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Abstract 1 

As AI voice assistants become increasingly prevalent, psychological research on human-AI 2 

voice interaction requires stimuli that control for both speaker identity and prosodic 3 

characteristics. We tested whether voice cloning systems trained on prosodically 4 

homogeneous recordings can reproduce target prosody when generating novel utterances. 5 

Ten Mandarin speakers produced 30 sentences (15 Geography, 15 Trivia statements) in 6 

confident, doubtful, and neutral intonation. For each speaker and prosody, we trained separate 7 

AI voice clones on either the Geography or the Trivia recordings; these clones then generated 8 

all 30 sentences, yielding 2,700 utterances (900 Human, 900 AI-Geography, 900 AI-Trivia) 9 

for analysis. Machine learning classification using 88 eGeMAPS acoustic features achieved 10 

high within-source accuracy (mean 0.85) and substantial cross-source generalization (mean 11 

0.65), with spectral flux emerging as a top contributor across all three sources. Linear mixed-12 

effects models confirmed that confident prosody exhibited higher spectral flux, longer 13 

estimated vocal tract length, and lower fundamental frequency (F0) than doubtful prosody 14 

across human and AI speakers; notably, spectral flux showed no sex effect, suggesting it 15 

indexes prosodic differences rather than speaker-level anatomical variation. Time-resolved 16 

F0 decoding discriminated confident from doubtful prosody most reliably in late utterance 17 

windows across all sources, although human speakers showed prosodic markers more broadly 18 

distributed across the utterance than AI speakers. We demonstrate that voice cloning 19 

preserves not only speaker identity but also prosodic style, while AI-generated speech still 20 

forms a distinguishable acoustic population relative to human speech. Voice cloning thus 21 

provides a viable method for preparing more controlled human-AI stimuli for psychological 22 

research.  23 

 Keywords: Voice cloning, voice style transfer, affective computing, vocal confidence, 24 

machine learning   25 

In 
Pres

ss



AI Replication of Human Vocal Expression                                                 2 

1. Introduction 26 

According to the American Psychological Association’s 2026 Trends Report1, AI chatbots 27 

are now common in digital life, with many platforms (e.g., ChatGPT) offering voice-enabled 28 

modes that approximate human cadence and tone, raising concerns about synthetic 29 

relationships and their psychological implications (Cross & Kappas, 2025; McGettigan et al., 30 

2025). However, rigorous psychological research on human-AI voice interaction requires 31 

careful control of potential confounds: When comparing human and AI speech, researchers 32 

should better match not only the content of utterances but also speaker identity (Lavan et al., 33 

2025; Roswandowitz et al., 2024) and prosodic (Fan & Liu, 2025) characteristics. Against 34 

this background, we aim to provide a stimulus preparation approach for future psychological 35 

research on human-AI voice interaction and digital companion effects.  36 

In human speech, speakers modulate prosody, namely the intonational, rhythmic, and 37 

voice quality properties (Cutler et al., 1997), to achieve communicative intentions and signal 38 

internal states, attitudes, and emotions (Hammerschmidt & Jürgens, 2007; Hirschberg, 2002; 39 

Trott et al., 2023). For instance, the word “yes” can convey certainty (with falling pitch) or 40 

doubt (with rising pitch) (Jiang & Pell, 2017). However, prosody in text-to-speech (TTS) 41 

systems lacks a biological foundation and is instead generated computationally. At the 42 

implementation level, two paradigms are commonly employed: (1) explicit control, where 43 

prosodic parameters (e.g., pitch, duration, energy) are directly manipulated through linguistic 44 

rules or user-defined specifications (Pamisetty & Sri Rama Murty, 2023; Raitio et al., 2020), 45 

and (2) learned representations, where models extract prosody embeddings from reference 46 

speech or training data (Klimkov et al., 2019; Skerry-Ryan et al., 2018). Namely, AI prosody 47 

can either be manually programmed by adjusting acoustic parameters according to predefined 48 

 

1 https://www.apa.org/monitor/2026/01-02/trends-digital-ai-relationships-emotional-
connection 
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rules, or learned from data by training models to replicate prosodic patterns observed in 49 

human speech recordings.  50 

The present study tests this latter paradigm in practice, applying it to voice style 51 

transfer across three prosodic conditions: neutral, doubtful, and confident. If successful, this 52 

approach could be extended into a pipeline for preparing comparable AI/human speech 53 

stimuli for other psychologically relevant prosodic contrasts, while controlling speaker 54 

identity as a confound. 55 

 56 

1.1. Voice Cloning as a Potential Method for Preparing Human-AI Prosody-57 

Comparable Stimuli 58 

Building on the above technical considerations, we now examine how voice cloning 59 

may serve as a method for stimulus preparation. Early human-AI voice comparison research 60 

relied on off-the-shelf synthetic voices or voice-transformation-manipulated human voices, 61 

comparing them with unrelated human speakers (Mullennix et al., 2003; Rodero, 2017). 62 

While this approach revealed perceptual differences between human and synthetic voices, it 63 

confounded prosodic differences with speaker identity differences, since synthetic and human 64 

voices did not share the same vocal identity. A more recent trend has been to control for 65 

speaker identity by using voice cloning technology (Lavan et al., 2025; Roswandowitz et al., 66 

2024), which enables both human and AI speech to share the same vocal identity 67 

representation (operationalized as the anatomical-acoustic vocal signature), thereby allowing 68 

researchers to better attribute observed behavioral and neural responses to the human vs. AI 69 

source rather than to speaker identity confounds. For instance, such confounds can include 70 

perceived body size, as signaled by vocal tract length (VTL), which influences judgments of 71 

dominance (Pisanski et al., 2022; Pisanski & Reby, 2021). If human and AI voices do not 72 

share the same speaker identity, listeners’ responses to confounding factors may be 73 
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mistakenly attributed to the human-AI distinction rather than to speaker-specific 74 

characteristics.  75 

Given that prosody in TTS systems can be generated through learned representations 76 

(Klimkov et al., 2019; Skerry-Ryan et al., 2018), we speculate that while voice cloning is 77 

primarily designed to replicate speaker identity, the underlying technical implementation may 78 

also capture prosodic characteristics, thereby inadvertently cloning prosody as a byproduct. 79 

For instance, Apple’s Personal Voice enables users to record 150 audio samples to create a 80 

synthetic voice that replicates their vocal identity for TTS-based communication in 81 

applications such as FaceTime2. A reason why voice cloning can replicate speaker identity 82 

from audio recordings lies in mel-spectrograms, which encode speaker-specific timbral 83 

characteristics (formant frequencies, spectral envelope) that enable voice identification (Jia et 84 

al., 2018). At the same time, however, mel-spectrograms also capture temporal-frequency 85 

dynamics (pitch contours, energy, rhythm) critical for prosody recognition (Meng et al., 86 

2019; Ong et al., 2023).  87 

Given this dual encoding capacity, we hypothesize that voice cloning models trained 88 

on recordings of a specific prosodic style may capture and reproduce that prosodic pattern 89 

alongside speaker identity, even though the technology is not explicitly designed for this 90 

purpose.  91 

 92 

1.2. Biological Foundations of Prosody: Modulation of Speech Production 93 

Human speech production operates through neuro-muscular control of vocal organs; 94 

for example, real-time magnetic resonance imaging (MRI) studies have directly observed 95 

speakers modulating vocal tract length during emotional expression, with happy speech 96 

 

2 https://machinelearning.apple.com/research/personal-voice 
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displaying shorter VTL than angry or sad speech (Kim et al., 2020). Considering that both 97 

