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Automated detection of Parkinson’s Disease (PD) from speech presents a low-cost, non-invasive screening tool, but its reliability
across languages and recording conditions is uncertain. This study evaluated whether speech-based PD detection could transfer
across diverse datasets that differ in language, recording conditions, and tasks under limited exposure to the target dataset. We
investigated model performance in-dataset and in cross-dataset zero-shot testing, whether adding a small, speaker-balanced
fraction of the target dataset during training improved performance, and if fairness (∆FNRF−M , difference in the False Negative
Rates between female and male speakers) depended on training alone or on threshold selection. Models were developed using
public datasets, including NeuroVoz (Castilian Spanish), EWA-DB (Slovak), IPVS (Italian), MDVR-KCL (English-UK), and
English-US sustained “Ah” sounds, with varied speech tasks and recording environments. A frozen Wav2Vec2 backbone with
two task-specific classification heads (vowel and read/other) was evaluated using AUROC (Area Under the Receiver Operating
Characteristic Curve), sex-stratified FNR, and ablation analyses. The results showed that while in-dataset testing yielded reliable
performance (e.g., AUROC ≈ 0.73 for D2), zero-shot cross-dataset testing did not. Further, combining different datasets into a
multilingual model was inadequate (e.g., AUROC ≈ 0.41 for multilingual model transfer to D2), but including a small portion of
target data led to performance improvements (achieving AUROC ≈ 0.67). Overall, these findings suggested that speech-based
PD detection may transfer better across datasets using limited, carefully sampled, target data. The results of this study should be
interpreted as investigative evidence rather than demonstration of clinical readiness.
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Introduction

Parkinson’s Disease (PD) has a quantifiable impact on hu-
man speech. This has led to extensive research on speech-
based early detection methods. Recent Artificial Intelligence
(AI) advances have been applied in the automated detection of
PD from speech signals1. Prior studies illustrate measurable
changes in articulation, phonation, prosody, and timing, thus
reinforcing that speech patterns reflect underlying neurologi-
cal functions in PD2,3. Research based on classical Machine
Learning (ML) used pitch and spectral features, while other
studies employed Deep Learning (DL) models with the fea-
tures learned directly from speech recordings to detect PD1,4,5.
Prior work has demonstrated that the choice of speech task
is important for PD detection. Studies have used various
speech tasks including sustained phonation (vowels) and read
speech2,6, as well as spontaneous speech, monologues, and
rapid syllable repetition2,7, emphasizing that the signs of PD
are not limited to a single speaking condition.

Studies have shown that speech-based models can reliably
differentiate PD from healthy speakers when training and test-
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ing are performed within the same speech dataset7. How-
ever, performance can degrade when models trained on one
dataset are tested on a different dataset8. PD speech datasets
can vary in language, recording environments, speech tasks,
and data collection procedures9. Cross-language PD detec-
tion using combined acoustic and linguistic speech features
has shown promising results, but its model performance can
be affected by speech length and cohort composition10. Mul-
tilingual detection using sustained vowel phonations from dif-
ferent languages has shown feasibility, but that evidence re-
mains limited to vowel-based tasks11. Thus, although cross-
language testing with sustained-vowel recordings has shown
some generalizability, the differences in the recording condi-
tions can still affect performance12. In addition, studies show
that model interpretability still remains an important concern
for clinical adoption4.

Given these challenges in language variation, task depen-
dence, and model insight, the present study evaluated the
cross-dataset transfer performance of speech-based PD mod-
els, while also examining demographic fairness and inter-
pretability. The approach of utilizing task-specific classifica-
tion heads in the present study was inspired in part by prior
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work that utilized separate heads for diadochokinetic and con-
tinuous speech13. However, the present study used a sim-
pler configuration with a frozen Wav2Vec 2.0 (“Wav2Vec2”)
backbone and two small task-specific classification heads,
rather than introducing a new bilingual dual-head architec-
ture. This study utilized multiple public speech datasets in-
cluding NeuroVoz (Castilian Spanish)14,15, EWA-DB (Slo-
vak)16,17, IPVS (Italian)18,19, MDVR-KCL (English-UK)20,
and English-US sustained “Ah” sounds21,22. These datasets
differed in languages, accents, speech tasks, and recording
environments. These differences represented a form of dis-
tribution shift across the datasets that included variations in
language, recording conditions, and speech tasks. This study
did not isolate the contributing sources of this shift. Rather, it
tested the combined effect of these differences on model per-
formance using the following three testable hypotheses:

• H1: Model performance will be lower with cross-dataset
zero-shot testing when compared to in-dataset testing,

• H2: Adding a small speaker-balanced portion of the tar-
get dataset to the multilingual model during training will
improve its cross-dataset transfer performance, and

• H3: Fairness, evaluated with ∆FNRF−M , will depend on
both the training data and the selected threshold.

The main contributions of this study can be divided into
three primary focus areas. First, we showed that models
trained on one dataset transferred poorly to other target do-
mains, thus highlighting the limitations of cross-dataset trans-
fer. Second, we illustrated a practical strategy in which col-
lecting a small amount of carefully planned speech data from
the target domain could meaningfully improve model perfor-
mance. Finally, by examining fairness via differences in sex-
stratified false negative rates, we demonstrated that opera-
tional choices made after model training, such as the selec-
tion of a decision threshold, can affect who gets overlooked or
who may be falsely screened as PD-positive. These contribu-
tions encourage careful, ethical future research in the field of
speech-based PD screening, but do not claim clinical diagno-
sis.

