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Abstract

Sex Differences in the Detection of Parkinson’s Disease from Speech

Hiba Akhaddar

Parkinson’s disease (PD) is the second most common neurodegenerative pathology in the

world. It has been shown that 70% to 75% of PD patients would suffer from speech dis-

orders at some stage. PD affects men more frequently than women, which has resulted in

previous works using unbalanced datasets that potentially introduce sex-related biases in

the models. In this paper, we investigate the sex differences in the detection of PD from

speech using various models. We extract features using WavLM, Wav2vec2.0, Whisper,

and FBanks and feed them into ECAPA-TDNN, deep neural network architecture, and then

a binary classification layer. We use ComParE2016 features with Random Forest as well.

We also conducted sex-specific experiments to assess generalization across sexes. In our

main experiments, we use a large subset of the mPower open dataset, where sex and disease

status (PD vs Healthy Controls (HC)) are balanced. In subsequent experiments evaluating

dataset size and sex-specific trainings, we used 3 additional datasets, mPower matched,

mPower small, and PC-GITA, where age was also matched between PD and HC groups.

All the datasets include sustained phonation task. We observe that on the large dataset,

female speakers are more easily detected than males. However, on smaller datasets, none

of the classification results were found to exceed chance performance. Sex-specific results

show that when the models are trained on one sex, they fail to generalize to the other one

especially when using traditional Random Forest pipeline. Our results highlight the impor-

tance of including sex as a variable in the development of fair PD detection systems.
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Chapter 1

Introduction

Parkinson’s disease (PD) is a neurodegenerative disease that affects more than 10 million

people in the world [2], making it the second most common neurodegenerative pathology

[3]. In Canada, out of every 100,000 people who are 40 years and older, 530 individu-

als live with parkinsonism which includes Parkinson’s disease and other conditions with

movement-related symptoms [4]. PD is caused by a deficiency in dopamine production

that results from the degeneration of neurons in the substantia nigra of the midbrain region.

The low level of dopamine causes symptoms like involuntary motion, muscle rigidity, and

alterations in speech and handwriting [5].

The UK Parkinson’s Disease Society Brain bank and the Movement Disorders Soci-

ety’s diagnostic criteria showed that the clinical diagnosis of PD can be done based on

bradykinesia and one of the following features which are rigidity, rest tremor, and pos-

tural instability [6]. However, definitive diagnosis remains challenging as these criteria

require the presence of motor symptoms which typically appear only after almost 50-70%

of dopaminergic neurons in the substantia nigra have already degenerated [7, 8].

Beyond motor impairment, PD influences the prosody of speech with near-mutism,

hesitancy, and dysfluency [9]. Speech impairment is a common early symptom experienced

by people with Parkinson’s Disease as up to 75% of patients experience dysarthria that is
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characterized by reduced loudness, monopitch, imprecise articulation, and altered prosody

[10]. The neurodegenerative processes cause motor symptoms that affect the muscles used

for speech which results in changes in voice and speech patterns [11].

Importantly, changes in voice and speech can appear as early as 5 years before ma-

jor motor symptoms [12], but the diagnosis is often delayed until the presence of motor

symptoms [13]. This highlights the potential of speech-based approaches for early and

accessible PD detection.

Recent works have investigated the use of Deep Learning models for PD detection

from speech because they can capture complex information directly from raw data [14].

These models are more affordable compared to traditional models and they can be deployed

remotely through smartphones and telemedicine platforms. These advantages are important

given the growing rate of PD which requires scalable diagnostic tools.

Also, according to [15, 16], neural circuits for speech are different between men and

women, potentially leading to sex-specific vocal impairments among PD patients. These

sex-specific characteristics for speech production in addition to the different progression

of dopaminergic degeneration may result in acoustic biomarkers that appear differently

among men and women.

Although there is currently no effective treatment for the pathology, providing an early

and accurate diagnosis is crucial [3] for better disease monitoring, optimizing patient care,

and advancing research efforts.

This thesis is motivated by the need to understand and address sex differences in PD

diagnosis from speech. By analyzing multiple datasets and models, this work aims to study

sex-related disparities in PD detection performance and contribute to the building of fair

and reliable speech-based diagnostic systems.
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1.1 Contributions

This work contributes to the topic of sex differences found when using speech-based mod-

els to detect Parkinson’s Disease. The contributions are mentioned below.

1. We conduct an analysis of sex differences found when detecting Parkinson’s disease

from speech across multiple datasets and model architectures.

2. We compare self-supervised models (WavLM, Wav2Vec2.0, Whisper) and traditional

acoustic features (FBanks, ComParE2016) when combined with ECAPA-TDNN (Em-

phasized Channel Attention, Propagation and Aggregation in Time-Delay Neural

Network) and Random Forest classifiers.

3. We construct and use balanced subsets of the mPower and PC-GITA datasets, con-

trolling for sex and age, to eliminate confounding demographic effects.

4. We analyze how model performance varies with dataset size and when training on

one sex and testing on both sexes to study the generalization challenges in current

PD detection pipelines.

5. Based on our findings, we provide recommendations for dataset construction and

model evaluation to promote fairness in future clinical speech AI systems.

1.2 Thesis Outline

In Chapter 2, we present the background of this research which includes a literature review

of previous studies on PD detection from speech using machine learning and deep learning

as well as the sex differences reported in some works on the same topic. Chapter 3 de-

scribes the methodology adopted in this work including models, datasets, and experimental
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protocol. Chapter 4 discusses the results and provides an analysis of the findings. Finally,

Chapter 5 concludes the thesis and outlines future works.
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Chapter 2

Background

This background chapter aims to provide an overview of the key concepts, methodologies,

and advancements in the topic of Parkinson’s detection from speech using deep learning

and the sex differences reported.

2.1 Speech production

Speech is produced as a result of a sensorimotor process that involves a high coordination

of respiratory, phonatory, and articulatory subsystems that is regulated by a network of

cortical and subcortical brain structures [17].

The process of speech production begins in the brain with motor planning and inten-

tion, where cortical and subcortical regions formulate the linguistic and motor commands

necessary for articulation [18]. This initial stage is particularly relevant for PD because the

disease affects the neural control mechanisms before manifesting in speech.

Speech production then proceeds with respiratory control in which the diaphragm and

intercostal muscles provide enough subglottal air pressure to initiate phonation [19]. Then,

through vocal fold vibration, the laryngeal system transforms the aerodynamic energy into
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an acoustic one [20]. Finally, the tongue, lips, jaw, velum, and related muscles that consti-

tute the articulatory system modulates the acoustic signal to generate phonemes and speech

[21]. This process is regulated by cortical motor regions, basal ganglia, cerebellum, and

brainstem nuclei that ensure the production of a clear and fluent speech [18].

