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We introduce a framework for screening Parkinson’s disease (PD) using English pangram utterances.
Our dataset includes 1306 participants (392 with PD) from both home and clinical settings, covering
diverse demographics (53.2% female). We used deep learning embeddings from Wav2Vec 2.0,
WavLM, and ImageBind to capture speech dynamics indicative of PD. Our novel fusion model for PD
classification aligns different speech embeddings into a cohesive feature space, outperforming
baseline alternatives. In a stratified randomized split, the model achieved an AUROC of 88.9% and an
accuracy of 85.7%. Statistical bias analysis showed equitable performance across sex, ethnicity, and
age subgroups, with robustness across various disease durations and PD stages. Detailed error
analysis revealed higher misclassification rates in specific age ranges for males and females, aligning
with clinical insights. External testing yielded AUROCs of 82.1% and 78.4% on two clinical datasets,
and an AUROC of 77.4% on an unseen general spontaneous English speech dataset, demonstrating
versatility in natural speech analysis and potential for global accessibility and health equity.

The diagnosis of Parkinson’s Disease (PD) is traditionally reliant on the
clinical assessments focused on the motor symptoms of the individuals1.
Traditional methods, while effective, often miss the subtle early symptoms
of the disease, leading to delayed interventions2. The situation is further
exacerbated by the limited accessibility to specialized neurological health-
care, particularly in regions with significantly lower ratios of neurologists to
the population. For instance, Bangladesh had only 86 neurologists for over
140millionpeople in 20143, while someAfricannationshadoneneurologist
per three million people, with 21 countries having fewer than five neurol-
ogists each4. Given the expected doubling of PD cases by 20305, there’s a
pressing need for accessible, home-based diagnostic solutions to address
global disparities in healthcare access.

Recent advancements have seen a shift towards integrating digital
biomarkers to develop automated AI based at-home PD detection and
progression tracking tools6–10. Techniques vary from sensor-based noctur-
nal breathing signal9 and accelerometric data collection11, to digital analysis
of facial expressions12.However,wearables and sensorsmaybe inconvenient
for the elderly13,14, and posed expressions can miss subtle diagnostic cues.

Alternatively, speech analysis offers a non-invasive route, lever-
aging natural speech patterns for PD detection. Traditional speech
analysis in PD—primarily relied on sustained phonation tasks6,15–21—

although useful, does not reflect the complexities of natural speech. To
counter that, studies have been proposed to use continuous speech to
develop PD classifiers using varying technologies such as CNNs22, time-
frequency analysis23, or SVMs24. However, these studies rely on fixed
recording setups and small sample sizes, which limits the generalizability
of the models and fail to adequately address accessibility concerns. Even
with larger datasets, models like CNNs and SVMs face structural lim-
itations. CNNs, while powerful for feature extraction, are primarily
designed for spatial data, and their application to time-series or speech
data can be challenging unless properly adapted25,26. They may require
deep architectures to capture complex temporal dependencies in PD
speech data, increasing the risk of overfitting if the model is not properly
regularized or if the dataset lacks sufficient variability to cover real-world
scenarios27. SVMs, although effective on small, well-separable data, may
struggle in high-dimensional, noisy feature space28 common in speech
signals29 due to their limitation in temporal pattern handling compared
to neural networks30. These structural lacking of the modeling archi-
tectures in the existing literature underscore the demand of more
adaptable models, which can capture the nuanced vocal changes asso-
ciated with PD while generalizing better across diverse recording con-
ditions and larger datasets.
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Traditional feature engineering, while interpretable, requires extensive
time, human effort, and domain expertise to identify and select relevant
features manually31. This approach introduces the risk of human bias, as
researchersmay prioritize familiar or well-documented features, potentially
overlooking subtle yet critical nuances present in neurological speech pat-
terns. Studies have shown that even with careful feature selection, critical
variations indicating early-stage PD can be missed, reinforcing the need for
more automated, data-driven feature extraction techniques, such as those
used in deep learningmodels32–35. Recent advancements in semi-supervised
learning models, such asWavLM36, Wav2Vec 2.037, and ImageBind38, offer
pre-trained, openly accessible models that capture complex and abstract
representations of speech data. Thesemodels, trained on diverse, large-scale
datasets, exhibit strongperformance in several downstreamapplications like
automatic speech recognition (ASR)37,39 and speech diarization36, suggesting
their embeddings capture intricate, high-dimensional speech dynamics.
These embeddings hold significant promise to reveal subtle voice changes
associated with the PD that handcrafted features might miss. Despite their
potential, only limited works40 have been done to explore semi-supervised
acoustic models’ utility in PD classification. Although this studys40 was
conducted only on a small cohort of 60 participants (28 PD), it found
significant promise in applying semi-supervised speech embeddings from
wav2vec in PD classification for both English and Italian language. On the
other hand, fusion after projection of one feature set into another latent
space can achieve significant improvement in feature alignment, noise
reduction, and dimensionality consistency13,41,42, simplifying the archi-
tecture and enhancing cross-modal learning capacity43–45. Despite the sig-
nificant advancements in speech processing and disease classification, the
literature has yet to fully explore the potential of combining semi-supervised
deep speech embeddings with projection-based fusion models for PD
classification.

In our study, we leveraged a large-scale dataset of 1306 participants,
including 392PD-diagnosed individuals, collected fromvaried environments
—participants’ homes, clinical settings, and PD care centers—enabling us to

overcome the limitations of smaller cohorts and constrained recording
environments in PD detection. We expanded the application of semi-
supervisedvector embeddingsof free-flowspeech throughanovelprojection-
based fusion approach, demonstrating that fusing deep embeddings from
WavLM to ImageBind feature space enhances the model’s ability to capture
PD-specific speech characteristics. This fusion approach notably out-
performed traditional concatenation by effectively aligning embeddings,
reducing redundancy, and enabling amorenuanced representationof disease
indicators within speech. To prepare the dataset, participants were instructed
to record themselves while uttering the English pangram that starts with “the
quick brown fox.” We modeled the free-flow speech using the pangram
utterance to simplify the analysis as it ensures a consistent speech content
across all participants. This study highlights that semi-supervised embed-
dings are highly effective for PD classification when paired with projection-
based fusion, marking a key contribution in identifying PD-specific vocal
nuances often missed by handcrafted features. We maximized the general-
izability and robustness of the model by collecting data across diverse
environments—homes, clinics, and a PD care facility—and a demo-
graphically diverse cohort. We conducted extensive error analysis using
multiple methodologies to identify any comparatively underperforming
demographic subgroups. With our web-based framework, English-speaking
individuals having access to a webcam-enabled laptop or desktop can record
their speech and receive a PD screening. This approach can enhance acces-
sibility, particularly in regions with limited access to neurological care. Figure
1 illustrates our PD classification pipeline, which processes raw video inputs
to determine PD presence effectively.

Results
Dataset
We collected our dataset from 1306 participants, comprising 392 of them
diagnosedwith PDand 914without the condition.We usedPARK46, aweb-
based framework for data collection purpose. Using the framework, each
participant recorded themselves in front of the web camera while reciting

Fig. 1 | Our proposed framework of fusion based PD classifier using deep
embeddings from WavLM and ImageBind. First, the speech is separated from
video datasets. Then the segment of the audio file where the participants utter the
pangram is separated. Vector embeddings from the last layers of WavLM and

ImagBind are extracted for the speech data. Then WavLM feautures are projected
into the space of ImagBind features set. Finally the projected features are fused and
passed through a classification layer that can determine the participant as PD or
control. Note that the image of the person is AI generated.
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the “quick brown fox” English pangram across three distinct recording
environments—Home Recorded, Clinical Setup, and PD Care Facility—
each varying in terms of ambient noise and data collection setting and/or
equipment. At the Clinical Setup, and PD Care Facility, some participants
provided multiple data samples and eventually, we obtained 1, 854 video
clips having audio of pangram utterance. Note that PD labels of the parti-
cipants from Clinical Setup and PD Care Facility cohorts are clinically
validated, while the Home Recorded labels are self-reported. The demo-
graphic information of the participating cohort is detailed in Table 1.

Feature Extraction
In this study, we aim to capture the nuanced speech dynamics indicative of
PD using advanced deep learning embeddings from pangram utterance
speech. We utilized three state-of-the-art semi-supervised speech models:
Wav2Vec 2.037, WavLM36, and ImageBind38 to extract intermediate vector
representations from their last hidden layers, capturing sophisticated and
informative features of the speech data. Alongside, to assess the efficacy of
these deep embedding features relative to traditional acoustic features, we

extracted classical features using the methodology proposed by Rahman et
al.6. For comprehensive analysis, we compiled four distinct feature sets from
our audio datasets: 39-dimensional acoustic features, 768-dimensional
Wav2Vec 2.0 features, 1024-dimensional WavLM features, and 1024-
dimensional ImageBind features. We then trained various deep learning
models using these feature sets to distinguish between individuals with and
without PD, exploring how different types of features contribute to the
model’s performance.

