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Abstract 

As vehicles advance toward higher levels of automation, understanding when and why drivers choose to delegate 

control becomes essential for safe and effective human–automation coordination. This study examines how repeated 

delegation prompts and explanation detail influence drivers’ willingness to transfer control in an immersive driving 

simulator. A discrete-time survival model with a complementary log–log link was used to estimate delegation 

probability across sequential prompts. Results show a robust and statistically significant escalation effect: each 

additional prompt increases the likelihood of delegation by approximately 33% (HR = 1.33, p = 0.028), indicating that 

drivers become progressively more willing to relinquish control over time. In contrast, the transition to a more detailed 

explanation phase did not yield a statistically reliable change in delegation probability after accounting for attempt 

number. These findings suggest that temporal escalation, rather than explanation detail alone, is the primary driver of 

delegation behavior, offering insight for designing adaptive autonomous vehicle communication strategies.  
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1. Introduction 

The rapid advancement of vehicle automation has shifted the human driver’s role from continuous operator to 
supervisory controller, raising important questions about trust, transparency, and shared control between humans and 
intelligent systems [1-5]. Although automation has the potential to improve safety and efficiency, these benefits depend 
on drivers’ willingness to delegate control when appropriate, a behavior that remains a significant barrier to adoption 
[6]. Prior research highlights that effective communication between automation and human users is critical for 
successful human–automation collaboration, particularly during transitions of control in driving contexts [7, 8]. 
Transparency and explainability have been shown to play a key role in fostering driver trust and compliance during 
automation transitions [9, 10]. However, current driver-assistance systems often provide minimal or ambiguous 
prompts, offering limited insight into system intent and the rationale for delegation requests [11]. This study examines 
whether incorporating brief, context-aware explanations into delegation prompts can improve drivers’ willingness to 
transfer control and their engagement with automation. Using an immersive driving simulator, we empirically evaluate 
how situational explanations presented during delegation requests influence driver decision-making and behavioral 
response, contributing to a deeper understanding of human–automation teaming in semi-autonomous vehicles [12]. 

2. Literature Review 

In conditionally automated driving, the transition from manual to autonomous mode constitutes a joint decision between 
the driver and the vehicle rather than a purely mechanical change. Research in human–automation interaction shows 
that who initiates this transition significantly influences perceived control, trust, and compliance: system-initiated 
requests can evoke loss of agency or psychological reactance, whereas user-initiated transitions tend to preserve 
autonomy and acceptance [13]. Conceptual frameworks describing human–automation interaction as a dynamic episode 
emphasize the importance of timing, intent communication, and the driver’s cognitive state, all of which shape whether 
automation is perceived as a collaborative partner or an imposed controller [13]. While much of the automated-driving 
literature focuses on takeover requests from automation to human control [14], the reverse transition, from manual to 
autonomous driving, poses distinct challenges related to trust, workload, and situational understanding. During manual 
driving, engagement in non-driving-related tasks varies with traffic stability and can influence readiness to delegate 
control, sometimes leading to over-trust or reduced situation awareness [15]. Prior work highlights that successful 
delegation depends on alignment between the driver’s cognitive readiness, system transparency, and contextual 
demands, rather than time pressure alone [15]. Effective communication during mode transitions is therefore critical 
for trust calibration. Transparency, defined as the extent to which a system communicates its intent and reasoning, has 