It is the striatum in the basal ganglia that modulates the activity of thalamocortical

circuits and governs the coordination, timing, and sequencing of speech movements [22,

23]. The basal ganglia contribute to the internal cueing and automatic execution of learned

motor sequences, like the rapid and coordinated articulatory movements required for the

production of fluent speech [24, 25].

The pathophysiological mechanisms underlying speech impairment in Parkinson’s dis-

ease are multifactorial [26, 27]. At the respiratory level, PD patients present reduced vi-

tal capacity, decreased subglottal pressure, and impaired coordination between respiratory

and phonatory subsystems. This results in diminished vocal loudness and shortened breath

groups [28, 29].

Phonatory dysfunction appears as vocal fold bowing, incomplete glottal closure, and

reduced vocal fold mobility, contributing to breathy voice quality and hypophonia [30,

31]. These symptoms can be considered measurable biomarkers that can be objectively

quantified through acoustic analysis.

2.2 Sex differences

Although, based on epidemiological data, PD is approximately 1.5 times more prevalent in

men [32] and the disease tends to progress at a faster rate in females [32] with some studies

reporting faster cognitive decline and greater functional disability in women [33]. Women

also show greater propensity for tremor-dominant phenotypes, earlier start of motor fluc-

tuations and dyskinesias which is the involuntary and often repetitive movements affecting

the face, limbs, or trunk, in addition to severe non-motor symptoms like depression and
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anxiety [32].

Studying the sex difference is also crucial since natural speech patterns differ between

healthy men and women like fundamental frequency, which typically averages around 120

Hz for males and 220 Hz for females [34], and formant frequencies [35].

In [19], the authors found that age was affecting the production of speech. Older adults

use more abdominal movement in loud speech. Also, regarding sex, younger men produced

speech at lower lung volumes compared to older ones. However, there were no significant

differences reported between younger and older females.

These variations in acoustic properties could influence how PD may manifest differ-

ently across sexes and thus the performance of the models. In [36], the authors showed

that speech characteristics associated with dysphagia differ by sex. Hypophonia was more

prevalent among men, while imprecise articulation was more common among women.

However, many existing studies overlook these differences, by usually relying on unbal-

anced datasets that include more male patients which could lead to biased models and less

generalizability [37].

2.3 Detecting Parkinson’s Disease from Speech using Ma-

chine and Deep Learning

Several works showed that it is possible to detect PD from speech using different Machine

Learning (ML) and Deep Learning (DL) algorithms. They used several modeling designs

such as traditional handcrafted features with classical ML classifiers and self-supervised

learning features with neural processing.
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2.3.1 Self-Supervised Learning Approaches

In [38], La Quatra M et al. developed a PD detector based on speech enhancement and

foundational models. They outperformed prior approaches by fine-tuning WavLM Base

and HuBERT Base on the standard PC-GITA dataset [39]. PC-GITA is balanced in terms

of sex and age between PD patients and Healthy Controls (HC). The authors included

diadochokinetic (DDK) exercises that involve the rapid repetition of syllables, reading sen-

tences, and monologues as speech tasks. However, when tested on the extended PC-GITA

that has recordings from real-world conditions, the accuracy dropped. After using a test set

with speech enhancement techniques, they were able to regain strong performance. They

combined the extended speech dataset to WavLM Base and HuBERT Base which yielded

the best results with an accuracy of around 88.33%, F1-score of 88.13%, and ROC-AUC

of 88.23%. This work shows the importance of preprocessing recordings and the failure of

pretrained models when tested on real-world scenarios.

In another work, La Quatra M et al. proposed a dual-head deep learning architecture

that uses self-supervised speech embeddings to detect PD. They used PC-GITA that in-

cludes 100 Spanish speakers and EWA-DB that has 50 Polish speakers, where PD and HC

classes were equal in terms of size. In the architecture, one of the heads was used for diado-

chokinesis (DDK) tasks where the participants had to repeat /pa-ta-ka/ rapidly and clearly.

The other head was for natural speech. Each branch extracted features from the raw audio

files using WavLM combined with a wavelet-based temporal modeling component to cap-

ture multi-scale temporal dynamics. Their best F1-scores and accuracy, respectively, were

89.4% and 89.1% on PC-GITA and 83.1% and 82.7% on EWA-DB. They were also able

to generalize the performance over cross-lingual datasets and outperform the monolingual

baselines [40]. This validation across different languages shows that there are characteris-

tics from languages that affect the performance of the model as shown by the 6% decrease

from Spanish to Polish.
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Simone et al. [14] integrated an attention mechanism into a deep learning model based

on self-supervised embeddings to interpret the speech regions responsible for the predic-

tions of PD using the Italian Parkinson’s Voice and Speech Dataset. They achieved an

accuracy of 99.14 ± 1.60 on the extended speech signals that consists of two readings of

a phonemically balanced text. The attention weights revealed that the model focused on

sustained vowel segments and voice consonants.

Gimeno-Gomez et al. proposed a transformer-based model that combines self-supervised

embeddings with interpretable attention layers. They compared the performance of their

model on multiple datasets. Regarding the vowels task on PC-GITA, they achieved an F1-

score of 65.4 ± 0.6 [41]. La Quatra et al. achieved a better result on the same dataset

but on a different speech task (89.4%) [40]. We conclude that the type of the speech task

influences the classification performance.

Chronowski et al. employed a dataset of 2141 samples from 48 people for their exper-

iments. They used a pretrained Wav2Vec2.0 model and finetuned it on their samples for

classification. They achieved a 97.92% cross-validated accuracy [42]. The small number

of unique speakers may result in overfitting which leads to good results on small datasets

but may not be generalizable to larger ones.

2.3.2 Traditional Machine Learning and Feature Engineering Approaches

Almeida et al. used phonation task from the mPower dataset and compared it to a speech

task from Lithuanian language. They found out that the sustained vowel task was better to

detect PD with an accuracy of 94.55% and AUC of 0.87 when using acoustic cardioid mi-

crophone channel and 92.94%, AUC 0.92 when using the smartphone microphone channel.

They used 18 feature extraction techniques and 4 machine learning algorithms k-Nearest

Neighbour (kNN), Multi-Layer Perceptron (MLP), Optimum-Path Forest (OPF), and Sup-

port Vector Machine (SVM) [43].
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The reviewed literature shows different performances from 65 % to 99% depending

on datasets, speech tasks, and algorithms used. The datasets are usually small in size and

the lack of information on data splits and cross validation strategies may lead to inflated

reported performance. Our work addresses these gaps by conducting a comparison of dif-

ferent machine learning and deep learning approaches on different datasets with proper

data splits and cross validation to avoid overfitting and data leakage.