Performance Evaluation on Standard Train-Validation-Test Split
In our initial experiment, we combined all three data cohorts, segmenting
the dataset into three random splits: 70% for training, and 15% each for
validation and testing. The validation set was used to select the best-
performing model for subsequent testing. Table 2(a) provides the data split
details and demographic distribution across the subsets, where we can
observe that each subset has a fairly balanced representationof demographic
subgroups. Importantly, the split was conducted based on participants’ IDs,
ensuring that all data samples from each participant were grouped into

Table 1 | Demographic information of the participants

Demographic Properties Attribute With PD Without PD Total
Number of Participants 392 (30.0%) 914 (70.0%) 1306 (100.0%)

Sex Female 171 (43.6%) 524 (57.3 %) 695(53.2%)

Male 218 (55.6%) 390 (42.7 %) 608(46.6%)

Nonbinary 1 (0.3%) 0 (0 %) 1(0.1%)

Unknown 2 (0.5%) 0 (0 %) 2(0.2%)

Age in years Below 20 0 (0.0%) 8 (0.9%) 8 (0.61%)

range: 16.0−93.0 20−29 2 (0.5%) 41 (4.5%) 43 (3.29%)

mean: 62.2, std: 12.7 30−39 3 (0.8%) 24 (2.6%) 27 (2.07%)

40−49 9 (2.3%) 20 (2.2%) 29 (2.22%)

50−59 40 (10.2%) 160 (17.5%) 200 (15.31%)

60−69 122 (31.1%) 349 (38.2%) 471 (36.06%)

70−79 142 (36.2%) 107 (11.7%) 249 (19.07%)

80 and above 23 (5.9%) 7 (0.8%) 30 (2.3%)

Unknown 51 (13.0%) 198 (21.7%) 249 (19.07%)

Ethnicity White 223 (56.9%) 638 (69.8%) 861 (65.9%)

Black or African American 6 (1.5%) 42 (4.6%) 48 (3.7%)

American Indian or Alaska Native 1 (0.3%) 4 (0.4%) 5 (0.4%)

Asian 4 (1.0%) 55 (6.0%) 59 (4.5%)

Others 2 (0.5%) 5 (0.5%) 7 (0.5%)

Unknown 156 (39.8%) 170 (18.6%) 326 (25.0%)

Disease duration in years < =2 35(8.9%) – –

range: 1−27 2−5 42(10.7%) – –

mean: 6.32, std: 5.24 5−10 36(9.2%) – –

10−15 19(4.8%) – –

15−20 8(2.0%) – –

> 20 3(0.8%) – –

Unknown 249(63.5%) – –

Hoehn and Yahr PD stages 0: Asymptomatic 65(16.6%) – –

1: Unilateral involvement only 41(10.5%) – –

2: Bilateral involvement, no balance issues 57(14.5%) – –

3: Moderate symptoms, postural instability 50(12.8%) – –

Unknown 179(45.7%) – –

Recording Environment Home Recorded 67 (17.1%) 585 (64.0%) 652 (49.9%)

Clinical Setup 117 (29.8%) 235 (25.7%) 352 (27.0%)

PD Care Facility 185 (47.2%) 85 (9.3%) 270 (20.7%)
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either the train, validation, or test sets. Furthermore, the stratified splitting
method guaranteed fair representation of PD participants across all
three sets.

First, we developed multiple baseline models to benchmark our
approach, incorporating both traditional and deep embedding features.
First, we implemented a CNN-based model trained directly on raw speech
data as an end-to-end PD classification pipeline. This model, however,
underperformed with an AUROC of 59.18% and accuracy of 63.71%,
highlighting the challenges in capturing PD-specific speech characteristics
directly from time-series audio data. CNNs are architecturally constrained
by their local receptivefields, which limits their ability to capture both global
context and long-range dependencies in the input data47,48, leading to sub-
optimal performance in this task. Additionally, we tested both support
vector machine (SVM) and neural network classifiers across four distinct
feature sets: classical acoustic features,WavLM,Wav2Vec2, and ImageBind
embeddings. Among the SVM-based models using four different feature
sets, the one trained on WavLM embeddings demonstrated the best per-
formance, achieving an AUROC of 75.43% and accuracy of 69.65%, sur-
passing the SVM model with classical acoustic features, which reached an
AUROC of 74.82% and accuracy of 67.94%.

Our neural network-based classifier, particularly when trained with
WavLM embeddings, significantly outperformed all other baseline models.
It achieved anAUROCof 85.89%and an accuracy of 81.01%, surpassing the
closest competitor—model trained with ImageBind features—by 5% in
AUROC. Despite a comparatively lower sensitivity of 56.25%, the model
excelled in other metrics, achieving a specificity of 90.63%, a Positive Pre-
dictive Value (PPV) of 81.01%, and theNegative Predictive Value (NPV) of
80.79%. Notably, all models trained with deep embedding features con-
sistently surpassed those using traditional acoustic features, and the neural
network-based classifiers outperformed the SVMmodels in general. Please
refer to the first segment of six rows in Table 2 for a summary of the
evaluation metrics across various baseline models.

To enhance model performance by leveraging the complementary
strengths of different feature sets, we developed fusion models using con-
catenation and projection-based approaches. By concatenating four dif-
ferent feature sets in all possible combinations—resulting in 11 unique set—
we observed consistent improvements, especially with combinations
involvingWavLM features. The best results were achievedwhen combining
all three deep embeddings (Wav2Vec2, WavLM, and ImageBind), with an
AUROC of 89.49% and accuracy of 82.28%. Although specificity (85.99%)
and PPV (73.17%) were slightly lower than the best baseline model, this

approach significantly improved sensitivity (from56.25% to 75%) andNPV
(from 80.79% to 87.10%).

In recent years, projection-based fusion has emerged as a powerful
approach for enhancing representation learning in classifiers. This method
involves projecting features fromone feature space into the space of another
feature set, thus optimizing the use of complementary information while
minimizing redundancy. While our early fusion models using concatena-
tion showed promising improvements, our projection-based fusionmodels
further refined PD classification. Despite a slight decrease in AUROC
(88.94% compared to the previous best of 89.49%), the fusion model pro-
jecting WavLM features into the feature space of ImageBind features
achieved a significant increase in accuracy to 85.65% from 82.28%. Addi-
tionally, it outperformed all other models (or achieved the similar best
performance), in terms of other evaluation metrics with a sensitivity of
75.00%, specificity of 91.08%, PPV of 81.08%, andNPVof 87.73%. Figure 2
demonstrates the ROC curve and confusion matrix of this best-performing
fusion model. To further optimize model performance, we experimented
with threshold tuning on the validation set and applied the selected
threshold to the test set. We found that lowering the threshold from the
default 0.50 to an optimal value of 0.44 provided a flexible trade-off between
sensitivity and specificity, allowing for adjustments based on deployment
requirements.Whilemost keymetrics remained consistent, this adjustment
led to a slight increase in F1-score (from 77.92% to 78.75%) and an
improvement in sensitivity (from 75.00% to 78.75%) at the cost of a minor
decrease in specificity (from91.08% to 89.17%). This trade-off suggests that,
in practice, the model’s operating point can be fine-tuned based on the
requirements of the deployment site—for instance, prioritizing higher
sensitivity to detect more PD cases while accepting a slightly higher false
positive rate. The full analysis, including threshold selection curves, is
provided in the Supplementary Note 5.

We also investigated whether reducing the dimensionality of the deep
embeddings generated byWavLM and ImageBind (1024 dimensions each)
could lead to a more efficient model. While our default best model utilizes
the full-dimensionalWavLMand ImageBind embeddings and requires only
58.8 ± 4.2 milliseconds per epoch for training due to its simplistic archi-
tecture, we applied Principal Component Analysis (PCA)49,50 to explore the
potential benefits of dimensionality reduction. With this approach, the
WavLM features were reduced to 192 dimensions, and the ImageBind
features to 280 dimensions, while retaining at least 98% of the original
variance for both modalities. This dimensionality reduction resulted in a
notable reduction in training time (41.6 ± 2.5 milliseconds per epoch).

Table 2 | Dataset Demographics for Model Evaluation Splits

(a)

Cohort # of Participants # of PD # of Female # of Non-White # of < 50 # of Clinical # of PD Care

Training Set 916 (70.1%) 284 (31.0%) 481 (52.5%) 82 (9.0%) 71 (7.8%) 291 (31.8%) 214 (23.4%)

Validation Set 195 (14.9%) 54 (27.7%) 116 (59.5%) 19 (9.7%) 17 (8.7%) 25 (12.8%) 30 (15.4%)

Test Set 195 (14.9%) 54 (27.7%) 98 (50.3%) 18 (9.2%) 19 (9.7%) 36 (18.5%) 26 (13.3%)

(b)

Cohort # of Participants # of PD # of Female # of Non-White # of < 50

Training Set: Home Recorded and PD Care
Facility

771 (59.0%) 225 (29.2%) 432 (56.0%) 94 (12.2%) 77 (10.0%)

Validation Set: Home Recorded and PD Care
Facility

183 (14.0%) 50 (27.3%) 105 (57.4%) 19 (10.4%) 21 (11.5%)

Test Set: Clinical Setup 352 (27.0%) 117 (33.2%) 158 (44.9%) 3 (0.9%) 9 (2.6%)

Training Set: Home Recorded and Clinical Setup 837 (64.1%) 171 (20.4%) 448 (53.5%) 83 (9.9%) 67 (8.0%)

Validation Set: Home Recorded and
Clinical Setup

199 (15.2%) 36 (18.1%) 106 (53.3%) 20 (10.1%) 15 (7.5%)

Test Set: PD Care Facility 270 (20.7%) 185 (68.5%) 141 (52.2%) 13 (4.8%) 25 (9.3%)

This table presents thedemographic breakdownofparticipants acrossdifferent splits formodel evaluation: (a) using aconventional random train-validation-test split, and (b) using across-environment split
where Clinical Setup and PD Care Facility recording environments alternately serve as the test sets, with the remaining environments combined for training and validation.
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However, the performance of the reduced model was significantly lower
across all major evaluation metrics, demonstrating that the reduction in
training timewasnotworth the trade-off inperformance.ThePCA-reduced
model achieved anaccuracyof 75.95%andanAUROCof 82.22%.While the
model maintained a high specificity (94.27%), its sensitivity dropped to just
40.00%. Since PCA primarily focuses on finding directions of maximum
variance in the data, it may not preserve the features most relevant for
distinguishing between PD and Non-PD, leading to a significant drop in
overall model performance.

