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ABSTRACT
Voice disorders impact communication, employability, and quality
of life; however, gold-standard assessments based on laryngoscopy
remain invasive and resource-intensive. This work examines the
impact of vowel choice, pitch condition, speaker sex, and feature de-
sign on the performance of machine-learning models for automatic
voice pathology detection. Using the Saarbrücken Voice Database
(SVD), we build a benchmark on sustained vowels by deriving 120
binary classification tasks from the factorial combination of vowel
(/a/, /i/, /u/, all), pitch condition (low, high, normal, low-high-low,
all), and speaker sex (male, female, both). We compared a baseline
acoustic representation inspired by recent work with an extended
feature set. Four off-the-shelf classifiers were evaluated using AUC
as the main performance metric. Results show that XGBoost and
SVM consistently achieve the best ranks, with median AUC values
around 0.80 and a maximum of 0.866 for the configuration combin-
ing novel features, all pitch conditions, male speakers, and vowel
/a/. Sex-specific models consistently surpass mixed-sex models, and
feature-importance analysis highlights spectral bandwidth, jitter,
and shimmer as key descriptors. The proposed feature set outper-
forms the baseline, and using only sustained /a/ is as effective as
using all vowels, simplifying acquisition. Future work may improve
the pre-processing step, expand the feature set, and employ deep
features.
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1 INTRODUCTION
Voice disorders impair communication, work ability, and quality of
life. Clinical diagnosis frequently relies on laryngoscopy and stro-
boscopy, which are invasive, resource-intensive, and uncomfortable
for patients. These constraints have driven the development of non-
invasive, signal-based screening methods that analyze sustained
vowels or brief speech segments and flag likely pathology. Recent
studies formalize this pipeline as acquisition, preprocessing, feature
extraction, supervised classification into healthy vs. pathological
(and, in some cases, into specific disorder categories) [1, 2].

Machine learning (ML) methods and, more recently, deep neural
networks (DNNs) have accelerated progress by learning discrim-
inative representations directly from acoustic signals and, when

available, complementary electroglottographic (EGG) traces [1].
Convolutional architectures trained on sustained /a/ phonemes
have reported competitive results. Moreover, hybrid CNN-RNN
models, residual networks, and transfer learning have also been
explored, often using time-frequency representations such as mel-
spectrograms or alternatives handcrafted to speech perception [3–
5]. Despite advances, performance remains sensitive to feature
design, model choice, dataset composition, and evaluation protocol.

Despite the steady progress, two aspects remain insufficiently
quantified. First, experimental protocols vary widely across studies,
particularly in terms of which vowel is analyzed and under what
pitch condition. Many works focus on a single vowel, which ob-
scures the influence of phonetic content and phonatory setting on
performance [6]. Second, the contribution of fusing metadata (such
as sex and age) with audio data is not well established [1, 2].

Accordingly, this study has two objectives. Firstly, to quantify
how sustained-vowel choice and pitch condition affect binary voice-
pathology classification. Second, assess the contribution of audio-
only models against models augmented with sex and age meta-
data. Throughout, we exclude electroglottographic (EGG) and read-
sentence materials, and we report ROC/AUC alongside precision,
recall, 𝐹1, and confusion matrices to support clinically oriented
interpretation.

2 RELATEDWORK
Research on non-invasive screening of vocal disorders has evolved
along two complementary lines: (i) handcrafted acoustic descrip-
tors followed by classical classifiers, and (ii) deep representations
learned from time-frequency images (or raw waveforms), some-
times complemented by electroglottographic (EGG) or clinical in-
formation.

2.1 Handcrafted features and classical ML
Early and still widely used pipelines extract short-time descrip-
tors, such as Mel-Frequency Cepstral Coefficients (MFCCs), energy
and zero-crossing statistics, and perturbation measures like jitter,
shimmer, and harmonic-to-noise ratio (HNR), and feed them to
supervised learners (SVM, decision trees, Naïve Bayes, etc.). A re-
cent comparative study across different voice databases reaffirmed
MFCCs as a strong baseline while highlighting the importance
of balanced splits and richer metrics beyond accuracy [2]. In the
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same study, Online Sequential ELM (OSELM) stood out among
classical models, reaching over 86% accuracy in single database
evaluation and keeping consistent performance (over 81%) under
cross-database testing [2].