2.4 Sex differences in the detection of Parkinson’s Disease

from Speech using machine and deep learning

Several studies have reported conflicting results regarding the impact of sex on the accuracy

of PD detection from speech. While some works show that PD is easily detected in males,

others report a better performance for female speakers. This suggests inconsistent patterns

across, datasets, languages, and models.

2.4.1 Studies Reporting Female Performance Advantages

Houle N. et al. used a dataset of 68 speakers where sex and disease status were balanced.

They ran logistic regression on acoustic features and found that women had more distin-

guishable acoustic patterns. According to the authors, sex affected measures like smoothed

cepstral peak prominence, net syllables per second, percent pause ratio, and articulatory-

acoustic vowel space [44]. In addition, the authors noticed that release burst precision

was differentially affected by sex in PD. Individuals with PD produced fewer plosives with

a single burst. Females more frequently produced multiple bursts, whereas males more

frequently produced no burst at all.

Rusz et al. used logistic regression to assess the accuracy of PD detection from speech.

They extracted speech features related to phonation, articulation, and prosody of 60 men
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and 40 women de novo PD patients and matched HC. The authors found out that the preva-

lence of speech abnormalities in the PD cohort was higher for women compared to men

(based upon the ROC curve, 65% vs 56%). The same prevalence pattern was present when

discriminating between PD and HC with an AUC of 0.93 in women and 0.86 in men. They

also observed that the voice quality, articulation of consonants, and production of pauses

were better for women, but the loudness variability was better for men. They concluded that

the speech differences were associated to nigro-putaminal dopaminergic deficits in addition

to sex differences [33].

Adnan et al. proposed a novel architecture to detect PD from speech where they com-

bined Wav2Vec2.0, WavLM, and ImageBind embeddings and fed them to a neural classi-

fier. Their dataset included 1306 participants with 392 PD patients and 53% females. Their

results showed a better performance for women with an accuracy of 86.9% vs 84.3 % for

men [45]. They explain that by the fact that female PD patients have more consistent and

pronounced acoustic deviations that enables their model to better detect PD for women.

The authors did not investigate the causes of the sex difference, even if small.

2.4.2 Studies Reporting Male Performance Advantages

In their survey paper, van Gelderen et al. [46] reviewed 33 deep learning studies about the

detection of PD from speech. They discussed the sex bias that appears in certain works

where the performance by sex is included. Notably, publications by Jeancolas et al. [47]

and Khaskhoussy et al. [48] where the F1-scores are higher for men.

Jeancolas et al. used a sex-balanced dataset of 221 French speakers with more PD

patients than HC participants. They proposed two methods. The baseline was a MFCC-

GMM system that uses a log-likelihood ratio classification. The second one used x-vector

[49] to extract speaker embeddings that were classified using cosine similarity, LDA (Lin-

ear Discriminant Analysis), or PLDA (Probabilistic Linear Discriminant Analysis). The
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EER (Equal Error Rate) was lower which means better when using x-vector, with values

of 22% for males and 30-39% for females. This indicates a superior performance on male

participants. In Jeancolas et al. the sex difference in the results could be attributed to the

lower inter-speaker acoustic variability in the MFCC distributions of men.

Khaskoussy et al. used 4 datasets from which they extracted acoustic, prosodic, and

phonetic features from speech recordings. They trained SVM (Support Vector Machines)

and LSTM (Long Short-Term Memory) classifiers. LSTM achieved the best performance

on all datasets where F1-score are ranging from 81% to 99%. In Khaskhoussy et al., the

sex difference could be because the datasets used had more men than women which could

lead to decision boundaries optimized for the majority class of men.

The inconsistent direction of sex differences across studies indicates the complexity

of the phenomenon and its causes being context-dependent. In our work, we conducted

several evaluations investigating both dataset-level and methodological factors contributing

to the sex disparity.

Table 1 shows a summary of studies investigating sex differences in PD detection from

speech.
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Table 1: Summary of studies investigating sex differences in PD detection from speech.

Author Dataset Methodology Result Justification

of Sex Differ-

ence

Sex

with

best

perfor-

mance

Houle et al.

[44]

68 speakers,

balanced by

sex and dis-

ease status

Logistic regres-

sion on acoustic

features

Women

had more

distin-

guishable

acoustic

patterns;

sex af-

fected

CPPS,

net sylla-

bles/sec,

pause ra-

tio, vowel

space

Acoustic mea-

sures differed

by sex; release

burst preci-

sion differed:

females pro-

duced multiple

bursts, males

no burst

Female
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Author Dataset Methodology Result Justification

of Sex Bias

Bias Di-

rection

Rusz et al.

[33]

60 male and

40 female

de novo PD

patients with

matched HC

Logistic regres-

sion; phonation,

articulation,

prosody features

Prevalence

of speech

abnor-

malities

higher in

women

(65% vs.

56%);

AUC:

women

0.93, men

0.86

Voice quality,

consonant

articulation,

pause pro-

duction more

discriminative

in women;

loudness vari-

ability more

discriminative

in men

Female

van

Gelderen et

al. [46]

Review of 33

DL studies

Systematic

review of deep

learning studies

on PD speech

detection

Sex dif-

ferences

observed;

some

studies

report

higher

perfor-

mance

for men,

others for

women

Bias may arise

from dataset

composition,

sex imbalance,

or feature

distributions

Mixed
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Author Dataset Methodology Result Justification

of Sex Bias

Bias Di-

rection

Jeancolas

et al. [47]

221 French

speak-

ers, sex-

balanced,

more PD

than HC

MFCC-GMM

baseline; x-

vector em-

beddings with

cosine simi-

larity, LDA,

PLDA

EER

better

for men:

22% vs.

30–39%

for

women

(lower

EER =

better)

Lower inter-

speaker acous-

tic variability

in male MFCC

distributions

may facilitate

classification

Male

Khaskhoussy

et al. [48]

4 datasets

with acous-

tic, prosodic,

phonetic

features

with differ-

ent speech

tasks and

number of

participants

SVM and

LSTM classi-

fiers

LSTM

achieved

best per-

formance;

F1-scores

99% on

men in the

training

dataset

that has

16 women

and 24

men

Datasets con-

tained more

males than fe-

males, leading

to majority

class bias

Male
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Author Dataset Methodology Result Justification

of Sex Bias

Bias Di-

rection

Adnan et al.

[45]

1,306 partic-

ipants, 392

PD, 53%

females

Combined

Wav2Vec2.0,

WavLM, Im-

ageBind em-

beddings with

neural classifier

Better

perfor-

mance for

women:

accuracy

86.9% vs.

