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Figure 1: Using a conversational agent to reduce passive fatigue in a L3 automated driving scenario. 
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Abstract 
Passive fatigue during conditional automated driving can compro-
mise driver readiness and safety. This paper presents findings from 
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a test-track study with 40 participants in a real-world automated 
driving scenario. In this scenario, a Large Language Model (LLM) 
based conversational agent (CA) was designed to check in with 
drivers and re-engage them with their surroundings. Drawing on in-
car video recordings, sleepiness ratings and interviews, we analysed 
how drivers interacted with the agent and how these interactions 
shaped alertness. Results show the CA is helpful for supporting 
vigilance during passive fatigue. Thematic analysis of acceptabil-
ity further revealed three user preference profiles that implicate 
future intention to use CAs. Positioning empirically observed pro-
files within existing CA archetype frameworks highlights the need 
for adaptive design sensitive to diverse user groups. This work 
underscores the potential of CAs as proactive Human–Machine 
Interface (HMI) interventions, demonstrating how natural language 
can support context-aware interaction during automated driving. 

CCS Concepts 
• Human-centered computing → User studies. 

Keywords 
Human-Machine Interaction, Conversational AI, Automated Driv-
ing, Passive fatigue, Human-agent Collaboration, Attention man-
agement, Natural Language Interaction 
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1 Introduction 
While automated vehicles (AVs) can reduce human error-related 
crashes, a paradox is introduced. By relieving drivers of manual 
control and reducing human error, SAE Level 3 (L3) [38] Condi-
tional Driving Automation creates conditions for passive fatigue [47]. 
This state of cognitive underload, monotony, and vigilance decline 
undermines drivers’ readiness to take over [24]. Addressing passive 
fatigue is not simply a technical challenge but a safety-critical issue 
in Human-AV interactions [11, 47]. 

Various countermeasures for passive fatigue have been proposed, 
such as non-driving-related tasks (NDRTs) [17, 22, 30, 48] or gam-
ification [41] to stimulate driver engagement during automated 
driving. These can temporarily mitigate cognitive underload in 
automated driving [25]. Additionally, few can adapt to the context 
or needs of individual drivers [10]. This challenge can be conceptu-
alised using Malleable Attentional Resource Theory (MART), which 
posits that attentional resources expand and contract in response 
to task demand [49]. Under low-demand conditions typical of au-
tomation, attentional resources contract, degrading vigilance and 
situational awareness, whereas overly demanding tasks can in-
crease workload and induce active fatigue [24, 28]. Addressing the 
risks of underload situations is therefore as critical as mitigating 
those arising from excessive workload during control transitions. 
As a result, alternative forms of implicit intervention for AVs have 

gained attention. Leveraging natural response or social stimulation, 
implicit interventions can deliver subtle ’nudges’ that guide users 
to maintain awareness unobtrusively [42]. 

Conversational agents (CAs) offer a novel and dynamic approach 
to delivering these nudges. CAs may engage users through natural 
social interaction with real-time, context-aware information about 
the environment1 . Their design can draw on established archetypes, 
service-oriented, entertainment-focused, or socially companionable, 
each offering distinct ways to sustain engagement [21]. 

Despite CAs’ potential, previous studies have largely relied on 
driving simulators or Wizard-of-Oz (WoZ) setups. This is due to 
limited access to AV-capable vehicles and the technical challenges 
of deploying real-time AI interaction [13, 18]. However, in inter-
vention studies, simulators may suppress behavioural responses 
due to the absence of real motion and perceived risk, while WoZ se-
tups constrain experimental control, making it difficult to replicate 
the precise timing and behavioural nuances of automated systems. 
Thus, the potential of real-time, large language model (LLM)-based 
agents in L3 automated driving remains unexplored [5]. This leaves 
unanswered questions about their effectiveness, usability, and ac-
ceptance in safety-critical contexts; a gap this paper aims to address. 

Our study explores the following research questions (RQs): 
• RQ1. How do users perceive the usage of a CA for supporting 
attention and engagement during monotonous automated 
driving? 

• RQ2. What design and interaction factors shape users’ per-
ceptions of using a CA in the context of monotonous auto-
mated driving? 

• RQ3. What effects do safety-oriented CA interventions have 
on drivers’ behaviour and the states of alertness during au-
thentic automated driving? 

In this study, we introduced a real-time CA designed to maintain 
cognitive engagement during automated driving. 40 participants 
interacted with it during a monotonous, driving task on a closed 
test track. The voice-based conversations were short, contextually 
grounded, and aimed at supporting driver alertness without intro-
ducing distraction. Participants’ alertness was assessed using the 
Karolinska Sleepiness Scale (KSS), alongside post-drive interviews 
to evaluate perceived usefulness, naturalness, and engagement. 

This study contributes: 
(1) One of the first field studies using a real CA, deployed in real-

time, during authentic automated driving, demonstrating 
its capacity to mitigate passive fatigue and support driver 
alertness under highly ecologically valid conditions. 

(2) Thematic user insights into drivers’ experiences and percep-
tions, highlighting the factors that shape the acceptability 
of CAs in safety-critical contexts. 

(3) Emerging user archetypes that align with established CA de-
sign frameworks, revealing how safety-first, entertainment-
seeking, and socially oriented drivers value different aspects 
of conversational support. 

Together, these contributions advance our understanding of how 
conversational interfaces can be designed to balance safety and en-
gagement in highly automated vehicles. More broadly, they point to 

1https://openai.com/index/hello-gpt-4o/ 
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the value of archetype-sensitive design in shaping future human–AI 
mobility systems. 

2 Related Work 

2.1 Designing against Passive Fatigue in 
Conditional Automated Driving 

In conditional automated driving, drivers’ alertness may degrade 
during monotonous driving tasks. Prior work identifies two key 
dimensions of monotony, road design monotony and roadside vari-
ability, which can rapidly reduce driver alertness [19]. Such degra-
dation widens the readiness gap between passive monitoring and 
active control [20]. This gap has motivated growing interest in Hu-
man–Machine Interface (HMI) strategies that can subtly reorient 
driver attention in preparation for potential transitions [2]. 

A variety of HMI solutions have been proposed, including ex-
plicit visual, auditory, and haptic alerts [15, 31, 45]. However, these 
modalities can disrupt the user experience, particularly when de-
livered during pre-transition periods where readiness is low but a 
takeover is not yet required. In response, researchers have increas-
ingly explored “gentle” interaction methods in authentic driving 
contexts [51], including gamification and CAs. 

Research has examined how playful or game-like elements can 
help keep drivers alert by adding entertainment value. Steinberger 
et al. [43] demonstrated how the inclusion of gamified elements 
can sustain driver attention during simulated driving. Introducing 
speed-control feedback, challenges and a score-based system was 
found to alleviate driver boredom and encourage engagement with 
the task. Bier et al. [3] also tested a gamified in-vehicle interaction 
system, asking trivia questions linked to the driving simulator task. 
They compared three groups: a control, a co-driver condition, and 
the gamified system. Results showed that both the co-driver and the 
gamified systems helped delay the onset of fatigue. The gamified 
system also led to better engagement over time. 

These results point to the potential of leveraging lightweight and 
joyful interaction to maintain attention and engagement. Game-like 
tasks can increase cognitive load just enough to prevent boredom 
without overwhelming the driver. However, they also present de-
sign challenges. Systems need to be simple enough not to distract 
drivers from takeover events, but engaging enough to be meaning-
ful. 

Mahajan et al. [23] used a WoZ design to test whether a sim-
ple voice agent could reduce passive fatigue during a 30-minute 
L3 drive. The agent provided hazard alerts, mock reminders, and 
general conversation using pre-recorded messages every three min-
utes. Compared to driving without the agent, participants showed 
reduced sleepiness and no microsleeps. A follow-up study reported 
that agent-assisted participants were 39% more likely to complete 
a successful takeover [23]. This suggests that conversational in-
teractions may both support alertness and improve takeover per-
formance. Large et al. [17] reported similar effects in their WoZ 
study. 

More recently, researchers such as Huang et al. [13] have begun 
introducing real-time LLM-powered CAs into a simulated driving 
task. Their system prompted drivers to engage in frequent, simple 
conversations during a long, monotonous session. High- and low-
frequency conversations elicited greater electroencephalography 

(EEG) arousal than the absence of interaction. This study was one 
of the first to apply a genuine large LLM in a simulated driving 
context. 

