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ABSTRACT

Empathic vehicles aim to enhance driving by addressing both emotional and functional 
needs. Yet, current systems such as Advanced Driver Assistance Systems (ADAS) often 
overlook drivers’ dynamic emotional states, which strongly influence behaviour and 
decision-making. Existing research largely focuses on detecting emotions rather than 
responding to them in meaningful ways. This study applies a human-centered design 
approach to explore how multimodal feedback can support drivers through context-
sensitive, emotion-aware interactions. Two groups – daily commuters and young drivers 
(18–24 years) – were investigated using a mixed-methods approach. Semi-structured 
interviews (n = 23) identified emotional triggers, coping strategies, and expectations, 
informing a driving simulator prototype featuring visual, auditory, and tactile feedback. 
18 participants evaluated these strategies in three emotionally challenging driving 
scenarios. Results show that adaptive music was perceived as the most effective 
strategy for influencing emotions, followed by ambient lighting, whereas emojis and 
seat vibrations were rated less effective. No statistically significant differences were 
found between groups. Participants stressed the need for empathic systems that are 
transparent, subtle, and customisable, with strong concerns regarding data privacy. 
The findings underline the potential of multimodal, context-sensitive feedback and 
highlight the need for further testing in real-world driving environments.

Keywords:  Empathic interaction design, Human-Machine-Interaction (HMI), Emotional 
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INTRODUCTION

Roads are environments where millions of people commute daily in diverse 
emotional states. Some emotions are internally carried into the vehicle – such 
as stress from work, time pressure, or personal tension – while others emerge 
externally from the driving context itself, including road conditions or the 
behaviour of other drivers. Regardless of their origin, these emotional states 
significantly shape how people drive and interact in traffic (Schauer, 2024).

According to Eyben et  al. (2010), considering emotional and affective 
states is essential for improving both safety and comfort in driving 
environments. Recent studies demonstrate that negative emotions such as 
anger, fear and sadness lead to riskier driving, particularly among younger 
drivers, manifesting in abrupt braking, speeding, and reduced awareness of 
others. In contrast, positive emotions such as joy or calmness are associated 
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with safer and more defensive driving patterns (Pizzo et al., 2024). Further 
studies consistently confirm the influence of emotions on driving behaviour 
(Abdu, Shinar and Meiran, 2012; Eyben et al., 2010; Jeon, Walker and Yim, 
2014; Lau, 2016; Steinhauser et al., 2018; Zhang et al., 2020). 

Accurately detecting these emotions is the first step towards creating 
empathic vehicles, and the foundation for this development has already been 
laid. Rapid advances in machine learning have enabled a widespread adoption 
of systems such as facial recognition software in everyday life. Building 
on this momentum, recent emotion-recognition research increasingly uses 
machine learning—particularly deep neural networks (Younis et al., 2024; 
Zhang et al., 2020). These systems can analyse physiological signals, voice 
tone, language, facial expressions, and gestures and posture (Younis et al., 
2024). The feasibility of emotion recognition is proven by Weber (2018), 
who demonstrated how facial expression analysis (FEA) was used to capture 
over 2,600 emotional events during driving, with up to 94% successfully 
linked to specific triggers. 

Further steps towards safer driving through assistance systems have 
been taken with the development of technologies such as Advanced Driver 
Assistance Systems (ADAS) and Automated Driving (AD). Supported by 
data and analyses from the European Road Safety Observatory (ERSO) and 
driven by EU safety regulations, these systems aim to enhance road safety 
by supporting crash avoidance, crash mitigation and protection, as well as 
post-crash response (European Road Safety Observatory, 2018). However, 
these systems are predominantly short-term focused and largely overlook the 
mitigation of unsafe driving behaviours influenced by heightened emotional 
states. Moreover, Khastgir et  al. (2018) underscore that the automotive 
industry continues to lack sufficient testing and validation of ADAS and AD 
systems. 

An initial exploration of different mobile use cases was conducted by Braun 
et al. (2020), who identified possible starting points for affective automotive 
user interfaces (UI) and reported a high demand for such interfaces across 
cultures. Their findings highlight the potential for context-aware, emotion-
sensitive systems that can, for example, adapt routes based on weather or 
traffic conditions, provide emotionally tailored playlists, display both drivers 
and baby’s state and offer entertainment options for passengers.   

