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Abstract

Sustained phonation is a central task in clinical voice assessment and provides a controlled setting to quantify acoustic voice
characteristics. In contrast, the evaluation of modern text-to-speech (TTS) systems still relies predominantly on perceptual ratings
such as the Mean Opinion Score (MOS), leaving open whether these systems can reliably generate sustained phonation and how
their acoustic properties compare to human voices. The capability of TTS models to reproduce clinically relevant voice features
remains insufficiently characterized.

Here, we systematically examine sustained phonation in contemporary TTS systems and compare synthetic and human voice
samples using common acoustic measures. Multiple TTS models were screened for their ability to generate sustained vowels,
such as /a/. One model, namely Eleven v3 by ElevenLabs, was subsequently analyzed in detail with respect to the distribution of
phonation durations, the relationship between prompt length and generated duration, and differences between vowels and speaker
types. Finally, TTS-generated sustained phonations were compared with human recordings from two independent cohorts using
established clinical voice parameters.

We found that TTS systems were able to produce sustained phonation, although reliability varied between models. For the se-
lected Eleven v3 model, phonation durations showed non-normal distributions and were partially predicted by prompt length. Most
acoustic measures of synthetic samples overlapped with the ranges observed in human voices, while selected parameters showed
statistically significant but inconsistent differences across vowels. These findings indicate that current TTS models can approxi-
mate key acoustic characteristics of sustained phonation, while also exhibiting systematic deviations that should be considered in

applications involving clinical voice metrics and in further development of realistic TTS systems.
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1. Introduction

Speech quality can be assessed with a variety of methods,
as described by Lemmetty| (1999). With segmental evalua-
tion methods such as the Modified Rhyme Test (MRT), the
intelligibility of single phonemes and syllables can be tested.
Here, the error rate of humans identifying single-syllable words
(e.g., bus, but, bug, buff, bun, buck) that were synthesized by a
Text-to-Speech (TTS) model is used for quantifying its qual-
ity. To assess quality on a higher level, sentences were devel-
oped to test the understanding of spoken sentences. For exam-
ple, the Semantically Unpredictable Sentences (SUS) test uses
one-syllable words to build nonsensical sentences using vary-
ing grammatical structures. This ensures that words that were
not understood cannot be derived from context. An example
of a SUS test sentence is "The table walked through the blue
truth." Jekosch| (1993). Furthermore, comprehension tests are
used to quantify the quality of a TTS system, where subjects
have to answer questions on the previously heard texts.

Nowadays, segmental evaluation methods, as well as
sentence-level and comprehension tests lost relevance, since the
quality of TTS heavily evolved in recent years. To evaluate
overall quality, and naturalness of TTS-synthesized speech in
particular, the Mean Opinion Score (MOS) is often employed
now |Stan| (2022); [Le Maguer et al.| (2024). For this, listeners

have to assign a score on a five-level Likert scale (bad - poor -
fair - good - excellent) to the synthesized speech they hear. The
mean of the scores is then called MOS.

The MOS is oftentimes used, even though the calculation
process is time-consuming and costly, since it relies on human
listening tests. For this reason many models to predict MOS for
assessing speech quality have been developed recently|Lo et al.
(2019); Mittag and Moller| (2020); [Tseng et al.| (2022); |Saeki
et al.| (2022); Hajal et al.|(2022));  Yang et al.| (2022); (Choi et al.
(2022);|Q1 et al.| (2023); Sellam et al.[(2023));/Baba et al.|(2024);
Shi et al| (2024). The development was often motivated by
the VoiceMOS Challenges that were introduced in 2022 |[Huang
et al.| (2022); Cooper et al.| (2023); Huang et al.| (2024).

While the MOS provides an overall insight into the perceived
quality, it is not very specific in terms of transparency, con-
cerning why listeners felt that way and, thus, does not provide
any information which parts of the model should be improved.
Le Maguer et al.| (2024) concluded after evaluating MOS for
speech synthesis that new measurements should be developed
to analyze the quality of modern speech synthesis technologies.