Since our dataset was imbalanced, we evaluated our best fusion model
on a resampled dataset using three different techniques: SMOTE51, Random
Undersampling52, and Random Oversampling52. Among these, SMOTE
yielded the best performance. However, even with the balanced dataset
generated by synthetic samples, SMOTE failed to outperform the model
developed without addressing data imbalance, achieving only an AUROC
of 74.45%.

Additionally, beyond evaluating themodel on a randomly selected test
set, we performed a 10-fold cross-validation on our best-performing (on the
randomly selected test set) model configuration. This configuration yielded
similar performance,with anAUROCof 90.86%andanaccuracy of 85.37%.
It also demonstrated 81.88% sensitivity, 89.53% specificity, 80.29% PPV,
and 88.63% NPV, further reinforcing the model’s robustness.

Finally, ImageBind inherently supports multimodal input and we had
collected video data for the speech task. Although our key analyses are
focused on audiomodality in order to consistently evaluate the state-of-the-
art semi-supervised speech representation models, we conducted pre-
liminary experiments to explore the potential of usingmultimodal (audio+
video) embeddings from the ImageBindmodel. As an initial exploration, we
replaced ImageBind’s audio-only embeddings with multimodal embed-
dings in our baseline model, which notably outperformed the audio-only
embeddings across all metrics. Specifically, it achieved an AUROC of
84.88% (4.46% improvement over ImageBind audio-only embeddings) and
an accuracy of 78.48% (4.22% improvement), suggesting that incorporating
video informationmay enhance performance.Motivated by this, we further
explored two variants of our proposed fusionmodel: onewheremultimodal
ImageBind embeddings are projected toWavLMbefore fusion and another
where WavLM embeddings are projected to multimodal ImageBind
embeddings before fusion. While these models demonstrated competitive
performance, neither surpassed the best-performing speech-only model. A
likely explanation is that multimodal ImageBind is less compatible with the
WavLM embeddings, as their inputs are of different modalities. Therefore,
although multimodal ImageBind embedding is better than audio-only
ImageBind when experimented standalone, audio-only ImageBind
embeddings yield better performance when fused with WavLM. However,
these results highlight the potential promise of multimodal analysis for PD
detection using the existing dataset.

The middle segment with ten rows in Table 3 summarizes the per-
formance achieved by some of our top-performing fusion models.

Generalizability Test on External Datasets
To evaluate the model’s generalizability and its performance on datasets
withprobable distribution shift, we testedour best-performing fusionmodel
using the datasets from Clinical Setup and PD Care Facility cohorts, while
the training was conducted on the remaining cohorts, including the Home
Recorded cohort. Due to a significant imbalance between PD and control
participants in the Home Recorded cohort, with only 68 PD participants
compared to 585 controls, it was not used in external testing. The demo-
graphic distribution of the training, validation, and test sets for this gen-
eralizability test is detailed in Table 2(b). In the first configuration, using the
Home Recorded and Clinical Setup cohorts for training and testing on the
PD Care Facility cohort, the model achieved an AUROC of 82.12% and
accuracy of 74.69%. This represents a decline of 6.82% in AUROC and
10.96% in accuracy from the best random split performance. Additionally,
the model showed a sensitivity of 71.61%, specificity of 82.42%, PPV of
91.11%, and a notably lower NPV of 53.58%.

In the second configuration, testing on the Clinical Setup cohort after
training on the Home Recorded and PD Care Facility cohorts, the model
recorded an AUROC of 78.43% and accuracy of 70.19%, down by 10.51%
and 15.46% respectively. Sensitivity was 77.32%, specificity was 65.84%,
PPV was 58.10%, and NPV remained comparable at 82.58%. Figure 3
demonstrate the ROC curve and confusion matrix when our best fusion
model was tested on data from the Clinical Setup and PD Care Facility
cohorts, respectively. The detailed evaluation metrics for these external
datasets are shown in the last two rows of Table 3.

Error Analysis
To determine if the model is under performing for any particular demo-
graphic subgroup in the random split configuration, we performed rigorous
error analysis in terms of four key demographic properties of the partici-
pants that were not included in the model’s training and validation stages:
sex, ethnicity, age, and recording environment.

First, we performed statistical significance tests to evaluate whether the
model’s performance differed significantly across complementary demo-
graphic subgroups. All statistical tests were conducted at an α = 0.05 sig-
nificance level. Given that we conducted six different hypothesis tests on the
same evaluation set, we applied a Bonferroni correction53 to control for
multiple comparisons, adjusting the effective significance level to be
α� ¼ α

6 ¼ 0:0083. First, we divided the dataset into multiple subgroups
based on sex (Male vs. Female), ethnicity (White vs. Non-White), age
(Below50years vs. 50 years andAbove), and recording environment (Home
Recorded vs. Clinical Setup vs. PD Care Facility). Participants missing
demographic data were excluded from respective analyses. Note that in the

Fig. 2 | Performance evaluation of PD classifiers
from speech in a random split configuration. a and
b respectively demonstrate the AUROC curve and
the confusion matrix of our best performing novel
fusion model, which projects WavLM features into
the feature space of ImageBind features.
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random split experimental setting, our test set had 237 audio samples. To
carry out the statistical tests, we employed Fisher’s Exact Test54 to compare
proportions between each pair of subgroups. This test was chosen due to its
strength in handling categorical data and its suitability for our sample size,
without the need to assume normality. Fisher’s Exact Test provides an exact
p-value, ensuring the robustness of our results even in cases where the
central limit theorem’s assumptions55 for other parametric tests, like the Z-
test, may not fully hold.

For the analysis based on sex, themodel achieved an accuracy of 84.3%
for the male subgroup (115 samples) and 86.9% for the female subgroup
(122 samples). The p-value for this comparison was 0.5847, indicating that
the difference in model performance between male and female participant
groups was not statistically significant. Ethnically, the model achieved an
accuracy of 82.5% for theWhite subgroup (183 samples) and 100.0% for the
Non-White subgroup (18 samples). The p-value for this comparison was
0.0834, which was also not statistically significant. Age wise, the model
achieved an accuracy of 100.0% for participants below 50 years old
(19 samples) and 85.9% for participants aged 50 years and above
(199 samples). With a p-value of 0.1423, again this difference was not
statistically significant. Since we had three distinct recording environments,
we conducted statistical test for each of the pairs. The model achieved an
accuracy of 91.0% for the Home Recorded cohort (133 samples) and 72.2%
for the Clinical Setup cohort (72 samples). The p-value for this comparison
was 0.0010, indicating that the difference was statistically significant at the
95% level. For the comparison between Home Recorded (133 samples,
91.0%accuracy) andPDCare Facility cohorts (32 samples, 93.8%accuracy),

the p-value was 0.9211, showing no significant difference. Lastly, in the
comparison between the Clinical Setup (72 samples, 72.2% accuracy) and
PD Care Facility cohorts (32 samples, 93.8% accuracy) shows a p-value of
0.0176, which also came out to be statistically insignificant considering our
corrected effective significance level. The outcome of different statistical
significance test are summarized in Table 4.

Apart from the sub-group based statistical bias analysis, we also
examined the influence of disease duration (in years) and Hoehn and Yahr
(H&Y) PD stages on the predictive performance. First, we examined the
association of disease duration and themodel accuracy by using Spearman’s
rank correlation among 110 sampleswith knowndurations. The correlation
coefficient (ρ = 0.18) suggested a weak positive correlation between model
accuracy and disease duration, which was not statistically significant (p =
0.0579). This indicates that the duration of the disease does not significantly
affect the model’s effectiveness. Next, we analyzed the 75 audio samples
from 35 participants in the test set with known PD stages and conducted a
Kruskal-Wallis H test and Fisher’s exact test with Monte Carlo simulation
(10,000 replications) to examine the associationbetweenPDstage categories
and model accuracy. The PD stages among these 35 participants ranged
from stage 0 (Asymptomatic) to stage 3 (Moderate symptoms, postural
instability). The Kruskal-Wallis H test yielded a test statistic of 0.4595
with a p-value of 0.9276, while Fisher’s exact test resulted in a p-value of
0.9711. Both statistical analyses indicate no significant association between
PD stage categories and the model’s predictive performance. See Supple-
mentary Fig. 1 for a visual representation ofmodel accuracy across different
H&Y stages.

Fig. 3 | Performance evaluation of PD classifiers from speech on external test sets.
a and c respectively demonstrate the AUROC curve and the confusion matrix of our
best performing novel fusion model when tested on the dataset collected from PD

Care Facility. In contrast, b and d give such visualizations when themodel was tested
on the participating cohort from Clinical Setup.
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In addition to the statistical bias analysis, we conducted an extended
error analysis using theMicrosoft Error Analysis Framework56 to assess the
reliability and fairness of our fusion model across different demographic
groups. This analysis, visualized through hierarchical decision tree maps
and heat maps, identified specific cohorts with elevated error rates, indi-
cating areas where the model’s performance could be suboptimal.