Methods

Data Collection and Preprocessing

Datasets

Speech data were obtained from publicly available speech
datasets, representing a mixture of different languages and ac-
cents. These datasets included recordings of vowels (sustained
phonation), read speech, and spontaneous speech, and were

collected in varied recording conditions, ranging from a labo-
ratory microphone to telephonic conversations, from Healthy
Control (HC) and PD speakers. As seen in Figure 1, prepro-
cessing of all the datasets followed consistent settings: all au-
dio was converted to mono, resampled to 16 kHz sampling
rate, and leveled to similar loudness using Root Mean Square
(RMS)-based normalization with a set peak limit to prevent
audio clipping. The preprocessing module then detected the
speech regions with voice activity detection using Google’s
WebRTC VAD and a loudness/energy-based backup. An im-
portant design choice was to create a maximum of one output
audio clip per original source file, while permitting speakers
to have multiple clips. This was done in order to ensure con-
sistency across datasets by reducing the overrepresentation of
source files with longer or cleaner recordings. The manifest
logs were built by performing speaker-based training, valida-
tion, and test splits such that the same speaker never appeared
in multiple splits. All the datasets, which we identified as D1,
D2, D4, D5, and D6 (Table 1), were initially divided into 70%
training, 15% validation, and 15% test splits. However, when
D5 was utilized as the target dataset for the monolingual and
zero-shot test runs, we considered that the speaker count of
its test split could potentially be increased to make the testing
runs reliable. Then, D5 was re-split into 50% training, 20%
validation, and 30% test speakers (viz. “D5v2”). A Turk-
ish language PD dataset23,24, which we originally identified
as “D3”, was downloaded from the University of California,
Irvine (UCI) Machine Learning Repository but not used as it
contained only pre-extracted speech features, not actual audio
recordings for our purpose.

Ethical Statement

This study utilized previously collected, publicly available
speech datasets released by their respective owners for the
purpose of conducting research. No new recordings were
made, and no human participants were recruited, so Institu-
tional Review Board (IRB) approval was not required. In
all the datasets, personally identifiable information was al-
ready removed prior to release for use. Analyses were only
conducted on anonymized speech identifiers, diagnosis labels
(HC or PD), and normalized demographic attributes (such as
sex) for the sole purpose of conducting research. The speech
models and analyses are not intended for clinical diagnosis
or for medical decision-making. For real-world applications,
additional clinical validation and ethical oversight would be
necessary that is beyond the scope of this study.

Data Preprocessing

During the preprocessing of every audio clip, vowel (sustained
phonation) clips produced a short clip (maximum of 2 s) taken
from the center of the best-spoken portion. Reading or sponta-
neous clips (viz. “read/other”) produced longer clips from the
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Table 1 Definition of the Datasets. Dataset identifiers and main attributes. D7 is a derived multilingual set, while D3 was excluded because it
did not contain the actual audio recordings.

Dataset
Identifier

Dataset Name Language Acronym
Used

Metadata
Format

Contents

D1 NeuroVoz Castilian Spanish ES CSV HC/PD clips: vowel +
read/other.

D2 EWA-DB Slovak SK TSV HC/PD/Alzheimer’s Disease
(AD)/AD-PD clips: vowel +
read/other. Only HC & PD
clips were used.

D4 IPVS Italian IT Excel Young HC/Elderly HC/PD
clips: vowel + read/other.

D5 MDVR-KCL English (UK) EN, ENUK N/A HC/PD clips: read/other only.
D6 “Ah” Sound (sustained ‘ah’;

origin: US)
EN,
ENUS AH

Excel HC/PD clips: vowel only.

D7 Base Multilingual Multilingual by
construction

D7 Base None (Derived) HC/PD clips merged from
D1+D4+D5v2+D6.

start of the best-spoken portion and maintained the actual du-
ration with no artificial padding (maximum of 8 s). Dataset D1
inferred the task-type from the source audio filename. Dataset
D2 filtered the recordings using metadata tables and limited
the count to a maximum of 8 clips per speaker per task. Due to
its poor audio quality, an additional cleaning step was applied
for dataset D4 that included DC removal with a high-pass filter
at 70 Hz, and hum reduction with notch filters centered at 50
Hz and its harmonics (up to six), with a quality factor of 35.
Dataset D5 comprised telephone recordings that included the
initial phone ringing and a softer, interviewer’s voice. So, the
first 40 s of audio was discarded in every D5 clip, and then,
a loudness gate was applied to maintain the main speaker’s
voice before stitching the speech segments to make the clip 8
s long. Dataset D6 only contained “Ah” sounds; hence, voice
activity detection, with energy-based backup, was employed
as explained earlier. Due to the diversity in the recording en-
vironments, data collection procedures, and audio quality, the
above preprocessing steps were followed to standardize each
speech dataset into a useful downstream pipeline rather than to
optimize any single dataset individually. The settings applied
across the datasets are summarized below:

• Conversion to mono

• Resampling to 16 kHz

• RMS normalization target: -20 dBFS

• Peak limit: -1 dBFS

• Minimum RMS threshold: -60 dBFS

• Maximum gain: +18 dB

• WebRTC VAD mode 2

• Frame size: 30 ms

• Clip length rules: vowel clips of 2.0 s; read/other clips up
to 8.0 s

• Maximum of 8 clips per speaker per task

• Training, validation, and test speaker split percentages:
70/15/15 (50/20/30 for D5v2)

Table 2 summarizes the final preprocessed speaker and clip
counts of each dataset. Due to the dataset sizes being imbal-
anced when compared to one another, with D2 dominating by
having more speakers and clips than the other datasets, the
study was designed to treat D2 as the primary left-out target
dataset, and to interpret the results from smaller datasets cau-
tiously.

