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Abstract — Parkinson’s disease is incurable and is considered one 
of the most common neurological diseases. It is a progressive 
disease, which highlights the importance of early detection. 
Machine learning-based diagnostic support is desirable since the 
diagnosis is based on history, visual inspection, and drug tests. 
Speech is presumed to be one of the promising biomarkers that 
can predict the state of the disease. Combining speech data with 
deep learning feature extraction in Siamese-based architecture 
may improve the detection compared with direct regression with 
acoustic and prosodic features. Read text-based speech samples 
were acquired from 98 patients with Parkinson’s disease and 107 
healthy participants. Feature vectors were extracted with pre-
trained x-vector embedding and were used directly with a support 
vector regressor in a nested cross-validation setup (baseline 
approach). Furthermore, pairs were allocated, and difference 
vectors were calculated. These difference vectors were then used 
to train support vector regressor models in nested cross-validation 
(Siamese-based approach). Severity predictions and classification 
were performed with the outcomes. The Siamese-based setup 
outperformed the baseline approach both in regression and 
classification metrics. The relative improvement in root mean 
square error is 14.4%, and the Pearson correlation is 12.5% at 
best. After the classification, the relative improvement is 6.0% in 
sensitivity, 3.0% in specificity, and 4.5% in accuracy. 
Furthermore, comparing the test sample to not only one but 
multiple others decreases the average standard deviation of the 
predicted severity by 16.5% in relative value. Changing only the 
architecture of the traditional examination setup to a Siamese-
based approach may increase the performance of the models. 
 
Index Terms — Classification, Deep-learning, Parkinson’s Disease, 
Siamese Network 

 

I. INTRODUCTION AND LITERATURE STUDY 
Parkinson’s disease (PD) is one of the most common 
neurological disorders, which also manifests in movement 
disabilities. PD affects mainly the aging population and has a 
prevalence of 1% after 60 years [1]. The importance of 
detecting the disease in an early stage is its progressive nature 
and because it is incurable, according to recent clinical 
knowledge. The development of the disease is characterized by 
the loss of dopamine-producing cells with the appearance of 
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Lewy protein aggregates [2]. 
The diagnosis of PD is based on the patient’s history and 

examination. The cardinal symptoms are resting tremor, 
bradykinesia, and rigidity that started asymptotically [3]. The 
patient may have small handwriting, a masked face, and a soft 
voice. Vocal disorders are prominent symptoms as they 
manifest in 90% of PD cases [4]. These motor symptoms are 
less notable by visual observation at the early stage, which 
stresses the need for such a diagnostic support system.  

The speech affected by PD may be monotonic, have less 
intensity, and can include sudden stops and starts. Tremors also 
can appear in the phonation. Speech perceptive analysis is part 
of the Unified Parkinson’s Rating Scale (UPDRS), part III: 
Motor Examination, where the irregularity can be rated between 
0 and 4 [5]. Next to the perceptual analysis, objective methods 
using descriptive features from the speech can also facilitate the 
diagnosis in clinical settings. Especially, speech can be 
acquired non-invasively and analyzed even on a mobile device 
[6]. 

According to [7], speech-related studies can be categorized 
into the following four aspects: a) phonatory, b) articulatory, c) 
prosodic, and d) cognitive-linguistic studies. Generally, all of 
them can be used to build a diagnostic support system; however, 
b) and c) are the most commonly applied in this area. The most 
common features are jitter, shimmer, noise ratio, pitch, 
intensity, articulation rate, or pauses. With these descriptors, the 
machine learning algorithms (such as support vector machine 
(SVM) or k-nearest neighbor (k-NN)) can reach up to 97% 
accuracy [8], [9], [10]. 