VTL and fundamental frequency (F0) can be directly estimated through acoustic analysis 98 

(Anikin et al., 2024) and exhibit an inverse physiological relationship (Neuhaus et al., 2024) , 99 

we speculate that pragmatically marked prosody, which extends beyond basic emotional 100 

expression, may also involve systematic VTL modulation. For example, in Canadian English, 101 

research on vocal confidence has revealed that doubtful expressions display elevated mean F0 102 

compared to confident expressions (Jiang & Pell, 2017).  103 

The present study investigates this in Mandarin Chinese by testing whether (1) 104 

doubtful speech exhibits elevated mean F0 as observed in English (Jiang & Pell, 2017), and 105 

(2) acoustically estimated VTL is longer for confident vs. doubtful prosody. If our results 106 

confirm that confident speech acoustically exhibits longer estimated VTL than doubtful 107 

speech, this would link our findings to literature on acoustic size exaggeration (Belyk et al., 108 

2022; Pisanski & Reby, 2021) and origins of vocalic complexity (Pisanski et al., 2022). 109 

Specifically, this would support the “fast-and-frugal” principle (Pisanski et al., 2022), which 110 

posits that speakers can achieve significant communicative effects through minimal and 111 

metabolically efficient articulatory adjustments; in our case, speakers modulate VTL 112 

(lengthening or shortening) to express their feeling of knowing through pragmatically marked 113 

prosody (Swerts & Krahmer, 2005).  114 

A more intriguing question is whether AI-generated speech also exhibits the acoustic 115 

effects that, in humans, arise from vocal apparatus modulation. After all, parameters such as 116 

F0 and VTL are typically estimated from the audio output of biological speech production. 117 

Although AI voice cloning lacks the underlying biological substrate, we apply the same 118 

acoustic estimation procedures to AI-generated speech as we do to human speech. Our 119 

rationale is straightforward: if modulation patterns observed in human speech production also 120 
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emerge in AI-cloned speech, this would suggest that AI voice cloning replicates human-121 

specific vocal expression at the acoustic level.  122 

  123 

1.3. AI-Generated Speech as a “Dialect”: Extending Dialect Theory to Synthetic Speech 124 

Vocal expression contains both universal regularities and culturally-specific features 125 

(Scherer, 1986). The dialect theory of emotional expression (Elfenbein, 2013) holds that 126 

speakers from shared linguistic backgrounds form systematic in-group acoustic patterns, 127 

yielding an in-group advantage in classification: machine learning classifiers trained and 128 

tested within the same speaker group outperform those trained and tested across groups, 129 

although cross-group performance still exceeds chance (Laukka et al., 2014).  130 

Beyond basic emotion, this dialect framework has been extended to pragmatically 131 

marked prosody. Using machine learning classifiers to decode confident vs. doubtful 132 

expressions across native Canadian English, Quebecois-French-accented English, and 133 

Australian-accented English, classification accuracy was higher when training and testing 134 

within the same accent than across accents, while cross-accent classification still exceeded 135 

chance (Jiang & Pell, 2018). This established that vocal confidence, like basic emotion, 136 

exhibits dialect-like in-group acoustic patterns.  137 

The present study extends this paradigm in a new direction. Rather than treating 138 

different human accents as the in-group/out-group contrast, we treat human and AI-generated 139 

speech as the contrasting populations. Treating AI voices as a distinct social group has 140 

precedent in the social-psychological literature: Edwards et al. (2019) applied Social Identity 141 

Theory and the Computers-Are-Social-Actors paradigm to listener perception of AI voices, 142 

demonstrating that listeners categorize AI-generated speech using the same in-group/out-143 

group frameworks they apply to human speech. Existing research on synthetic speech 144 

detection further shows that AI-generated speech systematically differs from human speech 145 
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in detectable acoustic properties, with characteristic artifacts arising from generative models 146 

(Malik, 2019; Sahidullah et al., 2015), suggesting that AI speech may form its own 147 

population-level acoustic dialect.  148 

Accordingly, we hypothesize that machine learning classifiers will successfully 149 

decode confident vs. doubtful prosody across human and AI speech, demonstrating that core 150 

prosodic patterns transfer between these populations; however, cross-source classification 151 

accuracy will be lower than within-source accuracy, reflecting AI-internal acoustic 152 

regularities that distinguish synthetic from human speech.  153 

 154 

1.4. The Current Study 155 

Building on the framework outlined above, the present study tests whether voice 156 

cloning systems trained on prosodically homogeneous recordings reproduce target prosody 157 

when generating novel utterances, and whether AI-generated speech as a population exhibits 158 

distinctive acoustic patterns relative to human speech. We employed three complementary 159 

analyses on a parallel human–AI dataset.  160 

First, we used machine learning classification on 88 eGeMAPS acoustic features 161 

(Eyben et al., 2015) to test whether prosodies could be distinguished within and across 162 

sources (human, AI-Geography, AI-Trivia), and to identify the most influential features 163 

(Jiang & Pell, 2018). Second, we examined these features using linear mixed-effects models, 164 

comparing prosody on both anatomical features (F0, VTL) and anatomy-independent 165 

dynamic features (spectral flux). Third, we used time-resolved decoding of normalized F0 166 

contours to test whether prosodic markers of confidence are distributed throughout the 167 

utterance or concentrated in specific temporal windows (Goupil & Aucouturier, 2021). The 168 

neutral condition served as a baseline where applicable. We operationalize this investigation 169 

through three research questions:  170 
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• RQ1: Can machine learning classifiers using 88 eGeMAPS features distinguish prosodies 171 

within and across human and AI speech, and do the most influential features reflect 172 

anatomical properties (e.g., F0) or anatomy-independent prosodic dynamics?  173 

• RQ2: How do confident and doubtful prosodies differ at the level of individual acoustic 174 

features?  175 

• RQ3: Do F0-based prosodic markers distinguishing confident from doubtful prosody 176 

emerge across the entire utterance, or are they concentrated near specific temporal regions 177 

(e.g., utterance endings)? 178 

Together, these three lines of evidence assess whether voice cloning, while designed 179 

to replicate speaker identity, can simultaneously perform prosodic style transfer.  180 

 181 

2. Materials and Methods 182 

2.1. Stimulus Preparation 183 

2.1.1. Participants 184 

Five males (Age = 22.8 ± 3.0 years; Years of education = 19.4 ± 3.0 years; Height = 185 

182.2 ± 5.8 cm) and five females (Age = 22.0 ± 1.7 years; Years of education = 19.0 ± 1.2 186 

years; Height = 167.4 ± 4.3 cm) standard Mandarin speakers from *** University were 187 

recruited with financial compensation (55 RMB per hour). All participants had considerable 188 

experience in acting performance, speech, or music training and demonstrated high 189 

proficiency in Mandarin Chinese, as evidenced by the Putonghua Proficiency Test (scores: 190 

87–91 out of 100). None reported any history of speech-hearing impairment or neurological 191 

or psychiatric disorders. All participants provided written informed consent prior to 192 

participation.  193 

 194 
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2.1.2. Recording 195 

Recordings were conducted in a sound-attenuated laboratory. An Audio-Technica 196 

AT2035 cardioid condenser microphone was connected to a Dell G3-3579 laptop via a 197 