When assessing speech quality in the medical field, there are
objective parameters that can be assessed to determine the con-
dition of the voice. One widely used method is the analysis
of sustained phonation (SP), as it gives insight into respiratory



control and vocal fold integrity. The duration and quality of
sustained phonation depend directly on the efficiency of respi-
ratory control and the ability of the vocal folds to vibrate contin-
uously and evenly |Gilman| (2021)); [Harden and Looney| (1984);
Maslan et al.| (2011)). Studies found differences between clini-
cal parameters calculated from pathologic and healthy SP sam-
ples [Teixeira et al.| (2013); |Vashkevich et al.| (2019); Wertzner
et al.| (2005). Acoustic parameters extracted from SP signals are
commonly used to evaluate the health of the phonatory system.

The goal of this paper is to bridge the gap between subjective
TTS evaluation methods and objective clinical voice analysis.
The primary objective is to determine whether TTS models are
capable of producing sustained phonation. If so, the study will
further investigate whether measurable acoustic differences ex-
ist between human and TTS-generated sustained phonation.

2. Materials and Methods

In a first experiment, the general ability of TTS models to
produce SP is reviewed (Experiment 1). Afterwards, the behav-
ior of well-performing models is further analyzed. It is investi-
gated whether the durations of the SP samples follow a Normal
distribution (Experiment 2), whether longer prompts actually
result in longer SP samples (Experiment 3), and whether human
and TTS-generated SP differ in common voice metrics (Exper-
iment 4).

2.1. Recording of Human SP

As a baseline for the comparisons in Experiment 4, a small
population of human speakers were recorded.

A total of 20 participants were recorded, 11 of them identi-
fied as female, 9 as male. All stated to have no known voice
disorders. The average age was 25.5 years (SD = 3.3 years).
Participants were recorded in a small, acoustically untreated
room. They were seated on a chair and instructed to hold a
high-quality microphone (Rhgde NT1) 10 cm from their mouth,
as implemented in other studies (Gerratt et al.l 2016; [Vashke-
vich et al., 2019; |Wertzner et al. [2005). Each participant was
asked to produce an SP of the vowels /a/, /i/, and /u/ for 10
seconds each. Participants were shown an instructional video
that guided them through the task. The sampling rate was set to
44.1 kHz.

In addition to the recordings described above, the recordings
of a healthy control group from another study were used as a
baseline (Vashkevich et al., [2019). The recordings were col-
lected by the Republican Research and Clinical Center of Neu-
rology and Neurosurgery in Minsk, Belarus. The recordings of
33 healthy participants were published on |GitHub in WAV for-
mat. Participants were on average 53.8 years old (SD = 11.6
years). The sustained vowels /a/ and /i/ of 20 women and 13
men were recorded. The average duration of the recordings was
3.69 s (SD = 1.52 s), and the sampling rate set to 44.1 kHz.

2.2. Generation of SP Signals Using TTS Models

Mirroring SP studies with human participants, SP samples
were generated with TTS models. Models from five companies,

such as ElevenLabs and Google, were chosen for the experi-
ments. The model names were P/ (Papla Media), Eleven v3
(ElevenLabs), speech-02-hd (MiniMax), Gemini 2.5 Pro TTS
(Google) and Octave (Hume).

All chosen models were hosted via a web interface and pre-
sented the user with a selection of speakers. Some models of-
fered more in-depth settings, such as a temperature controller
between "creative" and "robust" (ElevenLabs), buttons with
emotions like "disgust" or "awe" (Hume), or controllers for
speed, pitch, and volume (MiniMax). For all experiments, the
default settings were retained. Furthermore, all models pre-
sented different speakers with their own descriptions. Names
that are connoted with a certain sex were often given to the
speakers, and in the following, there will be spoken of female
and male speakers according to their given names.

As a first approach to generating SP samples, slashes were
used to indicate phonetic content, following the standard nota-
tion for phonemic transcription (e.g., /aaaaaaaaaaaaa/ to repre-
sent a sustained /a/ vowel). However, some TTS models did not
interpret the slashes as phonetic markers and instead read them
out loud or misinterpreted the input. In such cases, the slashes
were removed (Hume Octave, Papla P1).