More recently, a comprehensive and reproducible benchmark
on the Saarbrücken Voice Database (SVD) focused on handcrafted
descriptors for binary vocal-pathology detection [7]. In that work,
the authors restricted the analysis to adult speakers producing sus-
tained /a:/ at normal pitch, carefully selecting at most one healthy
and one pathological recording per subject and trimming lead-
ing/trailing silence.

From each recording, they extracted a set of acoustic and meta-
acoustic features, including mean and variability of the funda-
mental frequency, classical perturbation measures (jitter, shim-
mer, HNR), spectral descriptors (centroid, contrast, flatness, roll-off,
zero-crossing rate), and cepstral statistics based on MFCCs and
LFCCs. Two additional features were proposed to better capture
irregular phonation: a binary indicator of unreliable f0 estimation
(NaN feature) and a pitch-difference descriptor that quantifies intra-
utterance variability of f0. Age and sex were also incorporated as
metadata.

On top of these descriptors, [7] systematically evaluated thou-
sands of feature subsets combined with six classical classifiers (k-
NN, Naïve Bayes, decision trees, random forests, AdaBoost, and
SVM with RBF kernel). The evaluation protocol relied on strati-
fied 10-fold cross-validation with minority-class oversampling via
k-means SMOTE, applied only to the training folds, followed by
feature scaling and a grid search over classifier hyperparameters.
Instead of accuracy, model selection and reporting emphasized met-
rics that are more robust to class imbalance, such as Matthews
Correlation Coefficient (MCC), sensitivity, specificity, geometric
mean, and unweighted average recall. The best random forest and
AdaBoost configurations achieved UAR values around 85% on SVD,
establishing a strong and transparent baseline for future work [7].

2.2 Deep time-frequency representations
Convolutional architectures trained on spectro-temporal images
(e.g., mel-spectrograms, gammatonegrams, scalograms) have de-
livered consistent gains over purely handcrafted features in sev-
eral settings [3]. Beyond standard mel-spectrograms, alternatives
that better approximate human auditory filtering or capture non-
stationarity have been explored. For instance, a multidimensional
feature extraction approach combining gammatone-based represen-
tations with Teager-Kaiser energy (TKEO) scalograms, coupledwith
a modified ResNet backbone, reported high accuracy in both binary
and multi-class setups [5]. Hybrid CNN-RNN designs have also
been proposed to model local spectral patterns and longer-range
temporal dependencies within the same framework [4].

3 EXPERIMENTAL METHODOLOGY
This section details the experimental methodology adopted in this
study. An end-to-end overview of the pipeline—from data acquisi-
tion to model evaluation—is depicted in Figure 1.

3.1 Dataset
The Saarbrücken Voice Database (SVD) is a clinically curated corpus
of German speech developed by the Phonetics group at Saarland
University and made publicly available for research on normal and
pathological phonation.1 It contains recordings from 1002 patho-
logical speakers and 851 controls, corresponding to 2225 recording
sessions and covering a broad range of voice disorders. Among
the pathological speakers, 454 are male, and 548 are female; in the
control group, 423 are male, and 428 are female, as shown in Figure
2. Each session includes sustained vowels /i/, /a/, /u/ produced at
typical, higher, lower, rising, followed by falling pitch, plus a short
read sentence. Microphone audio and simultaneous electroglotto-
graph (EGG) are provided as high-quality WAV signals, recorded at
50 kHz, 16-bit precision [6, 8].

The SVD database comprises functional and organic disorders,
featuring 71 diagnosis labels. Among singly-labeled pathological
sessions, the most frequent diagnoses include vocal fold paralysis,
hyperfunctional dysphonia, and laryngitis [6]. Recordings are or-
ganized by speaker/session and diagnosis category, and metadata
fields include speaker’s sex, age, and clinical diagnosis, enabling
either a binary (healthy vs. pathological) aggregation or diagnosis-
specific stratification.

To illustrate the acoustic variability present in the curated subset,
Figure 3 shows waveforms and log-magnitude spectrograms for
two female speakers: a healthy control (session ID 1, panels a–b)
and a pathological case diagnosed with laryngitis (session ID 493,
panels c–d). Both samples correspond to the sustained vowel /a/ at
neutral pitch, after silence trimming and preprocessing as described
above.

