacks, post-incident management,
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communications with remote operators/first responders) (Automated Vehicle Safety Consortium
2024).

e Corrective action programs: Although many ADS design attributes are fixed (robustness, verification
and validation, testing), operational software/hardware elements may be updated periodically. The
availability and quality of corrective-action programs determine how operational experience informs
system improvements, potentially altering task allocation, procedures, and tools for both humans and
automation (Zhao et al. 2020).

Table 1: Proposed PSF Classification for Use in HATs Involved in ADS Operations.

Organization/ Team-based Agent-based Scenario-based
System-based
Training program Team Cohesion Attention/Resource External environment
Corrective action e Shared Goals Allocation Conditioning events
program e Mutual Trust Physical & psychological Task load
Safety culture Role Awareness abilities Time load
Management Direct Supervision e Alertness/Resource Other loads
activities e Leadership Availability e Non-task
e Task Team Communication e Fatigue e Passive
Allocation e Human-system e Impairment information
e Task interface e Physical attributes Task complexity
Scheduling Input/Output | Knowledge/Experience/System | Stress
Workplace adequacy e Control Maturity Perceived situation
Resources transitions Skills e Severity
Procedures e Non-safety Bias e Urgency
Tools related Familiarity with situation Perceived decision
Necessary Team Coordination Risk Tolerance responsibility
information e Responsiveness
e Engagement

Agent-Based Factors

Agent- or individual-level factors include attention, experience, and risk tolerance. Historically these human-
focused and often unobservable factors (requiring behavioral markers) can be extended to autonomous agents
to capture how ADS software and architecture shape problem-solving. We have introduced four new factors to
express ADS behaviors to act as parallels to human-based factors, as depicted in Table 2. These are:
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Resource Allocation: Human attention maps to the ADS’s resource allocation strategies, as shaped by
its electrical/electronic architecture design. This is usually developed at early design stages, focusing
on complying with safety and non-safety requirements, such as timing, redundancy, and freedom from
interference (Askaripoor, Mueller, and Knoll 2023).

Resource Availability: Physical and psychological abilities refer to the internal resources of the agent
available to perform their tasks, including the level of alertness, fatigue, impairment, or physical
attributes (relevant to impaired/distracted driving and remote operators) (Ayas et al. 2023; McKerral,
Pammer, and Gauld 2023). For the ADS, resource availability captures system degradation (including
elements of sensor or software reliability and calibration) and computational resource depletion
(energy, memory, and processing capacity) during operation (Y. Zhang et al. 2023).

System Maturity: Safety drivers and remote operators are expected to fulfill training requirements and
potential future certification requirements (Automated Vehicle Safety Consortium 2019; 2023). These
factors are significantly shaped by design choices, verification and validation processes, and software
maintenance of the ADS. Consequently, the factor system maturity is proposed to account for
knowledge/experience comprising (1) data exposure (e.g., dynamic environmental conditions, high-
definition map accuracy, and driving behavior model sophistication), (2) testing performance (e.g., real-
world scenarios, closed tracks, simulation), and (3) the extent of the certified ODD.

Risk Tolerance: This factor encapsulates the agent’s concern for safety and attitude towards risk,
central to rule-based decision making, traffic law compliance, and prioritizing safety based on
contextual cues. For the driver, this may be a defining factor in calibrating time budgets for takeovers
and other emergency situations (Tanshi and Soffker 2022). Software architecture design can directly
impact risk tolerance—for example in the selection of safety margins or confidence thresholds, or the
design of trigger automated fallbacks or sensor fusion schemes impacting OEDR tasks (Lodhi, Kumar,
and Pandey 2023). Fleet-level consistency depends on maintenance and update policies (Correa-Jullian
et al. 2024b; 2024a).

Bias, skill, and perceived familiarity apply to human and automated machine agents. Human cognitive biases
(expectation, confirmation, belief, recency) affect decision-making, while the ADS is subject to bias from the
training data quality (data-based bias), decision-making algorithm sophistication (algorithm-based bias), or

sensor limitations under varying conditions (sensor-based bias). The skill factor represents the levels of

perception (e.g., hazard detection, localization), decision-making (e.g., path and maneuvers planning, risk

assessment), and control skills (vehicle control precision and responsiveness) of human and automated

machine agents (Zangi et al. 2022; Di and Shi 2021). Perceived familiarity captures how recent experiences

shape decisions: memory of recent events for drivers; training/testing completeness for ADS, including

incorporation of operational experience via updates (Zhao et al. 2020; Warg, Skoglund, and Sassman 2021). For
the driver, long-term performance over multiple exposures to takeover or intervention events is also relevant

(Samani, Mishra, and Dey 2022).
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Table 2: Equivalent Agent-Based PSFs for Safety Drivers and ADS-Equipped Vehicles (new
factors highlighted with *).

PSF Safety Driver ADS

Attention Task Effect of driving automation Resource Allocation*

Environment

Physical & Alertness Driver behavior and state Resource Availability*
Psychological Abilities

Fatigue

Impairment

Physical Attributes Relevant for slip errors

Knowledge/ Experience Extent of formal training System Maturity*

Skills Perception, decision-making, control & communication

Bias Expectation, confirmation, belief, | Data, algorithm, @
etc. sensor

Perceived Familiarity e.g., multiple exposure to Data exposure @
takeover events software update policy

Risk Tolerance* Trust & time-budget calibration Safety margins

Scenario-Based Factors

Scenario-based factors capture how scenario development influences performance. They include observable
characteristics (e.g., weather, road geometry, traffic) and perception-related elements (primarily for humans).
Table 3 provides a summary of applicable factors.

External environment refers to the overall complexity of driving conditions (e.g., weather, road geometry,
traffic density) and interactions with other road users (e.g., vehicles, cyclists, pedestrians). Conditioning events
encompass latent failures and alert-triggering events that influence scenario evolution. These include ODD
breaches, vehicle malfunctions and connectivity failures (which may require DDT fallback responses), and
takeover actions from the driver (Mishler and Chen 2023), either initiated by the driver or prompted by the
ADS.
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Task complexity reflects cognitive/physical demands, required knowledge/procedures, ambiguity, and task-

switching impacts (Stapel, Mullakkal-Babu, and Happee 2019; Heikoop et al. 2019). Task load is an individual-

level representation of the overall system design, accounting for the effective task allocation schemes
implemented and resulting task demand assigned to each agent (Khastgir et al. 2019). For the driver, this
includes takeover/handover procedures and system reliance on driver monitoring; for ADS, it includes
computational demands within the ODD or in response to an ODD breach, and other contextual information
increasing vehicle maneuver difficulty (e.g., road geometry, traffic density, weather conditions). Non-task-
related loads denote additional tasks beyond DDTs. For the driver, this refers to the non-driving related tasks
(McKerral, Pammer, and Gauld 2023); for the ADS, it is directly related to the resource allocation factor.
Information load represents the information and cues presented by elements external to the agent, including

their team members and the external environment. The design and calibration of safety alarms critically shape

the information load affecting the driver or remote operator, especially in emergency situations (Louw et al.
2019). Time load—the ratio of available to required time—constrains latency, task, and alarm design for both

agents, bounded by system and physical limits (B. Zhang et al. 2019; Tanshi and Soffker 2022; Marberger et al.

2018).

Table 3: Equivalent Scenario-Based PSFs for Safety Drivers and ADS-Equipped Vehicles (new

factors highlighted with *).

PSF

Safety Driver

ADS

Conditioning Events

Fallback triggers, e.g., ODD breaches, vehicle failures, driver alerts

External Environment

Driving conditions and traffic interactions

Information Load

Driver assistance warnings and requests

Resource Availability*

Non-task Load

Non-driving related tasks

Resource Allocation*

Perceived Severity & Urgency

testing

Task Load Dynamic Driving Tasks and Control Transitions
Task Complexity Scenario complexity
(e.g., within/outside ODD)
Time Load Physical and design constraints
Stress Mixed results in driver simulator/on-road n/a

Perceived Decision Responsibility

Interactions with other road users

Risk Tolerance*
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Perception-related factors (stress; perceived urgency, severity, responsibility) are primarily human-focused:
stress is influenced by attitudes toward driving and automation (Heikoop et al. 2019); both severity and
urgency play an important role for the driver (Becker, Brandenburg, and Thiiring 2022); and perceived decision
responsibility impacts interactions with other road users, reflecting the remote operator’s or driver’s perceived
responsibility to intervene in a scenario if the ADS or the driver or operator fail to prevent or mitigate a
hazardous scenario (Azevedo-Sa et al. 2021). For ADS, these constructs are better represented by risk
tolerance and resource availability (e.g., algorithmic capacity limits that can induce latency or unsafe actions),
providing proxies for “perceived” urgency and information and time constraints (Marcano et al. 2020).

Team-Based Factors

A team perspective increases problem-solving capacity and provides layered safety, but introduces
coordination challenges hinging on cohesion, role awareness, communication, and authority gradients (Groth
and Mosleh 2012; Ham, Jung, and Park 2021). In turn, these elements are shaped by the technical and non-
technical skills of each member, as well as mutual trust and understanding (Xing et al. 2021). Team-centered
information, decision, and action in crew (Tc-IDAC) expands individual factors and causal pathways to team-
level outcomes as shown in Figure 2 (cohesion, role awareness, and leadership).

Task Allocation

Leadership

Team
Communication Risk Tolerance

Team
Coordination

¥

Responsiveness and Engagement,
e.g., Takeover Quality

Figure 2: PSF Model for Team Coordination. Expanded Upon from Azarkhil and Mosleh (2014).
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The applicability of these factors is summarized in Table 4.

Team cohesion: Includes interactions among members (task/social cohesion), diversity, mutual trust,
shared goals, authority gradients, and procedural compliance (Manchon, Bueno, and Navarro 2022).
For the driver, this relates to personal experience, the belief in shared goals (i.e., safety) and trust
towards the autonomous agent (Pan et al. 2023; Payre et al. 2022). For the ADS, cohesion-analogous
attributes are set by design and training (e.g., risk tolerance). Driver monitoring system relevance to
system-initiated takeovers suggests the need for calibrated detection and communication as driver
experience grows (Wang, Zhang, and Zhou 2022).

Table 4: Equivalent Team-Based PSFs for Safety Drivers and ADS-Equipped Vehicles (new factors
highlighted with *).

PSF Safety Driver ADS
Team Cohesion Belief in shared goals, compliance, | Risk Tolerance
and mutual trust
Role Awareness Knowledge of roles and Task Allocation
responsibilities
Direct Supervision / Leadership Authority gradients, supervision, Task Allocation*/ Risk
adherence to procedures Tolerance*
Team Communication Human-system interface Design & Availability
(Quality & Effectiveness)
Team Coordination Responsiveness and Engagement, e.g., Takeover Quality
e Role awareness: Refers to how each team member perceives their role within the team, including the
knowledge and perception of the team’s goals, roles, and norms, their training and experience as a unit,
and individual concern for safety and quality. In automated driving, misunderstanding ADS limitations
or driver responsibilities can impair emergency performance (Khastgir et al. 2019). For the ADS, task-
related cohesion elements may be sufficiently encoded via design-time task allocation (organization-
based).
e |Leadership: Driver-ADS relationships are perceived as a vertical hierarchy, where the driver should have

complete veto power over the ADS functions (Lyons et al. 2021). However, shared control paradigms
and safety mechanisms against driver impairment raise questions on whether the ADS can implement
control transition actions without the driver’s consent (Correa-Jullian et al. 2024b). Design-time task
allocation (organization-based) and risk tolerance (agent-based) may best describe the ADS decision-

Automated Vehicle Safety: Developing a Human-Autonomy Team Model - Findings from Driving Simulator Study

15



making hierarchy. Further discussion on authority and error management dynamics within HATs is
required (Vanderhaegen 2021).

Team communication: The capacity to exchange information via verbal and device-based channels,
influenced by device familiarity, accessibility, and usability. For driver-ADS HATs, human-system
interface design and availability warrant explicit consideration as team-communication factors, given
the criticality of interface familiarity, warnings, alarm triggers, and control-transition procedures in
emergencies (Tinga et al. 2023). For ADS, modality and content are design-determined (system-based
factors); hence, we only consider aspects related to communication quality and availability (e.g., timely
warnings) in this category.

Team coordination: As shown in Figure 2, the preceding factors strongly influence coordination and the
probability of meeting safety and mission goals (Ham, Jung, and Park 2021). Coordination captures
task interdependence between ADS and driver—e.g., engagement rate, responsiveness, and quality of
shared tasks such as control transitions (Xing et al. 2021)—and integrates planning, scheduling, and
action implementation (Azarkhil, Mosleh, and Ramos 2025a; 2025b).
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Experimental Study Design

We used human subject experiments to study the impact of environment complexity and silent failures on
control transitions, i.e., driver takeovers, in time-constrained collision avoidance scenarios. These experiments
focused on how participants, acting as drivers, transition between manual and automated driving modes when
experiencing automation failure, in this case, represented by an onset of tailgating behavior by the ADS. The
simulated driving scenarios involve events requiring participants' intervention, such as silent failures or explicit
takeover requests, allowing researchers to assess the ability of the drivers to detect issues (i.e., tailgating
behavior), react appropriately, and resume manual control effectively. The specific objective of the experiments
is to assess the effect of scenario complexity (“External Environment”) and the availability of early warnings
(“Conditioning Events”) over driver performance in takeover scenarios, i.e., when the driver is expected to
switch from automated to manual driving.