For assessing the general ability to generate SP (Experiment
1), the models are systematically prompted and the output is
graded afterwards. To be concise, for every model two arbi-
trary speakers are picked. With every speaker, the models are
prompted 5 times with a chain of 10, 15, and 20 /a/s, each. In
total, each model is prompted 30 times. A generation attempt is
considered as failed if the TTS response takes longer than 30 s.

As only the ElevenLabs model produced SP consistently, it
is the only model that is used to further analyze the model be-
havior regarding SP in Experiments 2-4.

To carry out Experiment 2, which tests whether out-
put durations follow a statistical distribution, the prompt
/aaaaaaaaaaaaaaa/ is submitted until 100 SP samples were gen-
erated that pass the exclusion criteria defined in Section [2.3]
This is repeated for the other two investigated vowels as well.

In Experiment 3, the impact of the prompt length is analyzed.
Hence, each prompt in the range of one vowel (/a/), to 20 vowels
(/aaaaaaaaaaaaaaaaaaaa/), is taken as an input for the selected
TTS model and the output duration is measured. This approach
is used for each vowel /a/, /i/ and /u/ and two speakers (Alice
and Liam) each. Each prompt is used for generation until an SP,
which passes the exclusion criteria for SP is synthesized.

For the analyses of common voice metrics (Experiment 4),
Eleven v3 was used to produce roughly 20 SP samples per
vowel. Each sample was produced with another "voice". Since
Eleven v3 allowed further instructions, this was used like this:

[holding a vowel for 10 seconds at a comfortable pitch]
Juuuuuuuuuuuuuuy/

This is how 23 /a/ phonations (m: 11, f: 12), 20 /i/ phonations
(m: 9, f: 11) and 20 /u/ phonations (m: 9, f: 11) were generated.

2.3. SP Quality Classes
To evaluate the ability of current TTS models to produce SP
in Experiment 1, a structured assessment metric is required.


https://github.com/Mak-Sim/Troparion/tree/master/SPA2019

Given the wide variety of outputs and the need to provide a
fine-grain quality measurement, the assessment is split into two
stages. In the first stage, a set of non-negotiable exclusion crite-
ria is looked at. If any of these criteria are met, the correspond-
ing audio sample is disqualified from further evaluation, as it
cannot be considered a valid instance of sustained phonation.
These criteria are as follows:

e The model fails to generate an audio file from the prompt
within 30 s.

e The generated audio file is entirely silent.

e The audio contains elements unrelated to sustained phona-
tion, such as music, background sounds, or arbitrary spo-
ken text.

e The model generated an audio file with the wrong pronun-
ciation of the intended vowel.

e The model generated an audio file in which the vowels
are chopped instead of sustained. No part of the audio
includes sustained phonation.

Only audio files that do not meet any of these exclusion crite-
ria proceed to the second stage, where they are evaluated using
a more fine-grained quality assessment. Duration, continuity,
pitch height, and pitch movement are evaluated. Each category
can be assigned between O (unnatural) and 1 (natural) points -
except for pitch movement, where 2 points can be assigned at
maximum.

This means that audio files that pass the first evaluation stage
can receive a score between 0 and 5 points, whereas more points
mean more naturalness.

For the criterion duration, the point is given if, between the
onset and offset, the vowel is held and can be perceived as such
by a human rater. The continuity point is given if the SP is
in one piece and not split into multiple segments. Pitch height
is deemed unnatural if the voice seems strained or unnaturally
high or low, as one would not expect from a participant holding
a vowel at "a comfortable pitch".

2.4. Audio Processing

After recording and generating SP samples, the audio files
are processed to extract further information. The audio files
preprocessing, i.e. extracting the parts with sustained phona-
tion, and computing the desired metrics, is described in the fol-
lowing.

All files were converted to the WAV file format, using the
python library pydub. Praat, a speech analysis software de-
veloped by Paul Boersma and David Weenink (Boersma and
Weenink, 2007), was utilized for analyzing and manually trim-
ming the samples. The recordings of the human study partici-
pants, as well as the SP generations using prompts that did not
purely consist of concatenated vowels, were trimmed by ex-
tracting the parts with SP.

For the TTS quality assessment (Experiment 1), no audio
processing, besides file format conversion, was performed. For

the experiments that investigated the output length of SP sam-
ples (Experiments 2 and 3), the durations were calculated with
the Python library 1ibrosa.

