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Abstract: User acceptance of proactive voice assistants remains insufficiently un-
derstood. We examine how language and content design influence user accep-
tance of TravelCompanion, a proactive in-car voice assistant providing touristic
narrations. Using a mixed-method approach, we combined a 30-day automotive
OEM field study with a controlled lab study to test four versions of TravelCom-
panion (neutral baseline, simpler sentence structures, higher informational density,
friendlier tone). While the field study results showed only trends favoring simpler
sentence structures, the lab study revealed significant preferences for both simpler
sentence structures and friendlier tone. In contrast, higher informational density
did not improve user acceptance. These findings show that specific language and
content design characteristics significantly influence user acceptance of proactive
in-car voice assistants.

1 Introduction

1.1 Background and Motivation

Voice assistants have evolved from simple command executors to sophisticated conversational
partners capable of proactive interaction [1]. However, little is known about how users perceive
and accept proactive behavior, particularly in automotive contexts [2]. This study addresses
this gap by examining how different language and content design characteristics influence user
acceptance of a real-world proactive in-car voice assistant domain that provides tourism-related
information (TravelCompanion).

1.2 TravelCompanion

TravelCompanion is a fictional name for a real-world proactive voice assistant (VA) deployed
on production level at a major automotive original equipment manufacturer (OEM). It provides
drivers with tourism-related information about nearby points of interest (POIs) by proactively
playing 20 to 60 second narrations (readouts) as they pass by.

In brief, POIs are retrieved together with additional contextual information from freely
available online sources and subsequently clustered spatially. For each cluster, a readout text
is generated using customizable prompts via a large language model. The generated text is
then converted into speech using a state-of-the-art text-to-speech provider, and the resulting
audio files are uploaded to cloud storage (off-board). When a TravelCompanion-enabled vehicle
enters a cluster, the corresponding readout audio file is automatically downloaded and played
in the vehicle (on-board).
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2 Related Work

2.1 Proactive Voice Assistants

A VA is a software agent that facilitates human-computer interaction through a voice user in-
terface [3]. VAs rely on spoken dialog systems to process and generate natural language [4].
The majority of current VAs operate on a reactive model, responding only to direct user input.
While suitable for some use cases, this model has several limitations. Consequently, there is a
growing shift toward proactive interaction, where VAs initiate dialog by themselves based on
the environmental context [5]. This is often valuable in hands-free contexts and when cogni-
tive load is already elevated, such as while driving [1]. However, designing such systems is
challenging; if the timing or frequency of interventions is poorly calibrated, the system may
become intrusive [6]. Yet, in automotive contexts, prior work indicates that proactive behavior
is perceived as comparably positive to non-proactive interaction, particularly for driving-related
tasks, while inducing lower increases in cognitive load than reactive approaches [1, 7].

2.2 Quality and Usability Evaluation for Spoken Dialog Systems in Vehicles

Evaluation of the quality and usability of SDSs typically relies on standardized questionnaires,
interactive prototypes, and Wizard-of-Oz setups [8].

Quantitative measures frequently use Likert-scale-based instruments, such as user experi-
ence questionnaires [9]. Additional approaches include composite scores that capture dimen-
sions such as information quality, semantic intelligence, and user satisfaction [10]. Although
these methods enable efficient comparison, they necessarily abstract the multidimensional na-
ture of user experience, often requiring complementary evaluation techniques [11]. Qualitative
feedback collection is commonly conducted using open-ended questionnaire items, think-aloud
protocols, semi-structured interviews, and diary studies. These methods provide deeper insight
into user perceptions, expectations, and interaction strategies [12]. In practice, quantitative and
qualitative data collection is often intertwined, leading to hybrid evaluation approaches, such as
usability tests that integrate numerical metrics with subjective user feedback [13].

In-vehicle testing plays a central role in the development of new automotive features. It is
often performed through field operational tests that evaluate system behavior under real-world
driving conditions [14]. Various experimental designs can be applied and combined in this
type of testing. Commonly used are A/B testing, which compares alternative feature versions
to assess performance and user interaction, and continuous experimentation, where features
are iteratively refined based on real-world usage data [15]. Driving simulators can serve as
a complementary and, in some cases, equivalent evaluation environment, enabling controlled
experimentation while yielding results comparable to field testing [16].

3 Method

3.1 Hypotheses

Considering the state of the art, we formulate three hypotheses on how language and content
design influence user acceptance of TravelCompanion:

1. User acceptance of the TravelCompanion domain increases with a lower sentence struc-
ture complexity in a readout.

2. User acceptance of the TravelCompanion domain does not increase with a higher amount
of details provided per POI in a readout.
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Table 1 – Measured values for characteristics of each generated TravelCompanion version. Bold values
indicate the lowest value for LIXmean and the highest values for Wmean and Fmean.