Deep Learning Models

Model Architecture

Each model included a pretrained Wav2Vec2 feature extractor.
Wav2Vec2 is a speech model trained on many hours of spoken
audio, allowing it to learn general patterns of human speech
(Figure 3). The present study utilized Wav2Vec2 as the frozen
“backbone” (Figure 2), which meant that its internal weights
were not changed during the model training. Wav2Vec2 was
used only to extract speech features from the audio at 16 kHz
(mono). It included a convolutional feature encoder (CNN)
and a transformer encoder with 12 layers, 12 attention heads,
and a hidden dimension of 768. The frame-level features were
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D1 NeuroVoz
(ES)

D2 EWA-DB
(SK)

D4 IPVS
(IT)

D5 MDVR-KCL
(ENUK)

D6 “Ah” Sound
(ENUS_AH)

Normalization:
• Converted to mono
• Resampled to 16 kHz
• RMS loudness leveling 

w/ peak limiter

Voice activity detection:
• WebRTC VAD w/ 

energy-based backup

Dataset-specific cleaning:
• D4: DC removal and 

hum reduction w/ high-
pass notch filters

• D5: Discard initial 40 s, 
apply loudness gate, 
stitch segments

Audio clip lengths by task:
• Vowels – 2 s max. 
• Read/Other – 8 s max.

Audio clip count:
Max. 8 per speaker per task

Datasets Metadata Preprocessing Dataset Splits

15% Test15% Validation

70% Training

30% Test20% Validation

50% Training

D1, D2, D4, D6

D5v2

Manifest Logs

Fig. 1 Audio Dataset Preprocessing Protocol. Overview of the preprocessing protocol for all datasets. Source audio files were converted to
mono, resampled to 16 kHz, loudness-normalized and processed using Voice Activity Detection. Vowel clips were shortened to a 2 s central
segment, while read/other clips retained up to 8 s. Training, validation, and test splits were created by ensuring that the speakers did not
overlap across splits.

Table 2 Final Preprocessed Speaker and Clip Counts of Each Dataset. Dataset sizes and PD vs. HC counts by the number of speakers and
audio clips used for the datasets. Max. 8 clips per task per speaker were used to avoid speaker bias.

Dataset
Identifier

# Total
Speakers

# Male
Speakers

# Female
Speakers

# PD
Speakers

# HC
Speakers

# Total
Audio Clips
Used

# Vowel
Clips
Used

# Read/Other
Clips Used

D1 107 61 46 52 55 1692 837 855
D2 630 189 441 92 538 5670 630 5040
D4 65 44 21 28 37 731 397 334
D5 37 13 24 16 21 73 0 73
D6 81 37 44 40 41 81 81 0
D7 290 155 135 136 154 2577 1315 1262

combined into a single clip-level representation using masked
mean pooling over time. This pooling excluded the padded
regions of the clip. On top of this frozen backbone, two small
task-specific classification heads were trained: one for vowels
and another for read/other speech. Each head included a “Lay-
erNorm plus Dropout” block, which reduced training instabil-
ity and overreliance on a single feature, followed by a linear
classifier that yielded two logits. A softmax operation was

then used to convert these logits into PD probabilities. The
present study evaluated this single modeling configuration and
did not compare it with classical feature-based machine learn-
ing baselines, perform full backbone fine-tuning, or evaluate
further alternative pooling strategies such as attention-based
pooling.
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Feature Encoder
Context Network

(Transformer)

Audio Clip

Wav2Vec2 (Frozen Backbone)

Fig. 2 Basic Internals of the Wav2Vec2 Frozen Backbone. The internal weights were not changed during the training and used only to extract
speech features from the audio clips.

CommonVoice
7k hours,
60 langs

Read speech

Multilingual
LibriSpeech
50k hours,

8 langs
Read books

VoxLingua107
6.6k hours,
107 langs

Youtube speech

BABEL
1k hours,
17 langs
Phone 

conversations

VoxPopuli
372k hours,

23 langs
Parliament

speech

Self-Supervised Pre-Training

Transformer
Masked

q q q q q

Wav2vec 2.0L

Unlabeled Multilingual Speech 
(Pre-Training Corpora)

Masked Mean Pooling (Time)

Transformer Encoder
(12 layers, 12 attention heads, H = 768)

Speech 
Task?

Vowel Task-Head
LayerNorm→ Dropout

→ Linear Classifier (768→2)

Read/Other Task-Head
LayerNorm→ Dropout

→ Linear Classifier (768→2)

Probability Mapping (Softmax)

PD Probability (0 to 1)

CNN

L
og

it
s

L
og

it
s

Only the selected 
task-head is active
per clip.

CNN Feature
Encoder

Raw Audio
(16 kHz, mono)

Fig. 3 Schematic Model Architecture Used for All Experiments. Wav2Vec2 was used only to extract speech features from the audio at 16 kHz
(mono). Frame-level features were converted into single clip-level features using masked mean pooling, followed by two task-specific
classification heads (vowel and read/other) that output PD probabilities. The backbone followed the wav2vec 2.0 framework25, and the
schematic was conceptually inspired by the Hugging Face XLS-R blog illustration26.

Training and Validation Protocol

All the datasets (D1, D2, D4, D5v2, and D6) followed the
same training and validation protocol (Figure 4). Each train-
ing run used fixed settings: run up to 10 epochs, early stopping
with a patience level of 2 non-improving epochs on valida-
tion AUROC (Area Under the Receiver Operating Character-
istic Curve), an effective batch size of 64 (via repeated gradi-
ent accumulation of 16), learning rate of 0.001 (for balancing

training speed and stability), three random seeds (1337, 2024,
and 7777), and mixed precision on the GPU processor for im-
proving the speed. The best performing epoch was stored for
each seed. The use of three seeds provided a basic estimate of
the run-to-run variability in model performance, but a larger
repeated-run design with more seeds would be necessary to
better assess the variability in performance. Early stopping af-
ter 2 non-improving epochs was implemented due to the lim-
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ited learning capacity of the training heads, as their perfor-
mance improvements usually happen early and further contin-
uation can lead to noise or overfitting. A decision threshold
was optimized on the validation split using Youden’s J statis-
tic and used during the test evaluations. Youden’s J statis-
tic selects the optimal cut-off on the ROC (Receiver Operat-
ing Characteristic) curve that balances sensitivity (true posi-
tive rate, TPR) and specificity (true negative rate, TNR) of the
test. During training, the audio clips were paired with an at-
tention mask on Wav2Vec2 to preclude the model from learn-
ing from the artificial padding that was added to make the clip
lengths consistent in a batch. The weights in each of the two
task-heads (vowel and read/other) were optimized with Adam
(Adaptive Moment Estimation algorithm).