Most prior studies addressing passive fatigue, regardless of their 
intervention, used driving simulators, which do not fully reflect 
what happens when drivers are in motion [13, 17] on a road and 
are responsible for their own safety. Simulators are helpful for 
early testing, but do not capture all the cues that shape how people 
feel about in-vehicle technology. Studies have also shown that 
the presence or absence of vehicle motion itself can significantly 
affect driver responses [37]. Therefore, while past work shows 
that CAs and gamification can help interrupt passive fatigue, the 
effectiveness of playful, LLM-powered CAs in addressing passive 
fatigue in a real-world driving context remains unknown. 

Our study addresses this gap with one of the first deployments of 
a fully-functional LLM-powered CA in a genuine L3 automated ve-
hicle prototype during monotonous driving. The CA was designed 
to provide a natural, seamless and playful form of safety-forward 
interaction. This approach enabled us to gain rich insights into 
how participants experienced the agent strategy, how useful they 
perceived it to be, and what changes they would expect for future 
deployment. 

3 Designing Zoe: A Conversational Agent to 
Combat Passive Fatigue 

We designed a CA, Zoe, specifically to help drivers of conditionally 
automated vehicles combat passive fatigue. At the time of the study, 
Zoe was powered by the latest available model (OpenAI GPT-42 

with a real-time API), ensuring responsiveness and naturalness 
in interaction. The authors acknowledge that other LLMs, as well 
as more recent versions of GPT, have since become available and 
may produce responses that differ from those generated during our 
study. 

The design drew on prior simulator-based studies of conversa-
tional agents, which emphasised the importance of low-complexity 
dialogue, natural speech, and short communication in reducing 
fatigue [13, 17]. From a safety perspective, supporting situational 
awareness has been widely discussed in the context of L3 driving 
[7, 9], with particular emphasis on context-aware information ex-
change for developing adaptive interfaces and providing implicit 
interaction [4, 40]. 

Building on these findings, Zoe was developed around three core 
elements: 

(1) Engagement strategies encouraged drivers to notice and 
describe their surroundings (e.g., "What can you see around 
us?") or comment on expected roadside wildlife. 

(2) Interaction management protocols ensured the agent never 
assumed responses, paused if participants appeared busy, 
and included recovery strategies such as, "I apologise, could 
you please repeat that?" 

(3) Safety protocols required the agent to regularly remind 
drivers that road attention always takes precedence and to 
immediately halt interaction if the CA became a distraction. 

2https://openai.com/index/gpt-4-research/ 
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In addition, light cognitive-weight gamification features were 
included to broaden appeal and encourage engagement. Zoe was 
prompted to provide context-relevant prompts tied to road vigilance. 
This included optional micro-interactions drawn selectively from 
the Entertainment archetype (e.g., brief challenges, environment-
linked facts). The intention was to support attention and provide 
gamification elements [3] without impacting on safety goals. A 
little-shot prompting approach was used to enhance the user expe-
rience by reducing the risk of hallucination, improving the accuracy 
of personalised responses, and supporting greater stability, consis-
tency, and clarity [29]. 

Design goals 
(1) Safety first: safety prompts are primary; enrichment is opt-in. 
(2) Low cognitive buy-in: micro-tasks only (seconds, not min-

utes), with clear exits. 
(3) Context fit: content ties to the drive (e.g., local context, vigi-

lance cues) rather than free-form chatter. 
Goal order reflects a deliberate emphasis on cognitive safety 

before contextual richness. We therefore prioritised low cognitive 
buy-in to minimise the risk of inducing active fatigue (inverse of 
passive fatigue) [24]. This emphasis ensured that any contextual 
dialogue remained secondary to maintaining attentional safety. 

Once triggered, the CA operated fully autonomously, generating 
content in real time rather than relying on pre-scripted or Wizard-
of-Oz responses. We relied on the live API to preserve authenticity 
and demonstrate how a deployable agent could operate in the vehi-
cle. The feature was integrated into a bespoke iOS application (see 
Figure2-a), which allowed experimenters to discreetly position the 
device out of the driver’s view and interact via voice alone. The app 
supported pre-defined triggers based on time and GPS location, and 
enabled the input of participant names to deliver more empathetic, 
personalised dialogue. 

The design was refined through approximately 10-15 pilot tests 
with the broader research team to confirm audio quality, interaction 
timing, and safety prompts. This allowed us to adjust the balance 
between naturalness and conciseness, ensuring conversations re-
mained engaging without overloading drivers. 

Examples of Zoe’s interaction included: 
• Naturalness: "Nice to meet you, Mindy. I’m Zoe, your driving 
companion. How are you finding the drive so far? Are you 
feeling alert and engaged?" 

• Context-awareness: "Let’s keep an eye out together. Have 
you noticed any wildlife near the track?", "What do you see 
around us? Anything interesting catching your eye?" 

4 Method 
A between-subjects test-track study was conducted to investigate 
the impact of a real-time CA on passive fatigue in the context of con-
ditional automated driving. Perceived usefulness, acceptability, and 
usability were also assessed via semi-structured interviews. Forty 
participants each completed a fifty-minute drive in an L3 prototype 
vehicle on a closed test-track. The chosen duration exceeds that 
of related studies that employed approximately 25-minute driving 
periods [17, 23]. Additionally, prior work reports that fatigue (im-
paired vigilance, increased sleepiness and mind wandering) occurs 
after as little as 15 minutes of automated driving [47]. 

Participants were assigned to one of two conditions: CA (received 
a short, spoken interaction with a real-time agent near the end of 
the drive) or Control (completed the same drive with no agent 
interaction). Following the drive, semi-structured interviews were 
conducted with both groups, during which the control group also 
experienced the conversational agent (though not in context). 

4.1 Participants 
Forty participants were recruited (m:f = 24:16, M = 56.8 years, SD 
= 19.2). Recruitment was conducted via email invitations, social 
media posts, flyers, and snowballing, targeting diverse communities 
including campus advertisements, driving clubs, women’s commu-
nity groups, senior centres, and public noticeboards. Participants 
completed a pre-screening form including demographic details and 
health-related questions and were provided with study informa-
tion sufficient to understand potential risks. The sample included 
younger drivers and older drivers (65+) to examine potential age-
related differences in driver states and reactions to technology. All 
participants held valid driver licences and at least two years of 
driving experience. Individuals reporting a history of fatigue or 
sleep-related medical conditions were excluded, and participants 
were instructed to avoid caffeine and other stimulants or depres-
sants on the day of the session. Participants were allocated to either 
the CA group (n = 25, m:f = 14:10, M = 53 years, SD = 20.2) or the 
control group (NCA) (n = 15, m:f = 10:5, M = 55.2 years, SD = 17.2). 
Given fixed recruitment resources, we adopted an approximately 
2:1 allocation favouring CA to maximise data from the condition of 
interest. 

All participants received information about the study, specifi-
cally a statement about protecting safety and privacy and signed 
informed consent and image release forms approved by the Ethics 
Committee of Queensland University of Technology (approval num-
ber 8522). Each participant received AU$150 as compensation for 
completing the study. This was deemed appropriate due to the par-
ticipants’ on-track time commitment (about 2-3h, including waiting 
time), and significant travel time to and from the test track (approx-
imately 1.5h). 

4.2 Apparatus 
4.2.1 Vehicle and SAE Level 3 Automation. The study was con-
ducted using a Renault Zoe electric prototype vehicle adapted for 
SAE Level 3 (L3) automated driving (Figure2-b). Conducting the 
experiment in L3 facilitated exposure to authentic vehicle motion, 
vibration, road curvature, and naturalistic fatigue onset patterns. 
This methodological choice meaningfully enhances ecological va-
lidity and distinguishes this study from prior CA-focused fatigue 
mitigation research [17, 18, 23]. The vehicle operated in automated 
mode on a closed-road circuit. A trained safety driver was seated 
alongside the participant and could assume control at any time, 
ensuring safe execution of handover and takeover procedures. 