In addition to the manual features, deep learning-based 
feature extraction is also applied to maximize the disease 
representation in the features. As medical data is hard to acquire 
in large amounts, transfer learning from another domain is a 
form of use. These models are initially trained on a large dataset 
for general purposes, such as speaker recognition. The x-vector 
and e-capa time-delay neural networks are based on speaker 
recognition and are still applied in PD detection [11], [12]. The 
transfer learning-based deep learning models can improve the 
detection and make the process robust (avoiding overfitting). In 
[13], Sztahó and his colleagues classified 85 PD and 85 healthy 
individuals using an x-vector approach with probabilistic linear 
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Abstract—Parkinson’s disease is incurable and is considered 
one of the most common neurological diseases. It is a progres-
sive disease, which highlights the importance of early detection. 
Machine learning-based diagnostic support is desirable since the 
diagnosis is based on history, visual inspection, and drug tests. 
Speech is presumed to be one of the promising biomarkers that 
can predict the state of the disease. Combining speech data with 
deep learning feature extraction in Siamese-based architecture 
may improve the detection compared with direct regression with 
acoustic and prosodic features. Read text-based speech samples 
were acquired from 98 patients with Parkinson’s disease and 
107 healthy participants. Feature vectors were extracted with 
pre- trained x-vector embedding and were used directly with a 
support vector regressor in a nested cross-validation setup (base-
line approach). Furthermore, pairs were allocated, and differ-
ence vectors were calculated. These difference vectors were then 
used to train support vector regressor models in nested cross-
validation (Siamese-based approach). Severity predictions and 
classification were performed with the outcomes. The Siamese-
based setup outperformed the baseline approach both in regres-
sion and classification metrics. The relative improvement in 
root mean square error is 14.4%, and the Pearson correlation is 
12.5% at best. After the classification, the relative improvement 
is 6.0% in sensitivity, 3.0% in specificity, and 4.5% in accuracy. 
Furthermore, comparing the test sample to not only one but 
multiple others decreases the average standard deviation of the 
predicted severity by 16.5% in relative value. Changing only the 
architecture of the traditional examination setup to a Siamese-
based approach may increase the performance of the models.
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discriminant analysis (PLDA) and achieved 84.1% accuracy. 
The severity of the disease was measured with the Hoehn and 
Yahr (H&Y) scale [14]. This test assigns a number to the patient 
between 0 and 5, where 0 means no deviation from normal 
functioning while 5 means the patient is in bed or a wheelchair 
due to the disease. This scale is not linear, so an H&Y score of 
2 does not mean two times as severe symptoms as the H&Y 
score of 1. Using this scale, the patients had a mean score of 2.7 
with a standard deviation of 1.1. The participants read the “The 
North Wind and the Sun” tale. 

Another approach to overcoming limited medical data is to 
use distance-based solutions where the pairs of samples could 
be allocated with higher freedom. One of its applications is in 
the siamese networks. Bhati and his colleagues [15] used Long 
Short-Term Memory (LSTM)-based siamese networks to learn 
better PD representation. Then, they trained classifiers to detect 
PD with the features resulting from the siamese part. Shalaby 
and Belal [16] used Siamese networks to enhance the data 
clustering before classification. They improved the detection by 
9.5% relative accuracy. 

In the [17] study conducted in 2017, the authors used speech 
samples from 51 PD patients and 27 healthy participants in 
Hungarian language. The severity was measured with the H&Y 
scale. The mean severity was 2.58, with a standard deviation of 
0.9. The speech samples included the read version of “The 
North Wind and the Sun” tale. Prosodic features were used with 
several regression and classification algorithms. The authors 
achieved 77.8% sensitivity and 83.6% accuracy with 
classification, 1.052 RMSE, and 0.73 Pearson correlation with 
SVM and support vector regression (SVR). 

The authors repeated the study [18] two years later. They 
used samples from 55 PD and 33 healthy participants. The mean 
severity was almost the same as in the previous study. The 
prosodic features were extended with various acoustic ones. 
They reached 84.8% sensitivity, 81.8% specificity, and 83.5% 
accuracy with SVM. Regression was conducted with SVR, 
1.071 RMSE, and 0.72 R2 (the square of the Pearson correlation 
coefficient), which also resulted from that study.  

We introduced sample pairs and extracted features with x-

vector technology based on these studies. Using the difference 
in the feature vectors, we examined PD's classification and 
severity regression in the Hungarian language. Our goal is to 
examine how PD can be detected when we switch from 
individual samples (and feature vectors) to sample pairs (and 
feature vector differences) in the same process. 

After the Introduction, we will present the applied materials 
and the examination methods in the Methodology. We will 
present the regression and classification results in the Results 
section. Finally, we will discuss the findings and conclude the 
work in the Discussion and Conclusion sections. 