This section provides an overview of the methods, tools, and approaches used to design, conduct, and analyze
the driving simulator experiments.

Proposed Driver-ADS Team Model

Based on the foundations described in the previous section, we identified key high-level tasks and errors - at
individual and team level - of the Driver-ADS HAT that are potential candidates for experimental assessment.
The failure modes depicted in Table 5, linked to specific Information, Design, and Action (I-D-A) stages, are
mapped to identified factors contributing to each agent’s performance. Failures to detect, assess risk, and
intervene correctly can be interpreted as stemming from individual tasks, i.e., monitoring, planning, and
executing the DDTs (as well as vehicle control). Failures to indicate or to takeover are linked to the concept of
error correction (as described by team-centered information, decision, and action in crew [Tc-IDAC]), related to
the tasks of requesting support and initiating control transitions.
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Table 5: Failure Modes by Information, Design, and Action Stage for Experimental Study.

Failure Modes Type Context IDA Stage
Failure to detect Subjective Silent failures Information
Failure to assess risk Subjective Explicit failures Decision

Failure to indicate Obijective Silent failures Action

Failure to takeover Obijective Silent/Explicit failures Action

Failure to intervene correctly Obijective Silent/Explicit failures Decision/Action

Given the analysis of the driver’s and ADS’s PSFs, the following model in Figure 3 is proposed. For simplicity,
this model focuses on the driver, while the interactions with the ADS are concentrated in the scenario-based
factors: conditioning events (silent failure of driver warnings) and external environment (level of traffic), and

their impact on team-based factors: compliance with procedures, engagement, and responsiveness.
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Figure 3: Proposed Driver-ADS BBN Model for Experiment Design.

The choices of which PSFs and associated metrics to include in the model are made through a combination of
expert opinion and validated through a systematic process based on quantitative results (Groth and Mosleh
2012). The selected PSFs to study include:

e Agent-based (Driver): Perceived Familiarity, Experience, Bias, Level of Trust, Risk Tolerance, and
Attention (assessed dynamically).

e Scenario-based: Conditioning events, External Environment, Perceived Severity, Urgency, and Decision
Responsibility, Task Load/Complexity, and Non-Task Load.

e Team-based: Responsiveness, Engagement, and Compliance to Procedures as proxies for Team
Communication, Team Coordination, and Team Cohesion, respectively.
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In addition, output nodes are meant to represent safety outcomes related to the identified high-level failures,
including failures to detect and assess risk as well as failures to takeover and intervene correctly. These are:

e Takeover Performance: Represented through indicators for Takeover Time and Quality. These factors are
meant to depict the impact of driver reaction times to warnings or tailgating events, as well as the
difference between driver/ADS responses to the simulated risks.

e Operation Performance: Represented through indicators for Driving Strategy and Manual Driving
Quality. These factors compare the driving quality (e.g., speeding, traffic lane violation, hard-braking
events) for the driver and the ADS.

Figure 3 also includes factors that were not captured by the experimental design, but whose connections (arcs)
aim to provide additional context, such as System Response, Time Load, and Information Load.

Experiment Setup and Protocol

The driving simulator experiments were designed to support the refinement and quantification of the model
presented in Figure 3. Participants were required to attend an in-person appointment that consisted of the
following main stages: (1) an initial questionnaire to characterize each participant, (2) a training session to
introduce the simulator and purpose of the study, (3) a test session consisting of four scenarios, and (4) a final
questionnaire leading to the end of the study (5).

Participants played the role of a driver in an ADS-equipped vehicle and could interact with the driving
simulation environment through a physical setup of medium fidelity characteristics. Each participant
experienced four test scenarios, each treatment assessing a combination of two independent variables: the
availability of early warning triggered by a tailgating event (A) and scenario complexity represented as the
traffic level (B). As shown in Table 6, two levels are selected for the early warnings (AO: Warning, Al: No
Warning), and two levels of driving conditions (BO: low traffic, B1: high traffic). A counterbalanced design was
used for this study, such that the order of the scenarios for each participant was randomized. This resulted in
24 unique experiment orders, for which the design considered at least three iterations. Additional details about
the experiment protocol can be found in the Appendix.

Automated Vehicle Safety: Developing a Human-Autonomy Team Model - Findings from Driving Simulator Study

20



Table 6: Treatment Description by Factor (A, B) and Level (0,1).

Treatment | TOR Complexity Description

A A0 - Warning BO - Low Traffic | Simple - Explicit TOR

B Al - No Warning | BO - Low Traffic | Simple - Silent Failure
C A0 - Warning B1 - High Traffic | Complex - Explicit TOR
D Al - No Warning | B1 - High Traffic | Complex - Silent Failure

We used data collected from questionnaires and simulation data, combining subjective perception of the
participants and the objective system measurements, such as vehicle kinematics, time-to-collision (TTC), and
reaction times. Simulation data was processed from single-timestamp files to aggregated indicators per
scenario by subject, including continuous and categorical counts and binary data. Questionnaire data
describing the subject’s profile and trust in automation, as well as scenario perception, mostly categorical
ordinal data, were organized by subject and per treatment by subject. Collected data was analyzed using
descriptive statistics and the appropriate statistical tests to determine the main and interaction effects.

Experimental Setup

Driving simulator environments have played a major role in both industry and academic research for studying
aspects of driving, including vehicle functions, human factors, and the development of autonomous driving
technologies. Simulators offer a controlled, relatively low-cost, and safe environment that allows researchers
and engineers to explore different scenarios, test new algorithms, and analyze human responses without the
risks associated with real-world driving (Khastgir et al. 2021; Bruck, Haycock, and Emadi 2021).

OpenCDA is a comprehensive open-source ecosystem that includes a collection of pre-trained models, a range
of simulators for driving and traffic at different levels of detail, benchmark datasets for training and testing,
and a scenario database and generator for Cooperative Driving Automation (CDA) research (Xu et al. 2023;
2021). OpenCDA integrates CARLA for realistic environment rendering (Dosovitskiy et al. 2017), SUMO
(Simulation of Urban Mobility) for realistic background traffic (Lopez et al. 2018), and DI-Engine to provide a
reinforcement learning environment™. In collaboration with U.S.DOT CDA Research and the FHWA CARMA
Program (Lochrane, Dailey, and Tucker 2020), OpenCDA, as an open-source project, is designed and built to
support early-stage fundamental research for CDA research and development.

! DI-engine Contributors, “Dl-engine: OpenDlLab decision intelligence engine,” https://github.com/opendilab/DI-engine,
2021.

Automated Vehicle Safety: Developing a Human-Autonomy Team Model - Findings from Driving Simulator Study

21



This study is based on the new OpenCDA-HDI (human driver integration) comprehensive human-in-the-loop
simulation framework developed upon the OpenCDA platform (Han et al. 2025; Xu et al. 2021), in
collaboration with the UCLA Mobility Lab.2 The framework is designed to support the study of human behavior
in automated driving contexts, integrating existing OpenCDA capabilities with high-fidelity traffic simulation
using CARLA (Dosovitskiy et al. 2017) and SUMO (Lopez et al. 2018). OpenCDA-HDI allows researchers to
construct customizable driving scenarios that reflect a wide range of operational complexities and risk
conditions.

A key feature of the platform is the shared control of the ego vehicle between a human driver and the ADS
agent, through the integration of a haptic steering wheel and pedal setup, with automatically prioritized
control to the human upon engagement. The platform supports real-time, high-resolution data logging
mechanisms to capture human and ADS control inputs. By combining ADS functions, traffic simulation, and
direct human input, OpenCDA-HDI enables reproducible and ecologically valid experiments. It provides a
flexible and robust testbed for systematically studying human-automation interaction in shared-control
environments. Additional details about the simulation environment will be published in a separate journal
article (Han, Correa-Jullian, and Ma, under development).

The experimental setup consists of a medium-fidelity driving simulator based on OpenCDA’s virtual simulation
platform, and physical controls and hardware, including a Logitech G923 steering wheel and pedal bundle, a
Next Level Racing F-GT simulator cockpit and seat, and a triple 32-inch monitor configuration (Figure 4). To
conduct the driving simulator study, we developed a new module dedicated to human-system interaction
modeling, based on the existing functionalities of both OpenCDA and CARLA platforms.?

2 UCLA Mobility Lab,
3 Additional details will be available in future publications.
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Figure 4: The Driving Simulator Setup, Consisting of the Physical Steering Wheel, Cockpit, Seat,
and Pedals, the Triple Monitor Configuration, and the Virtual Driving Environment OpenCDA.

Data Collection

Driving Simulation Environment

The data collection process consisted of subjective and objective measurements. The testing sessions were
recorded through multiple methods.

The OpenCDA platform allows the selection of multiple scenario parameters, including weather and lighting
conditions, and the behavior of the surrounding traffic and that of the ego-vehicle, i.e., TTC safety margins. For
every scenario, the platform records various objective driving performance metrics, including reaction times,
vehicle speeds, steering wheel and pedal positions, and adherence to traffic rules. Additionally, video and audio
recordings of the steering wheel and pedals are captured to complement the simulator’s data (not capturing
the participant’s face). Table 7 shows a summary of the variables that were collected during the experiments.
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Table 7: Objective Measures Collected from CARLA Simulator.

Variable Type Variable Values Source
Takeover Rate System-initiated Count Simulation
Driver-initiated Count Simulation
Reaction Times Visual sec Recording
Hands-on sec Recording
Braking sec Simulation/Recording
Steering sec Simulation/Recording
Vehicle dynamics Max. Acceleration (Lat) m/s? Simulation
Max. Acceleration (Long) m/s? Simulation
Velocity km/h Simulation
Throttle % Simulation
Braking % Simulation
Steering Angle deg Simulation
Lateral Deviation % Simulation
Scene Vehicle Gap/TTC m or sec Simulation
Traffic Violations - Lane Invasion | Count Simulation
Traffic Violations - Lights/Signs Count CARLA
Collisions # CARLA/Recording
Stops # Recording
Non-driving-related task % Recording
engagement
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Questionnaires

The study also captures subjective data from the participants through three questionnaires with single and
multiple-choice questions, as well as open-ended questions. Pre-experiment questionnaires assess participants'
characteristics, such as driving experience, risk tolerance, and baseline trust in automated driving systems.
Post-experiment questionnaires assess the participants’ experience with the simulator, such as their perceived
workload, stress, and attention. Open-ended questions were used to clarify or explain answers on the
questionnaire. A final questionnaire, repeating trust-related questions from the initial survey, was also
administered.

Data Processing and Analysis

To analyze the data from the experiments, corresponding codes were developed in Python and R, leveraging
the main statistical analysis packages. Given the variety of data collected, these are grouped into categories:
continuous variables and categorical ordinal, count, and binary variables. The appropriate statistical models
were used to analyze each of them:

e Continuous variables: Refers to data obtained through OpenCDA, e.g., vehicle kinematics.

e Count variables: Refers to processed data obtained through OpenCDA, e.g., the number of warnings
triggered per scenario, per subject.

e Binary variables: Refers to processed data obtained through OpenCDA, e.g., whether a collision occurred
per scenario, per subject.

e Ordinal variables: Refers to questionnaire data in Likert-scale form. Data from the initial and final surveys
characterize each subject, while the test survey provides the participant’s responses per scenario.

Data Preprocessing

Driver Profile

Responses from the initial and final questionnaires were mapped to numerical values, as summarized in Table
13 (Appendix). Some of the answers which were not inherently quantitative had to be coded, such as the
preferred mode of transport or the participant’s gender.

The ordering of the most frequent transport mode (question 1.4) was adapted to include e-scooters (a new
addition to this study) (Bazilinskyy et al. 2018). Descriptive statistics—i.e., mean, standard deviation, and
quartiles—were used to characterize each variable.

Test Scenario Data

The data collected during each simulated scenario was compiled by subject and by treatment. The data
collected was processed and condensed into one file per scenario, such that each subject was linked to seven
files: training scenarios 1-2-3 and test treatments A-B-C-D. Only the test scenarios were processed to study the
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participants’ behavior and performance. The raw data retrieved from each scenario is summarized in Table 14
(Appendix).

The raw data was processed to retrieve the following variables of interest:

o Vehicle kinematics, described by the mean, standard deviation, and the max/min values. Vehicle speed
and TTCs were retrieved by subject, treatment, and control status (i.e., when the vehicle was controlled
by OpenCDA or the driver). Throttle, brake, and steer input values were retrieved from the driver.

e The timestamp on different events, such as triggered warnings, TTC violations, takeovers, and
handovers. This enabled the calculation of reaction times to warnings (A, C) or to tailgating events (TTC
< 5 seconds) (B, D). If the driver took control of the vehicle prior to the warning or tailgating event, the
reaction time was calculated as a negative value to the nearest triggering event, hence, it was marked
as a driver-initiated control transition (as opposed to a system-initiated control transition). In addition,
the number of warnings, tailgating events, and takeovers were collected per scenario.

o Safety-related incidents were collected based on their timestamps. In addition, traffic lane violations
and collision events were collected by control status.

e Relevant time intervals collected include the total time the driver was in control of the vehicle, the total
time the vehicle was in a lane violation, and the total time a warning was active.
The test survey data was mapped to numerical values, as summarized in Table 15 (Appendix). Descriptive
statistics, i.e., mean, standard deviation, and quartiles, were used to characterize each variable.