4.2.2 Implementation of the Conversational Agent. The CA was 
deployed as a mobile phone application, programmed to initiate a 
120-second dialogue [23, 39] at the start of the sixth monotonous 
lap on the track. Audio was delivered through bone-conduction 
headphones. This enabled participants to hear both the agent and 
ambient vehicle sounds without interference. Participant responses 
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Figure 2: a) The iOS App developed for implementing the CA - Zoe; b) The L3 automated vehicle prototype, Zoe and closed-road 
circuit employed for monotonous automated driving trials. 

were captured via the headphone’s built-in microphone, creating a 
natural, hands-free conversational experience. All conversations 
were transcribed and stored locally on the device. The prompt devel-
opment and interaction strategy adopted a LLM-based agent design 
for combat fatigue based on Yu et al. [50]’s design. For the control 
(NCA) group, the agent was demonstrated only during the post-
drive interview to avoid influencing their in-vehicle experience or 
introducing carryover effects between conditions. The purpose of 
this demonstration was to give NCA participants the opportunity 
to experience the CA after the experiment, allowing them to imag-
ine how this form of interaction might have applied to their own 
automated drive they had just experienced, and to reflect on this 
during the post-drive interview (see Appendix Table 2). 

4.2.3 Side Video Recording. In-car video was recorded using an 
iPhone mounted on the safety driver’s side window. The camera 
captured the driver’s behaviour, such as posture, attention, and 
interactions throughout the drive (Figure 1). Recording began after 
the familiarisation phase and concluded once the participant com-
pleted all driving trials. This provided a continuous behavioural 
record to support analysis of engagement and fatigue. 

4.2.4 Karolinska Sleepiness Scale (KSS). The KSS was administered 
to capture subjective states of passive fatigue during the monoto-
nous driving trial. Widely used in fatigue research [17, 23], the KSS 
provides a 1–9 scale for participants to self-report their level of vig-
ilance. After the familiarisation phase, the safety driver explained 
the scale to participants and asked them to report their ratings ver-
bally at predetermined points during the drive (see Section 4.3.3). 
These were recorded by the safety driver. These scores served as a 
complementary indicator alongside behavioural observations and 
interview data. KSS administration may introduce brief attentional 
resets, potentially mitigating deeper fatigue onset. To minimise this 

effect, researchers rehearsed KSS ratings twice with participants 
before the driving trial, and during the drive, KSS ratings were 
elicited with brief, consistent prompts across conditions. 

4.2.5 Semi-structured Interview. Post-drive, participants completed 
a semi-structured interview with open-ended questions (see Section 
4.3.4). Interviews were audio-recorded using a digital pen, with one 
researcher leading the discussion and another taking field notes. 
For the NCA group, the agent was demonstrated at this stage by 
the assisting researcher to elicit comparative feedback. 

4.3 Procedure 
The study was conducted during daylight hours (08:40–17:00). Each 
participant completed an on-road test-track session in the AV. The 
session was structured into four phases: Introduction and Training, 
Familiarisation, Monotonous Driving, and a Post-Drive Interview 
(Figure3-a). During the drive, the CA either initiated an interaction 
with the driver at a predetermined location or remained inactive, 
resulting in continued monotonous driving. 

4.3.1 Part I – Introduction and Training. Participants were wel-
comed with a briefing and signed informed consent forms. An 
introductory video presented the study aims broadly as exploring 
interactions with a state-of-the-art digital CA during automated 
driving. The video also described system functions and safety proto-
cols, emphasising that an intelligent conversational agent may ini-
tiate a short dialogue during the drive. Participants were instructed 
not to converse with the safety driver once the trial commenced 
to avoid confounding fatigue measures and the effect of conver-
sation with the CA. This included instructions to not check their 
phone, watches or interact with the central console. They were 
also briefed on their responsibilities as conditionally automated 
drivers, specifically, that they were permitted to remove their hands 
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Figure 3: a) Timeline of the experimental protocol, b) the road conditions and c) the details of the monotonous, repetitive laps. 

from the steering wheel and engage in limited non-driving-related 
activities, but were required to remain ready to take over control 
when prompted. This training included a standardised instructional 
video that had been used in previous studies for the experimental 
AV. 

4.3.2 Part II – Familiarisation. Participants were guided from the 
preparation area to the start of the track. To build comfort, trust 
in the AV and prevent mode misidentification, the safety driver 
explained the vehicle’s functionality and repeated key safety in-
structions. Participants adjusted the seat and performed a 10-minute 
warm-up drive, including exposure to automated driving, manual 
control, and transitions of control (from manual to automated and 
vice versa). 

4.3.3 Part III – Monotonous Driving. Participants then undertook 
a prolonged driving trial, lasting approximately 55 minutes in total. 
This driving trial included: 1) Thirty minutes of more eventful auto-
mated driving with three planned takeover requests (TORs) while 
watching videos as an NDRT (all participants watched the same 
series of short mini-documentaries regardless of condition) and tak-
ing different laps and turns around the track. TORs were provided 
to contextualise the interaction with the CA with respect to mitigat-
ing passive fatigue in the context of L3 automated driving, where 
drivers may be requested to take over. This contextualised the CA 

as a potential safety feature in the post-drive interview. 2) Followed 
and contrasted by multiple repeating laps, specifically designed to 
be passively fatiguing by being uneventful, low-stimulation and 
repetitive; and 3) A takeover request in the last lap, further empha-
sising the conditional automated driving context for the post-drive 
interview. Each lap included straight segments, wide curves, and 
sharp turns. The vehicle operated in automated mode at a maxi-
mum speed of 50 km/h, as required by local regulations, on a single 
carriageway with two lanes (Figure3-b). 

In this session, participants first engaged in a non-driving-related 
task (watching video clips). The video was then turned off by the 
safety driver, leaving participants idle and without purposeful ac-
tivity. This was followed by seven repetitive laps of a closed, low-
stimulation circuit (each 3 minutes), designed to induce passive 
fatigue through monotony (Figure3-c). During the penultimate lap, 
the CA initiated a 120-second dialogue [23] at a fixed location on 
the track, prompting drivers to observe and verbally comment on 
surrounding road and environmental features. Participants in the 
control condition completed the same trial but without CA acti-
vated. A final takeover request due to an emergent lane-changing 
event was issued during the last lap to re-contextualise the CA in 
the context of conditional automated driving. 

The KSS was administered for driving at the following points: 
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• Pre-drive (baseline), 
• Prior to the activation of the CA (on the start of the 5th 
monotonous lap, across both conditions), 

• Following the CA interaction (on the start of the 7th monot-
onous lap, across both conditions). 

4.3.4 Part IV – Post-Drive. After the drive, participants took part 
in semi-structured interviews (15–30 minutes) in a quiet prepara-
tion room. The interviews explored their subjective experiences of 
automated driving with or without the CA and probed perceptions 
of alertness, naturalness, and engagement. Participants in the con-
trol group were also given the opportunity to experience the CA, 
although not within the driving context. 

The interview design followed a structured progression: 
• Warm-up – Participants answered introductory questions 
about their background and general driving experience. 

• Initial reflections - Participants were first invited to share 
their overall reflections on the CA (Q1). Participants is in 
the control group completed a demonstration with the CA 
at this point. 

• Disclosure and perceived effects on alertness - The researcher 
clarified the design intent of the CA. Participants discussed 
whether and how the agent influenced their state of alert-
ness, providing specific examples of situations where it was 
helpful or unhelpful (Q2&3). 

• Interaction experience and enjoyment - Participants described 
the naturalness and challenges of conversing with the agent, 
as well as its entertainment value and impact on enjoyment 
of the drive (Q4&5). 

• Willingness to use and improvements - Finally, participants 
reflected on their likelihood of using such a system in the 
future and suggested potential design enhancements (Q6&7). 

All interviews were audio-recorded with consent and transcribed 
verbatim. Observational fieldnotes were collected during and af-
ter each session to capture behavioural responses and contextual 
details. 

4.4 Analysis 
The analysis process comprised three interconnected stages: (1) 
video analysis of in-car recordings, (2) quantitative assessment 
of KSS ratings, and (3) thematic analysis of post-drive interviews. 
These stages were not conducted in isolation; rather, each iteratively 
informed the others to strengthen interpretation. This approach 
adapted a concurrent nested analysis, privileging qualitative analy-
sis [44] while using quantitative measures in a complementary role 
to support interpretation. 

4.4.1 Video Analysis of In-Car Recordings. To complement the 
post-interviews, in-car video recordings were examined to capture 
observable indicators of attention and driver states that may not 
have been explicitly reported by participants. The analytical focus 
was on identifying the types of behaviours present within the ob-
servation windows (i.e., during CA interaction or the NCA periods), 
rather than quantifying their frequency, acknowledging that some 
behaviours may vary across individuals. Audio-visual data analysis 
is increasingly employed in HCI and CSCW research to surface 
‘seen-but-unnoticed’ aspects of interaction [6, 12]. Following this, 

we reviewed 40 in-car side video recordings (each approximately 
55 minutes). Three participants were excluded as the video was cut 
due to the recording phone overheating. Consequently, the analy-
sis focused on 37 segments (approximately 8 minutes each) where 
the CA was active and compares them to corresponding periods 
without agent interaction. 