The next missing step is the development of systems that can respond 
appropriately to drivers’ emotions, particularly in stressful or high-risk traffic 
situations. This study focuses on what happens after an emotion is detected: 
how should a car respond? More specifically, it explores how interaction 
design can positively influence drivers’ emotional states to enhance safety and 
comfort. To investigate this research question, the study employs qualitative 
and design-oriented methods to explore user expectations, preferred feedback 
strategies (visual, auditory, or tactile), and sensory channels for emotion-
aware vehicles, emphasising real-world needs and customisation preferences. 
As a first-of-its-kind approach linking emotion recognition with empathic 
feedback, the study is intentionally designed as an exploratory, upstream 
concept to examine possible forms of response and interaction.
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METHODOLOGY

The study included 23 participants, 11 female and 12 male, aged between 
18 and over 65 years. During recruitment, attention was given to ensuring 
an equal number of novice drivers (young participants who had recently 
obtained their driving license and were aged between 18 and 24 years) and 
experienced drivers (daily commuters with more than five years of driving 
experience). The former group represented the high-risk category in terms of 
crash involvement as identified by Pizzo et al. (2024), whereas the latter were 
chosen because they tend to experience a lower task or cognitive load while 
driving (Patten et al., 2006) and can therefore devote more attention to the 
developed feedback strategies.

Semi-structured interviews were conducted with each participant to begin 
the study. The goal was to investigate user expectations, emotional needs in 
the context of emotion-aware vehicle interaction, current experiences with 
existing driver-assistance features, personal strategies for regulating emotions 
while driving, as well as demographic and general driving information.

Between the interviews and the simulator testing (a two-week interval), 
the participant count decreased to 18 due to natural attrition (9 from each 
group). User testing took place in a driving simulator equipped with a car seat, 
a curved widescreen monitor and a steering wheel. All tests were conducted 
using an automatic transmission, due to the cognitive load considerations 
discussed earlier by Patten et al. (2006). City Car Driving by the company 
Forward Development was chosen as the software driving simulation. An 
overview of the test setup is shown in Figure 1.

Emotions were induced using story-based scenarios to which participants 
could relate. In total, participants experienced three emotionally charged 
trigger scenarios designed to evoke common affective states and stressors: 
one sad, one time-pressured, and one involving an aggressive driver. 

Figure 1: Prototype of the driving simulator in its final stage.
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The feedback strategies were tested using the Wizard of Oz method, 
first introduced by Don Norman in 1973. This approach is beneficial for 
simulating and evaluating a “huge, powerful system long before it can be 
built”, making it particularly effective during the early stages of development 
(Norman, 2013). 

The five developed strategies were designed according to Gross’s Process 
Model of Emotion Regulation (Gross, 1998), targeting sensory, cognitive 
and social levels: 

1)	 Social-cognitive level (visual): Animated emojis to mirror the drivers’ 
emotional state. Previous studies have demonstrated the successful use of 
emojis to increase the understanding of the emotional state of passengers 
(Chao, He and Fu, 2019), babies (Braun et al., 2020) and the driver itself 
(Braun, Chadowitz and Alt, 2019; Völkel et al., 2018).

2)	 Sensory level (haptic): Seat vibration to increase comfort. In previous 
studies this has led to higher comfort and reduced muscle activity (Durkin 
et  al., 2006; Franz et  al., 2011). Whilst there is concern whether seat 
vibration could also increase drowsiness in the long-term (Azizan et al., 
2017), it remains unclear whether massage seats can be used to influence 
the drivers’ emotions.

3)	 Sensory level (visual): Ambient lighting using colours schemes grounded 
in psychological research (Elliot, Fairchild and Franklin, 2015). For the 
sad scenario, orange interior lighting was used for it signals warmth and 
is perceived as stimulating, associated with joy, optimism and activation. 
Green was chosen for the time-pressing scenario because it is considered 
regenerative, balancing and conveys not only calmness, but also a sense 
of safety. For the aggressive driver scenario blue was chosen because it 
stands for trust, stability, and emotional distance having a calming effect 
in escalating situations and helping to cool down. 

4)	 Sensory-cognitive level (auditive): Adaptive music, with tempo-controlled 
tracks to calm or activate the driver. It has been proven that individual 
selected music can positively influence one’s mood and also have a 
positive effect in high demanding situations, e.g. less swerving (van der 
Zwaag et al., 2012). However, this study expands this theory and keeps 
the music selected constant across participants varying only music speed 
in between scenarios. For the scenarios in this experiment uplifting, fast 
music was chosen (150 beats per minute) for the sad scenario as well as 
in the time-pressing and aggressive driver scenario slower and calming 
music was chosen (75–80 beats per minute).

5)	 Social-cognitive level (auditive): An emotionally intelligent voice assistant 
providing contextual feedback to support cognitive reappraisal based on 
the driving scenarios (Eyben et al., 2010). This is supported by Harris 
and Nass (2011), who found that voice assistants can improve driving 
behaviour and reduce negative emotions when they reframe frustrating 
events and thus help drivers see them in a more positive light.
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Procedure for Simulator Testing

After being welcomed, informed of the study’s goals, and having signed the 
consent form, participants were asked to get comfortable in the driving seat 
and adjust the seat and steering wheel height to their preference. Following 
a ten-minute free drive for familiarisation, participants were introduced to 
the story-based scenario. During each scenario, they were asked to drive 
in the simulator according to their typical driving style in that context. 
The aim was to reduce cognitive load and avoid negative effect on driving 
performance, such as reduced speed control, or reduced monitoring control 
(Östlund et al., 2006). 