been identified as a key determinant of appropriate reliance in automated systems [16]. Generic prompts such as 
“Autonomous mode available” provide insufficient context about environmental conditions or system capability, 
increasing the risk of misunderstanding or delayed responses [17]. Research in explainable artificial intelligence 
demonstrates that explanations must be concise, contextually grounded, and aligned with users’ cognitive needs; overly 
technical or verbose explanations can increase cognitive load and undermine trust [17]. Brief, situation-specific 
explanations that explicitly link environmental cues to system recommendations have been shown to improve 
understanding and perceived appropriateness of automation engagement [18]. Display modality further influences the 
effectiveness of delegation communication. Head-up displays (HUDs) and augmented-reality windshield displays 
reduce gaze diversion and preserve situational awareness by presenting information within the driver’s forward field of 
view [19]. Empirical studies indicate that HUD-based alerts can improve reaction time and reduce cognitive switching 
costs, provided that visual content remains short, high-contrast, and non-occluding [20]. Eye-tracking and situation-
awareness studies further suggest that the complexity and type of information presented directly affect workload and 
perception, underscoring the importance of carefully designed textual explanations for windshield-based displays [20]. 
Across human–automation research, a consistent finding is that how automation justifies its requests strongly influences 
user acceptance and compliance. Situational explanations act as cognitive bridges that align human and system mental 
models, improving confidence and predictability [21]. The timing of these explanations is equally important: messages 
must be delivered early enough to support perception, comprehension, and projection, consistent with Endsley’s three-
level model of situation awareness [22]. From a design perspective, short messages that combine cause and 
recommendation (e.g., “Heavy rain detected—Autonomous mode recommended”) balance informativeness with 
minimal cognitive demand, particularly when paired with subtle multimodal cues [23]. Including uncertainty qualifiers 
may further support trust calibration by communicating limitations without overwhelming drivers [6]. Despite these 
insights, manual-to-autonomous delegation remains underexplored relative to automation-to-human takeovers. Existing 
models rarely examine how drivers cognitively negotiate the decision to relinquish control, particularly when 
automation initiates the request [6]. Unlike takeovers, delegation depends primarily on psychological readiness and 
perceived situational benefit rather than immediate time pressure. There is also a lack of standardized taxonomies for 
explanation components in in-vehicle communication, such as cause, capability, and confidence. Addressing these gaps 
through controlled, immersive studies is necessary to advance theoretical understanding of trust formation and to inform 
the design of transparent, effective delegation interfaces in semi-autonomous vehicles. 

3. Methodology 

Figure 1 provides an overview of the end-to-end methodology used in this study, spanning data acquisition, processing, 
and analysis. Multimodal driver, vehicle, and environment data are collected in an immersive CARLA–DReyeVR 
simulation and synchronized through ROS and Python APIs. These data are then processed and transformed to support 
event-based statistical modeling, enabling rigorous analysis of driver delegation behavior through discrete-time survival 
methods and complementary secondary analyses. 
 

 
Figure 1: Proposed framework of study 

3.1. Data Acquisition 

A total of fifteen licensed drivers (N = 15; age range: 17–35 years, mean = 24.2, SD = 7.6; 11 male, 4 female) 

participated in the study. All participants reported regular driving experience, and prior exposure to virtual reality varied 

across individuals, with 7 participants having previous VR experience while others were naïve, introducing realistic 

variability in familiarity with immersive simulator environments. As illustrated in Figure 1, the data acquisition phase 

forms the foundation of the experimental framework and integrates high-fidelity hardware and software to create 

realistic yet fully controllable driving scenarios. The simulator environment was developed in Unreal Engine, providing 



photorealistic rendering and physics-based vehicle dynamics that allow precise manipulation of traffic density, 

pedestrian behavior, lighting, and weather conditions. Participants experienced the simulation using an HTC Vive Pro 

Eye headset with integrated eye-tracking and a Logitech G920 steering wheel and pedal system, enabling precise 

capture of gaze behavior and driving inputs. Data streams from the driver, vehicle, and environment, including gaze, 

control inputs, vehicle telemetry, and surrounding traffic conditions, were synchronized using ROS and Python APIs 

to provide a comprehensive representation of driver–vehicle–environment interaction. During each session, participants 

initially drove manually while the system issued sequential prompts requesting delegation of control, beginning with 

minimal explanation and progressing to more detailed, context-aware messages. Prompts continued until delegation 

occurred or the scenario ended. Following data acquisition, all logs underwent structured preprocessing to ensure 

analytical validity. Missing or duplicated records were removed, reaction-time artifacts were corrected, and categorical 