For each instance, the analysis centred on fixed track locations 
where the agent was triggered. Observations were coded within 
a three-minute window before the conversational onset, a three-
minute window during the intervention lap, and a one-and-a-half-
minute window after the intervention lap (before the planned 
takeover, which is out of the scope of this paper). This window 
was extended when notable behavioural changes persisted. Any be-
haviours prompted during safety driver-initiated KSS probes were 
excluded from coding. 

Particular attention was paid to body movements (e.g., gestures 
of thinking, communicating, or showing fatigue), facial expressions 
(coded using an emotional wheel), and head or eye behaviour (e.g., 
gaze direction, noticeable changes in blink rate). These cues provide 
insights into situation awareness [9], arousal [26], and potential 
states of passive fatigue [6]. 

To support collaboration, coding was documented in a shared 
Google Sheet, enabling authors to refine categories and resolve dis-
crepancies. However, all video playback was conducted locally on 
a secure data drive to maintain participant privacy and data protec-
tion. The resulting patterns or insights were then cross-referenced 
with interview data to explore not only what participants said about 
their experiences, but also how their behaviour unfolded in situ. 

4.4.2 Karolinska Sleepiness Scale. Concurrently, participants’ sub-
jective sleepiness ratings on the KSS were analysed to provide 
quantitative support for the findings. Descriptive and statistical 
analyses were conducted to examine user differences in KSS scores. 
Two aspects were of particular interest: (1) whether individuals’ 
KSS scores changed before and after interacting with (or without) 
the CA, suggesting the agent’s potential to mitigate fatigue; and (2) 
whether these changes aligned with behavioural patterns identified 
in interviews and video analysis, indicating consistency between 
subjective reports and observed behaviour. In this way, KSS re-
sults offered an additional lens to triangulate and substantiate the 
themes. 

4.4.3 Thematic Analysis of Post-Interview. The interviews were 
analysed using notebook Qualitative Content Analysis (QCA) pro-
cedures [16]. Transcripts were generated with the support of Feishu 
Minutes and the Whisper API, then manually verified word-for-
word by two authors. In total, 39 transcripts were analysed; one 
participant was excluded for not consenting to the use of AI-enabled 
transcription tools. The two authors first familiarised themselves 
with the transcripts before applying a deductive coding approach. 
Prior to coding, relevant theoretical perspectives for passive fa-
tigue were discussed. This includes the the Yerkes–Dodson law of 
the relationship between cognitive load and performance [26] and 
various technology acceptance models [8, 14, 46]. 

All transcripts were coded in MAXQDA 3  . Codes captured par-
ticipants’ reflections on their experience, attitudes, interactions and 

3https://www.maxqda.com/ 

https://3https://www.maxqda.com
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recommendations with both the automated driving system and the 
CA. To ensure rigour, Authors 1 and 2 independently coded an 
initial 20% of the data. Inter-coder reliability was calculated and 
indicated strong agreement (Cohenś k = 0.84). Discrepancies were 
resolved through discussion and iteration before proceeding. 

In subsequent rounds, the remaining interviews were divided 
between the two authors, with regular meetings to iteratively refine 
and consolidate the codebook. Emerging codes were organised into 
initial themes, which were further discussed with the wider research 
team. Insights from video analysis and KSS results were later used 
to challenge, support, and deepen the thematic interpretations. 

Two authors jointly conducted the video coding, KSS analysis, 
and thematic interpretation. These analyses were carried out in 
parallel, with thematic analysis iteratively informed by insights 
from the video and KSS results. Overall, the video data revealed how 
drivers behaved when interacting with the CA, the KSS captured 
their subjective states before and after the intervention, and the the-
matic analysis investigated perceptions of usage and effectiveness 
through participants’ accounts. Together, these sources of evidence 
were triangulated to refine and interpret the findings. 

5 Results 
5.1 Drivers’ Behaviour while Driving 
Figure 4 summarises the common behaviours observed, along with 
any unexpected driving behaviours. 

Fatigue-related behaviours During the observational win-
dow prior to the intervention, participants frequently displayed 
behaviours linked to drowsiness. These included yawning, slow 
blinking, and partial eye-lid closure. Instances of wide-open eyes or 
frowning also indirectly indicated attempts to fight sleepiness. Fol-
lowing the CA intervention (CA group), some instances of yawning 
and slow blinking persisted. 

Small, restless movements were common and interpreted as signs 
of boredom. Examples included looking at nearby objects (such as 
the side door, a watch or the centre console), and oral activities 
like licking lips, lip pressing, pouting, self-talk, or whistling. Hand 
movements were frequent, such as scratching the neck, thighs, or 
arms; tapping rhythmically on a palm or thigh; twirling fingers; and 
touching the eyes, face, hair, forehead, or nose. Postural shifts were 
also observed, including crossed arms, a thinking pose, and leaning 
on the window. Some combined behaviours, such as adopting a 
thinking pose while looking upward or fast blinking, suggested 
that attention was directed away from driving-relevant information. 
During and after the CA interaction (within the coding windows), 
these small movements decreased. 

Overall, these observations illustrate how drivers behaved in situ 
during monotonous L3 driving, revealing both drowsiness-related 
signs and boredom-induced activity. 

Relaxation and alert. Both relaxed and alert behaviours were 
observed, appearing before and after the CA intervention (Figure 5). 
Relaxed behaviours included stretching the arms, shoulders, or 
legs; slightly tilting the head upward; leaning against the window; 
looking around with broad head movements; and adjusting posture 
in the seat. 

Some participants appeared to remain alert, as shown by ex-
tended periods of looking straight ahead or scanning the surround-
ings while maintaining an upright posture. One participant stated 
during the post-agent KSS probe, “I won’t trust the system,” to the 
safety driver. However, relaxation and alertness were not mutually 
exclusive. Drivers who kept their gaze forward for relatively long 
periods also occasionally displayed relaxed or fatigued behaviours. 
In the NCA group, one participant temporarily took control to 
avoid roadside wildlife but soon reverted to behaviours reflecting 
tiredness and relaxation. 

These observations suggest that relaxation and alertness were 
dynamic states, potentially shaped by trust in the AV or by driving 
experience or habit (see thematic section). 

Engagement and attraction. Compared with the NCA group, 
CA participants displayed positive affect during and after conver-
sations (Figure 5). Facial expressions such as smiling, laughing, or 
showing surprise were observed, and some participants joked with 
or were amused by the agent. Following the framework of Plutchik 
[34], these expressions were coded as Joy and Ecstasy. Others en-
gaged less, responding only briefly. For example, one participant 
rejected the CAs opening gambit, replying; “Not really. . . but thanks 
for asking, you keep me awake.” Down-turned mouth corners were 
also identified as micro-expressions, potentially signalling dissatis-
faction with the content. 

Participants increased their scanning of the surroundings and 
gave verbal responses in response to the agent’s prompting. Cog-
nitive activities during conversation were also observed, such as 
lateral eye movements and thinking pose. Some also used hand 
gestures while speaking, typically between the steering wheel and 
the head. One participant instinctively touched the steering wheel 
when the voice was first activated, then relaxed and engaged once 
realising it was not a takeover request. 

Participants also expressed varied communication needs. Some 
requested functional features, such as “Can you play some music?”, 
while others sought entertainment, asking “Let’s play a word game.” 
After the dialogue ended, a few attempted to re-engage Zoe with 
prompts like “AI agent, what’s your name?”. This indicates a de-
sire to continue, though they were unaware that the system was 
programmed to stop after a fixed location. 

The above behaviours were not observed in the NCA group. 
Overall, conversations with the CA elicited positive emotions asso-
ciated with joyfulness, combined with gaze behaviours and hand 
movements. Participants expressed willingness to engage with the 
CA, though their needs and expectations varied widely. 

5.2 Self-reported Sleepiness Scale 
A Mauchly’s test was firstly conducted, indicating that the as-
sumption of sphericity was met, 𝜒 2 (2) = 0.84, 𝑝 = .656. Thus, 
a 2 (Group: CA vs. NCA) × 3 (Time: Baseline, Pre, Post) mixed-
design ANOVA was used to examine participants’ KSS ratings. 
The analysis revealed a significant main effect of Time, 𝐹 (2, 76) = 
9.93, 𝑝 < .001, 𝜂 2 = .21, and a significant Time × Group interaction, 
𝐹 (2, 76) = 5.51, 𝑝 = .006, 𝜂 2 = .13. The main effect of Group was 
not significant, 𝐹 (1, 38) = 0.32, 𝑝 = .575, 𝜂 2 = .01. 
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Figure 4: In-situ fatigue-related behaviour examples from participants in L3 driving context. 

