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Abstract

With advances in machine learning and speech technologies,
conversational agents are becoming increasingly capable of en-
gaging in human-like conversations. However, trust is crucial
for effective communication and collaboration, and understand-
ing the signals of trustworthy speech is essential for successful
interactions. While researchers across disciplines have sought
to discover the signals of trustworthy speech, mostly in hu-
man speech, in this paper, we explore the human perception
of trustworthy synthesized speech. We present the results of a
large-scale crowdsourced perception study, designed to investi-
gate the acoustic-prosodic properties of trustworthy synthesized
speech. Highly controlled parameters are manipulated to test
the effects of acoustic-prosodic features including pitch, inten-
sity, and speaking rate. We also extend the work to examine
individual differences in the perception and production of trust-
worthy in speech. To evaluate trust perception in contexts that
require vulnerability and trust, a real-world application of emo-
tional support dialogues is used. The findings of this work con-
tribute valuable insights to improve the perceived trustworthi-
ness of conversational agents.
Index Terms: speech perception, speaking style, trustworthi-
ness, human-computer interaction, computational paralinguis-
tics

1. Introduction

Identifying verbal indicators of trustworthiness in conversa-
tional agents is an important problem with many far-reaching
implications for human-computer interaction. We are rapidly
approaching a future in which conversational agents, including
chatbots, virtual assistants, and robots with dialogue capabili-
ties, are becoming increasingly integrated into our daily lives.
These technologies have gained significant traction across var-
ious domains such as customer service, healthcare, and educa-
tion. As these agents aim to simulate human-like conversation,
a crucial factor that profoundly influences user engagement and
satisfaction is trust. Users must feel confident in the reliabil-
ity, credibility, and trustworthiness of the information and re-
sponses provided by these agents. Researchers from diverse dis-
ciplines have sought to identify specific signals of trust and have
examined nonverbal and verbal cues to trustworthiness, mostly
in human-human interactions. However, there is little work that
examines verbal indicators of trustworthiness in conversational
agents. Further, we currently have a limited understanding of
individual differences in human trust perception.

In this work, we address these gaps and conduct a large-
scale crowdsourced perception study to understand how hu-
mans perceive the trustworthiness of synthesized speech. In the
study, participants rate the trustworthiness of several samples

of synthesized speech with varied acoustic-prosodic parame-
ters. Acoustic-prosodic features such as pitch, speaking rate,
and intensity, can convey emotional expressiveness, emphasis,
and engagement, and can affect user perception of agent trust-
worthiness. Therefore, we examine the effects of these features
on user trust perception. To evaluate trust perception in contexts
that require vulnerability and trust, a real-world application of
emotional support dialogues is used. In addition, demographic
factors, such as speaker or listener gender may contribute to
perceived credibility and reliability. We also explore these de-
mographic factors in this paper. By uncovering the specific in-
fluences of acoustic-prosodic as well as demographic factors,
we can advance our understanding of how trust is formed and
maintained in human-machine interactions. Furthermore, this
knowledge can directly inform the design and development of
conversational agents that effectively build and maintain trust
with users, ultimately improving user engagement and satisfac-
tion.

1.1. Related work

There have been many studies examining speech factors that
affect trust in human-human communication. [1, 2] conducted
extensive studies of trust in human-human communication in
the context of perceived deception in interview dialogues. They
identified several verbal and nonverbal cues to trustworthiness.
For example, faster speaking rate and increased pitch and in-
tensity values were all associated with greater trust. They
also found that speaker traits such as native language, gen-
der, and personality traits affect trust perception. Although we
understand a great deal about speech factors that affect trust
in human-human communication [1, 2, 3, 4, 5], we have lim-
ited knowledge of how the speech and lexical patterns of con-
versational agents affect trust in human-computer communica-
tion. There have been few studies on the effects of synthesized
speech prosody on trust perception. One body of work has iden-
tified a positive relationship between acoustic-prosodic entrain-
ment and trust, in both human-human and human-computer di-
alogues. A study of entrainment and trust in human-computer
dialogues across three languages showed a positive association
between entrainment and trust in English but not in Slovak or
Spanish [6]. [7] implemented a prosodically entraining spoken
dialogue system and found that acoustic-prosodic entrainment
is associated with user trust, measured by how often the user
follows the advice of an avatar. Some studies have examined
the effect of human vs. synthesized voices of conversational
agents on trust [8, 9, 10] with inconsistent results; some found
that human voices were trusted more, while others found that
the voice interacted with other system features such as appear-
ance and behavior to affect trust perception. [11] examined how
the prosodic characteristics of a virtual player in an investment
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game affect partner trust in the context of investment decisions.
They found that the accent, mean pitch, and articulation of the
virtual player all influence partner investment decisions.