The spectrogram of the healthy speaker (panel a) presents a clear
harmonic stack with well-defined formant bands and relatively
low broadband noise between harmonics, while the correspond-
ing waveform (panel b) exhibits a highly regular, quasi-periodic
oscillation with relatively stable cycle-to-cycle amplitude. In con-
trast, the pathological sample with laryngitis (panels c–d) exhibits a
blurrier harmonic structure with increased aperiodic energy at mid-
to-high frequencies, accompanied by more pronounced amplitude
fluctuations and irregularities in the time-domain signal.

In line with Vrba et al. [7], we restrict our experiments to micro-
phone recordings of the sustained vowel /a/ produced at neutral
pitch, exclude EGG signals and read sentences from all experiments,
and collapse the original diagnosis categories into a binary label of
healthy versus pathological.

We adopt the machine-readable metadata table scraped from
the SVD website and released by [7] et al. as part of their study
and companion repository2. The same filtering strategy is applied:
recordings from subjects younger than 18 years are removed; ses-
sions reported as corrupted or containing artifacts in the original
comments are excluded; recordings marked as produced with a
singing voice are discarded; and, for each subject, at most one
healthy and one pathological /a/ recording are retained, selecting
the oldest session by date and recording ID to avoid data leakage [7].
For the remaining signals, we reuse the silence-trimmed waveforms

1https://stimmdb.coli.uni-saarland.de/
2https://github.com/aailab-uct/Automated-Robust-and-Reproducible-Voice-
Pathology-Detection
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Figure 2: Distribution of healthy and pathological recordings
by speaker sex in the curated SVD dataset.

provided in the repository, where leading and trailing segments
that are more than 15 dB below the maximum root mean square
amplitude are removed using librosa.effects.trim. This results
in the same curated subset of 1636 trimmed /a/ recordings described
by Vrba et al. [7].

3.2 Data preprocessing and feature extraction
Starting from the curated and silence-trimmed subset described
above, we compute frame-level acoustic features directly on the
trimmed sustained /a/ segment provided by Vrba et al. [7]. The
original SVD speech channel is recorded at 𝑓𝑠 = 50 kHz; signals
are processed at their native sampling rate (or resampled to 50 kHz
when needed). No additional denoising, silence removal, or loud-
ness normalization is applied beyond the preprocessing pipeline
of Vrba et al., so that the data presented to the classifiers are iden-
tical to those used in [7]. Speaker sex and age are taken from the
machine-readable SVD metadata compiled by Vrba et al. and used
only as optional covariates. The target is a binary label (healthy vs.
pathological) aggregated from the database diagnosis categories.

Table 1 summarizes the acoustic descriptors computed on each
trimmed segment. Frame-level features are extracted with a window
of approximately 41ms and a hop of approximately 10ms, then
aggregated as indicated (means and standard deviations where
applicable). Pitch is estimated with pYIN; perturbation measures
(local, RAP and PPQ5 jitter; local, APQ3 and APQ5 shimmer) and

harmonics-to-noise ratio follow the standard procedures imple-
mented in Praat; cepstral peak prominence (CPP) is computed from
the log-spectral cepstrum by measuring the prominence of the main
peak in the quefrency region corresponding to 60–300Hz. These
families cover source-related cues (periodicity and perturbation)
and filter-related cues (spectral envelope), which are known to be
informative for dysphonia screening.

We consider two handcrafted acoustic representations. The Vrba
(baseline) feature set reproduces the descriptors used byVrba et al. [7],
including mean 𝑓0, harmonics-to-noise ratio (HNR), jitter, shim-
mer, spectral centroid, spectral roll-off, zero-crossing rate, LFCC,
MFCC-based statistics, skewness and shannon entropy. The Vrba+
(extended) feature set augments this baseline with minimum and
maximum 𝑓0, spectral bandwidth, RMS energy, band-wise spec-
tral contrast (seven octave bands rather than a single average),
additional jitter and shimmer variants (local, RAP, PPQ5, APQ3,
APQ5), and a simple CPP measure. Table 1 lists all descriptors in the
Vrba+ set; the Vrba baseline corresponds to the subset originally
considered in [7].