II. METHODOLOGY 
The setup of the experiments can be seen in Fig. 1, where two 
approaches are detailed. The Baseline approach includes the x-
vector feature extraction from the Hungarian Parkinson Speech 
Dataset (HPSD) and the severity prediction with regressor 
algorithms. The Siamese-inspired approach takes two samples 
from the dataset, extracts x-vector features, and calculates the 
vector difference. Then, this dissimilarity is used to predict 
severity. In the following subsections, we will detail all 
components of the approaches. 

A. Hungarian Parkinson Speech Dataset 
PD patients were recorded at the Semmelweis and Virányos Clinic, 
Budapest, alongside healthy participants as a control group. 42 
females and 56 males were in the PD class with a 65.4 average age 
and 8.4 standard deviation. 70 females and 37 males were in the 
healthy control (HC) class with 45.8 average age and 17.7 standard 
deviation. The sex distribution and age between the two classes 
appeared significant, with a p-value lower than 0.05 (sex by chi-
square test, age by Mann-Whitney U test). These may affect the 
results when compared to others in the literature. However, we 
propose a baseline to highlight our findings so the new technique 
will be compared with a traditional one with the same dataset. 

The diagnosis and the severity estimation were done by the 
neurosurgeon doctor using the H&Y scale. These were made using 
history, visual examination, and drug tests. The mean severity is 
2.8 H&Y with a 0.9 standard deviation. The distribution of the 

Fig. 1. The Baseline and Siamese-based examination process. HPSD is the dataset, sample1 and sample2 are paired subjects from 
the dataset. 
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H&Y severity in the dataset can be seen in Table 1. The HC 
samples were in the 0 stages of the H&Y scale. 

TABLE I 
DISTRIBUTION OF THE PATIENTS ACCORDING TO THEIR H&Y 

SEVERITY SCORE. 

 1 1.5 2 2.5 3 4 
PD 10 1 18 12 31 26 

 
The speech task was to read the “The North Wind and the Sun” 

tale, which resulted in around one-minute-long recording per 
participant. All participants were native Hungarian speakers, and 
the recordings were done in Hungarian language. The samples 
were acquired with a clip-on microphone on 16 kHz sampling 
frequency and 16-bit quantization. 

All participants were informed in advance about the research 
and the use of the samples and metadata. Data acquisition did not 
mean any harm or risk to the participants. Informed consent was 
collected from the people involved, and they had (and have) the 
option to change their minds anytime. 

B. Preprocessing and Feature Extraction 
The speech samples were normalized to peak value before feature 
extraction. After that, feature extraction was done with x-vector 
embedding originating from the speaker recognition applications 
[19]. The x-vector is a time-delay neural network (its architecture 
is in Fig. 2) that observes not only the speech frame at time point t 
but its surroundings in the frame level layers. The frame refers to 
the (sliding) time window, where features like filterbanks can be 
defined. These layers learn the local and speaker-specific patterns. 

Following the frame-level layers, the statistical pooling 
calculates the mean and standard deviation after aggregating the 
information by frames. This creates a fixed-length representation 
of the entire utterance Then, the speaker discriminative features are 
learned in the segment level from where the x-vector can be 
extracted with a dimension of 512. 

The embedding was implemented through the SpeechBrain 

toolkit [20], which stores the pre-trained models on the 
Huggingface website. We used this pre-trained version of the 
model without further training. The initial training was done on the 
training data of Voxceleb1 and Voxceleb2 datasets (in English). 
From the resulting feature vector, the top 65 features were selected 
with the Random Forest algorithm. 

Next, pairs were allocated for the Siamese-based approach to 
use the features directly with the predictive algorithms (Baseline 
approach). HC-HC (similar) and HC-PD (dissimilar) pairs were 
created randomly without repeating already allocated pairs. As a 
result, 205 pairs for the similar category and 205 for the dissimilar 
category were examined. 200 pairs were of the same sex, while 210 
pairs were of the opposite sex. In this approach, age was not 
considered during the pair allocation. 

C. Severity Prediction and Classification 
To estimate the severity of PD in the H&Y scale, we employed 
a regression method using the Support Vector Regression 
(SVR) algorithm [21]. The decision was based on the study [18] 
where the SVR was the prominent algorithm to predict PD 
severity in the Hungarian language.  

The C, gamma, and epsilon parameters were optimized for 
nested cross-validation. The optimization includes an outer 10-
fold cross-validation setup where 10% (one fold) was separated 
as an independent test set, and the rest was used in the inner 5-
fold cross-validation loop. In this inner loop, 80% of the 
remaining data was used for training and 20% for optimization. 

