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Abstract

As the adoption of autonomous vehicles continues to grow, understanding the impact
of auditory features in driving assistance systems becomes increasingly crucial. This
study investigates the effectiveness of different voice pitches (alto and bass) and speech
styles (frozen and casual) in enhancing driver recognition and compliance with in-vehicle
reminders. A total of 12 participants engaged in two experimental sessions, providing
a dataset of 46,095 emotion data points. Meanwhile, the research observation method
was utilised to collect participants” performance data. An online survey with 5-Likert
scale followed the experimental sessions to collect data regarding users’ satisfaction. The
findings reveal that alto voice pitch significantly improved compliance for safety-critical
reminders (seatbelt check: 92% vs. 58%, p = 0.046), and frozen speech style significantly
improved compliance during high-intensity driving (obstacle reminder: 58% vs. 25%,
p = 0.046). Notably, while these effective auditory features evoked higher negative emotions
(e.g., alto evoked sadness with a mean value of 0.222 vs. 0.162 for bass during pre-driving),
participant satisfaction remained high (alto: M = 4.17/5; frozen: M = 4.00/5). These results
suggest implications for designing customizable voice features in in-vehicle assistant
systems to enhance driver experience and safety.

Keywords: autonomous vehicles; advanced driver assistance systems; assistive driving
system; auditory features of ADAS; human-computer interaction
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thus establishing a prominent trend in modern vehicle design [3]. Examples of ADAS in-
clude automated emergency braking, lane keeping assist, automatic parking, and adaptive
cruise control [4]. ADAS encompasses both automation systems and supportive systems,
allowing drivers to retain control while benefiting from assistance provided by automated
functionalities [5]. Consequently, the transition between humans and semi-autonomous
vehicles is a critical scenario [6].

In the context of ADAS developing, a semi-autonomous driving system is designed
to communicate with drivers through visual, auditory, and haptic cues [7]. It has been
observed that the impact of verbal tasks on driver performance can vary depending on the
driving conditions, such as speed and traffic complexity [8]. In situations involving high
speeds or complex traffic patterns, the effects of verbal tasks may differ significantly from
those experienced in typical driving scenarios [9]. Therefore, it is valuable to investigate
the contributions of humanoid agent with digital voice assistance to individual drivers,
particularly in the context of Advanced Driver Assistance Systems [10]. Considering that
voice-based technology can impact user preferences [11], a voice-based support system in
autonomous vehicles has the potential to influence drivers’ emotions and behaviors, which
is worthwhile to be researched on.

While numerous studies concentrate on the visual design of agents, there is a notable
gap in research regarding the impact of specific auditory features in the context of driving,
such as voice pitch and speech style [12,13]. Recent work has begun to examine how voice
tonality in navigation systems can influence driving performance [14], how conversational
style of in-vehicle voice assistants affects cognitive driver distraction [15], and how speech
style and embodiment jointly shape driver perception in autonomous vehicles. However,
systematic investigations into the differential effects of voice pitch (alto vs. bass) and speech
style (casual vs. frozen) on driver compliance and emotional responses remain limited [16].
Theoretically, voice pitch has been linked to perceptions of authority and trustworthiness,
with lower-pitched voices often perceived as more credible, while higher-pitched voices are
considered more attention-grabbing and emotionally expressive [17,18]. Similarly, speech
style can influence cognitive load and user engagement; casual speech may foster rapport
and reduce anxiety, whereas frozen speech conveys urgency and formality, which may
enhance compliance in safety-critical contexts [19]. These auditory features are particularly
relevant in driving because they can modulate the driver’s attentional resources, which are
already constrained by the primary task of vehicle control [8,9]. For instance, a voice that is
perceived as more authoritative may increase compliance with safety-critical reminders,
while a voice that is perceived as more engaging may reduce the emotional distance between
the driver and the assistant, potentially improving the overall user experience [14,15]. These
mechanisms suggest that the interaction between voice pitch and speech style could have
differential effects on driver behaviour and emotional responses depending on the driving
context. This gap is significant because auditory features play a crucial role in shaping
human perception, eliciting emotional responses, and enhancing the quality of interactions
with agents. Interacting through speech or voice is a natural and more convenient mode of
communication [20,21]. The adoption of verbalized agents has expanded across various
sectors. In the autonomous vehicle industry, for example, verbalized driving assistants
have demonstrated greater effectiveness in enhancing drivers’ awareness and attention [22].
Therefore, such an investigation into the evaluation of auditory features in ADAS is timely.

This study focuses on a Voice-based system within semi-autonomous vehicle systems
and examines its impact on driver behaviour and emotions. The experiment incorpo-
rated a fully designed car simulator, enabling the participants to immerse themselves in a
simulated driving environment. During the driving sessions, the participants received vari-
ous driving-related reminders in different voice pitches and speech styles. Subsequently,
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their performance was closely observed, and their emotions were detected and recorded.
Specifically, this study addresses the following research questions:

RQ1: How do different voice pitches (alto vs. bass) and speech styles (casual vs. frozen)
influence driver recognition and compliance with in-vehicle reminders?

RQ2: What emotional responses are evoked by these auditory features, and how do
these responses relate to driver satisfaction?

RQ3: Which combinations of voice pitch and speech style are most suitable for different
driving contexts (pre-driving vs. during-driving)?

By carefully evaluating these interconnected elements, the study sought to gain crucial
understanding for developing in-vehicle driving assisted systems in future ADAS development.

2. Materials and Methods

This study received ethical approval from the Western Sydney University Human
Research Ethics Committee (HREC Approval Number: H15278). All experiments were
conducted in accordance with relevant guidelines and regulations. Informed consent was
obtained from all participants and/or their legal guardians for participation and for the
publication of information and images in an open-access format.

2.1. Experiment Setting

A specially designed driving simulator was built for the experiment in a laboratory-
based environment. The simulator utilized in our study was developed with high fidelity,
enabling participants to experience a multisensory environment [3]. In this study, “high
fidelity” refers to the degree to which the simulator reproduces realistic driving cues across
three dimensions. At the vehicle level, fidelity was achieved through a Logitech G29
(Logitech International S.A., Lausanne, Switzerland) force-feedback racing wheel with
900-degree rotation, a three-pedal set (accelerator, brake, clutch), and a compatible shifter,
which together reproduced realistic steering resistance, pedal feel, and gear-shifting be-
haviour, supplemented by steering wheel vibration feedback that simulated road surface
texture. At the human subject level, fidelity was supported by a 75-inch display providing a
wide forward field of view, a speaker system delivering spatialized verbal reminders, and a
webcam capturing facial expressions for real-time emotion detection, enabling participants
to receive visual, auditory, and behavioural feedback concurrently. At the environmental
level, fidelity was reflected in the simulated driving scenario itself, which comprised a
mixed route combining urban and highway segments with light-to-moderate traffic, con-
sistent daylight lighting, and a fixed 15-kilometre loop, replicating common real-world
driving conditions. This design allows them to visually perceive the surroundings, audibly
detect environmental cues, and physically feel the vehicle’s vibrations through the steering
wheel and seats. In designing an immersive experience for the participants, we drew inspi-
ration from high-fidelity driving simulators developed for real vehicle testing on controlled
test tracks [23] and integrated both hardware and software components into the simulator.
This seamless integration ensured a cohesive and realistic simulation environment.