variables were standardized for consistency. Message content was grouped based on explanation detail, distinguishing 

between no explanation, low-detail explanations, and high-detail explanations. Quantitative variables, including 

reaction time and number of prompts until delegation, were screened for anomalies and standardized across trials. Only 

complete and valid trials were retained, resulting in a final dataset of fifteen participants. In the final preprocessing step, 

the data were expanded into a Person–Attempt table, in which each participant contributes one row per delegation 

attempt, with an indicator denoting whether delegation occurred at that attempt. This transformation produced a total 

of 71 rows and is essential because delegation is an event that unfolds across sequential prompts. The resulting long 

format enables discrete-time survival analysis by modeling the probability of delegation at each attempt while 

appropriately accounting for prior non-delegation events. 

3.2. Primary Analysis 

The primary analysis employs a discrete-time survival model, treating delegation as a binary event occurring over a 

sequence of discrete prompt attempts. This approach is appropriate when events occur in discrete intervals rather than 

continuous time and when the number of opportunities for the event is known. The proposed methodology explicitly 

accounts for the event-based, sequential, and escalating nature of autonomy delegation decisions. The discrete-time 

survival framework preserves the ordering of prompts, accommodates unequal numbers of attempts across participants, 

and yields interpretable estimates of how repeated requests influence delegation likelihood. This approach is particularly 

well-suited for modeling trust calibration and persuasion dynamics in human–autonomy interaction studies. A 

generalized linear model with a complementary log–log (cloglog) link is used to estimate the hazard of delegation at 

each attempt, conditional on not having delegated previously. The model was specified as Equation 1. 

log(− log(1 − ℎ𝑖𝑡)) = 𝛽0 + 𝛽𝑖𝑡𝐴𝑡𝑡𝑒𝑚𝑝𝑡𝑖𝑡 + 𝛽2𝐷𝑒𝑡𝑎𝑖𝑙𝑒𝑑𝑃ℎ𝑎𝑠𝑒𝑖𝑡                                        (1) 

where ℎ𝑖𝑡 denotes the conditional probability that participant 𝑖 delegates control at attempt 𝑡, 𝐴𝑡𝑡𝑒𝑚𝑝𝑡𝑖𝑡 is the attempt 

number, and 𝐷𝑒𝑡𝑎𝑖𝑙𝑒𝑑𝑃ℎ𝑎𝑠𝑒𝑖𝑡 is an indicator for attempts beyond the fifth prompt where more details are shared. 

Model coefficients were exponentiated to obtain hazard ratios, representing the multiplicative change in the probability 

of delegation associated with a one-unit increase in the predictor. Statistical significance was assessed using Wald tests 

with a significance level of 𝛼 = 0.05. Using the fitted model, per-attempt delegation hazards are estimated and 

converted into cumulative probabilities of delegation by attempt. These cumulative probabilities represent the 

likelihood that a driver has delegated control by a given prompt. To quantify uncertainty, 95% confidence bands are 

computed via parametric simulation using the estimated coefficient covariance matrix. Predicted cumulative delegation 

curves are visualized to illustrate how delegation likelihood evolves as prompts escalate. Time to delegation is treated 

in this study as a behavioral outcome that may arise from multiple underlying cognitive and affective mechanisms. 

Specifically, shorter or longer delegation times may reflect differences in trust calibration or learning about system 

capability over repeated interactions. The proposed modeling framework does not assume a single dominant 

mechanism; rather, it captures the observable behavioral manifestation of these processes as they unfold over successive 

prompts. As such, the estimated effects should be interpreted as reflecting the combined influence of trust development, 

experiential learning, and persuasion dynamics, rather than providing direct attribution to any one factor in isolation. 

3.2. Secondary Analysis 

Reaction latency following the final prompt is analyzed descriptively and, where appropriate, compared between 

explanation phases. Because reaction times are typically right-skewed and the sample size is limited, nonparametric or 

log-transformed analyses are considered for robustness. This secondary analysis complements the survival model by 

characterizing driver behavior once delegation is accepted. 



