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Abstract
Turner syndrome (TS) is a rare chromosomal condition af-

fecting only females and characterized by a wide phenotypic
variability, which often delays diagnosis. This study examines
the potential of vocal biomarkers to improve TS diagnosis using
sustained vowel recordings from 62 Brazilian participants (43
controls, 19 with TS; ages 16-55) collected with a smartphone.
Prosodic, spectral, and formant-related features were extracted
using OpenSMILE and Praat. The statistical analysis revealed
significant differences in several formant and shimmer descrip-
tors. Four supervised machine learning models were trained
to classify speech recordings between TS and control. Several
models achieved fair discrimination for this binary task, with
AUC values between 0.7 and 0.8 These findings motivate val-
idation in larger cohorts and the inclusion of additional speech
tasks, with the long-term goal of developing non-invasive low-
cost voice analysis as a complementary tool for TS screening.
Index Terms: voice biomarkers, Turner syndrome, rare condi-
tions

1. Introduction
Turner syndrome (TS) is a sex-chromosome disorder affecting
females, caused by the complete or partial absence of one X
chromosome, and characterised by a multisystem clinical spec-
trum that often delays recognition and care [1, 2]. Reported
prevalence at birth is approximately 1 in 2000–2500 live-born
females, although estimates differ depending on methodology
and population [1, 2]. Recent international guidelines em-
phasise the need for multidisciplinary care, highlighting ad-
vances in clinical surveillance, diagnostics, genetics, and hor-
mone therapy, [1]. Nevertheless, the median age at diagnosis
remains late, and many individuals are identified only in ado-
lescence or adulthood [3].

Beyond the well-known endocrine and cardiovascular man-
ifestations, TS frequently presents ear, nose and throat (ENT)
and craniofacial features that can affect communication [3].
Otorhinolaryngologic studies describe high rates of recurrent
otitis media, conductive hearing loss, early-onset sensorineural
hearing loss (SNHL), and palatal anomalies such as high-arched
or ogival palate, often detectable before the condition is diag-
nosed [4]. Systematic and scoping reviews show a dynamic au-
ditory profile: conductive problems predominate in childhood,
whereas progressive SNHL typically emerges from adolescence
onward [5, 6]. Nevertheless, real-world studies indicate that
ENT and dental surveillance remain under-implemented com-
pared to cardiac or renal assessments, limiting opportunities to
prevent or mitigate communication-related complications [7].

Several craniofacial and oral characteristics have been re-
ported in TS, including high-arched or narrow palate, microg-

nathia or retrognathia, malocclusions, and dental anomalies
(short roots, enamel defects, crowding, or altered eruption pat-
terns) [8, 9]. Such traits may affect velopharyngeal function,
reduce available tongue space, or modify oral airflow during
speech, and together with hearing impairment outline several
physiological mechanisms that could contribute to speech and
voice deviations in TS [10, 11].

Evidence on speech, language, and early communication in
TS is growing but remains limited. Studies in infants and tod-
dlers suggest that, even when average performance is within the
expected range, some children show early receptive-language
vulnerabilities and expressive–receptive asymmetries [12]. Re-
search in school-age children has reported phonological incon-
sistency and reduced intelligibility, even when phoneme pro-
duction is accurate in isolation [13]. Clinically, this combi-
nation of craniofacial constraints, fluctuating middle-ear status,
and progressive SNHL underscores the importance of early au-
diological monitoring and speech–language screening, as well
as the value of objective and scalable tools that can help iden-
tify risk before more obvious clinical features prompt genetic
testing [14, 1].

In the voice domain, classic acoustic studies report that
untreated girls with TS often have a higher fundamental fre-
quency (F0) than their age peers. Moreover, androgenic treat-
ments historically used to support growth can lower F0 in a
dose-dependent manner, a change that requires careful moni-
toring [15, 16].

These observations motivate exploring voice-based
biomarkers as non-invasive candidates for the early detection
and monitoring of TS using machine-learning (ML) methods,
whether relying on classic acoustic features or learned embed-
dings [17]. Within this context, the BeNeXT project adopts a
multimodal strategy that integrates voice, facial, and genomic
information to develop more inclusive and accessible ML tools
for earlier TS diagnosis [18].