84.3% for

men

Female PD

patients ex-

hibit more

consistent and

pronounced

acoustic

deviations en-

abling better

detection

Female
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Chapter 3

Methodology

Our experimental approach, shown in Figure 1, evaluates sex differences in the detection of

PD from speech using machine learning and deep learning. We use 3 self-supervised learn-

ing models in a frozen configuration in addition to FBanks as feature extractors followed

by ECAPA-TDNN, and a binary classifier with each extractor making a specific pipeline.

We also use ComPar2016 features followed by Random Forest as a baseline.

3.1 Models

We compared four distinct feature extraction approaches for PD detection, each coupled

with identical downstream architecture for fair comparison: Wav2Vec2.0 [50], WavLM

[51], Whisper [52], and traditional 80-dimensional log-mel filterbank energies (FBank)

that constitute a conventional baseline.

Deep learning embeddings were extracted from each pretrained model and fed to an

ECAPA-TDNN network [53], that was originally designed for speaker recognition, but

used for many other speech processing tasks like speaker diarization [54], language classi-

fication [55], and text to speech [56]. ECAPA-TDNN was followed by a fully connected

binary classification layer to predict disease status.
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The pretrained self-supervised learning (SSL) models were chosen because they capture

nuanced acoustic and phonetic patterns that are potentially relevant to classify between PD

and HC. These embeddings encapsulate speech dynamics such as articulation rate, voice

tremor, and phonatory instability, which are subtle and could be indicative of PD [57].

The ComParE2016 feature set, that includes 6373 handcrafted acoustic features, was

extracted using OpenSMILE toolkit [58]. The ComParE2016 features which include foun-

dational frequency parameters such as F0, jitter, and shimmer, which are different between

men and women in healthy speech influence the sex specific pattern learning. It was used

with Random Forest (RF) as a baseline to benchmark against deep learning architectures.

This comparison allows assessment of whether large-scale pretrained models offer rep-

resentational benefits over handcrafted acoustic descriptors.

Wav2Vec2.0 [50] learns speech representations by masking portions of the input and

using a contrastive loss to identify the correct features. It was pretrained on approximately

60,000 hours of unlabeled speech from the LibriSpeech [59], Libri-Light[60], and Com-

monVoice [61] datasets. The model uses a convolutional encoder that processes raw audio

waveforms at 16 kHz sampling rate, producing latent speech representations at 50 Hz frame

rate. The context network, implemented as a Transformer architecture [62], generates con-

textualized representations that capture temporal dependencies across the utterance.

WavLM [51] extends this approach by adding gated relative position bias and utterance

mixing to capture phonetic, acoustic, and prosodic information. The model was pretrained

on 94,000 hours of public audio data using a combination of masked prediction and de-

noising objectives. These enhancements allow better modeling of speaker characteristics

and acoustic variations making it suitable for tasks involving pathological speech [63]. We

used WavLM-Large.

Whisper [52] was trained on approximately 680,000 hours of multilingual and multitask

supervised data for automatic speech recognition. The encoder produces rich cross-lingual
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embeddings that capture acoustic representations across diverse recording conditions and

speaker populations. We specifically used the Whisper-large-v2 models which contains ap-

proximately 1.55 billion parameters and is based on a Transformer-based encoder-decoder

architecture.

In contrast, FBank captures the spectral content of the speech waveform through short-

time Fourier transform followed by mel-filters applied on the frequency axis.

All pretrained SSL encoders were used in a frozen configuration to preserve the rep-

resentational quality of pretrained speech embeddings without introducing task-specific

adaptation and to investigate the transferability of pretrained features to pathological speech

data. This design isolates the contribution of the learned speech representations themselves.

We ensure that differences in downstream performance come only from representation

quality and not from fine-tuning differences. This allows us to get a better comparison

across models. Moreover, freezing the encoder weights allows us to significantly reduce

the computational requirements during training and mitigate the risk of overfitting which is

essential considering the limited availability of labeled pathological speech data.

The embeddings from each feature extractor were fed in turn to ECAPA-TDNN net-

work, configured with an input size of 1024 for Wav2Vec2.0, WavLM, and FBank, and

1280 for Whisper to accommodate its higher-dimensional representations, 5 convolutional

blocks with channel configuration of [1024, 1024, 1024, 1024, 3072], kernel sizes of [5,

3, 3, 3, 1], and dilations of [1, 2, 3, 4, 1]. The network employed 128 attention channels

and output a 192-dimensional utterance-level embedding. These architectural parameters

were selected based on prior work on robust speaker representation learning [54] and our

experimental results.

ECAPA-TDNN is a neural network architecture designed for speaker recognition that

uses Emphasized Channel Attention, Propagation, and Aggregation mechanisms within a
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Time-Delay Neural Network (TDNN) framework. The architecture employs Squeeze-and-

Excitation (SE) blocks [64] combined with Res2Net-style [65] multi-scale feature extrac-

tion to model speaker-discriminative patterns. ECAPA-TDNN transforms variable-length

audio recordings into fixed-dimensional vectors for classification. The network applies

one-dimensional convolutional layers to extract temporal patterns from the audio, using

residual connections [66] to preserve information across layers and dilations to capture

long-range temporal dependencies. The attentive pooling mechanism is used to summa-

rize the sequence into a single representation and it gives higher weight to frames that

contain the most informative speech characteristics for detecting PD. The resulting fixed-

dimensional vectors were passed to a fully connected classifier with log-softmax activation

that converts the logits to log-probabilities for binary prediction. We trained using the

negative log-likelihood loss that maximizes the likelihood of the correct class.

3.2 Datasets

We ran experiments on two publicly available datasets namely mPower [67] and PC-GITA

[68]. We obtained ethical approval through Concordia University and by getting the Tri-

Council Policy Statement: Ethical Conduct for Research Involving Humans (TCPS 2:

CORE 2022) certificate in order to access them.

mPower is an open dataset that was collected through a mobile health application where

volunteers recorded themselves doing the sustained phonation tasks by producing the vowel

/a/ (’Aaah’) for 10 seconds. The recordings were obtained using the built-in microphones

of the participants’ iPhones at a sampling rate of 44.1 kHz.

The dataset collection was conducted by Sage Bionetworks in collaboration with the

University of Rochester as part of a study. They had over 65,000 participants who con-

tributed voice recordings remotely through the mPower mobile application [67].

Although the dataset is large and has multiple tasks, it is imbalanced with respect to
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Speech recordings

Feature extraction approaches

Wav2Vec2.0 
SSL Frozen

Pipeline 1

WavLM 
SSL Frozen

Pipeline 2

Whisper 
SSL Frozen

Pipeline 3

FBank 
80-dim log-mel

Pipeline 4

OpenSmile 
Handcrafted

Pipeline 5

Downstream architectures
 (independent pipelines)

ECAPA-TDNN encoder + Binary classifier Random Forest classifier

4 independent PD/HC predictions 1 independent PD/HC
prediction

Figure 1: Comparative feature extraction approaches for Parkinson’s disease detection.

