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This article analyzes the scientific foundations and practical effectiveness
of applying machine learning and deep learning methods for the
automatic detection and severity assessment of dysarthria. Dysarthria is
a common symptom of neurological disorders such as Parkinson’s
disease, cerebrovascular accidents, cerebral palsy, and multiple sclerosis,
leading to impairments in articulatory, prosodic, and resonant
components of speech. Due to the subjectivity and time consumption of
traditional clinical diagnostics, the demand for automated speech
processing systems is increasing. In this study, the UA-Speech and
TORGO datasets were employed, and classical machine learning models
such as RandomForest, XGBoost, LightGBM, SVM, LogisticRegression,
and MLPClassifier were compared with deep learning approaches based
on CNN architectures. The models were optimized using GridSearchCV,
while the pronounced data imbalance was addressed with ADASYN
and class weight techniques. Key acoustic features such as MFCC, Mel
spectrograms, and pitch were used to construct the feature space. The
results indicate that machine learning models can achieve high accuracy
in detecting dysarthria symptoms, while hybrid approaches combining
CNNs provide improved overall performance. This research lays the
groundwork for developing automated early dysarthria diagnostic
systems and contributes to the advancement of technologies aimed at
clinical practice.
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OY3BIAYHI, IlepedpalabIK cald aypybl >KoHe KOIITereH CKAEPO3 CHAKTHI
HEBPOAOTUAABIK, I1aTOAOTUAAapPABIH KeH TapaAFaH CHUMIITOMBI OOABIII
TabblAaAbl, COliAeyAiH apTUKYASLUMSABIK, IIPOCOAMSABIK >KoHe Pe3o-
HaHCTBIK, KOMIIOHEHTTepiHiH Oy3blayblHa oKededi. JacTypai KAMHMKa-
ABIK, AMAaTHOCTMKA CyOBeKTUBTiAiri MeH VaKbITTBIK IIBIFBIHAQPBIHA
0ariAaHBICTH, COVLAEYAi aBTOMATTHI ©HAEY KYiieaepiHe CYpaHBIC apTHIIT
keaeai. 3eprrey OapoicbiHaa UA-Speech sxone TORGO aatacerrepi
KO/AAAQHBIABIII, RandomForest, XGBoost, LightGBM, SVMV,,
LogisticRegression = >xoHe MLPClassifier —cusAKTBI — KAaccHKaabIK
MalllMHaABIK OKBITY MoJeabdepi, coHgaii-ax CNN apxurekTypachiHa
HerizgeAreH TepeH OKBITy Taciaaepi CaAbICTHIPBLAABL Mogeabaep
GridSearchCV apxplapl OHTalAaHABIPBIABII, JAepeKTepAeri alKbIH
nmbasanc ADASYN aaici 5xoHe class weight Tociaimen enaeaai. MFCC,
Mel-criekrorpamMmMaaap >koHe pitch CcHAKTBI HeTisri aKyCTMKAaABIK,
epexIiIesikrep epeKIeaik KEeHiCTiriH KaABIITaCTBIPY YLIiH
MaifjaZaHBIAABL.  AABIHFAaH  HOTVDKeAep  MalllMHAABIK,  OKBITY
MoJeabAepiHiH ausaprepus OearizepiH aHBIKTayja >KOfaphl AdAAIKKe
KoA >KeTkise aaaTeiHbiH, aa CNN-men Oipikripiaren rubpuari
TaCiAAepAiH >KaAlbl TMiMAIAIKTI >KaKcapTaThIHBIH KopceTTi. bya seprrey
AU3apTepUsHbl epTe  AUMAarHOCTMKaJAayAblH aBTOMaTTaHABIPLLAFaH
KyllelepiH o3ipaeyre MYMKIiHAIK Oepill, KAMHUKAABIK TaXipubeade
KOAJAaHy¥a OaFbITTalfaH TeXHOAOIMIAapAbIH AaMybIHA HeTi3 KaJalAbl.