The target severity was normalized between 0 and 1 before 
inputting them into the predictive models. As a result, the 
output was generated between 0 and 1, which was up-scaled to 
the original H&Y scale. With these outputs and the original 
scores, a linear regression was performed, measuring the mean 
absolute error (eq. 1) and the root mean square error (eq. 2). In 
these metrics, 𝑦𝑦𝑖𝑖 is the original severity of the i-th sample, 𝑦𝑦𝑖̂𝑖 is 
the predicted score of the i-th sample, and n is the number of 
samples. 
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The R2 value shows how linearly the estimated score fits the 

original severity score (eq. 3). Its value is between 0 and 1, within 
which a value close to 1 shows a better fit than a value close to 0. 
The 𝑦𝑦𝑖̅𝑖 in the denominator is the mean of the predicted scores. 
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We also created classifications with the output score by drawing 
a decision threshold at H&Y stage 1. Below the score 1, the 
samples were classified as HC and above as PD. The classification 
is correct in True Positive (TP) and True Negative (TN) cases and 
not correct in False Positive (FP) and False Negative (FN) cases. 

Fig. 2. The x-vector embedding architecture, which parts from 
the input layer are the frame level layers, statistical pooling, and 
segment level layers before the output. 
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H&Y severity in the dataset can be seen in Table 1. The HC 
samples were in the 0 stages of the H&Y scale. 

TABLE I 
DISTRIBUTION OF THE PATIENTS ACCORDING TO THEIR H&Y 

SEVERITY SCORE. 

 1 1.5 2 2.5 3 4 
PD 10 1 18 12 31 26 

 
The speech task was to read the “The North Wind and the Sun” 

tale, which resulted in around one-minute-long recording per 
participant. All participants were native Hungarian speakers, and 
the recordings were done in Hungarian language. The samples 
were acquired with a clip-on microphone on 16 kHz sampling 
frequency and 16-bit quantization. 

All participants were informed in advance about the research 
and the use of the samples and metadata. Data acquisition did not 
mean any harm or risk to the participants. Informed consent was 
collected from the people involved, and they had (and have) the 
option to change their minds anytime. 

B. Preprocessing and Feature Extraction 
The speech samples were normalized to peak value before feature 
extraction. After that, feature extraction was done with x-vector 
embedding originating from the speaker recognition applications 
[19]. The x-vector is a time-delay neural network (its architecture 
is in Fig. 2) that observes not only the speech frame at time point t 
but its surroundings in the frame level layers. The frame refers to 
the (sliding) time window, where features like filterbanks can be 
defined. These layers learn the local and speaker-specific patterns. 

Following the frame-level layers, the statistical pooling 
calculates the mean and standard deviation after aggregating the 
information by frames. This creates a fixed-length representation 
of the entire utterance Then, the speaker discriminative features are 
learned in the segment level from where the x-vector can be 
extracted with a dimension of 512. 

The embedding was implemented through the SpeechBrain 

toolkit [20], which stores the pre-trained models on the 
Huggingface website. We used this pre-trained version of the 
model without further training. The initial training was done on the 
training data of Voxceleb1 and Voxceleb2 datasets (in English). 
From the resulting feature vector, the top 65 features were selected 
with the Random Forest algorithm. 

Next, pairs were allocated for the Siamese-based approach to 
use the features directly with the predictive algorithms (Baseline 
approach). HC-HC (similar) and HC-PD (dissimilar) pairs were 
created randomly without repeating already allocated pairs. As a 
result, 205 pairs for the similar category and 205 for the dissimilar 
category were examined. 200 pairs were of the same sex, while 210 
pairs were of the opposite sex. In this approach, age was not 
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C. Severity Prediction and Classification 
To estimate the severity of PD in the H&Y scale, we employed 
a regression method using the Support Vector Regression 
(SVR) algorithm [21]. The decision was based on the study [18] 
where the SVR was the prominent algorithm to predict PD 
severity in the Hungarian language.  

The C, gamma, and epsilon parameters were optimized for 
nested cross-validation. The optimization includes an outer 10-
fold cross-validation setup where 10% (one fold) was separated 
as an independent test set, and the rest was used in the inner 5-
fold cross-validation loop. In this inner loop, 80% of the 
remaining data was used for training and 20% for optimization. 

