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Abstract

Emotional prosody—vocal cues that convey affect—
profoundly influences how listeners interpret a speaker’s
intentions. We conducted two studies comparing Al- and
human-generated emotional speech. In Study 1 (N = 38),
participants categorized five emotions (happy, sad, angry,
neutral, fear) expressed by human voices and by an advanced
text-to-speech (TTS) system. Human recordings exhibited
higher overall accuracy (79.82% vs. 72.65%) and were rated
significantly more natural, an effect partially explained by
micro-perturbations (e.g., jitter, shimmer) that enhanced
perceived authenticity. In Study 2 (N = 53), these validated
stimuli were incorporated into short scenarios, with each
speaker labeled as either “human” or “Al.” Even when partic-
ipants heard identical clips, those informed that the speaker
was human exhibited greater trust and empathy, resulting
in higher donation and advice-following rates. Although
contemporary TTS systems effectively convey broad affective
states, explicit Al labeling reduces perceived credibility
and social engagement, underscoring the critical role that
preexisting expectations play in human—AI communication.

Keywords: Emotional Prosody; Text-to-Speech (TTS); Au-
thenticity; Trust; Empathy

Introduction

Emotional prosody encompasses the nuanced modifications
in intonation, rhythm, stress, and other vocal parameters that
enable speakers to convey affective states beyond the literal
content of words (Maltezou-Papastylianou, Russo, Wallace,
Harmsworth, & Paulmann, 2022; Jungers, Hupp, Rardon,
McDonald, & Song, 2024). These vocal cues help listeners
interpret a speaker’s intent and detect underlying emotions,
thereby influencing interpersonal rapport and shaping com-
munication outcomes (Lausen & Hammerschmidt, 2020).
For instance, research on atypical prosodic processing under-
scores the centrality of these cues in social interactions, as dif-
ficulties in recognizing or expressing emotional prosody can
give rise to miscommunication (Leipold, Abrams, Karraker,
Phillips, & Menon, 2023). Similarly, studies with cross-
cultural samples illustrate how prosodic variation—such as
an “interested-sounding” tone—promotes both accurate emo-
tion detection and enhanced trust or willingness to disclose
personal information (Baharin, Lamarche, Weinstein, & Paul-
mann, 2024). Seemingly minor modulations in pitch, am-
plitude, and temporal patterns significantly influence per-
ceptions of the speaker’s credibility and relational warmth,
suggesting a powerful role for prosody in shaping persua-
sion, conflict resolution, and joint decision-making (Niebuhr,
Thumm, & Michalsky, 2018).

Recent advancements in text-to-speech (TTS) technology
have propelled synthetic voices far beyond their early mono-
tone incarnations, enabling the generation of sophisticated
vocal expressions that convey nuanced emotional prosody
(Bott, Lux, & Vu, 2024). Key innovations include neural
network architectures that dynamically model prosodic di-
mensions—such as pitch, duration, and energy—thereby en-
hancing the naturalness and expressiveness of Al-generated
speech (Cho, Oh, Kim, Lee, & Lee, 2024). As a result, sys-
tems integrating these features have found broad applicabil-
ity in voice assistants, service robots, and educational soft-
ware, marking a shift toward more socially and emotionally
aware human-machine interactions (Pande & Mishra, 2024).
Widely used digital assistants such as Amazon’s Alexa and
Google Assistant reflect this progress; nonetheless, the pro-
liferation of quasi-human Al voices raises questions about
ethical implications, the fidelity of synthesized affect, and
the potential for unintended social consequences (Han, Kelly,
Nikou, & Svee, 2022).