For the comparison of synthetic and human SP samples (Ex-
periment 4), the segment between the voicing onset and offset
is analyzed, as it is considered relatively stable. To account for
differences in sample duration, equal-length excerpts are ex-
tracted. To increase statistical robustness, multiple excerpts are
randomly selected from each sample, thereby reducing the in-
fluence of local fluctuations. Specifically, for each signal, three
randomly chosen 500 ms segments are taken from the SP sam-
ples. A safety margin of 200 ms at the beginning and end of the
signal was excluded to minimize the effects of onset and offset.

The next step is calculating quantitative parameters, such as
HNR, as seen in |Gerratt et al.| (2016) and originally described
by Kreiman et al.| (2010). Moreover, jitter and shimmer will be
calculated as in|Vashkevich et al. (2019); Wertzner et al.|(2005)).
Furthermore, Patel et al.|(2018)) recommends looking at CPP, as
well. Finally, formants are compared as well.

The code for calculating jitter, shimmer, HNR, and formants
was modified from an existing script [GitHub]| (Feinberg},2022;
Puts et al.,2012). CPP was calculated with another script, pub-
lished by Satvik Dixit [GitHub]. Note that the definitions of
these parameters are ambiguous. For example, for jitter Jioc gps.
Jioes Jraps Ippgs and Jgq, were calculated.

2.5. Statistics

In Experiment 2, it is analyzed whether the duration of gen-
erated SP samples with the same prompt vary and specifically
whether they are Normal distributed. Whether this assumption
of Normality holds, is investigated visually with Q-Q-plots and
confirmed with the Shapiro—Wilk test, as recommended previ-
ously (Ghasemi and Zahediasl, [2012). In Experiment 3, lin-
ear regression is used to quantify the relationship between the
prompt length and the generated output duration.

In Experiment 4, common voice metrics are calculated for
three groups of SP samples (human samples from Erlangen and
Minsk, TTS-generated samples). Comparisons are made be-
tween two groups each. The variables under investigation are
continuous metrics derived from short audio segments. Prior to
hypothesis testing, the distributions of these metrics were as-
sessed. Since the data was found to deviate from normality, the
non-parametric Mann—Whitney U test is employed to evaluate
whether the distributions of the two groups differ significantly.
The significance threshold was set to @ = 0.05. Furthermore,
the Benjamini-Hochberg method was used to correct for mul-
tiple hypothesis testing. Alongside the test statistic U and ad-
justed p-values p,q;, the rank-biserial correlation r is reported
as a measure of effect size.

3. Results

3.1. Experiment 1: Ability to Produce Sustained Phonation

In the first experiment, models from various providers were
tested with prompts of different lengths and with different
speakers. To judge the ability of SP models to generate SP,


https://github.com/drfeinberg/PraatScripts/blob/master/Measure%20Pitch%2C%20HNR%2C%20Jitter%2C%20Shimmer%2C%20and%20Formants.ipynb
https://github.com/satvik-dixit/CPP/commits?author=satvik-dixit

a quality assessment system was developed (see Section [2.3).
Of 150 SP generation attempts, only 41 passed the first assess-
ment. ElevenLabs’ model Eleven v3 performs best, by far, with
a passing rate of 70.0 %. Gemini’s model is second with only
40.0 % of audio generations that did not fall into one or more
of the exclusion criteria. The other models have passing rates
below 15 %. The reasons for failing the definition of SP vary
per model. Eleven v3 failed mostly due to wrong pronunciation
of the intended sound or generation of music or random text.
83 % of failed attempts of Gemini’s model were caused by tak-
ing more than 30 s to generate a SP sample. Almost all of Hume
Octave’s failed attempts were flagged as such because the gen-
erations were silent audio files. The model of MiniMax pro-
duced mostly concatenated, not sustained vowels, which were
often pronounced near to the American "a", not the intended /a/,
additionally. Papla’s model P1, however, also struggled mostly
with the intended pronunciation, see Table |3;1'| for detailed re-
sults.