Karouessie caoBa:

AHHOTAIIVST
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B AaHHOII cTaThe aHAaAM3UPYIOTCA HaydHBIE OCHOBBI U ITpaKTITdecKas
5P PeKTUBHOCTh MPUMEHEeHNs MeTOJ0B MAIIMHHOIO OOyueHus u
raybokoro obydeHms AAs1 aBTOMaTUIECKOTO BBISBAEHNS AM3apTPUN U
ouleHKu e€ creneHu. AusapTpusl SABASETC PacHpOCTpaHEHHBIM
CHMIITOMOM HEBPOJAOTMYEeCKMX 3abo/eBaHMII, TaKuX KakK ©001e3Hb
ITapknHCcOHa, HapyIeHHMe MO3TOBOTO KpOBOOOpaIleHNs, AeTCKUIT
LiepeOpaAbHEII IapaAnd ¥ PacCesiHHBIN CKAepO3, YTO IIPUBOAUT K
HapyIIeHUAM apTUKYASIIVOHHBIX, IPOCOANYECKUX V Pe30HAaHCHBIX
KOMIIOHEHTOB peun. VI3-3a CyOBEKTMBHOCTM M BpeMEHHBIX 3aTpar
TPaAULIVIOHHOM KAMHWYECKO AMArHOCTUKM PpacTéT CIpoc Ha
aBTOMaTU3MPOBAHHbIE CUCTeMBI 00pabOTKM peunt. B xoae nccaegoBaHms
nucnoan3osaancsk Jaracetel UA-Speech m TORGO, cpasHUBaANCh
KJAaccgeckue MoJeA¥M MamuuHHOro obydenums — RandomForest,
XGBoost, LightGBM, SVM, LogisticRegression u MLPClassifier — a
Tak>Ke MeTOAbl IAyOoKoro oOyueHus Ha ocHoBe apxmurekTypbl CNN.
Mogean ontuMusuposaanucs ¢ nomompio  GridSearchCV, a
BBIpa’KeHHBIII AucbalaHC AaHHBIX oOpabaTsiBaacs Metogamyu ADASYN
u class weight. OcHOBHBIe aKycTUYecKue ITpu3Haky, Takue kak MFCC,
Mel-criexTporpaMmsl 1 pitch, ObLAM UCITOAB30BAHEI 4451 POPMUPOBAHILL
IIPOCTPaHCTBa IMpU3HAKOB. [loAydyeHHBIe pe3yaAbTaThl IIOKa3alu, UTO
MO/eAM MaIlHHOTO OOyJeHNs MOTYT obecriednBaTh BHICOKYIO TOYHOCTh
B BBIABAEHNMM IIPM3HAKOB AU3APTPUM, a TMOpUAHBIE IIOAXOABI C
ncroapsosarrieM CNN mosbimaior o6myio s¢pdexrusHOCTS. JaHHOE
nccAes0BaHMe CO34a€T OCHOBY AAs pa3pabOTKM aBTOMAaTU3MPOBAHHBIX
ClUCTeM paHHell AMarHOCTUKM AM3apTPUU M CIIOCOOCTBYeT PasBUTUIO
TEeXHOAOTUYI, OPUEHTUPOBAHHBIX Ha IIPUMeEHEHNe B KAMHUYECKOI
IpaKTHUKe.

INTRODUCTION

Dysarthria is a speech disorder that occurs due to a violation of the neuromuscular

mechanisms involved in speech control. This disorder impairs the accuracy of articulation, voice



1-tom, 2-Hemip, maycuiM, 2026. @ EKTU JOURNAL OF
TOM 1’ Ng 2’ WIOHD 2026 - 7 - COMMUNICATION SCIENICES

Vol.1, Issue 2, June 2026.

volume, speech rhythm, and respiratory coordination. The pathology is often associated with
lesions of the central or peripheral nervous system, so brain injury, stroke, neurodegenerative
diseases, and developmental disorders in children are the main causes of dysarthria. A decrease
in the quality of speech limits a person's ability to communicate and negatively affects social
adaptation and emotional state.