During each scenario, participants were encouraged to think aloud about 
any thoughts related to the scenario, as well as any relevant reflections 
or observations. After each scenario, participants were asked how they 
felt and if they noticed any of the feedback strategies being applied. In all 
three scenarios (as mentioned at the beginning of this section), the order 
of the feedback strategies remained consistent and followed the sequence 
introduced above. 

After the simulator testing, participants completed a custom questionnaire 
using a 5-point Likert scale (1 = strongly disagree, 5 = strongly agree) for 
each developed feedback strategy. They were asked to rate the following 
statements: “I can imagine that this strategy influences my emotions”, and 
“I can imagine that this strategy influences most people’s emotions”. Lastly, 
participants completed an emoji-based user experience questionnaire (UEQ), 
on a 7-point Likert scale, to evaluate the system as a whole (Colley, Mayer 
and Häkkilä, 2023).

RESULTS

Interviews

Over 90% of participants reported prior experience with ADAS features, 
most commonly cruise control, parking assistance, blind-spot monitoring, 
lane-keeping assistance, and hill-start assist (all above 50%). The three most 
frequently reported emotional trigger scenarios were: emotional preload, 
time pressure, and aggressive or inappropriate behaviour from other drivers 
– which subsequently informed the design of the study scenarios. Other 
mentioned trigger scenarios were certain road regulations, police presence, 
technical difficulties/problems, vehicle breakdowns and conflicts with 
passengers.

Nine participants raised issues related to data protection, transparency, and 
uncertainty about which data would be stored and how it would be used. Six 
participants voiced fears of misuse of personal data, surveillance, or feeling 
“observed”, as well as unease about entering an overly transparent state. 
Five participants stated that such systems must be fully de-activatable, while 
four indicated they would prefer a physical “pull the plug” option. Another 
four participants expressed general scepticism towards AI, questioning its 
authenticity and emotional capability.
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A notable preference emerged in the choice of voice assistant: across both 
groups, 18 participants selected a female voice, while only 2 selected a male 
voice (showing an 8:1 ratio in each group).

User Testing

Across both user groups, adaptive music emerged as a highly influential 
modality, with participants describing noticeable changes in emotional state 
through variations in tempo and volume. Ambient lighting was also perceived 
as effective, with green tones generally associated with calmness and comfort. 
Blue and orange tones elicited more varied responses. Seat vibrations, voice 
assistant feedback and emojis were also noticed by participants, though their 
perceived influence varied across individuals.

When examining the numerical ratings across the −2 to 2 scale, adaptive 
music received the highest mean values from both commuters and novice 
drivers for personal emotional influence (1.44 for both groups) and 
perceived influence on most people (commuters: 1.33; novices: 1.78). 
Ambient lighting also scored positively, particularly among commuters, 
who rated its emotional effect higher than novice drivers. Voice assistant 
feedback received moderate ratings from both groups. Seat vibrations 
were generally rated as having limited personal emotional influence, 
though both groups believed they might have a stronger effect on others. 
Emojis received the lowest ratings, with negative or near-neutral values 
for personal influence and only slightly positive ratings regarding their 
effect on others.

Overall, no statistically significant differences were found between the 
groups across any of the ten comparisons (Mann-Whitney U test; all p > .05). 
Effect sizes (r) ranged from .01 to .36, indicating negligible to moderate 
effects according to Cohen’s (1988) guidelines. 

The largest effects were observed for ambient lighting (r = .34), adaptive 
music (r = .35) and the voice assistant (r = .36), suggesting moderate group 
differences in these specific items, though they did not reach statistical 
significance. The results indicate that while small to moderate trends may 
exist in some strategy-question combinations, the overall pattern does not 
support a consistent or significant difference in responses between the two 
groups. 

The Emoji-UEQ was used to highlight overall impressions of the system. 
Results showed a similar pattern for both groups but again no significant 
differences between groups. With ratings ranging from -3 to 3, Novelty 
(2.06) and Stimulation (1.94) achieved the highest mean ratings, followed 
by Attractiveness (1.44) and Dependability (1.44). The lowest ratings came 
from Efficiency (0.94) and Perspicuity (0.87). Splitting the groups showed an 
identical trend, however, all ratings besides Dependability were slightly lower 
for the novice driver group. These findings suggest that while the system 
is engaging and innovative for both groups, improvements in clarity and 
usability may enhance the experience for novice drivers.
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Figure 2: Overall mean ratings of feedback strategies. 