The average scores for audios that pass the exclusion criteria
are between 3.25 (MiniMax) and 4.57 (ElevenLabs) of 5 possi-
ble points. ElevenLabs’ model performs best, as before which
means that of the many audios that pass the criteria, the quality
is high as well. With ElevenLabs, the female voice has slightly
higher quality (4.80 vs. 4.36 points), and the different lengths
are almost equal in quality (4.50 / 4.50 / 4.71). The Gemini
model is the only model besides Eleven v3 where more than 4
audios passed the first assessment stage. The average quality
score is 0.4 points below ElevenLabs; differences in sex and
length are marginal.

In conclusion, all tested models are capable of producing SP,
however, with varying degrees of reliability. As the ElevenLabs
model Eleven v3 is the best model by far, it is analyzed further.

3.2. Experiment 2: Output Duration Distribution Analysis

The hypothesis that SP sample durations follow a Normal
distribution can be rejected, since the Shapiro-Wilk test yields
a p-value < 0.001, indicating highly significant results (see Ta-
ble 3.2). This non-normality is also evident in the Q-Q plots
(see Figure[T), where the sample quantiles deviate substantially
from the theoretical quantiles. The lower-end deviation can
be attributed to the impossibility of negative durations, but the
upper-end deviation indicates that longer durations are not well
captured by a Normal distribution.

3.3. Experiment 3: Impact of Prompt Length on Output Dura-
tion

Next, we investigated the impact of prompt length on output
length. We continued using Eleven v3 due to its performance
in Experiment 1. Figure [2] shows that the duration of the voice
signals was rising with longer prompts. Prompts with 1 - 4 vow-
els seem to produce substantially shorter sustained phonations.
However, with 5 vowels and more, the durations were oscillat-
ing around 2 seconds, with a peak at around 16 vowels in the
prompt.

A linear relationship between the prompt length and the out-
put length is expected. This can be confirmed, see Figure 2]
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Figure 1: Q-Q-plot of audio duration distribution. 100x /aaaaaaaaaaaaaaa/,
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Figure 2: Impact of prompt length on duration of generated output. A linear
regression line was fitted after excluding outliers.



Table 1: Results of Experiment 1. Pass Rate gives the percentage of generated audios that did not fail the exclusion criteria for SP, for each model, a total of 30
generations were made, see Section[Z3] Under quality scores are the scores that were assigned on average. Audios that were failing the inclusion criteria were
assigned —1. The quality scores, including the failing audios, are given in parentheses.

Model Pass Rate Quality (overall) Quality ( by sex) Quality (by prompt length)

ElevenLabs 21/30 (70.0%) 4.57 (2.90) F=4.80, M=4.36 10=4.50, 15=4.50, 20=4.71

Gemini 12/30 (40.0%) 4.17 (1.07) F=4.12, M=4.25 10=4.25, 15=4.50, 20=4.00

Hume 2/30 (6.7%) 4.00 (-0.67) F=4.00, M=4.00 10=4.00

MiniMax 4/30 (13.3%) 3.25 (-0.43) F=3.00, M=3.33 10=3.00, 15=3.50, 20=3.00

Papla 2/30 (6.7%) 3.50 (-0.70) M=3.50 15=4.00, 20=3.00
Table 2: Results of duration distribution of 300 equal-length prompts (100 per 1.2 1 human (Erlangen 2025)
vowe.l). Shapiro-Wilk tgsts.were performed to test whether generated audio 1 human (Minsk 2019)
durations are Normally distributed. 1.0

vowel  duration [s]  Shapiro-Wilk p
a 3.045 £ 1.197 0.0137
i 2.724 + 1.217 0.0006
u 2.500 + 0.931 0.0270
all 2.760 = 1.144 <0.0001

52 % of the variation in audio length is explained by prompt
length. The regression line can be described with

t=0.13n + 0.56, (1

whereas ¢ is the duration of the SP in seconds and = is the
number of vowels. This shows that the impact of the number
of vowels is small since almost 8 more vowels are needed to
increase the duration by 1 second.

When looking at each vowel individually, audio duration has
the highest correlation with the prompt length for /u/ with 69%
variation explained, then /i/ with 56 % explained and lastly, /a/
with 41 % variation explained.