Statistical Models and Tests

Various statistical models and tests were applied to the collected data to determine the impact of the two
independent variables (warning availability and traffic conditions). A priori, models with random intercepts
were considered to account for intra-subject variability; however, model complexity was reduced to fixed
effects when necessary, based on model fit or convergence criteria. The methods and their application are
described in the following sections. The methods included the following.

e Repeated measures analysis of variance (RM ANOVA) was used to analyze continuous outcome
variables from the simulation data. Partial eta-squared was computed as a measure of effect size, and
post-hoc pairwise comparisons were conducted using Bonferroni correction. This method was also
used to analyze performance shaping factors (PSFs) derived from simulation measures.

e Generalized linear models (GLMs) were used to analyze binary (binomial distribution) and count
(Poisson distribution) response variables from the simulation data. Post-hoc pairwise comparisons
were conducted using Bonferroni correction.

e Cumulative link mixed models were used to analyze ordinal Likert-type responses from the test survey.
These models included random intercepts to account for subject-level variability. Bonferroni-corrected
post-hoc comparisons were used to examine differences across conditions.

e Linear mixed-effects models (LMMs) were used to analyze scenario-level PSFs constructed from
aggregated Likert-type data. Normality of residuals was assessed using the Shapiro-Wilk test, and
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homoscedasticity was evaluated with the Breusch-Pagan test. Bonferroni-corrected pairwise
comparisons were also conducted where relevant.

Automated Vehicle Safety: Developing a Human-Autonomy Team Model - Findings from Driving Simulator Study ' 27



Experimental Results

This section provides an overview of the experimental results, covering the driver profile extracted from the
initial survey, the scenario perception extracted from the test survey, and both categorical and variables
extracted from the simulation.

A total of 72 volunteers participated in the research study conducted during February-May 2025. Each
participant experienced the four treatments or scenarios depicted in Table 6. After each experiment, the
validity of the session was evaluated based on vehicle trajectory, warning triggers, and simulation stability.
Abnormal scenarios were omitted, e.g., OpenCDA simulation was interrupted, or re-engaging the ADS resulted
in failure modes out of the scope of the experiment. In the case of treatments A-C, the participants were
required to see at least one warning during the experiment to be counted as valid. Given that the warnings are
triggered once the TTC falls below 5 seconds, on many occasions participants disengaged the ADS before it was
triggered. While these scenarios are valid to extract other relevant information, these subjects were omitted
from the main and interaction effects analysis. After filtering out invalid experiments, the participant pool was
reduced to 50 entries, ensuring at least two participants experienced the same treatment order. While these 50
valid entries were considered for the effects analysis section of this work, 61 out of the 72 participants may be
revisited for further use to quantify relationships.

The dataset dimension is summarized in Table 8, consisting of 107 survey questions covering the initial, test,
and final questionnaire per subject, and 41 variables extracted from the multiple continuous data streams from
the simulation (e.g., mean, standard deviation, etc.).

Table 8: Total collected dataset.

Element Items Repetitions | Total (Subject) | Total (Experiment Total (Valid
Population) Sample)

Initial Survey 35 1 35 2,520 1,750

Test Survey 15 4 60 4,320 3,000

Final Survey 12 1 12 864 600

Simulation 12 (41) 4 48 (164) 3,456 (11,808) 2,400 (8,200)

Total 74 (103) 155 (271) 11,160 (19,512) 7,750 (13,550)
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For the construction of the Bayesian belief network (BBN), an estimated 57.2% of the data was used from the
valid sample of 50 participants. In total, more than 90 hours of audiovisual footage were collected and will be
analyzed in future publications. The remainder of this section contains the initial statistical description for
surveys focused on driver profile and scenario perception, as well as the variables retrieved from the simulation
environment. Main and effect analysis results are also provided for scenario and simulation-based variables.

Driver Profile: Initial Survey

The participants’ profile was extracted from their responses to the initial survey. The sample of 50 participants
contained 32 male (64%), 17 female (34%), and 1 who preferred not to state gender (2%). The age and years
since the participants obtained their driver’s license are shown in Figure 5a and Figure 5b. The age range of the
participants was 19 to 39 years, with a mean age of 25.68 years and a standard deviation of 5.14 years. The
years since the driver’s license was obtained ranged from 2 to 21 years, with a mean of 7.72 years and a
standard deviation of 4.82 years.

The participant pool was mostly divided between using their private vehicle (46.8%) and public transportation
(38.7%) as their main mode of transport (Figure 6). The majority reported using a private vehicle multiple times
a week (54%), followed by once a month to once a week (36%). Heavy users represented only 6% of the pool,
followed by 4% who reported driving less than once a month (Figure 7a). Regarding vehicle use, 36% of the
participants reported an estimated 1,001-5,000 miles driven in the past year, while 22% reported less than
1,000 miles, 20% between 5,001-10,000 miles (Figure 7b), and 20% above 10,000 miles.
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Figure 5: Histogram of (a) participant age and (b) years since driver's license was obtained.
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Figure 6: Participant Pool: Primary Mode of Transportation.
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Figure 7: Participant Pool (a) Average vehicle use and (b) Estimated miles driven (last 12 months).

As shown in Figure 8a and Figure 8b, 76% of the participants reported familiarity with at least one ADAS
feature, the two most commonly mentioned features being blind-spot warning (by 17% of participants) and
cruise control (by 16.8%). Participants reported familiarity with other types of warnings, such as lane-
departure warnings (15.6%) and forward collision warnings (0.6%), as well as automated responses, such as
automated emergency brake (AEB) systems (13.8%). Lane-keeping and lane-change assistance were mentioned
by 11.4% and 6.0% of respondents. Regarding more advanced features, adaptive cruise control was mentioned

by 11.4% and driver monitoring systems by 6.0%. Notably, Tesla Autopilot (Level 2) was mentioned by one
participant (0.6%).
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Participant Pool: Familiarity with ADAS
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(b) Histogram of reported ADAS features.

Figure 8: Reported ADAS feature familiarity (a) number of known features and (b) percentage of
mentions.
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The next section of questions in the initial survey aimed to characterize the participants’ perception of their
enjoyment of driving, of interacting with ADS-equipped vehicles (level of driving automation unspecified), and
their attitude towards driving incidents (i.e., external loci of responsibility) (Choi and Ji 2015). Figure 9 displays
the distribution of responses on a 5-point Likert scale (from “Strongly Disagree” to “Strongly Agree”) for each
question (1.8-1.11). The first six items (1.8.1-1.8.6) are interpreted as the participant’s effective evaluation of
manual driving versus autonomous vehicle (AV) usage. The first three (1.8.1-1.8.3) overall show a strong
positive tendency from the sample, with over 70% of participants agreeing or strongly agreeing to enjoy
manual driving. The last three elements (1.8.4-1.8.6) repeat the questions but are aimed at automated driving.
Here, most of the participants (around 60-64%) express agreement, but this is less intense than for manual
driving, and a small fraction (8-10%) disagree.

To what extend do you think....

It is enjoyable to drive a car yourself. I 18% 38% _
It is exciting to drive a car yourself.{ I 16% 2% 32% -
It is fun to drive a car yourself. { |8% 22% 34% -
Using an autonomous car would be enjoyable. { IB% 32% 42% -
Using an autonomous car would be fun. I 14% 28% 38% -
Using an autonomous car would be exciting.{ IB% 22% 44% -
Driving without accidents is mainly | 42% 12% | 20%
a matter of luck.
Accidents usually happen Ibecaulsel of | 20% | 12% 60%
unexpected events that occur during driving.
Itis di_fﬁ_cult to prevent accide_nts | 320 1do 36%
when the driving conditions are difficult

-0.6 —-0.4 —-0.2 0.0 0.2 0.4 0.6 0.8
Count (Relative Frequency)

I Strongly Disagree [ Disagree ] Neutral [ Agree I Strongly Agree

Figure 9: Initial Survey - Bias and Responsibility-Related Questions.

Overall, this suggests that while participants may see some potential enjoyment in AVs (positive bias towards
ADS), they still prefer the experience of driving themselves (negative bias towards ADS). The last three items
refer to the participant’s locus of control in accident causation, which potentially can shape how they evaluate
both their own and the ADS’s responsibility in ensuring driving safety. In general, these responses indicate that
participants perceive an internal locus of control rather than luck but recognize the role of unexpected events
and complex driving conditions.
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Figure 10 presents an overview of the participants’ responses to Question 1.9 of the initial survey, which asks
how frequently they engage in certain driving behaviors, represented on a 5-point Likert scale indicating
frequency, from ‘Never’ to ‘Always’. These questions are related to errors and violations (DBQ) as well as the
driver’s attention to common events (De Winter 2013). These questions are interpreted as being related to the
participant’s risk tolerance, i.e., the level of risk seeking or risk adverse behavioral tendencies. For items 1.9.1-
1.9.4, a higher frequency implies higher tolerance for driving errors and violations. Regarding driver violations,
responses related to speeding are mostly mixed (34% very often, 34% rarely), but indicate moderate tolerance
for speeding, while tailgating is reported as a less common violation (54% rarely, 34% never). Regarding driver
errors, wrong lane selection or curb collisions are moderately uncommon (36% rarely, 36-50% never,
respectively). Items related to driver distraction indicate a stronger risk averse tendency, with frequent
awareness of other road users (50%-52% always) and of traffic lights (40% never, 42% rarely miss traffic
lights).

How frequently do you think you do these actions?

residential road or motorway.

Drive so close to the car in front that | 129 54%
it would be difficult to stop in an emergency.

Disregard the speed limit on a | I 34% 299% 34% I

Get into the wrong lane when approaching a | 24% 36%
roundabout or junction.

Incorrect steering so that you hit the curb. 14% 36%

| realize that | failed to see a traffic light | I 12% 42% -

At an intersection, | pay attention to the |
vehicles coming the other way.

At a street corner, | realize that a pedestrian |
is crossing the street.

simply because | was not paying attention.

-100 -075 -050 -025 0.00 0.25 0.50 0.75 1.00
Count (Relative Frequency)

[0 Very Often Il Always [ ] Sometimes [ Rarely I Never

Figure 10: Initial Survey - Risk Tolerance-Related Questions.

The final set of questions in the initial survey aimed at characterizing participants’ trust in automated driving
(Manchon, Bueno, and Navarro 2022; Payre, Cestac, and Delhomme 2014; 2016). Figure 11 shows the
distribution of responses on a 7-point Likert scale (‘Strongly Disagree’ to ‘Strongly Agree’). Items indicating
preconceived trust in ADS correspond to 1.12.1-1.12-2 and 1.12.4-1.12.9, which are summarized as follows:
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there is a moderate to high baseline trust that ADS are safe (42% Agree, 18% Slightly Agree, 14% Strongly
Agree), but less indication that it is safer than manual driving (24% Agree, 20% Slightly Agree, 14% Strongly
Agree).

There is a general tendency to trust the ADS decision-making process (64% Agree or Slightly Agree) and
participants were willing to delegate control under certain conditions for convenience: 40% Agree/30%
Slightly Agree if driving was boring; 50% Agree, 22% Slightly Agree if driver was tired. However, participants
were more conditional about their trust in complex driving situations (44% Agree/Slightly Disagree, 44%
Disagree/Slightly Disagree) or adverse weather conditions (40% Agree, 32% Disagree).

Items potentially indicating mistrust or preference for manual control (Table 10: 1.12.3 and 1.12.10-1.12.12,

Appendix) indicate a strong preference for retaining authority to intervene and take control of the vehicle if the

situation would require it (52% Strongly Agree, 46% Agree/Slightly Agree). The participants were divided
regarding their preference for manual control when driving themselves or passengers (50% prefer manual
control on every occasion, 54% if there were other passengers on board) but strongly trusted their capacity to
regain control effectively if required, indicating their belief that human intervention may be still needed (38%
Strongly Agree, 28% Agree, 24% Slightly Agree). In general, participants exhibited a conditional view of the
ADS'’s capacities, potentially affecting their takeover performance in a fallback scenario.
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| would feel safe in an automated vehicle.

The automated driving system provides me with
more safety compared to manual driving.

I would rather keep manual control of my vehicle |

than delegate it to the automated driving system on every occasion.

t0: How much do you agree with the following statements?

