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ABSTRACT
This work investigates how visual and spoken cues of virtual agents
interact to affect user perception of agent trustworthiness. It is di-
rectly motivated by practical applications, such as an assistive robot
companion for the elderly or homebound, or a virtual agent that
can provide psychological assessment and treatment for individuals
with mental health challenges. Such technologies have the capacity
to assist human users in impactful ways, but without human trust
in these systems, adoption and usage will remain severely limited.
Our findings reveal strong correlations between both visual and au-
ditory features and perceived trustworthiness. This underscores the
importance of incorporating a comprehensive range of nonverbal
cues and auditory signals into interface design.
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1 INTRODUCTION
We are rapidly approaching a future in which conversational agents,
including chatbots, virtual assistants, and robots with dialogue ca-
pabilities, are becoming increasingly integrated into our daily lives.
Advances in machine learning and speech technologies are en-
abling human-like conversations with virtual agents, gaining trac-
tion across various domains such as customer service, healthcare,
and education [2, 12, 15]. As these agents aim to simulate human-
like conversation, a crucial factor that profoundly influences user
engagement and satisfaction is trust [6, 7]. Users must feel confident
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in the reliability, credibility, and trustworthiness of the informa-
tion and responses provided by these agents. Researchers across
various disciplines have explored identifying specific signals of
trust, examining both nonverbal and verbal cues to determine trust-
worthiness [11]. Recent studies have also highlighted the role of
vocal dynamics, such as vocal pitch and temporality, in shaping
trust perception[4]. However, there is little interdisciplinary work
that systematically investigates how combinations of factors from
different modalities affect user trust. As systems are increasingly
multimodal, it is critical to understand how multimodal factors
interact with each other to affect user perception of agent trustwor-
thiness. The main objective of this work is to understand linguistic
and visual factors that affect human trust perception of virtual
agents.

2 METHODOLOGY
Our approach focuses on assessing how individuals formulate rapid
intuitive judgments in contexts where information is limited. This
deliberate choice allows us to explore initial impressions made
solely based on voice clips and static images. To achieve our re-
search objective, we conducted an IRB approved perception study
using multimodal stimuli of combined visual and auditory modal-
ities. Amazon Mechanical Turk (MTurk) was used to employ 150
participants for the first set of experiments. MTurk has been re-
garded as a reliable source capable of producing quality data rep-
resentative of various U.S. subpopulations [5, 8]. The participants
were presented with static faces and corresponding speech record-
ings and were asked to provide their judgments on the perceived
trustworthiness of the face and voice using a Likert scale ranging
from 1 (not at all trustworthy) to 5 (extremely trustworthy).

The faces were sampled from the 10k US Adult Faces Database
[1], containing natural face photographs rated for a number of at-
tributes including trustworthiness. The speech samples were drawn
from a large corpus of deceptive and truthful dialogues that have
also been rated for trustworthiness in a large-scale perception study
[3]. Although the faces and speech samples have been previously
independently rated for trustworthiness, they have not been used
to study the perception of trustworthiness in a multimodal setting.
Stimuli were created with different combinations of trust levels
between the visual and speech modalities, both congruent and
incongruent.

2.1 Data
The lowest and the highest-rated images and audio fragments were
extracted from the two datasets. For the images, the means across
15 raters’ scores were used to select 80 female and 80 male images
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Table 1: Survey Conditions

Condition Number of Trials

high trust image & high trust audio 40
high trust image & low trust audio 40
low trust image & high trust audio 40
low trust image & low trust audio 40

deemed most and least trustworthy. We followed a similar proce-
dure for the audio selection, where the highest and lowest trust
ratings were represented by a vector of three trust labels, one per
annotator. The highest trust audio samples received a score of 1
from all three annotators, whereas the lowest trust ones received
all 0 scores.

Furthermore, we applied a number of additional filtering crite-
ria. Audio fragments were filtered based on all utterances being
spoken in Standard American English, with the total number of
content words equal to or greater than 2, and each fragment’s du-
ration limited to a maximum of 8 seconds. Regarding the images,
we excluded the highest age group to account for potential percep-
tion mismatches with audio fragments, as they were drawn from
a corpus not representative of this particular age group. Finally, a
total of 160 unique pairs were obtained. All images and audio frag-
ments were then reshuffled to form new pairs. The reshuffling was
performed to avoid possible image-audio matching biases. Both ver-
sions of unique pairings were broken down into two parts with 80
pairs each, and all of them were used in the perception experiments.