The hardware component is composed of three main parts, as illustrated in Figure 1a:
the visualization system, the sound-assisted system, and the driving system. The visu-
alisation system mainly consisted of a 75-inch monitor which was displayed in front of
the participants to provide them with a clear vision of surroundings during driving. The
sound-assisted system was supported by humanoid agents with verbal capabilities. The
humanoid agent-based voice assistants provided instructions or reminders to participants
through a speaker system during the driving sessions. The driving system was formed
by a Logitech G29 PlayStation (Logitech International S.A., Lausanne, Switzerland) racing
wheel paired with floor pedals, a Logitech shifter compatible with the racing wheel, and a
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gaming chair (Figure 1b). These components work together to enhance the overall simula-
tion experience. Participants were even able to experience vibrations through the steering
wheel, simulating the sensation of driving on gravel surfaces. This feature enhanced the
overall sense of realism and immersion, allowing drivers to engage more fully with the
simulated environment.

oL

@ (b)

Figure 1. (a) Laboratory-based Driving Simulator; (b) Visualization of Driving System.

The software component included a gamified driving system, a voice-assisted system
within the vehicles, and an emotion detection model. These elements were integrated to
enhance user engagement, provide in-vehicle real-time auditory assistance, and monitor
participants” emotional responses during the driving simulation. The software compo-
nent includes a driving game specifically tailored for compatibility with the Logitech G29
PlayStation (Logitech International S.A., Lausanne, Switzerland). Participants interact with
the simulation using the racing wheel, pedals, and shifter, providing a realistic driving
experience within the game environment. The simulated driving environment comprised
a mixed route combining urban and highway segments, featuring low-to-medium traffic
volume with randomly generated vehicles. The route was designed as a fixed 15-kilometre
loop, with each experimental session lasting approximately 15 min. All sessions were
conducted under clear daylight weather conditions and consistent lighting to minimise
extraneous visual variability. To isolate the effects of the auditory features under investi-
gation, other potential influencing factors were held constant across all sessions: the road
type (mixed urban and highway), traffic density (light-to-moderate), weather and lighting
conditions (clear daylight, consistent illumination), route length and reminder timing (fixed
15-kilometre loop with pre-defined trigger points), and vehicle dynamics (same Logitech
G29 setup for all participants). This controlled design ensured that any observed differ-
ences in driver performance or emotional responses could be attributed to the manipulated
auditory variables rather than to variations in the driving environment. The in-vehicle
driving reminders were triggered at pre-defined points along the route, corresponding to
six distinct scenarios: three occurring during the pre-driving stage (seatbelt check, fuel
level check, rear mirror check) and three occurring during the driving stage (overspeed,
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obstacles ahead, drowsy driving). The specific timing and context of each reminder are
detailed in Section 2.3 (Table 1).

2.2. Participants

Participants (N = 12) were invited to join this study. These participants with the age
range from 18 to 35 were recruited from the student body of a university in one Middle
East country. The sample comprised a mixed-gender group, with participants randomly as-
signed to experimental conditions to ensure balanced representation across groups. One of
selecting criteria is all participant possessed a valid driving license issued in the country
or an internationally recognized driving license accepted under national transport policy.
This ensured that all participants had prior real-world driving experience, contributing
to the reliability of their interactions with the driving simulator. Another criterion set for
participant selection was that none of the participants had prior experience playing driving
games on similar simulators. This criterion was to minimize potential biases in the results
that could arise from varying levels of familiarity with the driving simulator.

The 12 participants were randomly assigned to one of the four groups, resulting
in three participants in each group. To further control for potential biases, the order in
which participants experienced the two conditions within each group was also randomized.
Before the commencement of the experiment, participants were given approximately 10 min
to familiarize themselves with the driving simulator, the laboratory environment, and to
raise any initial concerns they might have. This period was designed to help stabilize
participants’ emotional states, ensuring that their emotional data closely aligned with their
baseline levels during the experimental phase. This familiarization period, combined with
the criterion that no participant had prior experience with similar simulators, also served
to mitigate initial learning effects and ensure that all participants began the experimental
sessions with comparable levels of familiarity with the simulator controls.

Before engaging in the experimental sessions, all participants attended an introductory
session on the semi-autonomous simulator ensuring that all participants were briefed on
the functions. Additionally, they received training on the operational procedures. Each
participant was required to engage in two experimental sessions. In both sessions, they
were exposed to driving reminders delivered by the in-vehicle voice assistant. However,
the auditory features of the in-vehicle agent differed between the two sessions. All sessions
followed the same 15-km route and reminder schedule, ensuring that any observed differ-
ences between conditions could be attributed to the auditory features rather than variations
in the driving scenario. In total, each participant completed two experimental sessions,
yielding a combined total of 24 sessions available for data analysis.

2.3. Experiment Design

In this study, the in-vehicle reminders were designed to incorporate distinct auditory
features based on two key variables: voice pitch (alto and bass) and speech style (casual
and frozen). These variations were employed to examine the effects of different auditory
attributes on participant responses. By combining the variables, we created a 2 x 2 matrix,
resulting in four distinct conditions with different auditory features (Table 1).

Table 1. 2 x 2 Matrix of Auditory Feature Combinations in Four Conditions.

Alto Voice Pitch Bass Voice Pitch
Casual Speech Style Condition 1 Condition 2
Frozen Speech Style Condition 3 Condition 4
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The distinction between voice pitches can be characterized by their auditory qualities.
Specifically, an alto pitch is typically perceived as resembling an adult female voice, while
a bass pitch is akin to an adult male voice. The alto pitch generally ranges from 175 Hz to
698 Hz [24,25], aligning with the typical female vocal range of 165 Hz to 255 Hz [26]. In
contrast, the bass pitch ranges from 82 Hz to 330 Hz [24,25], corresponding to the common
male vocal range of 85 Hz to 180 Hz [26].

