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Abstract

Parkinson’s disease (PD) affects over 10 million people worldwide, with speech-related im-
pairments in some studies reported to be present in 90% of patients with PD and typically
occurring before any motor symptoms. Therefore, non-invasive and accessible screening
methods are required for population-based early detection, especially in resource-limited
settings where access to specialists is limited. This Paper is a novel deep learning archi-
tecture that combines deep residual encoders and squeeze-and-excitation (SE) attention
mechanisms with invertible normalizing flows for speech-based PD screening. On the Tele-
monitoring dataset, the model achieved an AUC of 0.979, 100% specificity, 72.4% sensitiv-
ity, and 79.5% accuracy. The MSR dataset demonstrated balanced classification with 71.1%
accuracy, an AUC of 0.806, and symmetric sensitivity (71.0%) and specificity (71.2%). Mis-
classified samples had approximately four times more prediction variance, supporting the
uncertainty quantification capabilities of the architecture. A major clinical advancement
for population screening purposes was observed when 100% specificity of telemonitoring
speech data was attained, as this removes the issue of false positives. Using invertible nor-
malizing flows enables exact density estimation and principled uncertainty quantification;
this technology aids in the creation of ambiguity detections (cases that would require fur-
ther clinical investigation). Therefore, this technology supports telemedicine applications
related to smartphone remote screening of Parkinson’s disease.

Keywords: Parkinson’s disease; speech analysis; deep learning; normalizing flows; uncer-
tainty quantification.

1. Introduction

Parkinson’s disease (PD) is characterized as the second most common type of neurodegen-
eration globally with 1-2% of the population age 60 years or older, or approximately 10
million people worldwide, being affected by PD (Dorsey et al 2018). The overall global bur-
den related to PD has more than doubled in the last 36 years; based on projected growth
to more than 12 million people by 2040 due to population age (Dorsey & Bloem, 2018).
Early identification of PD is essential as the window of opportunity to use neuroprotective

© 2026 P.O. Olawoye, E.O. Asani & M.O. Adebiyi.



OLAWOYE ASANI ADEBIYI

treatments is limited because motor symptoms in the majority of cases occur only after
around 50 to 80% of the dopamine-producing neurons have already been irreversibly lost
(Postuma & Berg, 2016)

The analysis of speech and voice can provide excellent biomarker candidates for early iden-
tification of PD based on the relatively high prevalence of both types of impairments, the
non-invasive nature of their assessment, and the potential for early detection. Approx-
imately 70 to 90% of people diagnosed with PD will experience hypokinetic dysarthria
(which is defined as decreased voice volume, a lack of vocal melody, articulation errors,
and an abnormal rhythm of speech), making it an example of how speech and voice can
be good candidate biomarkers for early identification of PD (Duffy, 2013). For example,
subtle changes in the voice of someone who is in the prodromal phase of PD will likely be
identified via speech assessment well before any significant motor symptomatology can be
identified (Harel et al., 2004; Postuma et al., 2012). Thus, speech assessment may be an
important method for the early identification of PD where novel neuroprotective treatment
strategies will have the best chance of providing clinical benefit.

Speech-based assessments can provide numerous advantages for population-level screening.
A person’s speech can be recorded using inexpensive tools such as a microphone, telephone
or smartphone. This allows speech-based assessments to be used widely in underserved
areas and remote regions (Rahman et al., 2021). This is especially important as many areas
of the world have a shortage of movement disorder specialists, often causing delays in the
diagnosis of individuals who present with early or atypical symptoms.