2.2 Survey Design
The survey implementation utilizedQualtrics, integrated intoMTukr,
for efficient distribution to a participant pool. Additional measures
included incorporating qualifications for the workers, such as near-
native understanding of the English language, an overall approval
rating higher than 95%, and not having participated in any of the
previous batches of this study.

The survey designwas structured around four distinct conditions,
with each condition comprising 40 trials. These trials were equally
divided between sexes associated with each image-audio pair to
ensure balance and mitigate bias. The trials were organized into
two batches to facilitate manageable participant engagement and
prevent fatigue. Each trial presented participants with a unique
combination of an image and a corresponding audio fragment.
Table 1 summarizes all conditions employed in this survey.

Figure 1 illustrates the survey instructions, and Figure 2 depicts
one of the survey questions, demonstrating our user interface deci-
sions.

We opted to display only one pair of image and audio stimuli
per page, with the “back” button disabled. This deliberate choice
aimed to optimize participants’ focus on each multimodal sample.
Additionally, we programmed audio playback to start upon image
loading, minimizing any perceptual delay between visual and audi-
tory stimuli. Participants were instructed to complete the survey
within a thirty minute timeframe and to utilize a laptop or desk-
top computer, as opposed to a mobile device, for optimal survey
experience.

Figure 1: Survey Instructions

Figure 2: Sample Trial

Participants were presented with 80 image-audio pairs per
experiment and were asked to provide their judgments about
how trustworthy each individual is. An informed consent
form and a set of post-survey questions were also included.
An open-ended text entry question was randomly added to
two trials for validation purposes, prompting participants to
transcribe the content of a given audio fragment.

3 PRELIMINARY RESULTS
The preliminary analysis involved several steps to ensure data
integrity and accuracy in assessing the impact of image and audio
conditions, as well as sex, on perceived trustworthiness scores.
Below is a detailed presentation of the results, followed by their
implications.

3.1 Data Pre-Processing
Initially, the Shapiro-Wilk test conducted on the raw data indicated
a violation of normality assumptions. To address this, standardized
𝑧-scores were adopted for subsequent analyses. These 𝑧-scores
represent the disparity of individual observations from the mean,
measured in standard deviation units, thus providing a standardized
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Table 2: Summary Statistics

Image Audio Sex Mean SD

high high female .235 .325
high high male .202 .349
high low female .068 .333
high low male .013 .370
low high female .003 .362
low high male −.157 .397
low low female −.096 .319
low low male −.268 .434

metric of participants’ responses across experimental conditions.
The obtained z-score values ranged from [−1.180, 1.038].

Figure 3 demonstrates that no extreme outliers were detected.
The boxplot reveals a consistent trend: females generally receive
higher scores than males across all conditions, with the upper limit
of scores being higher for females. Additionally, males tend to
exhibit lower scores, particularly in low image conditions. This
suggests that low trust images have a stronger impact on perceived
lack of trust compared to low trust audio.

Figure 3: Representation of Scores by Image and Audio Con-
ditions, Faceted by Sex

Table 2 provides detailed statistics regarding the distribution
of 𝑧-scores. The wider disparity between male and female scores
in low-trust image conditions suggests that the depicted sex may
influence perceived trustworthiness differently across conditions.

Figure 4 further explores the mean distribution per condition,
focusing on understanding differences between pairs with varying
trust levels between image and audio modalities. Pairs characterized
by high image but low audio trust demonstrate higher mean scores
compared to pairs with the opposite configuration, suggesting a
significant interaction effect between image and audio trust levels
on perceived trustworthiness.

Figure 4: Mean Distribution per Condition

Table 3: ANOVA Results

Effect 𝐷𝐹𝑛 𝐷𝐹𝑑 𝐹 𝑝 𝑝 < .05 𝑔𝑒𝑠

image 1 149 57.383 < .001 * .113
audio 1 149 40.788 < .001 * .037
sex 1 149 21.965 < .001 * .021
image:audio 1 149 4.216 .04 * .003
image:sex 1 149 10.966 .001 * .007
audio:sex 1 149 .192 .662 .000
image:audio:sex 1 149 .021 .886 .000