From the decision tree visualization, we looked for cohort nodes with a
stronger red color (representing a high error rate) brancheswith a higher fill
line (representing high error coverage), and possible demographic combi-
nations leading to errors. We identified a noteworthy control group of 26
individuals (Fig. 4(a)) aged above 68.5 with a significant error rate and error
coverage both of 30.77%. For its all-female subgroup (14 individuals), the
model exhibited the lowest performance,withanerror rate of 42.86%andan
error coverage of 23.08%. Besides this, we observed another PD cohort of 31
individuals (Fig. 4(b)) aged below 68.5 with an error rate of 35.48% and an
error coverage of 42.31%, possessing a perfect PPV of 100% but low

sensitivity of 65%. For its all-male subgroup (20 individuals), the error rate
increased to 40% with an error coverage of 30.77%. These findings suggest
that model adjustments towards these specific combinations of demo-
graphics could enhance accuracy and reduce misclassifications.

Our analysis highlighted significant age-related and sex-related dis-
parities in error rates. From the heatmap visualization (detailed in the Sup-
plementary Note 2 and Supplementary Fig. 1, 2), we analyzed specific
combinations of demographic features prone to higher error rates. Notably,
whitemales aged72.2−79.1 (21participants) and51.5−58.4 (26participants)
exhibited error rates of 33.33%and26.92%, respectively. PPV (67%and57%)
and sensitivity (73%and 50%) scoreswere low for these groups. Performance
was suboptimal among females as well in these age ranges (error rates 60%
and 22.22% respectively), indicating critical areas for model improvement.

Themodel only erred forwhite individuals’ classifications, presumably
due to the small sample sizes of other ethnicity subgroups.White males (72
individuals) exhibited a higher error rate of 18.06% compared to white

Table 4 | Statistical analysis across demographic subgroups

Demographic Property Groups # of samples Group Accuracy p-value Significant?

Sex Male 115 84.3 0.5847 No

Female 122 86.9

Ethinicity White 183 82.5 0.0834 No

Non-White 18 100.0

Age Below 50 19 100.0 0.1423 No

50 and Above 199 85.9

Recording environment Home Recorded 133 91.0 0.0010 Yes

Clinical Setup 72 72.2

Recording environment Home Recorded 133 91.0 0.9211 No

PD Care Facility 32 93.8

Recording environment Clinical Setup 72 72.2 0.0176 No

PD Care Facility 32 93.8

Table 3 | Performance reporting for the ablation studies in a summarized version

Experimental Setup AUROC Accuracy Sensitivity Specificity PPV NPV F1 Score

SVM w/ Acoustic Features 74.82 67.94 64.19 69.93 53.06 78.67 58.10

SVM w/ WavLM Embeddings 75.43 69.65 64.19 72.50 55.31 79.28 59.42

CNN w/ raw speech 59.18 63.71 5.40 99.76 56.39 63.73 9.89

Baseline w/ Classical Acoustic Feature 72.79 69.95 61.54 75.20 60.75 75.81 61.14

Baseline w/ WavLM Embeddings 85.89 81.01 56.25 90.63 81.01 80.79 66.67

Baseline w/ ImageBind Embeddings 80.42 74.26 47.50 87.89 66.67 76.67 55.47

Baseline w/ ImageBind Multimodal Embeddings 84.88 78.48 71.25 82.16 67.05 84.86 69.09

Concat WavLM, ImageBind, and Wav2Vec2 89.49 82.28 75.00 85.99 73.17 87.10 74.07

Concat all 4 feature sets 87.91 78.82 61.54 89.60 78.69 78.87 69.06

Fusion w/ all SSL embeds projected to 3rd dim 89.84 81.01 70.00 86.62 72.73 85.00 71.33

Fusion w/ Multimodal ImageBind projected to WavLM 89.02 84.38 77.50 87.89 76.54 88.46 77.01

Fusion w/ WavLM projected to Multimodal ImageBind 89.77 85.65 73.75 91.72 81.94 87.27 77.63

Fusion w/ WavLM projected to ImageBind 88.94 85.65 75.00 91.08 81.08 87.73 77.92

Fusion w/ WavLM projected to ImageBind (Opt. Threshold) 88.94 85.65 78.75 89.17 78.75 89.17 78.75

Fusion w/ WavLM projected to ImageBind (PCA Applied) 82.22 75.95 40.00 94.27 78.05 75.51 52.89

Fusion w/ WavLM projected to ImageBind (w/ SMOTE) 74.45 73.42 58.66 86.67 64.47 76.58 61.43

Fusion w/ WavLM projected to ImageBind (10–fold cv) 90.86 85.37 81.88 89.53 80.29 88.63 81.08

PD Care Facility as Test Set 82.12 74.69 71.62 82.42 91.11 53.57 75.64

Clinical Setup as Test Set 78.44 70.20 77.32 65.83 58.10 82.57 66.35

Note that the row in bold font represents our best-performing fusion model. A more detailed performance table is reported in the supplementary material.
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females’ (93 individuals) error rate of 13.98%, suggesting possible biases in
the model.

We also examined the error differences between PD and control
individuals across demographic subgroups. Notably, the model performed
perfectly for a large control cohort (44 individuals) at an age interval of
58.4−65.3 without any mistakes. The model erred more frequently for PD
individuals aged between 51.5−58.4 (error rate = 50%, error coverage =
15.38%). Control individuals were mostly misclassified for ages between
51.5−58.4 (error rate = 15.79%, error coverage = 11.54%) and 77.2−79.1
(error rate = 36.36%, error coverage = 15.38%). PD white individuals were
more often misclassified (error rate = 30.43%, error coverage = 53.85%)
compared to control white (error rate = 10.08%, error coverage = 46.15%).
Lastly, from the confusion matrix of sex versus PD labels, male PD indivi-
duals shared a slightly higher error rate of 32.14% and error coverage of
34.62% compared to female PD individuals’ 27.78% error rate and 19.32%
error coverage.Overall, for PD classifications, themodel had an error rate of
30.43% and contributed to 53.85% of the total errors, whereas for control
cases the error rate is only 8.76%. This indicates a need for enhanced PPV in
detecting PD, as the PD group accounted for a majority of the mis-
classifications. The model appeared to be biased towards avoiding false
positives. Therefore, improving model sensitivity and specificity for PD

patients is crucial for reducing overall error rates and enhancing diagnostic
accuracy.

In conclusion, these findings highlight the necessity for targeted
interventions to address demographic-specific performance issues. This
includes refining the model to reduce biases, enhancing training data
diversity, and implementing demographic-specific adjustments to improve
accuracy and fairness across all groups. The implications of these error
patterns are critical for developing a more robust and equitable AI-driven
healthcare solution.

Ablation Studies
Our ablation studies thoroughly evaluated the effectiveness of various fea-
ture sets for PD classification. We adopted different combinations of fea-
tures sets for concatenation and also fused after projection to boost the
metrics. For a detailed presentation of these results, please refer to the
Supplementary Note 1 and Supplementary Table 1.

Discussion
In today’s digital age, mobile devices have become pervasive across global
populations, encompassing all age groups57. These devices universally fea-
ture capabilities for audio recording, providing a practical platform for

Fig. 4 | Decision tree maps of error rates and error coverage among demographic
cohorts. a and b respectively demonstrate the notable nodes/cohorts with relatively
high error rates and their error coverage percentage. The two numbers within each
tree node represent themisclassified counts and the total counts of individuals in that

specific cohort (i.e., 26/183 indicates 26 out of 183 individuals were misclassified).
Labels on the branch (i.e., age ≤68.50) represent the decision boundary condition to
split the child subtrees.
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deploying our speech-based PD screening framework. By simply reciting a
standard pangram, users can leverage their mobile devices to conduct
preliminary screenings for PD. Our research further offers the potential to
develop a mobile application utilizing semi-supervised speech models and
fusion architecture and could continuously analyze natural speech during
phone conversations—with explicit user consent—to detect early signs of
PD and generate timely alerts. Such technological advancements sig-
nificantly diminish the necessity for frequent clinical visits, offering a sub-
stantial benefit to individuals in areas where access to specialized
neurological care is limited.This approachnot only facilitates convenient at-
home monitoring but also plays a crucial role in the early detection and
managing the progression of PD, potentially altering the course of the
disease by enabling earlier therapeutic intervention.

In 2017, PD placed a significant economic burden of $52 billion in the
United States58. Given the projected doubling of PD patients by 20305, the
scenario will worsen significantly, surpassing $79 billion even without
accounting for inflation58. This growing financial strain underscores the
crucial need for early diagnosis and regular monitoring, which have been
shown to significantly improve patient outcomes and reduce the overall
burden on healthcare59. Minimizing unnecessary clinical visits not only
offers potential for substantial cost savings for both patients and healthcare
providers but alsomeans that each avoidedvisit—whichmight otherwise be
spent assessing healthy symptoms—can save patients significant amounts
on consultation fees and associated travel expenses. The introduction of
remote screening models like ours could therefore transform the manage-
ment of PD, leading to a more efficient allocation of healthcare resources
and financial savings.

Dashtipour et al.60 highlighted that speech impairment affects up to
89% of individuals with PD. In contrast to methods that require sustained
phonation, the analysis of free-flow speech provides a more natural and
comprehensive assessment of vocal impairments. This approach captures a
wider spectrum of vocal characteristics and abnormalities, offering the
potential for more accurate and earlier diagnosis than is possible with
phonation-based models alone. Furthermore, the assessment of natural
speech forms a core component of in-person evaluations as outlined by the
MDS-Unified Parkinson’s Disease Rating Scale (MDS-UPDRS)1, whereas
sustained phonations are not explicitly monitored under these guidelines.
While our study did not directly analyze continuous speech, the use of
pangramutterance closely approximates natural speech patterns. The semi-
supervised models employed in this research, which are trained on natural
speech, are thuswell-suited to capture the speechdynamics indicative ofPD,
even from the structured utterance of a pangram.