21



age, sex, and health status. Also, there is a lot of variability in recording conditions, back-

ground noise levels, and device characteristics which makes it challenging for robust model

development [69].

For fair comparison, from the mPower dataset, we extracted three subsets which are

presented in Table 2.

The first subset (mPower large) has the largest number of samples but lacks age match-

ing between males and females, which reflects real-world conditions where demographic

imbalances are common in health dataset [70].

However, the second (mPower matched) is smaller in size but is age-matched, which

constitutes a suitable set for direct comparison with the PC-GITA dataset. Age matching

was performed by restricting participants to the 50 to 70 age range and ensuring the mean

age difference was less than 1 year. The controlled demographics allow us to study the

effect of model architecture and feature representation from potential age-related effects.

The third subset (mPower small) with 100 participants to match the sample size of PC-

GITA makes us evaluate the performance of the model under identical data constraints. The

difference with mPower matched is only the dataset size which means both sex and age are

matched as well.

PC-GITA [39] is a clinically validated corpus of Colombian Spanish speakers that is

balanced by both sex and age. It includes several speech tasks which are sustained phona-

tion, text reading, and spontaneous speech. It has 100 participants, 50 are men and 50 are

women, with equal numbers of PD and HC in each group. The age is matched and the

severity of the disease was standardized using UPDRS-III scores [71]. The audio record-

ings were collected in a soundproof room at the Clínica Noel in Medellín, Colombia using

a dynamic omnidirectional microphone (AKG C520). Recordings were sampled at 44.1

kHz with 16-bit resolution.

In our work, we looked at the sustained phonation task from mPower because it is the
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only speech task in the dataset. Therefore, on PC-GITA, we restricted sustained phonation

to the vowel /a/ to be consistent with the mPower data and because it is widely studied

in voice analysis as it reflects motor impairements in PD related to laryngeal dysfunction,

reduced phonatory control, and vocal fold instability [72].

The professional equipment and controlled recording environment guaranteed consis-

tent acoustic conditions across all participants making the dataset suitable for evaluating

model performance under optimal data quality conditions [68].

mPower

large

mPower

matched

mPower

small
PC-GITA

n samples 690 452 100 100

Male/Female (%) 50/50 50/50 50/50 50/50

Age (male, mean ± SD) 44.34 ± 8.63 59.53 ± 7.06 59.53 ± 7.06 61.08 ± 7.05

Age (female, mean ± SD) 51.38 ± 8.26 59.55 ± 6.86 59.55 ± 6.86 61.92 ± 11.35

UPDRS (male, mean ± SD) — — — 37.76 ± 22.09

UPDRS (female, mean ± SD) — — — 37.56 ± 14.03

Table 2: Demographic and clinical characteristics of the datasets used in this study. Values

represent mean ± standard deviation for continuous variables. Age is expressed in years.

3.3 Experimental Protocols

We designed an evaluation framework to study sex differences by comparing the perfor-

mance of feature extraction methods while controlling for demographic and methodolog-

ical aspects. This design allows the assessment of how sex-related neurobiological varia-

tions in PD manifestation influence acoustic model performance.
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3.3.1 Feature Extraction and Classification

We used each model as a feature extractor by freezing its parameters and extracting the

embeddings from the raw audio files that we fed to ECAPA-TDNN and a binary classifica-

tion layer to detect PD and HC. For the SSL models (Wav2Vec2.0, WavLM, and Whisper),

features were extracted from the final encoder layer which is used to capture the most dis-

criminative acoustic representations for downstream tasks [73].

ComParE2016 feature set [74] were also fed to Random Forest [75] for binary classifi-

cation.

We implemented two comparison approaches. First, deep learning embeddings were

extracted from Transformer-based models and fed to a neural network and a binary classi-

fication layer. Second, Fbanks features were also fed to ECAPA-TDNN and 6373 acoustic

features extracted using the openSMILE toolkit [58] were fed to RF. This allows us to

evaluate if the pretrained SSL features offer advantages over traditional spectral features

(FBank) and handcrafted acoustic features (ComParE2016).

3.3.2 Training

We implemented the deep learning models using PyTorch [76] and SpeechBrain [77] frame-

works. We used the Adam optimizer [78] with a learning rate of 1×10
−4 and weight decay

of 2×10
−5. Learning rate scheduling used a cyclic approach with exponential range mode,

cycling between base learning rate 1× 10
−6 and maximum learning rate of 1× 10

−4 with

exponential decay (γ = 0.9998) to prevent overfitting and maintain the stability of the

training. These values were determined empirically through experimentation.

All models were trained for 30 epochs as we found that this was the optimal number

of epochs with a batch size of 16 and a gradient accumulation factor of 2 to simulate an

effective batch size of 32 while fitting within GPU memory constraints. The final test

evaluation used used the model checkpoint with the lowest validation error to mitigate
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overfitting and ensure generalization performance.

To ensure reproducibility of our results, we fixed all random seeds at the beginning

of the experimental run. All pretrained models were downloaded from the HuggingFace

Transformers library.

3.3.3 Evaluation and Statistical Analysis

Performance was evaluated using stratified k-fold cross-validation with k=10 folds for the

mPower large dataset and k=5 folds for mPower matched and PC-GITA. We maintained

equal proportions of sex and disease status across all folds to avoid demographic bias. We

repeated the experiments across 5 random seeds for mPower large and 3 random seeds for

the smaller datasets to account for the variability coming from random weight initialization

and data shuffling. The final reported metrics are the mean and standard deviation across

all folds and random seeds which constitute robust results.

We then reported the overall and sex-specific F1-scores, accuracy, precision, and recall

on the test set.

Since WavLM-large achieved the strongest performance among SSL feature extractors

on the mPower large dataset, we used it as the only feature extractor on the matched datasets

to focus on the most promising approach. The same evaluation metrics were reported for

all the datasets and experiments. This allows us to evaluate if performance gains observed

on large datasets generalize to smaller and demographically controlled ones.

We also used a random classifier that randomly assigns class labels to the test set to

evaluate if our models perform above chance. In addition, we computed the p-value from

comparing the null distribution to the test results we got after training our models to see if

the differences were significant. Statistical significance was defined as p < 0.05 or p < 0.01

or p < 0.001, with Bonferroni correction applied to adjust for multiple comparisons.
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3.3.4 Sex-Specific and Cross-Dataset Analyses

An important component of our analysis is sex-related differences in PD speech because

of the inherently existing neurobiological differences in PD between men and women. We

conducted two complementary analyses which are separate model training on male-only

and female-only cohorts and evaluated on both sexes to test transferability and the per-

formance of the model to detect a sex more than the other. This strategy reveals if the

embeddings learned from one sex can transfer effectively to the other.