Currently, the diagnosis of dysarthria is largely based on speech therapy assessment and
clinical observation. However, the subjectivity, inter-rater differences, and time-consuming
nature of such traditional methods indicate the need for automated approaches. In this regard, in
recent years, research on the detection of dysarthria using speech signal processing, acoustic
feature analysis, and machine learning technologies has gained significant momentum. Deep
learning, ensemble models, and automatic spectral parameter extraction methods allow us to
refine and accelerate the diagnostic process.

The study of dysarthria is important not only for clinical practice, but also for digital health,
telemedicine, and technologies that use human speech as an interface. Automated systems allow
us to detect speech disorders at an early stage, create individual rehabilitation programs, and
dynamically monitor the patient's condition. The relevance of this research is to identify effective
ways to detect dysarthria by developing highly accurate, reliable, and data-independent machine
learning models.

LITERATURE REVIEW

Dysartheria is a motor speech disorder caused by motor dysfunction of the speech muscles,
which disrupts elements of speech such as articulation, prosody, resonance, and breathing. It is a
common symptom of neurological diseases such as Parkinson's disease (PD), cerebrovascular
accident (CVA), cerebral palsy (CP), and multiple sclerosis (MS). Dysarthria impairs speech
ability, significantly impairs the patient's quality of life, and leads to social isolation and
psychological problems (NIDCD, n.d.).

According to statistical data, the prevalence of dysarthria varies depending on the
underlying disease. Approximately 90% of people with Parkinson's disease have dysarthria,
which significantly impairs their ability to speak (Jayaraman & Das, 2023).

In recent years, artificial intelligence (Al) and machine learning (ML) methods have been
actively studied for the early detection and assessment of dysarthria, as traditional clinical
methods are subjective and time-consuming (Prabhala et al., 2025).

Dysarthria is present in 40-51% of people with multiple sclerosis, and is associated with
disease progression (Smyrni et al., 2025).

Dysarthria is the primary speech disorder in 50-90% of people with cerebral palsy (Cerebral
Palsy Alliance, n.d.).

Approximately 5% of children have speech disorders by the first grade, including
dysarthria, stuttering, and speech sound disorders (NIDCD, n.d.).

Dysarthria after stroke occurs in about half of patients in the UK, increasing the need for
speech and language therapy (Lin et al., 2025).

The global prevalence of dysarthria is increasing due to the rise of neurodegenerative
diseases, especially among the elderly (Hassan et al., 2025).

Recent studies have significantly increased the use of deep learning (DL) and machine
learning (ML) models for dysarthria detection, such as CNN, LSTM, and XGBoost (Shih et al.,
2022). These methods have been tested on the UA-Speech and TORGO datasets, which cover
different degrees of dysarthria (Bhat & Strik, 2025).

The UA-Speech dataset consists of speech from 15 dysarthria and 13 healthy speakers,
while the TORGO dataset consists of data from 8 dysarthria and 7 healthy speakers (Varma et al.,
2025). The main achievements have focused on the automatic extraction of speech features, such
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as MFCC, Mel-spectrograms, and pitch. However, data imbalance, noise, and a small number of
speakers reduce the generalizability of the models (Wihlborg et al., 2025).

The aim of this study is to propose an effective method for dysarthria detection by
comparing RandomForest, XGBoost, LightGBM, SVM, LogisticRegression, and MLPClassifier
models on the UA-Speech and TORGO datasets. These models are tuned using GridSearchCV,
and the imbalance is corrected using ADASYN and class weights, and are also combined with
CNNs. As a result, a basis for clinical applications of early detection of dysarthria is formed,
which contributes to improving the quality of life of patients (Vogel et al., 2025).

In recent years, research on dysarthria detection and severity classification has increased
significantly, mainly due to the development of machine learning and deep learning methods.
Datasets such as UA-Speech and TORGO are widely used, and models include methods such as
CNN, LSTM, and XGBoost. Table 1 below compares recent studies, showing their methods,
datasets, and results. This table highlights the main trends in the research: the dominance of deep

learning models, accuracy ranging from 60-94%, and imbalance issues.