The target severity was normalized between 0 and 1 before 
inputting them into the predictive models. As a result, the 
output was generated between 0 and 1, which was up-scaled to 
the original H&Y scale. With these outputs and the original 
scores, a linear regression was performed, measuring the mean 
absolute error (eq. 1) and the root mean square error (eq. 2). In 
these metrics, 𝑦𝑦𝑖𝑖 is the original severity of the i-th sample, 𝑦𝑦𝑖̂𝑖 is 
the predicted score of the i-th sample, and n is the number of 
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The R2 value shows how linearly the estimated score fits the 

original severity score (eq. 3). Its value is between 0 and 1, within 
which a value close to 1 shows a better fit than a value close to 0. 
The 𝑦𝑦𝑖̅𝑖 in the denominator is the mean of the predicted scores. 
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We also created classifications with the output score by drawing 
a decision threshold at H&Y stage 1. Below the score 1, the 
samples were classified as HC and above as PD. The classification 
is correct in True Positive (TP) and True Negative (TN) cases and 
not correct in False Positive (FP) and False Negative (FN) cases. 

Fig. 2. The x-vector embedding architecture, which parts from 
the input layer are the frame level layers, statistical pooling, and 
segment level layers before the output. 
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tale, which resulted in around one-minute-long recording per 
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were acquired with a clip-on microphone on 16 kHz sampling 
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All participants were informed in advance about the research 
and the use of the samples and metadata. Data acquisition did not 
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collected from the people involved, and they had (and have) the 
option to change their minds anytime. 
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is in Fig. 2) that observes not only the speech frame at time point t 
but its surroundings in the frame level layers. The frame refers to 
the (sliding) time window, where features like filterbanks can be 
defined. These layers learn the local and speaker-specific patterns. 

Following the frame-level layers, the statistical pooling 
calculates the mean and standard deviation after aggregating the 
information by frames. This creates a fixed-length representation 
of the entire utterance Then, the speaker discriminative features are 
learned in the segment level from where the x-vector can be 
extracted with a dimension of 512. 

The embedding was implemented through the SpeechBrain 

toolkit [20], which stores the pre-trained models on the 
Huggingface website. We used this pre-trained version of the 
model without further training. The initial training was done on the 
training data of Voxceleb1 and Voxceleb2 datasets (in English). 
From the resulting feature vector, the top 65 features were selected 
with the Random Forest algorithm. 

Next, pairs were allocated for the Siamese-based approach to 
use the features directly with the predictive algorithms (Baseline 
approach). HC-HC (similar) and HC-PD (dissimilar) pairs were 
created randomly without repeating already allocated pairs. As a 
result, 205 pairs for the similar category and 205 for the dissimilar 
category were examined. 200 pairs were of the same sex, while 210 
pairs were of the opposite sex. In this approach, age was not 
considered during the pair allocation. 

C. Severity Prediction and Classification 
To estimate the severity of PD in the H&Y scale, we employed 
a regression method using the Support Vector Regression 
(SVR) algorithm [21]. The decision was based on the study [18] 
where the SVR was the prominent algorithm to predict PD 
severity in the Hungarian language.  

The C, gamma, and epsilon parameters were optimized for 
nested cross-validation. The optimization includes an outer 10-
fold cross-validation setup where 10% (one fold) was separated 
as an independent test set, and the rest was used in the inner 5-
fold cross-validation loop. In this inner loop, 80% of the 
remaining data was used for training and 20% for optimization. 

The target severity was normalized between 0 and 1 before 
inputting them into the predictive models. As a result, the 
output was generated between 0 and 1, which was up-scaled to 
the original H&Y scale. With these outputs and the original 
scores, a linear regression was performed, measuring the mean 
absolute error (eq. 1) and the root mean square error (eq. 2). In 
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From these, metrics like sensitivity (sens – eq. 4), specificity (spec 
– eq. 5), and accuracy (acc – eq. 6) were derived. 

 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 = 𝑇𝑇𝑇𝑇
𝐹𝐹𝐹𝐹 + 𝑇𝑇𝑇𝑇 (4) 

 

 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 = 𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹 (5) 

 

 𝑎𝑎𝑎𝑎𝑎𝑎 = 𝑇𝑇𝑇𝑇 + 𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇 + 𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹 + 𝐹𝐹𝐹𝐹 (6) 

 

D. Experimental Cases 
In this study, we created a Baseline approach, where x-vector 
embeddings were extracted from the speech samples, and then 
in a nested cross-validation setup, SVR models were trained 
and tested. With the output, regression, and classification were 
performed. 