Despite significant progress towards developing speech-based assessments for the detection
of PD, there remain several issues that continue to impede the translation of this type of
technology into clinical practice. Accuracy of classification reported in previous studies has
been shown to vary widely across studies (75% - {95%), depending on factors such as dataset
characteristics, feature extraction methods, and evaluation protocols (Orozco-Arroyave et
al. 2016; Sakar et al., 2019). The majority of published research in this area has significant
methodological limitations such as small sample sizes; and these studies typically do not
utilize good subject-level data splitting, nor do they use independent test sets, which may
produce inflated estimates of agreement or accuracy (Rusz et al. 2021). Additionally, many
of the current models developed for speech-based detection of PD do not provide uncertainty
quantification; however, this is important for using speech-based assessments for decision
support systems, where the confidence level of the model will have a direct effect on the
outcome of the patient.

To overcome those limitations, this paper presents an innovative and state-of-the-art deep
learning architecture to screen for PD using speech. The deep learning architecture devel-
oped has achieved clinically relevant levels of performance with uncertainty quantification
through principled methods.

2. Related Works

2.1. Speech Biomarkers in Parkinson’s Disease

Acoustic Analyses allow the objective quantification of voice characteristics by examining
aspects of vocal production that are affected by physiologic/pathologic conditions associ-
ated with Parkinson’s disease. This Acoustic analysis was initially performed by Little et al.
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(2009), who used support vector machine classifiers on phonated sustained Vowel Sounds.
They were able to demonstrate that Voice Dysphonias have been able to provide his group
a classification accuracy of {91% to discriminate Parkinson’s patients from Healthy Con-
trols, and introduced Novel Non-Linear Metrics of Phonation; including, Recurrence Period
Density Entropy (RPDE), Detrended Fluctuation Analysis (DFA) and Pitch Period En-
tropy (PPE), as examples of the Nonlinear metrics. Recent systematic reviews of studies
utilizing voice as a source for detecting Parkinson’s disease (PD) have suggested that there
are both opportunities and obstacles in clinically implementing research findings (Rusz et
al., 2021; Ngo et al., 2024). Some of the barriers identified include variability in recordings,
confounding variables such as age and medication status, and the limited generalizability
across the datasets used in clinical research; these will limit the ability to move from re-
search to clinical application. Many studies that report high accuracy have methodological
problems, such as using the same subjects for both training and testing, which leads to
overestimation of accuracy.

2.2. Deep Learning Approaches for PD Detection

Deep Learning has gained traction as an exceptionally capable tool for medical diagnosis
and is achieving performance comparable to that of human physicians across a number
of diagnostic domains (Topol, 2019). Convolutional Neural Network applications to spec-
trograms (Hossain & Amenta, 2024), Recurrent architectures for temporal modeling, and
combinations of traditional feature engineering methods with Deep Neural Network (DNN)
representations are some recent innovations in Detecting PD from speech data. One recent
novel method from Ali et al. (2024) is the use of an L1 regularized Support Vector Ma-
chine (SVM) combined with DNNs, yielding an impressive 94.2 percent accuracy on the
UCI dataset. However, traditional prediction methodologies and DNNs lack any form of
quantity estimation of uncertainty and, therefore, often exhibit overconfident predictions
about the probability of the detected classes. Attention mechanisms are a general-purpose
tool showing good promise for discovering and leveraging discriminative or salient acoustic
patterns. The Squeeze-and-Excitation (SE) Neural Network (Hu et al., 2018) approach en-
hances classification performance through dynamic recalibrating of feature responses at the
channel level where inter-channel dependencies are modeled to result in improved quality
of representation; however, the applicability of SE attention for learning acoustic feature
representations to detect PD has not been widely studied. Normalizing flows help create
reliable ways of assessing how likely things are in computer programs because they allow for
transformations of data to be invertible and result in an accurate probability distribution
(Papamakarios et al., 2021). An example of this can be compared to methods that use
dropout or simple ensemble variance to measure how uncertain something is; the use of
normalizing flows gives mathematically justified density estimates by using the change of
variables method. In one example, it has been shown that normalizing flows can detect
out-of-distribution (OOD) samples (Dirmeier et al., 2019) and estimate the uncertainty of
a prediction for a regression (Zhang et al., 2019). The RealNVP (Dinh et al., 2014) is a cat-
egory of normalizing flow models that utilize affine coupling layers, which make it efficient
to calculate both the forward transformation to a probability distribution as well as the
accurate log-likelihood associated with that probability distribution by using a tractable
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Jacobian determinant. This method of assessment is extremely useful in the clinical set-
ting, where uncertainty associated with a model will impact the treatment decisions made
on behalf of patients and is therefore necessary to be able to find cases in which further
review is warranted.