In examining how emotional expression is processed and
interpreted—whether in human or Al-generated voices—two
theoretical perspectives emerge as paramount. The basic
emotions model identifies discrete categories such as hap-
piness, sadness, anger, and fear as universally recognizable,
whereas dimensional approaches posit that emotions can be
mapped along continuous axes such as valence and arousal
(Laukka, Juslin, & Bresin, 2005; DE CAROLIS, Ferilli,
Palestra, Redavid, et al., 2017). In Al speech synthesis, re-
searchers have applied these frameworks to analyze how lis-
teners decode vocal features as emotional signals (Bott et
al., 2024). However, the media equation framework compli-
cates this picture by asserting that individuals often respond
to computer-generated stimuli as though they were human,
attributing social presence to synthetic voices that convey
emotional cues (Lee & Nass, 2005; Nass & Moon, 2000).
This ascription of “human-like” qualities, though conducive
to engagement, may also arouse skepticism or discomfort if
the emotional expression seems inauthentic, paralleling the
“uncanny valley” phenomenon (Wang, Lilienfeld, & Rochat,
2015; Chandra, Shirish, & Srivastava, 2022). Within this dy-
namic, perceived authenticity becomes a crucial determinant
of trust. Some studies propose that the disclosure of an AI’s
artificial nature undermines users’ sense of sincerity, whereas
others suggest that transparency can alleviate suspicions of
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manipulation (Glikson & Woolley, 2020).

Despite the clear significance of emotional prosody for
user perceptions and behaviors, relatively few empirical in-
vestigations have explored how contextual factors—such as
varying scenarios or explicit speaker labeling—affect judg-
ments of authenticity, trust, empathy, and compliance. La-
beling a voice as “Al,” for example, may alter listeners’ will-
ingness to rely on or empathize with the speaker, yet the pro-
cesses that underlie these shifts remain insufficiently under-
stood.

The present research addresses these gaps through two in-
terconnected studies designed to investigate: (a) the accuracy
with which listeners detect and label emotional prosody in
Al-generated speech relative to human speech, (b) how emo-
tional prosody from Al influences perceptions of authentic-
ity, empathy, and trust, and (c) how contextual elements such
as speaker identity disclosure might moderate these relation-
ships. In Study 1, a set of emotional speech stimuli—both Al-
and human-generated—will be validated through controlled
listening tasks, enabling an assessment of emotion identifica-
tion accuracy, perceived intensity, and naturalness. Study 2
extends these validated stimuli into more realistic contexts,
manipulating speaker identity disclosure and measuring trust,
empathy, and behavioral compliance. By comparing out-
comes across the two studies, the work aims to offer insights
into the interplay between emotional prosody, authenticity,
and trust, thereby informing theoretical perspectives on vocal
emotion and guiding the ethical and design considerations of
emotionally expressive Al

Study 1
Method

Participants Thirty-eight individuals (N = 38; 19 women,
19 men; Myge = 24.7, SD = 4.2) were recruited from a large
public university in China. All reported normal hearing and
fluent command of Mandarin Chinese. To minimize con-
founds related to professional speech training, individuals
who self-identified as voice actors or who had received exten-
sive vocal coaching were excluded. Written informed consent
was obtained prior to data collection, and the institutional re-
view board of the host university approved all procedures.

Stimuli A set of 20 neutral Mandarin sentences (e.g., ol
TS KEE - ” [“The package will arrive today.”]) was
selected as the base content. Two trained native Mandarin
speakers (one male, one female) recorded each sentence in
five targeted emotions: happy, sad, angry, neutral, and fear.
Recordings were made in a sound-attenuated studio using
a professional-grade microphone (44.1 kHz sampling rate).
Acoustic checks (e.g., pitch contour, amplitude) ensured that
the intended emotional tone was reflected in each take.

Each of the same 20 Mandarin sentences and five emotions
was synthesized using Seed-TTS, a versatile high-quality
speech generation model based on an autoregressive Trans-
former architecture (Anastassiou et al., 2024). Seed-TTS in-
cludes a speech tokenizer, token language model, token dif-

fusion model, and acoustic vocoder modules, making it par-
ticularly efficient and precise for Chinese speech synthesis.
A pilot script introduced variations in punctuation and inter-
jections to elicit emotive delivery. Final files were output as
MP3 at 24 kHz and amplitude-normalized for consistency.
All Al-generated stimuli included a disclosure that they were
Al voices, though participants were not explicitly told which
individual clips were Al-generated vs. human.

To confirm that each emotional category was perceptually
distinct, all files underwent acoustic analysis for key prosodic
features (mean F0, FO range, duration, amplitude (Owren &
Bachorowski, 2007)). Six pilot participants verified that each
category was reasonably distinguishable, yielding a final pool
of 200 total files (20 sentences X 5 emotions X 2 speaker
types). Given potential time constraints in the main experi-
ment, participants were randomly assigned a subset (20) of
these stimuli to ensure each session remained under 30 min-
utes.