Figure 5: Examples of passive, relaxed states and active, engaged behaviours during the monotonous drive and when interacting 
with the conversational agent. 

The results indicate that participants’ KSS scores overall dif-
fered across the three Time points. In general, the KSS score in-
creased from Baseline (𝑀 = 3.15, 𝑆𝐷 = 0.24, 𝑝 < .001) to Pre 
(𝑀 = 4.29, 𝑆𝐷 = 0.32) and decreased from Pre to Post (𝑀 = 
4.03, 𝑆𝐷 = 0.28, 𝑝 = .003). When considering the interaction be-
tween Time and Group, the results revealed divergent trajectories 
(Figure 6). For the group with CA, the KSS measured in Pre was 
significantly higher than in Baseline (𝑝 < .001) and Post (𝑝 = .002). 
For the NCA group, the KSS in Post was significantly higher than 
the Baseline (𝑝 = .004). The difference between CA and NCA in 
KSS was only significant in Post (𝑝 = .028). 

These results indicate that passive fatigue increased over time in 
the absence of an intervention (NCA). However, engaging with the 
CA appeared to reverse this trend. At the two earlier time points, 
before the onset of L3 automated driving (Baseline) and before the 
interaction phase (Pre-agent), the CA and NCA groups did not differ 
significantly in drivers’ levels of alertness. In contrast, following 
the intervention phase (Post-agent), the alertness levels of drivers 
in the CA and NCA groups diverged. As hypothesised, participants 
reported increased alertness following the CA interaction. 
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Figure 6: Karolinska Sleepiness Scale (KSS) scores at baseline, pre-interaction, and post-interaction. 

5.3 Thematic Analysis 
Thematic analysis was used to 1) answer research questions regard-
ing user perceptions of the CA as a useful safety tool, and 2) factors 
that affect the effective design of a safety-oriented CA for condi-
tionally automated driving. The following sections will describe 
findings relating to the user experiences of both of these aspects. 

Theme 1. Perceptions of Usefulness for Managing Passive 
Fatigue. Extending on observations and measures of vigilance, we 
explored how drivers perceived the CA as influencing their alert-
ness. Three distinct themes within the overall perceived usefulness 
of the CA emerged: (1) interrupting sleep-related processes, (2) in-
terrupting boredom-related processes, and (3) supporting alertness 
and engagement. These align with the core symptoms of passive 
fatigue presented by [24]. 

Interrupting sleep-related processes Participants described 
the CA as useful and effective for interrupting sleep-related pro-
cesses during automated driving. This was consistent across age, 
gender, condition and perceptions of usability of the agent. This 
finding corroborated with KSS scores, suggesting the CA was useful 
for waking participants up. Quotes of the following sentiment were 
nearly unanimous across participants. 

"Definitely felt a level of awakeness, kick in, which is good." -P12 

"I felt sleepy, then this voice may alert me again when driving." 
-P02 

These quotes effectively demonstrate the potential of the agent to 
interrupt sleep-related processes. Thus some drivers found that the 
agent useful for interrupting sleepiness but still found the interac-
tion boring or distracting. 

Interrupting boredom-related processes Some drivers saw 
the agent as breaking monotony or adding entertainment, others 

found it dull or superficial. Drivers who found the agent entertain-
ing were often excited about the potential of such an agent in the 
future. 

"I think it would be positive, um, because... it’s asking you ques-
tions and you’re responding, it’s sort of getting you to refocus and 
start using your brain differently again." -P95 

These users were also likely to see great potential in future 
iterations of similar agents: 

"So it’s certainly entertaining. And I think potential is boundless, 
it’s just really cool". -P01 

In contrast, some drivers found the interaction to be boring and 
unlikely to keep them engaged with the agent for an extended 
period of time. This was unrelated to their perceptions of the agent 
as a safety unit. 

"It was boring. It was... alerting, but, yeah, really boring." -P04 

"That’s not what I call entertainment." -P08 

While many participants offered suggestions for improving the 
entertainment value of the system, some stated that they would 
neither want nor need entertainment from such an agent. This 
was often accompanied with an explanation that human–agent 
conversation in any form simply did not align with their preferred 
forms of in-car entertainment. 

"I’m sure they [other users] would [be entertained by the CA]. I’m 
sure some people would have lots of fun with it, really." -P80 

"That would fit some people. I don’t know I really enjoy that." 
-P49 

However, these users who did not enjoy the gamified aspects of the 
interaction did accept the agent as a necessary safety tool for AV 
driving. 
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"I wouldn’t want to talk politics or anything, but yeah, just as 
an alertness thing now every, so if you do a long hour long drive, 
maybe every 20 minutes." -P99 

Supporting Alertness and Engagement The data also re-
vealed strong support for the CA as an alertness tool that actively 
re-engaged drivers with their surroundings. 

"It made me refocus. ... it reminded by asking about the signs, it 
sort of gets you to focus back on the, on the narrow scope of the 
road." -P03 

This was also framed as providing a passenger-like presence that 
brought drivers back ’in-the-loop’. 

"It’s kind of like having that. . . you bring a passenger along. . . less 
jarring than an auditory tone alert." -P94 

"It actually made me pretty alert. . . switched from a bit dizzy 
mode to a proactive mode because I have started conversation 
with a person." -P08 

However, some drivers conveyed that the agent limited their ability 
to focus on the road. This idea was more common in drivers who 
did not respond to the fatigue intervention (KSS scores did not 
increase from Baseline to Pre-agent). Distraction was one of the 
most common suggestions among non-responders: 

"I feel like it [the CA] could be a good thing or also a bad thing 
at the same time, because when you’re driving, you try to make 
sure that you don’t have a lot of distraction." -P31 (NCA) 
"A distraction ... until you got used to it. And then asking, what 
do you see around you? Some people might take their eyes off the 
road, literally, to have a look around. I think that might be a bit 
of a distraction. -P79 (NCA) 
Even when participants were immersed in prolonged conditional 

automated driving, their responses were often framed in relation 
to manual driving rather than hypothetical future automated driv-
ing. This suggests that perceptions of safety-oriented CAs may 
be affected by mode awareness. Such awareness can influence the 
extent of driver engagement and, in some cases, lead the CA to be 
perceived as a potential distraction. 

"I already know what I’d do to help me stay engaged on a long 
drive, but then again, it wasn’t automated, so I honestly don’t 
know. So I normally just put on a podcast or music or something 
like that, and that’s enough to keep me engaged." -P12 

"Yeah, it can be great ... but, if I’m in the manual mode and I have 
to concentrate on a lot of stuff on the road, sometimes it can be 
distracting. " -P25 

In conclusion, participants perceived the CA as useful in an AV 
context for reducing fatigue. However, these effects appeared to 
be shaped by multiple factors, including the content of the CA’s 
dialogue, individual characteristics such as personality and driving 
experience, the degree of agent type alignment with user needs, 
and contextual influences such as mode awareness. 

Theme 2. Design and Interaction Factors 
This theme summarises the factors identified by participants as in-
fluencing the adoption of a CA. These factors centred on three key 
areas: user acceptance, accessibility, and usability. Each requires 

careful consideration by designers to ensure the system is appropri-
ately adapted for conditional automated driving safety scenarios. 

Perceived Benefits Underpinning Acceptance Despite unan-
imous agreement that the agent was helpful as a safety tool and 
increased alertness, acceptance varied considerably in terms of 
whether participants would want such a safety feature in their 
own vehicles. Some were enthusiastic despite the technological 
limitations associated with the experimental nature of the agent’s 
capability at the time of the study. Reported benefits included enter-
tainment (e.g., playing games with the agent), safety (e.g., drawing 
attention or seeking a coffee replacement), and companionship (e.g., 
reducing loneliness). 

"I didn’t like the game that we played, right? But yeah, the concept 
of it popping in and being available to talk through different things 
or play different games for that kind of thing is really good." -P16 

"It’s going to sort of make me look about a bit more, take notice 
more of what’s occurring... you know, the direction we’re going in 
or signs or whatever... I didn’t have any issues with that." -P89 

"It would be quite beneficial, I think, to have something like that 
if you were just travelling alone," - P80 (NCA) 
By contrast, others emphatically rejected the system for a variety 

of reasons. Prominent concerns were that some drivers simply 
disliked conversing with a machine. 