16% 6% 42%

S
o [
o

16% 22% 24%

28% 10%{1 0%

IB%

I would trust the automated driving system decisions. - 5%{ 28% 38% 22% I
| would trust the automated driving sysftgm calipacilties | I 18% 26%  |13% 349 I
to manage complex driving situations.
< If the weather'c?nditions were bad (e.g., fog,' glare, rain), | . 20% 2294 249 18% I
= | would delegate the driving task to the automated driving system.
g Rather than monitoring the driving environment, | . 22% 24% | 16% | 16% .
154 | could focus on other activities confidently.
]f driving was boring fc‘nr'me. | would rather c‘ielegate | IlO%S/c 40% 30% .
it to the automated driving system than do it myself.
| would delegate the driving to the automated driving | 5% 20% 50% -
system if | was tired.
. If | had passengers irj my automated car, | yvguld rather | 12%| 18% | 16% | 20% 24%
drive by myself than delegate it to the automated driving system.
| would like to recover cgntrgl fromlthe automatled pilot | 20% 26% _
if 1 did not like the way it drives.
Globally, | trust my capacity to resume control if needed. 6Y%  24% 28% -
050  -0.25  0.00 0.25 0.50 0.75 1.00
Count (Relative Frequency)
Il Strongly Disagree @ Disagree 1 Neutral [ Agree Il Strongly Agree

Figure 11: Initial Survey - Trust in Driving Automation.
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Scenario Perception: Test Survey

Four test surveys were collected during the test scenarios for each subject, one per treatment. Questions 2.1 to
2.20 were used to characterize the driver’s perception of the scenario. Figure 12 and Figure 13 show the
aggregated results for the test survey sample across all scenarios (A, B, C, D) and all participants, providing a
general impression of how participants perceived the system’s behavior, their own role in events, and their
trust and understanding of the automated system. Values below 5% are excluded from the figure labels. Figure
12 focuses on questions 2.1-2.9, while Figure 13 provides the distribution of responses for questions 2.10.1-
2.10.6 referring to workload.

As shown in Figure 12, participants reported a high perceived transparency of the ADS (Question 2.1, 24%
Strongly Agree, 42% Agree) even if they did not agree with its behavior in the scenario (Question 2.2, 50%
Disagree or Neutral), suggesting a general misalignment with user expectations. While agreement varied
somewhat across scenarios, reported understanding was mostly constant. Notably, after experiencing the
scenarios, the perception on whether the ADS was trustworthy (Question 2.3) was skewed towards
disagreement (22%-30% Disagree/Slightly Disagree, 19%-10% Slightly Agree/Agree) — particularly in the high
traffic scenarios (B, D).

To what extent do you think....

You could haye Performed the Is% 2 o S ‘ 6% -
action in a safer way?
You were responsible for the situation? . 14% ‘ 14% ‘ 10% 26% ‘ 22% .
The system vehicle pfarforme'd a I B oo b | 20 ‘ 1% -
risky action?
The situation would lead to DB% i P -
severe consequences?
The situation was urgent? Ia%‘ 10% |6pe 24% ‘ 36% -
You experienced any motion sickness? 19% 10% | 10% I
The system is trustworthy? . 22% ‘ 30% ‘ 8k | 19% ‘10%'
You agree with the system’s decision? . 24% ‘ 19% ‘8 o 24% ‘ 14% I
You could understand the system? UT% ‘ 18% ‘ 42% -
-0.75 —0.50 —-0.25 0.00 0.25 0.50 0.75

Count (Relative Frequency)

W Strongly Disagree [0 Disagree Slightly Disagree Neutral Slightly Agree Agree I Strongly Agree

Figure 12: Summary of Test Survey Results.
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Regarding the participants’ perception of the simulated driving scenario, most participants agreed to some
extent that the system performed a risky action during the scenario (Question 2.7). Higher risk awareness was
reported in scenario B, followed by C-D. Potential consequences were generally perceived as severe (Question
2.6, 42% Agree, 24% Strongly Agree) and reported a high sense of urgency (Question 2.5, 36% Agree, 15%
Strongly Agree), suggesting that the experimental setup was sufficient to engage participants. Motion sickness
(Question 2.4) was not considered for future analysis. In relation to the participant’s self-perception, mixed
results were obtained regarding internal loci of control and responsibility in the situation’s outcome (Question
2.8, 22% Agree, 26% Slightly Agree, 26% Disagree); however, most participants agreed that they could have
performed the action in a safer way (Question 2.9, over 70% Agree).

Figure 13 presents the aggregated NASA-TLX workload ratings across all participants and scenarios, assessing
six core dimensions of workload on a 9-point Likert scale. Mental demand was the workload dimension with
the highest rating, with over 70% of participants reporting high levels (26% Slightly High, 22% Moderately
High, 11% High, 10% Very High). As shown in Table 16 (Appendix), Mental Load presented the highest mean
values of the workload dimensions, followed by Performance, Efforts, Temporal, Frustration, and finally
Physical Load. Scenario C presented the highest mental demand, potentially because of the combination of
high traffic and pressure that participants felt to respond to the warnings (as opposed to scenario D, no
warnings), while scenario A (warning, low traffic) presented the lowest mental demand. Independent of the
specific scenario tested, this corroborates results usually found in literature, indicating a higher mental
workload for drivers interacting with systems in shared autonomy regimes.

Workload Rating

Frustration level - 18% 14% 12% 16% 12% .
Performance . 6% | 11% 19% 16% 18% 10%
Effort I 15% 17% 19% 24% 16% .
Temporal demand . 16% 18% 14% 18% 13%
Physical demand - 26% 16% 11% 14% S%I
Mental demand I 12% | 10% 26% 22%

-0.6 -0.4 -0.2 0.0 0.2 0.4 0.6 0.8
Count (Relative Frequency)

Workload Dimension

H \ery Low HE Low 1 Neutral mEm High Hm Very High
[ Moderately Low 1 Slightly Low [ Slightly High [ Moderately High

Figure 13: Summary of Workload Ratings.
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Results from testing at L2-L3 indicate higher cognitive load discerning the safety risks of the driving
environment and of the behavior of the ADAS or ADS-equipped vehicle (Stapel, Mullakkal-Babu, and Happee
2019). In contrast, physical demand is the lowest dimension rated, with over 65% of participants reporting low
demand (4% Very Low, 20% Low, 26% Moderately Low, 16% Slightly Low). Both scenarios in high traffic (B, D)
presented higher physical demand values. Although during the experiments several participants reported
difficulties in braking (due mostly to self-reported miscalculations on how much force was required or timing),
participants did not necessarily attribute this to physical demand.

Regarding temporal demand, participants showed a more mixed response. Around 45% of participants
reported high time pressure (6% Very High, 8% High, 13% Moderately High, and 18% Slightly High), while
around 40% reported lower temporal demand. Notably, the temporal demand increased in the high traffic
scenarios (C, D). Effort, described as the combination of mental and physical demand, exhibited a similar
distribution but tended towards neutral values (24% Slightly High, 18% Neutral, 17% Slightly Low), and was
relatively stable across scenarios. While participants rated performance as being a fundamental aspect of the
workload (with higher values reported for the low traffic scenarios A-B), frustration had a tendency towards
slightly lower values. However, around 36% of participants reported moderate to high frustration, possibly due
to mismatched expectations with the system’s behavior, in particular with scenario D (no warning, high traffic).

In summary, even though participants were not physically engaged, the mental and attentional burden
remained high, suggesting that automation did not reduce workload, but impacted the nature of it. The low
performance ratings indicate a potential gap between participant expectations and system outcomes, aligning
with earlier trust data. Moderate frustration and temporal pressure suggest that scenarios were realistically
demanding, but may need interface, communication, or control improvements. Scenario A (warning and low
traffic) consistently was associated with lower workload, across all dimensions.

Main Effects and Interaction Effects

A key aspect of the experiments was to determine the difference between warning (Factor A) and traffic
complexity conditions (Factor B). The distribution of responses by treatment conditions is found in Figure 14
for all scenario variables, except for workload dimensions which are pictured in Figure 15.

The analysis of main and interaction effects focused on evaluating the effects of two experimental factors on
the Likert-scale variables categorized into two groups: L7 (1-7 scale) and L9 (1-9 scale) through cumulative
link mixed models. Table 16 (Appendix) describes the Likert responses for the test survey, as well as the p-
values for statistical significance of the main and interaction effects of Warning availability (Factor A) and
complexity of driving environment (Factor B). Notably, there are significant interaction effects between
warning availability and the complexity of the driving environment for multiple variables.
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Figure 14: Average Scores for Scenario Perception by Treatment.
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Simulation Data: Continuous Variables

Data was processed to extract key variables and corresponding timestamps. A sample scenario for participant
P41 is depicted in Figure 164, Figure 16b, and Figure 16c, where the recorded vehicle’s trajectory, driver input,
and time-to-collision (TTC) is presented, along key events (e.g., takeover request time, tailgate failure onset)
that impact scenario evolution.
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Figure 16: Driving Simulator Experiment Sample Data.
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The continuous simulation variables are grouped into five main categories:

1)

2)

3)

4)

5)

Scenario Timing and Collision Metrics

e End Time, Coll. Time: Indicate when the scenario ended or a collision occurred, serving as high-level
indicators of scenario outcomes.

e Warning Time, Warning Total: Measure the activation time and duration of automated warnings.
Driver Intervention Metrics

e Driver Time, Driver Total: Capture when and how long a human driver took over control from the
ADS.

e Driver Warning Reaction Time, Driver Tailgating Reaction Time: Quantify driver responsiveness to
warnings or tailgating events.

Lane Keeping and Vehicle Positioning

e Lane Inv. Time, Lane Inv. Time Driver: Measure the duration of lane boundary violations, with the
latter restricted to periods under human control.

Vehicle Dynamics and Control Inputs
e Veh. Mean Speed, Std, Max: Capture speed patterns overall and during driver control.

e Steering, Throttle, and Brake (Mean, STD, Max): Reflect driver control input variability, with
implications for stability and maneuvering behavior.

Time-to-Collision (TTC) Metrics

e TTC Mean, TTC Std, TTC Min: Estimate proximity to potential collisions and risk exposure overall and
during driver control.

Main Effects and Interaction Effects

Interaction plots were produced to visualize and assess the impact of warnings (A) and traffic complexity (B)
and complemented with the RM ANOVA results summarized in Table 17 (Appendix). This table summarizes
scenario-level metrics collected for each treatment and provides the means by factor (A: Warning, B: Traffic)
and the results from the RM ANOVA tests.

Regarding scenario duration and collision outcomes, scenarios without warnings (A1) and lower traffic

complexity (BO) tended to end sooner, suggesting either quicker scenario progression or earlier failures (End

Time). In addition, collisions occurred less frequently in scenarios with warnings, indicating that these
conditions supported safer outcomes (Coll. Time is closer to End Time). As expected, both metrics related to
warning activation (Warning Time and Warning Total) were significantly higher in the warning condition by
design (as reflected in Figure 17). Traffic complexity did not apply to these variables, as warnings were not
triggered in certain scenarios (e.g., B and D).
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Figure 17: Interaction Plot: Time to First Warning (left) and Total Time Warnings Were Active
(right).

In terms of driver intervention, drivers took over more frequently and remained in control longer in high
complexity scenarios (refer to Figure 18). The presence of warnings did not significantly affect the likelihood or
duration of driver intervention (Driver Time, Driver Total). In general, lane violation behavior was not impacted
by warning availability. However, this behavior tended to occur more frequently in scenarios with low traffic
complexity (e.g., scenarios A, B) potentially due to a higher variability in the sparse traffic.
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Figure 18: Interaction Plot: Time to First Takeover (left) and Total Time Drivers Were in Control
of the Vehicle (right).

The vehicle kinematic variables (mean, standard deviation, and max vehicle speed) were collected to compare
the driver’s behavior to the default ADS control. A significant interaction effect showed that scenarios with
warnings and low complexity led to higher mean speeds. Drivers tended to drive faster when warnings were
available, possibly because they took over later or felt more confident post-takeover (Figure 19). Speed
variability increased in high-complexity scenarios, which is consistent with the need for more reactive or
adaptive speed modulation. Maximum vehicle speed did not significantly change across conditions, indicating
upper speed limits were stable regardless of scenario.
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Figure 19: Interaction Plot: Mean Speed During the Scenario (left) and When Drivers Were in
Control of the Vehicle (right).

Other driver behavior indicators, such as steering, throttle, and brake inputs were analyzed. Steering behavior
under high-complexity conditions had sharper (high mean values) and more frequent (higher standard
deviation values) directional changes. Maximum steering input remained unchanged across conditions, likely
reflecting the nature of the selected vehicle trajectory. Mean throttle inputs showed a significant interaction
effect between warning and complexity, indicating context-dependent differences in acceleration (Figure 20).
However, no significant effects were observed for maximum throttle nor throttle variability. Despite
indications provided by Figure 21, braking behavior was not significantly affected by different driving
conditions, only showing higher variability in braking in the no-warning condition, suggesting less consistent
braking patterns.

In general, considering the entire vehicle trajectory (under the driver’s and the system’s control) warnings led
to significantly higher TTC mean, indicating safer distances, although the TTC standard deviation and TTC
minimum were not significantly different. However, when only considering when the driver was in control of
the vehicle, only TTC standard deviation (Std.) was affected by warning availability. Higher traffic scenarios
significantly reduced TTC mean, standard deviation, and minimum values, pointing to generally more
constrained following distances. Indeed, TTC varied more in low-complexity scenarios, possibly due to higher
speeds and more spacing fluctuations.
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Figure 21: Interaction Plot: Driver Brake Inputs - Mean (left) and Standard Deviation (right).