Procedure Data collection took place individually in a
quiet laboratory setting. After consenting, participants were
seated in front of a desktop computer equipped with over-ear
headphones. They received instructions to listen carefully to
each utterance and to rate what they heard on several dimen-
sions. Each audio clip was presented once in random order,
followed immediately by on-screen rating prompts, which in-
cludes: Emotion Classification (Forced-choice labeling of the
perceived emotion (happy, sad, angry, neutral, fear)); Confi-
dence Rating (A 5-point scale (1 = not at all confident, 5 =
extremely confident) reflecting how certain participants were
about their classification.) Perceived Emotional Intensity (A
7-point scale (1 = very low intensity, 7 = very high inten-
sity) assessing how strongly the emotion was expressed) and
Naturalness (A T-point scale (1 = highly synthetic, 7 = very
natural or human-like)).

Data Analysis Recognition accuracy was evaluated using
confusion matrices (participant’s chosen emotion vs. the in-
tended emotion). To examine potential differences across
speaker type (human vs. Al) and emotion category, mixed-
effects models were employed, specifying Speaker Type and
Emotion as fixed effects and Participant as a random inter-
cept. Dependent variables included accuracy, intensity, and
naturalness ratings; confidence was analyzed similarly to test
whether listeners were more or less certain in their emotional
judgments for Al vs. human speech. Finally, acoustic fea-
tures were regressed against perceived intensity and accuracy
scores to determine which prosodic parameters best predicted
successful emotion recognition.

Results

As shown in Table 1, human-recorded stimuli yielded higher
overall recognition accuracy (M = 79.82%, SD = 40.15%)
compared to Al-generated stimuli (M = 72.65%, SD =
44.60%), t(1898) = 3.672, p < .001, Cohen’s d = 0.169.
When broken down by specific emotions, human-recorded
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Table 1: Overall Recognition Accuracy (%)

Metric Al Human
Mean Accuracy 72.65 79.82
Standard Deviation 44.60 40.15
t-test 3.672

p-value 0.0002

Cohen’s d 0.169

speech led to higher accuracy in every category. Particularly
pronounced differences arose for fear (61.08% vs. 69.47%)
and sad (69.85% vs. 81.87%), suggesting that subtle emo-
tional tones remain more challenging for Al systems to con-
vey convincingly. By contrast, angry and happy approached
similar recognition rates in both conditions.

Participants rated the naturalness of each sample. A mixed-
effects model confirmed a significant effect of speaker type,
t = 65.039, p < .001. Human speech was perceived as con-
siderably more natural (M ~ 5.50) than Al speech (M =~
4.00), across all five emotions. Emotion-specific effects were
relatively minor in comparison, although neutral and fear
stimuli displayed slightly larger gaps between Al and hu-
man recordings. A two-sample #-test indicated slightly higher
confidence for human recordings, ¢t = 2.893, p = 0.0039,
though this difference appeared relatively small in practical
terms. No significant difference emerged in intensity rat-
ings (r = —0.238, p = 0.812), suggesting that participants
perceived the “strength” of the expressed emotion similarly
across Al and human stimuli.

An acoustic analysis compared key parameters (mean
FO0, FO-range, intensity, speech rate, jitter, shimmer, and
harmonics-to-noise ratio).  Notably, jitter and shimmer
showed strong positive correlations with naturalness (r ~
0.73 and r = 0.76, respectively, both p < .001). These find-
ings imply that minor perturbations typically present in hu-
man speech may enhance the perceived realism of synthe-
sized audio. Pitch range also emerged as an important predic-
tor of intensity ratings (r ~ 0.39), underscoring the value of
dynamic prosodic variation in successful emotion portrayal.

Discussion

Study 1 revealed that while participants generally recognized
emotional prosody in both AI- and human-generated speech,
human recordings achieved consistently higher accuracy and
naturalness ratings. This advantage was particularly pro-
nounced for fear and sadness—emotions known to rely on
subtler variations in pitch and timing (DE CAROLIS et al.,
2017). The difficulty TTS systems face in capturing these nu-
ances indicates that despite significant advancements, repli-
cating the acoustic complexity of human emotional expres-
sion remains a formidable challenge. Notably, listeners rated
Al-generated fear and sadness as both less accurate and less
natural, highlighting the importance of micro-perturbations
(e.g., jitter, shimmer) in conveying authenticity. This aligns

with prior research suggesting that a certain “roughness” in
human vocal signals can paradoxically enhance perceived re-
alism; in contrast, perfectly “clean” Al outputs can sound me-
chanical or uncanny (Bott et al., 2024).