Komplete Audio 6 Mk2 sound card, with Praat 6.2.09 (Boersma & Weenink, 2021) serving 198 

as the recording software.  199 

The human recording followed an established procedure (Jiang & Pell, 2017). 200 

Participants completed three blocks in fixed order: neutral, doubtful, and confident. Within 201 

each block, 30 sentences (15 Trivia, 15 Geography; see Supplementary Table 1) were 202 

presented in randomized order. For the neutral block, participants read target statements 203 

directly without prompts. For doubtful and confident blocks, each trial began with a 204 

background prompt (e.g., “You are playing a knowledge testing game, and you are asked, 205 

Frogs only nod their heads and do not shake them, aren’t they?”), followed by a probability 206 

phrase (e.g., “I am certain” or “I’m not sure”) and the target statement. After each production, 207 

participants rated their subjective confidence on a 7-point Likert scale (1 = not confident at 208 

all, 7 = very confident). Each sentence was produced twice, and the better production was 209 

selected based on the speaker’s self-ratings and the acoustic impression judged by the first 210 

author. The recording session lasted approximately 2 hours, including self-paced breaks.  211 

 212 

2.1.3. AI Voice Cloning 213 

To generate AI speakers capable of producing different prosodies, a Huawei Nova 9 214 

smartphone was connected to the laptop via a portable (Changba Live No. 1) sound card 215 

converter, allowing human recordings to be input directly into Huawei’s Xiaoyi (Celia) voice 216 

cloning service (Version 11.0.44.306) at 30% system volume. For each speaker at each 217 

prosody level, two AI models were created: one trained on the 15 Geography sentences (AI-218 

Geography) and one on the 15 Trivia sentences (AI-Trivia), resulting in 60 AI models total 219 
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(10 speakers × 3 prosodies × 2 statement types). Each AI model then generated all 30 220 

sentences (both Geography and Trivia statements) while screen recording captured the 221 

output. The 60 videos were converted to WAV audio, and individual utterances were 222 

extracted. See Figure 1. 223 

 224 

 225 
Figure 1. Workflow Of The 2,700-Audio Dataset Preparation. Ten human speakers 226 
produced 900 utterances across three prosodic conditions (neutral, doubtful, confident), using 227 
30 unique texts: 15 Geography knowledge statements and 15 Trivia knowledge statements. 228 
To create AI voice cloning models, each speaker’s recordings were used as training inputs. 229 
For example, Speaker 1’s 15 Geography sentences produced in neutral prosody were fed into 230 
a smartphone (via a computer and sound card) to train an AI-Geography speaker with neutral 231 
prosody. This process was repeated for doubtful and confident prosodies, yielding three AI-232 
Geography speakers for Speaker 1. Similarly, Speaker 1’s 15 Trivia sentences across three 233 
prosodies were used to create three AI-Trivia speakers. This procedure was applied to all 10 234 
speakers, generating 60 AI models total (10 speakers × 3 prosodies × 2 statement types). 235 
Each AI model then generated all 30 texts, producing 900 AI-Geography utterances and 900 236 
AI-Trivia utterances. The final dataset comprises 2,700 audio files (900 Human + 900 AI-237 
Geography + 900 AI-Trivia) for subsequent acoustic analysis. N = Neutral, D = Doubtful, C 238 
= Confident.  239 

 240 

2.1.4. Audio Preprocessing 241 

All audio files, including both Human recordings and AI-generated speech, were 242 

normalized together using Root Mean Square (RMS) normalization to a target level of -30 243 
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dBFS. Mel spectrograms were generated using Librosa 0.11.0 (McFee et al., 2015) with the 244 

following parameters: sampling rate = 22,050 Hz, FFT window size = 2,048, hop length = 512, 245 

and 128 mel-frequency bins. These spectrograms provide a visual example of acoustic patterns 246 

across confidence levels and audio sources (see Figure S1).  247 

 248 

2.2. Stimulus Validation 249 

To verify that speakers produced the intended prosodic manipulations and to test 250 

whether AI voice clones preserved these prosodic patterns, we conducted perceptual 251 

validation followed by acoustic analyses linking acoustic features to confidence ratings.  252 

Perceptual Validation Procedure. Approximately one month after the initial recording 253 

session, participants returned to the laboratory to rate only their own human recordings. 254 

Sentences were presented using OpenSesame 3.3.14 (Mathôt et al., 2012), and participants 255 

rated how confident each audio sample sounded on a 7-point Likert scale (1 = not at all 256 

confident, 7 = very confident). Stimuli were played through Hewlett-Packard (HP) GH10 257 

headphones at a comfortable volume level and presented randomly across three blocks with 258 

self-paced rest periods between blocks. The validation task took approximately 10 minutes to 259 

complete.  260 

Acoustic-Rating Correlation Analysis. To extend the validation to AI voice clones, we 261 

tested whether acoustic features (mean F0 and estimated VTL) correlated with confidence 262 

ratings across all three sources. For Original Human Speakers, we used the self-ratings 263 

obtained from perceptual validation. For AI voice clones, each AI-generated utterance was 264 

assigned the rating from its corresponding source human recording, allowing us to test 265 

whether AI clones preserved the acoustic-rating relationships present in their source speakers. 266 

Both F0 and VTL were standardized within sex using z-scores to remove sex-related 267 

differences. Pearson and Spearman correlations quantified the strength of acoustic-rating 268 
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relationships within each source. Ratios of AI-to-Human correlation coefficients indexed the 269 

degree of prosody preservation in voice cloning.  270 

Results: Human Self-Ratings Confirmed Successful Prosodic Manipulation. Self-rated 271 

confidence scores showed clear differentiation among conditions: confident (M = 6.57, SD = 272 

0.75), neutral (M = 4.08, SD = 0.44), and doubtful (M = 1.39, SD = 0.56). Paired t-tests 273 

confirmed that confident ratings were significantly higher than neutral, t(9) = 18.13, p < .001, 274 

d = 5.73, and neutral ratings were significantly higher than doubtful, t(9) = 23.02, p < .001, d 275 

= 7.28. These results confirm that speakers successfully produced vocal expressions 276 

corresponding to the three intended confidence levels.  277 

Results: AI Voice Clones Preserved Acoustic-Rating Relationships. F0 and VTL 278 

showed expected directional relationships with confidence ratings across all three sources 279 

(Figure S2). For F0, all sources showed negative correlations (Original Human: r = -0.16, ρ 280 

= -0.11; AI-Geography: r = -0.28, ρ = -0.21; AI-Trivia: r = -0.32, ρ = -0.28; all p < .001), 281 

indicating that higher F0 was associated with lower confidence. For VTL, all sources showed 282 

positive correlations (Original Human: r = 0.18, ρ = 0.21; AI-Geography: r = 0.27, ρ = 0.24; 283 

AI-Trivia: r = 0.23, ρ = 0.21; all p < .001), indicating that longer estimated VTL was 284 

associated with higher confidence. Notably, AI voice clones showed amplified correlation 285 

strengths compared to human speakers: for F0, AI-Geography showed 1.70× and AI-Trivia 286 

showed 1.97× the human correlation; for VTL, AI-Geography showed 1.44× and AI-Trivia 287 

showed 1.25× the human correlation. These results indicate that AI voice clones not only 288 

preserved but amplified the acoustic-rating relationships present in their source recordings.  289 

