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Abstract
Explainable Artificial Intelligence is crucial for transparent clinical
decision-making. We propose a novel model that leverages multi-
ple acoustic features from the Diadochokinesis task to assess the
severity of dysarthria. The proposed model, integrating three dis-
tinct acoustic features, achieves 89.29% accuracy. SHapley Additive
exPlanations (SHAP) and Integrated Gradients (IG) are used for
feature attributions to identify key factors across severity classes.
To further understand the model’s decision process, we categorize
features by their contribution to severe-class predictions, captur-
ing each feature’s influence on the model’s tendency to predict
a severe outcome. The categorized features are validated against
speech-language pathologists’ assessments, resulting in explana-
tion accuracies of 74% and 79% for SHAP and IG, respectively. These
findings highlight the potential of attribution-based methods to
enhance interpretability and reliability in AI-driven diagnostics.
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1 Introduction
Most machine learning models are inherently complex and non-
linear, which makes it difficult to interpret their internal decision-
making mechanisms. This complexity has limited their use in crit-
ical sectors such as healthcare, finance, and legal systems, where
clear interpretability is essential for building trust and making in-
formed decisions [14, 20]. To address this challenge, explainable
artificial intelligence (XAI) has emerged as a key research area fo-
cused on enhancing model interpretability [1]. By identifying key
factors that influence predictions, XAI improves the reliability and
practical applicability of these models [1].

XAI methodologies are generally categorized into three cate-
gories: model-based, example-based, and attribution-based explana-
tions [14]. Model-based explanations simplify complex models into
more interpretable forms. While this simplification enhances under-
standing, it may also reduce predictive performance[14]. Example-
based explanations clarify predictions by presenting representative
data instances. However, their effectiveness largely depends on the
quality and distribution of the data[14]. Attribution-based meth-
ods, which assign importance scores to individual input features,
quantify each feature’s contribution to a model’s output. By provid-
ing detailed insights into the factors that drive predictions, these
methods improve interpretability while maintaining the model’s
performance. A central challenge in XAI research remains ensuring

that these explanations accurately reflect the underlying decision-
making processes and offer reliable insights to users.

In healthcare, where interpretability is critical, ensuring the
reliability of XAI is crucial for adoption in clinical settings. The re-
liability of model explanations is assessed by comparing them with
expert evaluations conducted by Speech-Language Pathologists
(SLPs) in clinical decision-making. This study focuses on applying
XAI techniques to dysarthria severity assessment and validating the
reliability of attribution-based explanations through comparison
with SLP evaluations.

Dysarthria is a motor speech disorder resulting from nervous
system damage, significantly affecting communication and daily
life [5]. Accurate severity assessment is essential for developing ef-
fective treatment strategies. Diadochokinesis (DDK), a widely used
method for assessing dysarthria, involves the rapid and repetitive
pronunciation of syllables such as /pa/, /ta/, /ka/, or /pataka/. It is
used to evaluate articulatory speed and coordination, providing
insights into phonation, prosody, and respiratory function [5, 6]. In
this study, 12 characteristics extracted from DDK were utilized to
develop a dysarthria severity assessment model.

Six key characteristics, strongly associated with articulatory
speed and regularity, were selected for analysis. These characteris-
tics were grouped into three categories based on attribution scores
calculated using Shapley Additive Explanations (SHAP) [13] and In-
tegrated Gradients (IG) [19]. Our study demonstrates the potential
of XAI to enhance both the interpretability and reliability of predic-
tive models for dysarthria severity assessment, validated through
evaluations from SLPs.

2 Methods
Figure 1 illustrates an example of proposed method for evaluating
attribution-based explanations in dysarthria severity assessment
by comparing them with SLP evaluations. The dysarthria severity
assessment model uses mel-spectrograms and speech signals com-
bined with DDK characteristics as input. Feature attributions for
individual DDK characteristics are computed using SHAP and IG
based on the model’s predictions and are subsequently categorized
into ’Superior’, ’Adequate’, and ’Needs improvement’ groups. These
categorizations are validated through comparisons with expert eval-
uations to ensure the accuracy and reliability of attribution-based
explanations.

2.1 Dysarthria severity assessment model based
on multi-acoustic feature fusion
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Figure 1: Overall structure of validating the reliability of attribution-based explanations in dysarthria severity assessment
through comparisons with expert evaluations. (a) Dysarthria Severity Assessment Model that extracts and fuses multiple
acoustic features to predict dysarthria severity. (b) An example illustrating how attribution-based explanations, categorized
into Superior, Adequate, or Needs improvement, are evaluated for accuracy against expert assessments of six key dysarthria
characteristics.

Table 1: Characteristics evaluated from DDK.

