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Abstract—Despite the promising performance of state-of-the-
art approaches for Parkinson’s Disease (PD) detection, these
approaches often analyze individual speech segments in isolation,
which can lead to sub-optimal results. Dysarthric cues that
characterize speech impairments from PD patients are expected
to be related across segments from different speakers. Isolated
segment analysis fails to exploit these inter-segment relationships.
Additionally, not all speech segments from PD patients exhibit
clear dysarthric symptoms, introducing label noise that can
negatively affect the performance and generalizability of current
approaches. To address these challenges, we propose a novel
PD detection framework utilizing Graph Convolutional Networks
(GCNs). By representing speech segments as nodes and capturing
the similarity between segments through edges, our GCN model
facilitates the aggregation of dysarthric cues across the graph,
effectively exploiting segment relationships and mitigating the
impact of label noise. Experimental results demonstrate the
advantages of the proposed GCN model for PD detection and
provide insights into its underlying mechanisms.

Index Terms—dysarthria, pathological speech, Parkinson’s dis-
ease, Graph Convolutional Networks, distance measures

I. INTRODUCTION

Speech production, a highly intricate phenomenon, necessi-
tates a series of complex processes involving the coordinated
function of various articulators [1]. Each process is critical
and relies on the seamless integration of neural, muscular,
and auditory systems to produce spoken language [1]. These
processes are influenced by factors such as neurological
impairments, emotional state, context, and prior knowledge,
highlighting the complexity of speech production [2]. In
particular, neurological disorders such as Parkinson’s disease
(PD) affect the control of the muscles involved in speech
production, leading to speech dysarthria characterized by
imprecise articulation, abnormal speech rhythm, breathiness,
and hypernasality [3]-[5].

To detect speech dysarthria, clinicians commonly use audio-
perceptual tests to evaluate and analyze the speech patterns
of patients [6]. However, these manual diagnostic tests are
often labor-intensive, time-consuming, and subjective [7].
To address these challenges, various automatic methods for
PD detection have been proposed, which can be generally
grouped into two main categories, i.e., classical machine
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learning [8]-[13] and deep learning approaches [14]-[18].
These approaches leverage a variety of speech representations,
such as e.g., the short-time Fourier transform (STFT) [19], Mel
frequency cepstral coefficients [20], Mel spectrograms [11], or
self-supervised embeddings like wav2vec2 (w2v2) [16], [21],
integrated with diverse classifiers and architectures to achieve
pathological speech detection. Despite the promising perfor-
mance of state-of-the-art automatic PD detection approaches,
they generally focus on analyzing individual speech segments
in isolation. Such individual analysis are sub-optimal for two
reasons. First, the manifestation of dysarthric cues - such as
imprecise articulation, abnormal speech rhythm, breathiness,
or hypernasality - is expected to be closely related across
representations of different speech segments from various PD
speakers. By analyzing speech segments in isolation, state-of-
the-art PD detection approaches fail to take advantage of this
relationship. Second, not all speech segments from PD patients
necessarily contain dysarthric cues, resulting in label noise
present in the training data. By analyzing speech segments
in isolation, such label noise may considerably affect the
accuracy and generalization of state-of-the-art PD detection
approaches.

To tackle these challenges, in this paper we propose using
graph convolutional networks (GCNs) [22] for PD detec-
tion. Specifically, we construct a graph where nodes rep-
resent speech segments and edges reflect the relationships
between these segments based on their similarity in input
representations. Given their proven effectiveness for patho-
logical speech detection in [11], [16], [21], we use w2v2
embeddings of speech segments as input representations. The
message-passing mechanism of GCNs aggregates information
across connected nodes, allowing to exploit the similarity of
pathological cues across multiple segments of speech as well
as to potentially overcome label noise issues arising from
segments of PD speakers lacking strong pathological cues.
Experimental results establish the advantages of the proposed
approach for PD detection and provide further insights on the
model mechanisms.

II. BACKGROUND AND MOTIVATION

Graphs represent relationships (edges) between objects
(nodes) and are extensively used to model data across numer-
ous domains [23]-[25]. To learn from such graph-structured



data, graph neural networks (GNNs) have been developed.
Various types of GNNs have emerged, including GCNs [22],
graph attention networks [26], and GraphSAGE (SAmple
and aggreGatE) [27]. Among these, GCNs are particularly
valued for their ability to effectively extract task-relevant
information while maintaining relatively low computational
complexity, making them a preferred option within the graph
community [28].