While the distinction between speech styles was represented by the content of the
reminders. Large Language Models (LLMs) were adopted as a tool to generate reminders’
content in two different speech styles. LLMs have been shown to assist researchers in
generating academic survey questions effectively [27]. Therefore, in this study, a Large
Language Model (ChatGPT 4.0) was utilized to generate driving reminders, formatted
separately into frozen and casual speech styles. Below table (Table 2) illustrates the content
of reminders adopted in the experiment.

Table 2. Summary of Reminder Content Utilised in the Experiment.

Speech Styles Conditions Scenarios Content
Seatbelt Check Before startmg the car, make sure your seatbelt
is securely fastened.
Fuel Level Check It is always good to check- if you have enough fuel
for your journey.
Condition 1 . Please adjust your rear mirrors and make sure
Casual Style Condition 2 Rear Mirror Check they provide a clear view.
Overspeed Reminder You are over speeding now. Please slow down.
Obstacles Reminder Kindly remind you that there are obstacles ahead.
Drowsy Driving Reminder You must feel t1’red after the long journey.
Let’s have a rest.
Seatbelt Check Before starting, fasten your seatbelt.
Fuel Level Check Ensure sufficient fuel for your journey.
Erozen Stvle Condition 3 Rear Mirror Check Adjust rear mirrors for clear view.
Y Condition 4 Overspeed Reminder Overspeeding. Slow down.
Obstacles Reminder Obstacles ahead, kindly note.
Drowsy Driving Reminder Fatigued after long journey. Rest.

The participants were randomly allocated to one of the four groups. Each group
experienced two conditions, corresponding to two rounds of experimental sessions. The
following outlines the conditions experienced by each participant group during the experi-
mental sessions:

Group 1: Condition 1 and Condition 3
Group 2: Condition 1 and Condition 2
Group 3: Condition 3 and Condition 4
Group 4: Condition 2 and Condition 4

Within each group, the order in which participants experienced the two conditions
was also randomised to mitigate potential order effects (e.g., learning, fatigue, or familiarity
with the simulator).

In both Group 1 and Group 4, the in-vehicle driving reminders of two experimental
sessions delivered by the assistant agent shared the same voice pitch, while varying in
speech styles. This design was intended to explore the differences in influence and effec-
tiveness between casual and frozen speech styles. Similarly, in both Group 2 and Group 3,
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the speech styles remained consistent within each group, while voice pitch was the variable.
The data from these groups aim to identify the differences in influence and effectiveness
between alto and bass voice pitches.

2.4. Data Collection
2.4.1. Quantitative Data

Quantitative dataset from this study consists of emotion data of the 12 participants.
To capture participants’ emotional responses during the driving sessions, we used a facial
expression recognition system integrated into the driving simulator. A webcam was
positioned in front of each participant, continuously recording their facial expressions
throughout both experimental sessions. The video feed was processed frame-by-frame
by an automated emotion detection model, which analyzed each frame and assigned
probability scores to different emotion categories based on the participant’s facial expression.
This process generated a continuous stream of emotion data points over time, resulting in a
large dataset for analysis. It is acknowledged that the current sample size is relatively small
(N =12 participants). One existing study, despite utilizing a small sample of 14 participants,
employed quantitative methods to analyze their emotional responses, ultimately generating
a dataset of 13,600 data points [28]. In the current study, each participant completed
two experimental sessions, yielding a total of 24 experimental sessions available for analysis.
It should be emphasised that the unit of analysis for all statistical comparisons is the
participant (N = 12), not the individual recorded frame. The 24 sessions refer to the
number of experimental runs conducted, not to an increased number of participants, and
the 46,095 emotion data points represent repeated observations drawn from the same
12 individuals.

Preliminary analysis suggests that the You Only Look Once (YOLO) model effectively
discerns and evaluates user emotions during interactions with humanoid agents and task
completion [28]. The same detection model (YOLOVS5) is integrated into the driving simula-
tor and is utilized to monitor changes in participants” emotions throughout the experiment.
YOLOVS5 is designed for speed, accuracy, and user-friendliness, making it an ideal choice
for a diverse array of tasks, including object detection, instance segmentation, and image
classification. The model was trained using the comprehensive AffectNet dataset [29,30],
which consists of approximately 400,000 images classified into eight emotional categories:
neutral, angry, sad, fearful, happy, surprise, disgust, and contempt. For this study, we
focused on five emotions: sad, angry, happy, neutral, and surprised. The model was
trained on 15,000 images, and its classification performance is presented in the confusion
matrix (Figure 2), where all diagonal elements exceed 0.5, indicating effective classifica-
tion. Developed within the PyTorch Deep Learning framework (version 2.0.0) [31], several
upgraded versions have been released since YOLOVS. Figure 3 compares YOLOv5 with
newer versions (e.g., YOLOVS) in terms of small object detection performance (mAP50-95)
and detection speed. While YOLOVS outperforms YOLOVS5 in detecting smaller objects,
YOLOWS offers faster detection latency. Since this study focuses on detecting human faces
in a dynamic driving environment, where rapid facial expressions and emotional changes
may occur, and the lower latency of YOLOvV5 was prioritised over small object detection
accuracy. More broadly, deploying real-time multimodal perception in production ve-
hicles requires balancing accuracy against latency and computational cost. Lightweight
architectures such as DIR-BHRNet, developed for real-time pose estimation on resource-
limited smartphones [32], illustrate this trade-off and point towards the efficiency-aware
design that future in-vehicle voice assistants will require. This led to the final decision to
select YOLOVS.
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Figure 3. Comparisons of Small Object Detection Performance and Speed across YOLO Versions.

2.4.2. Observational Data

Participants’ task performance data and satisfaction data contribute to the qualita-
tive dataset. The qualitative data was collected through researcher’s observation, online
questionnaire and face-to-face survey. Although the performance data (recognition and
compliance rates) were subsequently coded numerically and analyzed using statistical
tests, they originated from researcher observation, which is a qualitative data collection
method. We therefore present them within this section to reflect their observational nature,
while acknowledging that their analysis involves quantitative techniques.

The participants’ task performance data was collected through an observer noting
sheet. The first author observed and documented participants’ recognition and compliance
with the voiced driving reminders through detailed field notes. Participants’ performance
was documented and categorized into three labels: “did not notice the reminder”, “noticed
the reminder but did not follow” and “noticed the reminder and followed”.