These findings underscore both the promise and current
limitations of TTS in conveying emotional speech. On one
hand, Al voices displayed near-human performance for rel-
atively high-arousal emotions such as anger or happiness,
suggesting their readiness for many real-world applications
where broad emotional cues suffice. On the other hand, the
consistent underperformance on sadness and fear points to
the need for more sophisticated modeling that integrates sub-
tle prosodic cues and minor vocal fluctuations. This gap also
aligns with dimensional models of emotion, which stress the
role of continuously varying valence and arousal in shaping
how listeners interpret affect (Jin & Youn, 2023). More-
over, the modest difference in participants’ confidence rat-
ings between Al and human voices suggests that while lis-
teners sense something “off,” they are not entirely dismissive
of synthetic speech. In light of these results, an important
question emerges regarding how these perception gaps trans-
late into broader social judgments: If Al voices can convey
recognizable emotions but still sound somewhat inauthentic,
does this affect how listeners respond in terms of trust, em-
pathy, or willingness to act on the speaker’s requests? Study
2 addresses this question by examining user trust and com-
pliance under different identity labels, thus probing whether
contextual factors—such as explicitly calling a voice “AI” vs.
“human”—exacerbate or diminish the perceptual shortcom-
ings observed in this first study.

Study 2
Method

Participants and Setting Fifty-three adults (N = 53; 25
men, 28 women; M age =25.9, SD = 3.8) were recruited from
the same public university in China involved in Study 1. None
of these individuals had participated in the previous study, en-
suring that all were naive to the stimuli. All reported normal
hearing and fluent Mandarin proficiency. Ethical clearance
was granted by the university’s human research ethics com-
mittee, and written informed consent was obtained from each
participant prior to the onset of the experiment.

Design and Conditions The study employed a 2 x 4 mixed
design, with disclosed identity (Al-labeled vs. Human-
labeled) as a between-participant factor and emotion (angry,
happy, neutral, sad) as a within-participant factor. Twenty-six
participants were told all voice clips were human-recorded
(Human-labeled), while twenty-seven were informed that all
clips were Al-generated (Al-labeled). In actuality, each par-
ticipant was exposed to both four Al clips and four human
clips. However, this true source (Al vs. human) was only
disclosed in the final debriefing to facilitate partial deception
regarding the speaker’s identity.
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Stimuli and Scenarios The stimuli consisted of eight short
Mandarin recordings validated in Study 1—two clips each for
angry, happy, neutral, and sad. (Because fear recognition was
especially challenging in Study 1, we excluded it here to fo-
cus on the four most reliably recognized categories.) Four
clips were recorded by human voice actors, and four were
synthesized using Seed-TTS (Anastassiou et al., 2024). All
audio files were amplitude-normalized for consistent loud-
ness.

Each clip was embedded in a brief on-screen scenario, de-
signed to simulate a common conversational context. The
specific scenarios and associated behavioral measures were:
Schedule Change (Neutral or Sad): The speaker announces
a sudden change in timetable and asks for feedback; Project
Feedback (Angry or Happy): The speaker critiques or praises
a work project, followed by “Would you follow this advice?”;
Personal Advice (Sad or Happy): The speaker offers personal
guidance, followed by “Would you follow this advice?”; Do-
nation Request (Neutral or Angry): The speaker asks for a
contribution to a cause, followed by “How likely are you to
donate?”

Randomization Scheme and Distribution To ensure bal-
anced exposure to both human and Al clips within each la-
beling condition, we adopted the following procedure:

e Stimulus Pool: Eight total recordings (4 Al, 4 human).
Each emotion (angry, happy, neutral, sad) had two potential
clips (one Al, one human).

¢ Scenario Assignment: For each of the four emotions, we
created a pair of identical scenario texts. One scenario ver-
sion was linked to the human recording, and one was linked
to the Al recording of the same emotional content.