 290 
2.3. Data Analysis 291 

2.3.1. eGeMAPS-Based Prosody Classification 292 

We employed XGBoost classifiers to evaluate prosodic pattern learning across three 293 

data sources: Original Human Speakers, AI Speakers Trained on Geography Texts (AI-294 
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Geography), and AI Speakers Trained on Trivia Texts (AI-Trivia). All models used 88 295 

eGeMAPS acoustic features (Eyben et al., 2015) extracted from audio recordings using 296 

openSMILE.  297 

Data were partitioned into training, validation, and test sets using a 60/20/20 speaker-298 

wise split (random seed = 42), ensuring that no speaker appeared in multiple partitions to 299 

prevent data leakage. Hyperparameters were optimized via grid search with 5-fold stratified 300 

cross-validation on the Human training data, evaluating 3,072 parameter combinations. 301 

Optimal parameters (Table 1A) were applied identically to all subsequent models to ensure 302 

fair comparison.  303 

 304 

Table 1. Hyperparameter Grid Search Results 305 
A. XGBoost Classification (eGeMAPS Features) 
Hyperparameter Search Range Optimal Value Best CV F1 
learning_rate [0.01, 0.05, 0.1, 0.2] 0.2 0.8641 
max_depth [3, 5, 7, 10] 3  
n_estimators [50, 100, 200, 300] 100  
colsample_bytree [0.3, 0.5, 0.7, 1.0] 0.7  
alpha [0, 5, 10, 20] 0  
min_child_weight [1, 3, 5] 3  
B. Random Forest Temporal Decoding (F0 Contours) 

Hyperparameter Search Range Optimal Value Best CV 
Accuracy 

n_estimators [50, 100, 200] 200 0.7833 
max_depth [3, 5, 7, 10] 7  
min_samples_split [2, 5, 10] 5  
min_samples_leaf [1, 2, 4] 2  

Note. Hyperparameters were optimized using grid search with 5-fold stratified cross-306 
validation on Human training data for both analyses. Best CV F1 = Best cross-validation F1 307 
score (macro-averaged); Best CV Acc = Best cross-validation accuracy. Performance metrics 308 
shown in the first row of each section represent model performance using the optimal 309 
parameter combination.  310 

 311 

Nine train/test combinations were constructed: three within-domain models (trained 312 

and tested on the same source) and six cross-domain models (trained on one source, tested on 313 

another). Performance was evaluated using overall accuracy, macro-averaged F1 score, 314 
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precision, recall, and RMSE. For three-class classification (confident, doubtful, neutral), 315 

ROC curves and AUC values were computed using the one-vs-rest approach. Feature 316 

importance values were extracted from within-domain models using XGBoost’s built-in 317 

feature_importances_ attribute. Spearman rank-order correlations were computed to compare 318 

feature utilization strategies across models. To compare within-domain vs. cross-domain 319 

performance, we used Welch’s t-test, Mann-Whitney U test, and permutation test (10,000 320 

permutations), with effect sizes quantified using Hedges’ g.  321 

 322 

2.3.2. Within-Source Analysis of Spectral Flux, F0, and VTL 323 

For each acoustic measure, we fitted linear mixed-effects models separately for each 324 

source. Spectral Flux was extracted using openSMILE based on the eGeMAPS feature set, 325 

while estimated F0 and VTL were extracted from vowel-only voice streams using Praat with 326 

Vocal Toolkit. Models were fitted using the formula: Measure ~ Confidence_Level + Sex + 327 

(1|Speaker) + (1|Item).  Main effects were assessed via Type III ANOVA with Satterthwaite’s 328 

degrees of freedom. Estimated marginal means and pairwise comparisons (Neutral vs. 329 

Confident, Neutral vs. Doubtful, Confident vs. Doubtful) were computed using the emmeans 330 

package. Effect sizes were quantified using Cohen’s d for paired samples.  331 

 332 

2.3.3. Time-Resolved F0 Decoding 333 

To examine when prosodic information distinguishing confident from doubtful 334 

prosody emerges over time, we extracted F0 contours from entire audio recordings using the 335 

YIN algorithm (fmin = 75 Hz, fmax = 500 Hz) (McFee et al., 2015). Each F0 contour was 336 

interpolated to 100 time points, z-score normalized, and smoothed using a Savitzky-Golay 337 

filter (window length = 15, polynomial order = 3). Neutral prosody was excluded from this 338 

analysis as it may overlap with confident productions (Jiang & Pell, 2017).  339 
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We used a sliding window approach with 10% window width and 5% step size, 340 

yielding 19 time windows spanning 0-100% of normalized utterance duration. Random 341 

Forest classifiers were used for classification, with hyperparameters optimized via grid search 342 

on the Human training data using the full F0 contour (Table 1B). The same parameters were 343 

applied to all sources and time windows.  344 

Data were split using a 60/20/20 speaker-wise split (random seed = 42). For each 345 

window, classifiers were trained on combined train + validation data and evaluated on the 346 

held-out test set. Standard errors were computed via bootstrap resampling (1,000 iterations). 347 

Statistical significance against chance level (0.50) was assessed using bootstrap-based t-tests, 348 

with false discovery rate (FDR) correction across windows using the Benjamini-Hochberg 349 

method (α = 0.05).  350 

 351 

2.3.4. Software and Reproducibility 352 

Python analyses (eGeMAPS classification, F0 temporal decoding) were conducted 353 

using scikit-learn 1.6.1, XGBoost 3.1.2 (Chen, 2016), librosa 0.11.0 (McFee et al., 2015), 354 

scipy 1.15.3, and statsmodels 0.14.5 for FDR correction. Acoustic feature extraction used 355 

Praat Vocal Toolkit 3 for F0 and VTL estimation, and openSMILE (version 2.6.0) (Eyben et 356 

al., 2010) for eGeMAPS features (Eyben et al., 2010). R analyses (linear mixed-effects 357 

models) were conducted in R 4.3.3, using lmerTest 3.1.3 (Kuznetsova et al., 2017) and 358 

emmeans 1.11.0 (Lenth et al., 2021). All random seeds were set to 42 for reproducibility. 359 

Statistical significance was set at α = .05.  360 

 361 

 

3 https://www.praatvocaltoolkit.com 
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3. Results 362 

3.1. eGeMAPS-Features-Based Classification Demonstrates Comparable Prosodic 363 

Patterns Across Human and AI Speakers 364 

Within-source classification far exceeded chance across all three sources, indicating 365 

that AI-cloned voices contain rich acoustic information for distinguishing prosodic 366 

confidence. When models were trained and tested on the same source, classification was 367 

highly accurate across all three sources: Human/Human achieved 88% accuracy, AI-368 

Geography/AI-Geography 87%, and AI-Trivia/AI-Trivia 81% (Table 2; Figure 2A to 2C). 369 

The mean within-source accuracy of 0.85 (SD = 0.04) far exceeded the 3-class chance level 370 

(0.33).  371 

Cross-source models retained meaningful generalization despite a significant 372 

performance drop, suggesting that core prosodic patterns transfer between human and AI-373 

cloned speakers. When models trained on one source were applied to test data from a 374 

different source, accuracy dropped but remained well above chance. Cross-source accuracies 375 

ranged from 0.56 (Human/AI-T) to 0.71 (AI-G/AI-T), with a mean of 0.65 (SD = 0.05). The 376 

performance gap between within and cross-source models was substantial and statistically 377 

significant (gap = 0.21; Welch’s t(7) = 6.63, p = .001, Hedges’ g = 3.94; permutation test p = 378 

.011). All six cross-source models exceeded chance level.  379 

Doubtful prosody was the most discriminable category across all conditions, with AI-380 

Trivia showing particularly distinctive doubtful patterns and asymmetric separability among 381 

prosodic categories. Per-class AUC values revealed that doubtful prosody achieved the 382 

highest discriminability across all conditions, ranging from 0.89 to 0.98 (Figure 2B). This 383 

pattern was especially striking for AI-Trivia. Confusion matrices (Figure S3) showed that 384 