Table 1. Comparative description of models, datasets and their accuracy

results used in dysarthria detection

No Author(s) (Year) Method Dataset Main Result
1 Merler et al. (2025) Attention-based deep ALS dataset Accuracy 86.9%
learning
2 Shahamiri et al. DCNN with MFLS Custom dataset | Accuracy 93.97%
(2025)
3 Anuprabha et al. Multi-modal (speech + | UA-Speech Accuracy 81.8%
(2025) text)
4 | Linetal. (2025) Deep learning for Stroke dataset Accuracy 70%
stroke-associated
5 Javanmardi et al. Pretrained speech Heterogeneous | Accuracy 62.5%
(2024) embeddings datasets
6 | Vogel et al. (2025) Dysarthria Impact Scale | Custom dataset | Accuracy 79.44%
7 Stuart (2025) Deep learning for TORGO Accuracy 75.80%
severity
8 | Alharbi et al. (2025). | Automatic General Accuracy 86.9%
classification of speech
9 NIDCD (n.d.) Statistics General Accuracy 70-80%
10 | Cerebral Palsy Fact sheet CP dataset Accuracy 93.97%
Alliance (n.d.)
11 | Ysetal. (2025) Acoustic and textual ALS Accuracy 81.8%
features
12 | Javanmardi et al. Pre-trained models UA-Speech Accuracy 68.25%
(2024)
13 | Yang et al. (2025) Multi-head attention, TORGO Accuracy 62.5%
multi-task
14 | Gupta et al. (2022) DNN architectures UA-Speech Accuracy 93.49%
15 | Kim et al. (2021) AFM signal model Custom dataset | Accuracy 79.44%
16 | Bhat & Strik (2025) Two-stage data Dysarthric ASR | Accuracy 75.80%
augmentation
17 | Varma et al. (2024) Enhanced detection in | Biomedical Accuracy 93.97%
CP and ALS signals
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No Author(s) (Year) Method Dataset Main Result
18 | Sureshetal. (2024) | Enhancing dysarthria SN Applied Accuracy 70%
severity Sciences
19 | Joshy & Rajan Automated dysarthria IEEE Access Accuracy
(2021) severity 93.97%
20 | Aljarallah et al. Image classification- Speech Accuracy 81.8%
(2022) driven Communication
21 | Shabber & Sumesh | AFM signal model for PMC Accuracy
(2024). dysarthric speech 77.76%
22 | Joshy & Rajan Dysarthria severity Speech Accuracy
(2023) classification Communication 68.25%
23 | Al-Ali et al. (2023) Classification of arXiv Accuracy 86.9%
Dysarthria
24 | Joshy, A. A, & Speaker-independent IEEE Access Accuracy
Rajan, R. (2022). intelligibility 79.44%
25 | Stumpf et al. (2024) | Speaker-Independent arXiv Accuracy
Dysarthria 75.80%
Note — compiled by the author

This table shows the main contribution of the literature, mostly focused on deep learning
and using UA-Speech, TORGO datasets. The shortcomings of the studies are the small number
of data, noisy audio, and the low generalization ability of the models.

CNN ARCHITECTURE

In addition to classical machine learning models, a Convolutional Neural Network (CNN)
was implemented to automatically extract discriminative features from speech signals. The input
to the network consisted of MFCC feature maps with a dimension of 40x128x140 \times 128
\times 140x128x1. The proposed architecture included three convolutional layers with 32, 64, and
128 filters, respectively, each using a 3x33 \times 33x3 kernel and ReLU activation function. Each
convolutional layer was followed by a 2x22 \times 22x2 max-pooling layer to reduce spatial
dimensionality.

After the convolutional blocks, the feature maps were flattened and connected to a fully
connected dense layer with 128 neurons. A dropout layer with a rate of 0.5 was applied to reduce
overfitting. The final output layer used a sigmoid activation function for binary classification. The
model was trained using the Adam optimizer with binary cross-entropy loss.