An online survey was conducted to collect participants’ satisfaction after the two ex-
periment sessions. Participants were requested to provide their satisfaction ratings for
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the two different types of auditory features by using a 5-point Likert scale ranging from
“strongly dissatisfied” to “very satisfied”. The 5-point Likert scale was selected because it is
a widely validated and commonly used instrument in human factors and human-computer
interaction research for measuring subjective user experience, including satisfaction and
perceived usability [18,28]. A 5-point format was deemed appropriate for this pilot study
as it provides sufficient granularity to capture variation in satisfaction while remaining
cognitively manageable for participants, particularly given the relatively short duration of
the experimental sessions.

The survey questions used the colloquial term “How much do you value” to enhance
participant comprehension, while the accompanying Likert scale anchors explicitly defined
the construct being measured as satisfaction. The survey was developed and administrated
online via Qualtrics platform. The participants from different groups were required to
respond to different questions. In the experimental design, the auditory features were
classified into two dimensions: voice pitch (Alto or Bass) and speech style (Casual or
Frozen). The Alto voice is perceived as more similar to a female voice, while the Bass
voice resembles a male voice. Additionally, the casual speech style conveys a softer tone,
whereas the frozen speech style gives the impression of a more rigid and formal man-
ner of speaking. To help participants better understand the survey questions and more
easily relate them to their memories of the experimental sessions, we replaced the terms
“Alto” and “Bass” with “Female” and “Male” voice. Similarly, we replaced “Casual” and
“Frozen” speech styles with “Soft” and “Hard” voice. The table below (Table 3) presents
the specific questions assigned to participants in each group, reflecting the variations in
their experimental conditions.

Table 3. Specific Questions Assigned to Participants in Each Group Reflecting Variations in Experi-
mental Conditions.

Group Number Question 1 Question 2

Group 1 How much do you value avatar reminders How much do you value avatar reminders
p with Female and Soft voice? with Female and Hard voice?

Croup 2 How much do you value avatar reminders How much do you value avatar reminders
p with Female and Soft voice? with Male and Soft voice?

Group 3 How much do you value avatar reminders How much do you value avatar reminders
P with Female and Hard voice? with Male and Hard voice?

Group 4 How much do you value avatar reminders How much do you value avatar reminders

with Male and Soft voice?

with Male and Hard voice?

A face-to-face, informal interview was conducted in a conversational, chat-like manner
after participants completed the online survey. The purpose of the interview was to collect
participants’ opinions, preferences, and the rationale behind their choices concerning the
experimental variables, specifically the voice features of the voice-based driving assis-
tants. The casual style of the interview was intended to create a comfortable environment
that encouraged participants to freely share their genuine thoughts and ideas. Their re-
sponses were recorded and documented by the first author, who also served as the primary
researcher conducting the interview.

3. Results

The qualitative and quantitative data are analyzed and presented from three perspec-
tives: reflections on participants’ performance, changes in their emotional states, and their
feedback on user satisfaction.

https://doi.org/10.3390/informatics13100155


https://doi.org/10.3390/informatics13100155

Informatics 2026, 13, 155

10 of 22

3.1. Performance

The participants’ performances were analysed in terms of recognition rate and compli-
ance rate and they were analysed separately. To facilitate analysis, the data were coded into
four categories:

(a) Not noticing the reminder (coded as 0)
(b) Noticing the reminder (coded as 1)

(¢) Not following the reminder (coded as 2)
(d) Following the reminder (coded as 3)

This coding scheme captures two sequential behavioural stages: recognition (Codes 0-1)
and compliance (Codes 2-3). The recognition rate is calculated as the percentage of re-
minders that were noticed (Code 1) out of the total reminders delivered, while the compli-
ance rate is calculated as the percentage of reminders that were both noticed and followed
(Code 3) out of the total reminders delivered. This separation allows us to distinguish
between attentional failures (low recognition) and behavioural decisions (low compliance
despite recognition). The coding scheme was developed based on established behavioural
observation frameworks in driving research, where recognition and compliance are treated
as distinct behavioural outcomes [8,22]. This two-stage approach is consistent with human
factors literature that distinguishes between attention (whether a signal is detected) and
action (whether the appropriate response is executed) [9].

To ensure the reliability and objectivity of the coding process, two independent coders
performed blind coding of all observational data. Inter-coder consistency was assessed
by comparing the coding results from both coders. In cases where the two coders’ clas-
sifications were consistent, the coding result was retained. In instances of disagreement,
a third independent coder performed blind coding on the conflicting data, and the final
classification was determined based on the majority consensus. This procedure ensured
that the coding of recognition and compliance behaviours was robust and minimized
subjective bias.

Given the small sample size (N = 12) and the ordinal nature of the coded performance
data, the normality assumptions required for parametric repeated-measures alternatives
(e.g., repeated-measures ANOVA) were not satisfied. The Friedman test, a non-parametric
alternative designed for repeated-measures designs with ordinal data, was therefore em-
ployed to assess the significance of differences between the two voice pitches when the
driving reminders were delivered using the same speech styles and the results were pre-
sented in Table 4. Additionally, Tables 5 and 6 provide detailed insights into the recognition
and compliance rates for the driving reminders when the same speech style was used. The
Friedman Test results indicate no significant difference in the recognition rates between the
two voice pitches during both the pre-driving stage and the driving stage. These findings
are consistent with the recognition rates presented in Tables 5 and 6, demonstrating that
both voice pitches were equally effective in capturing the participants’ attention.

However, a significant difference was detected in terms of compliance rate. In the
pre-driving stage, participants were more responsive to the alto voice pitch, demonstrating
a high compliance rate of 62% (Table 5). To be specific, the reminder concerning checking
the seatbelt showed a higher mean compliance value for the alto voice pitch (M = 0.92)
compared to the bass voice pitch (M = 0.58), with a statistically significant difference
indicated by a p-value of 0.046 (Table 4).
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Table 4. Friedman Test Result for Voice Pitch Differences (under same speech style).

Same Speech Style Recognition Rate Compliance Rate

Reminders Mean_Alto Mean_Bass Sig (p) Mean_Alto Mean_Bass Sig (p)
Seatbelt 0.92 0.92 - 0.92 0.58 0.046
Pre-driving Fuel 0.83 0.92 0.317 0.33 0.25 0.317
Mirror 0.92 0.92 - 0.50 0.42 0.317

Speedy 1.00 1.00 - 0.83 0.83 -

During-driving Obstacle 1.00 1.00 - 0.42 0.42 1.00

Drowsy 0.92 1.00 0.317 0.33 0.25 0.317

Table 5. Recognition and Compliance Rate for Voice Pitch Differences (under casual speech style).