As neither questionnaire revealed statistically significant group differences, 
the data were summarised into a single combined sample. The final overall 
ratings for feedback strategies of the custom questionnaire, along with mean 
values per item, are presented in Figure 2. 

DISCUSSION

Study findings demonstrate that adaptive music consistently emerged as the 
most effective and positively received modality across both user groups. 
Notably, this strong performance occurred despite the music not being 
personally tailored, in contrast to earlier work such as van der Zwaag et al. 
(2012). This suggests that the emotional regulatory potential of music may 
be robust even in non-personalised form. 

Ambient lighting also received favourable evaluations, particularly among 
commuter drivers, who associated green tones with calmness and comfort. 
Responses to blue and orange lighting, however, were more heterogeneous, 
highlighting the context-sensitive nature of colour-based feedback. Previous 
research similarly suggests that lighting can support emotion regulation, 
but typically only to a moderate degree and most effectively as part of a 
multimodal strategy rather than as a standalone solution (Braun, Weber and 
Alt, 2022; Liu, Wang and Zhu, 2025). 

Voice assistant feedback was received moderately well, with a notable 
preference for a female voice across both groups, echoing broader patterns 
in automotive HMI studies. Earlier research emphasises that the effectiveness 
of voice cues depends strongly on their design and emotional congruence 
(Liu, Wang and Zhu, 2025), which may explain the comparatively lower 
ratings observed here.

Seat vibrations and emojis were perceived as less personally influential, 
although participants believed these modalities might be more effective 
for others. Both strategies are underexplored in the literature, and their 
interpretation may have been ambiguous within the test environment. Tactile 
cues, such as seat vibration, are often associated with ADAS warnings, which 
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may have led to confusion or reduced their perceived emotional relevance. 
Emojis, by contrast, were sometimes interpreted to signalling that the vehicle 
itself was “reacting”, which may have contributed to their underwhelming 
impact.

The Mann–Whitney U tests revealed no statistically significant differences 
between novice and commuter drivers in their questionnaire ratings, 
suggesting that perceived emotional influence of the strategies was broadly 
consistent across groups. However, small to moderate effect sizes for music, 
ambient lighting, and voice assistant feedback indicate that subtle trends 
may exist and could warrant further exploration with larger samples. The 
questionnaire framing may also have contributed to response patterns: the 
comparison between “influence on my emotions” and “influence on most 
people’s emotions” appears to have encouraged different forms of reflection, 
potentially leading to higher ratings for perceived influence on others than 
on oneself. 

Several limitations should be acknowledged. First, the study relied on 
story-induced emotional scenarios, and the simulator environment did not 
reproduce corresponding events visually or dynamically. This may have 
reduced ecological validity and weakened the connection between emotional 
state and driving behaviour. Second, sample size was modest. A larger 
participant pool may have strengthened the statistical analyses, particularly 
regarding subtle group differences. Third, each feedback strategy was tested 
individually, whereas real-world automotive interfaces often combine 
modalities; future research should examine such combinations to identify 
potentially synergistic effects. Additionally, the sequence of strategies was 
fixed throughout the study. Randomising the order or assigning varied 
sequences across participant groups may yield different results and should be 
explored in later work. Finally, the study did not measure objective driving 
metrics (e.g., speed variability, steering behaviour), limiting conclusions 
about how empathic feedback may influence driver performance beyond 
subjective perception.

CONCLUSION

This study provides an initial exploration of empathic feedback strategies for 
emotion-aware vehicles and highlights the potential of adaptive, contextually 
sensitive systems to support emotional regulation during driving. A key 
finding is that effective empathic vehicle systems must offer high levels of 
contextual intelligence, transparency, and user control. 

Future research should expand beyond simulated environments and 
incorporate real-world driving contexts. Longitudinal field studies would 
offer insights into how emotional feedback interacts with naturalistic driving 
behaviour, enabling the integration of both emotion detection and empathic 
response mechanisms. Additionally, further work is needed to examine how 
combinations of feedback strategies may influence emotional regulation 
differently than individual modalities alone.

Finally, while this study focused on perceived usefulness and subjective 
impact, an important direction for future research lies in linking empathic 
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vehicle systems with existing ADAS technologies. Understanding how 
emotional feedback interacts with quantitative driving metrics will be 
essential for designing systems that support not only emotional well-being 
but also measurable safety outcomes. In this sense, empathic vehicles should 
not only recognise emotional cues such as facial expressions or gestures but 
also infer emotional states through sudden or atypical changes in driving 
style. Together, such developments will contribute to the advancement of 
safer, more responsive, and emotionally intelligent mobility systems.
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