"I just find it weird engaging with an LLM. . . you don’t really get 
anything out of it." -P12 

"With the conversational agent, yeah, I don’t know. I just found 
her like a computer box... which I found annoying". -P84 

A distinct group of participants also emerged who suggested 
they accepted the agent but only with certain provisions and only 
as a safety tool. 

"Just as an alertness thing. . . every 20 minutes, two or three min-
utes, nothing more." -P99 

"Although I think that people will get annoyed very quickly with 
these things, so that would have to be, you know, in the regulations 
saying, like, they’ve got to check you every 10 minutes and you’ve 
got to respond in your voice on some sort of level or scales." -P04 

Even among users who found the agent helpful for supporting 
their engagement with the driving task, acceptance pended on 
increased personalisation in future CAs. This idea applied to design 
cosmetics and presentation of the agent. 

"It’s something I’d consider, but it would depend on, what the 
options with the car. Things like voice, I like to be able to customise 
to a different voice." -P16 

Another strong theme was whether the agent was able to accom-
modate the users’ unique desires, whims and nuances: 

"I think I would be more alert if it would be responsive to my 
desires to talk about some sort of a topic, not just being alert 
because you need to pick up some more wildlife, so what do you 
see? ... However, I found sort of a limit where it wants to stay 
in this alertness domain, right? So it doesn’t want to talk about 
what’s going on in US politics, right? It wants to stay there." -P01 

"You need a better AI than that... insufficient response to, I mean, 
it has a series of program responses, but the program is very small. 
You’re not interacting with me in the true sense... I’m assuming 
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that it would be programmable, this thing... you know, you have 
one that tells you a story, one that tells you a book." - P113 

These quotes illustrate one of the strongest sentiments presented 
across users; that consistent future use would pend on the ability 
of the CA to shape to their preferences and accommodate their pre-
ferred engagement. This ranged from minimalist, safety-oriented 
users who would prefer to only be disturbed for safety-critical rea-
sons, users who preference all-in-one entertainment and integration 
to social users who desire meaningful and personal connection. 

Accessibility-Related Barriers 
Although accessibility was not an initial focus, interview themes 

highlighted the need for CAs to be adaptable. Unlike prior simulator-
based studies [13, 17], participants in the real-world setting not only 
discussed communication frequency and complexity, but also raised 
higher-level requirements affecting engagement—such as dialect, 
accent, and hearing-friendly dialogue. 

"Didn’t always pick up what I said. . . maybe my pronunciation." 
-P01 

"It’s quite good because she’s clear... She has a clear, sharp voice, 
good diction, and she doesn’t speak too quickly... And in the world 
around me, people speak so quickly. My ears are 80 years old." 
-P113 

Usability-Related Challenges 
Participants also raised a range of usability concerns that may 

have shaped their willingness to adopt a CA. As expected, technical 
limitations, latency, and clunky error recovery were barriers to 
smooth use. 

"I will profess, I don’t use Siri or anything else like that. So I also 
don’t use ChatGPT either, so the whole concept of that sort of thing 
is just random." -P03 

Perceptions of the interaction’s naturalness also varied across 
participants, likely reflecting differences in user expectations and 
prior experience with artificial intelligence. 

"People would like it, I think. How it could do things better used 
to be, I felt, at least I had the impression, that it sort of was 
programmed. It was sort of, you know, like pre-recorded track. It 
wasn’t really engaging and following to what I’m saying to him." 
-P01 

"The whole concept of talking to an AI thing, I thought, was really 
unnatural." -P03 

Interestingly, this sentiment was not shared by all participants. 
Many perceived that the interaction was in fact natural and ref-
erenced feeling like the interaction was shared with another real 
person. 

"It feels like you have someone to tap your back when you are 
excited. You need to be awake, man. Something like that... This 
one feels a bit organic." -P31 (NCA) 
"It makes it more fun, I would say it was fun, like talking to 
someone, or it’s pretty much like you’re talking to him, and sitting 
next to you, so yeah, it’s pretty much like that." -P08 

Individual differences in cognitive load Another key finding 
was that usability was shaped by participants’ expectations of how 
well the CA could regulate workload. Some perceived the conver-
sation as too shallow to sustain alertness (underload), while others 

experienced it as effortful or intrusive (overload). Balancing these 
divergent needs emerged as a central challenge for CA design. 

Underload: "I think in the short term, it would be good, but I mean, 
how long can you maintain a surface-level conversation with the 
robot and still be engaged?" -P12 

Overload: "No one wants to carry a conversation while they’re 
driving, because that’s just increased effort." -P12 

Overall, beyond the technological limitations already noted as 
affecting usability, participants’ perceptions of naturalness in real 
driving contexts were far from uniform. Some held very high expec-
tations for natural conversational exchange, while others valued the 
agent more as meaningful companionship. In addition, participants’ 
feedback emphasised that a CA should be able to adapt precisely 
to different users’ workload, striking a balance between underload 
and overload. 

6 Discussion 

6.1 Emerging Archetypes of Conversational 
Agent Use 

A central contribution of this work is the demonstration that drivers 
recognised the CA as a useful safety feature. Across conditions and 
age groups, participants consistently described the CA as helping 
to wake drivers up. This baseline provides strong evidence that 
CAs are perceived as legitimate safety tools, not simply novel en-
tertainment for L3 driving. Taken together, these findings extend 
prior simulator-based work [17, 18, 23] by demonstrating that con-
versational dialogue can function as an authentic safety tool in 
a real L3 vehicle with a live LLM-based agent. This may provide 
novel empirical evidence of how real-time HCI interactions are 
experienced when embedded within an actual driving system. 

Our multi-stage analysis (interviews, in-car video, and KSS) 
revealed distinct user preference profiles, which we interpret as 
archetypes. These profiles emerged inductively from qualitative 
content analysis and align with established CA archetype frame-
works (Service/Productivity, Entertainment, Companion) [21]. As 
participants repeatedly indicated, the value of the CA depended 
on whether it aligned with their own orientation to the driving 
experience. Some drivers welcomed short safety-focused prompts, 
others expected entertainment or novelty to relieve monotony, and 
still others valued the CA as a social presence. These divergent per-
spectives point to the existence of distinct user archetypes, patterns 
of preference and orientation that shaped not only perceptions of 
usefulness but also future intention to use. This is crucial to support 
continued acceptance of a CA system as mismatched user-agent 
needs affect intention-to-use [46]. 

Although our priority was to design a safety agent whose job 
was strictly to discuss the immediate driving environment, users 
explained they would simply turn off a device that continued to 
engage them in discussions that were not of interest/priority for 
them. Thus, accommodating these diverse user-needs by presenting 
personas can be seen as key to promoting continued engagement 
with CAs in automated driving. 

Beyond simulator-based findings in this domain, our on-road 
results show that a brief, natural exchange can function as a safety 
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intervention without resorting to intrusive alarms, a design ap-
proach participants frequently described as “bringing [them] back 
to alertness.” This strengthens the claim that LLM-based conver-
sational dialogue can operate as a gentle but effective attention 
management strategy in authentic L3 conditions, rather than as 
novel NDRT entertainment only. 

Identification of Archetypes. The heterogeneity in responses 
can be understood through the Technology Acceptance Model 3 
(TAM3) [46]. While perceived usefulness was consistently acknowl-
edged, it was insufficient to guarantee intention to use unless par-
ticipants also experienced the CA as job relevant. For safety-first 
drivers, the system’s narrow focus on road-related prompts matched 
their priorities: “To talk about the environment or about the road or 
about speed or the weather, something which you need to be noting 
anyway” (P104). For these users, usefulness and relevance were 
tightly coupled, supporting adoption. 

By contrast, other participants experienced a mismatch between 
the agent’s safety-first framing and their own needs. They tend to 
prioritise hedonistic needs. Entertainment-seeking drivers valued 
stimulation over narrow functionality: “It could be enjoyable. . . if 
the automated system can introduce different things, rather than just 
speaking. You can play music or something, or there is a visual screen. . . 
if you can, like, change from time to time the experience. . . that 
would be great as well” (P25). Socially oriented drivers, meanwhile, 
emphasised companionship and empathy: “It was good. It was really 
helpful. I thought that, yeah, someone else is here to help me. . . it 
was feeling so good” (P39). For these groups, safety benefits were 
recognised but did not align with their self-defined goals, leading 
to reluctance despite positive effects on alertness. 

