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ABSTRACT
Speech disorders like stuttering interfere with normal speech pat-
terns. Repeating sounds, syllables, or words; prolonging sounds for
an excessive amount of time; becoming trapped in silent blocks
where no sound is produced despite the speaker’s best efforts to
speak; or employing interjections. The speech muscles don’t work
properly, even though the speaker usually knows exactly what
they want to say. Stuttering, which affects almost 80 million peo-
ple globally, can make everyday communication feel challenging
and frustrating. If left untreated, it frequently causes problems
with social connections and self-confidence. A hybrid deep learn-
ing system for automatically identifying stuttering disfluencies in
speech recordings is presented in this work. The method combines
bidirectional long short-term memory (BiLSTM) layers, an atten-
tion mechanism (AM), and convolutional neural networks (CNN)
for local acoustic feature extraction. Thirteen Mel-frequency cep-
stral coefficients (MFCCs) and their first-order delta and second-
order delta-delta derivatives are among the many acoustic features
used in the model. Evaluations on benchmark datasets, such as
SEP-28K and FluencyBank, reveal F1 scores of 97.3% to 98.9%
for important disfluency types and accuracy between 97.0% and
98.2%,these results are comparable to human expert agreement.
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1. INTRODUCTION
Stuttering is a neurological condition caused by anomalies in brain
function that disrupt speech fluency. This condition can have signif-
icant psychosocial impacts, including negative self-image, adverse
perceptions from others, anxiety, and, in some cases, depression. It
affects 5% to 10% of preschool-aged children. Early diagnosis is
vital, enabling timely intervention while the brain’s compensatory
mechanisms are still developing. Early therapy can reduce the like-
lihood of associated challenges such as social anxiety, impaired so-
cial skills, maladaptive coping strategies, and negative attitudes to-
ward communication. Nevertheless, stuttering can persist despite
early intervention, affecting approximately 1% of adults. In addi-
tion, the educational context of this study highlights that speech dis-
orders, particularly stuttering in preschoolers, are not only medical
or speech therapy issues. They are also significant factors affecting
the quality of the educational process in preschool institutions.

Children between the ages of 3 and 6 undergo intense speech, so-
cial, and emotional development. At this stage, the presence of stut-
tering can lead to difficulties in communication with peers and edu-
cators. It may also result in lowered self-esteem and limit the child’s
active participation in educational activities [1].

The field of automated speech analysis has seen considerable ad-
vances in recent years, primarily due to progress in deep learn-
ing and machine learning technologies. Early research on com-
puterized stuttering detection relied mainly on traditional signal-
processing techniques and manually designed features. Common
examples include mel-frequency cepstral coefficients (MFCCs),
pitch variations, and energy-related measures. Typically, these fea-
tures were used in conjunction with standard machine learning al-
gorithms such as support vector machines (SVM). When tested
on real-world speech data, they often failed due to differences in
speakers.
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Recently, deep learning approaches have attracted more interest
due to their capability of directly learning complex representations
from raw audio data with few hand-crafted features. Compared
to other neural networks, convolutional neural networks (CNN)
are more effective at capturing local acoustic patterns and real-
izing abrupt irregularities in speech signals [2]. Recurrent neural
networks (RNNs), in particular long short-term memory (LSTM)
types and bidirectional long short-term memory (BiLSTM), are
particularly suited for modeling the temporal structure of speech
and whether sounds change over time [3]. The combination of these
architectures has proven to improve the performance of automated
stuttering detection systems.

However, many existing models still process speech segments in a
uniform way, without adaptively focusing on the specific moments
where disfluencies actually occur. Because stuttering events are of-
ten irregular and relatively sparse within continuous speech, treat-
ing all parts of the signal equally can reduce the model’s sensitivity
to subtle disruptions. As a result, the performance of such systems
may decrease when disfluencies are infrequent or when the model
is tested on speech conditions that differ from those used during
training.

This study aims to address these challenges by developing a hybrid
deep learning architecture designed specifically for detecting stut-
tering disfluencies. The proposed model integrates convolutional
layers to capture local acoustic irregularities, BiLSTM layers to
model the temporal and contextual relationships within speech se-
quences, and a multi-head attention mechanism (AM) that dynam-
ically highlights the most informative segments of each utterance.
By allowing the model to concentrate computational focus on the
parts of speech where disfluencies are more likely to occur, the sys-
tem aims to improve both detection accuracy and robustness across
diverse speech conditions.