This study presents an analysis of sustained-vowel as an ini-
tial step toward understanding how TS may manifest in acous-
tic relevant patterns. To this end acoustic-feature analysis is
combined with explainable machine learning modelling. The
remainder of this paper is organised as follows: Section 2 de-
scribes the dataset, feature extraction, processing, and mod-
elling pipeline; Section 3 presents the statistical and classifi-
cation results; and Section 4 discusses conclusions and future
directions.

2. Methodology
2.1. Study design and participant set

As aforementioned, this work has been developed within the
BeNeXT framework to evaluate whether speech can provide
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robust, non-invasive biomarkers for TS across languages and
recording conditions [18]. Recording campaigns are planned
across multiple countries (Spain, Brazil, Colombia, and Ar-
gentina) throughout the project.

In this study, we focus on the Brazilian subset compris-
ing 19 genetically confirmed TS participants and 43 controls.
Some first-degree relatives were also recorded but are not in-
cluded here. Recordings were acquired in a single session per
participant following a fixed task list (see section 2.2). Partici-
pants were recruited under approved protocols, with informed
consent for the scientific use of voice data and pseudoanon-
imisation. All procedures complied with ethics approvals and
data protection regulations. In line with these requirements, the
dataset is not publicly available; however, derived features may
be shared upon reasonable request.

2.2. Voice task protocol

To capture complementary aspects of phonation, articulation,
prosody and discourse organisation, the Brazilian protocol in-
cluded five tasks, shared with the Spanish cohort to enable fu-
ture cross-country comparability:
• Sustained phonation (SUS): sustained vowels (/a/, /i/) to

characterise phonatory stability (e.g., F0, formants, jitter,
shimmer, HNR).

• Reading of CAPE–V sentences (CAP): standardised sen-
tence list to elicit controlled articulation and prosodic pat-
terns [19].

• Picture description (PCT): semi-spontaneous monologue
describing a complex image, probing speech timing (pauses
and rate) and prosody.

• Diadochokinetic sequences (DDK): rapid repetition of /pa/,
/ta/, /ka/ and /pataka/, assessing articulatory speed and regu-
larity.

• Conversational speech (CNV): brief guided dialogue to
elicit naturalistic speech with minimal constraints.

Each task was recorded at least onceand repeats were allowed
to mitigate disfluencies or technical artefacts.

In this study, we focus on the analysis of /a/ vowels as a first
attempt to characterise and detect TS variations through vocal
biomarkers because it provides a stable articulation with mini-
mal coarticulatory effects and is commonly used in phonatory
studies. For most participants, three repetitions of the /a/ vowel
were recorded, although in a few cases four, five, or even six
repetitions were obtained.

2.3. Audio acquisition (Brazil)

All recordings were collected using an iPhone X. Sessions took
place in a quiet room, and participants were seated and in-
structed to maintain a comfortable speaking loudness at a con-
sistent mouth–phone distance. Basic quality checks (e.g., clip-
ping, gross background noise, etc.) were performed on the spot.
When needed, the task was repeated.

2.4. Annotation and data management

An audio file was collected for each participant. Manual label-
ing was used to mark the start and end of each task, and sus-
tained vowels were labeled individually. These labels were then
used to automatically segment the audio into clips. For each au-
dio clip, we stored: (i) an pseudoanonimised participant identi-
fier; (ii) country (BR, ES); (iii) task (SUS, CAP, PCT, DDK,
CNV); (iv) label (Turner/Control/Relative); and (v)

age. Files were stored in a secure repository with access con-
trol aligned with institutional policies.

2.5. Acoustic feature extraction

The process of acoustic feature extraction was inspired in [20],
for each recording sixty-four acoustic–prosodic descriptors
were obtained using:

1. OpenSMILE was used to compute prosodic and spec-
tral summary statistics (e.g., F0 in semitones, per-
centiles and dispersion, intensity-related measures, spec-
tral/cepstral descriptors, voicing statistics, etc.) with
smoothed trajectories (sma3nz) and per-utterance func-
tionals [21]. Several examples of these features in-
clude: F0semitoneFrom27.5Hz sma3nz amean / stddev / per-
centiles, HNR/HNRdBACF, jitter/shimmer (local and dB),
voiced/unvoiced segment counts and durations.