This work expands on these prior studies and focuses on an-
alyzing the acoustic-prosodic characteristics that are associated
with trustworthy synthesized speech.

2. Data Collection

2.1. Speech Stimuli

We prepare synthesized speech samples to be used in the per-
ception study. For the purposes of this study, we use sen-
tences from the Emotional Support Conversations Dataset [12],
a dataset of 1,300 conversations centered between a help-seeker
and a supporter. The conversations center around 10 topic prob-
lems (relationship, employment, etc.) and turns are annotated
by strategies for providing emotional support, including ques-
tions, self-disclosures, and suggestions. This corpus is chosen
because emotional support conversations are a potential appli-
cation where a conversational agent can be used to provide sup-
port. They require user trust and vulnerability from the human
help-seeker in order to fully utilize and benefit from the inter-
action. Specifically, we select sentences that are labeled as sup-
porter questions, as questions require the listener to trust the
speaker in order to feel comfortable sharing personal informa-
tion. Some examples of text utterances are ”I am here to listen,
how are you feeling?”, ”How is your life at the moment? Do
you want to talk about anything?”.

To understand how acoustic-prosodic aspects of speech re-
late to trust, we focus on 3 fundamental aspects of prosody: in-
tensity, pitch, and speaking rate. These features have been iden-
tified in previous work to affect trust perception and they are
straightforward to manipulate and measure objectively. We syn-
thesize audio stimuli in various prosodic styles using the Ama-
zon Polly Neural Text-to-Speech (TTS) system. The motiva-
tion for using this system is that it is a commercial state-of-the-
art TTS which is integrated with multiple dialogue systems and
conversational robots, making it easy to use the findings of this
research in an existing dialogue system. It supports voice alter-
ations using Speech Synthesis Markup Language (SSML) [13],
an XML-based markup language which provides a platform-
independent interface standard for controlling aspects of syn-
thesized speech. Speech samples are synthesized using one of
three settings for each of the prosodic features (pitch, inten-
sity, and speaking rate): low, medium, or high. High pitch
ranges from 212 to 117 Hz, medium pitch ranges from 170 to
95 Hz, low pitch ranges from 160 to 82 Hz. Fast speaking rate
ranges from 383 to 235 words per minute, medium speaking
rate ranges from 240 to 162 words per minute, slow speaking
rate ranges from 311 to 195 words per minute. However, the
volume manipulation using SSML loud and soft default settings
did not result in a wide range of intensity values across all syn-
thesized speech samples, so we added x-loud and x-soft settings
into our experiments. X-loud intensity ranges from 73.7 to 13
dB, medium intensity ranges from 70 to 9 dB, X-soft intensity
ranges from 65.6 to 8 dB. Because the literature on speaker gen-
der effects on trust is mixed, and prosodic features differ across
genders, we include gender as a demographic factor to explore
in this work. A pre-trained male (Matthew) and female (Joanna)
with standard American English voices are used to synthesize
all speech samples.

In total, there are 45 possible prosodic combinations. Pitch
and rate have 3 settings and intensity has 5 settings (3*3*5).

Each of the prosodic combinations is synthesized using a male
voice and a female voice, resulting in 90 unique combinations.
10 question utterances for each of the possible prosodic combi-
nations are synthesized. Thus, resulted in 900 speech samples.
The average duration of audio clips is 2 seconds. We extracted
mean values of the three acoustic-prosodic features from all au-
dio clips using Praat [14], a popular open-source software for
speech analysis. The mean value of each acoustic-prosodic fea-
ture across low, medium, and high settings is shown in table 1.
We ensured that all synthesized samples sound natural and not
overmanipulated through pilot listening tests in our lab.