AI-Trivia’s doubtful prosody was correctly identified by 91.7% to 100% of cross-source 385 
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models. In contrast, AI-Trivia’s confident prosody was sometimes misclassified as doubtful 386 

when tested by Human-trained models (47% misclassification rate).  387 

Learning curves confirmed healthy model behavior without overfitting, demonstrating 388 

progressive generalization with increased training data. For the Human/Human model, 389 

validation F1 scores improved steadily as training data increased, rising from 0.56 (smallest 390 

training set) to 0.88 (full training set; Table S2). The gap between training and validation 391 

performance narrowed from 0.44 to 0.12 (Figure 2D to 2F). AI-Geography showed a similar 392 

trajectory. AI-Trivia exhibited a slightly larger train-validation gap (0.17), but learning 393 

remained stable.  394 

AI-Trivia showed significant convergence with human feature weighting strategies, 395 

while AI-Geography achieved high accuracy through alternative feature combinations. All 396 

three within-source models relied on similar acoustic dimensions for classification, including 397 

F0 percentiles, spectral flux, and MFCC4 (Table 3; Figure 2G). Spearman rank-order 398 

correlations of feature importance values showed that AI-Trivia exhibited moderate but 399 

significant convergence with the Human model (ρ = 0.51, p = .023), whereas AI-Geography 400 

did not show significant convergence with the Human model (ρ = 0.26, p = .268). This 401 

pattern indicates that AI-Trivia partially replicated human-like feature weighting strategies, 402 

while AI-Geography achieved comparable classification through a different combination of 403 

acoustic features.  404 

 405 

In 
Pres

ss



AI Replication of Human Vocal Expression                                                 18 

 406 

Figure 2. XGBoost Classification Performance, Learning Curves, and Feature 407 
Importance. (A-C) ROC curves for three-class prosodic confidence classification using 408 
eGeMAPS features. Panel A: Confident prosody (one-vs-rest); Panel B: Doubtful prosody; 409 
Panel C: Neutral prosody. Thick lines indicate within-domain models (same training and test 410 
source), thin lines indicate cross-domain models. Colors represent training sources: orange 411 
(Human), blue (AI-Trivia), purple (AI-Geography). (D-F) Learning curves showing training 412 
vs. validation F1 scores across training set sizes. Panel D: Human/Human; Panel E: AI-413 
Trivia/AI-Trivia; Panel F: AI-Geography/AI-Geography. Shaded regions indicate ±1 SD 414 
across 5-fold cross-validation. (G) Feature importance comparison for top 20 acoustic 415 
features, ordered by Human model importance. Orange bars: Human/Human; Blue bars: AI-416 
Trivia/AI-Trivia; Purple bars: AI-Geography/AI-Geography. All models used identical 417 
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hyperparameters optimized on Human training data. Classification employed 60/20/20 418 
speaker-wise splits (N=2,700 utterances).   419 

 420 
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 421 
Table 2. XGBoost Classification Performance Across Nine Train/Test Combinations 422 

Combination Acc_Co
nf ↑ 

AUC_Co
nf ↑ 

Acc_Do
ub ↑ 

AUC_Do
ub ↑ 

Acc_Ne
ut ↑ 

AUC_Ne
ut ↑ 

Test_A
cc ↑ 

F1_Mac
ro ↑ 

Precisi
on ↑ 

Recall 
↑ 

RMS
E ↓ 

Time(
s) ↓ 

Human/Hum
an 0.93 0.98 0.92 0.97 0.8 0.97 0.88 0.88 0.89 0.88 0.52 0.26 

Human/AI-T 0.32 0.83 1 0.93 0.37 0.76 0.56 0.53 0.63 0.56 0.87 0.24 
Human/AI-
G 0.58 0.87 0.92 0.92 0.38 0.78 0.63 0.61 0.64 0.63 0.88 0.32 

AI-T/AI-T 0.75 0.91 0.9 0.98 0.77 0.89 0.81 0.81 0.81 0.81 0.77 0.25 
AI-T/Human 0.95 0.89 0.38 0.89 0.6 0.84 0.64 0.63 0.72 0.64 0.88 0.31 
AI-T/AI-G 0.7 0.88 0.55 0.93 0.75 0.82 0.67 0.67 0.7 0.67 0.89 0.31 
AI-G/AI-G 0.88 0.96 0.88 0.98 0.85 0.97 0.87 0.87 0.87 0.87 0.54 0.42 
AI-
G/Human 0.83 0.84 0.58 0.91 0.58 0.84 0.67 0.67 0.72 0.67 0.93 0.31 

AI-G/AI-T 0.58 0.85 0.92 0.92 0.62 0.82 0.71 0.7 0.71 0.71 0.86 0.29 
Note. Arrows indicate desirable direction (↑ higher, ↓ lower). Combination format: Train Source/Test Source. All accuracy metrics (Acc_Conf, 423 
Acc_Doub, Acc_Neut, Test_Acc, F1_Macro, Precision, Recall) reflect three-class classification (Confident/Doubtful/Neutral), where chance 424 
level = 0.33. AUC values (AUC_Conf, AUC_Doub, AUC_Neut) reflect one-vs-rest binary discrimination (e.g., Confident vs. all other classes), 425 
where chance level = 0.50. All models used identical hyperparameters optimized on Human training data (Table 1). Within-domain models 426 
(same train/test source) achieved mean test accuracy 0.85±0.04, significantly outperforming cross-domain models (0.65±0.05; gap = 0.21; 427 
Welch’s t(7) = 6.63, p = .001, Hedges’ g = 3.94; permutation test p = .011). Doubtful prosody showed highest discriminability across all 428 
conditions (AUC: 0.89-0.98). Classification employed 60/20/20 speaker-wise train/validation/test splits on 88 eGeMAPS acoustic features (N = 429 
2,700 utterances). AI-T = AI-Trivia; AI-G = AI-Geography.   430 In 
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 431 
Table 3. Feature Importance Values for Top 20 Acoustic Features Across Within-Domain Models 432 

Feature Human/Human AI-T/AI-T AI-G/AI-G 
spectralFlux_sma3_amean 0.06 0.01 0.01 
spectralFluxV_sma3nz_amean 0.05 0.06 0.04 
mfcc4V_sma3nz_amean 0.04 0.02 0.01 
HNRdBACF_sma3nz_stddevNorm 0.04 0.08 0.05 
F0semitoneFrom27.5Hz_sma3nz_percentile50.0 0.04 0.03 0.03 
logRelF0-H1-H2_sma3nz_amean 0.03 0.03 0.01 
F0semitoneFrom27.5Hz_sma3nz_percentile80.0 0.03 0.03 0.03 
mfcc4V_sma3nz_stddevNorm 0.03 0.01 0.01 
mfcc4_sma3_stddevNorm 0.03 0.01 0.02 
F0semitoneFrom27.5Hz_sma3nz_percentile20.0 0.02 0.02 0.02 
loudness_sma3_meanFallingSlope 0.02 0.00 0.03 
spectralFlux_sma3_stddevNorm 0.02 0.01 0.02 
F0semitoneFrom27.5Hz_sma3nz_amean 0.02 0.01 0.03 
logRelF0-H1-A3_sma3nz_amean 0.02 0.01 0.02 
slopeV0-500_sma3nz_amean 0.02 0.01 0.02 
HNRdBACF_sma3nz_amean 0.02 0.02 0.02 
loudness_sma3_stddevFallingSlope 0.02 0.00 0.01 
loudness_sma3_percentile50.0 0.02 0.01 0.02 
spectralFluxV_sma3nz_stddevNorm 0.02 0.00 0.01 
loudness_sma3_stddevNorm 0.01 0.02 0.02 