Testing Protocol

The test evaluations also followed a uniform workflow (Fig-
ure 4) to preclude unintentional tuning of the model by the
test set. The seed-specific best head weights were loaded
from the model training. AUROC results were averaged
across the three seeds and stored as the mean test AUROC.
The mean validation-optimal Youden J threshold was applied
for the confusion matrix and other threshold-dependent met-
rics. Fairness was calculated as ∆FNRF−M = FNR(Female)
− FNR(Male), as evaluated on the test set. Statistical uncer-
tainty estimates such as confidence intervals or bootstrap in-
tervals were not calculated in the present study. The reported
AUROC and fairness should be interpreted as descriptive per-
formance summaries versus precise population estimates.

Base Multilingual Model

In order to produce a leave-one-dataset-out multilingual
model, a “base” model (D7) was built by combining the train-
ing splits of four preprocessed datasets D1, D4, D5v2, and
D6 (Figure 5). D2 was selected as the left-out target dataset
because it contained a large number of speakers and clips to
make it sufficiently diverse. Further, monolingual testing on
D2 had achieved a moderate mean AUROC of 0.73, which
indicated that it was learnable. Nevertheless, this decision to
select D2 as the left-out target dataset was made to accommo-
date the available imbalanced datasets, and should not be in-
terpreted as a balanced assessment of multilingual training ca-
pacity. The multilingual model (D7) was trained on the com-
bined training splits of the four datasets and validated on their
combined validation splits. The D7 base model was initially
evaluated on the D7 test split to establish its in-dataset perfor-
mance for reference, and then on the D2 test split as the target
set.

Enhanced Multilingual Models

Three enhanced multilingual training models were created by
adding small speaker-balanced, non-overlapping portions of

the D2 training split to the D7 base training split (Figure 6).
Individual speakers, not audio clips, were chosen from the D2
training split. Choice of a speaker meant that all of their clips
from D2 were included. The target sample size was 10% of the
D2 training split, forced to an even number to maintain a 50/50
balance between Healthy and Parkinson’s speakers. This pro-
cess created two distinct enhanced datasets, viz. “TrainEnh1”
and “TrainEnh2”. However, “TrainEnh3” was left with ap-
proximately 9% non-overlapping speakers since the remain-
ing PD speakers in the D2 training split were insufficient to
permit a full 10% balanced draw. This target-dataset calibra-
tion was performed on one primary left-out dataset (D2) and
not repeated across multiple left-out datasets. The three en-
hanced datasets then followed the training and validation pro-
tocol with the D7 validation split, and were evaluated on the
D2 test split.

Ablations and Interpretability Study

Target Data Ablation

Target data ablation was performed in order to evaluate how
varying exposure to the target dataset affected the performance
of the multilingual model. The base model was cumulatively
enhanced with speakers from the D2 training split in incre-
ments of 5%, 10%, 15%, 20%, 25%, and ∼ 29%. All additions
were performed while maintaining a 50/50 balance between
Healthy and Parkinson’s speakers. The final increment (from
25% to ∼ 29%) was limited to ∼ 4% since the remaining num-
ber of PD speakers in the D2 training split did not permit any
further balanced draws (as seen before for TrainEnh3). For
each of the above increments, the mean test AUROC across
seeds was calculated and plotted against the percentage of D2
training speakers included in the multilingual model.

Threshold Sweeps

Threshold sweeps were performed by reloading each en-
hanced model without any retraining, and running a for-
ward pass on the D2 test split per seed. PD probabilities
were determined per clip, and the analysis swept 199 thresh-
olds from 0.01 to 0.99. The fairness difference ∆FNRF−M
and its absolute value |∆FNRF−M| were averaged across the
seeds. A fairness-optimized threshold that minimized the
mean |∆FNRF−M|, while also achieving mean sensitivity ≥
0.60 and mean specificity ≥ 0.50, was recommended for each
enhanced model. The minimum sensitivity of 0.60 ensured
meaningful detection of Parkinson’s speakers, while the mini-
mum specificity of 0.50 prevented the trivial outcome of clas-
sifying almost all speakers as Parkinson’s. If the sensitivity
and specificity constraints were not met, then the program was
designed to report the failed constraint and select the closest
associated threshold (called “Policy B+”).
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Test Split

Validation Split

Training Split

Wav2Vec2
(frozen backbone)

Vowel Task-Head
(w/ LN+Dropout)

Read/Other Task-Head
(w/ LN+Dropout)

Best model
checkpoint

TestingTraining and Validation

Youden J
Threshold

Model Architecture

Speech 
Task?

Fig. 4 Typical Training, Validation, and Testing Protocols. Typical workflow depicting the training, validation, and testing protocols. Model
training was performed based on validation AUROC, and the best epoch was saved per seed. Validation-optimal threshold (Youden J) was
determined and applied during the testing to compute fairness via ∆FNRF−M .

Test SplitValidation Split

Training Split

D1+ D4+D5v2+D6

Manifest Logs

Test SplitValidation Split

Training Split

Base D7

Monolingual Datasets Multilingual Dataset Manifest Log

Fig. 5 Building of the Base Multilingual Model. Diagram showing the building of a base multilingual dataset (D7) using the
leave-one-dataset-out strategy. The preprocessed splits from D1, D4, D5v2, and D6 were combined, while D2 was left out as the target dataset
for testing.
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Test SplitValidation Split

Training Split

Base D7

Test SplitValidation Split

Training Split

D7 TrainEnh1/2/3

~10% of Training Split

D2

Test Split

D2

Training and Validation Training and Validation

Base
Multilingual Dataset

Manifest Log Manifest LogEnhanced 
Multilingual Dataset

Fig. 6 Building of a Typical Enhanced Multilingual Model. Diagram showing the building of a typical enhanced multilingual training dataset
(D7 TrainEnh1/2/3). About 10% speaker-balanced (50/50 HC & PD), non-overlapping speakers from the D2 training split were added to the
Base D7 training split. All audio clips from the selected speakers were included in the enhanced dataset.