In recent years, several works in speech processing have
exploited the properties of GCNs. Most GCN-based studies,
such as those on emotion recognition [29], [30], speaker
verification [31], and anti-spoofing [32], focus on graph classi-
fication problems where a separate graph is created for speech
segments based on time frames. However, in PD detection
where pathological speakers share common attributes related
to PD, it is more logical to establish inter-speaker connections
by building a graph that connects all speech segments rather
than creating a separate graph for each speaker. This approach
naturally frames the problem as a node classification task,
where each node represents a segment of speech. To the
best of our knowledge, such an approach is the first in the
speech processing area that exploits a graph-structure among
the speech segments.

To further highlight our rationale for using GCNs for PD
detection, Fig. 1 presents a t-SNE visualization of the w2v2
embeddings (averaged across time) for speech segments from
5 healthy speakers and 5 PD patients from the PC-GITA
database [33] (cf. Section IV). In Fig. 1a, the colors represent
the different speakers from whom the segments are extracted,
while in Fig. 1b, the colors indicate whether the segments
are labeled as healthy (blue) or pathological (red). The latent
space depicted in Fig. 1b demonstrates that segments sharing
the same label tend to cluster closely together, even across
different speakers. Furthermore, the overlap between clusters
of healthy and PD segments in Fig. 1(b) indicates that not all
segments from a pathological speaker exhibit PD biomarkers.
By clustering segments with shared characteristics across both
speaker and PD groupings, GCNs can effectively diffuse the
relevant information.

III. GCN FOR PD DETECTION

We approach PD detection as a graph node classification
problem where some speech segments are labeled (i.e., the
training data) and the aim is to predict the labels of the
unlabeled segments (i.e., the testing data). For each available
segment ¢ € {1,2,--- ,n}, with n being the total number of
segments in the database, the m—dimensional node represen-
tation x; is obtained from the w2v2 embeddings computed as
outlined in Section IV.

A. Graph Construction

The most straightforward idea for constructing the graph
is to calculate the distance between segment representations
x; and set a threshold below which an edge is established.
However, this approach has two key drawbacks. First, it relies
on a threshold to be tuned which increases the computational
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Fig. 1: t-SNE (perplexity 100) of the w2v2 embeddings
(averaged across time) of segments from 5 healthy and 5
pathological speakers from the PC-GITA database: (a) each
color represents a speaker and (b) each color represents the
label of the segment, with blue denoting healthy segments and
red denoting PD segments.

cost of the method, particularly since the threshold is a real
number. Second, this method inadequately controls the local
connectivity of the graph. While we can adjust this threshold
to achieve a certain number of edges, we lack control over
their distribution, potentially resulting in some nodes being
overly connected while others remaining isolated. To address
these issues, we adopt a topological approach as in [34]. To
this end, we connect each segment to the k& segments with the
most similar neighbors, where & is an integer hyper-parameter
of the approach (cf. Section IV). This method enables precise
local control over graph connectivity, efficiently connecting
similar but spatially separated components within the latent
space. To this end, we compute the (n x n)—dimensional kernel
K9 where the entry in the i-th row and j-th column Kfj
represents the similarity between the representations x; and
x;. This similarity is computed as

K‘Z-jj = exp(—d(x;,x;)/h), (D

where d is a user-defined distance measure (cf. Section IV)
and h is the average distance across all distinct representations
pairs, ie., h = ﬁ 3>, d(xi,%;). The neighborhood of
segment x; is represented by the i-th column of the kernel
and is denoted by K9(:,i). We then compute the Euclidean
distance between all column pairs in the kernel K. A segment
i is connected to a segment j if K(:,i) is among the top k
closest columns to K(:, §), or vice versa, if K%(:, j) is among
the top k closest columns to K9(:,). This procedure results
in a symmetric graph structure described by the (n x n)-
dimensional adjacency matrix A, where A; ; = 1 if segments
t and j are connected in the graph and A; ; = 0 otherwise.

B. PD Detection

Following the method outlined in Section III-A, the entire
dataset is transformed into a graph G = (A,X), with A
the previously defined adjacency matrix and X the n x m—
dimensional matrix of node representations. We process this
graph using a GCN [22], which updates node representations
iteratively by propagating information through neighboring



nodes, exploiting both the initial representations X and the
structure A. At each layer [ of the GCN with L layers, node
representations XV are updated as

X+ — ReLU (AXU)W“)) , )

with X(©) being the input node representation X, WO being
the trainable weights, A being a matrix term (derived from
the adjacency matrix A) used to stabilize the gradient, and
the ReLU non-linearity applied element-wise.! The output
representations of the GCN are then processed by a linear
layer followed by softmax to predict the class label of each
segment. While the graph is constructed using all segments
in the database (i.e., training and test segments) the weights
WO and the linear layer are trained for PD detection using
only the segments belonging to the training data.