2. Praat via Parselmouth was used to obtain phonetic mea-
sures (e.g., meanF0, stdevF0, and formant-related descriptors
F1/F2/F3 means and bandwidths) and timing metrics (e.g.,
mean pause dur, speech rate, silence rate) in a reproducible
Python environment [22].

Since the feature set intentionally focuses on language-
agnostic acoustic statistics to support multilingual robustness,
no linguistic features (e.g., ASR transcripts or embeddings)
have been considered. All features were computed at the file
level (one vector per recording) and stored together with the
metadata for subsequent analysis.

For the analysis of sustained /a/ vowels, we retained a
compact set of 43 acoustic features [20], grouped into three
physiological–acoustic domains. Glottal-source measures cap-
tured short-term perturbations of vocal-fold vibration (e.g., jit-
ter, shimmer, HNR), reflecting stability and noise in the phona-
tory source. Vocal-tract–related features included statistics of
the main formants (F1–F4) and their bandwidths, describing
the resonant configuration of the vocal tract during sustained
phonation. Finally, F0-based prosodic descriptors summarized
the behaviour of the fundamental frequency (including central
tendency, variability, and contour slopes—providing informa-
tion about pitch stability over time). Together, these feature
groups offer a compact yet physiologically meaningful repre-
sentation of sustained vowel production.

2.6. Feature processing

To reduce age-related confounding, each acoustic feature was
tested for linear association with age using Pearson correlation.
Features showing a significant correlation (p < 0.05) were
residualized. For each such feature, a linear regression model
was fitted using only the control participants:

xi = β0 + β1 · agei + εi.

The fitted parameters (β0, β1) were then used to compute age-
corrected residuals for both the control and TS groups:

xresid
i = xi − (β̂0 + β̂1 · agei).

Regarding statistical analyses, group differences in acous-
tic features were assessed using the Mann–Whitney U test [23],
a non-parametric alternative to the independent-samples t-test
suitable for skewed or non-normally distributed data. For
each feature, we computed the U statistic, raw p-value, and
rank-biserial correlation as the effect-size measure. Because
multiple acoustic features were tested in parallel, p-values were
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adjusted using the Benjamini–Hochberg False Discovery Rate
(FDR) procedure [24], and only features with FDR-corrected
values below 0.05 were retained. These statistical tests were
performed on the full set of observations to identify differences
in acoustic features between groups, thereby assessing distribu-
tional changes while preserving variability across samples.

In addition to this inferential selection approach, we also
applied a complementary data-driven criterion based on Mini-
mal Redundancy Maximal Relevance (MRMR), a widely used
method to identify compact and informative acoustic subsets
by maximizing relevance to the target label while minimizing
inter-feature redundancy that has been successfully applied in
voice analysis [25]. This dual strategy enabled us to compare
statistically significant features with those selected through a
relevance-based criterion, providing both interpretability and
robustness in subsequent classification experiments.

2.7. Machine learning training

2.7.1. Model Selection

To investigate the feasibility of automatically identifying TS,
we evaluated four widely used ML algorithms, which represent
different modelling paradigms and levels of complexity:
• Logistic Regression (LR): a linear baseline classifier that

provides well-calibrated decision boundaries and inter-
pretable model coefficients.

• Random Forest (RF): an ensemble of decision trees trained
using bootstrap aggregation, capable of capturing non-linear
relationships and feature interactions.

• Support Vector Machine with Radial Basis Function ker-
nel (SVM-RBF): a margin-based classifier that maps samples
into a higher-dimensional feature space to separate complex
patterns.

• Extreme Gradient Boosting(XGBoost): a gradient-boosted
tree ensemble optimized with second-order gradient informa-
tion and regularization terms, known for high predictive per-
formance.

Using a mix of linear, tree-based, margin-based, and boost-
ing classifiers provides a useful perspective on how different
approaches perform on the task at hand.