Version LIXmean Wmean Fmean
BASELINE 42.83 37.16 0.38
HYP1 29.26 35.86 0.31
HYP2 44.44 78.38 0.68
HYP3 36.51 53.24 1.36

3. User acceptance of the TravelCompanion domain increases with the use of a friendlier
tone in a readout.

The first hypothesis builds on findings that simpler linguistic structures, as opposed to more
complex ones, can enhance user acceptance in reactive interaction models [17, 18] and exam-
ines whether this also applies to proactive TravelCompanion readouts. It primarily concerns
language design. The second hypothesis draws on research indicating that large amounts of in-
formation can overwhelm users, especially in driving scenarios [7, 19]. Unlike the first hypoth-
esis, this hypothesis investigates content design. The third hypothesis inspects whether findings
regarding the influence of emotional factors on the perception of reactive interactions [20, 21]
are applicable to proactive TravelCompanion readouts. It relates to both language and content
design.

3.2 Study Design

We apply a mixed-method research design, combining a real-world field study with a controlled
lab study. In the field study, four systematically varied versions of TravelCompanion (neutral
baseline, simpler sentence structures, higher informational density, friendlier tone) are deployed
to a test vehicle fleet of an automotive OEM for 30 days to analyze natural user behavior.
Objective technical usage data are logged and evaluated using quantitative metrics (abort rate
and playback duration before abort). In the lab study, a driving simulator is used to collect
subjective data with standardized questionnaires. Each driver passes through a cluster twice,
hearing a different randomly chosen version of the readout each time. After each passage, the
driver completes a questionnaire including the UEQ-S [22]. After both passages are completed,
the driver additionally indicates a preference between the two versions.

3.3 TravelCompanion Version Characteristics

For the user studies, we generate four distinct versions of TravelCompanion: a neutral baseline
version and one version that exhibits the content and language design characteristics of each
hypothesis formulated. The baseline version is labeled BASELINE, while the labels HYP1
through HYP3 correspond to the respective version associated with each hypothesis. The read-
outs in each HYP version differ notably from BASELINE in one specific characteristic.

Table 1 shows the characteristics of each version. In line with the hypotheses, these differ-
ences concern either the complexity of sentence structure, quantified using the LIX readability
index [23], the level of detail provided per POI, operationalized as the mean number of words
used per POI, or the friendliness of the tone used, assessed via expert ratings on a five-point Lik-
ert scale ranging from -2, very unfriendly, to 2, very friendly. In all other aspects, the versions
remain virtually consistent. This consistency is achieved by using nearly identical configura-
tions in the generation process of each version, with the only variation being the prompts used
to generate the readout texts. The underlying POI and cluster data remain identical across all
versions.
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Figure 1 – Playback duration before abort, abort rate, and completion rate

3.4 Evaluation Metrics

To assess user acceptance per deployed TravelCompanion version, three evaluation metrics are
based on the logged data of the field study: playback duration before abort, abort rate, and
completion rate. The playback duration before abort metric reflects the duration a readout from
a version was listened to before abortion by a driver. It is calculated using the start and abort
timestamps provided in the data logged for each aborted readout. The abort rate indicates the
proportion of readouts that were aborted by a driver out of all readouts played for a version. It
is defined as the ratio of aborted readouts to the total number of readouts played in a version.
Its complement is the completion rate, which resembles the percentage of readouts of a version
that were played until the end.

The lab study questionnaire yields UEQ-S scores and version preference. The UEQ-S
scores aim to evaluate different aspects of user acceptance of a version, and version preference
aims to measure which of the compared versions are preferred by drivers.

4 Results

4.1 Field Study

The number of readouts per version and the corresponding distinct clusters are summarized in
Table 2. As domain usage varied across test vehicles, readouts are not uniformly distributed be-
tween versions. Information on driver identities and passenger counts are not available. How-
ever, as the test fleet was accessible only to engineers and managers within the automotive
OEM’s research and development division, participants can be assumed to have had a gen-
eral understanding of automotive technology, though not necessarily of the TravelCompanion
domain.

Table 2 – Distribution of processable readouts and distinct clusters per version in the field study.