Driver TTC metrics, however, remained largely stable across conditions, except for TTC Std Driver, which
showed more variation in warning scenarios, suggesting that warnings may induce more reactive behavior
(Figure 22). Warnings significantly affected Driver Warning Reaction Time and Tailgating Reaction Time,
indicating faster or more anticipatory responses under warnings (Figure 23).

In summary, Warnings (Factor A - AQ) generally improved safety-related outcomes: later collision times, longer
TTC, and more anticipatory driver reactions. High Traffic (Factor B - B1) increased control complexity, with
more human intervention, reduced following distances, and more steering variation. Interaction effects were
limited but suggest that in some cases—in relation to vehicle speed and minimum safety distances—the
combination of warning presence and traffic density leads to non-additive effects on driving behavior and
safety.
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Figure 23: Interaction Plot: Driver Reaction Time to Warnings (left) and Tailgating Events (right).

Simulation Data: Categorical Variables

Key safety-related events were collected from the continuous simulation variables and tested for main and
interaction effects. These consist of:

e Binary variables: whether a collision occurred during a scenario, modeled by a Binomial GLM. This is
translated into the probability of having a collision during a scenario depending on the treatment.

e Categorical count variables: the number of events occurring during a scenario depending on the
treatment, modeled by Poisson GLM. This included the number of hard-braking events (as a proxy for
near-miss events), driver takeovers, and tailgating events.

o Hard-braking events are defined as timestamps where the driver brake input was above 80% of
the value range [0, 1].
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o Driver takeover events were defined by the number of times the vehicle experienced control
transitions from the ADS to the driver.

o Tailgating events are defined as the timestamps where TTC < 5s safety threshold, counted

starting from the onset of tailgating behavior, i.e., after the ADS experiences the induced failure.

These events were collected in all scenarios, independent of whether a warning was triggered.
A summary of these variables is provided in Table 18 (Appendix), reporting the mean and standard error per
scenario across all subjects. This table also includes the estimated upper and lower boundaries (5%, 95%). In
relation to the probability of collision, Figure 24 shows the predicted values grouped by treatment. Treatment
A (Warning, Low Traffic) exhibits the lowest collision rate at 0.06 (0.02, 0.17). However, the impact of no
warnings (B, D) and high traffic (C, D) increase the probability of collision to similar values. While treatment D
(No Warning, High Traffic) results in the highest probability 0.52 (0.38, 0.65), its overlap in confidence
intervals overlap with those of scenarios B and C. This suggests important interaction effects between
warnings and traffic level.

0.7 5 0.52

Traffic Condition (B)
I Low Traffic
I High Traffic  0.40

0.48

e e e e e
[~ W +u L (=)}
1 I 1 I 1

Predicted Probability of Collision

<
=
i

e
[=]
I

Warning No Warning
Warning Condition (A)

Figure 24: Predicted Probability of Collision per Treatment.

Similarly, Figure 25 shows the predicted count of hard-braking events for each treatment, showing a
progressive increase across treatments. In this case, the traffic condition factor seems to have the most
significant impact on the frequency of near-miss events, with similar values estimated when warnings were
active (A: 3.4, C: 4.07 ~ 4 hard-braking events per trial) and inactive (B: 5.58, D: 5.88 ~ 6 hard-braking events
per trial).

The number of driver takeovers, however, presented a slightly different trend (Figure 26). While traffic
conditions also appear to have the greatest effect on whether the subjects took over control of the vehicle, the
number increased in scenarios where the warnings were active (A, C). The number of takeovers and hard-
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braking events was similar in scenario A (between 3.36-3.4 per trial), while for all the other scenarios, there
were more driver takeovers than hard-braking events (by at least one event).
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Figure 25: Predicted Number of Hard-Braking Events per Treatment.
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Figure 26: Predicted Number of Driver Takeovers per Treatment.
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Tailgating Events (Figure 27) were significantly less frequent in scenarios A and B (means = 0.38, 0.62), but
dramatically increased under treatments C and D, reaching a mean of 3.00 and 3.54 events, respectively. The
number of driver takeovers is much higher than the number of tailgating events after the ADS’s induced failure,
suggesting that the following distance under nominal conditions was not one that subjects were comfortable
with. The frequencies of driver takeovers and tailgating would-be conflicts are more similar under high traffic
conditions than in lower traffic conditions. As in the case of hard-braking and driver takeover events, this may
suggest the impact of the higher traffic conditions.
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Figure 27: Predicted Number of Tailgating Events per Treatment.

To test the statistical significance of these differences, the main and interaction effects were formally assessed.
Table 9 provides a summary of the p-values reported for each factor (A, B) and interaction effects, where values
below the 5% significance levels are highlighted. These values confirm the trends identified in Table 18
(Appendix).

Table 9: Main and Interaction Effect Analysis for Categorical Variables.

Variable Type Intercept Factor A Factor B Interaction AxB

Collision Probability Binary 3.83E-06 5.08E-05 3.92E-04 4.71E-03
Hard-Braking Events Count 2.58E-57 8.26E-02 3.51E-07 3.37E-01
Driver Takeovers Count 1.32E-55 6.19E-01 6.42E-03 9.00E-01
Tailgating Events Count 2.47E-05 9.29E-02 2.16E-17 2.99E-01
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In summary:

e The difference in the probability of collision is statistically significant between treatment A vs B, C, and
D. However, no statistically significant differences were found between B, C, and D.

e The number of hard-braking and tailgating events was statistically different when the traffic level was
different, i.e., A vs. C, A vs. D, B vs. C, and B vs. D. However, no differences were identified when the
traffic conditions were the same, independent of whether driver warnings were active or not (A vs. B, C
vs. D).

e Driver takeovers were statistically different between scenarios A vs. C, B vs. C, and B vs. D. While the
difference between treatment A vs. D is moderately significant (p-value ~ 0.11), there is no clear trend
between warning and traffic level impacts.

Building Driver-ADS PSF Model

The next stage of this focused on leveraging experimental results to refine the selection of PSFs and the
structure of the BBN model.

As we did for the main and interaction effect analysis, we used correlation analysis (Pearson and Spearman) to
determine the relationships between different dependent PSFs to justify or refine the structure presented in
Figure 3. This was performed in different stages to: (1) analyze the driver’s profile, (2) analyze the driver’s
perception of the test scenarios, (3) connect the driver profile and perception layer, (4) analyze the scenario
data extracted from the simulation, (5) connect the driver’s perception to the simulation layer, and finally (5)
connect the PSFs to the corresponding safety outcomes. Based on analysis per treatment and aggregated by
subject, the most statistically significant results were incorporated into the BBN models’ structure.

For the quantification of the BBN model, we estimated conditional probabilities (CPTs) based on the relative
distribution of each participant's response and performance with respect to the entire population sample.
Depending on the PSF node, two or three states were defined based on specific thresholds. For instance, the
node Perceived Severity was defined as a three-state node: “high,” “medium,” and “low” to represent values
above the 75% quartile (>Q3), around the median (Q1<Q2<Q3), and below the 25% quartile (<Q1),
respectively. Other binary nodes were selected to compare the driver’s performance to that of the ADS, as in
the case of the Takeover Time (TOT), where the states were defined as “driver-initiated takeover” if TOT < 0
and “system-initiated takeover” if TOT > 0. The structure and CPT values were iteratively assessed and
compared with literature, the theoretical model, and observational findings from the experiments to determine
the final BBN model. Table 19 (Appendix) presents the proposed measures for each factor based on the model
introduced in Figure 3.
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In summary, Figure 28 provides an overview of the data analysis and model construction pipeline.
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Step 1, the data collection, focused on three types of sources: questionnaires, simulations, and
recordings. The latter, including the study of reaction times and the codification of verbal survey
answers, were not codified, but serve as important sources for future research. Questionnaires and
Simulation data included the initial, test, and final survey, as well as extracted variables from vehicle
dynamics, control transitions, and incident events. These are divided into categorical and continuous
variables, as applicable.

Step 2 focused on estimating the significance of the main and interaction effects over these variables,
according to appropriate statistical tests. In addition, the longitudinal trust in driving automation
analysis was also performed.

Step 3 combined these variables to construct PSF and KPI values. As shown in the figure, the initial
survey was used to quantify PSFs related to the driver profile, i.e., Agent PSFs, while the test survey and
simulation data were used to quantify the Scenario PSF and related KPI.

Step 4 repeated the main and interaction effect analysis to ensure that the statistical relations were
maintained through the constructed PSF and KPI.

Step 5 consisted of refining the model structure through correlation analysis and calibrating each node
based on the discretized states and the cross-tabulation of the PSF distributions.
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28: Overview of Data Analysis and Model Construction Pipeline.
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The BBN model was implemented in the academic version of GeNle 5.0 (Graphical Network Interface)
Modeler?, a tool developed to model Al and ML applications with Bayesian networks and other types of
graphical probabilistic models. Built on SMILE (Structural Modeling, Inference, and Learning Engine), GeNle is a
widely-used modeling environment that allows building BBNs and other graphical probabilistic and decision-
theoretic models (Guo and Utne 2022; Mamdikar, Kumar, and Singh 2022; Zarei, Khan, and Abbassi 2022;
Chaal et al. 2022; Basnet et al. 2023).

Final results for Steps 3-4 will be published at a later date. Further details are available in the report by Correa
Jullian (Correa Jullian 2025).

* Bayes Fusion, LLC. GeNle Modeler (Version 5.0): Complete Modeling Freedom. Available [online] at:
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Concluding Remarks

Adopting a team-based perspective for human-ADS relationships introduces a wide breadth of tools, literature,
and technical language that enhance system interpretability under shared-control paradigms. This approach
highlights the impact of ADS design on the overall system’s safety and the value of human interventions, as
opposed to characterizing operators only as technology users (Walliser et al. 2019).

This work extends principles from HATs to the domain of HRA, aiming to quantify how driver behavior and
system design jointly affect operational safety in Level 3 ADS scenarios. The proposed model is grounded in
causal reasoning and captures the influence of key PSFs across multiple layers of interaction, from driver
profile characteristics to safety outcomes. Extending PSFs to account for the role of automation is a task
currently addressed in many industries (Cheng, Ramos, and Mosleh 2024; Veitch et al. 2024). However, most
of these efforts have focused on the one-sided effect of automation on human operators. In contrast, this work
seeks to explore the applicability of PSFs at the system or HAT level, constructing a team model from the
combined interdependent effects of individual, scenario, organization, team, and system PSFs. Aimed at
providing input to qualitative and quantitative risk assessments, these concepts can then be used to develop
risk reduction measures needed to support the safe operation of ADSs, such as training, industry standards,
and best practices.

The model is informed by data collected through human-subject experiments conducted with a medium-fidelity
driving simulator. The experiments focused on takeover scenarios triggered by silent failures of the ADS, under
warning availability (Factor A: Warning Availability) and varying traffic conditions (Factor B: Traffic Level). Both
objective driving performance data (vehicle kinematics, reaction times, and incident rates) and subjective
survey responses (trust, perceived urgency, and perceived responsibility) were collected and analyzed using
appropriate statistical tests to determine the impact of the independent variables. From these data, agent,
team, and scenario-level PSFs were derived to inform the structure and quantification of a BBN model. The final
calibration and findings of this BBN HAT model will be published at a later date.

Initial Findings

Across 72 participants (50 valid sessions after quality filtering), the study combined surveys with simulation
telemetry to characterize driver profiles, scenario perception, workload, and behavior under four treatments
varying warning availability (A) and traffic complexity (B). Participants were young adult drivers with moderate
driving exposure and broad familiarity with common ADAS features. Baseline attitudes showed higher
enjoyment of manual driving than ADS, and conditional trust in automation (willing to delegate under
boredom/fatigue but cautious in complex or adverse conditions). In-scenario perceptions indicated high
transparency of ADS decisions yet frequent disagreement with its behavior and a post-exposure shift toward
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lower trust—most pronounced in high-traffic scenarios. Workload ratings (NASA-TLX) were dominated by
mental demand (over 70% reporting high levels), with temporal demand and frustration increasing in high
traffic; scenario A (warning, low traffic) consistently produced the lowest workload.

Behavioral and performance outcomes showed a clear protective effect of warnings and a strong risk-elevating
effect of traffic complexity. Warnings increased mean time-to-collision (TTC), reduced collision likelihood, and
improved driver responsiveness (faster reactions to warnings and tailgating), while not reliably changing the
likelihood/duration of driver intervention. Traffic complexity increased human interventions, reduced TTC
(mean/SD/min), and elevated steering variability, hard-braking, and tailgating counts. Categorical analyses and
repeated-measures tests confirmed: (i) collision probability was significantly lower in treatment A (0.06; 95%
C10.02-0.17) and highest in D (0.52; 0.38-0.65), with significant AxB interaction; (ii) hard-braking and
tailgating were driven primarily by traffic level (significant for A vs. C/D and B vs. C/D, but not within the same
traffic condition regardless of warnings); and (iii) driver takeovers increased with traffic and were mixed with
respect to warnings. Notably, warnings in low-complexity traffic coincided with higher mean speeds (a non-
additive interaction), suggesting confidence or later takeovers. Overall, warnings conferred measurable safety
benefits, but high traffic complexity dominated risk, highlighting the need to calibrate warning design, timing,
and the human-system interface to mitigate cognitive load and expectation mismatches in shared-autonomy
regimes.