Same Speech Style Recognition Rate Compliance Rate
(Casual) Pre-Driving During-Driving Pre-Driving During-Driving
Code 0 Code 1 Code 0 Code 1 Code 2 Code 3 Code 2 Code 3
Alto (Condition 1) 22% 78% 6% 94% 38% 62% 50% 50%
Bass (Condition 2) 16% 84% 0% 100% 66% 34% 56% 44%

Table 6. Recognition and Compliance Rate for Voice Pitch Differences (under frozen speech style).

Same Speech Style Recognition Rate Compliance Rate
(Frozen) Pre-Driving During-Driving Pre-Driving During-Driving
Code 0 Code 1 Code 0 Code 1 Code 2 Code 3 Code 2 Code 3
Alto (Condition 3) 0% 100% 0% 100% 44% 56% 44% 56%
Bass (Condition 4) 0% 100% 0% 100% 50% 50% 44% 56%

The same analysing strategy was conducted to analyse the effectiveness differences
in casual speech style and frozen speech style, especially under the same condition of
voice pitch. Table 7 presents the results of the Friedman test, assessing the differences
between the two speech styles (casual and frozen). Meanwhile, Tables 8 and 9 display
the recognition and compliance rates associated with these speech styles, respectively.
Regarding participants’ reactions to recognizing reminders in driving settings, reminders
delivered in a frozen speech style achieved a recognition rate of 100% (Tables 8 and 9),
regardless of the voice pitch used. This finding suggests that the frozen speech style is more
effective in capturing participants’ attention during both the pre-driving and driving stages.

Table 7. Friedman Test Result for Speech Style Differences (under same voice pitch).

Same Voice Pitch Recognition Rate Compliance Rate

Reminders Mean_Casual Mean_Frozen Sig(p) Mean_Casual Mean_Frozen Sig (p)
Seatbelt 0.83 1.00 0.157 0.58 0.92 0.046

Pre-driving Fuel 0.75 1.00 0.083 0.25 0.33 0.317
Mirror 0.83 1.00 0.157 0.58 0.50 0.564

Speedy 1.00 1.00 - 0.83 0.83 -

During-driving  Obstacle 1.00 1.00 - 0.25 0.58 0.046
Drowsy 0.92 1.00 0.317 0.33 0.25 0.317
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Table 8. Recognition and Compliance Rate for Speech Style Differences (under alto voice pitch).

Same Voice Pitch Recognition Rate Compliance Rate
(Alto) Pre-Driving During-Driving Pre-Driving During-Driving
Code 0 Code 1 Code 0 Code 1 Code 2 Code 3 Code 2 Code 3
Casual (Condition 1) 22% 78% 6% 94% 38% 62% 50% 50%
Frozen (Condition 3) 0% 100% 0% 100% 44% 56% 44% 56%

Table 9. Recognition and Compliance Rate for Speech Style Differences (under bass voice pitch).

Same Voice Pitch Recognition Rate Compliance Rate
(Bass) Pre-Driving During-Driving Pre-Driving During-Driving
Code 0 Code 1 Code 0 Code 1 Code 2 Code 3 Code 2 Code 3
Casual (Condition 2) 16% 84% 0% 100% 66% 34% 56% 44%
Frozen (Condition 4) 0% 100% 0% 100% 38% 62% 44% 56%

In terms of participants’ compliance reactions, the frozen speech style demonstrates
slightly higher rates than the casual speech style. As indicated in Table 7, the mean
compliance value for the seatbelt checking reminder in the frozen speech style (M = 0.92)
is greater than that of the casual speech style (M = 0.58), with a statistically significant
difference (p = 0.046). Similarly, the mean compliance value for the obstacles ahead reminder
in the frozen speech style (M = 0.58) exceeds that of the casual speech style (M = 0.25), also
with a significant difference (p = 0.046).

3.2. Emotion

The emotional data from the 12 participants primarily consists of the quantitative
dataset. These emotion data were collected using the YOLOv5 model integrated into
the driving simulator. As each participant attended two experimental sessions, the total
dataset was multiplied, resulting in a total of N = 46,095 data points, with an average of
n = 3841 data points per participant. This corresponds to approximately 4-5 data points
per second captured continuously throughout each participant’s two experimental sessions,
with each session lasting around 15 min. Around 23,990 data points were collected under
the casual speech style, while around 22,100 data points were gathered under the frozen
speech style, indicating that the two conditions are relatively balanced for comparative
analysis of speech styles. A total of 23,400 data points were collected under the alto
voice pitch and 22,700 data points under the bass voice pitch. This relatively balanced
distribution enhances the accuracy and reliability of the subsequent analyses. The emotion
values reported represent normalised probability scores ranging from 0 to 1, output by
the YOLOvV5 emotion detection model for each of the five emotion categories. These
scores indicate the model’s confidence in its classification and sum to 1 across all emotion
categories for each detected facial expression frame. While the model detected five emotions
(sad, angry, happy, neutral, surprised), the “neutral” category was excluded from the
analysis to focus on emotionally charged responses and enhance sensitivity to differences
between conditions. The results therefore report the four remaining emotions: sad, angry,
happy, and surprised.

To assess whether the observed emotional differences between conditions were sta-
tistically meaningful, we employed the Wilcoxon Signed-Rank Test. This non-parametric
test was chosen because the emotion data consist of ordinal normalised probability scores
that do not meet the normality assumptions required for parametric alternatives. The test
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was applied to paired samples within each participant’s data, comparing their emotional
responses across the two conditions they experienced (e.g., alto vs. bass voice pitch under
the same speech style, or casual vs. frozen speech style under the same voice pitch). The
p-values reported in Table 10 indicate the probability that the observed differences between
the two conditions could have occurred by chance; values below 0.05 are considered statisti-
cally significant. The results indicate that it is challenging to identify significant differences
between casual and frozen speech styles when the voice pitch remains consistent. Similarly,
no substantial differences were observed between alto and bass voice pitches, suggesting
that variations in speech style and pitch alone may not have a marked influence on the
participants’ responses in this context. To avoid pseudo replication, the frame-level emotion
scores were first aggregated into a single mean value for each participant, emotion category,
and condition before statistical testing. Each participant therefore contributed one paired
value per condition, and the effective sample size for all statistical comparisons remained
N =12. Individual frames were never treated as independent observations.

Table 10. Wilcoxon Signed-Rank Test for Voice Pitches and Speech Styles.