To study the effect of age, we used PC-GITA and a subset from mPower. We imple-

mented a matched-pairs algorithm to get a subset where age, sex, and disease status were

matched to PC-GITA subjects. The two cohorts are different in terms of context as PC-

GITA was clinically validated and recorded in a laboratory setting while mPower samples

were collected through volunteers which creates a real world setting. This allows us to

compare the robustness of features across different recording conditions.
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Chapter 4

Results and Discussion

The results of the experiments are shown below. All reported metrics represent mean ±

standard deviation across cross-validation folds and random seeds. Statistical significance

was assessed using permutation tests [79] comparing model performance against a random

baseline. Significance levels are denoted as: * p < 0.05, ** p < 0.01, *** p < 0.001, after

using the Bonferroni correction.

4.1 Sex difference towards women on mPower large dataset

Table 3 shows the performance of different feature extractors when combined with ECAPA-

TDNN and a classification layer on mPower large dataset. We reported the F1-score on

average and per sex after running the experiments across 10 different folds and 5 random

seeds. Additionally, we computed accuracy, precision, and recall to provide comprehensive

evaluation (Appendix A).

To investigate the effect of sex differences in the detection of PD from speech, we

trained and tested different feature extractors on sex-balanced mPower large datasets.

We observed from Table 3 that overall, none of the models were performing better than

chance when applied to the entire dataset.
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Models F1 F1 male F1 female

WavLM 68.61 ± 6.61 53.65 ± 8.39 83.12 ± 9.36 ***

FBanks 63.36 ± 5.87 43.30 ± 7.73 82.63 ± 10.57 ***

Wav2Vec2.0 55.66 ± 8.40 49.30 ± 7.39 60.79 ± 13.05 ***

Whisper 66.54 ± 6.38 56.00 ± 7.40 76.38 ± 9.36 ***

Random Forest 66.61 ± 3.36 46.80 ± 5.83 85.02 ± 3.79 ***

Table 3: Performance of 5 feature extractors on mPower large. Grey cells show no signifi-

cant difference according to permutation test.

However, F1 scores related to females were statistically significant (p < 0.001). This

suggests a reliable performance above chance level. We noticed that all models consistently

achieve a better performance on women, which shows a sex-based performance disparity.

The highest F1 score for female is 85.02% ± 3.79 when using Random Forest with Com-

ParE2016 features.

The lowest performing model overall was Wav2Vec2.0 (57.20% ± 7.28) but the F1

score for women was still higher than for men (60.79% ± 13.05 vs. 49.30% ± 7.39).

Despite the lower performance of FBanks and Random Forest compared to WavLM,

there was a substantial difference between male and female performances with (82.63% ±

10.57 vs. 43.30% ± 7.73) and (85.02% ± 3.79 vs. 46.80% ± 5.83) respectively.

We see from the table that all F1 scores of men were not better than chance and not

significant at all. The table shows consistently higher classification performance in women

relative to men on the mPower large dataset which shows the challenge in learning robust

representations for male groups.

We observe that among the SSL-based frozen pretrained models used with mPower

large, Random Forest with ComParE2016 features is even better than the SSL models for

the female-specific F1 score (85.02% ± 3.79 vs. 83.12% ± 9.36 for WavLM). This in-

dicates that handcrafted features on mPower large dataset may capture female acoustic

characteristics while failing to generalize to male PD patients patterns.

Among the SSL models, WavLM demonstrated the best detection result followed by
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Whisper, then Wav2Vec2. This could be attributed to the fact that WavLM’s design cap-

tures acoustic, phonetic, and prosodic information explicitly which makes it more suitable

for detecting the subtle articulatory and prosodic signals in the voice characteristic of hy-

pokinetic dysarthria [80].

The results yielded by Whisper were lower than those by WavLM even if the first one

was trained on 680,000 hours of multilingual speech indicates that the size of the pretrained

dataset does not guarantee a better performance on clinical tasks. In addition, since Whis-

per was developed to transcribe speech in different acoustic conditions and with diverse

languages, it may not be the best model to detect paralinguistic and voice quality features

related to PD.

Wav2Vec2’s poor classification ability can be related to its pretraining that was done

on clean and read speech from LibriSpeech. The model training encourages the discrim-

ination between discrete phonetic units which may be less relevant for focusing on voice

quality and monotonous prosody that is present in PD speech [81, 80]. Also, the sustained

phonation task is different from connected speech on which it was pretrained.

The performance of FBanks (63.36%) is between Whisper and Wav2Vec2 which shows

that traditional methodologies can still be used for pathological speech detection. It could

be that the datatsets on which the SSL models were trained on are different than the patho-

logical audio recordings which makes it hard for them to generalize. However, the more

general speech features extracted with FBank are more optimized for pathology recogni-

tion.

Overall, the datasets on which the SSL models were trained on were predominantly

healthy, fluent speech from audiobooks, podcasts, and conversational recordings which

is different from pathological data. This represents a fundamental challenge in transfer

learning for clinical applications.

The sex difference across fundamentally different model architectures including deep
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learning with SSL models and traditional machine learning with Random Forest and simple

spectral features with FBanks shows that the disparity is not an artifact of any particular

algorithmic design. The consistent presence of sex difference towards women cannot be

attributed to a single model architecture but may be more related to datasets characteristics,

especially the size and recording quality and collection methodology.

The model can be able to correctly classify the female recordings whose higher F0

values are between 165 and 255 Hz and thus learn decision boundaries related to male

specific F0 ranges which are between 85 and 180 Hz [82]. This is consistent with previous

work that indicate that fundamental frequency is one of the most important features when

it comes to diagnosing PD [83].

4.2 Sex differences on different datasets and size effect

Since the sex difference observed in the previous section is not related to the models them-

selves, we assessed if it was a result of dataset-specific characteristics including size and

demographic composition. For this purpose, we used WavLM-Large as a feature extractor

since it achieved the best performance based on accuracy, (69.04% ± 5.86) as seen in A.1.

We run the experiments on 3 random seeds and 5 folds, as the datasets are smaller. We

present the results from using WavLM pipeline on mPower matched, and mPower small,

in addition to PC-GITA datasets.