Task-Head Ablation — Vowel vs Non-Vowel Speech Contribu-
tions

Task-head ablation was performed to quantify the effects of
vowel and read/other speech tasks on the as-tested perfor-
mance and fairness of each base and enhanced model. Ex-
isting prediction files were used and no new test runs were
performed. The validation-optimal threshold was used to de-
lineate Healthy versus Parkinson’s clips based on the pre-
dicted probabilities. Comparison charts showing AUROC and
∆FNRF−M by task type were plotted. This analysis identi-
fied which speech task had a greater influence on the AUROC
performance and evaluated whether sex-related fairness was
dependent on the task type.

Forced Task-Head Routing Ablation

Forced task-head routing ablation examined whether model
performance and fairness depended on using the dedicated
task-specific head. Additional runs included testing each base
and enhanced model on the D2 test split by intentionally forc-
ing all clips to route through a single task-head (vowel or
read/other) independent of their task type. Thus, two forced

task-head runs for each of the three seeds were conducted
per model. Test AUROC performance and fairness difference
∆FNRF−M were plotted, and so was the “head sensitivity”.
Head sensitivity assessed whether the model performed better
when the audio clip was sent to its assigned task-head versus
the other head. Since head sensitivity was defined as AU-
ROC(force vowel head) − AUROC(force read/other head),
positive head sensitivity indicated that the vowel head per-
formed better than the read/other head on that test condition.
Negative head sensitivity meant that the read/other head per-
formed better than the vowel head.

Interpretability Study – Prediction Score Distribution Analysis

An interpretability study was conducted to analyze the saved
predicted score distributions and explain model behavior.
From the test results of the base and enhanced models on the
D2 test split, the predicted Parkinson’s probabilities were aver-
aged across the seeds for each test clip. Histogram plots of the
counts of Healthy and Parkinson’s clips versus their respective
predicted probabilities (ranging from 0 to 1) were created, and
these plots were split by sex as well. The score distributions
indicated how the ∼ 10% target inclusion in each enhanced
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model had shifted the probabilities to the right on the graph.
This analysis helped explain prediction confidence in model
behavior, more than what a single AUROC parameter could
help understand.

Code Availability

The code used for data preprocessing, model train-
ing, evaluation, and analysis in this study is avail-
able at: https://github.com/ynganatra/
pd-speech-cross-dataset-transfer.

Results

Monolingual and Cross-Dataset Zero-Shot Testing

Monolingual models that were trained and tested on the same
dataset showed convincing AUROC performance (Table 3).
The highest mean AUROC of 0.85 among the monolingual
tests was obtained for the D4 (Italian) dataset with 93 test
clips. D2 (Slovak) produced a mean test AUROC of 0.73 on its
larger test set of 846 clips. Due to the relatively small test split
of D4, its performance estimates were considered less statisti-
cally stable than those from D2 and should be cautiously inter-
preted. D1 (Castilian Spanish) also reported a mean AUROC
of 0.70 on 270 test clips. On the other hand, D5v2 (English-
UK) and D6 (English-US sustained “Ah” sounds) had lower
mean AUROC values of 0.58 and 0.61 respectively. Since
several datasets were imbalanced with respect to others in the
present study, AUROC was utilized as an overall performance
metric, but it did not fully describe precision-recall behavior.

In contrast with the results, cross-dataset zero-shot trans-
fer tests that were conducted with the model trained on
one dataset and evaluated on another performed substantially
worse (Table 4). The transfer test from the dataset D1 to D2
yielded a low mean AUROC of 0.57. Further, the transfer
test from D4, which had earlier reported the highest monolin-
gual AUROC, to the largest test set D2 received a 0.31 mean
AUROC (worse than chance, AUROC < 0.5). This pointed
to a stronger disparity between the training and test datasets
as opposed to simply being a weak transfer. Similarly, trans-
fers from D5v2 and D6 to D2 provided low mean AUROC
of 0.52 and 0.55 respectively, indicating poor transfer perfor-
mance. Italian and Castilian Spanish belong to the same lan-
guage family (Romance), yet the zero-shot D4 to D1 transfer
yielded a mean AUROC of 0.50. Another transfer test from
D2 to D5v2 also yielded a mean AUROC of 0.35 on the small
test set.

Testing with the Base and Enhanced Multilingual Models

With the objective of addressing the poor cross-dataset test
AUROC performance in zero-shot tests, a multilingual model

was developed and trained on a combined dataset (D7), fol-
lowing the leave-one-dataset-out framework. When the D7
base model was evaluated on the target D2 test set, it reported
a mean test AUROC of only 0.41 across the three seeds. How-
ever, when a small proportion of the target D2 training split
was added to the base multilingual model, the AUROC per-
formance improved (Table 5). When 10% of the D2 speakers
were added to create “TrainEnh1”, the mean test AUROC in-
creased to 0.58. Similarly, TrainEnh2 and TrainEnh3 reported
improved mean test AUROC of 0.67 and 0.59 respectively.
These results showed that a small amount of speaker-balanced,
non-overlapping, target-domain data led to performance im-
provements of the enhanced multilingual models.

The multilingual test runs reported fairness ∆FNRF−M
measured at the mean validation-optimal (Youden J) thresh-
old for the model. Although the D7 base model reported a
mean ∆FNRF−M of -0.01, its poor overall AUROC perfor-
mance may reflect unreliable classification. TrainEnh1 mea-
sured a larger positive mean ∆FNRF−M of 0.17, i.e. on av-
erage, the model missed more female speakers with PD than
male speakers, suggesting that the TrainEnh1 model favored
more accurate PD detection in male speakers. On the other
hand, TrainEnh2 and TrainEnh3 produced mean ∆FNRF−M
values of -0.03 and -0.02 respectively that are both closer to
zero.