3. Methods
3.1. Datasets

This paper employs two complementary publicly available speech datasets that capture
different aspects of PD-related vocal impairment: the UCI Parkinson’s Telemonitoring
Dataset, which consists of 195 voice recordings that were collected from a total of 31 dif-
ferent individuals. Out of those, there are 23 Individuals who had been diagnosed with
Parkinson’s Disease, and 8 individuals who were healthy controls, and the Multiple Sound
Recording (MSR) Dataset, consisting a sample size of 1208 across 40 individuals (20 indi-
viduals suffering from Parkinson’s Disease and 20 healthy controls).

3.2. Proposed architecture

The architecture is made up of three components: a deep residual encoder with squeeze-
and-excitation attention; invertible normalizing flow layers, and a classification head that
provides the final PD /healthy prediction; these three components are all integrated within
one architecture. Figure Figure 1 shows the full architecture.

Speech-Based Deep Learning Architecture for Parkinson's Disease Screening

Deep Residual Invertible
Telemonitoring

ncod Normalizing Flow
22 Features Classification
Input Projection
o) Coupling Layer 1 Head
Lin
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Figure 1: Proposed deep learning architecture for speech-based PD screening, integrating
deep residual encoders with SE attention, invertible normalizing flows (K=6 Re-
alNVP coupling layers) for uncertainty quantification, and a classification head.
Training employs focal loss with class weighting, Mixup augmentation, and en-
semble methods
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3.2.1. DEEP RESIDUAL ENCODER WITH SE ATTENTION

The encoder transforms raw acoustic features into discriminative latent representations
through a series of residual blocks with squeeze-and-excitation attention. The input projec-
tion layer maps the modality-specific input dimensionality to the common hidden dimen-
sionality:

ho = Dropout(GELU (LayerNorm(Wproj -  + bproj))) = 1 (1)

where z € R% is the input feature vector, Whroj € R(@nxdm) ig the pro jection weight matrix,

and dj, is the hidden dimensionality (256 for Telemonitoring, 512 for MSR).
Following input projection, the encoder applies L residual blocks (L = 4 for Telemonitoring,
L = 6 for MSR). Each residual block incorporates pre-activation residual structure with SE

attention:
hiy1 = hy + SE(Block(hy)) (2)

The core transformation block applies:
Block(h) = Dropout (W3 - Dropout (GELU (LayerNorm(Wi - h + b1))) + b2) (3)

The Squeeze-and-Excitation (SE) module adaptively recalibrates feature responses by mod-
eling channel interdependencies:

§ = J(Wup ’ 1%GLUY(I/Vdown ’ h)) (4)

SE(h)=hOs (5)
an, dp,
where Wyown € R( r th) andWy,, € R<dh‘x r ) are reduction and expansion matrices with
reduction ratio r = 4, o is the sigmoid function, and ® denotes element-wise multiplication.

3.2.2. INVERTIBLE NORMALIZING FLOW LAYERS

Normalizing flows are generative models that learn invertible transformations between a
simple base distribution and complex data distribution. The key insight is that if f : R —
R? is an invertible function, the change of variables formula relates the densities:

px(e) = pat o) et (%) ©)

By composing multiple invertible transformations f = fx o f(g_1)o---o f1, complex distri-
butions can be represented. The log-likelihood decomposes as:

det( Ofi )’ (7)

For RealNVP affine coupling layers, K = 6 was used. Given input z_1) € R?, it is split
(1) (2

into two halves Z(6—1) and z(i_l). The forward transformation is:

logpx(z) =logpz(zk) — Zlog

2 = 2] (8)
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Z](f) _ Z](f—)l © exp <5(Z]E:1_)1)> + t(Z]E/,l_)l) (9)

The base distribution is standard multivariate Gaussian pz(z) = N(z;0,I). The uncertainty
score for a new sample x is defined as the negative log-likelihood:

U(z) = —logpx(x) (10)

Higher uncertainty scores indicate lower confidence in model predictions, enabling clinicians
to identify cases requiring additional scrutiny.