2.7.2. Cross-Validation Design

Model training and evaluation were conducted using a strati-
fied, grouped, nested cross-validation (CV) scheme designed to
ensure robust and unbiased estimation of generalization perfor-
mance. A grouped CV approach was required because multiple
samples may originate from the same subject. To prevent infor-
mation leakage, all samples belonging to the same participant
were placed exclusively into either the training or test split of a
given fold. Stratification preserved the proportion of TS vs con-
trol samples (non-TS) within each fold, ensuring that class dis-
tribution remained consistent throughout the training and vali-
dation splits.

The outer loop consisted of 5 folds (four used for train-
ing and one for testing). Within each outer-training split,
model hyperparameters were optimized using a nested 3-fold
cross-validation with random search based on average precision
(area under the precision–recall curve).

To further stabilize the performance estimates and reduce
dependency on a particular partitioning of the data, the complete
nested CV pipeline was repeated 10 times, each repetition using
a new random seed to generate different fold partitions.

2.7.3. Performance metrics

For each trained model, we computed a set of evaluation met-
rics commonly used in classification tasks, including Area Un-
der the ROC Curve (AUC), Macro-averaged F1-score, Precision
and Recall. Each metric was aggregated as mean ± 95% confi-
dence interval, computed across all outer-CV test folds and all
repetitions. This approach provides a robust, variance-aware es-
timate of model performance that reflects both fold-to-fold and
repetition-to-repetition variability.

Table 1: Mann–Whitney U test results with Ben-
jamini–Hochberg (BH) correction for features significant
between control and Turner syndrome groups. Effect sizes are
reported as rank-biserial correlations (rrb).

Feature U praw pBH rrb

f3 mean 5513 0.000 0.007 −0.34
f3 median 5426 0.000 0.008 −0.31
F2bandwidth sma3nz amean 5299 0.001 0.012 −0.28
f2 mean 5300 0.001 0.012 −0.28
aqpq5Shimmer 5274 0.002 0.012 −0.28
f2 median 5277 0.002 0.012 −0.28
f1 median 5216 0.003 0.018 −0.26
F3frequency sma3nz stddevNorm3071 0.004 0.021 0.26
localShimmer 5076 0.010 0.046 −0.23
localdbShimmer 5062 0.011 0.046 −0.23

3. Results and discussion
3.1. Feature analysis results

The acoustic features were statistically compared between
groups (Turner and controls) using a Mann–Whitney U test,
complemented with rank-biserial correlation as the effect-size
metric and Benjamini–Hochberg correction to control the
false-discovery rate. Table 1 summarizes the features that re-
mained significant after correction, yielding a total of 10 de-
scriptors with pBH < 0.05.

Most significant effects corresponded to formant-related
features, particularly those involving F1, F2 and F3 cen-
tral tendencies. Mean and median values of F3 and F2
(f3 mean, f3 median, f2 mean, f2 median) showed consis-
tent reductions in the target group, and the same trend was
observed for f1 median. These negative effect sizes sug-
gest systematic shifts in the vocal-tract resonance patterns
of the Turner group. Additionally, one bandwidth measure
(F2bandwidth sma3nz amean) was also lower, indicating dif-
ferences in spectral configuration. In contrast, the variabil-
ity of F3 (F3frequency sma3nz stddevNorm) was higher in the
Turner group, pointing to increased dynamic instability around
that resonance.

Three perturbation-related descriptors, all shimmer mea-
sures (aqpq5Shimmer, localShimmer, localdbShimmer), also
showed significant group differences. All exhibited negative
effect sizes, reflecting lower amplitude perturbation and sug-
gesting reduced short-term instability of the glottal source in
the target group.

Overall, the pattern of results indicates combined alter-
ations in vocal-tract resonance and glottal stability, with system-
atically reduced F1–F3 central tendencies and shimmer mea-
sures, together with increased F3 variability.