After that, a Siamese-based approach was made by pairing 
the samples. The x-vector embeddings were extracted from 
both samples in the pairs similarly, and then the difference 
between the two vectors was calculated. This vector was the 
input to the SVR models for regression and classification. 
Within this approach, we had two cases: 1) create only ONE 
pair with the selected test sample, and 2) create TEN pairs with 
the selected test sample and average the predicted scores. Since 
the train/test split was done after the pair allocation, one pair 
was only in the train, validation, or test sets. One speaker could 
be in more sets but not in the same pair. 

The Results will be divided according to these three cases: a) 
baseline, b) Siamese approach with one pair, and with ten pairs. 

III. RESULTS 

A. Baseline approach 
The results of the predicted and the original severity scores are 
presented in the left plot (a part) of Fig. 3 with blue dots for the 
Baseline approach. The red line represents the perfect mapping of 
the original scores. Table 2 includes the metrics presented in the 
next section for all three cases. 

The MAE and RMSE resulted from the predicted and 
original scores of 0.59 and 0.85. The R2, which describes the fit 
of the predicted data to the original, is 0.69. That means that the 
original score accounts for 69% of the change in the estimated 
score. Checking the standard deviation of the predicted scores 
at different H&Y stages, stage 0 had the lowest value at 0.46, 
and stage 3 had the highest at 0.79. The standard deviation for 
the other stages is 0.58 (stage 1), 0.76 (stage 2), and 0.73 (stage 
4). This deviation can be seen in the figure where the points at 
stage 3 are scattered farther from the red line. The model 
predicts stages 1, 2, and 2.5 symmetrically while stage 0 is over-
, and stage 4 is underestimated. Also, stage 3 has a slight bias 
toward lower scores. 

After transforming these scores to labels (performing the 
classification), 91.6% sensitivity, 92.4% specificity, and 92.0% 
accuracy scores were achieved. The ratio between the positive 
and negative classes also remains in the predictive scores, as 
sensitivity and specificity have almost the same values. 

B. Siamese-based approach 
The results of the Siamese-based approach can be seen in Fig. 3, 
where the middle plot (b part) presents the one-pair case, and the 
right side (c part) presents the average of the ten-pair case. 

Comparing the test sample with only one other sample (using 
one pair) resulted in 0.51 MAE, 0.73 RMSE, and 0.78 R2 
metrics. The standard deviations are 0.41, 0.70, 0.62, 0.69, and 
0.70 at the stages of the severity scale from 0 to 4, respectively. 
Symmetrical distribution can be seen at stages 1, 2, and 2.5. 

Fig. 3. Original and predicted severity scores with the Baseline approach (a) and with Siamese approach (b – where one pair, c – 
where ten pairs were allocated.). 

Fig. 3. Original and predicted severity scores  
with the Baseline approach (a) and with Siamese approach (b – where one pair, c – where ten pairs were allocated.).
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Stage 0 is over-, and stages 3 and 4 are underestimated by the 
models. After calculating classification metrics, 95.1% 
sensitivity, 91.7% specificity, and 93.4% accuracy were 
achieved.

When we compared one test sample to ten other test samples 
and averaged the predicted scores, 0.55 MAE, 0.77 RMSE, and 
0.75 R2 were the results. The standard deviations were 0.31, 
0.50, 0.55, 0.69, and 0.72 according to the stages from 0 to 4. 
Here, stages 2 and 2.5 seem symmetrical, while stages 0,1 are 
over-, and 3 and 4 are underestimated. After the classification, 
97.1% sensitivity, 95.1% specificity, and 96.1% accuracy were 
observed.

Comparing the three experiment cases, no significant 
difference can be noted between the predicted severity scores or 
the classification results with Mann-Whitney tests next to 5% 
significant level. Furthermore, the difference was calculated 
between the predicted and the original severity score separately 
for the male-male/female-female and the female-male pairs. 
The mean difference was 0.04 for the pairs from the same 
gender and 0.009 for the pairs from the opposite gender. The 
standard deviation of the differences was around the same.