This mismatch is critical. Without job relevance, a system risks 
being perceived as intrusive or irritating even when drivers accept 
its potential benefits. In the context of TAM3, the absence of align-
ment between agent type and user orientation threatens future 
intention to use. Thus, safeguarding adoption requires recognising 
and addressing variation in user archetypes. This contrasts our 
design of a safety-priority unit which was hypothesised to appeal 
to the most amount of participants. 

Here, our analysis draws on the work of Nielsen [32], emphasis-
ing the identification of patterns of user difference before fictional-
ising characters. Through thematic analysis of interviews, triangu-
lated with behavioural and KSS data, we derived three archetypes: 
Safety-First, Entertainment-Seeking, and Social-Connection 
Oriented (see Table 1). To further conceptualise their implications, 
we positioned them against the design archetypes articulated by 
Lessio and Morris [21]: Service/Productivity, Entertainment, and 
Companion. This alignment underscores that not all drivers benefit 
from a single CA type. Instead, each archetype corresponds to a 
distinct design orientation with its own criteria for acceptance. Si-
multaneously, the data shows that traits and roles are not exclusive; 
real users (and real agents) can exhibit overlapping characteristics, 
which argues for designs that acknowledge fluidity rather than 
enforce singular types. Indeed, users displayed shifting needs and 
expectations throughout the drive. 

Table 1: Archetypes of Conversational Agent Users 

Safety-First Users 

Trait profile 
High monotony tolerance; very high safety concern; 
high alertness; negligible hedonic motivation; very low social need. 

Motivation 
To remain alert and maintain vigilance during automated driving; 
any interaction must clearly serve a safety-related purpose. 

Acceptance Interpretation 
Perceived usefulness is the strongest determinant of intention to use. 
Continued engagement depends on whether the conversational agent 
clearly contributes to reduced fatigue and improved readiness. 

Illustrative quotes 

"To talk about the environment or about the road or about speed or the 
weather, something which you need to be noting anyway. The problem is 
people with passengers in the car, they often talk about things that are totally 
unrelated." -P104 

Entertainment-Seekers 

Trait profile 
Very high hedonic motivation; moderate social need; moderate safety concern; 
low alertness; low monotony tolerance. 

Motivation 
To combat boredom and make driving more stimulating through novelty, 
humour, or game-like interactions. 

Acceptance Interpretation 
Perceived enjoyment dominates intention to use. Safety benefits are accepted 
as secondary outcomes of staying mentally stimulated. 

Illustrative quotes 

"I think it’s enjoyable, but not most. But it’s enjoyable. It could be enjoyable. . . 
if the automated system can introduce different things, rather than just speaking. 
You can play music or something, or there is a visual screen. . . if you can, like, 
change from time to time the experience given by the automated system, that 
would be great as well." -P25 

Social-Connection Oriented Users 

Trait profile 
Very high social need; moderate hedonic value; moderate safety concern; 
moderate alertness; moderate monotony tolerance. 

Motivation 
To experience companionship and empathic interaction during 
monotonous driving; relational quality is central. 

Acceptance Interpretation 
Intention to use is driven by a combination of usefulness, enjoyment, and 
social influence. The system must feel engaging and socially rewarding 
while still contributing to alertness. 

Illustrative quotes "It was good. It was really helpful. I thought that, yeah, someone else 
is here to help me. . . it was feeling so good." -P39 

6.2 Linking Driver Archetypes to 
Conversational Agent Design Archetypes 

Lessio and Morris [21] propose five CA design archetypes: Service, 
Companion, Entertainment, Care, and Productivity. We compared 
our three driver archetypes with this framework: 

• Safety-First Users → Service & Productive Archetype 
Safety-first drivers align most closely with the Service archetype, 
which is designed to provide clear, reliable, and functional 
support. Like service-oriented CAs (e.g., Alexa in its pro-
ductivity focused mode), these drivers value task alignment, 
precision, and transparency over relational or hedonic quali-
ties. 

• Entertainment-Seekers → Entertainment Archetype 
Entertainment-driven drivers map directly to the Entertain-
ment archetype. These CAs emphasise play, humour, and 
novelty, sustaining engagement by offering stimulation. The 
fit is particularly strong with Nielsen’s finding that perceived 
enjoyment predicts continued use in this group [32]. 

• Social-Connection Oriented Users → Companion Archetype 
Socially motivated drivers correspond to the Companion 
archetype. Companion CAs, such as Replika4 or XiaoIce5 , 
prioritise empathy, memory, and continuity of relationship. 
For these drivers, relational depth is the primary design 
quality that sustains acceptance and engagement. 

By systematically identifying archetypes and mapping them to 
established CA design archetypes, we show that not all drivers 

4https://replika.com
5https://www.xiaoice.com 

https://5https://www.xiaoice.com
https://4https://replika.com
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benefit from CAs in the same way. Instead, safety-first, entertain-
ment, and social-connection oriented users align with distinct CA 
archetypes—Service, Entertainment, and Companion, respectively. 
This mapping provides both empirical grounding (through partic-
ipant accounts) and future design heuristics (by connecting to a 
recognised archetype framework). Crucially, tailoring CA design 
to these archetypes with agent personas may increase intention 
to use as theorised by the acceptance model [46], thereby ensur-
ing not only engagement but also improved safety outcomes in 
semi-automated driving contexts. 

6.3 Effectively Design CAs for Attention 
Management 

CA for richer capabilities. Returning to our findings, driver re-
sponses, subjective reports, and interviews consistently suggest 
that CAs can help reduce passive fatigue in an authentic L3 driv-
ing context. KSS ratings showed opposite trends before and after 
interaction with the CA compared to the control group. This aligns 
with prior simulator-based results [17]. 

Participants also pointed out performance limitations. Similar 
constraints were noted in recent simulator studies, which found 
that low-complexity dialogue was most effective [13]. While this 
outcome seems intuitive, prior work rarely engaged with a broad 
set of users in situ to discuss deeper design trade-offs. Our study 
also introduced environment-related prompts that supported driver 
alertness, reducing the attention gap between automated and man-
ual driving [20]. Although this paper did not include eye-tracking 
data, video analysis showed more searching behaviour after CA 
use, whereas control participants showed no similar change. 

Positive behaviours were also observed. Some drivers laughed, 
joked, or otherwise displayed enjoyment when interacting with the 
CA. These reactions point to the agent’s potential to raise arousal 
through playfulness. Cognitive activities were also noted, such 
as thoughtful expressions, suggesting that the CA could increase 
cognitive load in monotonous driving contexts. A few even gestured 
towards the CA, unintentionally bringing their hands closer to the 
wheel and increasing physical readiness. Compared to monotonous 
NDRTs previously used to mitigate passive fatigue [30], the CA 
offered richer capabilities. 

Safety cues: explicit or implicit? The overarching goal remains 
to provide effective guidance: preventing underload while support-
ing driver alertness to facilitate safe L3 driving, and doing so with 
smooth transitions that preserve user experience [27]. The chal-
lenge is how to embed safety functions into CA interactions. User 
engagement, as discussed in Section 6.1, is a prerequisite: drivers 
should be willing to use the system and not find it irritating. But 
should safety cues be made explicit or remain implicit? Our findings 
highlight three considerations: 

(1) Mode awareness. Some participants argued that talking 
while driving was unsafe, even conflicting with road safety 
campaigns. This shows the importance of situating CAs in 
the right contexts (i.e. right modes) and building accurate 
mental models of their use. 

(2) Trust in automation. Several participants, already in a 
heightened state of alertness due to distrust of AVs, found 

the CA distracting rather than helpful. Adaptive timing of 
interventions, possibly informed by a driver monitoring sys-
tem, is therefore essential. 

(3) Conversation topics. A few participants expressed inter-
est in deeper interaction, such as playing puzzle games to 
“get the brain working.” While promising, overly complex 
dialogue risks cognitive overload and degraded performance 
[26]. Future LLM-based CAs should therefore integrate con-
trol strategies to balance the user requests for in-depth con-
versation. Designers can manipulate (i) gate conversational 
depth by workload cues; (ii) offer archetype switching via 
quick controls (e.g., “Safety-only”, “Safety+Entertainment”, 
“Safety+Social”); and (iii) anchor enrichment (games, music, 
local info, small talk) to explicit user preference and driver 
state. 