3.3 Classification learning tasks
Two acoustic feature datasets were used in this study: the fea-
ture set proposed by Vrba et. al [7] and the expanded feature set
(Vrba+). Each dataset was independently expanded into a structured
collection of binary classification tasks derived from the factorial
combination of three experimental factors:

• Vowel: /a/, /i/, /u/, and all vowels combined;
• Pitch condition: low pitch, high pitch, normal pronuncia-
tion, low-high-low intonation, and all conditions combined;

• Speaker sex: male only, female only, and both.

This design resulted in 5× 3× 4 = 60 tasks per dataset, totaling 120
binary classification tasks across the two datasets. Each task repre-
sents an independent classification problem aimed at discriminating
healthy from pathological phonation.

Before model training, all tasks underwent a standardized pre-
processing workflow. The procedure consisted of the following
steps: i) removal of near-zero-variance features; ii) conversion of
all non-numeric predictors (factor or character types) into numeric

3
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Figure 3: Examples of sustained /a/ at neutral pitch from female speakers in the SVD dataset. Panels (a)–(b) show spectrogram
and waveform for a healthy control, and panels (c)–(d) show the corresponding signals for a pathological case diagnosed with
laryngitis.

Table 1: Acoustic features in the extended feature set (Vrba+) extracted from the trimmed sustained vowel segment.

Group Feature (symbol) Key parameters Ref.

Pitch Fundamental frequency (𝑓0) pYIN; 𝑓min = 50Hz, 𝑓max =

500Hz
𝜇𝑓0 , 𝜎𝑓0 , min 𝑓0, max 𝑓0 [9]

Cepstral MFCCs (𝑐𝑖 , 𝑖 = 1 . . . 20) 41ms window, 10ms hop; 128
mel bands; 13 coeffs

𝜇 (𝑐𝑖 ) , 𝜎 (𝑐𝑖 ) [10]

Cepstral LFCCs (𝑙𝑖 , 𝑖 = 1 . . . 20) linear-scale filterbank;
FFT=2048, hop=512

𝜇 (𝑙𝑖 )

Cepstral Deltas (Δ𝑐𝑖 , Δ2𝑐𝑖 ) same as MFCCs 𝜇 (Δ𝑐𝑖 ) , 𝜇 (Δ2𝑐𝑖 ) [10]

Cepstral Cepstral peak prominence (CPP) log-spectral cepstrum; que-
frency for 60–300Hz

prominence [11]

Spectral shape Centroid (𝐶), bandwidth (BW),
roll-off (𝑅0.85), zero-crossing rate
(ZCR), RMS energy (𝐸rms)

41/10ms; roll-off at 85% mean

Spectral contrast SC𝑏 , 𝑆𝐶𝐵𝑏 , 𝑏 = 1 . . . 7 7 octave bands mean per band (𝑏 =

1 . . . 7)

Perturbation Jitter (J-local, J-RAP, J-PPQ5);
Shimmer (S-local, S-APQ3, S-
APQ5)

Praat; pitch search 50–500Hz value

Periodicity Harmonics-to-noise ratio (HNR) Praat harmonicity (cc) mean [12]

Time-domain Skewness (SKEW) raw waveform amplitude distri-
bution

value

Time-domain Shannon entropy (SE) 𝛼 = 1; raw waveform value

encodings; iii) elimination of highly correlated features, using Spear-
man correlation with an absolute cutoff of 0.9; iv) Min-max nor-
malization of all remaining predictors to the [0, 1] range. This pre-
processing provides a uniform, fully numeric, non-redundant, and

scale-consistent feature representation across all 120 tasks, enabling
fair comparison among classifiers.

4
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3.4 Algorithms
This study evaluates four off-the-shelf classification algorithms
spanning ensemble learning, boosting, margin-based optimization,
and distance-based methods. All models were trained using the
default hyperparameter configurations provided by the mlr3verse
framework. Their main characteristics are described as follows:

3.4.1 Random Forest. Random Forest is an ensemble method com-
posed of multiple uncorrelated decision trees trained over bootstrap
samples of the data [13] . At each split, only a random subset of
features is considered, which lowers tree correlation and reduces
variance without substantially increasing bias. This model is inher-
ently capable of capturing nonlinear relationships and higher-order
interactions among acoustic features. It is also robust to multi-
collinearity, noisy predictors, and high-dimensional inputs.