IV. DISCUSSION

The results of the Baseline and Siamese-based approaches are 
summarized in Table 2, along with the metrics described above. 
Baseline refers to the Baseline approach, ONE pair to the one-
pair version, and TEN pairs to the ten-pair version of the 
Siamese approach. Bold style marks the best values for each 
metric.

Comparing the regression metrics to the different cases, it can 
be seen that the Siamese-based approach decreased the error in 
the predictions as MAE and RMSE decreased. Both one-pair 
and ten-pair cases were better in metrics than the Baseline 
approach. However, the ten-pair version of the Siamese-based 
approach did not yield better than the one-pair version 
examining the regression metrics. A similar tendency can be 
seen with the R2 as it is higher with the Siamese-based approach 
than the Baseline. However, the ten-pair version is not better 
than the one-pair version.

Comparing the classification results, the improvement is 
continuous. Sensitivity increased from 91.6% to 97.1%, while 
the specificity was slightly lower with one pair but increased 
with ten pairs. The accuracy improved from 92.0% to 96.1%.

TABLE
SUMMARY TABLE OF THE BASELINE AND SIAMESE-BASED 

(ONE AND TEN-PAIR VERSIONS) APPROACHES.

MAE RMSE R2 sens spec acc

Baseline 0.59 0.85 0.69 91.6% 92.4% 92.0%

ONE pair 0.51 0.73 0.78 95.1% 91.7% 93.4%

TEN pair 0.55 0.77 0.75 97.1% 95.1% 96.1%

Comparing our results with similar studies [17], [18], it can 
be seen that the results achieved in this study outperformed 
them. Even the Baseline method reached lower error and higher 

classification metrics. This could be due to the extended 
database and the nested cross-validation setup for the 
optimization.

The results could improve compared to the Baseline method 
by facilitating the Siamese-inspired approach. This result 
highlights the possible benefit of increasing the number of input 
data by creating pairs. However, comparing someone to only 
one other person is not always reliable. We compared one test 
sample to ten others to overcome this limitation and averaged 
the predicted scores. This technique seemingly did not improve 
the regression metrics but did improve the classification. This
is because the average standard deviation decreased from 0.62 
to 0.55 by averaging the pair's predictions. With this, the 
samples that were misclassified with only one pair were 
classified correctly by the other 9 pairs. 188 TN and 195 TP 
classification were done with the one-pair case, while 195 TN 
and 199 TP with the ten-pair case.

Comparing our results to the existing solutions in the 
international literature is cumbersome due to the different 
datasets with different languages. However, we believe that our 
results fit into this international level. Furthermore, the x-vector 
was used here without further training; it was initially trained 
with English samples. The usage of such model is promising 
since we could use it in the Hungarian language without the 
language's specifications.

The present study concentrated on the the x-vector algorithm. 
Nevertheless, the employment of alternative algorithms in 
speech technology (like transformers) has the potential to 
enhance the findings of this study.

VI. CONCLUSION

PD is one of the most common neurological disorders that is 
not curable according to recent clinical knowledge. Early 
detection is important to maintain the quality of life and slow 
disease progression. Speech is one of the promising biomarkers 
that can capture the pre-motor symptoms of the disease. Many 
studies used acoustic and prosodic features to describe the 
speech and used them with statistical methods or machine 
learning algorithms to distinguish between PD and other 
groups. Next to the manual features deep learning-based feature 
extraction and detection became prevalent due to the more 
detailed representation. However, these solutions require a huge 
amount of data.

In this study, we explored the possibilities of the Siamese-
based architecture with PD patients and HC participants using 
read-text-based speech. The results indicated that the Siamese-
based approach outperforms the Baseline in regression and 
classification. Pairing the sample with more than one other 
sample decreases the standard deviation of predictions and 
improves the classification further. The results fit the literature 
since they outperform studies with similar datasets and are also 
comparable with similar studies that use different languages or 
databases.

It should be noted that this study used the x-vector trained on 
English utterances while the samples in scope were in 
Hungarian. However, the results show high performance 
without specifying the embedding to Hungarian. This is also 
promising for language-independent solutions. Additional 
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97.1% sensitivity, 95.1% specificity, and 96.1% accuracy were 
observed.
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the classification results with Mann-Whitney tests next to 5% 
significant level. Furthermore, the difference was calculated 
between the predicted and the original severity score separately 
for the male-male/female-female and the female-male pairs. 
The mean difference was 0.04 for the pairs from the same 
gender and 0.009 for the pairs from the opposite gender. The 
standard deviation of the differences was around the same.