4. Results 

A discrete-time survival model with a complementary log–log link and cluster-robust standard errors is used to 
estimate the probability that drivers delegate control at a given prompt, conditional on not having delegated previously. 
As displayed in Table 1, the number of delegation attempts has a statistically significant positive effect on the 
likelihood of delegation (β = 0.287, p = 0.028).  

Table 1: CLOGLOG discrete-time survival model (cluster-robust SEs) - Generalized Linear Regression Results 

  coef std error z P>|z| [0.025 0.975] 

const -2.5042 0.42 -5.966 0 -3.327 -1.682 

attempt             0.287 0.131 2.196 0.028 0.031 0.543 

phase_detailed     -0.8908 1.147 -0.776 0.438 -3.14 1.358 

 
Table 2 displays the hazard ratios associated to the fitted CLOGLOG discrete-time survival model. The corresponding 
hazard ratio is 1.33 (95% CI: [1.03, 1.72]), indicating that each additional prompt increases the probability of 
delegation at that attempt by approximately 33%, holding explanation phase constant. This result suggests that 
repeated prompting substantially increases drivers’ willingness to transfer control to the autonomous system. 

Table 2: Hazard Ratios (exp(coef)) with 95% CI (cluster-robust) 

  coef         HR p_value HR_2.5% HR_97.5% 

const -2.504171 0.081743 2.43E-09 0.035908 0.186086 

attempt             0.287003 1.332429 2.81E-02 1.031354 1.721394 

phase_detailed     -0.890786 0.410333 4.38E-01 0.043297 3.888809 

 
As shown in Table 2, the indicator for the detailed-explanation phase (attempts greater than five) is not statistically 
significant (β = −0.891, p = 0.438). The estimated hazard ratio (HR = 0.41) has a wide confidence interval ([0.04, 
3.89]), reflecting substantial uncertainty. This result indicates that, after accounting for the general increase in 
delegation likelihood over successive attempts, there is no reliable evidence of an additional step-change in delegation 
probability associated with entering the detailed-explanation phase. Importantly, this finding should not be interpreted 
as evidence that detailed explanations are ineffective. Rather, because explanation level is tightly coupled with attempt 
number, the model primarily captures the effect of escalation over time, and the dataset does not provide sufficient 
statistical power to isolate a separate causal effect of explanation content beyond repeated prompting. The intercept 
represents the baseline hazard of delegation at the first attempt. The negative and statistically significant intercept (β 
= −2.50, p < 0.001) indicates a low initial probability of delegation when drivers are first asked to relinquish control, 
consistent with an initial reluctance to trust the autonomous system without additional prompting or justification. The 
model is estimated using cluster-robust standard errors to account for repeated observations within participants. The 
pseudo R² value (0.056) is typical for behavioral survival models and indicates modest explanatory power, which is 
expected given the small sample size and the focus on a limited set of predictors. As a sensitivity analysis, we fit a 
discrete-time logistic regression model with the same covariates as displayed in Table 3. 

Table 3: LOGIT discrete-time model (cluster-robust Ses - Generalized Linear Regression Results 

  coef std error z P>|z| [0.025 0.975] 

const -2.5712 0.486 -5.296 0 -3.523 -1.620 

attempt             0.3447       0.165 2.092 0.036 0.022 0.668 

phase_detailed     -1.0668 1.301 -0.820 0.412 -3.617 1.484 

 
The coefficient for attempt number is positive and statistically significant (β = 0.345, p = 0.036), indicating that each 
additional delegation prompt significantly increases the likelihood that a driver will transfer control at that attempt. 
Exponentiating this coefficient yields an odds ratio of approximately 1.41, suggesting that the odds of delegation 
increase by about 41% with each successive prompt. This result corroborates the escalation effect observed in the 
primary survival analysis. In contrast, the coefficient for the detailed-explanation phase is not statistically significant 
(β = −1.067, p = 0.412), and the associated confidence interval is wide. This indicates that, after accounting for the 
effect of repeated prompting, there is no reliable evidence of a distinct change in delegation likelihood attributable to 
entering the detailed-explanation phase. The intercept is negative and statistically significant, reflecting a low baseline 
probability of delegation on the initial prompt. Table 4 presents the odds ratios corresponding to the discrete-time 
logistic regression model, with 95% confidence intervals computed using cluster-robust standard errors. The odds 