3.2.3. CLASSIFICATION HEAD

The classification head maps the transformed representation from the normalizing flow into
binary class predictions. It is implemented as a sequence of fully connected layers with
progressively decreasing dimensionality:

¢1 = Dropout (GELU(W - zx + b1)) (11)

co = Dropout (GELU (W3 - ¢1 + b2)) (12)

The predicted probability is obtained via softmax:

exp(logits,)
Ply = cl) > exp(logits,) (13)
3.3. Training Methodology
3.3.1. Loss FUNCTION
The training objective combines classification loss with flow likelihood loss:
L = LCE =+ )\LNLL (14)

The classification loss employs focal loss with label smoothing to address class imbalance
and improve calibration:

Lo =3 we-ae) - (1 - paey) - 108 (15)

where w, = CL% is the class weight (inverse frequency), i = (1 —€) - y() + 5 is the
smoothed label with ¢ = 0.1, and v = 2.0 is the focal loss focusing parameter that down-
weights well-classified examples. The flow likelihood loss encourages meaningful density
estimates:

1
Lyi, = N Zlogpx(hi) (16)

The weighting parameter A = 0.01 balances classification and density estimation objectives.
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3.3.2. DATA AUGMENTATION

Mixup augmentation generates virtual training examples by interpolating both inputs and
labels:

g=yi+(1=Ny; (18)

where A ~ Beta(a, @) with @ = 0.3 for Telemonitoring and o = 0.4 for MSR. Additionally,
small Gaussian noise (o = 0.01) is added to input features during training for robustness.

3.3.3. OPTIMIZATION

Training employs the AdamW optimizer with decoupled weight decay. The parameter
update rule is:
my
O =01 — <A + >\wd9t—1> (19)
UVt + €
With 81 = 0.9, B2 = 0.999, ¢ = 1078, learning rate o = 1 x 1073 (Telemonitoring) or 5x 10~4
(MSR), and weight decay Ayq = 0.01 —0.02. The OneCycleLR scheduler implements warm-

up (10% of training) followed by cosine annealing.

3.3.4. DATA SPLITTING AND CROSS- VALIDATION

This rigorous method of subject level separation assures that all samples are only allowed
into one partition creating no potential for data leakage. Each subject’s data is split into
three different sets (training (64%), validation (16%) and test (20%)) and done using a
stratified sampling method. The number of class sa per partition is preserved with respect
to the total sample size regardless of which partition the individual appears in. Five-fold
cross validation will provide an appropriate measurement of performance with a mean and
standard deviation for each fold

3.3.5. ENSEMBLE METHODS

M = 10 models are trained with different random initializations. The final prediction
averages probabilities across ensemble members:

1
pensemble(y = C|x) = %75 Zp(e) (y = C‘l‘) (20)

Ensemble uncertainty is quantified by prediction variance across members, providing addi-
tional confidence measures beyond normalizing flow likelihood.