 Participant Allocation: Participants were first randomly
assigned to a labeling condition: Al-labeled (n = 27) or
Human-labeled (n = 26). Each participant then randomly
drew one scenario—clip pairing per emotion (angry, happy,
neutral, sad) from the pool. For instance, if a participant
drew the Al-angry clip, the other participant in the same
label condition might draw the human—angry clip. Over
the course of the data collection, this ensured that each
participant encountered exactly one clip for each of the
four emotions, two of which happened to be Al-based and
two of which were human-based (though the exact distri-
bution could vary across individuals to maintain random-
ization). Crucially, participants in the Al-labeled condition
were told (falsely) that all of these clips originated from
an Al speaker, while those in the Human-labeled condition
were told that all came from a single human speaker. The
actual mixture (2 Al + 2 human) was hidden from them.

* By rotating the Al vs. human clip assignment for each
emotion among participants, we prevented any single clip
from being over-represented in one label condition and pre-
served a balanced sampling of both Al and human stimuli
overall.

Procedure Participants were tested individually in a quiet
laboratory setting. Each participant was assigned to one of
the two labeling conditions (Al-labeled or Human-labeled)
based on a pre-planned rotation. After a short introduction
explaining that they would hear “voice messages in Mandarin
from one speaker expressing various emotions or making re-
quests,” participants encountered four scenario—audio pairs in
random order. Each scenario appeared on screen, followed by
a single audio clip played through over-ear headphones. Im-
mediately afterwards, participants rated the speaker on trust,
empathy, and naturalness. Each item used a 7-point scale.
Depending on the scenario, participants also answered a be-
havioral or compliance-related question using a Likert-type
response format. To capture broader attitudes, participants
completed a brief Trust Toward Al scale (five items) and
the short-form empathy questionnaire (short-form Interper-
sonal Reactivity Index, five items), which served as a poten-
tial moderator for emotion recognition. Following comple-
tion of all tasks, the experimenter debriefed each participant,
explaining that the voice clips were in fact drawn from both
human and Seed-TTS sources, and providing further details
regarding the study’s aims and hypotheses.

Data Analysis FEach participant contributed four within-
subject ratings (angry, happy, neutral, sad), while Disclosed
Identity (Al-labeled vs. Human-labeled) served as a between-
participant factor. Ratings of trust (1-7) and empathy (1-7)
were analyzed via mixed-effects linear models specifying
participant as a random intercept, with Emotion (angry,
happy, neutral, sad) and Disclosed Identity as fixed effects.
Post-hoc comparisons used Tukey corrections where needed.
Behavioral measures were analysed by nonparametric tests
(Mann-Whitney U) that allowed for repeated measures across
scenarios.

Results

A mixed-effects linear model examined how disclosed iden-
tity (Al-labeled vs. Human-labeled) and emotion (angry,
happy, neutral, sad) affected trust (1-7 scale). Participants
who believed the speaker was human reported significantly
higher trust overall (b = 1.16, p < .001), as demonstrated
in Figure 1. Notably, trust for angry speech exhibited the
largest labeling effect (Cohen’s d = 1.365), whereas the ef-
fect was less pronounced for sad (Cohen’s d = 0.733) and
happy (Cohen’s d = 0.572) clips. The model also revealed
small main effects for emotion (e.g., both happy and neutral
were rated more trustworthy than angry), though these ef-
fects sometimes interacted negatively with labeling, implying
a partial attenuation of gains in the Human-labeled condition
when the speaker expressed certain emotions.

A parallel mixed-effects model for empathy likewise in-
dicated a substantial main effect of disclosed identity (Al-
labeled vs. Human-labeled). Participants in the Human-
labeled condition reported higher empathy overall (b = 1.25,
p < .001). The model found that sad speech elicited more
empathy than angry speech (b = 0.397, p = 0.009), although
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Figure 1: Trust and empathy ratings by speaker identity (Al
vs. Human) and emotional expression. Box plots show dis-
tribution of participant ratings on 1-7 scales, with individual
data points overlaid.

certain emotional effects were dampened by labeling interac-
tions (Figure 1). For example, the empathy advantage of sad
expressions was partially offset in the Human-labeled group
(interaction term: b = —0.779, p = 0.001). However, the
“happy + human-labeled = lower empathy gain” interaction
emerged as a somewhat surprising result. While one might
expect a cheerful human speaker to evoke stronger empathy,
the data indicated that happy emotion combined with human
labeling actually diminished participants’ empathy scores rel-
ative to what one might predict from the additive effects
alone.