3.4.2 XGBoost. XGBoost is a gradient boosting algorithm that
constructs trees sequentially, with each new tree modeling the
pseudo-residuals of the previous ensemble [14] . Its formulation
includes L1 and L2 regularization, shrinkage (learning rate), and
stochastic subsampling of rows and columns, which collectively im-
prove generalization and mitigate overfitting. Because of its ability
to learn complex nonlinear relationships and feature interactions.
Its regularization mechanisms also make it well suited for datasets
with heterogeneous distributions and potentially redundant predic-
tors.

3.4.3 Support Vector Machine (SVM). The SVM is a maximum-
margin classifier that aims to find the hyperplane that best sep-
arates the classes while maximizing the geometric margin [15].
By leveraging kernel functions, SVM can implicitly map the input
space into higher dimensions, enabling separation of otherwise
nonlinearly separable patterns. This property makes SVM effective
in high-dimensional acoustic representations, where clear class
boundaries may emerge only after nonlinear transformations.

3.4.4 Generalized Linear Model (GLM). The GLM algorithm im-
plements generalized linear models with elastic net regularization,
combining both L1 and L2 penalties [16]. This approach performs
variable selection (via L1) while controlling coefficient shrinkage
(via L2), enabling stable estimation even in high-dimensional set-
tings. In classification tasks, GLM fits a regularized logistic regres-
sion model capable of handling correlated predictors and mitigating
overfitting.

3.5 Experimental Setup
All experiments were performed using stratified 10-fold cross-
validation, preserving the proportion of healthy and pathological
samples in each fold. To ensure full reproducibility, the entire re-
sampling procedure was controlled by a global random seed (123).

The experimental pipeline was implemented in R, relying on the
mlr3verse framework for task definition, model instantiation, re-
sampling, and performance estimation. Auxiliary packages included
data.table for high-efficiency data manipulation, progressr for
progress monitoring, and future to enable parallel execution across
folds and learners, thereby reducing total computation time. All
classifiers produced probability-based predictions, which ensured
consistency in the calculation of performance metrics.

In total, the study required 120 tasks × 6 algorithms × 10 folds =
7200 independent training–testing cycles, executed with paralleliza-
tion through the future package. The benchmark was executed on
a workstation equipped with 24 GB of RAM and 10 CPU threads.
The full execution required approximately 3 hours.

Model performance was quantified using a set of complemen-
tary metrics balanced accuracy, F-score, area under the ROC curve
(AUC), precision, and recall. All evaluation outputs, predictions,
and metadata were stored for downstream analysis.

4 RESULTS
Figure 4 summarizes the classification performance, expressed in
terms of AUC, across all combinations of vowels, pitch conditions,
speaker sex, feature sets, and learning algorithms. Subplots are
organized accordingly to vowels and speaker sex options. The x-
axis lists all variations of pitches, while the y-axis shows the AUC
performance values obtained by each algorithm and feature set
combination. Different algorithms are represented by different col-
ored lines, while different feature sets are represented by different
point shapes.

First, pitch condition has a clear influence on performance.When
all pitch types are pooled together (“all”), the models tend to achieve
higher AUC values compared to single-pitch subsets. This was ex-
pected, since combining multiple recordings increases the amount
of acoustic information available to the classifiers. However, this
improvement comes at a usability cost: requiring the patient to
produce four recordings instead of one increases acquisition time
and may reduce the practicality of real-world screening systems.

A similar trend appears when comparing single-vowel inputs
with the “all-vowels” condition. Although combining /a/, /i/, and
/u/ slightly increases performance, the gain is modest; for several
scenarios, using a single vowel results in AUC values comparable
to the multi-vowel condition. This suggests that vowel choice alone
does not significantly alter the discriminability of pathological
versus healthy phonation in this dataset.

Regarding single-pitch scenarios, models trained on low pitch
(and in some cases on low-high-low intonation) tend to present
better performance than those trained only on high pitch. The
high-pitch condition consistently produces the lowest AUC values,
especially in the male-only subset. This suggests that high-pitch
phonation may compromise the reliability of certain acoustic fea-
tures, particularly for male speakers. Moreover, pitch interacts with
vowel and sex: certain combinations show clear dependencies. For
example, the vowel /a/ at normal pitch produces strong perfor-
mance for female speakers, while the corresponding male subset is
more sensitive to pitch variation.