3.3.6. EVALUATION METRICS

Model performance is evaluated using comprehensive metrics such as accuracy, sensitivity,
specificity, prescision, among others, capturing different aspects of classification quality. Let
TP, TN, FP, FN denote true positives, true negatives, false positives, and false negatives
respectively.
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Accuracy, which is the overall proportion of correct predictions is determined by:
TP+ TN
TP+TN+ FP+FN

Sensitivity (Recall/True Positive Rate): Proportion of actual PD cases correctly identi-
fied:

Accuracy = (21)

TP

Specificity (True Negative Rate): Proportion of healthy controls correctly identified:

TN

Specificity = ————= 23

pecificity TN 1 FP (23)

Precision (Positive Predictive Value): Proportion of positive predictions that are correct:
TP

Precision = ——— 24

recision = s (24)

F1-Score: Harmonic mean of precision and sensitivity, providing balanced assessment:
Precision - Sensitivity 2TP
Precision + Sensitivity =~ 2TP + FP + FN

Area Under the ROC Curve (AUC-ROC): The ROC curve plots sensitivity (TPR) versus

(1 — specificity) (FPR) across all classification thresholds. AUC-ROC quantifies overall
discrimination ability:

=2 (25)

1
AUC = / TPR(t) dFPR(t) = P(fpos > Tneg) (26)
0

An AUC of 0.5 indicates random performance; an AUC of 1.0 indicates perfect discrimi-
nation. AUC is threshold-independent, providing a single summary of model performance
across all operating points.

Confidence Intervals: 95% confidence intervals are computed using bootstrap resampling
(1000 iterations) and Wilson score intervals for proportions:

22
~ ~ (a/2)
p(1—p)+ 557
2

n -+ Z(a/2)

Cross-validation results report mean + standard deviation across K = 5 folds.

PE 202 (27)

4. Results & Discussion

4.1. Telemonitoring Dataset Performance

The Telemonitoring dataset exhibited excellent discriminative ability. In the held-out test
set (n = 39), our model demonstrated a 79.5% accuracy (95% CI: 63.5% — 90.7%) with the
best clinical finding being 100% specificity, meaning there were no false positives among
healthy controls. Sensitivity was measured at 72.4% (95% CIL: 52.8% — 87.3%) while AUC
was calculated at 0.979 (95% CI: 0.932 — 0.998) indicating almost perfect discrimination
ability. Cross-validation showed a good level of performance with an average accuracy of
87.8% + 4.8% and AUC of 0.981 + 0.020 across 5 folds indicating consistent generalization.
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Table 1: Telemonitoring Dataset Performance
Metric Value 95% CI
Accuracy | 79.5% | 63.5% - 90.7%
Sensitivity | 72.4% | 52.8% - 87.3%
Specificity | 100% | 69.2% - 100%
Precision 100% -
F1-Score 0.840 -
AUC-ROC | 0.979 | 0.932 - 0.998

4.2. Multiple Sound Recording Dataset Performance

The performance of the MSR dataset (n = 242 test samples) is evenly distributed at 71.1%
accuracy (95% CI: 65.2% — 76.5%), AUC = 0.806 (95% CI: 0.752 — 0.854), with equal
sensitivity (71.0%) and specificity (71.2%). This evenly distributed performance arises from
the diversity of vocalizations within the MSR dataset. The results from cross-validation
indicated a mean of 72.1% =4 3.2% accuracy and AUC 0.824 & 0.031; this lower variance is
due to the large number of samples included in MSR.

ROC Curves: Speech-Based PD Detection Performance Comparison: Speech Datasets
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Figure 2: (Left) ROC curves comparing Telemonitoring (AUC=0.979) and MSR
(AUC=0.806) performance. (Right) Grouped bar chart of performance metrics.
Telemonitoring achieves 100% specificity (zero false positives).

4.3. Uncertainty Quantification Analysis

The findings from the analysis of likelihood scores from normalizing flows show a signifi-
cant correlation between the model’s uncertainty and the accuracy of making predictions.
Predictions made for samples that were misclassified as opposed to those that were classi-
fied correctly were approximately 4 times more variable (mean uncertainty = 12.4 vs 3.1,
p < 0.001) than the predictions made for samples that were classified correctly. This sup-
ports the benefit of quantifying uncertainty in order to help to identify ambiguous cases
needing additional review by a clinician.
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Figure 3: Confusion matrices for Telemonitoring (left: n = 39) and MSR (right: n =
242) test sets. Telemonitoring shows zero false positives (FP=0), achieving 100%
specificity.