Table 1: Mean value of different levels (x-loud, medium, x-soft)
of intensity (dB), (high, medium, low) of pitch (Hz), and speak-
ing rate (words/min) across speaker gender (F is female, M is
male).

Level Intensity Pitch Speaking rate

F M F M F M

High 57.2 55 203 131 294 321
Med 52 51 163 110 236 256
Low 49 47 131 103 192 205

2.2. Crowdsourcing Experiment

After preparing the 900 speech stimuli with various prosodic
styles, we next conducted a crowdsourced perception study.1

Participants were instructed to listen to 20 audio clips and pro-
vide their judgments of their perception of various speaker traits
using a 5-point Likert scale. In addition to providing judgments
of speaker trustworthiness, subjects rated other traits includ-
ing whether the speaker sounded lively, empathetic, respectful,
cold, boring, and engaging, all of which have been proposed to
be positively or negatively associated with trustworthiness. To
ensure that subjects pay attention to the task, a short transcrip-
tion task was included for a subset of the audio samples; only
submissions with correct transcriptions were accepted. They
also completed the Ten Item Personality Inventory (TIPI) [15]
to measure their Big-Five personality dimensions [16] and pro-
vided their self-identified gender.

Subjects were recruited using Amazon Mechanical Turk, a
widely used crowdsourcing platform. Subjects were eligible to
participate in the study if they: (1) are native speakers of Stan-
dard American English; and (2) have a task acceptance rate of
at least 95%, to ensure that they are high quality crowdworkers.
210 subjects participated in this study and each audio sample
was rated by 5 unique raters, resulting in a total of 4500 judg-
ments of 900 speech stimuli. 96 reported themselves as female
and 114 reported themselves as male. All collected ratings were
normalized by rater (z = (x � µ)/�, where x is the rating of a
speech sample, µ is the mean of the ratings provided by the
rater, and � is the standard deviation of the ratings provided by
the rater. This was done to allow for a more meaningful com-
parison of responses across raters and to improve consistency.

3. Analysis and Results

We aim to answer the following questions: (1) How do raters
define trustworthiness in terms of other speaker traits? (2) What
are the acoustic-prosodic characteristics of trustworthy speech

1This study received approval from our university Institutional Re-
view Board (IRB) and all human subjects protection guidelines were
followed.
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and other speaker traits? (3) How do listener characteristics
(e.g. gender, personality) affect their perception of speaker at-
tributes?

3.1. Inter-Annotator Agreement

We computed Krippendorff’s alpha [17], a statistical measure of
inter-annotator agreement, to understand how the raters tended
to agree or disagree on their judgment of the speaker traits. We
computed this measure across all raters, and also separately for
male and female raters in table 2.

Table 2: Inter-annotator agreement scores (Krippendorff’s ↵)
for each speaker trait, across all raters and separated by male
and female raters.

trustworthy lively natural boring empathetic respectful cold engaging

all raters 0.21 0.18 0.17 0.2 0.2 0.18 0.22 0.2
F raters 0.13 0.08 0.08 0.07 0.1 0.1 0.12 0.1
M raters 0.17 0.13 0.14 0.17 0.14 0.15 0.16 0.13

Overall, agreement was not strong for any of the traits, sug-
gesting that the perception of these traits based on synthesized
speech samples is subjective. Agreement was not stronger when
considering only male or only female raters. The highest scores
were found for the perception of cold (↵=.22) and trustworthy
(↵=.21), indicating slight agreement for those traits.

We also computed the average ratings for each of the traits
across all responses, the results are shown in Table 3. As shown
in the table, audio clips had the highest average score for re-
spectful (µ = 3.7) and the lowest average score for boring
(µ = 2.6).