Regarding speaker sex, differences between male-only, female-
only, and mixed-sex datasets are generally small. This suggests
that the feature representations are robust with respect to gender
distribution, although isolated scenarios show slight sex-specific
effects—mostly when pitch interacts with vowel choice.

4.1 Best setups overall
We applied the Friedman test [17], with significance levels at 𝛼 =

0.05 to evaluate the statistical significance of the experimental
results. The null hypothesis states that all groups of settings are

5
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Figure 4: Performance results (AUC) for each combination of sex, pitch, vowel, feature set, and classification method.

equivalent in terms of predictive AUC performance. If the null
hypothesis was rejected, the Nemenyi post-hoc test was applied,
stating that the performances of two different groups of techniques
are significantly different if the corresponding average ranks differ
by at least a CD value. Figure 5 presents CD diagrams for all the
scenarios: varying algorithms, feature sets, vowels, and pitches.

The diagram shows that XGBoost and SVM consistently achieve
the best ranks and are not statistically different from each other.
This reinforces that non-linear classifiers with good capacity to
model complex decision boundaries are particularly suitable for the
highly overlapping distributions.

The same analysis indicates that our extended Vrba+ feature set
is statistically superior to the original Vrba baseline, even though
the absolute AUC gains are modest. The improvement is systematic
across tasks, showing that the additional features contribute to the
prediction performance.

Regarding the vocal task, the ranks for vowels reveal that using
only the sustained vowel /a/ is as effective as using all three vowels
together. This means that asking the patient to produce a single
/a/ token is sufficient to reach our best-performing configurations.
This simplifies the protocol, reduces recording and processing time,
and improves usability in realistic scenarios, such as telemedicine
or mobile applications.

Pitch conditions have a more significant impact. Combining
all four pitches yields the best overall rank, as expected when
the model can integrate information from neutral, low, high, and
low–high–low frequencies. However, this requires four record-
ings per subject. When only one pitch can be acquired, low and
low–high–low emerge as the most reliable options, while high pitch
is consistently the worst, especially for male speakers. This pattern
suggests that low phonation preserves important acoustic evidence
of pathology.

Sex also plays a relevant role: female-only models obtain the
best ranks, followed by male-only and, lastly, mixed-sex models.
Training a single model on data from both males and females forces
the classifier to learn a larger variability in fundamental frequency

and formant structure, which appears to negatively impact perfor-
mance. In practice, our results suggest that sex-specific models are
a suitable approach.

4.2 Best models for each vowel
Table 2 summarizes the best-performing configuration for each
vowel-related subtask. For /a/, /u/, and the all-vowels condition, the
top setup corresponds to the extended Vrba+ feature set combined
with all pitch conditions, restricted to male speakers and classified
by XGBoost, reaching AUC values between 0.855 and 0.866. For
the /i/ configuration, the best model also uses all pitch conditions
but relies on the original Vrba feature set and is trained on female
speakers, achieving an AUC of 0.852 with XGBoost.

All best setups considered all pitch conditions, confirming that
combining neutral, low, high, and low–high–low records provides
richer acoustic information than any single pitch alone. Further-
more, the prevalence of Vrba+ in three out of four subtasks shows
that the additional spectral and perturbation descriptors bring con-
sistent gains, while the exception in the /i/. Also, all top models are
sex-specific, indicating that separating male and female speakers
simplifies the decision boundary and improves performance. Fi-
nally, XGBoost appears in every best configuration, confirming its
robustness across vowels and subsets and supporting it as a strong
default choice for deploying binary voice-pathology screening mod-
els based on handcrafted acoustic features.

The confusion matrices of the best XGBoost models in Figure 6
show the distribution of predictions in relation to the true label. In

Table 2: Best setups for each vowel subtask

Vowel Features Pitch Sex Algo AUC

a Vrba+ all male XGB 0.866
all Vrba+ all male XGB 0.862
u Vrba+ all male XGB 0.855
i Vrba all female XGB 0.852
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Figure 5: Comparison of the AUC values of the ML algorithms, feature sets, vowels, and pitches according to the Friedman-
Nemenyi test. Groups that are not significantly different are connected.