Next Steps

The next stage of this research will focus on leveraging experimental results to refine the selection of PSFs and
the structure of the BBN model. Future implementations can adapt the experimental setup to:

e Perform longer experimental sessions to capture data related to long-haul commercial operations;

e Study V2X-enabled driver warnings for collision avoidance and behavior changes, expanding upon the
case of the end-user driver; and

e Study CDA-related applications supporting remote driver assistance tasks, expanding upon remote
operator supervising multiple vehicles.
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Appendix

Experimental Design

Recruitment and Eligibility

Participants were recruited through flyers and social media posts directing them to complete a brief survey to
determine eligibility (adults between 18 and 55 years of age, with a valid driver’s license for more than 2 years).
This online survey contained the study information sheet, eligibility questions, and a scheduling application. If
eligible, the participants had to select an available time slot for the in-person appointment. Due to time
constraints, participants were recruited on the UCLA campus.

Experiment Protocol

Participants were required to attend an in-person appointment with an approximate duration of 90 minutes
and consisted of the following main stages (Figure 29): (1) an initial questionnaire to characterize each
participant, (2) a training session to introduce the simulator and purpose of the study, (3) a test session
consisting of four scenarios, and (4) a final questionnaire leading to the end of the study (5).

INIm/NISIn}

Initial Instructions  Training Break Run 1 Test Run 2 Test Run 3 Test Run 4 Workload Final
Surve.y (5 mins) (10 min) (5 min) (5 min) Survey (5 min) Survey (5 min) Survey (5 min) Trust na
(10 min) (5 min) (5 min) (5 min) Risk S;urvgy

Perception (& min)
(5 min)

| Tailgating behavior can occur at random after 2 minutes*

Figure 29: Experimental Session Design.

Each stage consisted of the following:

1) Initial questionnaire. Participants completed a questionnaire about their personal driving experience,
habits, and opinions on automated driving technology. No personally identifying information was
collected.

2) Simulator training. Participants received instructions on how to operate the driving simulator and the
characteristics of the simulated vehicle’s capabilities. The experiment stages were briefly explained to
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the participants. This included a description of the levels of driving automation, focusing on the
differences between levels 2, 3, and 4.

3) Testing scenarios. Participants were then given instructions to complete short driving scenarios where
they could switch between manual and automated driving controls.

4) Final questionnaire. After the test session, participants are asked to complete one final short
questionnaire, repeating a section of the initial survey.

5) The session ends. The subjects are thanked for their participation and are provided with their
compensation ($15 Amazon gift card).

Training Scenarios

Participants went through a short training session to become familiar with the simulator’s visuals and controls.
The monitors showed a virtual driving environment representing a small town with residential and highway
sections (CARLA Town 06), with traffic signs and other vehicles following independent trajectories. The
monitors presented an approximate view from the driver’s seat, indicating the automation state (i.e., OpenCDA
or Manual) and the vehicle’s speedometer. Participants triggered the start of each scenario by pressing space
on the keyboard (Figure 30). All scenarios were initiated in automated driving mode, and participants were
instructed to brake or use the steering wheel to take control when desired. If any collision occurred during the
training scenarios, the researcher manually terminated the simulation.

Figure 30: Experimental Setup - View from the Driver’s Seat.

This training session was divided into three short tasks:
e Training scenario 1: Manual control of the vehicle. The participants are asked to disengage the automated

driving system by applying the brake or steering and then continue to drive as they would in a typical
vehicle down a road, interacting with other vehicles and traffic signs along three intersections. The
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participant was instructed to follow the road, which included two curved sections, without turning onto
the side streets, until a sign appeared on the screen indicating the route had been completed.

Training scenario 2: Observe automated driving mode. Starting from the same position as training
scenario 1, the participants were asked to initiate the scenario and watch how the vehicle performed
the same route while maintaining a minimum safety distance of TTC = 7 seconds. Participants were
reminded that while they were free to do other activities, they were encouraged to monitor the
vehicle’s actions at this time to familiarize themselves with its expected behavior.

Training scenario 3: Respond to a takeover request. Beginning at the starting position, the participants
were asked to initiate the scenario as in the previous scenario. However, participants were instructed
that at some point in the track, an example of a takeover request will be shown on the screen if the TTC
goes below the threshold of 5 seconds. This is a visual alert that appears on the central monitor with
the following text: “Warning: Please Brake” (Figure 31a). Participants are instructed to use the steering
wheel and/or pedals to regain control of the vehicle and bring the vehicle to a safe stop. If a collision
occurred, a visual alert appeared with the following text: “Warning: Collision Occurred” (Figure 31b)
and the simulation was terminated.

Figure 31: Example of Driver Interface, (a) Warning Alert and (b) Collision Alert.

Testing Scenarios

The testing session consisted of the following:

Four trials per session with breaks of 5 minutes between trials (while test surveys were completed).

Each trial started with the vehicle driving in automated mode and participants were told they could
take control if desired or when requested by the system. Participants could take over control at any
prior point in time if desired, although they were instructed that the automated driving mode was
preferred.

Each trial assessed two independent variables: the availability of early warning (A) and scenario
complexity (B). Two levels were selected for the early warnings (AO available, A1l not available), and two
levels of complexity were selected to represent different driving conditions (BO low traffic, B1 high
traffic). Each trial covers a combination of these independent variables (B0-A0, BO-Al, B1-A0, B1-Al).
Figure 32 depicts the two complexity levels (BO, B1).
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e Each trial had a duration of approximately 5 minutes. The driving scenario consisted of the ego-vehicle
(the car that can be controlled by the participant) following a lead vehicle and maintaining a safe
distance at an approximate speed of 35-38 mph (56-61 km/h). This safety distance is defined as a time
to collision (TTC) of more than 7 seconds.

e Atarandom time between minute [2-4], the safety distance of the ego vehicle was artificially reduced
to 3.5 seconds. Therefore, when the lead vehicle reduced its speed (e.g., at an intersection), it would
invade the safety envelope of the ego vehicle. When the TTC was below 5 seconds, this triggered an
alarm under the A0 condition (but not the Al condition), defined as a Takeover Request (TOR), shown
to the participant.

e |If the participant took control of the vehicle, they were expected to slow or to stop the ego-vehicle in a
safe spot (as instructed earlier). If no warning was given (A1) or the participant did not take over
control, the ego vehicle would attempt to maintain the 3.5-second safety distance. The scenario was
terminated when either the ego vehicle collided with an object after the driver took control or after the
ego vehicle completed the track (manually, or after re-engaging the system) without a collision.

e After the scenario ended, the participants were given a 5-minute break. During this break, they were
asked to complete a questionnaire about their experience and follow-up, open-ended questions based
on their actions during the experiment

e The simulation was reset, and the next trial with the corresponding treatment was started. This process
was until four trials were completed.

Note: If participants expressed any sign of motion sickness, the trials were terminated early. While participants
were encouraged to express this during the tests, a survey question was also included after each trial to verify
their state.
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Figure 32: Driving Scenario (a) BO: Simple (low traffic) and (b) B1: Complex (high traffic,
additional vehicles represented in red).

Questionnaires

Initial Survey
This survey covered questions related to personal driving experience, habits, and opinions on automated
driving technology (Table 10).

e Questions 1.1-1.6 were adapted from P. Bazilinskyy et al. (2018) (Bazilinskyy et al. 2018).

e Question 1.7 was created for this study.

e Question 1.8 items were adapted from Ernst and Reinelt (2017) (Ernst and Reinelt 2017).
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Question 1.9 items were adapted from the short version of the Driver Behavior Questionnaire
presented in De Winter (2013) (De Winter 2013), originally developed by J. Reason et al. (1990)
(Reason et al. 1990).

Question 1.10 items were adapted from Ledesma et al. (2015) (Ledesma et al. 2015).
Question 1.11 items were adapted from Choi and Ji (2015) (Choi and Ji 2015).

Question 1.12 items were adapted from the Trust in Automated Driving (TiAD) Questionnaire used by
Payre, Cestac, and Delhomme (2014, 2016) (Payre, Cestac, and Delhomme 2016; 2014) and Manchon,
Bueno, and Navarro (2022) (Manchon, Bueno, and Navarro 2022).
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Table 10: Subjective Measures and Factors Collected from the Initial Questionnaire.

e [tisenjoyable to drive a car yourself
e [tisexciting to drive a car yourself
e [tis fun to drive a car yourself

How much do you
agree with the
following
statements?

Num. Question Outcome Factor Source
11 Gender: Please indicate your gender Gender [category] Bias P. Bazilinskyy et
al. (2018)
1.2 Age: What is your age? Age [value] Bias
1.3 Driving Experience: At what age did you obtain your first | Years [value] Experience
license for driving a car or motorcycle?
1.4 Primary mode of transport: What is your primary mode of | Mode [category] Experience
transportation?
15 Driving Frequency: On average, how often did you drive a | Frequency [category] | Experience
vehicle in the last 12 months?
1.6 Driving Mileage: About how many miles did you drive in Mileage [category] Experience
the last 12 months?
1.7 ADAS Experience: Have you had any experience with the Count [yes/no] Familiarity Original
following features?
1.8.1-1.8.3 | Driving Enjoyment: 3 items Scale Average [1-5]: | Bias Ernst and Reinelt

(2017)
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Num. Question Outcome Factor Source
1.8.4-1.8.6 | Preconceived ADS Enjoyment: 3 items Scale Average [1-5]: | Bias
e Using an autonomous car would be enjoyable How mLfCh do you
e Using an autonomous car would be fun agree Y‘”th the
e Using an autonomous car would be exciting following
statements?
1.9.1-1.9.2 | DBQ Violations: 2 items Scale Average [1-5]: Risk Tolerance De Winter (2013)
e Disregard the speed limit on a residential road or | How frequently do
motorway you think you do
e Drive so close to the car in front that it would be | these actions?
difficult to stop in an emergency
1.9.3-1.9.4 | DBQ Errors: 2 items Scale Average [1-5]: Risk Tolerance De Winter (2013)
e Get into the wrong lane when approaching a | HOW fr‘equently do
roundabout or junction you thlnk.you do
e Incorrect steering so that you hit the curb these actions?
1.10.1- Distracted Driving: 3 items Scale Average [1-5]: Risk Tolerance Ledesma (2015)
1.10.3 How frequently do

e At an intersection, | pay attention to the vehicles
coming the other way.

o At a street corner, | realize that a pedestrian is
crossing the street.

e | realize that | failed to see a traffic light simply
because | was not paying attention.

you think you do
these actions?
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Num. Question Outcome Factor Source
1.11.1- Perceived Responsibility: 3 items Scale Average [1-5]: Responsibility Choi and Ji (2015)
1113 How much do you

e Driving without accidents is mainly a matter of luck.

e Accidents usually happen because of unexpected
events that occur during driving.

e [t is difficult to prevent accidents when the driving
conditions are difficult, such as darkness, rain, a
narrow road with many turns.

agree with the
following
statements?
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Num. Question Outcome Factor Source
1.12.1- Trust in Automated Driving: 12 items Scale Average [1-7]; Trust Manchon, Bueno,
1.12.12 How much do you and Navarro

I would feel safe in an automated vehicle.

The automated driving system provides me with
more safety compared to manual driving.

I would rather keep manual control of my vehicle
than delegate it to the automated driving system on
every occasion.

I would trust the automated driving system
decisions.

I would trust the automated driving system's
capacities to manage complex driving situations.

If the weather conditions were bad (e.g., fog, glare,
rain), | would delegate the driving task to the
automated driving system.

Rather than monitoring the driving environment, |
could focus on other activities confidently.

If driving were boring for me, | would rather
delegate it to the automated driving system than do
it myself.

I would delegate the driving to the automated
driving system if | was tired.

If I had passengers in my automated car, | would
rather drive by myself than delegate it to the
automated driving system.

I would like to recover control from the automated
pilot if | did not like the way it drives.

Globally, | trust my capacity to resume control if
needed.

agree with the
following
statements?

(2022), Payre,
Cestac, and
Delhomme (2014,
2016)
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Test Survey

This survey covered the participants’ experience in the simulator. This survey was administered four times,
after each scenario. This survey consisted of a section of multiple-choice questions and then verbal, open-
ended questions. The multiple-choice section of this survey covered the participant’s perception of the
scenario, including their assessment of the ADS’s behavior and workload (Table 11).

e Questions 2.1-2.3 items were adapted from Muslim, Leung, and Itoh (2022) (Muslim, Kiu Leung, and Itoh
2022).

e Question 2.4-2.9 items were created for this study.

e Questions 2.10-2.11 items were adapted from the NASA TLX Questionnaire to assess workload by Hart
and Staveland (1988) (Hart and Staveland 1988; Hart 2006).