Note. Features ordered by Human/Human model importance (descending). Importance values represent each feature’s average contribution to 433 
classification accuracy across XGBoost decision trees (range: 0-1). All three within-domain models used identical hyperparameters optimized on 434 
Human training data. Spearman correlations: Human-AI-T ρ = 0.507 (p = .023); Human-AI-G ρ = 0.260 (p = .268). The significant correlation 435 
between Human and AI-Trivia models indicates moderate convergence in feature utilization strategies, whereas AI-Geography models employed 436 
divergent feature weighting approaches. AI-T = AI-Trivia; AI-G = AI-Geography.  437 
 438 

In 
Pres

ss



AI Replication of Human Vocal Expression                                                   22 

3.2. Estimated Mean Acoustic Values Are Largely Consistent Across Three Sources 439 

Spectral Flux distinguished all three confidence levels across every source, with 440 

confident producing the highest values and doubtful the lowest. All three sources showed 441 

strong main effects of confidence level (Human: F(2, 859) = 515.02, p < .001; AI-442 

Geography: F(2, 859) = 624.33, p < .001; AI-Trivia: F(2, 859) = 387.39, p < .001), with all 443 

pairwise comparisons reaching significance (all p < .001) and large effect sizes for confident 444 

vs. doubtful (Human d = 1.74; AI-Geography d = 1.54; AI-Trivia d = 1.32; Figure 2A to 445 

2C). Notably, Spectral Flux showed no main effect of sex in any source (all p > .349), 446 

indicating that it reflects sex-independent prosodic dynamics.  447 

Estimated F0 showed identical doubtful > confident > neutral hierarchies across all 448 

three sources. Estimated marginal means revealed consistent patterns (Human: 166, 196, 209 449 

Hz; AI-Geography: 167, 191, 209 Hz; AI-Trivia: 166, 184, 208 Hz; Figure 2D to 2F). All 450 

main effects of confidence level were highly significant (Human: F(2, 859) = 530.09, p < 451 

.001; AI-Geography: F(2, 859) = 952.73, p < .001; AI-Trivia: F(2, 859) = 648.73, p < .001), 452 

and all pairwise comparisons reached significance with comparable effect sizes for neutral vs. 453 

doubtful (Human d = -0.69; AI-Geography d = -0.73; AI-Trivia d = -0.70).  454 

Estimated VTL was largely consistent across sources, though AI-Trivia did not 455 

differentiate confident from neutral. All three sources showed significant main effects of 456 

confidence level on estimated VTL (Human: F(2, 859) = 32.88, p < .001; AI-Geography: 457 

F(2, 859) = 119.07, p < .001; AI-Trivia: F(2, 859) = 93.86, p < .001). Human and AI-458 

Geography showed the expected confident > neutral > doubtful pattern with all pairwise 459 

contrasts reaching significance (Human Neutral vs. Confident: p = .020, d = -0.08; AI-460 

Geography Neutral vs. Confident: p < .001, d = -0.24). AI-Trivia preserved the doubtful 461 

contrast but showed no difference between confident and neutral estimated VTL (β = -0.02, 462 

t(859) = -0.37, p = .926, d = -0.01; Figure 2G to 2I).  463 
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Sex effects on F0 and VTL reflected expected biological differences across all 464 

sources. Female speakers produced higher F0 (all p < .001) and shorter VTL than male 465 

speakers (Human: F(1, 8) = 41.79, p < .001; AI-Geography: F(1, 8) = 15.03, p = .005; AI-466 

Trivia: F(1, 8) = 26.16, p < .001). The preservation of these biological sex effects in AI-467 

cloned voices indicates that voice cloning systems captured anatomical characteristics in 468 

addition to prosodic patterns.  469 

 470 

 471 

Figure 3. Spectral Flux, F0, and VTL Across Prosodic Confidence Levels. Within-source 472 
comparisons of three acoustic measures across confidence levels. Columns: Human (left), AI-473 
Geography (center), AI-Trivia (right). Rows: (A-C) Spectral Flux (mean); (D-F) Estimated 474 
F0 (Hz); (G-I) Estimated VTL (cm). Raincloud plots combine violin distributions, boxplots, 475 
and individual data points. Connecting lines represent repeated measures within triads (same 476 
speaker, same item, same statement source), colored by sex (pink = male, green = female). 477 
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Brackets indicate pairwise comparisons from linear mixed-effects models with p-values and 478 
Cohen’s d effect sizes annotated. N = Neutral, C = Confident, D = Doubtful.  479 

 480 

3.3. Time-Resolved F0 Decoding Reveals Late-Utterance Markers of Confident vs. 481 

Doubtful Prosody Across Three Sources 482 

All three sources peaked in late utterance windows, indicating that confidence-related 483 

F0 markers emerge most clearly near utterance endings. Human and AI-Trivia both peaked in 484 

the 85-95% window (both Acc = 0.64), and AI-Geography peaked in the 90-100% window 485 

(Acc = 0.68; Figure 4). All three peaks reached significance after FDR correction (Human: p 486 

= .010; AI-Trivia: p = .019; AI-Geography: p = .019).  487 

Human speakers showed the most distributed prosodic markers across the utterance. 488 

For Human speakers, 7 of 19 windows reached significance (36.8%), covering early (0-20%), 489 

mid (45-65%), and late (75-100%) regions, with accuracies ranging from 0.60 to 0.64 490 

(Figure 4A).  491 

AI-Trivia showed prosodic markers concentrated only at utterance endings. AI-Trivia 492 

produced significant decoding in just 2 of 19 windows (10.5%), both at the very end (85-493 

95%: Acc = 0.64; 90-100%: Acc = 0.62; Figure 4B).  494 

AI-Geography showed two separate peaks and the highest overall accuracy. AI-495 

Geography produced significant decoding in 2 of 19 windows (10.5%): one in the early-to-496 

mid utterance (20-30%: Acc = 0.62) and one at the very end (90-100%: Acc = 0.68; Figure 497 

4C). Notably, the early-to-mid window where AI-Geography reached significance was not 498 

significant in the original Human speakers.  499 

 500 
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 501 

Figure 4. F0-Based Temporal Decoding of Confident vs. Doubtful Prosody. Time-resolved 502 
classification accuracy for distinguishing confident from doubtful prosody across normalized 503 
utterance duration. (A) Human speakers; (B) AI-Trivia speakers; (C) AI-Geography speakers. 504 
Classification used Random Forest models trained on F0 contours extracted from 10% sliding 505 
windows (5% step). Filled circles indicate windows significantly exceeding chance (0.5) after 506 
FDR correction; hollow circles indicate non-significant windows. Horizontal bars show 507 
significant windows: * p < .05, ** p < .01, *** p < .001. Shaded regions represent ±1 SD 508 
from bootstrap resampling. Peak classification windows are annotated.  509 

 510 
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4. Discussion 511 

We provide converging evidence that voice cloning services, originally designed to replicate 512 

speaker identity, can additionally reproduce prosodic patterns when trained on prosodically 513 

homogeneous recordings, although the reproduction is not a perfect match to human speech. 514 

