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Abstract

Stuttering is characterized by disfluencies such as repetitions, prolongations, and blocks, and accurate classification of these
types is important for clinical assessment. This study compared deep neural network (DNN) models using single and com-
bined acoustic features for automatic classification of fluent and stuttered speech. A single-feature model based on Mel-fre-
quency cepstral coefficients (MFCCs) was compared with a combined-feature model using MFCCs, Mel-spectrogram, and
Chroma features. Speech data from nine Korean adults who stutter were segmented and labeled as fluent, repetition, or
block. Both models achieved an overall accuracy of 95.68%. The fluent class showed high performance in both models,
with a precision of 0.99, recall of 1.00, and F1-score of 1.00. For repetition, the combined-feature model increased recall
from 0.50 to 1.00 and F1-score from 0.50 to 0.67. For block, precision increased from 0.67 to 1.00, whereas recall de-
creased from 0.60 to 0.30, resulting in an F1-score decrease from 0.63 to 0.46. The macro-average F1-score was 0.71 for
both models. These findings suggest that combining acoustic features may affect classification performance differently
across disfluency types. The study highlights the importance of acoustic feature design and data balance and supports fur-
ther validation using larger datasets and diverse model architectures.
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Hodel: "sequential 13"

Laver (type) Output Shape Paran #
module_wrapper_89 (ModuleWra (None, 256) 61696
module_wrapper 90 (ModuleWra (None, 286) 0
module_wrapper_91 (ModuleWra (None, 128) 32896
module_wrapper _92 (ModuleWira (None, 128) 0
module_wrapper_93 (ModuleWra (None, B4) BZ56
module_wrapper_94 (Module¥ra (Mone, 64) 0
module_wrapper 95 (Modulelira (None, 3) 198
Total parans: 103,043

Trainable params: 103,043

Mon-trainable params: O

29 2. 9 543} oh 54 wlolelol 487 5
network) =@
Figure 2. The same deep neural network (DNN) model used for both
single-feature (MFCC) and combined-feature (MFCC-Mel
spectrogram-Chroma) data
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Figure 3. Validation loss and accuracy trends of the single-feature (MFCC).
Loss=0.0995, accuracy=0.9568.
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Figure 4. Confusion matrix of the single feature (MFCC) deep neural network
(DNN) model
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Table 2. Results of single feature (MFCC) vs combined feature (MFCC-Mel
spectrogram-Chroma) DNN classification performance

Model Types of fluent and Precision | Recall | Fl-score | Accuracy
stuttered speech
Fluent (0) 0.99 1.00 1.00
MECC Repetition (1) 0.50 0.50 0.50
Block (2) 0.67 0.60 0.63 0.96
DNN Macro Avg 072 | 070 | 071
Weighted Avg 0.95 0.96 0.96
Fluent (0) 0.99 1.00 1.00
Combined Repetition (1) 0.50 1.00 0.67
Block (2) 1.00 0.30 0.46 0.96
DNN Macro Avg 083 | 077 | 071
Weighted Avg 0.98 0.96 0.95

MEFCC, Mel-frequency cepstral coefficient; DNN, deep neural network.
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