Subsystem Characteristic Definition

Phonation

F0 variability [semitones] Variance of the fundamental frequency in semitones
F0 variability [Hz] Variance of the fundamental frequency in Hz
Avg Energy [dB] Average of energy
Energy variability [dB] Standard deviation of energy
Max energy [dB] Maximum value of energy

Prosody
DDK rate [1/s] Number of syllables per second
DDK average duration [ms] Average duration of the syllables
DDK regularity Standard deviation of the syllables duration

Respiration
Pause rate [1/s] Number of pauses per second
Pause average duration [ms] Average duration of the pauses
Pause regularity Standard deviation of the pauses duration

Intelligibility Intelligibility How well a listener can understand the content the speaker intends to deliver

2.1.1 Subsystem characteristics and definitions. Figure 1-(a) illus-
trates the architecture of the proposed dysarthria severity assess-
ment model, which integrates multiple acoustic features using a
joint representation learning approach [10]. Building on models
used in emotion recognition [9, 21], our model combines DDK-
derived characteristics, mel-spectrograms, and raw audio signals,
capturing articulatory and time-frequency patterns for a compre-
hensive assessment of the severity of dysarthria.

Two types of DDK tasks, Alternating Motion Rate (AMR) and Se-
quential Motion Rate (SMR), are used to extract key characteristics
relevant to dysarthria evaluation [5, 6]. In AMR, the same syllable
(e.g., /pa/, /ta/, or /ka/) is rapidly and repetitively pronounced to as-
sess articulatory speed, consistency, and respiratory and phonatory
capabilities [5, 6]. In contrast, SMR evaluates the ability to transi-
tion quickly between distinct articulatory positions by repeating a
sequence of syllables, such as /pataka/ [5, 6]. These tasks provide in-
sights into the coordination, speed, and consistency of articulatory

movements, which are essential for accurately assessing dysarthria
severity [5, 6].

Table 1 summarizes the 12 characteristics and their definitions.
The characteristics are categorized into four subsystems: phonation,
prosody, respiration, and intelligibility. These characteristics were
derived from two primary sources. First, the Mayo Clinic rating
system [5]—a widely recognized framework for dysarthria evalua-
tion—provided a basis for feature extraction. Second, NeuroSpeech
[16], a software tool for automated DDK analysis, was also used to
derive these characteristics. The overall structure for characteristic
extraction is depicted in Figure 2.

2.1.2 Extraction model architecture. Phonation subsystem charac-
teristics were extracted using Praat software [3], while prosody
and respiration characteristics were analyzed with an LSTM-based
syllable segmentation model. Intelligibility was assessed using a
ResNeXt-based model [15]. The LSTM-based model quantified the
rate, duration, and regularity of pronunciation and respiration by
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Figure 2: Overall structure for characteristic extraction in au-
tomated dysarthria severity assessment. The extracted char-
acteristics are used as one of the inputs to the dysarthria
severity assessmentmodel. Parenthetical numbers (e.g., “(5)”)
indicate the number of characteristics in each subsystem.

segmenting audio into speech and non-speech frames. The model
consists of 16 LSTM layers and a fully connected (FC) layer. Raw
audio signals were converted into spectrograms and fed into the
model, which classified each frame as speech or non-speech. Frame-
level predictions were aggregated into segment-level results by
grouping consecutive frames with identical classifications. Speech
segments shorter than 0.07 seconds were classified as silence, and
silence segments longer than 0.14 seconds were used to calculate
the pause rate. These threshold values (0.07 and 0.14 seconds) were
determined based on the best performance observed on the training
set. The silence threshold of 0.14 seconds was determined based
on previous AMR task research, which found that healthy adults
produce syllables at an average rate of approximately 0.143 seconds
per syllable [18]. For both prosody and respiration subsystems,
three key characteristics were computed: the number of speech
and silence segments, as well as the average and standard devia-
tion of segment durations. The 12 characteristics measured from
the DDK task, along with gender information, were normalized
using min-max scaling to mitigate scale discrepancies. The normal-
ized features were subsequently processed through a FC layer to
generate embedding vectors.

Features are extracted from the mel-spectrogram using a ResNet
[8] model, capturing averaged characteristics across the frequency
and time axes. These features are utilized as embedding vectors.
The Wav2Vec 2.0 [2] model processes raw audio signals to generate
frame-level representation vectors, which are subsequently used
as embedding vectors for raw audio. Previous studies have demon-
strated that combining mel-spectrogram and raw audio features
enhances the ability to capture both temporal and frequency infor-
mation. In this study, representation vectors derived from raw audio
are fused with feature vectors extracted from the mel-spectrogram
through an attention-based mechanism. The fused representations
are utilized as input features for the dysarthria severity assessment
model.