Version Readouts played Percentage (%) Distinct clusters
BASELINE 79 53.4 45
HYP1 40 27.0 30
HYP2 11 7.4 6
HYP3 18 12.2 13

The left panel of Figure 1 shows the playback durations before abort, while the right panel
shows abort and completion rates. Due to the limited sample size, no statistically significant
effects of the version characteristics were observed on any evaluation metric. However, trends
indicated that the use of simpler sentence structures reduced aborts.
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4.2 Lab Study

A total of 58 simulated drives were conducted, with each participant completing one simulated
drive. All participants were speech technology domain experts of the automotive OEM, familiar
with the TravelCompanion domain. Table 3 shows how often readouts of each version were
played and how often versions were compared against each other.

Table 3 – Distribution of readout audios played and pairwise comparisons per version in the lab study. A
total of 58 simulated drives were conducted, leading to 116 individual evaluations of versions collected.

Version Readouts played vs. BASELINE vs. HYP1 vs. HYP2 vs. HYP3
BASELINE 29 – 11 9 9
HYP1 35 11 – 9 15
HYP2 23 9 9 – 5
HYP3 29 9 15 5 –

4.2.1 UEQ-S Scores

Figure 2 shows the UEQ-S scores recorded for each version. HYP3 achieved the highest scores
in most dimensions, particularly in the hedonic dimensions, while HYP1 performed best in
the remaining, primarily pragmatic dimensions. HYP2 consistently received the lowest scores
among the HYP versions and was the only variant to record negative values in some dimensions,
closely clustering with BASELINE.

Normality was violated for most UEQ-S dimensions, with only 6 of 32 version-dimension
combinations meeting the Shapiro–Wilk criterion (p ≥ .050). Accordingly, Kruskal–Wallis
tests revealed a significant effect of version across all eight dimensions (p< .050), with medium
to large effect sizes, strongest for confusing–clear and inefficient–efficient. Post-hoc Dunn tests
showed that HYP3 differed significantly from BASELINE in seven dimensions, including three
hedonic ones, while HYP1 differed from BASELINE in three pragmatic dimensions, all with
medium to large effects. In contrast, effects involving HYP2 were generally small or negligible.
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Figure 2 – UEQ-S scores
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4.2.2 Version Preference

Figure 3 presents the version preference results as a heatmap, showing for each ordered version
pair the percentage of comparisons in which the row version was preferred over the column
version. Undecided responses are included. Thus, opposing preferences do not necessarily
sum up to 100%. HYP3 was consistently preferred over all other versions, with participants
up to seven times more likely to favor it over BASELINE. An even stronger preference over
BASELINE was observed for HYP1, which was chosen ten times more often. While both
HYP3 and HYP1 achieved high preference rates, HYP3 showed a slight advantage in their
direct comparison. BASELINE was never preferred over any other version, but performed
comparatively better against HYP2 than against the remaining HYP versions.
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Figure 3 – Version preference heatmap

5 Discussion

In the field study, HYP1 showed markedly longer playback durations before abort and a sub-
stantially lower abort rate compared to BASELINE, suggesting higher user tolerance for longer
interactions when sentence structure complexity is reduced. However, these effects were not
statistically significant. In the lab study, HYP1 was rated significantly clearer, easier, and more
efficient than BASELINE, with large effect sizes. It was also consistently preferred over BASE-
LINE in direct comparisons. Overall, the lab study provides strong evidence supporting Hy-
pothesis 1, aligning with prior work linking lower syntactic complexity to reduced cognitive
load and higher acceptance in driving contexts [7, 19].

HYP2 achieved slightly longer playback durations before abort than BASELINE in the
field study, but abort and completion rates were comparable and non-significant. In the lab
study, HYP2 did not differ significantly from BASELINE across all UEQ-S dimensions. It was
also not clearly preferred in direct comparisons. These results support Hypothesis 2, suggesting
that increasing the amount of information per POI does not enhance user acceptance, consistent
with prior findings that excessive information can overwhelm users in driving scenarios [7, 19].

While the field study results for HYP3 were inconclusive, the lab study revealed clear
effects. HYP3 significantly outperformed BASELINE across all UEQ-S dimensions, with
medium to large effect sizes. It was also strongly preferred over any version in direct com-
parisons. These findings provide robust support for Hypothesis 3 and are consistent with previ-
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ous work demonstrating that a friendly conversational style increases user acceptance of voice
assistants [20, 21].

6 Conclusion

We aimed to examine the impact of systematically varied language and content design char-
acteristics on user acceptance of proactively played touristic texts in an in-car voice assistant
context. The results show that specific language and content design characteristics can signif-
icantly influence user acceptance of the TravelCompanion domain and likely other proactive
touristic in-car voice assistants. They suggest that the use of simpler sentence structures and a
friendlier tone increases user acceptance, whereas no clear positive effect can be demonstrated
for the use of higher informational density.
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