The open-ended questions section of this survey covers the participant’s perception of the scenario, including
their assessment of the ADS’s behavior, their attention, and perceived workload (Table 12). The questions were

based on the occurrence of certain events during the scenario. These questions were created specifically for

this study.

Table 11: Subjective Measures and Factors Collected from Test Questionnaire.

Num. Question Outcome Factor Source

2.1 Understand the ADS: Scale Average [1- Trust Muslim, Leung, and
You could understand the 7]: To what extent ltoh (2022)
system? do you think...?

2.2 Agree with the ADS: Scale Average [1- Trust Muslim, Leung, and
You agree with the system’s 7]: To what extent Itoh (2022)
decision? do you think...?

2.3 Trust the system: Scale Average [1- Trust Muslim, Leung, and
The system is trustworthy? 7]: To what extent Itoh (2022)

do you think...?

2.4 Motion sickness: Scale Average [1- n/a Original
You experienced any motion 7]: To what extent
sickness? do you think...?
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Num. Question Outcome Factor Source
2.5 Urgency: Scale Average [1- Perceived Urgency | Original
The situation was urgent? 7]: To what extent
do you think...?
2.6 Severity: Scale Average [1- Perceived Severity | Original
The situation would lead to 7]: To what extent
severe consequences? do you think...?
2.7 Risk Perception Scale Average [1- Perceived Risk Original
The system performed a risky 7]: To what extent
action? do you think...?
2.8 Perceived Responsibility Scale Average [1- Perceived Original
You were responsible for the 7]: To what extent | Responsibility
situation? do you think...?
2.9 Perceived Complexity Scale Average [1- Perceived Original
You could have performed the | 7]: To what extent | Responsibility
action in a safer way? do you think...?
2.10.1- | Workload Scale Average [1- Perceived Task Hart and Staveland
2.10.6 1. Mental Demand 9]: Please rate Complexity (1988)
2. Physical demand these workload
3. Temporal demand dimensions from 1
4. Effort (Lowest) to 9
5. Performance (Highest).
6. Frustration level
2.11 Workload: Pairwise Binary: What was Perceived Task Hart and Staveland
comparison of workload more important to | Complexity (1988)
dimensions. your experience?

Table 12: Subjective Measures and Factors Collected from Test Questionnaire - Open Questions.
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Participant Open Question Factor
All What was the hardest task? Perceived Task Complexity

How engaged were you? Alertness

What made you pay/not pay attention? Attention

What made you trust/not trust the system? Trust
Takeover w/TOR Why did you take over? Engagement/Strategy
(A1)

What do you think was the cause of the takeover | Attention

request?
Takeover w/o TOR Why did you take over? Engagement/Strategy
(A2)

Do you think the system failed? Attention/Strategy
No Takeover w/TOR | Why didn’t you take over? Engagement/Strategy
(A1)

What would you have done differently? Perceived

responsibility/Strategy

No Takeover w/o
TOR (A2)

Why didn’t you take over?

Engagement/Strategy

Do you think the system should have issued a
TOR?

Perceived severity/Strategy

Early Takeover

Why did you take over?

Engagement/Strategy

Do you think the system should have issued a
TOR?

System response

If the participant
collided while in
control of the
vehicle.

What was the main issue that led you to the
crash?

Compliance with procedures/
Manual Operation

What would you have done differently?

Perceived
responsibility/Strategy
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Final Survey

This survey covers questions related to the participants’ opinions on automated driving technology, after they
have completed the four experiment scenarios. These questions consist of the items 1.12.1-1.12.12 presented
in Table 10, referred to as items 3.12.1-3.12.12.

Data Processing

Driver Profile

Table 13: Driver Profile Response Mapping.

Question Variable Numerical Mapping

1.1 Gender (Numeric) Male=-1, Female=1, NA=0

1.2 Age n/a

13 Driver’s License (Exp_Lic) | License Age = Age - Year license obtained

1.4 Mode (Numeric) Private vehicle = 6, Public Transportation = 5, Motorcycle =
4, Cycling = 3, E-Scooter = 2, Walking =1, NA =0

1.5 Driving Freq. (Numeric) Range 1-6 (Never - Every day), NA=0

1.6 Driving Freg. (Miles) Range 1-9 (0 miles - more than 50,000 miles), NA =0

1.7 ADAS Count Range 1-7 per subject.

18.1 Driving Enjoy

1.8.2 Driving Exciting

183 Driving Fun 5-point Likert Scale, 1: “Strongly Disagree”, 2: “Disagree”, 3:

184 ADS Enjoy “Neutral”, 4: “Agree”, 5: “Strongly Agree”

1.8.5 ADS Exciting

1.8.6 ADS Fun

19.1 Quality Speed
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Question Variable Numerical Mapping

19.2 Quality Tailgate

193 Quality Lanes

194 Quality Curb
5-point Likert Scale, 1: “Never”, 2: “Rarely”, 3: “Sometimes”,

1.10.1 Quality Crossing 4: “Very Often”, 5: “Always”

1.10.2 Quality Vulnerable Road

User

1.10.3 Quality Signs

1111 Accidents Luck
5-point Likert Scale, 1: “Strongly Disagree”, 2: “Disagree”, 3:

1.11.2 Accidents Unexpected PoINt H gly Lisag 38
“Neutral”, 4: “Agree”, 5: “Strongly Agree”

1113 Accidents Complex

1.12.1-3.12.1 Trust Safe

1.12.2-3.12.2 Trust ADS

1.12.3-3.12.3 Trust Manual

1.124-312.4 Trust ADS Decision

1.12.5-3.125 Trust ADS Capacity 7-point Likert Scale, 1: “Strongly Disagree”, 2: “Disagree”, 3:

112.6-3.12.6 Trust Weather Slightly Disagree”, 4: “Neutral”, 5: “Slightly Agree”, 6:
“Agree”, 7: “Strongly Agree”

1.12.7-3.12.7 Trust Attention

1.12.8-3.12.8 Trust Boring

1.12.9-3.12.9 Trust Tired

1.12.10- Trust Passengers

3.12.10
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Question Variable Numerical Mapping
1.12.11- Trust TOR

3.12.11

1.12.12- Trust TOQ

3.12.12

Test Scenario Data

Table 14: Raw Data Retrieved from the Simulation.

Variable Values Comment

Subject P<x> Added to the files when processing to identify the subject number.

Scenario A-D Added to the files when processing to identify the scenario type (A: Warning,

Name Low Traffic, B: No Warning, Low traffic, C: Warning, High Traffic, and D: No
Warning, High Traffic)

Timestep Numeric The simulation's timestep, each interval equal to 0.05 seconds, i.e., 20 Hz
sampling rate.

Sim. End True/False If the simulation had ended at that timestamp. The value would be "False"
unless the vehicle reached the endpoint on the track, i.e., a collision occurred.

Collision True/False If the vehicle had collided at that timestamp. The value would be "True" since
a collision occurred until the scenario was terminated.

TTC 0-1000 Value estimated by OpenCDA. If above a certain threshold, the default value
is 1000.

Warning True/False If a warning was present at that timestamp. The value would be "True" only
for the duration of the warning, based on the TTC condition and a default
inertia.

Lane Inv. NAN/Text If the vehicle was involved in a lane violation at that timestamp. If true, the

value would be "Crossed line 'Broken™, else, it returns an empty cell.
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Variable Values Comment

Brake Contr. | Numeric The value of the brake input at that timestamp. This only records the driver’s
physical input, not the ADS control.

Handbrake | True/False Whether the handbrake was activated at that timestamp.

Contr.

Driver TO True/False Whether the driver was in control of the vehicle at the timestamp. Default is
"False", as the simulation initiates under ADS control.

Reverse True/False Whether the vehicle was placed in 'reverse' gear at that timestamp.

Contr.

Steer Contr. | Numeric The value of the steering input at that timestamp. This records both the
driver’s physical input and the ADS control.

Throttle Numeric The value of the throttle input at that timestamp. This only records the

Contr. driver’s physical input, not the ADS control.

Veh. Speed | Numeric The vehicle's speed at that timestamp. This records both the driver and the
ADS control.

X Pos. Coordinates | The coordinates (X, Y, Z) for the vehicle's center.

Y Pos. Coordinates | The coordinates (X, Y, Z) for the vehicle's center.

Z Pos. Coordinates | The coordinates (X, Y, Z) for the vehicle's center.

Roll Deg. Angle The rotation angle (roll, yaw, pitch) for the vehicle’s center.

Yaw Deg. Angle The rotation angle (roll, yaw, pitch) for the vehicle’s center.

Pitch Deg. Angle The rotation angle (roll, yaw, pitch) for the vehicle’s center.
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Table 15: Scenario Perception Survey Response Mapping

Question Variable Tag Numerical Mapping

2.1 ADS - Understand L7 _understand

2.2 ADS - Agree L7_agree

2.3 ADS - Trust L7 trust

2.4 Motion Sickness L7_motionsickness 7-point Likert Scale, 1: “Strongly
Disagree”, 2: “Disagree”, 3: “Slightly

2.5 Situation Urgency L7_urgency Disagree”, 4: “Neutral”, 5: “Slightly
Agree”, 6: “Agree”, 7: “Strongly

2.6 Situation Severity L7_severity Agree”

2.7 Risk Awareness L7 _riskaware

2.8 Responsibility L7_responsibility

2.9 Situation Complexity | L7_selfbelief

2.10.1 Mental Load L9 _mental

2.10.2 Physical Load L9_physical
9-point Likert Scale, 1: “Very Low”, 2:

2.10.3 Temporal Load L9_temporal “Low”, 3: “Moderately Low”, 4:
“Slightly Low”, 5: “Neutral”, 6:

2.104 Effort Load L9 _effort “Slightly High”, 7: “I\/\oderately
High”, 8: “High”, 9: “Very High”

2.10.5 Performance Load L9_performance

2.10.6 Frustration Load L9 frustration

Experimental Results

Scenario Perception

Table 16: Summary of Test Survey Results; Main and Interaction Effects Analysis.
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Question| Variable Max | Min |Mean| Std |Median|25%|75%/| p-value: | p-value: | p-value:
Main Main |Interaction
Effect A | Effect B Effects
21 ADS -
7 3 559 |1.06 |6 5 [6.25|7.54E-01 |6.18E-01 [2.36E-01
Understand
22 ADS-Agree | 575 | 175 [3.79 [0.95 [3.75 [3.25 |4.44 [2.04E-08 |1.68E-04 |5.06E-03
23 ADS - Trust 575 | 1 344 112 3.62 |25 |4.25|6.59E-07 |1.41E-03 |2.33E-02
24 Moti
roton 7 1 219 (148 |15 |1 [3.19/8.54E-01 |2.83E-01 [5.15E-01
Sickness
25 Situati
tuation 675 | 175 |5.14 |1.05 |5.25 |4.56 |6 |4.71E-02 |1.39E-03 |1.13E-01
Urgency
26 Situati
tuation 7 35 |554 |0.83 [5.62 |5 [6.19 [7.62E-03 |4.93E-04 |1.61E-02
Severity
2.7 Risk Awareness | 6.75 | 2.5 5.06 [0.93 |5.25 45 |5.75 |2.69E-05 |6.63E-04 [9.81E-03
2.8 Responsibility | 7 125 1423 [1.37 |438 [3.06 |5.44 |4.10E-01 |4.83E-01 |5.02E-01
29 Situati
tuation 7 1 516 (132 525 |4.75|6  [1.31E-05 |1.56E-04 |2.42E-02
Complexity
2101 |Mentalload |9 225 1612 131 |6.25 |5.56 |6.94 |1.05E-02 |6.39E-06 |9.85E-02
2102 |PhysicalLoad |75 |1 389 |15 [3.75 |3 |4.69 |2.53E-01 |7.00E-03 |7.77E-01
2.10.3 [Temporal Load | 8.25 |2 5.16 [1.56 |5 4.06 |6.5 |1.60E-02 |8.29E-04 |1.43E-01
2104  |Effort Load 8 3 52 [1.18 |538 [431|6 |1.40E-03 [9.80E-05 |2.84E-02
2105  |Perf
Lz;;rmance 9 325 [5.84 129 [575 |5 |6.69 |4.75E-03 |1.12E-02 |9.68E-02
2106 |Frustrati
rustration 775 | 2 454 |1.61 425 [3.31 |5.94 |6.34E-03 |2.34E-03 |2.59E-01