Ablations and Interpretability Study

Target Data Ablation

Figure 7 shows the AUROC performance results of the cumu-
lative inclusion of the D2 training speakers in the D7 multi-
lingual model. Each test performed with the increasing pro-
portion of D2 speakers trended towards higher mean test AU-
ROC values. The largest increases in AUROC were seen up to
approximately 20% inclusion of D2 training speakers. After
this level, the AUROC improvements were smaller, but a peak
mean D2 test AUROC of 0.75 was achieved by enhancing the
D7 multilingual model with ∼ 29% D2 training speakers. This
value was slightly higher than the mean test AUROC of 0.73
reported by the D2 monolingual model trained with the full
D2 training split.

Threshold Sweeps

Threshold sweeps for TrainEnh1 just barely achieved the
constraints of minimum 0.60 mean sensitivity and mini-
mum 0.50 mean specificity across the seeds, and recom-
mended a fairness-constrained threshold of 0.3614. Similar
thresholds of 0.2773 and 0.3020 were also recommended for
TrainEnh2 and TrainEnh3 respectively (Table 6). Figure 8
shows the mean ROC curve, averaged across the three seeds,
for TrainEnh2 evaluated on the D2 test split. The mean AU-
ROC across the three seeds was 0.67, indicating moderate per-
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Table 3 Monolingual Tests (Train domain = Test domain). In-dataset test AUROC averaged across the three seeds. D5v2 and D6 are included
but their results are for reference only due to the smaller test split sizes.

Dataset Test set size (# audio
clips)

Mean Test AUROC Interpretation

D1 270 0.70
Range (3 seeds): 0.69–0.70

Moderate in-dataset performance.

D2 846 0.73
Range (3 seeds): 0.72–0.74

Large test set; moderate in-dataset performance.

D4 93 0.85
Range (3 seeds): 0.80–0.88

Strong in-dataset performance, but smaller test
set.

D5v2 24 0.58
Range (3 seeds): 0.45–0.80

Small test set; results are noisy and should not
be overinterpreted.

D6 12 0.61
Range (3 seeds): 0.50–0.67

Extremely small test set; results are indicative
only.

Table 4 Zero-Shot Transfer Tests (Train domain ̸= Test domain). Zero-Shot transfer test AUROC averaged across the three seeds, showing
low cross-dataset performance.

Training dataset →
Test dataset

Test set size (# audio
clips)

Mean Test AUROC Interpretation

D1 → D2 846 0.57
Range (3 seeds): 0.55–0.59

Limited transfer.

D4 → D2 846 0.31
Range (3 seeds): 0.30–0.31

Very poor transfer, worse than chance.

D5v2 → D2 846 0.52
Range (3 seeds): 0.41–0.61

Near chance performance, high AUROC
variability.

D6 → D2 846 0.55
Range (3 seeds): 0.43–0.61

Near chance performance, high AUROC
variability.

D4 → D1 270 0.50
Range (3 seeds): 0.50–0.51

Near chance performance.

D2 → D5v2 24 0.35
Range (3 seeds): 0.31–0.39

Poor transfer, worse than chance, very
small test set.

Table 5 Multilingual Dataset (D7) Evaluated on D2 Test Split. D2 test AUROC, averaged across the three seeds, for the D7 base multilingual
model and the enhanced models with about 10% speaker-balanced target D2 training speakers included.

Model Mean Test AUROC Interpretation
D7 Base 0.41

Range (3 seeds): 0.41–0.42
AUROC is below chance on D2.

D7 TrainEnh1 0.58
Range (3 seeds): 0.55–0.60

AUROC improves vs D7 Base, but less than D7 TrainEnh2.

D7 TrainEnh2 0.67
Range (3 seeds): 0.66–0.70

AUROC improves the most.

D7 TrainEnh3 0.59
Range (3 seeds): 0.57–0.60

AUROC improves vs D7 Base, but less than D7 TrainEnh2.

formance of the model. Two thresholds are also indicated: the
validation-optimal Youden J threshold and the recommended
fairness-constrained threshold. The Youden J threshold bal-

anced the sensitivity and specificity (at 0.62), whereas the
fairness-constrained threshold increased sensitivity to approx-
imately 0.76 at the penalty of reduced specificity (∼ 0.50).
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Fig. 7 D2 test AUROC for the D7 Multilingual Model with Cumulative Inclusion of D2 Training Speakers. Mean D2 test AUROC for the D7
multilingual model as a function of cumulative percentage of D2 training speakers included during training. Each point denotes the mean
AUROC across the three seeds. The dashed trend line is intended for reference only to visualize the general trend of the mean AUROC with
respect to the proportion of D2 training speakers in the multilingual model, and should not be overinterpreted as being able to extrapolate
beyond that range. Performance appears to increase rapidly at lower percentages of target data inclusion and flatten at the higher percentages.

Table 6 Choice of Threshold by Sweep. Validation-optimal and fairness-constrained thresholds with resulting sensitivity, specificity, and
|∆FNRF−M | on the D2 test split (averaged across three seeds).

Model Youden J
Threshold
(VAL-optimal)

Recomm.
Fairness-
Constrained
Threshold

Mean
Sensitivity
@Recomm.
Threshold

Mean
Specificity
@Recomm.
Threshold

Mean
|∆FNRF−M|
@Recomm.
Threshold

Interpretation

D7 TrainEnh1 0.4407 0.3614 0.6058 0.5083 0.1704 Large fairness gap
remains.

D7 TrainEnh2 0.3446 0.2773 0.7566 0.5028 0.051 Best balance:
strong sensitivity
with substantially
reduced fairness
gap.

