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Abstract
We present an automated system for assessing dysarthria severity
to reduce reliance on time- and resource-intensive clinical ratings.
From Maximum Phonation Time (MPT) and paragraph-reading
speech, the model uses Mel spectrograms, raw waveforms, and
acoustic features as input. Task-specific representations are fused
via an attention module, and a final ensemble predicts three sever-
ity levels. On a self-collected Korean dataset, the ensemble reaches
72.44%macro-accuracy, outperformingMPT-only (46.49%) and para-
graph-only (67.64%) baselines. These results show that fusing het-
erogeneous speech tasks provides complementary information for
dysarthria severity classification.

CCS Concepts
• Social and professional topics → People with disabilities; •
Applied computing→ Health care information systems.
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1 Introduction
Dysarthria is a motor speech disorder caused by abnormalities in
the brain and peripheral nerves due to conditions such as neurode-
generative diseases like Parkinson’s disease or stroke. It results
in paralysis, weakness, or incoordination of speech muscles dur-
ing various production processes, including respiration, phonation,
resonance, articulation, and prosody [2, 4]. Currently, dysarthria
diagnosis involves neurologists and speech-language pathologists
assessing severity levels by evaluating the patient’s pronunciation
during tasks such as Maximum Phonation Time (MPT) [1], diado-
chokinetic (DDK) [2, 4], word reading, and paragraph reading [10].

However, this diagnostic method relies on the individual ex-
perience and subjectivity of the evaluator and has limitations in
requiring significant time and labor for diagnosis. Therefore, there
is a need for an automated assessment system for the severity of
dysarthria to provide unbiased diagnostic results to patients more
quickly and to enable continuous monitoring of the patient’s con-
dition and effective treatment.

Recently, numerous studies have utilized deep learning for clas-
sifying dysarthria severity. Previous research has focused on en-
hancing classification performance by utilizing entire datasets or
comparing model performance by dividing data according to spe-
cific criteria [9, 21]. However, research on the potential synergistic
effects when combining different speech tasks has been relatively
scarce.
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This paper proposes an automated severity assessment system
that jointly utilizes MPT and paragraph-reading speech data from
both healthy individuals and patients with dysarthria. Specifically,
we aim to measure the performance of models processing each
speech task individually and validate synergistic effects through
an ensemble model that fuses features extracted from both tasks.

2 Method
2.1 Dataset
This study utilized a self-collected Korean dysarthria dataset. Speech
data was recorded in a quiet environment (below 50 dB) using either
a smartphone recording app or a dedicated application (repeech)[5],
with the microphone placed about 30cm from the mouth. A total
of 315 participants performed both MPT and paragraph-reading
tasks. Each speaker was labeled as Healthy, Mild-to-Moderate, and
Severe by a neurosurgeon based on National Institute of Health
Stroke Scale (NIHSS) [13].

The MPT data for the vowels /a/, /i/ and /u/ were collected by in-
structing the patient to sustain each vowel as much as possible[19].

Paragraph reading data were collected by recording the patients
as they read the passage ’Gaeul’(Autumn), a standardized Korean
paragraph reading[8]. This 369-syllable passage is commonly used
for diagnosing communication disorders and dysarthria as it in-
cludes all Korean consonants and vowels based on their frequency
of occurrence.While the paragraph-reading speech data for training
was divided into six segments, the test set uses raw, unsegmented
data. The final dataset used for analysis comprised 2,553 audio files,
totaling 8 hours and 51 minutes in length.

The entire dataset was split by speaker at an 8:1:1 ratio (train:
validation: test). Since the number of patients in the severe class
is small, splitting at same ratio would result in insufficient data in
the validation and test sets makes it difficult to guarantee statistical
reliability for the model’s classification performance. Therefore, we
aimed to maintain the 80:10:10 ratio for the total dataset volume
while ensuring speakers belonging to each class were evenly dis-
tributed across the sets to secure statistical reliability. Table 1 shows
the final number of speakers and data points in each split set.

Audio data were recorded at 44.1kHz sampling rate, and down-
sampled to 16kHz for model input.

2.2 Feature extraction
Guided by the Mayo Clinic classification system[3] for dysarthria,
we extracted a set of acoustic features covering phonation, articula-
tion, and prosody. For the MPT audio files, 19 acoustic features were
extracted using Praat software [15]. Gender and age information
was added to account for potential variation in feature distribution,
resulting in a total of 21 features used.
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Table 1: Training Set Division

Sets Speakers # of samples hours Severity Gender Age
Healthy Mild-Mod Severe Male Female 20s 30s 40s 50s 60s 70s 80s

Train 216 1928 5h 59m 136 57 23 110 106 39 5 7 50 63 50 2
Valid 46 413 1h 21m 20 18 8 22 24 4 4 6 10 10 10 2
Test 53 212 1h 30m 22 20 11 27 26 7 6 6 10 10 10 4
Total 315 2553 8h 51m 178 95 42 159 156 50 15 19 70 83 70 8

For paragraph-reading audio files, in addition to the 21 acoustic
features and gender/age information, Character Error Rate (CER)
value extracted using theWhisper large-v2 [16] model was included
to measure pronunciation clarity, resulting in a total of 24 features.
Table 2 summarizes the acoustic features extracted from MPT and
paragraph reading task.