4.4. Discussion

For screening, an achievement of 100% specificity is clinically relevant, as false positives
create a burden by producing an excess of administrative work (e.g., scheduling follow-up
tests), creating unnecessary anxiety and emotional distress for correctly identified individ-
uals, and using too many specialized health care resources. However, when there is perfect
specificity, this burden has also been eliminated, as all positive screenings will be true cases
that need further evaluation.

The lack of false positives is especially beneficial in tele-health applications in resource-
poor settings. Since the proposed application had zero false positives, it could be used as a
first line screening tool through the use of smartphone applications to identify individuals
that need to see a specialist without over-burdened health care systems by creating false
alarms. Additionally, the sensitivity of the proposed system (72.4%) will still detect most
true cases of PD.

Uncertainty quantification can be accomplished with normalizing flows because of the
ability to perform exact density estimation, which is not possible with the majority of
current PD detection systems that utilize spoken language as a mechanism for providing
information. Samples considered to have low likelihood are either out-of-distribution or
produce highly ambiguous predictions in relation to the provided information; therefore,
their confidence is greatly diminished. The benefit of this clinical utility is in the context
of being able to identify or flag uncertainty as a basis for further evaluation or referral to
a specialist at the time of submission and to submit high confident predictions through a
more automated procedure (e.g., screening).

The increased misclassification rate of samples with 4 x higher variance demonstrates the
ability of an uncertainty score to identify misclassification. This offers two levels of clinical
practice: (i) screen samples with high certainty of misclassification through automation,
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resulting in resource optimization and (ii) review uncertain samples during a more detailed
clinical examination, maintaining the highest quality of diagnosis possible.

5. Conclusion

In this study, a state-of-the-art deep learning model was developed. It demonstrates diag-
nostic performance sufficient for clinical use when screening people with Parkinson’s disease
using speech biomarker. The 100% specificity, as well as an area under the curve of 0.979
found in the telemonitoring speech data, indicate that it is feasible to screen the population
and expect zero false positive outcomes. Major contributions are: (1) 0% false positive rate
on Telemonitoring dataset (AUC = 0.979), as demonstrated by achieving specificity of 100%
(zero false positives) - ideal for large populations; (2) a novel architecture using deep residual
encoders with squeeze-and-excitation attention mechanisms that have been optimized for
learning representations of acoustic features; (3) invertible normalizing flows with RealNVP
affine coupling layers allowing for principled uncertainty estimation using exact density es-
timation; (4) rigorous evaluation methodologies via stratified cross-validation at the subject
level and separate held-out test datasets to produce unbiased generalization estimates. The
study is not without its limitations. First, both datasets came from controlled environments
and thus performance may be impacted negatively when the test is administered in an envi-
ronment with ambient noise and/or a varying amounts of microphone quality. Second, the
relatively low-sample size of subjects included in the telemonitoring dataset (N = 195, 31
Subjects) results in low statistical power. Third, while we assessed accuracy using binary
classification, we did not formally evaluate the ability of the system to provide differential
diagnoses between several movement disorders, including essential tremor. Finally, more
external validation with independent datasets will be needed to validate the generalizabil-
ity of the system. In addition, the overall range of demographics of subjects in the two
datasets, especially the relatively low number of unique subjects (< 200 Total Subjects),
raised concerns regarding subject diversity. Future research should prioritize: (1) validation
of consumer-level devices (i.e., smartphones) prospectively for assessing real-world usability;
(2) multiple modality integration as evidenced by the companion studies where MRI has
100% sensitivity and speech has 100% specificity, thus providing opportunity for combin-
ing work flows to achieve an ideal; (3) longitudinal studies for early detection validation;
(4) explanation methods for determining what acoustic features are motivating prediction
decisions.
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