D7 TrainEnh3 0.3778 0.3020 0.6111 0.5056 0.0354 Modest threshold
shift yields strong
fairness balance.
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Fig. 8 Mean ROC Curve with the Youden J (Validation-Optimal) and Recommended Fairness-Constrained Thresholds. Mean ROC curve for
the TrainEnh2 model tested on the D2 test split, averaged across the three seeds. The validation-optimal Youden J threshold and the
recommended fairness-constrained threshold are indicated, showing the tradeoff between sensitivity and specificity when minimizing the
fairness difference.

Task-Head Ablation – Vowel vs Non-Vowel Speech Contribu-
tions

The task-head ablation indicated higher contribution to AU-
ROC (up to 0.68) from the read/other speech tasks as com-
pared to the vowel tasks that were lower and reached 0.45
at best. The same ablation also indicated that fairness re-
sults, measured by ∆FNRF−M , yielded values closer to 0 for
read/other tasks as compared to the vowel tasks (Figure 9).

Forced Task-Head Routing Ablation

Forced task-head routing affected the model performance. For
read/other clips, normal routing through their own task-head
achieved the highest AUROC of 0.65 to 0.70 for the enhanced

models. However, forcing read/other clips through the vowel
task-head reduced AUROC by 0.05 to 0.10. On the other hand,
AUROC was lower overall (0.45 to 0.58) for vowel clips,
and forcing them through the vowel task-head increased the
AUROC slightly versus forcing them through the read/other
task-head. The head sensitivity results are shown in Figure
10. Finally, the absolute fairness difference |∆FNRF−M| for
vowel clips was generally lower (0.05 to 0.10) as compared to
read/other clips.

Interpretability Study – Prediction Score Distribution Analysis

The prediction score distribution analysis indicated that the
probability scores for PD and HC clips overlapped signifi-
cantly on the base model. Most clips were clustered closer to
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Fig. 9 Task-Head Ablation – Vowel vs Non-Vowel Speech Effects on AUROC and Fairness (∆FNRF−M). Plots of AUROC contributions
(top) and fairness difference ∆FNRF−M (bottom) for vowel (left) and read/other speech tasks (right) for each of the base and enhanced
multilingual models on the D2 test split. Each plot shows the mean and variability across seeds. Read/other speech tasks contribute more
strongly to AUROC performance.
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Fig. 10 Forced Task-Head Routing Ablation — Head Sensitivity Comparison. Difference in AUROC by forcing all test audio clips, regardless
of the speech task, to route through either the vowel task-head only or the read/other task-head only. Head sensitivity is defined as
[AUROC(force vowel head) − AUROC(force read/other head)] and shows the importance of task-head specialization.

lower predicted probabilities, which is reflective of the mean
test AUROC of the base model being 0.41. A shift of prob-
abilities to the right was observed for the enhanced models
(TrainEnh1, TrainEnh2, and TrainEnh3). Figure 11 illustrates

this rightward shift for the TrainEnh2 model as an example.
When further broken down by sex, the score distributions for
male and female PD speakers appeared to be similar to each
other in general.
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Fig. 11 Interpretability Histograms – Prediction Score Distribution Analysis. Histograms of the predicted PD probabilities for HC and PD
clips tested on the D2 test split using the D7 Base and D7 TrainEnh2 models. Probabilities were averaged across the three seeds. The
rightward shift in predicted scores demonstrates better classification by the enhanced model as compared to the base multilingual model.

Discussion

Key Takeaways and Interpretation

Monolingual models trained and tested on the same dataset
showed that patterns related to PD can be learned from speech
within the same domain. This was inferred from the higher
mean test AUROC values reported for the datasets D1, D2,
and D4. The AUROC results for D5v2 and D6 were weaker
and more variable due to their smaller test sets. Their test
splits were smaller due to limited dataset sizes, which caused
unstable performance scores, and the reported AUROC may
not represent the model’s true ability to transfer. In partic-
ular, D5v2 continued to show poor performance despite in-
creasing the test split of D5 from 15% to 30%. At the same
time, cross-dataset zero-shot transfer tests performed poorly
and inconsistently across language pairs. These results indi-

cated that the performance of zero-shot transfers was depen-
dent on the source and target datasets, and attempts to utilize a
model trained on one dataset to evaluate another dataset were
not generally reliable. Therefore, the observed differences in
performance reflected transfer under combined domain shifts
rather than differences in language alone.

The base multilingual model built by combining all, but
one, datasets (leave-one-dataset-out strategy) also reported
very low AUROC performance when tested on the target (left-
out) dataset. The mixing of datasets with varied languages
and recording conditions did not produce a model with high
AUROC performance when tested on an unseen dataset. In
contrast, when a small amount of the target dataset D2 (∼
10%) was added into the base model and used for training,
the cross-dataset test performance showed improvement for
each of the enhanced training datasets. Further, the target data
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ablation highlighted that the performance of the multilingual
model improved with increasing exposure to the target data. In
the present study, the largest gains were observed below 20%
of D2 target speaker inclusion into the multilingual model.

The above results showed that the target domain-sampling
strategy matters. Although the common theme of AUROC im-
provement was evident in the three enhanced models, differ-
ently sampled speaker subsets from the same target training
dataset led to clearly different AUROC and fairness results.
The data collection efforts for the target language do not need
to be extensive as long as the sampled speakers are carefully
chosen. However, this study did not test the validity of this
concept under real-world deployment conditions, so this point
should be interpreted cautiously. In summary, the results sup-
ported the three hypotheses evaluated in this study. H1 was
supported because the cross-dataset zero-shot testing consis-
tently showed lower AUROC results than in-dataset testing.
H2 was supported since adding a small speaker-balanced por-
tion of the target dataset improved the transfer performance
of the multilingual model. H3 was also supported because the
fairness results, measured by ∆FNRF−M , differed across mod-
els and changed with the selected decision threshold.