2.3 Model architecture
The severity classification system proposed in this study consists of
a multi-input model for feature extraction and an ensemble model
that fuses the extracted features to perform the final classification.

Figure 1: Architecture of Multi-Input feature extractor.

2.3.1 Multi-input feature extractor. Figure 1 shows the architecture
of Multi-Input feature extractor model. The Multi-Input model is a
multi-modal deep learning architecture that takes three types of
information from the audio signal as input: Mel spectrogram, raw
waveform, and acoustic features. Each input is processed through
separate sub-networks based on ResNet[6], HuBERT[7], and Multi-
Layer Perceptrons (MLP), and the extracted features are hierarchi-
cally combined.

In this study, this multi-input model is utilized not as a final
classifier but as a feature extractor that represents the information
of each speech task as a compressed vector. To achieve this, the 128-
dimensional vector immediately preceding the final classification
is used as the feature vector for that input.

2.3.2 Attention-based ensemble classifier. Figure 2 shows the ar-
chitecture of Attention-based ensemble classifier. The multi-input
model generates a 128-dimensional feature vector from each au-
dio file. Tasks composed of multiple audio sources, such as MPT,
are combined into a single representative vector via an attention
mechanism. For the paragraph reading task, vectors extracted from
each segmented sentence are also reconstructed into a single repre-
sentative vector via attention. Finally, a 128-dimensional vectors

Figure 2: Architecture of Ensemble classification model.

representing the MPT task and the paragraph reading task are con-
catenated to generate a 256-dimensional fusion vector. This vector
is input into an Ensemble classifier with an MLP structure, which
outputs the final logit values for the three severity classes. Actual
training occurs in the attention layer and the Ensemble classifier.

2.3.3 Co-Attention applied ensemble classifier. The ensemble clas-
sifier model uses simple concatenation for fusion. This static ap-
proach combines the 128-dim MPT vector and the 128-dim Para-
graph Reading vector but has limitations in modeling their complex
inter-modal dependencies. To address this, we replace concatena-
tion with a co-attention mechanism [20].

Calculate an affinity matrix, allowing the representation of one
task to be weighted by the information from the other. This process
generates a final, context-aware fused vector which is then input
into the MLP classifier. We hypothesize that this adaptive fusion
improves performance by prioritizing relevant information across
tasks, which we validate in the Results section.

3 Experiment
3.1 Basic Setting
The training process for the multi-input feature extraction model
is as follows.

The MPT model utilized 21 acoustic features, and the speaker’s
recorded audio was segmented into clips up to 25 seconds for input
to the HuBERT model (average total phonation time: 12.44 seconds;
zero-padded when under 25 seconds). Training was conducted for
200 epochs with a learning rate of 1e-3. The optimizer used was
Adam[12], and the loss function was Cross-Entropy loss[14].

For the paragraph reading model, recordings from single speaker
were segmented by sentence. Each sentence was then cut into
segments of up to 15 seconds in length for model input (zero-padded
if shorter than 15 seconds). Training was conducted for 200 epochs
with a learning rate of 1e-4 and a batch size of 16.
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Table 2: Speech acoustic features extracted for MPT and paragraph reading task

Tasks Speech subsystem Feature Explanation for Each Feature

Paragraph Reading

Articulation Avg CER Average Character Error Rate (CER) calculated across sen-
tences in a paragraph

Prosody

Speaking rate Rate of spoken syllables per second, including pauses
Articulation rate Rate of spoken syllables per second, excluding pauses
Avg syllable duration Average duration of syllables in the speech signal
Phononation ratio Ratio of speaking time to total time
Pause frequency ratio Ratio of the number of pauses to the total speech duration
Pause duration ratio Ratio of the number of pauses to the total speech duration

MPT Phonation Tilt Spectral slope of the speech signal
Breath control Duration Total duration of actual voice vocalization

Both Included

Phonation

Pitch(mean, std, min, max) Fundamental frequency(F0) and its standard deviation,
minimum, and maximum value

Intensity (mean, std, max) Speech signal’s intensity and its standard deviation and
maximum value

Jitter (mean, DDP, PPQ) Measures of pitch variation; DDP (Difference of Differ-
ences of Periods) and PPQ (Pitch Period Perturbation Quo-
tient)

Shimmer (mean, APQ) Measures of amplitude variation; APQ (Amplitude Pertur-
bation Quotient)

Harmonics-to-Noise Ratio Ratio of harmonic sound to noise in the voice

Articulation F1 Frequency of the first formant
F2 Frequency of the second formant

Speaker metadata Age Age of speaker
Gender Gender of speaker

The ensemble model was trained using the feature vectors ex-
tracted for each speaker as input. The train/valid/test sets were
applied identically here as well. Training was conducted for 200
epochs with a learning rate of 5e-6 and a batch size of 1.