3.4. Experiment 4: Comparing Human and TTS-generated
Sustained Phonation

In this experiment, clinical metrics are calculated for human
voices from Erlangen (N = 20 for all vowels), and Minsk (N =
31 (/a/), N = 33 (/i/)), and for synthetic voices (N = 23 (/a/),
N = 20 (/i/), N = 20 (/u/)) generated with ElevenLabs’ Eleven
v3. Pairwise Mann-Whitney U tests were performed. All tests
were corrected for multiple hypothesis testing using Benjamini-
Hochberg method.

3.4.1. Jitter

Jitter describes the perturbation of fundamental frequency.
High jitter values are significantly correlated to hoarseness
(p =< 0.001,r = 0.712) (Yumoto et al., [1984; Jones et al.,
2001). In general, jitter can be used to tell pathological and
healthy voices apart (Guimaraes, 2007). In a meta study, jit-
ter values from healthy control groups were compared. Mean
jitter values between 0.3 % and 1.2 % were reported across var-
ious studies. However, the value variance between studies and
in studies is high, with standard deviations of up to 0.5 % re-
ported. (Guimaraes}, 2007)

The measured samples show jitter values that align with these
reports. For example, J,,, is 0.29 % +0.32 % for human audios
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Figure 3: Jp45 of SP samples, by vowel and source

(Erlangen), 0.28% =+ 0.43% for the human jitter of the audios
of Minsk. Jitter for TTS-generated samples are also within the
reported ranges (0.47 % + 1.0 %).

Generally speaking, jitter values are lower for TTS voices
than for human ones; however, the effect is mostly marginal,
see Figure[3] While some significant differences are found (p <
0.05), they are mostly not of relevance due to their small effect
sizes.

However, between the Minsk human signals and the syn-
thetic voices, a relevant difference was found: jitter values for
/i/ are significantly lower when comparing TTS voices with
the ones from Minsk. 3 out of 5 jitter measurement cal-
culations found significant results with a medium effect size
(Jaap - p = 0.003,r = 0.33;J,p45 : p=0.004,r = 0.32;J,, :
p = 0.003,r = 0.33). Those differences are not confirmed by
the Erlangen data. (Jyqp : p = 0.019,r = 0.29;J,,,45 : p =
0.054,7 = 0.25; J,4p : p = 0.019,7 = 0.29)

In contrast, all jitter calculation methods show significant
and medium-to-large sized differences between the two human
groups for the vowel /a/ (for all jitter measures: p =< 0.001;
Jaagp 7 = 0.50;J10c 1 7 = 0.49; Jipeaps 7 = 042, Jppgs 1 ¥ =
0.49; Jyqp - 7 = 0.50).

3.4.2. Shimmer

Shimmer is the amplitude equivalent to jitter, and perceptu-
ally correlates with breathiness (Petrovic-Lazic et al.} 2015). In
a study on the "Standardization of acoustic measures for nor-
mal voice patterns”, S .4 shimmer values for healthy voices
between 0.132 dB and 2.37 dB were mentioned (De Felippe
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et al.l[2006). All S joc.4p shimmer values calculated from the an-
alyzed signals lie well within that range, with 0.32 dB + 0.32
dB (Erlangen) and 0.33 dB + 0.25 dB (Minsk), as well as 0.44
dB + 0.45 dB (TTS).

Synthetic voices have significantly higher shimmer values for
the vowel /a/, see Figure E} With all 6 shimmer calculation
methods, pairwise Mann-Whitney U tests with human SP sam-
ples from Minsk yield significant results. The effect sizes range
from r = -0.22 to r = —0.38. While differences are larger
between human voices from Minsk and synthetic voices, sig-
nals from Erlangen show significant differences for /a/ as well
(Siocap = p=0.008,r =-0.32;S 00 : p=0.027,r = -0.27).

3.4.3. Formants

Formants are a property of each individual, like a vocal fin-
gerprint, and show different patterns per vowel.

The first formant frequencies are significantly higher for syn-
thetic voices when sustaining the vowel /a/, see Figure 5] Both
Erlangen and Minsk human signals show decent effects (Erlan-
gen: p =< 0.001,r = —0.39; Minsk: p =< 0.001,r = —0.60).
Furthermore, the frequency of the first formant seems to be
lower for /i/ when comparing data from Minsk with TTS-
generated signals (p =< 0.001, r = 0.43). This is not the case
for signals from Erlangen compared to TTS voices. In fact,
voices from Erlangen have significantly higher first formant fre-
quencies for /i/ than voices of the Minsk group (p =< 0.001, r =
-0.42).