Significance (p-Value) of Four Emotions Comparing Two Voice Pitches Under the Same Speech Style

Angry Happy Sad Surprise
*1 Casual Alto vs. Bass 0.345 0.075 0.173 0.249
*2 Frozen Alto vs. Bass 0.463 0.917 0.6 0.345
**3 Casual Alto vs. Bass 0.249 0.116 0.463 0.345
** 4 Frozen Alto vs. Bass 0.345 0.463 0.345 0.345

Significance (p-value) of four emotions comparing two speech styles under the same voice pitches

Angry Happy Sad Surprise
*1 Alto Casual vs. Frozen 0.753 0.753 0.753 0.463
*2 Bass Casual vs. Frozen 0.173 0.345 0.116 0.116
**3 Alto Casual vs. Frozen 0.249 0.116 0.463 0.345
** 4 Bass Casual vs. Frozen 0.753 0.249 0.753 0.753

* Rows 1 and 2 correspond to data points collected during the pre-driving stage. ** Rows 3 and 4
correspond to data points collected during the driving stage.

However, to further investigate the effectiveness of the auditory variants, the mean
values of the four emotional responses (angry, happy, sad and surprise) were analyzed
and are presented in the following graphs. Figure 4 presents the mean values of the
four emotional responses to the driving reminders delivered in two different voice pitches.
The results exhibit similar trends across both the pre-driving and driving stages, indicating
consistent emotional reactions to the variations in voice pitch throughout the experiment.
The predominant emotion evoked by both alto and bass voices is “sadness”, followed by
“anger” as the second most prevalent emotion. When comparing the two voice pitches,
the alto voice appears more likely to evoke negative emotions such as sadness and anger,
suggesting that participants may have responded more emotionally to the alto voice pitch
in the context of driving reminders. The noticeable difference is reflected from the higher
mean values of sadness evoked by the alto voice (M = 0.222) compared to the bass voice
(M = 0.162) during the pre-driving stage, and similarly, M = 0.198 for the alto voice versus
M = 0.159 for the bass voice during the driving stage. Although happiness is not the
predominant emotion, the bass voice pitch tends to elicit more cheerful emotions compared
to the alto voice within the context of the driving sessions.
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Figure 4. Comparison of Mean Emotion Values in Two Voice Pitches with Consistent Speech Style.
The same analysis was conducted to explore the differences in mean values of the emo-
tions to driving reminder delivered in two different speech styles when the voice pitch remains
consistent, and the results are presented in Figure 5. Consistent with the hypothesis, the frozen
speech style more effectively elicits negative emotions. The mean value for sadness in the
frozen speech style is M = 0.202, greater than that of the casual speech style at M = 0.182 during
the pre-driving stage. Similarly, during the driving stage, the mean value for sadness in the
frozen speech style is M = 0.186, compared to M = 0.172 for the casual speech style. The mean
values of anger emotion share similar trends.
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Figure 5. Comparison of Mean Emotion Values in Two Speech Styles with Consistent Voice Pitch.
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3.3. User Satisfaction

User satisfaction data was collected using a 5-point Likert scale survey. To quantify
satisfaction levels, the five response options were numerically coded from 1 to 5, with each
number representing a distinct level of satisfaction. Specifically, “strongly dissatisfied” was
coded as 1, “dissatisfied” as 2, “neutral” as 3, “satisfied” as 4, and “strongly satisfied” as 5.
This encoding facilitated a clear and structured measurement of participants’ satisfaction
levels. The mean values of the coded responses were calculated and compared, with higher
mean values indicating greater levels of satisfaction.

When exposed to the same speech style, participants responded significantly differ-
ently to driving reminders depending on the voice pitches. Figure 6 illustrates that the
participants reported a higher satisfaction level with the Alto voice (Mean = 4.17) com-
pared to the Bass voice (Mean = 3.58), indicating a preference for a voice that sounds more
feminine over a masculine voice in a driving environment.
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Figure 6. Mean User Satisfaction Values for Two Voice Pitches and Speech Styles.

When the voice pitch keeps consistent, participants’ response to driving reminders
also varied depending on the speech styles. Specifically, the satisfaction level for reminders
delivered in the Frozen speech style (Mean = 4) is slightly higher than for those delivered in
the Casual speech style (Mean = 3.75). This finding contrasts with common expectations, as
casual and easy speech styles are generally presumed to be more favorable. The underlying
reasons for this abnormality will be explored in further detail in the following sections.

4. Discussion

In general, this study offers a preliminary exploration of the influence of agents with
varying auditory features on human responses in a driving context. The primary objective
of this study is to investigate the differences between alto and bass voice pitches, as well
as the differences between casual and frozen speech styles. The practical target is to
determine which combination of these auditory features is more suitable for in-vehicle
voice assistant systems.
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4.1. Alto vs. Bass Voice Pitch

To determine which voice pitch is more effective in the context of driving, analyses
were conducted to evaluate participants’ task performance, emotional responses, and
satisfaction levels. These assessments provide a comprehensive understanding of the
impact of auditory features on the driving experience. The findings indicate no significant
difference in the participants’ ability to notice the occurrence of driving reminders between
the voice pitches. However, the alto voice pitch demonstrated a statistically significant
improvement in compliance for the seatbelt reminder (p = 0.046), suggesting a potential
advantage for higher-pitched voices in specific safety-critical pre-driving tasks. Lower
pitched voice is more often recognized as credible, but under some context the higher-
pitched voice can be more attractive [17]. In this study, alto voice was detected to be more
effective in reminding the participants to check the seatbelt, indicating that the higher
pitched voice may be more persuasive in the context of delivering safety-critical reminders
during the pre-driving stage of a simulated driving environment.

It is worth noting that the emotion mean values reported in this study are relatively
small in magnitude, reflecting the normalized probability scores from the YOLOv5 model
rather than absolute emotion intensity ratings. While the statistical comparisons did not re-
veal significant differences between conditions, the observed trends such as the consistently
higher sadness and anger values associated with alto and frozen conditions are directionally
consistent with the qualitative feedback from participants, who expressed feeling more
“serious” or “pressured” when exposed to these auditory features. These trends, though
not statistically significant, offer preliminary insights into how auditory features may shape
emotional tone in driving contexts and warrant further investigation with larger samples to
determine whether these patterns reach statistical and practical significance. Some findings
detected among the emotional responses to alto and bass voice pitches. There is a finding
that the alto voice appears more likely to evoke negative emotions such as sadness and
anger in the driving context than the bass voice. One study suggests that users tend to
prefer female-like voices, as they are perceived to convey and express emotions more
effectively [18], and agents with female-like voices have been shown to significantly im-
prove information retrieval, particularly in noisy environments [33]. However, the results
from this study present a contrasting perspective. Based on participants” performance
for the seatbelt compliance measure, the alto voice showed a functional advantage in
this specific context; however, it also appeared to evoke more negative emotions among
participants engaged in driving tasks. However, given that this was the only statistically
significant finding among the voice pitch comparisons, this interpretation should be treated
as preliminary and hypothesis-generating rather than conclusive. One possible explana-
tion for the contrasting results observed in this study compared to previous research is
the change in experimental context. Participants were engaged in a high-intensity and
dynamic environment, which may have influenced their emotional responses. In such
settings, interventions from voiced agents could introduce distractions, potentially eliciting
feelings of sadness or anger. Some feedback from the participants’ interviews suggests that
stereotypes surrounding female drivers, often perceived as less skilled or reliable [34], may
have influenced their emotional responses to the alto-pitched driving assistant. As a result,
participants may have had less confidence in the instructions provided by the alto voice,
perceiving the guidance as less reliable compared to bass-pitched instructions. For instance,
one participant explicitly commented that “the female voice felt like it was nagging rather
than warning”, while another noted “I would trust a male voice more in an emergency
situation”. These comments imply that participants may have had less confidence in the
instructions provided by the alto voice, perceiving the guidance as less reliable compared to
bass-pitched instructions. However, we acknowledge that these comments were made by a
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small subset of participants and were not elicited through systematic probing on gender
stereotypes. Therefore, this interpretation should be treated as a hypothesis for future
investigation rather than a conclusive explanation.