IV. DISCUSSION

The results of the Baseline and Siamese-based approaches are 
summarized in Table 2, along with the metrics described above. 
Baseline refers to the Baseline approach, ONE pair to the one-
pair version, and TEN pairs to the ten-pair version of the 
Siamese approach. Bold style marks the best values for each 
metric.

Comparing the regression metrics to the different cases, it can 
be seen that the Siamese-based approach decreased the error in 
the predictions as MAE and RMSE decreased. Both one-pair 
and ten-pair cases were better in metrics than the Baseline 
approach. However, the ten-pair version of the Siamese-based 
approach did not yield better than the one-pair version 
examining the regression metrics. A similar tendency can be 
seen with the R2 as it is higher with the Siamese-based approach 
than the Baseline. However, the ten-pair version is not better 
than the one-pair version.

Comparing the classification results, the improvement is 
continuous. Sensitivity increased from 91.6% to 97.1%, while 
the specificity was slightly lower with one pair but increased 
with ten pairs. The accuracy improved from 92.0% to 96.1%.

TABLE
SUMMARY TABLE OF THE BASELINE AND SIAMESE-BASED 

(ONE AND TEN-PAIR VERSIONS) APPROACHES.
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Baseline 0.59 0.85 0.69 91.6% 92.4% 92.0%

ONE pair 0.51 0.73 0.78 95.1% 91.7% 93.4%

TEN pair 0.55 0.77 0.75 97.1% 95.1% 96.1%

Comparing our results with similar studies [17], [18], it can 
be seen that the results achieved in this study outperformed 
them. Even the Baseline method reached lower error and higher 

classification metrics. This could be due to the extended 
database and the nested cross-validation setup for the 
optimization.

The results could improve compared to the Baseline method 
by facilitating the Siamese-inspired approach. This result 
highlights the possible benefit of increasing the number of input 
data by creating pairs. However, comparing someone to only 
one other person is not always reliable. We compared one test 
sample to ten others to overcome this limitation and averaged 
the predicted scores. This technique seemingly did not improve 
the regression metrics but did improve the classification. This
is because the average standard deviation decreased from 0.62 
to 0.55 by averaging the pair's predictions. With this, the 
samples that were misclassified with only one pair were 
classified correctly by the other 9 pairs. 188 TN and 195 TP 
classification were done with the one-pair case, while 195 TN 
and 199 TP with the ten-pair case.

Comparing our results to the existing solutions in the 
international literature is cumbersome due to the different 
datasets with different languages. However, we believe that our 
results fit into this international level. Furthermore, the x-vector 
was used here without further training; it was initially trained 
with English samples. The usage of such model is promising 
since we could use it in the Hungarian language without the 
language's specifications.

The present study concentrated on the the x-vector algorithm. 
Nevertheless, the employment of alternative algorithms in 
speech technology (like transformers) has the potential to 
enhance the findings of this study.

VI. CONCLUSION

PD is one of the most common neurological disorders that is 
not curable according to recent clinical knowledge. Early 
detection is important to maintain the quality of life and slow 
disease progression. Speech is one of the promising biomarkers 
that can capture the pre-motor symptoms of the disease. Many 
studies used acoustic and prosodic features to describe the 
speech and used them with statistical methods or machine 
learning algorithms to distinguish between PD and other 
groups. Next to the manual features deep learning-based feature 
extraction and detection became prevalent due to the more 
detailed representation. However, these solutions require a huge 
amount of data.

In this study, we explored the possibilities of the Siamese-
based architecture with PD patients and HC participants using 
read-text-based speech. The results indicated that the Siamese-
based approach outperforms the Baseline in regression and 
classification. Pairing the sample with more than one other 
sample decreases the standard deviation of predictions and 
improves the classification further. The results fit the literature 
since they outperform studies with similar datasets and are also 
comparable with similar studies that use different languages or 
databases.

It should be noted that this study used the x-vector trained on 
English utterances while the samples in scope were in 
Hungarian. However, the results show high performance 
without specifying the embedding to Hungarian. This is also 
promising for language-independent solutions. Additional 
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effects like age or sex (even though the results showed no 
significant influence of these effects).
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