IV. EXPERIMENTAL SETTINGS

In the following, we present the various experimental set-
tings used for generating the experimental results in Section V.

Dataset. We use the PC-GITA pathological speech dataset,
which contains recordings from gender- and age-balanced
groups of 50 patients diagnosed with PD and 50 healthy
speakers [35]. In line with the state-of-the-art literature, we
train PD detection models using only controlled speech record-
ings of 10 sentences and a phonetically balanced text for
each speaker. In addition, [11] has recently shown that w2v2
embeddings can successfully extract pathological cues also
from spontaneous speech. Hence, to show the applicability
of the proposed model for different speech modes, we also
analyze the performance of PD detection models using only
spontaneous speech recordings for each speaker.

It should be noted that further analysis on additional
databases is required to fully validate the benefits of the
proposed model, which remains a topic for future investi-
gation. Currently, the PC-GITA database is the only high-
quality open-source database of healthy and PD speech. As
demonstrated in [16], other existing databases, such as UA-
Speech [36] and TORGO [37], are unsuitable for validating
pathological speech detection models, as models trained on
them may incorrectly interpret recording artifacts as indicators
of pathology.

Input representations. Prior to computing input representa-
tions, available utterances are segmented into 500 ms segments
with a 50% overlap. For a given speech segment, we extract
embeddings from the first layer of the transformer module
of w2v2 as in [11], [38]. We use the XLRS53 version of
w2v2, which has been pre-trained on 56K hours of unlabeled
multilingual audio data [39]. The extracted embeddings are
averaged across time to obtain the input representation x; for
the i-th speech segment.

Baselines. To effectively evaluate our proposed GCN-
based PD detecion method, we consider two baseline models.
The first baseline model consists of a fully connected (FC)

IFor additional details, the reader is referred to [22].

layer applied to the input representations. This model repre-
sents the state-of-the-art model when using w2v2 embeddings
for PD detection [11], [16], [21], [38]. The second baseline
model is a k-nearest neighbors (KNN) approach considered
here due to its similarity to our proposed approach (in terms
of using a distance measure to compare input representations).
The comparison between the GCN and KNN approaches
allows us to assess whether the improvement in PD detection
performance achieved through the GCN apporach is merely
due to the distance measure or due to the added benefit
of using a GCN. To investigate the impact of the used
distance measure for the KNN and GCN approaches, we
consider three different distance measures, i.e., the Euclid-
ian distance d(x;,x;) = |x; — X;|2, the cosine distance
d(x;,%x;) = 1—%;-X;/|%i]2]|%; ]2, and the Manhattan distance
d(xi,%;) = |x; — %1

Training and Evaluation. Evaluation is performed using a
10-fold stratified speaker-independent cross-validation frame-
work. In each fold, 80% of the speakers are used for training,
10% for validation, and 10% for testing. Performance is
evaluated using the speaker-level accuracy computed through
soft voting of the softmax output obtained for all segments
belonging to a speaker. To account for the bias introduced by
the exact split of speakers into training, validation, and test
sets, PD detection models are trained using 5 distinct splits.
The reported performance represents the mean and standard
deviation of the obtained accarcy across these different splits.

For all considered models, results are obtained through
hyperparameter tuning on the validation set, with tailored
grid searches conducted for each model. For the FC baseline,
the hyperparameter search includes the learning rate Ir €
{10’3,10*2}. For the KNN baseline, the hyperparameter
search includes the number of neighbors k € {1,2,3,5,7,10}.
For the proposed GCN approach, the hyperparameter search
includes the learning rate ir € {1073,107*}, the number
of neighbors & € {1,2,3,5,7,10}, and the layer depth
L € {2,3,4,5}. To implement the GCN model, we use the
PyTorch Geometric library, which provides an efficient and
flexible framework for handling graph data and performing
graph-based computations.

V. EXPERIMENTAL RESULTS

In the following, the PD detection accuracy of the pro-
posed GCN-based approach is compared to the FC and KNN
baselines for the controlled and spontaneous speech modes.
Additional analysis on the impact of the number of neighbors
k and the number of layers L on the performance of the GCN-
based approach are also provided.