A plausible explanation is that extremely positive or
“overly cheerful” tones from a human coworker can be in-
terpreted as inauthentic or even irritating, thus undercutting
an empathetic response. By contrast, a happy-sounding Al
voice might be perceived as more benign or “programmed,”
leading participants to respond neutrally or slightly more
empathically in the absence of perceived social incongruity.
This interplay between content (emotional tone) and context
(speaker identity) underscores the complexity of user percep-
tions in realistic communication settings.

Two behavioral measures were examined: donation in-
tent and advice following (scaled 0-100). A nonparamet-
ric Mann-Whitney U test for donation showed a statistically
significant difference favoring the Human-labeled condition
(p < .001, r =0.801). Participants were substantially more
willing to donate when they believed the speaker was hu-
man. Similarly, a mixed-effects model of advice following
indicated a substantial identity effect (b = 14.9, p < .001),
with listeners in the Human-labeled group assigning an aver-
age of 14.93 points more on a 0—100 scale than those in the
Al-labeled condition (Figure 2). No significant emotion main
effects or interactions emerged for advice following, suggest-
ing that identity labeling accounted for the largest variance in
compliance.

Discussion

Study 2 demonstrates that labeling a voice as “human” ver-
sus “AI” can decisively influence how listeners perceive and
respond to emotionally expressive speech. Despite using the
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Figure 2: Mean trust ratings (left) and advice following scores
(right) as a function of emotional expression and speaker
identity. Error bars represent £1 standard error of the mean.

same stimuli for both groups, participants told they were hear-
ing a human speaker reported markedly higher trust, empathy,
and willingness to comply. This outcome echoes the results
of Study 1—which showed that Al voices, though recogniz-
able across various emotions, were perceived as less natu-
ral—by underscoring that social and cognitive biases about a
speaker’s identity can overshadow purely acoustic cues. Even
if Al-generated speech can approximate certain prosodic fea-
tures convincingly, the label “AI” appears to trigger skepti-
cism or diminished affective engagement.

Interestingly, the effect of emotional tone itself (angry,
happy, neutral, sad) was less pronounced than the effect of
labeling. Although participants generally empathized more
with sad-sounding speakers and found angry ones less trust-
worthy, label-based expectations had a stronger overall im-
pact on donation intentions, advice following, and subjec-
tive ratings of trust. The nuance observed with “happy”
prosody—where listeners expressed somewhat lower empa-
thy toward a cheerful human coworker compared to a cheer-
ful Al—suggests that emotional appropriateness may interact
with identity expectations in context-specific ways. In other
words, a positive emotional display from a purportedly hu-
man speaker can be interpreted as artificial or overenthusi-
astic under certain conditions, aligning with sociolinguistic
evidence that excessive positivity can spark suspicion or irri-
tation rather than understanding (Baharin et al., 2024). Such
findings highlight the complexity of human—AlI interactions,
where not only the vocal signal but also the presumed “per-
sonhood” of the speaker shapes listeners’ reactions.

From an applied standpoint, these findings point to po-
tential strategies for designing and deploying emotionally
expressive Al systems. Improved prosodic modeling, as
demonstrated by Study 1, may help reduce listeners’ sense
that something is “missing” in Al voices. However, the ro-
bust labeling effect observed here suggests that such tech-
nical enhancements must be paired with thoughtful disclo-
sure practices. While concealing Al identity could bolster
trust, it raises ethical concerns regarding user autonomy and
informed consent. Future work might explore “partial dis-
closure” approaches—for instance, clarifying that content
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is “Al-assisted” rather than fully Al-generated—to preserve
transparency while reducing knee-jerk skepticism. Longitu-
dinal studies, in which users repeatedly interact with a con-
sistently empathetic Al-labeled speaker, could further reveal
whether these initial biases diminish over time or whether
they persist in extended engagements. Taken together, Study
2’s results highlight the interplay of prosodic cues and social
framing, suggesting that even highly advanced TTS will face
challenges establishing rapport if listeners remain anchored
in preconceived notions about artificiality.