The projection-based fusion model has demonstrated superior per-
formance compared to simple concatenation. The model projecting
WavLM features into the ImageBind dimension achieved an AUROC of
88.94% and accuracy of 85.65%, outperformingmodels using concatenated
features, which despite a slightly higher AUROC of 89.49%, had lower
accuracy at 82.28%. This result implies that projection-based fusion effec-
tively aligns and synergizes different feature sets, overcoming issues like
redundancy and scale disparity commonly seen with with concatenation.
Notably, this fusion method also surpasses models built on hand-crafted
acoustic features, highlighting the limitations of traditional feature engi-
neering in capturing the subtle, discriminative nuances of PD in speech. In
contrast, embeddings derived from semi-supervised models like WavLM
and ImageBind provably revealed complex PD-related speech patterns,
suggesting that automated, embedding-based features significantly enhance
the precision and depth of PD speech analysis – a key contribution of
our study.

Rizzo et al.61 reported that the accuracy of PD screening by non-expert
clinicians stands at 73.8%, with a 95% credible interval (CrI) of
67.8%–79.6%. In contrast, movement disorder specialists achieve a slightly
higher accuracy of 79.6%, albeit with a wider CrI of 46%−95.1%.
Encouragingly, our model demonstrates promising results, achieving an
accuracy of 85.65%, positioning it favorably within or even above these
established confidence intervals. However, it is important to note that the

populations used to evaluate ourmodel and those in clinical studies are very
different, so while this comparison is promising, it should be interpreted
with caution. Our model’s performance, coupled with its generalization
capability across diverse recording environments, underscores its potential
for global deployment among English-speaking populations. When tested
on datasets from a PD care facility and a clinical setup, which were com-
pletely unseen during the training phase, our model demonstrated
respectableAUROCs of 82.12% (accuracy of 74.69%) and 78.44% (accuracy
of 70.20%), respectively. These results are comparable to, and in some cases
surpass, those achieved by non-expert clinicians, highlighting the model’s
ability to deliver reliable PD screening. The observed drop inmetrics during
external validation can be attributed to variations in recording devices and
environments,changes62,63. However, this challenge also highlights a key
strength of our approach compared to existing models, which are typically
trained ondata froma single recording device. A distinctive characteristic of
our home-recorded dataset is the diversity in recording devices, which
mirrors real-world conditions better than controlled datasets. Nevertheless,
we acknowledge that substantial differences in recording equipment can
potentially degrade the model’s performance. To mitigate the potential risk
of overfitting to specific training environments and to ensure patients’
safety, we recommend collecting a few initial data samples from the local
environment at new deployment sites and retraining the model for optimal
performance. In the future, we aim to further enhance the model’s gen-
eralizability across diverse and unpredictable settings by continuously
incorporating more data from unseen environments and retraining the
model on increasingly heterogeneous data sources. While this study does
not explore continual learning64, we plan to apply various continual learning
algorithms in the future to effectively address the challenge of integrating
new incoming data, ensuring the model remains adaptable and robust
over time.

Our statistical significance tests show that the model demonstrates
broad invariance to demographic diversity, with no significant bias detected
across sex, ethnicity, or age subgroups. While we observed significant
changes in performance across different recording environments, this
finding further supports our objective of enhancing the model’s general-
izability by incorporating data from varied recording setups. We also
recognize that the analysis between the white and Non-White subgroups
was limited in scope due to insufficient sample sizes of each of the Non-
White ethnic groups.As a result,wewere compelled to groupallNon-White
participants into a single category,which prevents a nuanced understanding
of the model’s performance across granular ethnic subgroups. This limita-
tion affects the generalizability and reliability of the model for Non-White
populations, leaving the findings somewhat inconclusive. Notably, this
disparity in demographic representation, particularly within PD datasets, is
a known challenge in the literature. For instance, nearly 90% of the parti-
cipants in the PPMI dataset65 belong to the White ethnic group. Moving
forward, we aim to address this limitation by collecting more data from
underrepresented demographic subgroups and retraining the model
incrementally to ensure optimal performance across diverse populations.

Despite the model’s overall robustness across demographic groups in
terms of hypothesis testing, our detailed error analysis identified certain
under-performing data cohorts with notable misclassification rates, indi-
cating that we should be cautious interpreting themodel’s prediction results
upon these cohorts.While themodel performedwell formales under 51 and
over 72—likely due to more distinct PD traits in these age brackets—the
transition age of 51 to 72 presents challenges. The speech patterns in this
middle age group are less distinct, possibly due to physiological changes that
are harder for the model to interpret. Subtle changes in speech in this age
range may reflect both PD-related traits and other aging factors, making it
harder for themodel to distinguish the true source of variation. For females,
the groupover 72alsopresents higher error rates,with 4out of 6 errors being
cases where the model predicted Non-PD participants to have PD. This
misclassification may be due to significant physiological changes in vocal
mechanisms, such as the thickeningof the epitheliumpost-7066,which alters
vocal characteristics and potentially confuses the model. The changes in
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speechpatterns at higher ages for femalesmightmimic anomalies associated
with PD, causing themodel to incorrectly identify them as PD cases. Studies
support these observations, noting that males experiencemarked structural
changes in their vocal mechanisms around age 60, while females undergo
notable changes post-70. Males exhibit an increase in spectral energy
skewness and nonlinear changes in fundamental frequency (F0) with age,
whereas females show nonlinear changes in signal-to-noise ratio (SNR),
further complicatingmodel predictions in these age and gender groups66–68.
These variations in vocal mechanisms, along with sex-specific acoustic
properties, likely contribute to the increased error rates observed in certain
demographic groups in our study. Supporting this, our SHAP-based feature
importance analysis reveals that the embeddingdimensionsmost influential
in the misclassifications of these subgroups are significantly correlated with
age, reinforcing thehypothesis that age-drivenphysiological changes impact
model predictions and contribute to the observedmisclassification patterns
(see Supplementary Note 2 for detailed feature importance and correlation
analysis). Future studies should further explore these biological and neural
factors in speech-based PD predictions to achieve a more in-depth under-
standing. Moreover, variations in misclassification linked to ethnic differ-
ences in speech patterns could be explored with a more ethnically diverse
dataset, enhancing our understanding of the model’s demographic dis-
crepancies. The overall sensitivity of our model is relatively lower at 75.0%,
and it drops further to 70.0% among the 46 PD participants with available
demographic data. One of the contributing reasons for this higher false
negative rate could be the imbalance in our dataset, where the number of PD
participants is significantly lower than theNon-PDgroup (anotherpotential
factormight be themodel’s sole reliance on speech, as discussed later in this
section).While data resampling techniques were considered to mitigate the
data imbalance issue, the hyper-parameter tuning approach revealed that
even effective approach, such as SMOTE was insufficient to improve the
predictive performance, which coincides with previous findings that the
higher dimensionality51,69 of embeddings from models like WavLM and
ImageBind can limit the efficacy of such techniques.Although recruitingPD
participants poses challenges due to logistical constraints, lower patient
availability, and the complexities of remotedata collection, in future,weplan
to collaborate closelywithclinics and research institutions, facilitating access
to larger PD cohorts and ensuring a more balanced and representative
dataset. In the meantime, we advise cautious interpretation of the model’s
results to minimize any potential risks from misclassification, particularly
with the higher false negative rates.

One of the principal limitations we must acknowledge is the limited
explainability of ourmodel.While the use of vector embeddings from semi-
supervised models like WavLM provides a powerful tool for feature
extraction, the black-box nature of these models poses challenges in inter-
pretability. While tools like SHAP70 or LIME71 were considered for
improving explainability, the abstract nature of embeddings—where
dimensions lack inherent meaning—limits their utility. At best, these tools
could highlight which part of the embedding space contributes most to
predictions, but this insight remains too abstract for clinical relevance. We
recognize theneed for greater transparencyof ourmodel andplan to explore
more suitable methods for model explainability in future work (potentially
through novel approaches), as the field of explainable AI for embeddings is
still evolving72,73. Additionally, our current reliance on English pangrams
restricts the model’s applicability to non-English speakers. However, the
inherent adaptability of semi-supervised speech models offers a promising
avenue for extending our approach to other languages. Recent research has
shown significant progress in applying semi-supervised transfer learning to
expand speech recognition models for low-resource languages. Recent
works have demonstrated the application of semi-supervised models for
low-resource languages, such as methods for Italian74 and aphasic speech
recognition in English and Spanish75. Advances like using self-supervised
representations for multilingual language diarization76 further illustrate the
growing potential for handlingmultilingual and low-resource languages. In
future work, our group aims to explore fine-tuning or adapting existing
models to generate speech embeddings for diverse languages. Given our

model’s relatively simple architecture and low-resource training require-
ments, once thesemodels for other languages are available, wewill be able to
adapt and extend our approach to non-English speakers. This future
direction not only highlights the potential for our model to accommodate
speakers of different languages but also emphasizes the broader evolution of
semi-supervised speech models beyond linguistic boundaries. As an pre-
liminary analysis of our model’s extendability, we took our best model
trained only with pangram utterance data and tested it on a completely
separate test dataset where the participants delivered a continuous, free-
flowing speech for around one minute on their preferred topic (not any
pangram). This test dataset involves 177 participants, and 39 of them are
diagnosed with PD. Our model, even without seeing any such continuous
speech, achieved a respectable AUROCof 77.4%with an accuracy of 74.1%.
This underscores the potential versatility of our approach in broader speech
analysis contexts, not just for PD detection but possibly for other speech-
related applications as well. In addition to the model’s reliance on English
language, a further challenge affecting its global applicability is the limited
access to reliable technology, such as desktop or laptop computers with
stable internet connections. Although addressing this constraint is beyond
the scope of this study, we suggest that in regions where such resources are
scarce at an individual level, deploying the tool at community-accessible
locations equipped with necessary technology could help minimizing this
barrier to some extent. While this setup may not fully achieve the level of
accessibility we envision, it could nonetheless improve the tool’s usability in
underserved, remote areas.