2. BACKGROUND AND RELATED WORK
One of the earliest approaches was introduced in [4] , where
a Hidden Markov Model(HMM) based approach for detecting
fricative phoneme prolongations with an accuracy of 80%. With
the advancement of deep learning, more sophisticated neural ar-
chitectures were introduced for speech disfluency detection. In
[5], the authors proposed a combined Deep Residual Networks
(ResNet) with (BiLSTM) to detect multiple stuttering types us-
ing the UCLASS dataset. By utilizing raw acoustic features in-
stead of language models, their approach achieved an average ac-
curacy of 91.15% refers primarily to the training performance dur-
ing the Leave-One-Speaker-Out (LOSO) cross-validation process.
A deeper analysis of the results reveals that the model achieved an
F1-score of only 36.5%, as stated in the StutterNet paper[6].In [6],
the authors introduced StutterNet, a deep learning framework de-
signed for stuttering detection directly from acoustic signals. The
architecture is based on a Time Delay Neural Network (TDNN).
For feature extraction, the system employs MFCC and Linear
Prediction Cepstral Coefficients (LPCC) to represent the spectral
characteristics of the speech data.The model was evaluated us-
ing the UCLASS dataset for multi-class classification of disfluen-
cies. In terms of performance, the framework achieved an over-
all average F1-score of 38%.To improve end-to-end speech dis-
fluency detection, FluentNet was proposed in [7], an end-to-end
deep learning architecture for the multi-class detection of speech
disfluencies. The model processes Short-Time Fourier Transform
(STFT) spectrograms through a Squeeze-and-Excitation Residual
Network (SE-ResNet) to extract frame-level spectral features, fol-

lowed by BiLSTM layers and an attention mechanism (AM).To
mitigate data scarcity, the authors introduced LibriStutter.Evaluated
on the UCLASS dataset using LOSO cross-validation, the frame-
work achieved an average accuracy of 88.50% . On the LibriStut-
ter dataset, the model reached an average accuracy of 85.30%.In
[8], a multi-branch BiLSTM architecture was developed for real-
time stuttering detection and classification. They used a combina-
tion of standard (MFCC) with phoneme class probabilities to bet-
ter capture the phonetic structure of disfluent speech. The architec-
ture processes audio inputs through separate BiLSTM branches for
each feature type, which are then concatenated to classify speech
into categories: word repetitions, sound repetitions, interjections,
and prolongations. The model’s performance was validated on the
SEP-28K dataset, On this dataset, the model achieved accuracies
of 70% for word repetitions, 76% for sound repetitions, 78% for
interjections, and 73% for prolongations, while maintaining an ac-
curacy of 71% for non-stuttered (fluent) speech.In [9] TranStut-
ter was introduced, transformer-based architecture designed for
the classification of stuttered speech.this approach utilizes a Vi-
sion Transformer (ViT) framework to process speech represented
as 2D Mel-spectrograms. The model segments these spectrograms
into fixed-size patches, which are then processed through multi-
head self-(AM)to capture global dependencies and long-range con-
textual relationships within the acoustic signal.The model’s per-
formance was validated independently across two major datasets
to demonstrate its robustness. On the SEP-28K dataset, TranStut-
ter achieved an overall accuracy of 91.13%, with specific accura-
cies of 89.61% for sound repetitions, 87.43% for word repetitions,
87.91% for interjections, 85.09% for prolongations, and 84.32% for
blocks. On the FluencyBank dataset, the model reached an overall
accuracy of 83.21%, with per-class accuracies of 82.25% for sound
repetitions, 81.57% for word repetitions, 80.60% for interjections,
79.93% for prolongations, and 79.46% for blocks. More recently,
the work presented in [10] proposed a CNN-based framework for
automated speech disfluency classification. The methodology in-
volved the use of upsampling techniques to balance the SEP-28K
and FluencyBank datasets. For feature extraction, the system em-
ployed 13 (MFCC) as the input representation for the audio signals.
the system achieved accuracies of 98.7% for Word Repetitions ,
97.6% for Sound Repetitions, 97.2% for Interjections, 95.8% for
Prolongations, and 95.7% for Blocks.

3. DATASET
Automatic Stuttering Detection (ASD) research benefits from sev-
eral publicly available datasets, including UCLASS, SEP-28k, Flu-
encyBank, and LibriStutter. Among these, SEP-28k has become a
preferred choice in recent studies, due to its large size and detailed
annotations. Critically, the reliability of its labels—each sample
verified by at least three professionals—provides strong confidence
in the data and supports the development of more robust mod-
els [11].SEP-28k was combined with FluencyBank to construct a
larger dataset. Since both datasets share a consistent labeling sys-
tem, the integration was straightforward,enabling the construction
of a larger and more diverse training set.