Figure 1 provides a complementary visualisation of these
effects by showing the kernel density estimates of both Turner
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Figure 1: Probability density functions (PDFs) of the features showing significant differences between the control and Turner syndrome
groups, based on the Mann–Whitney U test after Benjamini–Hochberg correction.

and control groups for the significant features identified in Ta-
ble 1. The figure also includes the median values for each
group, indicated by dashed vertical lines, which help highlight
the systematic shifts in central tendency observed in the sta-
tistical analysis. The distributions illustrate clear shifts in the
central tendency of the formant-related measures (F1, F2, F3),
with the Turner group exhibiting systematically lower density
peaks in the regions where the control group concentrates most
of its probability mass, fully consistent with the negative ef-
fect sizes reported. This pattern is particularly evident for the
F2 and F3 mean and median descriptors, whose strong statisti-
cal significance is reflected in the visible displacement and re-
duced overlap between groups. In contrast, the increased vari-
ability observed in F3frequency sma3nz stddevNorm manifests
as a broader and flatter density curve for the Turner group. The
shimmer-based perturbation measures also show lower overall
densities for the Turner class, aligning with the negative ef-
fect sizes found for aqpq5Shimmer, localShimmer and localdb-
Shimmer. Altogether, the density plots reinforce the main ten-
dencies highlighted by the Mann–Whitney analysis, supporting
the presence of consistent and interpretable differences in both

vocal-tract resonance and glottal stability between Turner and
control participants.

3.2. Classification results

Table 2 shows the cross-validation performance of four ML
models under the two feature-selection strategies.

Using the Mann-Whitney selected features (Table 2a), all
models achieved comparable and moderate discrimination, with
AUC values in the range 0.70–0.75. Among them, XGBoost
obtained the highest performance (AUC = 0.750 ± 0.029), to-
gether with the best macro-F1, Precision and Recall, indicating
more stable classification across classes. Random Forest and
SVM showed similar behaviour and outperformed Logistic Re-
gression, which yielded the weakest results within this feature
subset.

When using the MRMR-selected features (Table 2b), per-
formance diverged more strongly across models. XGBoost
again provided the best results, reaching an AUC of 0.821 ±
0.028 and the highest macro-F1 and Recall, suggesting that
MRMR favours non-linear, tree-based classifiers. Random For-
est also benefited from MRMR, improving substantially com-
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(a) Performance comparison of models with the Mann-Whitney selected features.

Model AUC F1 macro Precision Recall

Logistic Regression 0.702± 0.036 0.675± 0.028 0.705± 0.027 0.695± 0.026
Random Forest 0.715± 0.029 0.690± 0.020 0.712± 0.019 0.720± 0.021
SVM (RBF) 0.713± 0.032 0.701± 0.027 0.714± 0.026 0.725± 0.027
XGBoost 0.750± 0.029 0.705± 0.024 0.720± 0.022 0.726± 0.024

(b) Performance comparison of models with the MRMR selected features.

Model AUC F1 macro Precision Recall

Logistic Regression 0.613± 0.043 0.633± 0.025 0.655± 0.030 0.649± 0.024
Random Forest 0.808± 0.027 0.775± 0.021 0.808± 0.021 0.783± 0.021
SVM (RBF) 0.638± 0.035 0.646± 0.026 0.687± 0.028 0.657± 0.025
XGBoost 0.821± 0.028 0.780± 0.024 0.804± 0.024 0.783± 0.025

Table 2: Model performance comparison.

pared to the Mann–Whitney setting. In contrast, Logistic Re-
gression and SVM showed lower AUC and F1 values under
MRMR, indicating that this feature subset is less suited to linear
or margin-based classifiers. Overall, the results show that tree-
based ensembles (particularly XGBoost) generalise best under
both feature-selection approaches, with MRMR widening the
performance gap between non-linear tree-based models and lin-
ear or margin-based classifiers.

3.3. Discussion

This study explored two complementary feature–selection
strategies in order to assess their impact on the automatic dis-
crimination between Turner Syndrome (TS) and control partic-
ipants from sustained /a/ vowel recordings. The results reveal
a clear contrast between the interpretability-oriented statistical
approach and the data-driven MRMR criterion.