In summary, our study surfaces design considerations critical 
for balancing safety and user experience in authentic automated 
driving contexts. Yet open questions remain. For example, how long 
can conversation effects persist before drivers revert to fatigue? 
What alternative or escalated strategies are effective when the agent 
fails to meet user expectations? These questions extend beyond 
the scope of this paper but represent important avenues for future 
research. 

7 Limitations 
This study presents early-stage insights based on a prototype AV 
platform and an LLM-based CA deployed in a dynamic field setting. 
While the on-road environment adds ecological validity, both the 
vehicle and the agent were prototypes. The AV operated on a rule-
and map-based platform rather than production-level autonomy, 
and the agent occasionally experienced network-related delays 
due to the setting. The agent latency fluctuated, which may have 
provided an inconsistent experience between users. However, this 
is comparable to standard online voice-based LLM applications, and 
most participants still rated interactions as natural and responsive. 

Participants undertook a single 55-minute session, meaning long-
term adoption, novelty effects, or habituation remain unexplored. 
Indeed, some participants suggested that their perceptions may 
change given time and exposure. Whilst the sample was diverse 
in age, targeted recruitment of older and younger drivers to facili-
tate usability exploration across the age range may affect fatigue 
ratings. Specifically, older drivers may be less prone to fatigue 
manipulations in AVs [1]. Additionally, although no age-related 
differences in perceptions of usability emerged during qualitative 
analysis, between-subjects hypothesis testing may reveal distinct 
differences. 

Whilst participant allocation favoured the CA condition, all par-
ticipants experienced the same vehicle, route, environmental, and 
procedural conditions. None of the participants reported prior ex-
perience with L3 during screening or interviews, and such expo-
sure was therefore not considered a confounding factor. Individual 
differences in communication style or familiarity with CAs were 
treated as natural variation relevant to understanding diverse user 
responses rather than as variables to be experimentally controlled. 

We also acknowledge that anthropomorphic and personality 
cues may shape user trust, engagement, and perceptions of agency 
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[33, 36]. The agent’s gendered name (“Zoe”) may likewise have con-
tributed to user perceptions [35], and future work should consider 
how naming conventions and gender presentation interact with 
these social dynamics. 

Beyond this consensus, our analysis revealed three preference 
orientations (Safety-First, Social-Connection, and Entertainment-
Seeking). We deliberately describe these as archetypes rather than 
fixed categories. Participants’ needs and orientations were not static, 
and individuals often displayed features of more than one profile 
or shifted between them during the drive. This fluidity is not a lim-
itation of the finding but an opportunity for design. LLM-powered 
CAs are uniquely suited to accommodate dynamic shifts in user 
preferences through adaptive dialogue. Covering the three primary 
orientations observed here, therefore, provides a practical founda-
tion for designing agents that can meet the majority of user needs 
while remaining sensitive to contextual changes. 

Together, these limitations point to the need for deeper longitu-
dinal, cross-cultural, and adaptive investigations. At the same time, 
they highlight the value of our study as a proof of concept: demon-
strating that even under constrained conditions, conversational 
interaction can be deployed authentically in a real AV, yielding 
insights into how users experience, accept, and desire such agents. 

8 Conclusion 
This study demonstrates the potential of CAs to mitigate passive 
fatigue in conditional automated driving. Rather than relying on 
direct safety alerts, the approach embedded safety goals into natu-
ral, environment-related dialogue. In a real-world test-track study, 
users consistently identified the agent as a legitimate, prospective 
safety tool. Users described how brief conversational exchanges 
woke them up and re-engaged their attention with the driving en-
vironment, helping manage passive fatigue symptoms. Perceptions 
of the entertainment value of the agent were mixed. Overall, these 
findings provide strong evidence that LLM-powered conversational 
dialogue can serve as a credible intervention to support safety in 
L3 driving contexts. 

Our analysis also revealed three predominant user preference 
profiles, Safety-First, Entertainment-Seeking, and Social-Connection 
oriented drivers. Aligning these orientations with established CA 
design archetypes [21] highlights a central HCI contribution. Accep-
tance is not determined by usefulness alone but by the fit between 
agent behaviour and drivers’ own goals. For some, safety cues were 
paramount; for others, stimulation or companionship mattered 
most. Designing for conditional automation, therefore, requires 
agents that can flexibly accommodate diverse orientations without 
compromising safety. These insights provide preliminary design 
heuristics for future passive fatigue management CA development. 

Methodologically, the work advances simulator and Wizard-
of-Oz approaches [17, 18] to study live LLM-based agents in L3 
AVs. The integration of behavioural video, sleepiness ratings, and 
qualitative interviews offers a reusable model for evaluating con-
versational interaction in safety-critical domains. This approach 
demonstrates how early-stage prototypes can still yield valuable 
insights into user acceptance, experience, and usability evaluations. 

Together, these contributions position conversational agents as 
future adaptive HCI interventions that bridge the gap between pas-
sive supervision and active readiness. By systematically linking 
empirical archetypes to design archetype frameworks and accep-
tance models, the paper provides conceptual and practical guidance 
for designing usable and desirable CAs in future AVs. This align-
ment offers practical guidance for tailoring agent personalities and 
interaction strategies to diverse driver needs, while recognising that 
user orientations may shift dynamically over time. These insights 
can be generalised to other safety-critical supervisory contexts, 
from aviation to rail and control rooms, where cognitive under-
load continues to threaten vigilance. By offering proof-of-concept 
and design guidance for fatigue-intervention conversational agents, 
we show how small talk can yield big impacts for the future of 
human–machine teaming. 
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Table 2: Appendix: Participants’ demographic table 

PID Gender Age Driving Exp. Driving Frequency AV Exp. (L1+) CA/NCA 

P01 Male 43 5+ yrs 5-7 days per week Yes CA 
P02 Female 73 5+ yrs At least once in the last year No CA 
P03 Female 48 5+ yrs 3-4 days per week No CA 
P04 Female 40 5+ yrs 5-7 days per week No CA 
P05 Male 31 5+ yrs 5-7 days per week Yes CA 
P06 Male 72 5+ yrs 5-7 days per week No NCA 
P07 Female 31 2-5 yrs At least once every month Yes CA 
P08 Female 31 5+ yrs At least once every month No CA 
P12 Male 38 5+ yrs 1-2 days per week Yes CA 
P16 Female 44 5+ yrs 3-4 days per week No CA 
P22 Male 32 5+ yrs 1-2 days per week No CA 
P25 Male 32 5+ yrs 3-4 days per week Yes CA 
P29 Male 44 5+ yrs 3-4 days per week Yes NCA 
P31 Male 34 5+ yrs At least once in the last year No NCA 
P36 Female 32 5+ yrs 5-7 days per week No NCA 
P39 Female 33 5+ yrs At least once every month No CA 
P43 Male 77 5+ yrs 5-7 days per week No CA 
P49 Female 81 5+ yrs 5-7 days per week No NCA 
P50 Female 81 5+ yrs 5-7 days per week No CA 
P62 Male 69 5+ yrs 3-4 days per week Yes CA 
P64 Male 67 5+ yrs 5-7 days per week No NCA 
P65 Male 85 5+ yrs 3-4 days per week Yes CA 
P79 Male 73 5+ yrs 5-7 days per week No NCA 
P80 Female 72 5+ yrs 1-2 days per week No NCA 
P84 Female 82 5+ yrs 1-2 days per week No CA 
P85 Male 74 5+ yrs 5-7 days per week No CA 
P88 Female 68 5+ yrs 5-7 days per week No NCA 
P89 Male 82 5+ yrs 5-7 days per week No CA 
P94 Male 36 5+ yrs 3-4 days per week Yes NCA 
P95 Female 67 5+ yrs 5-7 days per week No CA 
P99 Male 71 5+ yrs 5-7 days per week No CA 
P100 Female 33 5+ yrs 5-7 days per week Yes NCA 
P104 Male 73 5+ yrs 3-4 days per week Yes CA 
P106 Male 50 5+ yrs 5-7 days per week No NCA 
P107 Male 66 5+ yrs 5-7 days per week No NCA 
P108 Male 35 5+ yrs 5-7 days per week Yes NCA 
P110 Male 47 5+ yrs 5-7 days per week No NCA 
P111 Female 77 5+ yrs 3-4 days per week No CA 
P112 Male 66 5+ yrs 5-7 days per week No CA 
P113 Male 80 5+ yrs 5-7 days per week No CA 
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