However, the participants’ satisfaction data presented a contradictory result when
compared with their emotional responses. Despite the negative emotions elicited by the
alto-pitched in-vehicle voiced agents, participants reported higher levels of satisfaction
compared to the bass-pitched assistants. Participants reported that their satisfaction levels
were influenced by both their emotional reactions and the perceived benefits of the auditory
features, such as the clarity and effectiveness of the instructions provided. This suggests that
while alto-pitched voices may provoke certain negative emotions during task engagement,
participants might perceive the alto-pitched (female) voice as more effective in delivering
important information. The clear and higher-pitched voice could be considered more
attention-grabbing, particularly in a noisy or cognitively demanding environment, leading
to higher satisfaction regarding its functionality. And the recognition rates and compliance
rate also support this finding. Additionally, several participants mentioned that they
appreciated the interaction with the alto-voiced agent, particularly during the pre-driving
stage, as they found the agent’s voice to be more engaging and enjoyable for casual talks.

Therefore, the findings can be summarized as: (1) Alto voice pitch provides more
attention-grabbing and clear instructions, making it effective for delivering reminders,
particularly in less demanding situations such as before driving stage. (2) Alto voice pitch
is perceived as less trustworthy when participants are engaged in high-intensity tasks,
potentially leading to increased negative emotions such as sadness or anger.

4.2. Casual vs. Frozen Speech Style

The same analysis was conducted to explore the differences between casual and frozen
speech styles. According to the analysis, the frozen speech style showed higher recognition
rates (100%) and demonstrated statistically significant improvements in compliance for
the seatbelt (p = 0.046) and obstacle reminders (p = 0.046), suggesting it may be more
effective in capturing participants’ attention and encouraging compliance with instructions
in specific safety-critical contexts. In the current scenario design, unlike the casual-style
content, the reminder content presented in the frozen speech style has been demonstrated
to be concise and direct and removing the content that may be distractive like fillers word
and colloquialisms. In high-intensity task environments, such as driving, instructions with
simplified and straightforward content facilitate ease of comprehension and adherence
among participants. Therefore, the frozen speech style demonstrated statistically significant
advantages in compliance for two specific reminders (seatbelt and obstacle), it also tended
to evoke higher levels of sadness and anger compared to the casual style.

It is important to consider an alternative explanation for these findings. As illustrated
in Table 2, the casual and frozen reminders differed in message length as well as in register:
casual reminders averaged approximately 11 words (range 8-14), whereas frozen reminders
averaged approximately 5 words (range 3-6). The observed compliance advantage for
the frozen condition may therefore be attributable to brevity and reduced information
load rather than to the formal speech register itself. In a high-demand driving context,
shorter messages may simply be easier to process and act upon, irrespective of formality.
Our experimental design does not permit these two explanations to be separated, and we
therefore present them as competing interpretations of equal plausibility. This distinction
matters for theory, since it determines whether the effect should be attributed to speech
register or to message economy. It matters less for practice: in either case, the implication
for in-vehicle assistant design is that concise, directive phrasing supports compliance with
safety-critical reminders, and we frame our design recommendations accordingly.
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Similar to the trend observed in the exploration of alto and bass voice pitches, the au-
ditory feature that is more effective in enhancing participants’ recognition and compliance
with the given reminders is not necessarily the one that evokes the most positive emotions.
Although frozen speech styled driving assistant showed statistically significant advantages
for two specific reminders, it also tended to evoke higher levels of sadness and anger
compared to the casual style. However, given the limited number of significant findings
and the small sample size, these observations require replication in larger-scale studies
before drawing firm conclusions. Frozen style is characterized as the most formal and least
interactive speech style, often used in contexts where communication is structured and
lacks spontaneous interaction [19]. Therefore, the serious nature of frozen speech style is
more likely to evoke discomfort in participants.

When considering the participants’ satisfaction levels, despite the frozen speech style
being associated with negative emotions, it received higher satisfaction ratings compared
to the casual speech style. It is commonly recognized that the casual speech style is re-
laxed and fosters close relationships [19]. However, satisfaction with a particular speech
style can vary depending on the context in which it is used. Based on feedback from
participants’” interviews, their evaluation of satisfaction regarding the discussed speech
styles depended on both effectiveness and emotional response. In the context of driving,
where participants were engaged in high-intensity tasks related to their safety, they pri-
oritized clarity and directness over emotional considerations in choosing their preferred
speech styles. Particularly in relation to avoiding potential car accidents, participants
expressed a preference for command-like instructions and reminders rather than interactive
or conversational suggestions.

Therefore, the findings can be summarized as: (1) Frozen speech style provides more
attention-grabbing and clear instructions, making it effective for delivering reminders,
particularly in high demanding situations such as during driving period. (2) Frozen speech
style is preferred in driving contexts due to its serious nature, which conveys a sense of
reliability and trustworthiness.

5. Limitations

While this study offers valuable preliminary insights into the effects of auditory
features on driver performance and emotional responses, several limitations must be
acknowledged when interpreting the findings.

The most significant limitation of this study is the relatively small sample size (N = 12),
with only three participants assigned to each of the four experimental groups. This sample
size inherently constrains the statistical power of the non-parametric tests employed, par-
ticularly the Friedman test. The repeated occurrence of certain p-values (e.g., 0.317) is likely
reflective of the constrained possible outcomes with such small samples rather than robust
significance assessments. Consequently, the statistical results should be interpreted with
caution. The significant differences detected (e.g., for seatbelt compliance with p = 0.046)
are promising but require validation with a larger cohort to confirm their reliability and
generalizability. We therefore frame this work as a pilot study intended to generate hy-
potheses and inform the design of larger-scale investigations. Additionally, effect sizes and
confidence intervals were not computed for the present analyses; given the small sample,
future studies should report these alongside significance tests to convey the magnitude and
precision of the observed effects.