Table 3: Average ratings for each speaker trait, across all re-
sponses and separated by male and female raters.

trustworthy lively natural boring empathetic respectful cold engaging

all raters 3.66 3.66 3.48 2.6 3.34 3.7 3 3.6
F raters 3.69 3.7 3.6 2.5 3.3 3.6 3 3.6
M raters 3.66 3.6 3.4 2.6 3.3 3.7 3 3.5
F speaker 3.61 3.6 3.4 2.59 3.3 3.67 3 3.55
M speaker 3.62 3.62 3.41 2.6 3.31 3.69 3 3.54

3.2. Correlation Analysis of Speaker Attributes

We describe how raters define trustworthy speech by analyzing
its positive or negative relationship with other speaker traits, in-
cluding natural, empathetic, boring, cold, respectful, lively, and
engaging. We calculated Pearson’s correlation between ratings
of trustworthiness and ratings of the other speaker traits. The
results are shown in Figure 1. We find that the trait of trustwor-
thy is positively correlated with the other positive traits, most
strongly for natural (r=.5), respectful (r=.45), lively (r=.45),
and engaging (r = .45). This suggests that voices that are
perceived as more trustworthy are also perceived as respect-
ful, sound natural and lively, and listeners are more likely to
want to engage with the speaker. As expected, the speaker traits
boring and cold are negatively correlated with all other posi-
tive traits. We also calculated the correlation for these traits
separately for male and female voices but we did not observe
any statistically significant differences. This suggests that trust-
worthiness is consistently perceived in relation to the speaker’s
other traits for both male and female voices.

Figure 1: Pearson’s correlations between perceived speaker
traits.

3.3. Acoustic-prosodic Characteristics of Trustworthy

Speech

We rank the 45 prosodic styles for both male and female voices
by mean trustworthy scores and display the five combinations
that received the highest trustworthy ratings and the five com-
binations that received the lowest trustworthy ratings in Table
4. As shown in the table, all five of prosodic styles associated
with the lowest trustworthy scores were synthesized with a fast
speaking rate. This was true for both male and female voices.
The least trusted female voices also had a low pitch, while the
least trusted male voices had a medium pitch. The value differ-
ence between loud, medium and soft intensity are small, thus
the most trustworthy voices tended to have a medium pitch and
speaking rates, and slightly higher intensity.

Table 4: 5 most trustworthy and 5 least trustworthy prosodic
styles of synthesized speech.

Intensity Pitch Rate Gender Avg Rating

loud medium medium M 4.13
medium medium slow F 4.09
loud high medium M 4.05
soft medium medium M 4.03
soft high medium F 4.02
soft medium Slow M 4

medium medium fast M 3.14
x-loud low fast F 3.14
loud medium fast M 3.12
loud low fast F 3
x-loud medium fast M 2.9

To further understand how each of the acoustic-prosodic
features correlates to the perception of speaker attributes, we
apply a Generalized Least Squares (GLS) regression analysis.
This analysis estimates the relationship between the acoustic-
prosodic features (independent variables) and the Likert-scale
attribute ratings (dependent variable). We consider results to
be significant if the p-value obtained from the regression anal-
ysis is smaller than 0.05. As shown in Table 5, the results in-
dicated that medium intensity is positively correlated with the
perception of voices as positive traits like trustworthy, lively,
natural, and engaging. Low pitch is negatively associated with
all speaker attributes except for cold and boring, indicating that
it contributes to a negative perception of a voice. On the other
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Table 5: Generalized Least Squares regression analysis results, estimating the relationship between acoustic-prosodic features and
perceived speaker attributes. r is the correlation coefficient and p is the p-value. Only results with p .05 are shown in the table.
Positive relationships are indicated with green text and negative with red.