Three embedding vectors are concatenated into a single vector:
a DDK feature vector, a mel-spectrogram vector, and a fused vector
that combines the mel-spectrogram and raw audio representations.

This concatenated vector is forwarded to the final layer, which
predicts the probabilities of dysarthria severity. A weighted cate-
gorical cross-entropy loss function [4] is employed during training
to mitigate data imbalance.

2.2 Evaluation of the accuracy of
attribution-based explanations

Figure 1-(b) illustrates an example of evaluating the accuracy of
attribution-based explanations. The dysarthria severity assessment
model utilizes multi-acoustic features as input, which creates chal-
lenges for the direct application of XAI algorithms. To address
this, a separate model was developed by decoupling the embedding
extraction process from the original trained model and isolating
the fusion of mel-spectrogram and raw audio embedding vectors
prior to their input into the final layer. The embedding vectors for
the mel-spectrogram and raw audio were extracted independently
from the original model and integrated as inputs into the separated
model.

XAI algorithms were applied to the separated model to compute
the contributions of 12 characteristics extracted from the DDK
task, gender information, and the embedding vectors of the mel-
spectrogram and raw audio in assessing dysarthria severity. This
study employed SHAP and IG, two widely used algorithms for
generating attribution-based explanations.

The dysarthria severity assessment model predicts probabilities
for three severity classes: normal, mild-to-moderate, and severe.
Regardless of the patient’s severity level, the feature attributions
contributing to the severe class were utilized to categorize features
into Superior, Adequate, and Needs improvement categories, en-
hancing the explainability of severity predictions.

Feature importance scores were calculated by scaling the attribu-
tions of each feature contributing to the severe class to a range of
0 to 100. These scores were derived from the average attributions
for speech samples with normal severity and severe severity. The
DDK task, which comprises three AMR tasks (/pa/, /ta/, /ka/) and
one SMR task (/pataka/), was used to calculate feature scores sepa-
rately for each task. The scores were then averaged to obtain the
final score. Features with scores of 70 or above were classified as
optimal, those with scores of 30 or below as impaired, and the rest
as acceptable.

The accuracy of the explanations was validated by comparing the
feature classifications generated by XAI with SLP evaluations. For
the test dataset, three SLPs assessed six key characteristics of the
DDK task—‘DDK rate’, ‘DDK average duration’, ‘DDK regularity’,
‘Pause rate’, ‘Pause average duration’ and ‘Pause regularity’—and
categorized them. The agreement between the XAI-based classi-
fications and SLP evaluations was used to assess accuracy. This
validation highlights the reliability and practical applicability of
XAI-based explanations in dysarthria severity assessment.

3 Experiments
3.1 Dataset
The dataset was collected from 59 healthy controls (HCs; mean
age: 22 years) and 314 stroke patients with dysarthria (mean age:
56 years), all of whom were Korean. Each participant completed
four tasks—three AMR tasks (repeating the syllables /pa/, /ta/, and
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/ka/) and one SMR task (repeating the syllable sequence /pataka/).
Recordings were captured using a smartphone at a native sampling
frequency of 44.1 kHz and subsequently downsampled to 16 kHz.

The severity of dysarthria in patients ranged from either Mild-
to-Moderate to Severe. There are 285 patients with a severity of
Mild-to-Moderate and 29 patients with a severity of Severe. Speech
intelligibility was rated on a scale from 1 to 5. Speech intelligibility
were assessed by SLPs and the HC group was not assessed. The
ratings were as follows: 1 for 8 patients, 2 for 14 patients, 3 for
23 patients, 4 for 134 patients, and 5 for 137 patients. Due to the
inclusion of personal information of patients, the collected dataset
will remain confidential.

3.2 Dysarthria severity assessment model based
on multi-acoustic feature fusion

This subsection introduces a model that predicts dysarthria severity
by fusing multiple acoustic features

3.2.1 Details. For the syllable segmentation model, speech data
from dysarthric patients performing AMR tasks were partitioned
into training, validation, and testing sets in an 8:1:1 ratio, stratified
by severity levels. The model was trained using the AdamW [12]
optimizer with a learning rate of 0.0003 for parameter optimization.
To enhance the model’s robustness to noise, random noise was
injected into the training data with signal-to-noise ratios of 15, 20,
and 25.

For the speech intelligibility prediction model, the dataset was
similarly partitioned into training, validation, and testing sets in
an 8:1:1 ratio, stratified by speech intelligibility levels. This model
was trained using the AdamW optimizer with a learning rate of
0.001. To improve generalization, data augmentation techniques,
including SpecAugment [17] and speed perturbation, were applied.