The symptoms of PD vary widely among individuals, with some pri-
marily exhibiting significant speech impairments, while others may
experience motor symptoms like tremors without noticeable changes in
their speech patterns. Consequently, our model, which primarily analyzes
speech dynamics, may not be universally effective for all PD patients,
especially those whose vocal symptoms are less pronounced early in the
disease. This could also contribute to the model’s higher false negative rate.
To address this, we recognize the potential of integrating additional mod-
alities into our framework. Given the flexibility of being a web-based plat-
form, incorporating video data collection for tasks like finger tapping (for
motor assessment of bradykinesia77) and facial expressions (for
hypomimia78) is feasible. Moreover, our preliminary experiments with
multimodal embeddings generated by ImageBind suggest promising
potential for leveraging both audio and video data in a unified analysis.
Moving forward, we plan to incorporate these modalities into a unified
model that considers speech, motor function, and facial expressions,
offering a more comprehensive and reliable PD screening tool. This mul-
timodal approachwill allow themodel to capture a broader spectrumof PD
symptoms, improving the overall performance and utility across diverse
patient groups. In addition, validating the model’s robustness across dif-
ferent stages of PD and analyzing the impact of MDS-UPDRS assessment
scores for the speech task on model performance would have provided
further insights. However, collecting PD stage data and UPDRS scores in a
home-based data collection procedure presents significant logistical chal-
lenges. Gathering this data requires substantial time and effort commit-
ments from specialists, which we acknowledge as a limitation of the study.
Moving forward, we plan to conduct a controlled data collection process
where clinicians can be involved to provide UPDRS assessments with sta-
ging of the disease, allowing us to explore the relationship between speech-
based model performance and disease severity more thoroughly.

Integrating AI into healthcare brings significant ethical challenges,
particularly regarding data privacy and the accuracy of assessments. To
ensure data privacy, any deployed version of the tool should remove video
and audio data immediately after feature extraction to mitigate unauthor-
ized access risks, especially in large-scale clinical or at-homedeployments. In
a real-world scenario, another concern is the potential for inaccurate risk
assessments, as false positives, observed in 8.92% of cases, may cause
unnecessary anxiety but could also prompt users to seek professional
medical advice. To alleviate the distress, we recommend that the deployed
system clearly informusers that the results are not a definitive diagnosis and

https://doi.org/10.1038/s41531-025-00956-7 Article

npj Parkinson’s Disease |          (2025) 11:176 10

www.nature.com/npjparkd


not free from errors. Furthermore, integrating psychological care resources,
such as support groups, would ensure users have access to emotional sup-
port if distressed by their results. Conversely, the 25% false negative rate is
more concerning as it could delay the necessarymedical care. As we already
discussed, this limitationmay be due to dataset imbalance, as data from PD
patient is harder to collect or the model’s sole reliance on speech task, or
perhaps both. Moving forward, we aim to address this by balancing the
dataset and incorporating additional tasks, potentially enhancing model
performance. Meanwhile, users must be informed of the tool’s limitations
on misclassification, emphasizing the importance of consulting healthcare
providers regardless of the device’s output.

The implications of this study are broad, extending beyond PD diag-
nosis. The methodologies developed could be adapted for identifying other
speech-related deficiencies, offering a blueprint for future research in neu-
rological disorders. By integrating our proposed projection-based fusion
architecturewith semi-supervised speech embeddings, we anticipate similar
methodologies could significantly improve the performance of models in
various speech analysis applications. The success of this project highlights
the transformative potential of AI in healthcare, particularly in enhancing
diagnostic processes through advanced machine learning techniques and
accessible digital platforms.

Methods
Dataset Description
For collecting the speech dataset used in this study, we employed the web-
based PARK framework developed by Langevin et al.46, accessible at https://
parktest.net/. Participants worldwide can use this framework to record
themselves while performing tasks inspired by theMDS-UPDRS guidelines
designed to assess motor symptoms for evaluating PD. One such task
involved the articulation of a standard English pangram, “quick brown fox.”
To ensure consistency and proper execution across participants, the full
pangram text was visible on theweb interface for them to read aloud, and an
instructional videowas providedbefore each task.Additionally, participants
were required to complete questionnaires that captured demographic
information such as age, sex, ethnicity, PD diagnosis year (for participants
with PD), etc. From the video recordings, we extracted audio clips to
compile our dataset. Due to some participants providing multiple video/
audio samples at different times, we could amass a total of 1854 samples for
our study. Additionally, to assess the extendability of our model to more
natural speech scenarios from a pangram-only setting, we conducted a
supplementary test. In this test, 177 participants, including 39withPD,were
instructed to speak freely for one minute on a topic of their choice. This
additional dataset allows us to explore our model’s performance in con-
tinuous free-flow speech settings, further underlining its potential applic-
ability to broader speech analysis contexts. Note that this study was
approved by the Institutional Review Board (IRB) of the University of
Rochester and the University of Rochester Medical Center. Informed con-
sent was collected electronically due to the remote nature of the study,
authorizing the use of participants’ data and images.

We collected the dataset from three distinct settings.
• HomeRecorded:We gathered a significant portion of our dataset from

participantswho recorded themselves staying at homeusing the PARK
tool. We reached these participants by advertising our PARK tool on
social media. We also emailed individuals who were willing to con-
tribute to PD research. Despite being a global effort, we could only
collect data from 67 (10% of this cohort) PD participants. In this data
collection setup, the labels of the participants (PDor control) were self-
reported.

• Clinical Setup: In collaboration with the University of Rochester
Medical Center (URMC) in New York, participants in a clinical study
recorded themselves using the PARK tool. This setting ensured some
supervision by clinical staff, particularly for those participants who
required assistance during the recording. The participants of this
cohort were clinically confirmed to be PD or control. Almost 30% of
the total PD participants are from this cohort.

• PDCare Facility: Our last data collection site was InMotion (details at
https://beinmotion.org/), a PD care facility in Ohio, US. We could
collect the video/audio data from their clients as clinically confirmed
PD patients and their caregivers as self-reported controls. This
environment provided a supportive setting for participants, typically
involving assistance from their caregivers and/or the InMotion’s staff
during recording sessions.We collect themajor portion of PD samples
(47%) from this setup. Note that the supplementary dataset of
continuous free-flow speech involving 177 participants, including 39
with PD, was also gathered here.

In this study, we collected data across a broad spectrum of demo-
graphic groups, targeting a comprehensive analysis of PD across diverse
populations. The dataset featured a balanced sex distribution with 53.2%
female and 46.6% male participants but showed a predominance of white
participants at 66%, with 25% not disclosing their ethnicity. Participants
ranged from 16 to 93 years old, with amajority aged 60− 69 years, which is
significant as PD prevalence increases with age. Data collection occurred in
varied settings to enhance external validity: 49.9% at home, 27% in clinical
setups, and 20.7% at a PD care facility, reflecting the accessible nature of our
methodology. We collected PD stage information from 213 study partici-
pants—105 out of 117 from the Clinical Setup and 108 out of 185 from the
PD Care Facility—based on their clinical records. The distribution of PD
stageswas relatively balanced, ranging fromstage0 (Asymptomatic) to stage
3 (Moderate symptoms with postural instability, requiring assistance to
recover from the pull test). In addition to PD stages, we obtained disease
duration data from 143 participants, with more than half having lived with
PD for less than five years, a period generally considered the early phase of
disease progression.

To enhance the quality and utility of our dataset, we implemented a
comprehensive data cleaning and preparation process for videos captured
under varied conditions. Initially, we standardized the video format by
converting all WEBM files to MP4, ensuring consistent fps and uniform
metadata. We then isolated the audio from each video, converting it to a
WAV format sampled at 16 kHz, which is optimal for detailed acoustic
analysis. Using theWhisper To precisely capture segments containing the
target pangram, we used the Whisper model79, which provided robust
transcription and timestamping. This process involved detecting occur-
rences of specific keywords within the pangram – ‘quick’, ‘brown, ‘fox’,
‘dog,’ and ‘forest.’ Whisper generated start and end timestamps for each
identified segment, and we defined each clip using the start timestamp of
the first keyword and the end timestamp of the last keyword in the
detected sequence. We also extended each audio segment by 0.5 seconds
on either end to retain contextual audio cues, such as breaths, subtle
background noise, and speech transitions, which provide valuable context
around speech boundaries and contribute to a more informative repre-
sentation of natural speech patterns. These extended segments were then
saved inWAVformat to create a comprehensive speechdataset for further
analysis.

Digital Speech Feature Extraction
This study aims to objectively and quantitatively capture the nuanced
speech dynamics that can be pivotal in differentiating PD characteristics. To
achieve this, we extracted a series of classical acoustic features alongside
advanced deep learning embeddings using state-of-the-art models such as
Wav2Vec237, WavLM36, and ImageBind38. The remaining part of this sub-
section details the methodologies employed for each type of feature
extraction.

We extracted classical acoustic features proven to be crucial in the
literature in characterizing speech disorders associated with PD6,15,19. These
features include Mel-frequency cepstral coefficients (MFCCs)16,17, jitter16,18,
shimmer18,19, and pitch-related metrics20,21:
• MFCCs represent the short-termpower spectrumof sound, based on a

linear cosine transform of a log power spectrum on a nonlinear mel
scale of frequency80.
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• Jitter measures frequency variations from cycle to cycle, offering
insights into the stability of vocal fold vibrations81.