For RQ1, machine learning classification using 88 eGeMAPS features successfully 515 

distinguished prosodies within and across human and AI sources, with spectral flux emerging 516 

as a top contributor in all three sources, suggesting that anatomy-independent prosodic 517 

dynamics play a central role. For RQ2, linear mixed-effects models revealed that confident 518 

prosody exhibited higher spectral flux, longer estimated VTL, and lower F0 than doubtful 519 

prosody across all three sources. For RQ3, time-resolved F0 decoding showed confidence-520 

related markers peaking in late utterance windows across all sources, although Human 521 

speakers showed more broadly distributed markers than AI speakers.  522 

 523 

4.1. Voice Cloning Captures Prosody Alongside Identity 524 

As hypothesized, AI voice cloning captured prosodic patterns alongside speaker 525 

identity (Klimkov et al., 2019; Skerry-Ryan et al., 2018), even though such systems are 526 

primarily designed to clone vocal identity for users. Three converging lines of evidence 527 

support this conclusion. First, machine learning classification using 88 eGeMAPS features 528 

achieved high within-source accuracy (mean 0.85) across human, AI-Geography, and AI-529 

Trivia speech. Second, linear mixed-effects models revealed parallel patterns across all three 530 

sources: confident prosody exhibited higher spectral flux, longer estimated VTL, and lower 531 

F0 than doubtful prosody. Notably, spectral flux emerged as a top contributor in all three 532 

sources and showed no biological sex effect, distinguishing it from F0 and VTL, which carry 533 

both prosodic information and speaker-anatomical variation. The fact that voice cloning 534 

replicated not only identity-related features (F0, VTL) but also this identity-independent 535 
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dynamic feature strengthens the claim that prosodic style transfer operates at multiple 536 

acoustic levels. Third, time-resolved F0 decoding identified late-utterance windows (85-537 

100%) as peak regions for prosodic discrimination across all sources, indicating that AI-538 

generated speech preserved the temporal structure of confidence-related markers.  539 

These findings empirically support the dual encoding hypothesis articulated in our 540 

Introduction: mel-spectrograms capture both speaker-specific timbral characteristics enabling 541 

identity replication and temporal-frequency dynamics critical for prosody (Jia et al., 2018; 542 

Meng et al., 2019; Ong et al., 2023). When voice cloning models are trained on prosodically 543 

homogeneous recordings, they appear to inadvertently learn the prosodic style alongside the 544 

speaker’s vocal identity. This byproduct effect transforms voice cloning from a tool for 545 

identity replication into a viable method for prosodic style transfer.  546 

These findings have methodological implications for psychological research on 547 

human-AI voice interaction(Cross & Kappas, 2025), which requires controlled comparisons 548 

between human and AI voices with distinct prosodic profiles. Our paradigm addresses a key 549 

challenge: maintaining identical speaker identity while systematically varying prosody across 550 

human and AI sources. For example, Gampe et al. (2023) presented children with human-551 

produced speech in monotone vs. lively styles, labeling monotone recordings as “AI” and 552 

lively recordings as “human.” While this design controlled for voice identity (Roswandowitz 553 

et al., 2024), it relied on an operational definition equating prosodic impoverishment with AI 554 

speech. Current voice synthesis technology increasingly produces prosodically rich AI speech 555 

(e.g., Sora 2 by OpenAI), and the monotone-as-AI operationalization may not generalize 556 

beyond children, particularly to younger adults with extensive AI voice exposure (Herrmann, 557 

2023), for whom genuine AI-generated speech may be more ecologically appropriate. Our 558 

voice cloning approach provides an alternative: researchers can train AI models on 559 

prosodically homogeneous human recordings and generate stimuli preserving both speaker 560 
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identity and intended prosodic characteristics (Li et al., 2025), enabling more rigorously 561 

controlled investigations of human-AI voice perception.  562 

 563 

4.2. AI-Generated Speech as an Acoustic Population: Evidence for an “AI Dialect” 564 

Although voice cloning successfully reproduced prosodic patterns at the acoustic 565 

level, AI-generated speech as a population still exhibited distinctive acoustic patterns relative 566 

to human speech, supporting the existence of an acoustic dialect. Several findings converge 567 

on this conclusion: (1) within-source classification accuracy substantially exceeded cross-568 

source accuracy (mean 0.85 vs. 0.65; gap = 0.21, p = .001); (2) AI-Trivia showed significant 569 

feature-weighting convergence with Human (ρ = 0.51), whereas AI-Geography did not (ρ = 570 

0.26); and (3) AI-Trivia’s doubtful prosody was correctly identified by 91.7-100% of cross-571 

source models. This pattern parallels the in-group advantage observed in human accent-based 572 

classification (Jiang & Pell, 2018; Laukka et al., 2014) and aligns with synthetic speech 573 

detection literature (Malik, 2019; Sahidullah et al., 2015), suggesting that different training-574 

content domains produce different “sub-dialects” within the broader AI acoustic population, 575 

much like different linguistic backgrounds yield different human dialects (Scherer, 1986).  576 

Temporal dynamics provide further insight into how voice cloning learns prosodic 577 

patterns. Human speakers showed prosodic markers across 7 of 19 distributed temporal 578 

windows, suggesting continuous dynamic modulation of the vocal apparatus throughout the 579 

utterance. Both AI sources, by contrast, concentrated their markers in only 2 of 19 windows 580 

and peaked near the utterance ending, consistent with the late-utterance pattern observed in 581 

other languages (Goupil et al., 2021; Jiang & Pell, 2017) and reinforcing the cross-language 582 

robustness of utterance-final prosodic markers. Voice cloning thus successfully captured the 583 

most discriminative late-utterance window but did not replicate the broader temporal 584 

distribution of human prosodic modulation. More strikingly, AI-Geography produced a 585 
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significant decoding window (20-30%) that was not significant in the original human 586 

recordings on which it was trained, indicating that voice cloning can also introduce acoustic 587 

markers absent in the source human speech. Together, these temporal patterns may reflect 588 

one signature of the AI “dialect” (used as an analogy only, see below): voice cloning learns 589 

the most prominent prosodic landmarks but does not faithfully reproduce the continuous 590 

dynamic variability of human speech production.  591 

Beyond the temporal dynamics discussed above, another candidate signature of the AI 592 

“dialect” lies in detectable acoustic differences between human and AI speech as a whole. 593 

Large-scale studies on synthetic speech detection suggest a partial dissociation between 594 

algorithmic and perceptual detection of these differences. On the one hand, ML algorithms 595 

can reliably distinguish AI-generated speech from human speech (Sahidullah et al., 2015), 596 

based on systematic acoustic differences arising from the inherently more linear generation 597 

process of synthetic voices compared to the nonlinear physiological processes of human 598 

speech production (Malik, 2019). On the other hand, human listeners perform less reliably 599 

than algorithms (~70-80% accuracy under realistic conditions), and are particularly 600 

susceptible to misclassification when AI speech contains human-like features such as natural-601 

sounding prosody or breathing, or when listeners attribute audio artifacts to recording quality 602 

rather than synthesis (Müller et al., 2022; Warren et al., 2024).  603 

We therefore stress that our use of “AI dialect” is strictly an analogy, adopted because 604 

no established terminology yet captures this phenomenon. Unlike within-language accent 605 

dialects, which emerge from shared linguistic-cultural backgrounds and remain perceptually 606 

salient to listeners, the patterns observed here arise from algorithmic generation processes 607 

and are structurally more complex than any human dialect contrast. In essence, what we 608 

describe as the AI “dialect” refers to systematic acoustic regularities shared across AI-609 

generated speech that distinguish it from human speech as a population, manifested both in 610 
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the temporal dynamics (Jiang & Pell, 2017) of prosodic markers and in detectable acoustic 611 

signatures (Malik, 2019; Sahidullah et al., 2015) at the broader level of human-AI speech 612 

contrast.  613 

 614 

4.3. Articulatory Effort and the “Fast-and-Frugal” Logic of Confidence-Doubt Prosody 615 

In human speech, speakers modulate their vocalizations to express various prosodies 616 

according to social context, including basic emotions (Kim et al., 2020), social dominance, 617 

masculinity/femininity (Pisanski et al., 2018), authority (Sorokowski et al., 2019), and 618 

attractiveness (Pisanski & Rendall, 2011; Xu et al., 2013). Underlying these phenomena is a 619 

fast-and-frugal principle (Pisanski et al., 2022):: rather than requiring years of growth and 620 

extensive metabolic investment to increase actual body size, speakers can instantaneously 621 

modulate vocal tract length to achieve competitive advantages at negligible energetic cost.   622 