Performance of baselines and proposed approach. Table 1
presents the performance of the FC, KNN (for various dis-
tance measures), and GCN (for various distance measures)
approaches for both controlled and spontaneous speech modes.
For completeness, the optimal number of neighbors k for the
KNN and GCN approaches and the optimal layer depth L for
the GCN approach (obtained through hyperparameter tuning
on the validation set) are also presented. It can be observed



TABLE I: PD detection accuracy (Acc) using the FC baseline,
the KNN baseline, and the proposed GCN approach for both
controlled (Ctl) and spontaneous (Spt) speech modes. Several
distance measures (Dist) are used for the KNN and GCN
approaches, i.e., Euclidean distance (E), cosine distance (C),
and Manhattan distance (M). The number of neighbors k£ and
layer depth L (when applicable) are obtained through hyper-
parameter tuning on the validation set.

Model Dist k£ L Acc (Ctl) k L Acc (Spt)

FC - - - 790+29 - - 842+ 3.1
KNN E 5 - M”44+ 18 5 - 826+19
KNN C 5 - 768+13 5 - 838418
KNN M 1 - 734+£23 1 - 808415
GCN E 3 3 820+22 5 2 918+13
GCN C 5 2 82+22 3 3 928+ 24
GCN M 3 3 88+t23 7 3 920+12

that the proposed GCN approach considerably outperforms the
FC and KNN baselines for both speech modes, independently
of the distance measure used. This confirms the effectiveness
of the GCN method in utilizing message passing to integrate
information across speech samples from diverse patients. In
terms of distance measures, in the spontaneous speech mode
we observe minimal variation in performance of the GCN ap-
proach, with the cosine distance yielding the highest accuracy
of 92.8%. In contrast, the controlled speech mode exhibits
more variation, with the Manhattan distance achieving the best
performance of 85.8%. Furthermore, Table I shows that the
highest performance for the KNN baseline is achieved when
using the cosine distance measure. However independently
of the distance measure used, the simple FC baseline yields
a better performance than KNN, which indicates that using
distance measures in their simplest form is insufficient. To
fully exploit distance information, incorporating graph-based
computations as in the proposed approach is necessary, as
illustrated by the higher performance of GCN.

Impact of the number of neighbors k in the GCN approach.
To investigate the impact of the number of neighbors & in the
GCN approach, in the following we fix the layer depth L and
examine the performance when varying k. For each distance
measure and speech mode, the layer depth L is fixed to the
values presented in Table I. Fig. 2 illustrates the influence of
the number of neighbors on the proposed GCN approach for
both speech modes. It can be observed that as the number
of neighbors for a particular node increases, the detection
performance decreases for all considered distance measures.
This decline is higher in the controlled speech mode (Fig. 2a)
than the spontaneous speech mode (Fig. 2b). These results
suggest that sparser graphs created from speech segments of
various patients tend to yield better PD detection performance.

Impact of the layer depth L in the GCN approach. To
investigate the impact of the layer depth L in the GCN
approach, in the following we fix the number of neighbors
k and examine the performance when varying L. For each
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Fig. 2: Impact of number of neighbors k£ on PD detection
accuracy of the proposed GCN approach using different dis-
tance measures for (a) controlled speech and (b) spontaneous
speech.
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Fig. 3: Impact of layer depth L on PD detection accuracy of
the proposed GCN approach using different distance measures
for (a) controlled speech and (b) spontaneous speech.

distance measure and speech mode, k is fixed to the values
presented in Table I. The results presented in Fig. 3 show that
there is typically a decline in PD detection performance of
the GCN as the layer depth increases, with the decline being
more pronounced for the spontaneous speech mode setting in
Fig. 3b. Such an effect is expected and well-documented in
the GCN literature and it arises from saturation that occurs
after certain depths in the GCN [40].

In summary, the presented results show that a shallow depth
of 2 or 3 layers and a small neighborhood size (less than 5)
typically ensures an advantageous performance when using a
GCN for PD detection. This demonstrates that graph-based
approaches are highly effective compared to the state-of-the-
art FC layers, with only a modest increase in computational
complexity.

VI. CONCLUSION

In this paper we have proposed a novel node classification
approach for PD detection using GCNs, constructing a graph
from speech segments using all available speakers. Experi-
mental results have shown that GCNs considerably improve
the PD detection accuracy compared to baseline methods,
regardless of the distance measure used to define connections
between segments. Future research will explore incorporating
additional meta data into the graph construction process such
as gender or age information.
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