MATERIALS AND METHODS

In this research work, the stages of data collection, pre-processing, feature extraction,
model training and evaluation of results were carried out sequentially. First, the widely used UA-
Speech and TORGO datasets were taken as a database. While the UA-Speech corpus contains
speech recordings of different levels of speakers with and without dysarthria, the TORGO dataset
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contains articulatory movement signals in addition to sound samples. The simultaneous use of
both databases increases the stability of the models and ensures the reliability of the overall
conclusion. The architecture used in the study is presented in Figure 1.

Acoustic Feature
Extraction

UA SPEECH
dataset

Joblib Parallel Normalization and

Processing Augmentation

Mel-spectrogram
Extraction

Random Forest
Metrics BT
Calculation
XGBoost Training
Cross-

Multiclass validation LightGBM
Es

) Training
- Model Tuing. - e
Statistical -

Analysis Cross-validation

SVM Traimng

Visualization
Output
Results

Result Storage

Figure 1. Architecture used in the study
Note — compiled by the author

All collected audio data underwent a series of preprocessing steps. At this stage, spectral
gating was used to reduce random noise from audio signals, and all recordings were
downsampled to 16 kHz. Amplitude values were normalized to the interval [-1,1], and poor-
quality or too short (less than 0.5 seconds) recordings were removed. The Joblib library, which is
based on parallel computing, was used to accelerate the processing of large amounts of data.

The main information characteristics of the study were extracted from the preprocessed
signals. During feature extraction, several parameters were calculated that reflect the sound
quality. These include the Melo-Frequency Cepstral Coefficients (MFCC), chroma features,
spectral centroid, and the Zero-Crossing Rate of the signal. The MFCC coefficients were
determined by the following formula:

Cp = Zlk(:llog(Sk) * COS [n (k - %) %], n=1,..,N 1)

Where S}, is the spectral coefficients calculated on the Mel scale, and K is the number of
frequencies. In addition, the spectral centroid describes the average frequency value and is
defined by the following expression:

_ I Xl

ZrlxX(NI @

Where X(f) — is the amplitude values of the spectrum, f — is the frequency. All obtained
features were normalized using the StandardScaler method and introduced into subsequent
models.

Ten different machine learning models were considered in the study. Among them, along
with traditional methods such as logistic regression, decision trees, SVM, KNN, ensemble
methods such as Random Forest, Gradient Boosting, AdaBoost, XGBoost, LightGBM were also
used. In addition, a neural network based on a multilayer perceptron (MLP Classifier) was
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introduced, which allowed modeling nonlinear dependencies. Hyperparameters for each model
were selected using the GridSearchCV method, and the dataset was stratified into 80% training
and 20% test parts.

The results of the models were evaluated according to several metrics. Accuracy was
calculated using the following formula:

TP+TN

Accuracy = ————— (3)
TP+TN+FP+FN
and precision and recall, respectively
.y P TP
Precision = , Recall = 4)
TP+FP TP+FN

The Fl-dimension was considered a harmonious balance between accuracy and
completeness:

F1l=72+x Precision*Recall (5)

Precision+Recall

These metrics allowed us to objectively assess the ability of models to work with
unbalanced data. In addition, the error matrix, ROC-AUC curves, and precision-recall diagrams
were created and the results were visualized.

At the final stage, the models that showed the highest results were combined based on the
Voting Classifier. Using the soft voting method, the probability values of each model were
combined and a final decision was made. This approach reduced the probability of error and
increased stability compared to individual models. As a result, the ensemble approach showed
higher F1-score and ROC-AUC indicators than individual models.

RESULTS

This study compared the performance of several machine learning models on the UA-
Speech and TORGO speech datasets and evaluated their effectiveness in automatically detecting
dysarthria. The main metrics used were accuracy, precision, recall, and Fl-score. The models
were evaluated after imbalance correction using ADASYN and hyperparameter optimization
using GridSearchCV (Table 2).