Datasets F1 F1 male F1 female

mPower matched 56.54±1.47 51.71±3.93 61.16±3.39 ***

mPower small 50.01 ±8.99 48.81±12.66 49.45±16.25

mPower large 68.61 ± 6.61 53.65 ± 8.39 83.12 ± 9.36 ***

PC-GITA 51.40±6.69 50.57±12.58 51.18±7.95

Table 4: Performance of WavLM on mPower (matched and large) and PC-GITA. Asterisks

indicate significance levels: * p < 0.05, ** p < 0.01, *** p < 0.001. Grey cells show no

significant difference.
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We observe that mPower large gave the best performance with a sex difference towards

women (F1 female 83.12 ± 9.36). It is followed by mPower matched where the dataset

is smaller than mPower large but sex and age are matched. We see that women are better

detected (F1 female 61.16 ± 3.39 vs. F1 male 51.71 ± 3.93) as well. For PC-GITA and

mPower small, where age and sex are matched, and the dataset size is 100 samples for

each, the performance is approximately at chance level and it is not statistically significant

(p > 0.05 for all metrics compared to random baseline).

Both PC-GITA and mPower small datasets showed a high variance in F1 scores with

standard deviations ranging from 6.69% to 16.25%. This indicates that the models learning

is unstable when trained on limited number of samples. The mPower small dataset showed

a large standard deviation for female participants which shows that small sample sizes

affect the reliability of the sex differences.

Table 4 shows that sex related differences in the performances were statistically signif-

icant in the large datasets only and the direction of the effect was always towards women.

The results demonstrate that the sex difference could be dataset dependent with stronger

performance for women in mPower datasets. The size of the dataset is also affecting the

results. On mPower, the larger the dataset, the better the performance, and the larger the

gap between men and women. The dataset demographic information is provided in Table

2.

The performance on PC-GITA where the recordings were collected in a laboratory and

mPower small is interesting as it is very similar to each other. The absence of statistical

significance in the results of small datasets shows that there was insufficient statistical data

to detect the subtle speech differences between PD and HC groups when the dataset size is

limited.

31



4.3 Performance of sex-specific training datasets

In order to further investigate the sex differences in the datasets, we conducted more exper-

iments when we train on one sex only and test on both sexes. We evaluated WavLM and RF

across 5 different folds and 3 random seeds because WavLM and RF were yielding the best

performance on mPower large. The results are reported in Table 5. For each sex-specific

training experiment, we used 50% of the available data which means only male or only

female from the existing datasets, but we kept the same testing sets.

Model Subset F1 F1 female F1 male

WavLM male mPower matched 47.99 ± 3.08 49.06 ± 8.04 46.39 ± 9.42

WavLM female mPower matched 54.70 ± 5.96 55.99 ± 8.47 53.23 ± 7.08

WavLM male PC-GITA 40.03 ± 1.79 42.57 ± 3.58 37.50 ± 0.00

WavLM female PC-GITA 62.80 ± 1.98 65.90 ± 5.37 58.30 ± 0.00

Random Forest male mPower matched 48.19 ± 4.31 49.15 ± 2.59 45.36 ± 7.75

Random Forest female mPower matched 45.26 ± 4.04 47.07 ± 7.17 42.49 ± 4.19

Random Forest male PC-GITA 45.81 ± 3.75 23.08 ± 0.00 65.60 ± 7.25

Random Forest female PC-GITA 52.91 ± 6.16 53.81 ± 11.43 42.22 ± 9.50

Table 5: Comparison of WavLM and Random Forest on female and male subsets from

mPower matched and PC-GITA datasets. Values are averaged across folds and seeds in

percentage. Asterisks indicate significance levels: * p < 0.05, ** p < 0.01, *** p < 0.001.

Grey cells show no significant difference.

From Table 5, we notice that, overall, the performance on sex-specific training datasets

is lower compared to Table 4 when training was done on both sexes. This degradation

shows that reducing training set diversity when excluding one sex affects model general-

ization which is consistent with domain adaptation theory [84].

The permutation tests show that we lost statistical significance for females. The results

are not statistically significant overall and for men and women on both datasets and with

both training pipelines.

From Table 5, we notice that WavLM and RF perform similarly on mPower matched

and PC-GITA sustained vowel task in terms of not getting significant outcomes. Both

datasets are size, age, sex, and health status matched. Therefore, the sex difference could
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be coming from the dataset size, the quality of the dataset, and the disease severity. We

only have the UPDRS III score matched on PC-GITA, but not on the mPower subsets as

we do not have access to the scores.

In [85], the authors noted that across their analyses, each patient showed distinct speech

patterns which reflects the heterogeneity of the disease.This variability can be amplified by

differences related to sex, hormonal influences on dopaminergic systems, and anatomical

variations in vocal tract structure [86, 87].
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Chapter 5

Conclusion and future work

5.1 Conclusion

From our results, we observe that the model choice, dataset characteristics, and demo-

graphics are factors that highly influence the detection of PD from speech. These elements

show complex interactions between model design, data quality, and population character-

istics that have important effects on the development of clinically accurate speech-based

diagnostic systems.

In this study, we investigated the sex differences when detecting Parkinson’s Disease

from speech using Deep Learning and traditional machine learning models. We concluded

that there are statistically significant differences for PD diagnosis from speech when the

datasets are large enough to provide statistical power with female participants consistently

achieving higher classification performance compared to males across all evaluated models

and feature extraction methods. This suggests that the cause of the differences is not algo-

rithm specific but more general and likely attributed to dataset characteristics and biological

differences in PD effects across sexes [88, 89].

However, small datasets exhibited no significant results which shows that the dataset

size are critical factors in detecting sex differences based on our results.
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In addition, the fluctuating standard deviations observed throughout the results from

5.81% to 9.36% for overall F1-scores show a high variability in the performance across

folds and seeds which means that the conditions of the recordings and demographic differ-

ences can introduce a complexity that challenges the performance.

WavLM-Large led to the best overall performance among SSL models while Random

Forest achieved the highest F1-score on women. Traditional spectral features with FBank

were giving competitive results which shows that simpler approaches could still be used

for pathological speech detection.

In addition, experiments on one sex only and testing on both can lead to failure in the

generalization depending on the model used which shows the risks of deploying models

trained on demographically biased datasets and with no statistical evaluation of the results.

5.2 Implications for Fairness and Clinical Deployment

From our findings, the sex differences observed in large datasets raise critical concerns

for clinical applications. These differences are not statistical artifacts as they reflect real

disparities that if unaddressed can lead to inequitable healthcare outcomes.

We designed our study with explicit attention to fairness considerations since we used

balanced datasets in terms of sex and disease status, in addition to cross-validation to ensure

equal representation across folds.

Despite these methodological choices, our results showed persistent sex differences.

This suggests that demographic balance is necessary but not sufficient. Other datasets

characteristics like variability in symptoms, recording conditions, presence of other neu-

rodegenerative diseases and medical knowledge must be considered carefully in order to

ensure algorithmic fairness.

A model that correctly identifies 85% of female cases, but chance level for males would

result in diagnostic failure for men which represents a potential safety issue and ethical
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violation of the principle of equitable care as it would disproportionately disadvantage one

sex.