Features trustworthy lively natural boring empathetic respectful cold engaging

r p r p r p r p r p r p r p r p

intensity x-soft -0.13 0 -0.08 0.04 -0.12 0 0.25 0 0.11 0 0.21 0 -0.07 0.04
intensity medium 0.31 0 0.29 0 0.13 0 -0.8 0 0.26 0 -0.36 0 0.25 0
intensity x-loud -0.17 0 -0.07 0.05 -0.17 0 0.29 0 -0.08 0.03 0.22 0 -0.12 0

pitch low -0.17 0 -0.23 0 -0.18 0 0.11 0 -0.1 0.006 -0.18 0.001 0.16 0.007 -0.2 0
pitch medium
pitch high 0.29 0 0.3 0 0.13 0 -0.8 0 0.36 0 -0.32 0 0.28 0

speaking rate slow 0.3 0 0.3 0 0.32 0 0.25 0.014 0.23 0
speaking rate medium 0.4 0 0.21 0 0.5 0 -0.16 0 0.39 0 0.3 0 0.37 0
speaking rate fast 0.11 0 -0.27 0 -0.69 0 -0.22 0 -0.1 0 -0.26 0

hand, high pitch is positively correlated with the perception of
voices as trustworthy, lively, respectful, natural, and engaging,
and negatively correlated with boring and cold. Finally, slow
and medium speaking rates were positively correlated with the
positive attributes of trustworthy, natural, empathetic, respect-
ful, and engaging, while fast speaking rate was negatively cor-
related with natural, boring, empathetic, respectful, and cold
attributes but positively correlated with lively.

We also estimate the relationship between acoustic-
prosodic features and speaker attributes by modeling the fea-
tures as numeric variables rather than categorical variables. We
compute Pearson’s correlations between the numeric features
and the speaker attributes and find that the results are very sim-
ilar so we do not display the results due to lack of space.

3.4. How do listener characteristics affect their perception

of speaker attributes?

We also examined the listener traits of gender and personality to
see whether these factors influence how they perceive speaker
attributes. We use GLS regression analysis to estimate the re-
lationship between the listener’s self-reported gender and their
ratings of the speaker attributes. We found it is a significant fac-
tor in relationship between listener gender and perceived natural
(r= -0.18), boring (r= 0.11), and empathetic (r= -0.07). Female
listeners were more likely to perceive speakers as natural and
empathetic. Male listeners were more likely to perceive speak-
ers as boring compared to female listeners.

Next, we calculated Pearson’s correlation between the lis-
teners’ TIPI personality scores and their ratings of speaker at-
tributes. The results are shown in Figure 2. All personality
dimensions, notably with emotional stability and conscientious-
ness, were negatively correlated with boring ratings. Extraver-
sion is positively correlated with positive traits such as trustwor-
thy ratings. Moreover, listener traits of emotional stability is
positively correlated with ratings of trustworthy and negatively
correlated with boring and cold ratings. Finally, the listener trait
of agreeableness is negatively correlated with ratings of boring,
cold, natural, and engaging.

We also examined whether the listener’s gender influenced
how they rated speakers of different genders by calculating the
correlation between the listener’s gender and ratings of male
and female speakers separately. The results indicate that the in-
teraction of the listener’s and speaker’s gender is a statistically
significant factor affecting the perception of respectful and en-
gaging speaker attributes. Male listeners tend to rate female
speakers as more respectful than female listeners do. And lis-

Figure 2: Pearson’s correlation between listener TIPI score and
perceived speaker attributes. The correlation coefficient values
are displayed for these statistically significant correlations (p-
value  0.05). ’NS’ is Not Significant (p-value > 0.05).

teners rated speakers with a different gender as more engaging.

4. Conclusions

In this work, we studied acoustic-prosodic factors that affect the
perception of multiple attributes of synthesized speech. We syn-
thesized speech samples with manipulated acoustic-prosodic
parameters to study how variations in pitch, intensity, and
speaking rate affect the perception of speaker trustworthiness.
We also examined the role of speaker gender as well as listener
gender and personality traits. We conducted a crowdsourced
perception study to collect 4500 judgments of speech stimuli
and identify acoustic-prosodic correlates of trustworthy speech.
Our results identify specific prosodic patterns of synthesized
speech that are associated with perceived trustworthiness. We
also find that listener gender and personality traits may affect
their perception of trustworthiness and other speaker attributes.
This work contributes important insights for building conversa-
tional agents that can maximize the perception of trustworthi-
ness, which can ultimately lead to increased usage and adoption
of technologies that will benefit society.
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