For the dysarthria severity assessment model, the dataset was
divided into training, validation, and testing sets following an 8:1:1
ratio, stratified by severity levels. The model was trained using the
AdamW optimizer with a learning rate of 0.00003. To evaluate the
performance of the proposed multi-acoustic feature fusion model,
its results were benchmarked against those of severity assessment
models based on LightGBM [11] and ResNet, using the same dataset.

3.2.2 Results. The syllable segmentation model achieved an AUC
of 0.99. The correlation between the model’s predictions and the
actual number of syllables was 0.94 for patients withmild dysarthria,
0.98 for patients with severe dysarthria, and 0.95 for all patients,
indicating a strong correlation across severity levels. The speech
intelligibility prediction model achieved a micro accuracy of 72.41%
and a macro accuracy of 81.88%.

Table 2: Performance comparison of the proposed multi-
acoustic feature fusion model against LightGBM-based and
ResNet-based dysarthria severity assessment models.

Model Micro Accuracy Macro Accuracy

LightGBM-based 78.12% 82.31%
ResNet-based 83.04% 71.39%
Proposed 88.84% 90.19%

Table 2 summarizes the accuracy of dysarthria severity assess-
ment models on the test set. The LightGBM-based model demon-
strated a high macro accuracy, which reflects balanced performance
across classes. However, its micro accuracy, representing the accu-
racy for individual severity levels, was relatively lower at 78.12%.
On the other hand, the ResNet-based model achieved higher micro
accuracy compared to macro accuracy, indicating strong overall
performance. However, its accuracy tended to decline for the most
severe dysarthria class. In contrast, the proposed multi-acoustic
feature fusion model outperformed the other models, achieving
the highest scores with a micro accuracy of 88.84% and a macro
accuracy of 90.19%.

3.3 Evaluation of the accuracy of
attribution-based explanations

3.3.1 Details. Three SLPs evaluated speech recordings from the
test set, where participants performed four DDK tasks (/pa/, /ta/,
/ka/, /pataka/). They assessed six key DDK characteristics, grouped
into three categories. Inter-annotator reliability was measured us-
ing Fleiss’ kappa[7] and accuracy, yielding an average kappa of
0.495 and a mean agreement rate of 0.51 when all three SLPs pro-
vided identical evaluations. These findings suggest inconsistencies
in evaluation criteria or variations in task interpretation among
SLPs. Consequently, we evaluate the accuracy of attribution-based
explanations only for cases where all three SLPs agreed in their
evaluations.

3.3.2 Results. The table 3 summarizes the accuracy of attribution-
based explanations compared to SLP evaluations in cases where
all three SLPs provided consistent assessments. Attribution-based
explanations were generated using SHAP and IG to compute fea-
ture attributions, which were subsequently used to classify six key
characteristics into Superior, Adequate, and Needs improvement
categories. To evaluate the reliability of the attribution-based ex-
planations, their classification accuracy was compared against the
accuracy obtained using only raw feature values. The SHAP-based
explanations achieved an average accuracy of 0.74, while the IG-
based explanations demonstrated a higher average accuracy of
0.79. Notably, both SHAP- and IG-based explanations outperformed
the classification accuracy derived from raw feature values, with
improvements of 0.06 and 0.11, respectively.

Table 3: Accuracy comparison between attribution-based ex-
planations and SLP evaluations for six key characteristics.
The attribution-based explanations were generated using
three methods: characteristic values and feature attributions
computed with XAI algorithms (SHAP, IG).

Key features characteristic values SHAP IG

DDK rate 0.81 0.84 0.84
DDK average duration 0.68 0.86 0.76
DDK regularity 0.52 0.6 0.57
Pause rate 0.77 0.88 0.91
Pause average duration 0.56 0.46 0.84
Pause regulartiy 0.76 0.8 0.83

Average 0.68 0.74 0.79
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4 Conclusion
This study presented a novel dysarthria severity assessment model
that integrates multiple acoustic features from DDK tasks, achiev-
ing a micro accuracy of 88.84% and a macro accuracy of 90.19%.
Leveraging attribution-based XAI methods, we categorized six key
characteristics into Superior, Adequate, or Needs Improvement by
computing their attributions toward the severe class. Compared
with SLP evaluations, the SHAP-based explanations achieved an
average accuracy of 0.74, while the IG-based explanations achieved
0.79, both exceeding the 0.68 accuracy derived from raw charac-
teristic values alone. These findings highlight the clinical utility
of attribution-based explanations in dysarthria assessment. Future
research will extend this framework to other dysarthria tasks, such
as reading tasks, and explore additional XAI paradigms, including
model-based and example-based approaches, to further enhance
the generalizability and interpretability of AI-driven clinical assess-
ments.
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