3.2 ANOVA Results and Interaction Effects
Table 3 summarizes the results of repeatedmeasures 3-factor ANOVA.
The analysis revealed statistically significant two-way interactions
between image and sex (𝐹 (1, 149) = 10.996, 𝑝 = .001), and im-
age and audio (𝐹 (1, 149) = 4.216, 𝑝 = .04). Significant main ef-
fects were observed for image (𝐹 (1, 149) = 57.383, 𝑝 < .001), audio
(𝐹 (1, 149) = 40.788, 𝑝 < .001), and sex (𝐹 (1, 149) = 21.965, 𝑝 < .001).
The absence of a significant three-way interaction implies that the
joint effects of image, audio, and sex on perceived trustworthiness
do not operate multiplicatively. The significant two-way interac-
tions underscore nuanced relationships between specific pairs of
factors, with the image main effect exhibiting the highest effect size,
highlighting the critical role of image trustworthiness in shaping
overall perceptions.

Figure 5 illustrates the interaction effects between three pairs of
factors: image and audio, image and sex, and audio and sex.

The left plot shows significant main effects of image and audio
conditions on mean scores, with non-parallel lines indicating an
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Figure 5: Interaction Line Plots

interaction effect. The difference in mean scores between high and
low image conditions is greater for the high audio condition, sug-
gesting a more pronounced impact of image level when audio level
is high. The middle plot depicts significant main effects of image
and sex, with females generally having higher mean scores than
males. The non-parallel lines indicate an interaction effect, with
a steeper slope for females suggesting a stronger impact of image
condition on their mean scores. The right plot shows significant
main effects of audio and sex, with similar slopes but slight differ-
ences in intercepts indicating a minor, non-significant interaction.
The small distances between the lines suggest minor variations in
the effect of audio condition between sexes.

3.3 Feature Correlations with Trust Scores
We also computed correlations between features extracted from
original image-only and audio-only corpora and the mean trustwor-
thiness scores associated with each image-audio pair. We identified
a number of features that were statistically significantly correlated
with the obtained trustworthiness scores. Figure 6 illustrates both
positively and negatively correlated features. Specifically, pairs
characterized by high image trust but low audio trust demonstrate
markedly higher mean scores compared to pairs with the opposite
configuration. This suggests a significant interaction effect between
image and audio trust levels on perceived trustworthiness.

Features such as kind, sociable, friendly, caring, and calm exhib-
ited strong positive correlations with perceived trustworthiness.
These attributes were previously identified by human subjects in
a separate study[1], rather than directly extracted from the im-
ages themselves. Similarly, attributes like irresponsible, unintelligent,
unattractive, unfriendly, and emotionally unstable showed strong
negative correlations with trustworthiness scores. Interestingly,
features related to emotional stability and warmth, as well as per-
ceived intelligence and attractiveness, emerged as key predictors
of perceived trustworthiness in visual cues, highlighting the im-
portance of nonverbal cues and personality traits in shaping trust
perceptions in combined visual and auditory domains.

Regarding statistically significantly correlated auditory features,
Table 4 lists them along with their more detailed descriptions. Fea-
tures such as mean energy and maximum energy, indicative of the
overall loudness levels in speech, exhibited positive correlations
with trustworthiness scores. Similarly, the speed at which a person
speaks, captured by the speaking rate feature, showed a positive cor-
relation with trustworthiness, implying that a moderate speaking
pace may contribute to higher levels of perceived trust. Conversely,
features related to the presence of filler words and response latency

Figure 6: Feature Correlations with Trust Scores

Table 4: Auditory Features Significantly Correlated with Mul-
timodal Trust Ratings

Feature Description 𝑟

mean_eng mean value of energy (loudness) .32
max_eng max value of energy (loudness) .20
speaking rate speed at which a person speaks .17
vcd2tot_frames proportion of speech versus silence .17
num_nouns number of nouns used .17
mas_f0 mass value of pitch frequency .15
response_latency time span before the first word −.23
total_filler number of filler words −.22
hasNo presence of the word no −.21
latency delay before a person starts speaking −.18
nonflu presence of nonfluencies −.14
concreteness a measure of the detail −.16
negate presence of negation markers −.12

demonstrated negative correlations with trustworthiness scores. A
higher frequency of filler words and longer response latency may
signal hesitancy or lack of confidence, potentially undermining
trust perceptions. Additionally, the presence of negation, as indi-
cated by the hasNo and negation features, was negatively correlated
with trustworthiness.