• Shimmer quantifies amplitude variations, useful in assessing vocal fold
closure inconsistencies81.

• Pitch feature encapsulates the fundamental frequency, providing cru-
cial information on the tonal aspects of the speech82.

Tools such as Praat83,84 and Parselmouth85 were utilized to calculate
these features from the digitized voice recordings of the participants.

One of the significant contributions of our study is the use of deep
embeddings of the speech audio extracted by three distinct pre-trained
semi-supervised language (SSL) models: Wav2Vec 2.0 (W2V2), WavLM,
and ImageBind. Our selection of these models was motivated by their
robustness in capturing nuanced audio features and their ability to handle
noisy speech data in complex audio environments, which is especially
relevant for detecting subtle speech variations associated with PD.

Wav2Vec 2.0 (W2V2)37 was developed by Facebook AI, which utilizes
a self-supervised learning framework to learn high-quality representations
from raw audio waveforms. By predicting masked segments within the
audio context, Wav2Vec 2.0 captures essential speech dynamics and pro-
duces embeddingswell-suited for identifying subtle acoustic patterns, which
is particularly valuable for PD detection.

WavLM36 fromMicrosoft was build uponWav2Vec 2.0’s architecture,
which enhances themodel’s ability to handle diverse acoustic environments,
including noisy backgrounds and overlapping speech, making it highly
effective for applications in real-world scenarios. This model’s ability to
adapt to unpredictable audio environments makes it effective for clinical or
home-based PDdetection, where environmental consistency cannot always
be controlled, and its capacity to discern subtle audio patterns in noisy
settings aligns well with the clinical requirements of PD speech analysis,
offering refined acoustic detail extraction critical for our task.

ImageBind38, introduced by Meta AI, extends beyond conventional
audio-only models by incorporating cross-modal learning between audio
and visual data. By training on paired datasets of images and corresponding
audio, the model learns to create embeddings that reflect not just the audio
content but also its relation to visual elements, enhancing the ability to
discern nuanced variations in speech possibly linked to neurological con-
ditions like PD.

Our decision to focus on these specific models over alternatives like
UniSpeech86, HuBERT39, and XLS-R87 stems from their particular optimi-
zation goals. While these models are recognized for their strengths in
multilingual and cross-lingual tasks, their emphasis on Automatic Speech
Recognition (ASR) and speaker recognition does not fully align with our
objective of extracting helpful acoustic high-resolution embeddings for PD
detectionwhere robustness to noise and subtlety in speech variation ismore
critical.

To obtain deep embeddings, we fed each extracted pangram audio
sample into our selected SSL models. These models process the raw audio
input through multiple layers, progressively encoding complex repre-
sentations of the speech data. We extracted the embeddings from the final
hidden layer, capturing the most sophisticated, context-rich features of the
audio. This focus on high-resolution, contextually robust embeddings
provides a solid foundation for our analysis, empowering our approach to
capture the nuanced acoustic anomalies linked with PD.

Feature Pre-processing
Before starting the training phase, several data pre-processing steps were
employed to optimize the dataset for effective machine learning model
training.

Data Deduplication was performed to ensure dataset integrity by
removing duplicates based on data collected from the same participant on
the same date, ensuring that each speech sample was unique and properly
represented in the dataset. This process eliminates redundant observations,
prevent any potential bias, maintains data quality, and avoids over-
representation in model training.

Correlation Analysis uses Pearson correlation coefficient88 to generate
a correlation matrix among the feature set, and features exhibiting a cor-
relation coefficient above a predefined threshold were identified and elim-
ination. This process mitigates multicollinearity, potentially enhancing
model stability and interpretability while reducing dimensionality. The
threshold and the decision to drop correlated features were set as tunable
parameters, allowing for flexibility and optimization based on the specific
characteristics of our dataset. Note that after after hyperparameter tuning,
the best model eliminated correlated features when the coefficient exceeded
a threshold of 0.85.

Data Scaling is essential to prevent features with larger scales from
dominating model training, ensuring each feature contributes
proportionally89. In this study, we explored two popular scaling methods—
Min-Max Scaling and Standard Scaling—as they are well-suited for neural
network-based architectures. Min-Max Scaling, which maps features to a
specified range (typically [0, 1]), is effective for features with varying ranges,
promoting faster convergence by keeping all values within a controlled
scale90. On the other hand, Standard Scaling, on the other hand, centers
features around a mean of 0 with a standard deviation of 1, making it ideal
for algorithms that benefit fromnormally distributeddata or are sensitive to
feature variance91. We configured the choice of scaling method (including
using it or not) as a hyperparameter, allowing optimization based on data
characteristics and model requirements. Min-Max Scaling is particularly
useful when there are large disparities in feature ranges, while Standard
Scaling is preferred when the data distribution approximates Gaussian92,93.
Applying these scaling techniques contributes to stable training, especially
for gradient-based algorithms, by reducing distributional disparities across
training, validation, and test sets, thereby enhancing model robustness and
generalizability94. After hyperparameter tuning, Standard Scaling was
selected for the best model performance.

Data Resampling was employed to address the dataset imbalance, as
the proportion of PD samples was approximately half that of control
samples across all cohorts. Imbalanced datasets can lead to biased models
that overfit the majority class and underperform in predicting the minority
class, which, in this case, was the PD class. Tomitigate this, we applied three
resampling techniques: the Synthetic Minority Over-sampling Technique
(SMOTE)51, which generates synthetic samples from the minority class;
Random Undersampling52, which reduces the control sample count to
match the PD class; and Random Oversampling52, which duplicates min-
ority class samples to achievebalance.Weconfigured the choiceof usingone
of these three resampling techniques alongside the option of not using any
resampling as a tunable parameter, allowing a systematic evaluation of their
impact on model performance. However, after hyperparameter tuning,
none of these techniques contributed to improved performance in the best
model.As such, exploring and implementingmore advanceddata balancing
techniques remains an area for future work, aiming to further mitigate the
potential effects of data imbalance on model accuracy and robustness.

Baseline Modeling
Following the setup of our data pre-processing and model development
pipeline, we conducted initial baseline experiments. Our pre-processing
pipeline, designed to be feature agnostic, enabled independent training of
models on different feature sets (Classical,W2V2,WavLM, ImageBind). To
benchmark performance, we tested three primary model architectures: a
Convolutional Neural Network (CNN) trained directly on raw speech data,
SupportVectorMachine (SVM) classifiers trainedon extracted classical and
deep embeddings, anddeep learningmodelswith fully connected layers also
trained on these extracted feature sets. For the CNNmodel, we designed an
end-to-end PD classification pipeline aiming to capture PD-specific char-
acteristics directly from time-series data. In addition, we used SVM classi-
fiers to explore linear and non-linear decision boundaries within each
feature set.

For our neural-network based baseline models, we employed two
structures: a shallow fully connected classification layer (ShallowANN)with
sigmoid activation and an Artificial Neural Network (ANN) with an
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additional hidden layer before the output layer. During the training of DL
models, the choice between ShallowANN and ANN was kept as a hyper-
parameter to optimize performance based on the dataset characteristics and
feature set.

Fusion Modeling
In our study, we explored several strategies to fuse multiple feature sets,
enhancing the robustness and accuracy of the resulting models. We
began with a simple vector concatenation approach, where distinct
feature sets were merged into a single dataset. This basic concatenation
strategy allowed us to establish a baseline for further fusion methods.
Using the concatenated datasets, we trained both shallow and deep
neural networks (ShallowANN and ANN) to assess the performance of
combined features.

Moving beyond simple concatenation, we implemented a hybrid
fusionapproach, termed the "Projection-basedFusionArchitecture” inFig. 1,
which leverages projection and reconstruction techniques. Below, we
describe the key components of this architecture.

Projection Layer in our model architecture is essential for aligning
multi-modal features within a shared latent space, enabling effective fusion
of diverse feature types such as WavLM, Wav2Vec2, and ImageBind
embeddings. This approach addresses the limitations inherent in simple
concatenation, which often leads to feature mismatches, added noise, and
increased dimensionality that can compromise model performance, parti-
cularly in high-dimensional, nuanced data like PD-related speech
patterns95,96. By aligning features from different modalities, the projection
layer enhances cross-modal interactions,making it possible for themodel to
leverage nuanced, multi-modal patterns crucial for detecting the subtle
speech variations indicative of PD13,42.

Our choice to incorporate a projection layer is driven by several key
considerations. First, by transforming features into a shared, lower-
dimensional space, the projection layer reduces dimensionality and miti-
gates the risk of overfitting, which is especially important given the high-
dimensional nature of speech features97. Additionally, it enhances cross-
modal alignment, allowing for deeper feature interactions that are essential
for capturing PD-specific speech characteristics43. The layer also normalizes
features acrossmodalities, addressing scale and distribution differences that
could hinder simple concatenation methods98. This adaptive, learnable
space enablesdynamic feature fusionduring training, promoting robust and
generalizable representations – a critical asset in PD detection where
symptoms are subtle and varied99. Our approach aligns with recent
advancements in multimodal learning100,101, where projection layers are
employed to unify diverse data types within a common space, as seen in
models like theMultimodal VideoTransformer (MMV)102 andMultimodal
Masked Autoencoder103. These examples underscore how projection tech-
niques enhance joint representation learning, benefiting tasks such as action
recognition and pretraining.