Generally, the second formant frequencies are higher across
all vowels in synthetic voices. This effect is significant and
medium-sized for the vowel /a/ spoken by voices from both
Erlangen (p = 0.002,r = —0.36) and Minsk (p = 0.006,r =
—0.30). Largely higher F, values have synthetic voices com-
pared to human voices concerning /u/ (Erlangen: p =<
0.001, r = =0.54).

Looking at '3, human voices from Minsk have significantly
lower formant frequencies for /a/ (p = 0.002, r = —0.33). This
is not the case for the comparison of Erlangen voices with TTS
voices (p = 0.327,r = 0.13). However, both human groups are
showing significantly, disaligning F; value distributions (p =<
0.001,r = 0.61).

For F4, no significant differences between groups were
found.

Figure[5|shows the relationship between formant frequencies
Fy and F,. The groups cannot be distinguished from the first
two formants alone for all vowels, as differences between the
two human groups seem as strong as differences between syn-
thetic and human SP samples.

3.4.4. Harmonics-To-Noise Ratio (HNR)

High Harmonics-To-Noise Ratio (HNR) values are corre-
lated with hoarseness (p =< 0.001,r = .809) (Yumoto et al.,
1984). De Felippe compared HNR values across studies and
found mean values between 7.82 dB and 10.98 dB (De Felippe
et al., 2006). The analyzed signals show much higher mean
HNR values: 23.7 dB + 5.06 dB (Erlangen), 24.8 dB + 6.29
(Minsk) and 20.6 dB + 6.86 dB (TTS), see Figure@

The HNR is significantly different (p =< 0.001) between
human (Minsk) and synthetic voice signals for /a/ with r = 0.52
and for /i/ with r = 0.41. HNR is lower for synthetic voices.
This is not supported by the data from Erlangen, though. In fact,
significant differences are found between both human groups
(/a/: p =< 0.001,r = —0.39, /i/: p = 0.002,r = -0.33).

3.4.5. Cepstral Peak Prominence (CPP)

The prominence of the strongest peak of the cepstrum (CPP)
is significantly higher in the synthetic recordings for the vowel
/i/. Both in Erlangen and Minsk, originating data confirms this
(Erlangen: p = 0.002,r = —0.38, Minsk: p =< 0.001,r =
-0.53), see Figure[7]

4. Discussion

4.1. Summary

The generation of audio files that pass the definition of SP
proved to be challenging for most of the examined models.
ElevenLabs’ model Eleven v3 outperforms the other models by
far with a criteria passing rate of 70.0 % and the highest average
quality of generated SP samples. Common problems were, on
the one hand, processing the prompt. Models failed to produce
an audio file in under 30 seconds or produced silent audio or
ones with random text, or even music. On the other hand, it
proved to be challenging to ensure the correct pronunciation as
well as that the vowels should be sustained for several seconds.

All following TTS samples were produced with Eleven v3.
The output length correlated with the prompt length (R = 0.72),
however, the effect is rather small as the prompt length must
increase drastically for longer audio outputs (circa 8 vowels /
S).

Then, sustained vowel productions from two human datasets
(from Erlangen and Minsk) were compared with synthetic
voices generated by a TTS system. Acoustic analyses focused
on jitter, shimmer, the first four formants, HNR, and CPP. Over-
all, all measures fell within normal ranges reported for healthy
speakers, with the exception of HNR, which was consistently
higher than values reported in previous studies. To account
for statistical robustness, only results that were both significant
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(p < 0.05) and of at least moderate effect size (r > 0.3) were
considered relevant.