Furthermore, features such as nonflu (presence of nonfluencies)
and concreteness (indicator of the level of details of the speakers’
visual and haptic experiences) also exhibited negative correlations
with trustworthiness scores. This implies that the presence of
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speech disfluencies or lack of specific details in verbal commu-
nication may lead to lower perceived trustworthiness. Additionally,
the mas_f0 feature, representing the mass value of pitch frequency,
showed a positive correlation with trustworthiness scores, sug-
gesting that individuals with a more varied pitch range may be
perceived as more trustworthy. These findings further emphasize
the importance of considering a wide range of auditory cues, includ-
ing linguistic characteristics and speech patterns, in understanding
and designing trustworthy conversational interfaces.

4 DISCUSSION AND FUTUREWORK
Building upon these findings, future experiments will explore strate-
gies to mitigate the overwhelming effect of images on perception.
One such approach involves conducting experiments where audio
stimuli are presented before the corresponding image is displayed,
aiming to counterbalance the pronounced impact of images. By
manipulating the temporal order of stimulus presentation, we aim
to investigate whether priming participants with audio cues can
attenuate the strong influence of subsequent visual information.
Future work will also involve conducting baseline experiments to
better understand the independent effects of each modality. These
experiments could include variations in image and audio features
to assess their impact on perceived trustworthiness independently.

Further statistical analyses will be conducted to identify more
fine-grained features associatedwith user trust perception. Acoustic-
prosodic features will include specific parameters related to pitch,
speaking rate, intensity, and voice quality measures, and visual fea-
tures will involve facial features such as distance between the eyes,
and face height to width ratio. These features have been previously
found to predict perceived trustworthiness [3, 9, 10, 13]. Additional
linguistic features, such as specific syntactic patterns and lexical
cues will also be examined more closely.

Other future research avenues may involve extending this work
to experiment with video interfaces rather than static face images.
By incorporating dynamic visual and auditory cues into experimen-
tal stimuli, wewill attempt to simulate real-world social interactions
more closely, including the effect of multimodal emotional expres-
sion that proved to be a significant contributor in prior research
[14]. Additionally, we acknowledge the importance of studying trust
judgments in live interactions, and we are interested in exploring
how these perceptions might be studied in in-person experiments.

Ordinal logistic regression models will be used to evaluate the
relationship between these multimodal features and the ordinal
trust labels from baseline experiments. Machine learning models
will be trained to predict user trust ratings based on speech and vi-
sual features and the most important features for prediction will be
identified. This research will further test whether trust perception
in multimodal conditions involves a simple additive combination
of visual and auditory trust perception, or whether there are more
complex interactions between multimodal cues that contribute to
the overall perception of trustworthiness.

It is crucial to recognize the potential harms that can arise from
manipulating trust-inducing features in voices and face images for
personal gain. Ensuring that the trustworthiness of the application
we design aligns with the actual transparency and intentions of the

system is paramount. This alignment is necessary to maintain gen-
uine user trust and prevent exploitation. Ethical considerations and
regulatory oversight must guide the development of these technolo-
gies to protect users and foster a trustworthy digital environment.

5 CONCLUSION
Understanding the linguistic and visual factors that affect human
trust perception of virtual agents can inform the design of more
effective and trustworthy conversational user interfaces. This re-
search can help develop guidelines and best practices for designing
virtual agents that inspire trust and confidence in users. It is essen-
tial to ensure that the trustworthiness conveyed by the application
aligns with the transparency and integrity of the system itself.
Moreover, understanding these trust-inducing features can guide
the HCI community, particularly CUI researchers, in creating in-
terfaces that foster genuine user trust while safeguarding against
potential misuse. The strong correlations observed between specific
features, both visual and auditory, and perceived trustworthiness
highlight the importance of incorporating a comprehensive range
of nonverbal cues and auditory signals into interface design. In-
terfaces that effectively convey warmth, emotional stability, and
sociability through visual cues such as facial expressions, as well
as auditory cues such as speaking rate and intonation, are likely
to foster higher levels of trust and engagement among users. Ad-
ditionally, our findings suggest that lexical features, such as the
presence of negation markers, distribution of parts of speech, and
other linguistic characteristics including speech disfluencies and
level of detail in verbal communication, may also contribute to trust
perceptions within conversational interfaces. All features associ-
ated with negative traits, whether they are filled pauses or negation,
may undermine user trust and satisfaction.
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