Our findings extend this fast-and-frugal principle to the cognitive-pragmatic domain 623 

of epistemic certainty (Goupil & Aucouturier, 2021). Although prompts included epistemic 624 

phrases (“I am certain”/”I’m not sure”) to elicit prosodic styles (Vromans et al., 2024), target 625 

utterances remained lexically identical (Jiang & Pell, 2017). Speakers conveyed confidence 626 

vs. doubt through prosodic modulation alone, without altering propositional content. The core 627 

logic is that signaling epistemic commitment requires articulatory effort: speakers exert 628 

greater vocal effort when projecting confidence to maximize social gains (e.g., persuasion, 629 

perceived authority), and reduce such effort when conveying doubt. Our acoustic findings 630 

reflect this principle in two complementary ways. First, modulation of estimated VTL and F0 631 

directly indexes vocal apparatus adjustment for epistemic signaling (Section 4.1). Second, 632 

human speakers distributed prosodic markers across multiple temporal windows throughout 633 

the utterance, with the strongest contrast at the utterance ending; voice cloning, by contrast, 634 

captured the strong utterance-final F0 contrast but did not replicate the broader, distributed 635 
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temporal modulation observed in human speech (Section 4.2). This dissociation suggests that 636 

the fast-and-frugal principle, grounded in continuous neuro-muscular control of the vocal 637 

apparatus, cannot be fully replicated by data-driven models lacking such a physiological 638 

substrate. Human speakers remain distinctive in their capacity to dynamically modulate the 639 

vocal tract throughout an utterance, while AI captures the most discriminative acoustic 640 

landmarks but not the full continuous variability.  641 

The spectral flux finding offers an additional perceptual perspective on this principle. 642 

The auditory system is particularly sensitive to spectral change over time (Chen et al., 2012; 643 

Kluender et al., 2003), and spectral flux specifically captures the acoustic dynamics that the 644 

brain relies on to parse continuous speech into syllabic and phonemic units (Giroud et al., 645 

2024). That confident prosody exhibited higher spectral flux than doubtful prosody, with no 646 

biological sex effect, indicates that confident speech contains richer dynamic spectral 647 

variation than doubtful speech, regardless of speaker anatomy. This aligns with the fast-and-648 

frugal logic: confident speakers invest greater articulatory effort, producing more dynamic 649 

spectral variation; doubtful speakers reduce this effort, yielding flatter spectral content. Voice 650 

cloning reproduced this contrast across all sources, indicating that data-driven models can 651 

capture acoustic signatures of effortful vs. reduced vocal modulation even without an 652 

articulatory substrate.   653 

 654 

4.4. Limitations and Implications 655 

Several limitations of the present study warrant consideration. First, our sample 656 

comprised 10 Mandarin speakers with experience in acting, speech, or music training, which 657 

may limit generalizability to broader populations and to spontaneous speech. Second, our 658 

findings were obtained using a single voice cloning system; other architectures may differ in 659 

how they encode identity and prosody, potentially producing different “AI dialects.” Third, 660 
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we examined a single language and a single prosodic contrast (confident, doubtful, neutral); 661 

whether voice cloning can reproduce other prosodic contrasts across other languages remains 662 

an open question.  663 

Although we observed correlations between acoustic parameters (F0, VTL) and 664 

confidence ratings in human speech, and similar (indeed amplified) patterns when assigning 665 

AI-generated utterances the ratings from their source recordings (Figure S2), we did not treat 666 

these as primary evidence for prosodic cloning. Two considerations motivated this decision. 667 

First, collecting perceptual ratings for all 2,700 audio files would have imposed an excessive 668 

burden. Second, speech prosody simultaneously encodes subjective confidence and objective 669 

accuracy through distinct acoustic features, with accuracy encoded beyond speakers’ 670 

metacognitive awareness (Goupil & Aucouturier, 2021); assuming AI-generated speech 671 

receives identical ratings to its source recordings overlooks this complexity. We therefore 672 

relied on more direct evidence (cross-source classification, temporal decoding, feature 673 

importance convergence) to demonstrate prosodic preservation.  674 

Although our cross-domain design generated both training and novel sentences (e.g., 675 

AI-Geography trained on 15 Geography sentences then generated all 30 sentences including 676 

15 novel Trivia sentences), we recommend that future research use entirely novel sentences 677 

not present in the AI training corpus (Lavan et al., 2025). While neural TTS systems generate 678 

new acoustic waveforms for each synthesis rather than retrieving recordings (Li et al., 2025; 679 

Tan et al., 2021), entirely novel sentences better capture real-world AI voice assistant 680 

scenarios. We therefore propose the following workflow: (1) train AI voice clones on 681 

prosodically homogeneous human recordings using one sentence set; (2) generate entirely 682 

different novel sentences using these trained AI speakers; (3) if resources permit, conduct 683 

third-party perceptual validation to assess both the AI-versus-human distinction (Nussbaum 684 
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et al., 2025) and the intended prosodic manipulation, applying rigorous filtering before 685 

deploying stimuli.  686 

Finally, we acknowledge that voice in human-AI interaction is more than an acoustic 687 

signal: it functions as a medium of communicative practice through which speakers give an 688 

account of themselves, and critical scholarship has analyzed how voice technologies can 689 

embed identitarian and ideological assumptions, reducing voice to a measurable sound object 690 

(Napolitano, 2022a, 2022b). The present study deliberately focuses on the acoustic level, 691 

treating "speaker identity" in a narrow operational sense as anatomical-acoustic vocal 692 

signature rather than social or biographical identity. Our acoustic-level analysis provides 693 

methodological foundations for psychological research on human-AI voice interaction, but 694 

does not address the broader social, ethical, and critical dimensions of synthetic voice 695 

technology, which warrant continued scholarly attention.  696 

 697 

5. Conclusion 698 

As AI voice assistants become increasingly prevalent in daily life, the psychological 699 

implications of synthetic relationships emerge as pressing concerns (Cross & Kappas, 2025; 700 

McGettigan et al., 2025). Rigorous psychological experiments comparing human vs. AI 701 

voices require carefully prepared stimuli that control for speaker identity (Roswandowitz et 702 

al., 2024) while systematically manipulating prosodic characteristics (Gampe et al., 2023). 703 

The current study provides such a paradigm and offers a template for future psychological 704 

research to prepare more controlled voice stimuli that vary in prosody, particularly given that 705 

AI voices are no longer monotone and can now sound human-like.   706 
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