To optimize the projection layer, we conducted extensive hyperpara-
meter tuning to find an ideal balance between information retention and
model efficiency104. We experimented with a range of projection dimen-
sions, fromcompact tomore expansive, and further explored projecting one
feature set into the space of another.Ultimately, themodel achieved optimal
performance by projecting WavLM features into the ImageBind feature
space,which facilitated a richer, cross-modal alignment thatwasparticularly
proven to be effective in capturing the nuanced, multi-modal speech pat-
terns relevant to PD detection105.

Fusion Layer integrates the projected and aligned features into a
cohesive, unified representation. First, by normalizing the projected fea-
tures, this layer reduces distributional disparities across modalities. The
normalized features are then combined, either by direct summation or by
summing and further normalizing them, creating a unified cross-modal
representation. This approach not only harmonizes diverse modality fea-
tures but also enhances the model’s ability to capture rich, multi-modal
interactions, a critical aspect in tasks where nuanced multi-modal patterns
are essential.

Decision Layer processes the unified representation to yield a final
classification output. Two variations of the decision layer are employed as
hyperparameter options: a deeper fully connected network and a simpler,
shallow architecture. In the shallow configuration, the decision layer con-
sists of a single fully connected layer, followed by a sigmoid activation,
directlymapping the fused representation to a probability score. In contrast,
the deeper variant introduces an intermediate layer, adding non-linearity
and enabling the model to capture more intricate patterns in the fused
representation before the final classification. The choice between these
versions was tuned as a hyperparameter. The streamlined structure of both
decision layers reduces model complexity and minimizes the risk of over-
fitting, particularly when working with limited data or high-dimensional
features.

Loss Function for the projection-based fusion model is a multi-
objective function with three components, each serving a crucial role in
optimizing the model’s performance and robustness:
• Prediction Loss: This component uses Binary Cross-Entropy (BCE) to

reduce the disparity between model predictions and ground truth,
driving accuracy in classifying PD and non-PD cases106.

• Cosine Loss: Calculated as the complement of cosine similarity
between projected multi-modal features, this loss component guides
the model to learn diverse, complementary representations107. It aims
to capture unique aspects of each modality, potentially improving the
model’s ability to leverage multi-modal information.

• Reconstruction Loss: This loss ensures the fidelity of feature recon-
struction from the projected space, using one chosen metric (hyper-
parameter) from Mean Squared Error (MSE), L1 norm, or Kullback-
Leibler (KL) divergence108. The primary objective is to preserve
essential input information while balancing dimensionality reduction
and retention.

The combined weighted sum of these loss components enables fine-
tuning of each objective’s influence109, optimizing classification, feature
representation, and information retention for a more robust and general-
izable PD detection model.

Ourmodel architecture is intentionally designed to be relatively simple
yet effective for PD detection, balancing performance with computational
efficiency. Leveraging pre-trained models like WavLM, Wav2Vec2, and
ImageBind for feature extraction allows our model to capture complex,
high-dimensional representations without requiring additional deep layers,
benefiting from transfer learning to enhance performancewith limited PD-
specific data37,110,111. This approach reduces the risk of overfitting, which is
common in complex architectures, especially with limited datasets in
medical applications112. Bymaintaining an optimal data-to-parameter ratio,
we improve generalizability and ensure stable performance across data
splits113,114. Additionally, the simplicity of our model enables faster training
and lower computational demands, aligning well with real-world clinical
applications where efficiency and robustness are essential115,116. Despite its
streamlined design, our ANN strikes a balance between model complexity
and generalizability, ensuring strong performance without unnecessary
computational overhead. This is consistent with findings in prior studies,
where even simple architectures—suchas linear layers—havebeen shown to
perform effectively for complex tasks like ECG-based AFib detection117 and
vision-language modeling118, when paired with efficient pre-trainedmodels
to represent intricate data patterns. Inspired by efficient architectures like
LLaVA, which successfully integrate multi-modal data, our model proves
that high accuracy and stability can be achieved without excessive
complexity118.

Evaluation Metrics
To assess the performance of our deep learning models effectively, we used
several key metrics that are crucial for clinical evaluation: Area Under the
Receiver Operating Characteristic (AUROC) score, Accuracy, Sensitivity,
Specificity, Positive Predictive Value (PPV), and Negative Predictive Value
(NPV). We visualized the model’s performance through AUROC curves
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and confusion matrices. The AUROC curve visually illustrates the model’s
discrimination ability between different conditions, and the confusion
matrix details the counts of true positives, false positives, true negatives, and
false negatives, essential for evaluating the model’s practical efficacy. The
model achieving thehighestAUROCscore on the validation setwas selected
and then tested on the test set with these metrics to confirm its clinical
relevance and effectiveness.

Statistical Bias Analysis
To ensure equitable performance across diverse populations, we conducted
a comprehensive bias analysis across demographic subgroups, specifically
based on age, sex, ethnicity, and recording environment. Participants
without demographic data were excluded from this analysis to maintain
data integrity. Given the multiple comparisons involved, we performed six
distinct hypothesis tests and applied a Bonferroni correction53 to control for
Type I error, adjusting our effective significance level toα� ¼ 0:05

6 ¼ 0:0083.
For each comparison, we used Fisher’s Exact Test to assess statistical

significance. This testwas chosen for its robustnesswith categorical data and
its suitability for our sample size, as it does not require the normality
assumption of parametric tests like the Z-test55. Fisher’s Exact Test provides
an exact p-value, making it appropriate for detecting differences in perfor-
mance proportions between subgroupswithout the reliance on large sample
conditions.

The bias analysis included subgroup comparisons by sex (Male vs.
Female), ethnicity (White vs.Non-White), age (Below 50 vs. 50 andAbove),
and recording environment (Home Recorded, Clinical Setup, PD Care
Facility). For recording environment, we conducted pairwise statistical tests
between each setting to provide a detailed evaluation of how recording
conditions may impact model performance. To further examine potential
biases, we also analyzed the influence of disease duration on model per-
formance by calculating Spearman’s rank correlation among participants
with known disease durations. This non-parametric test was selected to
measure the association between model accuracy and disease duration
without assuming a linear relationship. To examine the association between
PDstages andmodel accuracy,we employed both theKruskal-WallisH-test
and Fisher’s Exact Test with a Monte Carlo simulation approach (10,000
replications) to estimate p-values. The Kruskal-Wallis H-test is a non-
parametric statistical test used to determine whether there are significant
differences between multiple independent groups. It is particularly suitable
when the assumption of normality is not met, as it compares the median
ranks across different PD stage categories. This test helps assess whether
model accuracy varies significantly across PD stages. Additionally, we
applied Fisher’s Exact Test withMonte Carlo simulation, as it is well-suited
for small sample sizes within certain PD stage groups. Since our dataset
included four distinct PD stages, Fisher’s Exact Test does not yield a single
odds ratio. However, the Monte Carlo simulation method enhances relia-
bility by empirically generating the distribution of the test statistic, allowing
for robust p-value estimation despite the sparsity of data in certain
subgroups.

Cohort-based Error Analysis
Building on the statistical bias analysis which assessedmodel fairness across
demographics, our cohort-based error analysis delved deeper into indivi-
dual and group-level performance nuances. This fusionmodel utilizes deep
learning architecture and fusion features, which generally offer limited
intuitive interpretability and explanation of themodel’s decisions, as well as
challenges in identifying when and why the model errs. Post-assessment
using AUROC and other standard metrics, we tracked both predicted and
true PD labels to explore the model’s operational dynamics under varying
demographic influences.We employedMicrosoft’s Error Analysis SDK56 to
visually dissect error patterns and concentrations, particularly focusing on
cohorts with heightened error occurrences. The error analysis process
involved:
• Cleaning the data by removing entries with missing demographic

information (age, sex, ethnicity) and consolidating the test set to

include necessary true and predicted labels and demographic features
for each participant.

• Employing a decision-tree-like hierarchical structure to systematically
identify error instances and understand prevalent error patterns by
demographic features.

• Segregating the data into cohorts based on combinations of demo-
graphic characteristics to explore correlations with high prediction
errors. Error rates, coverage, PPV, and sensitivity were visualized
through heat maps for combinations – {sex × ethnicity}, {sex × age},
{age × ethnicity}, {sex × true PD labels}, {age × true PD labels}, {eth-
nicity × true PD labels}.

This structured approach involving decision tree maps and heat maps
allowed us to pinpoint under-performing demographic subgroups and
potential triggers, enhancingour understandingof themodel’s performance
across diverse populations.

Hyperparameter Tuning
Hyperparameter tuning119,120 is crucial for optimizing machine learning
models to enhance their predictive capabilities. In our study, we rigorously
tuned both the Baseline Modeling and Fusion approaches with the goal of
maximizing the Area Under the Receiver Operating Characteristic
(AUROC) for the validation set, a key metric for model selection. We
employed Weights & Biases (WandB), an advanced tool that supports
systematic exploration of parameter space using a Bayesian optimization
approach. This strategy enabled us to iteratively test numerous hyper-
parameter combinations to identify the configurations that delivered opti-
mal performance. Details of these hyperparameter settings with their search
ranges and the chosenparameter by the best performingmodel areprovided
in the Supplementary Table 2 and 3, respectively (Supplementary Note 3).

Data availability
In accordancewith theHealth Insurance Portability andAccountability Act
(HIPAA), we are unable to distribute the original audio recordings as they
might reveal identifiable information about the participants. However, to
support transparency and reproducibility, we have made the de-identified
extracted features used in this study publicly available at the GitHub
repository: https://github.com/tmadnan/PARK-speech-fusion.git.

Code availability
The feature extraction pipeline, along with the model training and evalua-
tion scripts used in our study are publicly available at https://github.com/
tmadnan/PARK-speech-fusion.git.
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