3.2 LIME Analysis
To understand which input representations (raw audio, Mel spectro-
grams, or acoustic features) most influence our composite ensemble
model’s predictions, we employ the LIME framework [17]. We
selected LIME because its model-agnostic nature is essential for
reliably analyzing a complex, multi-input "black-box" model like
ours.

4 Results
4.1 Classification Result
The classification performances of each model are summarized in
Table 3. The standalone model using only MPT data showed poor
performance with a macro-accuracy of 46.49%. A standalone model
using only paragraph reading data achieved a macro accuracy of
67. 64%, demonstrating a higher classification accuracy than the
MPT model, although this performance level has limitations for
real-world applications.

In contrast, the proposed ensemble model in this study, which
fuses feature vectors from both tasks for classification, achieved

Table 3: Classification Performance of Each Model

Tasks Macro Acc. Micro Acc.
MPT Only 46.49% 56.8%
paragraph Reading Only 67.64% 69.08%
Ensemble-Concatenation 70.96% 75.47%
Ensemble-Co-Attention 72.44% 75.47%

a macro accuracy of 70.96%, showing a significant performance
improvement compared to each standalone model. Moreover, Co-
Attention applied ensemble model achieved highest macro accuracy
of 72.44%. This Result shows that the co-attention method has better
information representation than concatenation, which confirms
our hypothesis. The class-specific classification performance of the
proposed ensemble model is shown in Table 4 and the confusion
matrix, Figure 3.

When measuring the Precision and F1-score for the best model,
the ’Severe’ class achieved the highest precision and ’Healthy’ class
achieved the highest F1-score. The class with theworst classification
performance is Mild-to-Moderate, and when compared with the
confusion matrix at the same time, An analysis of the confusion
matrix indicates it is difficult to classify with the Healthy class.
This trend is not only between the Healthy and Mild-to-Moderate
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(a) Confusion matrix of MPT-
only classification

(b) Confusion matrix of
Paragraph-reading-only classi-
fication

(c) Confusion matrix of Ensem-
ble classifier with concatena-
tion

(d) Confusion matrix of Ensem-
ble classifier with Co-attention

Figure 3: Comparison between MPT only, paragraph-reading
only, MPT&Paragraph-reading Ensemble.

Table 4: Detailed Ensemble Classifier Result

Precision F1-score
Healthy 76.47% 0.83
Mild to Moderate 63.64% 0.53
Severe 87.5% 0.82
Macro Accuracy 72.44% 0.73
Micro Accuracy 75.47% 0.74

class, but also between the Mild-to-Moderate and Severe class. This
suggests that the acoustic boundaries between neighboring classes
may not be sufficiently distinct.

4.2 LIME Analysis Result
As illustrated in 4a, the LIME analysis of multi-input model reveals
a highly uniform distribution of average contributions from the
three input modalities: Acoustic (33.27%), Waveform (33.34%), and
Mel-Spec (33.39%). The ternary plot in 4b confirms that this trend
is not merely an artifact of averaging, as all individual samples are
densely clustered near the center of the plot, irrespective of their
true severity labels.

A similar trend is observed in the LIME analysis of the Ensemble
Classifier model. As shown in 4c, the inputs that influence the final
classification result are MPT at 50.16% and paragraph reading at
49.84%, indicating a negligible difference. 4d further visualizes this
distribution, revealing that the two distributions are highly similar.

This indicates that the model is not biased toward any single
modality, but instead leverages all information sources in a balanced
manner to make its classifications. This finding provides strong

(a) Bar plot of Multi Input
model LIME Analysis Result

(b) Ternary plot of Multi Input
model LIME Analysis Result

(c) Bar plot of Ensemble model
LIME Analysis Result

(d) Distribution plot of Ensem-
blemodel LIMEAnalysis Result

Figure 4: Result of LIME Analysis

validation for the multi-modal approach proposed in this study. Had
the model learned a "shortcut" (i.e., relying on Acoustic features
mostly), the contributions would have been significantly distorted.

Instead, the results demonstrate that the multi-input-basedmech-
anism effectively integrates all three sources of information and
utilizes them equitably in making the final decision. In essence,
this shows that the model is operating in a truly hybrid fashion, as
intended by its design.

5 Conclusion
This study demonstrated that fusing features from different speech
tasks, namely MPT and paragraph reading, significantly improves
the accuracy of automated dysarthria severity classification com-
pared to using either task alone.

However, analysis of the proposed model’s confusion matrix
revealed challenges in distinguishing between adjacent severity
classes. Specifically, a notable number of Mild-to-Moderate cases
were misclassified as Healthy, and some Severe cases were misclas-
sified as Mild toModerate. This indicates that the acoustic boundary
between two severity classes is ambiguous, implying the poten-
tial need for alternative approaches or additional data to clearly
distinguish them.

Based on this study, we propose the following follow-up re-
search. First, it is necessary to evaluate the performance of an
extended model utilizing all four tasks: MPT, paragraph reading,
word reading, and DDK data. Second, cross-validating the general-
ization performance of the proposed model using public datasets
like TORGO[18] and UAspeech[11] is necessary. Finally, research
is required to enhance the feature expressiveness of the MPT task,
which showed relatively low performance, thereby improving the
overall model’s performance.
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