In addition, a performance without statistical significance is not enough to decide on the

validity of the results. Furthermore, statistical significance alone is insufficient to determine

the clinical readiness. In fact, the inability to get good performance on male participants

makes our models unreliable for deployment despite the fact that the results on females is

high. This indicates the importance of evaluating models across all relevant subpopulations

and integrating fairness evaluation into the development of these models.

5.3 Future Work

Future work should include experimenting with other speech tasks and not only sustained

vowel phonation to decide if the sex difference generalize to the other tasks. Specifically,

investigating reading tasks, DDK exercises, and spontaneous speech to see if the disparities

are task-dependent.

Furthermore, incorporating UPDRS scores from mPower datasets is another important

direction. This would allow us to investigate if the sex difference is related to disease sever-

ity which would provide insights into the clinical aspects of model biases. By stratifying

participants by disease stage and analyzing performance across severity levels, we could

determine whether sex differences are more present in early stage or advanced PD.

Detailed interpretability experiments are also essential. Identifying which features are

influencing the classification is necessary for a better understanding of those sex differences

and inform the design of more equitable models. Feature importance analysis and attention

visualization could show whether models rely on sex-specific characteristics or disease

markers.
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Also, implementing and evaluating fairness techniques such as demographic parity con-

straint and equalized odds optimization are important to assess the trade-offs between over-

all performance and demographic fairness. Exploring domain adaptation techniques and

transfer learning approaches that account for sex differences could improve model gener-

alization across demographic groups.

Extending our work to additional languages and cultural contexts would help identify

if the sex difference are universal or specific to certain conditions.

Finally, creating sex balanced and demographically diverse speech datasets and de-

tailed metadata is crucial to enable future fairness research. These datasets should include

detailed demographic information, clinical variables, and recording metadata.
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[83] Betül Erdoğdu Sakar, M. Erdem Isenkul, C. Okan Sakar, Ahmet Sertbaş, Fikret Gür-
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Appendix A

Appendix

The following tables show other metrics computed in addition to F1 scores reported in the

main text.

Models Accuracy F1 F1 male F1 female

WavLM 69.04 ± 5.86 68.61 ± 6.61 53.65 ± 8.39 83.12 ± 9.36 ***

FBanks 63.52 ± 5.81 63.36 ± 5.87 43.30 ± 7.73 82.63 ± 10.57 ***

Wav2Vec2.0 57.2 ± 7.28 55.66 ± 8.40 49.30 ± 7.39 60.79 ± 13.05 ***

Whisper 67.76 ± 5.95 66.54 ± 6.38 56.00 ± 7.40 76.38 ± 9.36 ***

Random Forest 66.64 ± 3.36 66.61 ± 3.36 46.80 ± 5.83 85.02 ± 3.79 ***

Table A.1: Performance of 5 feature extractors on mPower large. Asterix indicates sig-

nificance levels: * p < 0.05, ** p < 0.01, *** p < 0.001. Grey cells show no significant

difference.

Datasets Accuracy F1 F1 male F1 female

mPower matched 56.87 ± 1.39 56.54±1.47 51.71±3.93 61.16±3.39 ***

mPower small 53.00 ± 7.02 50.01 ±8.99 48.81±12.66 49.45±16.25

mPower large 69.04 ± 5.86 68.61 ± 6.61 53.65 ± 8.39 83.12 ± 9.36 ***

PC-GITA 53.33 ±6.99 51.40±6.69 50.57±12.58 51.18±7.95

Table A.2: Performance of WavLM on mPower (matched, small, and large) and PC-GITA.

Asterix indicates significance levels: * p < 0.05, ** p < 0.01, *** p < 0.001. Grey cells

show no significant difference.
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Subset Accuracy F1 Precision Recall

male mPower matched 49.47 ± 3.04 47.99 ± 3.08 49.49 ± 3.27 49.47 ± 3.04

female mPower matched 55.40 ± 5.83 54.70 ± 5.96 55.72 ± 5.99 55.40 ± 5.83

male PC-GITA 48.85 ± 3.63 38.54 ± 6.86 35.11 ± 12.14 48.85 ± 3.63

female PC-GITA 62.33 ± 7.29 60.97 ± 7.70 64.79 ± 8.84 62.33 ± 7.29

(a) Overall metrics

Subset Female Male

F1 Prec. Rec. F1 Prec. Rec.

male mPower matched 49.06 ± 8.04 51.50 ± 9.04 51.06 ± 7.96 46.39 ± 9.42 47.15 ± 9.64 47.90 ± 8.51

female mPower matched 55.99 ± 8.47 56.66 ± 8.70 56.38 ± 8.50 53.23 ± 7.08 54.93 ± 7.67 54.40 ± 6.80

male PC-GITA 38.50 ± 6.36 35.62 ± 12.35 49.23 ± 2.77 38.35 ± 7.90 34.71 ± 12.59 48.46 ± 5.55

female PC-GITA 66.89 ± 7.64 70.97 ± 7.98 68.00 ± 6.76 54.27 ± 11.58 58.30 ± 15.68 56.67 ± 10.47

(b) Gender-specific metrics

Table A.3: WavLM on female and male subsets from mPower matched and PC-GITA in

percent averaged across 5 folds and 3 seeds. Grey cells show no significant difference.

Subset Accuracy F1 Precision Recall

male mPower matched 49.68 ± 4.45 48.19 ± 4.31 49.80 ± 4.89 49.68 ± 4.45

female mPower matched 45.49 ± 3.92 45.26 ± 4.04 45.39 ± 4.03 45.49 ± 3.92

male PC-GITA 48.00 ± 3.56 45.81 ± 3.75 47.60 ± 4.26 48.00 ± 3.56

female PC-GITA 54.67 ± 5.91 52.91 ± 6.16 55.51 ± 6.78 54.67 ± 5.91

(a) Overall metrics

Subset Female Male

F1 Prec. Rec. F1 Prec. Rec.

male mPower matched 45.36 ± 7.75 50.80 ± 11.01 49.79 ± 7.90 49.15 ± 2.59 49.60 ± 2.82 49.58 ± 2.69

female mPower matched 42.49 ± 4.19 42.76 ± 4.19 43.14 ± 3.97 47.07 ± 7.17 48.15 ± 8.93 47.84 ± 7.48

male PC-GITA 23.08 ± 0.00 18.75 ± 0.00 30.00 ± 0.00 65.60 ± 7.25 66.74 ± 7.36 66.00 ± 7.12

female PC-GITA 53.81 ± 11.43 54.85 ± 12.44 54.67 ± 10.87 42.22 ± 9.50 49.63 ± 26.33 54.67 ± 4.99

(b) Gender-specific metrics

Table A.4: Random Forest on female and male subsets from mPower matched and PC-

GITA in percent. Grey cells show no significant difference.
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