ratios provide an interpretable measure of how each predictor multiplicatively changes the odds of delegating control 
at a given attempt, conditional on the driver not having delegated previously. 

Table 4: Odds Ratios (exp(coef)) with 95% CI (cluster-robust) 

  coef         OR p_value OR_2.5% OR_97.5% 

const -2.571168 0.076446   1.186218e-07 0.029517 0.197988 

attempt             0.344702 1.411570 3.639790e-02 1.022066 1.949512 

phase_detailed     -1.066813 0.344104 4.122940e-01 0.026860 4.408382 

 
As displayed in Table 4, the attempt number has a statistically significant odds ratio of 1.41 (p = 0.036; 95% CI: [1.02, 
1.95]), indicating that each additional prompt increases the odds of delegation by approximately 41%. The confidence 
interval excludes unity, reinforcing the robustness of the escalation effect observed across models. In contrast, the 
detailed-explanation phase has an odds ratio below one (OR = 0.34) but is not statistically significant (p = 0.412), with 
a wide confidence interval that spans unity. The low odds ratio for the intercept reflects a very low baseline likelihood 
of delegation on the initial prompt. The logistic model produces results that are directionally and statistically consistent 
with the primary complementary log–log model. Specifically, each additional prompt significantly increases the odds 
of delegation at a given attempt, while no statistically reliable effect of entering the detailed-explanation phase is 
observed after accounting for attempt number. The consistency of findings across both link functions indicates that 
the observed escalation effect is robust and not an artifact of the specific modeling assumptions underlying the 
discrete-time survival formulation. Figure 2 illustrates the model-predicted cumulative probability of delegation as a 
function of delegation attempt, estimated using the discrete-time survival model with a complementary log–log link. 

 
Figure 2: Predicted probability of delegation by attempt from the discrete-time survival model along with 95% CI. 

As shown in Figure 2, each point on the curve represents the probability that a driver has delegated control by a given 
attempt, conditional on the escalation process continuing up to that point. The results show a monotonic increase in 
delegation probability across attempts, with a particularly steep rise between early attempts, indicating that drivers 
become progressively more willing to relinquish control as requests are repeated. The shaded region denotes the 95% 
confidence band, obtained via parametric simulation from the fitted model, and reflects uncertainty in the estimated 
delegation probabilities. While uncertainty is larger at early attempts due to fewer observed events, the confidence 
bands narrow as attempts progress, and the cumulative probability approaches one by later attempts. Figure 2 visually 
reinforces the primary finding that escalation over successive prompts substantially increases the likelihood of 
delegation, and that delegation is unlikely on initial requests but becomes increasingly probable with repeated prompts. 

5. Conclusion 

This study examined how drivers delegate control to an autonomous vehicle when faced with repeated and escalating 

requests in an immersive driving simulator. Using a discrete-time survival modeling framework, the results show that 

the likelihood of delegation increases systematically with each successive prompt, while initial requests are unlikely 

to result in immediate handover. These findings highlight the importance of temporal escalation in shaping driver 

responses to autonomy delegation requests. Importantly, after accounting for the effect of repeated prompting, no 



distinct additional effect of more detailed explanations was identified, suggesting that persistence over time plays a 

more prominent role than a discrete shift in explanation detail under the conditions studied. These results provide 

quantitative insight into the dynamics of human–autonomy interaction and offer guidance for the design of adaptive 

autonomy systems that strategically time and escalate delegation requests. 
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