Table 2. Model performance (%) on UA-Speech and TORGO datasets

Dataset UA-Speech TORGO
Accuracy | Precision | Recall | F1 | Accuracy | Precision | Recall F1

Model (%) (%) (o) | (%) (%) (%) (%) (%)
RandomForest 92.40 96.73 78.11 | 86.43 89.25 88.67 90.00 | 89.33
XGBoost 94.85 95.85 87.17 | 91.30 93.75 93.53 94.00 | 93.77
LightGBM 94.74 96.61 86.04 | 91.02 93.50 93.07 94.00 | 93.53
SVM 92.63 92.08 83.40 | 87.52 92.50 91.26 94.00 | 92.61
Logistic

. 79.42 65.61 70.57 | 68.00 96.25 95.57 97.00 | 96.28
Regression
MLPClassifier 91.46 91.38 80.00 | 85.31 95.50 93.75 97.50 | 95.59
Note — compiled by the author

Based on the overall results, the boosting-based XGBoost and LightGBM models were
identified as the most stable and high-performing models for dysarthria detection. These models
proved to generalize well to complex acoustic features and effectively distinguish between
different speech patterns.
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The confusion matrix, expressed in percentages, of the Logistic Regression model used to
detect dysarthria on the TORGO dataset is presented. The matrix shows how well and how badly

the model classified into two classes - Control (healthy speech) and Dysarthric (dysarthric speech)
(Figure 2).

Confusion Matrix (Percentage) - LogisticRegression

Control

True Label

- 40

Dysarthric

-20

!
Control Dysarthric
Predicted Label

Figure 2. Confusion Matrix of the Logistic Regression Model — Percentages
Note — Compiled by the author

The matrix results show that the model performed very well:
95.50% of Control samples were correctly identified, while only 4.50% were misclassified

as dysarthric. In addition, 97.00% of Dysarthric samples were correctly identified, while 3.00%
were misclassified as Control.

These results show that the Logistic Regression model achieves very high recall and
precision when working with TORGO data. High values on the diagonal of the matrix indicate
that the model is reliable in recognizing dysarthric speech.

The confusion matrix of the XGBoost model used on the UA-Speech or TORGO dataset is
shown. The matrix shows the numerical values of how well and how badly the model classified
the two classes — 0 (Control) and 1 (Dysarthric) — (Figure 3).

XGBoost Confusion Matrix

- 500

200

0 1

Figure 3. Confusion Matrix of the XGBoost Model
Note — Compiled by the author
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The results of the matrix demonstrate the high performance of the XGBoost model:

- 580 samples belonging to the Control (0) class were correctly identified, and only 10
samples were misclassified as dysarthric.

- 231 samples belonging to the Dysarthric (1) class were correctly identified, and 34 samples
were misclassified as Control.

These results indicate that the overall accuracy of the XGBoost model is high, especially for
the Control class, and that it performs very consistently. The model also discriminates the
Dysarthric class well, but due to the inherent complexity of the data, some samples are
misclassified.

CONCLUSION

This article comprehensively analyzes the effectiveness of machine learning and deep
learning models aimed at automatic dysarthria detection. RandomForest, XGBoost, LightGBM,
SVM, Logistic Regression, MLPClassifier, and CNN models were compared on international
speech datasets such as UA-Speech and TORGO, and their performance was evaluated in terms
of accuracy, precision, recall, and F1-measure.

The experiments conducted showed that the boosting-based XGBoost and LightGBM
models achieved the highest results in dysarthria detection. These models were able to effectively
analyze complex acoustic features and distinguish pathological changes in speech signals with
high accuracy. The SVM and MLPClassifier models also showed stable and competitive results,
especially on the TORGO data. Logistic Regression, despite its simple structure, in some cases
(especially for the TORGO data) gave very high results, demonstrating the impact of the structure
and features of the data on the model performance.

The effectiveness of the ADASYN and class weight methods in solving the problem of
unbalanced data was proven. These approaches increased the sensitivity of the models and
improved the ability to detect dysarthria patterns. The resulting confusion matrices allowed for
a deeper understanding of the behavior of the models, indicating areas of error. Overall, the
results of the study demonstrated the high potential of machine learning methods in the
automatic detection of dysarthria. These technologies contribute to accelerating the clinical
diagnostic process, reducing subjectivity, and expanding the possibilities of early detection. The
results of the study can serve as an important scientific basis for the development of medical
decision support systems, telemedicine platforms, and automated speech therapy tools in the
future.
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