Vrba+ /a/ all pitch male

Vrba /i/ all pitch femaleVrba+ /u/ all pitch male

Vrba+ all vowel all pitch male

Figure 6: Confusion matrices for the best-performing XG-
Boost models in each vowel configuration.

the Vrba+ male tasks (/a/, /u/, and the all-vowels), the dominant
error mode is false positives, i.e., healthy samples (0) being pre-
dicted as pathological (1). In contrast, pathological samples (1) are
more often mapped to the correct class, indicating a conservative
decision-making tendency compatible with screening-oriented use
cases, where flagging potentially altered phonation is preferable to
missing pathology. The confusion patterns for /a/ and /u/ are nearly
identical, reinforcing that vowel choice has limited impact on the
decision behavior once pitch variability is aggregated. For the /i/
configuration (female subset), the matrix shows a comparatively
more balanced confusion pattern, suggesting a cleaner separation
between classes at the operating point induced by the default thresh-
old. Finally, because the subtasks are not perfectly class-balanced
and differ in sample size, we interpret Figure 6 primarily in terms
of error directionality and consistency across configurations, while
AUC remains the main criterion for ranking performance. Finally,

model choice plays a considerable role. XGBoost and SVM models
consistently achieve the highest AUC values across most conditions.

4.3 Unveiling feature importance
The feature-importance analysis in Figure 7 helps to understand
why Vrba+ performed better than the baseline. Each plot depicts
the relative feature importance (mean gain) assigned by XGBoost
to the input variables in the top-performing task for each vowel
configuration (/a/, /i/, /u/, and all vowels combined). Among the
additional descriptors, the spectral bandwidth mean (BW) appears
systematically among the top features in the best XGBoost models.
This feature measures the average spread of spectral energy around
the centroid, thereby capturing how concentrated the harmonic and
noise components are over frequency. Pathological voices tend to
exhibit broadened spectra due to irregular vibration, making spec-
tral bandwidth an indicator of deviation from normal phonation.
Jitter and shimmer-based measures also rank highly, confirming
that short-term cycle-to-cycle instability is related to pathology.
Therefore, Figure 7 indicates that Vrba+ improves over the baseline
not by adding many redundant variables, but by introducing a small
set of complementary features.

It is important to note that these results may be influenced by
dataset-specific characteristics, which may limit external valid-
ity when transferring the models to other clinical populations or
recording conditions. In particular, variations in microphone setup,
environment, or pathology distribution could affect the stability of
the reported acoustic patterns. Moreover, all models were trained
with default hyperparameters. Although this choice ensures a fair
comparison between methods, further tuning could improve the
absolute performance values.

5 CONCLUSIONS
This work investigated how vowel choice, pitch condition, speaker
sex, and feature design affect the performance of machine-learning
models for voice pathology detection on the SVD corpus. Overall,
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Figure 7: XGBoost relative feature importance (Mean Gain) in the top-tasks for each specific vowel configuration.

the AUC values we obtained (median around 0.80, with the best
results reaching 0.866) are comparable to those of recent ML-based
studies using the SVD database, which also rely on handcrafted
acoustic features.

Our study offers a reproducible benchmark on SVD with system-
atically varied vowels, pitch conditions, and sex, and shows that
classical, interpretable acoustic features combinedwith off-the-shelf
ML algorithms can deliver competitive performance and straightfor-
ward design guidelines for practical screening tools. Nonetheless,
the work is limited to a single corpus, binary healthy/pathological
labels, and sustained vowels only, and does not include a direct
comparison with end-to-end deep learning models.

Possible extensions for a long-form study include: improving
learning tasks preprocessing, performing one-hot encoding for cat-
egorical variables; hyperparameter tuning for the most promising
algorithms; feature selection procedures for the best learning tasks;
and considering data balancing techniques, such as SMOTE. More-
over, the use of comprehensive time-series feature libraries may
enable a more complete search for discriminative descriptors. Ad-
ditionally, evaluating deep features extracted from state-of-the-art
neural architectures is a natural possibility, yet it has not been ex-
plored for this dataset. Furthermore, future research should extend
this analysis to multiclass diagnoses, additional datasets and speech
tasks.
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