General discussion

Taken together, our two studies illustrate both the techni-
cal strides and persisting limitations of text-to-speech (TTS)
technology in conveying emotional prosody, as well as the
strong influence of social labeling on listener perceptions.
Study 1 showed that while Al-generated voices can approach
human performance in portraying anger or happiness (Bott
et al.,, 2024; Chang & Chien, 2024), they struggle to cap-
ture subtler emotions such as sadness and fear—particularly
due to the absence of micro-perturbations like jitter and shim-
mer. This gap highlights an “authenticity deficit” in which
perfectly smooth synthesis paradoxically sounds artificial.

Study 2 underscored how beliefs about speaker identity can
override acoustic realism. Participants labeled as hearing a
“human” speaker reported significantly higher trust, empa-
thy, and compliance than those told they were listening to an
“Al” voice, even when the exact same recording was used.
These results extend the “media equation” framework (Nass,
2005; Zhao, 2006) by showing that labeling can weaken the
natural inclination to treat computers as social actors: if lis-
teners are primed to view the speaker as non-human, they
may withhold the empathy and cooperation they otherwise
exhibit. At the same time, the difficulty Al voices face in
emulating subtle affect resonates with the “uncanny valley”
concept (Mori, 1970), suggesting that minor—but percepti-
ble—discrepancies from human speech can evoke discomfort
or mistrust.

From an ethical standpoint, our findings raise questions
about whether and how to disclose a speaker’s artificiality.
Full transparency safeguards user autonomy and informed
consent, ensuring that people know they are interacting with
Al. Yet, as shown here, such disclosure can reduce trust
and engagement. Conversely, partial or nonexistent disclo-
sure might enhance rapport but risks deceiving users, com-
promising ethical guidelines and potentially eroding trust if
the deception is later revealed. Future studies should exam-
ine disclosure strategies that inform users about Al involve-
ment without triggering reflexive skepticism, such as labeling
a system as “Al-assisted” rather than entirely synthetic.

A promising avenue for subsequent research is to inves-
tigate how repeated interactions might reshape these percep-
tions. While the “labeling effect” was pronounced in a single-
session setting, prolonged exposure to an Al-labeled voice
that consistently delivers empathetic and reliable responses

could erode initial biases over time. Longitudinal studies or
field deployments (e.g., in customer service or healthcare)
might illuminate whether repeated, positive encounters grad-
ually offset the negative impact of labeling, thereby revealing
the extent to which trust can be built or restored in human—Al
communication.

On the practical side, these insights urge developers to
refine prosodic algorithms for more subtle emotional states
while acknowledging that simply improving acoustic fidelity
may not suffice. Transparent yet nuanced disclosure prac-
tices—for instance, labeling a system as “Al-assisted”—may
help mitigate reflexive mistrust without compromising user
autonomy. Ethically, balancing authenticity and transparency
becomes paramount. If Al systems that convey rich emo-
tional prosody are deployed without clear disclaimers, users
may feel deceived; yet if the label “Al” is too salient, they
may be predisposed to doubt the speaker’s intentions or sin-
cerity.

Conclusion

In sum, the present research demonstrates that while ad-
vanced text-to-speech (TTS) systems can approximate cer-
tain discrete emotions—particularly high-arousal states such
as anger or happiness—they remain less adept at convey-
ing more subtle affective cues. Acoustic and perceptual data
indicate that vocal irregularities (e.g., jitter and shimmer)
are pivotal for conveying authenticity, and current synthe-
sis algorithms struggle to reproduce these nuances fully. In
addition, the findings from Study 2 underscore how social
and cognitive biases can overshadow acoustic information.
Even when exposed to identical speech content, participants
who believed they were listening to a human reported higher
trust, empathy, and compliance than those who were told the
speaker was Al-generated.

These outcomes hold significant implications for both the-
ory and practice. From a theoretical perspective, they high-
light the interplay between bottom-up auditory signals and
top-down expectations in shaping emotion perception and
interpersonal judgments. Practically, the results suggest
that further refinements in prosodic modeling—especially
for low-intensity emotions—must be accompanied by careful
consideration of how Al identity is disclosed. Transparency
in labeling and opportunities for repeated interaction with Al
voices may help mitigate skepticism while still respecting
users’ need for informed engagement. By addressing both
the technical and social dimensions of emotional speech syn-
thesis, researchers and developers can foster Al systems that
are not only more natural-sounding but also more likely to be
trusted and embraced in real-world communicative contexts.
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