The threshold sweep ablation demonstrated that fairness,
quantified as ∆FNRF−M in the present study, was not deter-
mined by training alone. The same model outputs without re-
training could lead to different results and tradeoffs based on
the threshold values chosen after training. Table 6 and Figure
8 illustrate that, in practice, one could choose the threshold to
minimize the difference in fairness. However, that choice gen-
erally comes at a compromise between sensitivity and speci-
ficity. Thus, the choice of an acceptable operating threshold
depends on its intended application. The task-type ablation
indicated that read/other speech tasks contributed to higher
AUROC performance gain on the D2 test set as compared to
vowel tasks. Similarly, the forced task-head routing ablation
indicated that the specialized training of the task-heads mat-
ters. Routing of the read/other clips through their own spe-
cialized task-head yielded the highest AUROC, whereas rout-
ing them through the vowel task-head dropped the AUROC.
Vowel clips were less sensitive to the choice of the task-head
but on the whole, AUROC was lower for vowel clips even
when routed through the vowel task-head. This is consistent
with the observation from the task-type ablation that vowel
tasks were less dominant in the AUROC performance on the
D2 target set.

The prediction score distribution histograms illustrated that
the model predictions produced greater separation of prob-
abilities when the target training enhancements were intro-
duced into the base model. The initial prediction scores were
clustered near zero and low probabilities for the base model,
but the histograms showed a noticeable shift of the probabil-
ities to the right after training enhancements with the target

dataset, resulting in greater separation between the Healthy
and Parkinson’s clips.

Limitations

Several limitations influenced the results of the present study,
and it is important to address them here. The results are rep-
resentative of the differences across datasets that vary in lan-
guage, recording conditions, speech tasks, and collection pro-
tocols, so the language effects were not isolated. Data pre-
processing required a few manual design choices, and this
study did not explicitly test the sensitivity of the results with
respect to those choices. This study did not evaluate model
performance with real-world background noise, differences in
recording devices, or the consistency of predictions over time.

A significant limitation is the imbalance in the speech
dataset sizes that were publicly available. D2 contained con-
siderably more speakers and clips than D1, D4, D5, and D6,
making it the most statistically stable dataset and causing it
to dominate several comparisons. On the other hand, some
datasets such as D4, D5, and D6 had limited numbers of
speakers and audio clips. This increased uncertainty and re-
duced the reliability and stability of performance and fairness
estimates, both of which should be interpreted with caution
for those cases. An additional limitation is that the D7 base
model was not designed as a balanced multilingual training
set, since D2 was intentionally excluded to create a left-out
target dataset, and the remaining datasets still differed in size
and language. Moreover, the results of this study were sum-
marized primarily using AUROC as a single summary per-
formance measure as opposed to precision-recall analysis that
can be more informative for imbalanced datasets. The below-
chance, zero-shot transfer result from D4 to D2 suggests that
some cross-dataset failures may be the result of a stronger dis-
parity between source and target conditions, but this limitation
was not investigated further in the present study.

The present study did not include statistical uncertainty es-
timates such as confidence intervals or bootstrap intervals, so
its results should be treated as descriptive rather than conclu-
sive. This study used only three random seeds, which limited
the strength of its conclusions with respect to performance sta-
bility, for the smaller test sets in particular. The backbone
was kept frozen and only the small task-heads were trained.
Although this improved comparability and speed for all the
training and test runs, it may have also limited the maximum
achievable adaptability to the target dataset. The study did
not compare this frozen backbone configuration with classical
feature-based baselines, fully fine-tuned Wav2Vec2 models,
domain adaptation approaches, or alternative pooling meth-
ods. Hence, its results should be interpreted as those result-
ing from a single defined modeling pipeline rather than an all-
inclusive benchmark. Finally, the limited target-dataset cali-
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bration was performed by using a single left-out target dataset
rather than being repeated across multiple left-out domains.

Conclusion and Future Work

Overall, this study showed that speech-based Parkinson’s de-
tection worked well within a dataset, but cross-dataset trans-
fer was poor unless some target training data was incorporated
into the model. From a practical perspective, this finding sug-
gested that limited target-domain calibration may improve the
transfer to a different dataset, but this should be further val-
idated before utilizing it as evidence of real-world deploy-
ment readiness. In the future, model performance should be
tested under more realistic conditions, including background
noise, variations in recording devices, and repeated recordings
over time. Future controlled multi-language data collection ef-
forts with matching speech tasks and recording environments
would help isolate the language effects from other sources of
cross-dataset variation. Further, besides repeating the calibra-
tion analysis across multiple left-out target datasets to evaluate
the consistency of our findings, future work could include ad-
ditional target datasets, higher speaker counts within datasets
so that the performance estimates are statistically stable, and
the evaluation of additional demographic factors besides sex.

Future work should also test more balanced multilingual
training sets by controlled down-sampling or matched dataset
construction in order to determine whether the present findings
would still hold under less imbalanced dataset composition.
Precision-recall curves and related summary metrics could be
included to complement AUROC, which was used as a single
performance measure in this study, particularly for the smaller
and more imbalanced evaluation datasets. It may be benefi-
cial to investigate the below-chance transfer results closely in
order to pinpoint whether they are a result of differences in
recording conditions, speech tasks, label balance, or model
calibration. Potential future efforts should also explore the
sensitivity of the results to the preprocessing design choices,
viz. normalization, clipping limits, VAD settings, and clip-
selection rules. Future comparisons with classical feature-
based machine learning baselines, fully fine-tuned models,
domain adaptation approaches, alternative pooling strategies,
larger seed counts, and statistical uncertainty estimates would
contribute to developing a more comprehensive benchmark
study. Furthermore, focused fine-tuning experiments could
help explain whether selective adaptation of the backbone im-
proves cross-dataset transfer more effectively than the frozen-
backbone configuration used in this study.
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Buzo, J. D. Arias-Londoño, F. J. Grandas-Pérez, J. I. Godino-Llorente.
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