Secondly, the participant pool was limited to university students aged 18-35, which
restricts the generalizability of the findings to broader driver populations, including older
adults who may have different perceptual abilities, driving experiences, and preferences
for in-vehicle interaction styles. Furthermore, the study did not stratify or analyze partic-
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ipants by gender, despite the fact that voice pitch (perceived as male-like or female-like)
may interact with participant gender to produce differential responses. Future research
should recruit a more demographically diverse sample and explicitly examine gender as a
moderating variable.

Thirdly, the YOLOv5-based emotion detection model, while efficient and suitable for
real-time applications, relies on facial expression analysis as a proxy for internal emotional
states. This approach may not fully capture the nuanced or suppressed emotional responses
that participants experience, particularly in safety-critical or socially evaluative contexts.
Multi-modal emotion measurement incorporating physiological signals such as heart rate
variability or skin conductance would provide a more comprehensive understanding
of emotional responses in future studies. Additionally, our interpretation that gender
stereotypes may have influenced emotional responses to the alto-pitched assistant is based
on a small number of unsolicited participant comments rather than systematic probing.
This interpretation should therefore be treated as speculative and hypothesis-generating,
and future studies should explicitly investigate the role of gender stereotypes through
structured interview protocols or targeted survey instruments.

Fourthly, while the driving simulator was designed with high fidelity and incorpo-
rated elements such as steering wheel vibrations to enhance realism, we acknowledge
that the laboratory-based setup has inherent limitations compared to real-world driving.
Additionally, we did not formally evaluate simulator sickness, which could have influ-
enced participant responses. However, we note that the controlled environment was a
deliberate design choice to ensure experimental consistency, minimise confounding vari-
ables, and prioritise participant safety, which are particularly important in a pilot study.
Future research should validate these findings in real-vehicle settings or more immersive
simulation environments that incorporate full vehicle dynamics, motion platforms, and
broader scenario variability. Furthermore, the geometric properties of the simulated route,
such as curve radii and longitudinal grades were not formally parameterised, as these were
not explicitly labelled within the driving software. While the route was identical across
all sessions and participants and therefore functioned as a controlled constant rather than
a confounding variable, future studies would benefit from simulators that permit formal
documentation of road geometry.

It should also be noted that our findings were obtained under clear daylight and
low-to-medium traffic volume, and therefore cannot speak to adverse conditions such as
rain or night-time driving. Future work should evaluate voice assistants under a wider
range of conditions, an effort analogous to SUSTechGAN’s generation of adverse-condition
driving images to address the scarcity of such data [35].

Fifthly, in the satisfaction survey, the original terms “Alto/Bass” and “Casual/Frozen”
were replaced with “Female/Male” and “Soft/Hard” to facilitate participant comprehen-
sion. While this substitution was intended to improve clarity and recall, we acknowl-
edge that it introduces a potential confound by conflating acoustic features with social
associations—namely gender and perceived tone. Participants may have responded to
these socially loaded labels rather than the acoustic properties themselves, particularly
given that gender stereotypes in driving contexts are well documented [34]. This could
have influenced the satisfaction ratings in ways that are not fully attributable to voice pitch
or speech style alone. Future studies should employ neutral terminology or validate alter-
native labelling strategies to disentangle acoustic effects from social associations, ensuring
that satisfaction measures reflect responses to the auditory features themselves rather than
to socially constructed connotations.

Lastly, as shown in Table 2, the reminders generated for casual and frozen speech styles
differed not only in style but also in length, with casual reminders being noticeably more

https://doi.org/10.3390/informatics13100155


https://doi.org/10.3390/informatics13100155

Informatics 2026, 13, 155

20 of 22

verbose and elaborated (averaging approximately 11 words, compared with approximately
5 words for the frozen reminders). This creates a confound between speech style and
message brevity, and we regard this as a substantive rather than incidental limitation, since
it bears directly on the interpretation of our primary compliance findings. It is therefore
possible that the observed differences in recognition and compliance rates between the two
speech styles may be partially or fully attributable to the shorter, more concise nature of
the frozen reminders rather than the formal speech register per se. While the variation in
verbosity was an inherent feature of generating stylistically distinct content, we acknowl-
edge that this confound limits our ability to isolate the effect of speech style independently
of message length. Future studies should control for content length by presenting the same
core information across both styles, varying only syntactic structure, formality markers,
and register while keeping word count and semantic content as consistent as possible.

6. Conclusions

This pilot study aimed to explore which speech style (casual or frozen) and voice pitch
(alto or bass) in driving system reminder provokes stronger preferences and potentially
serves as an effective means to bridge the communication gap between drivers and semi-
autonomous vehicles. As one of the pioneering studies examining drivers’ perceptions
of humanoid agent-assisted systems in semi-autonomous vehicles, our research makes a
significant contribution to the existing literature in this field, particularly as some findings
differ from established knowledge. The context-specific results provide valuable insights for
the design of in-vehicle assistance systems, emphasizing the importance of understanding
user preferences and emotional responses in dynamic driving environments.

The findings tentatively suggest that alto voice pitch and casual speech style may be
preferable for design implementation in in-vehicle driving assistants during the pre-driving
stage or in low-stress scenarios such as waiting in traffic, as these features were associated
with higher satisfaction ratings and a tendency toward more positive emotional responses in
these contexts. The alto-voiced assistant could be programmed to provide updates on traffic
conditions ahead and to communicate general road situations before drivers commence
their journey. Furthermore, during critical driving situations such as long-duration driving,
driving under extreme conditions, or for less-skilled drivers, in-vehicle driving assistants
utilizing bass voice pitch and frozen speech style may be more appropriate, as they can
provide clearer instructions while minimizing potential distractions for drivers. Based on
this, we speculate that such features could be beneficial in high-demand driving contexts,
such as long-duration driving, extreme conditions, or for less-skilled drivers, though
these specific scenarios were not tested in the current study. This also underscores the
importance of developing customizable or context-sensitive voice options in in-vehicle
driving assistants. However, given the preliminary nature of this pilot study and the limited
number of significant statistical findings, these recommendations should be interpreted as
hypotheses for future investigation rather than established design guidelines.

Overall, this study contributes to the extended research in the field of autonomous and
semi-autonomous study, specifically in the context of humanoid agent design for in-vehicle
driving assisted systems.
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