Load
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Question| Variable Max | Min |Mean| Std |Median|25%|75%/| p-value: | p-value: | p-value:
Main Main [Interaction
Effect A | Effect B | Effects
Legend: <5% | <10% |<15%|<20%|<25%
Simulation Variables
Table 17: Summary of Simulation Variables, Main and Interaction Effects.
Factor A Mean Factor B Mean
)
()
b0 v 1]
£ 5| & € |4k
Variable Definition oo = %) ® © v | 2
= > < - = 2|5
£ 3 wn K= wn = %
s o | = | B 2 T %8s
- < D - T O | § Z
> = |5 8 2 |E |24
The timestamp
corresponding to the end
End Time of the scenario. If there 414464 | 3911.29 | S 3785.68 | 4270.25 | S NS
was a collision, then it is
the same as Coll. Time.
The timestamp
corresponding to the
. collision in the scenario. If
Coll. Time o 4124.43 | 3866.32 | S 3762.68 | 4228.07 | S NS
no collision occurred,
then it is the same as End
Time.
The timestamp the first
warning was triggered. If
Warning Time | no warning was triggered | 3025.98 | 0 S 1484.2 | 1541.78 | NS | NS
(such as in scenario B, D),
then the value is null.
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Factor A Mean Factor B Mean
re)
()
1) v 1]
£ o|n| & | E |58
Variable Definition 8o = %) s © (T3
o— (L Z S = Z )
£ = A = < A | B o«
o o et c;> 20 el
= z |5 2 I |§5|52
2 = | 5| 8 2 |5 |E&a
The total time that
Warning Total | warnings were active 26.34 0 S 7.45 18.89 NS | NS
during the scenario.
The timestamp of the first
Driver Time driver takeover. If none, 1331.95 | 1359.8 NS | 1150.03 | 1541.72 | S NS
then the value is null.
The total length that the
Driver Total driver was in control of 1214.51 | 1105.48 | NS | 983.04 | 1336.95 | S NS
the vehicle.
The total ti that th
Lane Inv. Time | ¢ Orat HMENALENETE | 53036 43 | 3405.66 | S | 3349.23 [ 3692.86 | S | NS
was a lane violation.
The total time that there
L Inv. Ti [ jolati h
anenv. fime ) was afane violaon When | 151041 | 110249 | NS | 981.73 | 133117 | S | NS
Driver the driver was in control
of the vehicle.
Veh. M Vehicl d
en. Mean enicie mean spee 20469 [19.947 |s | 2199 |18426 |s |s
Speed during the scenario.
Standard deviation of
Veh. Std Speed | vehicle speed during the | 15.949 | 16.095 | NS |16.771 | 15273 | S |NS
scenario.
Veh. M Vehicl d duri
en. Miax enicie maxspeed NG | 44914 | 44.832 | NS | 45237 | 44509 | NS | NS
Speed the scenario.
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Factor A Mean Factor B Mean
©
00 v @
£ || g £ |x|&
Variable Definition 8o = 2 s © 0 -
‘e c = = ~ = =}
£ = v = = v =
S o | % | B 2 | Z|8a
g S8 3 T |82
< < i ] P o | Ev
Vehicle mean speed when
Veh. Mean L
. the driver is in control of 12.328 | 9.497 S 10.812 | 11.013 NS | S
Speed Driver .
the vehicle.
Standard deviation of
Veh. Std Speed | vehicle speed when the
. . . 12.854 | 12.194 | NS | 12108 | 12.94 NS | NS
Driver driver was in control of
the vehicle.
Vehicle max speed when
Veh. Max ) :
) the driver was in control 44167 | 42711 | NS | 43.396 |43.482 | NS | NS
Speed Driver )
of the vehicle.
Steering Mean | Mean steering input. -8.126 -8.307 NS | -4.93 -11.503 | S NS
Standard deviation of th
Steering STD ancard deviation otthe 1 1163 | 58.013 | NS | 43462 |75714 | S | NS
steering input.
Steering Max Max steering input. 219.861 | 167.32 | NS | 164.635 | 222.546 | NS | NS
Throttle Mean | Mean throttle input. 0.115 0.125 NS | 0.108 0.132 NS | S
Standard deviation of th
Throttle STD andard deviation otie 19216 | 0.232 | NS [ 0213|0235 | NS |NS
throttle input.
Throttle Max Max throttle input. 0.801 0.78 NS | 0.743 0.838 NS | NS
Brake Mean Mean brake input. 0.17 0.203 NS | 0.195 0.178 NS | NS
Standard deviation of th
Brake STD andarg ceviation otine 19275 1031 |s [0302 |0283 |NS |NS
brake input.
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Factor A Mean Factor B Mean
re)
()
1) v 1]
£ || g £ |x|&
Variable Definition 8o = %) s © (T3
o— (L Z S = Z )
£ = A = < A | B o«
S o | % | B 2 T 8@
= 2 18] £ I 8|82
)
2 < b 2 = E|EQ
Brake Max Max brake input. 0.951 0.967 NS | 0.961 0.957 NS | NS
Mean TTC during the
TTC Mean . 12.398 11.692 S 12.826 11.264 S NS
scenario.
Standard deviation of the
TTC Std . . 5.736 5.57 NS | 6.182 5.124 S NS
TTC during the scenario.
. Min TTC during the
TTC Min . 1.212 1.168 NS | 1.375 1.005 S NS
scenario.
TTC Mean Mean TTC when the driver
. was in control of the 5.452 5.443 NS | 5.528 5.367 NS | NS
Driver .
vehicle.
Standard deviation of the
TTC Std Driver | TTC when the driver was 2.094 1.713 S 1.801 2.006 NS | NS
in control of the vehicle.
Min TTC when the driver
TTC Min Driver | was in control of the 1.55 1.684 NS | 1.73 1.504 NS | S
vehicle.
Driver Warnin The reaction time to a
- & warning (negative if -29.82 | -265.84 | S | -141.43 |-154.23 | NS | NS
Reaction Time . o
driver-initiated)
Driver The reaction time to a
Tailgating tailgating event (negative | -29.82 | 50143 | S |106.16 |36545 |NS [NS
Reaction Time | if driver-initiated)

*S: Significant, NS: Not Significant, using p-value <0.05 as reference.
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Table 18: Summary of Categorical Variables per Treatment.

Variable Treatment | Mean | Standard Error Lower Bound (5%) Upper Bound (95%)
Collision A 0.06 0.03 0.02 0.17
Probability

B 0.48 0.07 0.35 0.62

C 0.40 0.07 0.27 0.54

D 0.52 0.07 0.38 0.65
Hard-Braking | A 3.40 0.26 2.93 3.95
Events

B 4.07 0.29 3.55 4.67

C 5.58 0.33 4,96 6.28

D 5.88 0.34 5.25 6.59
Driver A 3.36 0.26 2.89 3.91
Takeovers

B 3.18 0.25 2.72 3.71

C 4.44 0.30 3.89 5.06

D 4.28 0.29 3.74 4.89
Tailgating A 0.38 0.09 0.24 0.60
Events

B 0.62 0.11 0.44 0.88

C 3.00 0.24 2.56 3.52

D 3.54 0.27 3.06 4.10

Proposed PSF Mapping
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Table 19: Proposed PSFs for Driver-ADS Team Model.

Responsibility

responsibility lies in driving
incidents (external vs. internal loci
of control)

Type | PSF Measure States

Experience Driving experience: Years since the | Categories “high”, “medium”, “low”
driver's license was obtained, defined based on mean and standard
frequency of approximate mileage | deviation of sampled population.
per year, etc.

Risk Tolerance The attitude of the subject with Categories “high”, “neutral”, “low”
respect to driving-related risk: risk defined on Q25, Q50, and Q75 of
seeking, neutral, or risk averse combined risk tolerance indicator, per
based on reported driving behavior. | state of experience.

Perceived Experience with ADAS features as Categories “above average”, “average”,

Familiarity proxy to familiarity with tested ADS | “below average” defined on Q25, Q50,
features. and Q75 of the number of ADAS features

referenced by the sampled population.

Bias The subject’s bias towards or Categories “positive towards ADS”,

- against the ADS based on their “neutral towards ADS”, “negative

c

o driving preferences and towards ADS” defined on Q25, Q50, and

< preconceived ideas on automated Q75 of combined bias indicator, per
driving. state of perceived familiarity.

Decision The subject’s perception of where Categories “high control”, “neutral

control”, “low control” defined on Q25,
Q50, and Q75 of combined
responsibility indicator, per state of risk
tolerance and bias.

Level of Trust
(Role Awareness)

The subject’s reported
preconceived trust in driving
automation.

Categories “high”, “neutral”, “low”
defined on Q25, Q50, and Q75 of
combined trust indicator, per state of
experience and bias.

Alertness /
Attention

Not Implemented. Data may be
extracted from the video recordings
for each test session.

N/A
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Type | PSF Measure States
External Impact of surrounding traffic Independent variable, referred to as
environment complexity. factor B: level of traffic (BO: low traffic,
B1: high traffic). Established as 50%-50%
baseline for each state.
Conditioning Impact of silent failures on the Independent variable, referred to as
events driver warning system. factor A: warning availability (AO:
warning, Al: no warning). Established as
50%-50% baseline for each state.
Perceived trust This node represents the evolution | Categories “high”, “neutral”, “low”
of the subject’s trust in the ADS defined on Q25, Q50, and Q75 of the
during the scenario. combined trust indicator, per state of
bias, responsibility, conditioning events
(warning availability), and external
environment (traffic level).
he
§ Perceived Subject’s perception of the urgency | Categories “high”, “neutral”, “low”
§ urgency to intervene in the scenario, defined on Q25, Q50, and Q75 of the
measured per treatment. urgency indicator, per state of level of
trust, risk tolerance, and external
environment (traffic level).
Perceived Subject’s perception of the scenario | Categories “high”, “neutral”, “low”
severity severity, measured per treatment. defined on Q25, Q50, and Q75 of the

severity indicator, per state of perceived
familiarity, risk tolerance, and external
environment (traffic level).

Perceived risk

This node represents the evolution
of the subject’s risk awareness in
the ADS during the scenario.

Categories “high”, “neutral”, “low”
defined on Q25, Q50, and Q75 of the
risk awareness indicator, per state of
level of trust, conditioning events
(warning availability), and external
environment (traffic level).
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Type | PSF Measure States
Perceived Subject’s perception of their Categories “high”, “neutral”, “low”
decision responsibility to intervene in the defined on Q25, Q50, and Q75 of
responsibility scenario, measured per treatment. | combined responsibility indicator, per
state risk tolerance, conditioning events
(warning availability), and external
environment (traffic level).
Task Complexity | Subject’s perception of the task Categories “high”, “neutral”, “low”
/ Task Load load and complexity as measured by | defined on Q25, Q50, and Q75 of the
workload tool NASA TLX. combined workload indicator, per state
of level of trust, conditioning events
(warning availability), and external
environment (traffic level).
Non-task load Not Implemented. Data may be N/A
extracted from the video recordings
for each test session.
Responsiveness Estimated as the rate of performed | Categories “high”, “average”, “low” per
(Team takeovers given the number of state of decision responsibility, perceived
Communication) | required takeovers (warnings or trust, urgency, conditioning events
tailgating events). Ideal values are (warning availability), and external
close to 0.5. environment (traffic level).
Compliance with | Not Implemented. The ratio N/A
= Procedures between the lane invasion by the
2 (Team Cohesion) | driver and the ADS was too closely
correlated to Engagement.
Engagement Estimated as the total driver’s Categories “high”, “average”, “low” per
(Team engagement time over the total state of task complexity, perceived risk,
Coordination) duration of the scenario. No severity, and external environment
inherent value is associated with (traffic level).
higher or lower numbers.
> ‘:8: Manual Driving Estimated as the driver’s tendency | Categories “above ADS” and “below
¥ Q| Quality (TTC) to maintain adequate safety ADS” per state of responsiveness and
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Type

PSF

Measure

States

distances, i.e., the ratio between the
driver’s mean TTC and the vehicle’s
mean TTC during the scenario.
Higher ratios have a positive value.

conditioning events (warning
availability).

Driver Strategy
(Speeding)

Estimated as the driver’s tendency
to speed, i.e., ratio between the
driver’'s mean speed and the
vehicle’s mean speed during the
scenario. No inherent value is
associated with higher or lower
numbers.

Categories “below ADS” and “above
ADS” per state of responsiveness,
engagement, conditioning events
(warning availability), and external
environment (traffic level).

Takeover Time
(TOT)

The driver’s reaction time to a
warning or tailgating event, where
positive indicates system-initiated
takeover and negative, a driver-
initiated takeover. No inherent
value is associated with higher or
lower numbers.

Categories “ADS initiated” and “driver
initiated” per state of engagement,
responsiveness, conditioning events
(warning availability), and external
environment (traffic level).

Takeover Quality
(TOQ)

Estimated as the ratio between
tailgating events before and after
tailgating onset. Lower ratios have a
positive value.

Categories “high” and “low” per state of
responsiveness, and external
environment (traffic level).

Takeover Whether there was a collision, per Categories “collision” and “no collision”
Performance scenario. Mapped as -1 for no per state of TOT, TOQ, conditioning
(Collision) collision, 1 for collision. Lower events (warning availability), and
numbers have a positive value. external environment (traffic level).
Operation Number of hard-braking events, per | Categories “high”, “neutral”, “low”
Performance scenario. A priori, lower numbers defined on Q25, Q50, and Q75 of the

(Hard-Braking)

have a positive value (when paired
with lower collision rates).

number of hard-braking events, per state
of driver strategy, manual driving
operation, and external environment
(traffic level).
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