Moreover, some differences emerge in the type of fea-
tures highlighted by MRMR. In particular, several of the
MRMR-selected descriptors related to F0 expressed in semi-
tone scale (e.g., F0semitoneFrom27 5Hz sma3nz pctlrange0 2,
F0semitoneFrom27 5Hz sma3nz stddevFallingSlope) do not
exhibit strong or easily observable group differences when in-
spected on a feature-by-feature basis. This behaviour is con-
sistent with the nature of the MRMR criterion, which selects
features not only by their individual relevance to the class label
but also by their mutual information with the rest of the selected
set. As a result, MRMR may favour descriptors that contribute
to the multivariate separation jointly but whose marginal dis-
tributions alone provide a weaker or less intuitive explanation
of the Turner–control contrast. This also helps explain the im-
proved performance of models that exploit non-linear feature
interactions, such as Random Forest and XGBoost.

A further consideration is the limited size of the present
dataset. The Brazilian subset analysed here, consisting of 19
TS participants and 43 controls, provides only a preliminary
view of potential acoustic deviations in TS. While the con-
trolled recording protocol and homogeneous front-end acquisi-
tion strengthen internal validity, the small sample size restricts
the generalisation of these findings to broader TS populations.
Larger and more diverse cohorts, together with the inclusion of
additional speech tasks, will be necessary to validate the ob-

served patterns and assess their consistency across languages
and clinical backgrounds. Nonetheless, focusing on physiolog-
ically interpretable features, as done here, offers a promising
path toward identifying robust vocal markers of TS that could
complement existing clinical assessment pipelines.

Turner syndrome is characterised by broad phenotypic het-
erogeneity, with clinical manifestations that vary widely across
individuals. This variability includes multiple developmental
and craniofacial features, such as high-arched or ogival palate,
narrow maxilla, or altered oral cavity geometry, which may
plausibly influence vocal-tract resonance. Such anatomical dif-
ferences could contribute to the systematic shifts in F1–F3 for-
mant measures observed in this study, particularly the reduced
central tendencies in the Turner group. However, the small sam-
ple size (only 19 TS participants) likely does not capture the full
variability of the condition, especially since vocal or phonatory
deviations may occur only in a subset of individuals with TS. As
a result, important subprofiles of Turner syndrome that more
strongly affect voice production (whether glottal, articulatory,
or resonance-related) may remain under-sampled or entirely ab-
sent from the present dataset. This limitation underscores the
need for future work to identify more homogeneous vocal sub-
groups within the broader TS population, separating individuals
whose craniofacial, auditory, or developmental characteristics
are most closely linked to acoustic deviations from those who
show minimal or no vocal alterations. Such stratification would
enable a more precise characterisation of vocal markers in TS
and enhance both the interpretability and the clinical relevance
of voice-based diagnostic approaches.

Overall, this preliminary work highlights the potential and
limitations of acoustic analysis for TS detection. The findings
support the feasibility of ML-based approaches while under-
lining the importance of feature interpretability and the need
for expanded datasets to advance toward clinically meaningful
voice biomarkers.

4. Conclusions
This work provides an initial exploration of acoustic markers of
Turner syndrome (TS) using sustained /a/ vowels and a com-
bined statistical and machine-learning approach. The statisti-
cal analysis revealed consistent differences in formant-related
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and shimmer-based descriptors, suggesting that TS may be
associated with subtle but measurable deviations in reso-
nance configuration and glottal-source stability. To assess
the predictive value of these acoustic markers, we compared
machine-learning models trained on features selected either
through the Mann–Whitney procedure or a standard MRMR ap-
proach. The Mann–Whitney–based subset yielded more stable
performance across modelling strategies, whereas MRMR im-
proved accuracy for non-linear tree-based methods by empha-
sizing multi-dimensional interactions. Across both approaches,
tree-based ensemble models (particularly XGBoost) achieved
the highest discrimination. These preliminary results point to
the potential of voice-based analysis as a non-invasive tool for
studying TS. Several aspects will require further investigation
in future work, including the use of larger and more diverse co-
horts to strengthen generalisability, and the incorporation of ad-
ditional speech tasks to determine whether the observed acous-
tic differences extend beyond sustained vowels.
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