Across both human groups, three consistent effects emerged
when comparing natural to synthetic voices. First, shimmer val-
ues were higher in synthetic voices for the vowel /a/. This find-
ing is noteworthy given that shimmer is caused by irregularities
in vocal fold vibration. Since TTS voices are not trained on sus-
tained vowel production, instabilities may arise when the model
attempts to generate long, steady phonation, resulting in artifi-
cially elevated shimmer. Second, formant frequencies (F; and
F,) of /a/ were consistently higher in synthetic voices. While
regional language differences could account for some variabil-
ity in the human groups, the greater magnitude of difference
between TTS and both human groups suggests that the dis-
crepancy reflects systematic properties of the synthetic voices.
Third, CPP values for /i/ were significantly higher in the syn-
thetic voices, indicating smoother and less noisy spectral en-
ergy distribution. This aligns with the expectation that TTS
voices, which are trained to sound pleasant and clear, lack the
breathiness, hoarseness, or microphone artifacts present in nat-
ural recordings.

In addition to these robust findings, several effects were ob-
served only in the comparison between the Minsk dataset and
the synthetic voices. Specifically, higher F; values for /i/,
higher F3 values for /a/, and lower HNR values for /a/ and /i/
were found. These effects were not replicated in the Erlangen
dataset and, importantly, significant differences were also ob-
served between the Erlangen and Minsk human groups them-
selves. The most plausible explanation is that these effects re-
flect regional or language-specific influences on vowel produc-
tion as well as methodological differences in recording condi-
tions. For instance, cross-linguistic variation in vowel quality
could explain the formant discrepancies, while differences in
microphone equipment, room acoustics, or preprocessing are
likely sources of the divergent HNR results. Furthermore, the
age of study participants varied. While participants from Erlan-
gen were quite young (25.5 years + 3.3 years), speakers from
Minsk were older (53.8 years + 11.6 years).

4.2. Limitations and Future Directions

While our study provides useful insights, some limitations
should be acknowledged. Due to the overall success of the
Eleven v3, we focused on the analysis of this TTS system. Fu-
ture research should investigate whether the observed devia-
tions in acoustic parameters are Eleven v3-specific or also oc-
cur in other models. Moreover, a closer matching of regional
origins of voices in future studies could prevent confounding
effects, as many of the observed differences may have resulted
from variations in the speakers’ native languages. Both fun-
damental frequency (Natour and Wingatel |2009) and formants
(Fox and Jacewiczl |2009) are influenced by the speaker’s eth-
nicity or region of growing up.

In a follow-up study, we would suggest testing the SP fea-
tures being able to distinguish to a larger extend synthetic and
real voices using Machine Learning. Our results suggest that
there are several distinctions across TTS systems and real hu-
man voices, but future research would be able to use explain-

able Al methods to further uncover distinctions in a more latent
parameter space.

Ultimately, the overall goal of future work should be to adapt
TTS models in ways that more closely reflect physiological
constraints and natural voice variability, using the information
gained from differences between human and TTS-generated SP
samples. At the same time, analyses should be extended be-
yond SP to more complex speech material, such as connected
speech, in order to capture aspects like prosody that are ignored
in sustained phonation.

5. Conclusions

The present study set out to evaluate state-of-the-art TTS sys-
tems using objective measures, rather than conventional MOS
ratings. While, to the best of our knowledge, MOS remains
the predominant benchmark in current literature, it is inherently
limited by its subjective nature. By adopting measures com-
monly used in medical voice assessment, this work provides a
more fine-grained image of where synthetic speech systemati-
cally diverges from human phonation.

The generation of sustained phonation samples posed a con-
siderable challenge for most TTS models. Among the systems
tested, only ElevenLabs’ model Eleven v3 was consistently able
to produce acceptable samples. Even so, deviations from hu-
man voices were observed. These deviations suggest that while
synthetic speech can approximate human-like sustained phona-
tion in certain respects, it lacks the physiological constraints
that anchor variability in real human voices.

Systematic mismatches are revealed that are invisible to
MOS-based scores, but which may nevertheless influence per-
ceptual judgments at a more implicit level. Whether such
mismatches directly affect listener perception remains an open
question, but they provide concrete starting points for future
improvements.

Ultimately, this study shows that objective, clinical voice
measures are a powerful tool for complementing traditional
evaluations. By grounding the assessment of TTS voices in
measurable deviations from human physiology, they not only
enable more transparent comparisons across models but also
point toward targeted strategies for making synthetic voices
more natural and physiologically plausible in the future.
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