The UCLASS dataset was used for a final round of independent
testing, serving as a real-world check to ensure the model’s ability
to generalize to unseen data rather than memorize training patterns.

3.1 SEP-28K Dataset
In 2021, Apple introduced SEP-28K, built from 28,177 annotated
clips pulled from the Stuttered Events Podcasts series. It breaks
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speech down into granular categories like prolongations, repeti-
tions, blocks, and interjections, and accounts for fluent speech and
non-speech events such as pauses or low-quality audio [11].

3.2 FluencyBank Dataset
The FluencyBank dataset is a collaborative effort between Nan
Bernstein Ratner (University of Maryland) and Brian MacWhin-
ney (Carnegie Mellon University), originally designed to track how
speech fluency evolves over time [12]. Each clip was carefully cat-
egorized into five core types: prolongations, blocks, sound repeti-
tions, word repetitions, and interjections.

3.3 UCLASS Dataset
Created by Peter Howell and his team, UCLASS is one of the most
established clinical archives in the field, featuring recordings from
speakers—primarily children and teenagers—recorded in clinical
settings [13].A processed version was used where the audio is
sliced into 3-second intervals, the same format used by the other
datasets, maintaining a consistent evaluation standard across all ex-
periments.

4. DATA PREPROCESSING
While the SEP-28K dataset was originally supposed to contain
28,177 recordings, some files ended up missing due to technical is-
sues, so the actual number of usable records was dropped to 21,855.
To make up for this shortfall,the SEP-28K dataset were merged
with the FluencyBank dataset, which helps it capture the subtle
details that really matter when it comes to accurately classifying
complex speech traits.

4.1 Merging Datasets
The annotation approach in this study combined methods from both
the FluencyBank and SEP-28K datasets. The same labeling stan-
dards used in SEP-28K were followed. FluencyBank added another
4,144 three-second clips, and these clips were annotated according
to the same rules used in SEP-28K. The merged dataset consisted of
32,000 clips. table Table 1 gives a preview of what the data looked
like before preprocessing—specifically, how the annotations were
recorded. Each clip was reviewed by three different people, and the
labels (shown as 0, 1, 2, or 3) indicate how many of those reviewers
assigned a particular annotation to that clip.

Name Prolongation Block SoundRep WordRep Interjection
HeStutters 5 121 3 2 1 0 1
StutterTalk 42 8 1 0 3 0 1
FluencyBank 107 3 1 0 0 0 3

Table 1. : Samples of merged records and annotations after merging the
datasets.

4.2 Label Encoding
To ensure that the model learned from reliable examples,a voting-
based labeling approach was used to handle the annotations from
the three reviewers. Each audio clip was originally scored from 0
to 3 across five types of disfluencies where the number reflected
how many reviewers spotted that particular issue.A “majority-
rule” approach was used.where a disfluency was marked as present
only if at least two of the three reviewers identified it. 0 means

there’s no disorder, and 2 and 3 became 1 present. This careful ap-
proach produced a cleaner, more reliable dataset, following com-
mon best practices for combining multiple annotations. By focus-
ing on agreement rather than individual judgment.

Name Prolongation Block SoundRep WordRep Interjection
HeStutters 5 121 1 1 0 0 0
StutterTalk 42 8 0 0 1 0 0
FluencyBank 107 3 0 0 0 0 1

Table 2. : Sample of Labels After Encoding.

4.3 Upsampling
Both the SEP-28K and FluencyBank datasets suffer from class im-
balance. Figure 1 illustrates the distribution of disfluency types in
the merged dataset, highlighting this uneven representation.
After encoding, each disfluency type was represented using a bi-
nary label (0 or 1), indicating the absence or presence of the dis-
order in a clip. The distribution of these labels shows that negative
samples (0) dominate most categories, particularly for disfluencies
such as Block. This imbalance makes it difficult for models to learn
patterns.
Similar challenges have been reported in previous work using the
SEP-28K dataset, where models struggled to detect underrepre-
sented disfluency types.

Fig. 1: Distribution of label annotations in the dataset before upsampling.

To address the class imbalance present in the dataset, a two-stage
resampling strategy was utilized. First, all fluent speech samples
were identified as those in which none of the five disfluency la-
bels were present. These samples were grouped into a single non-
stuttered subset. To ensure Enough representation during model
training, this subset was upsampled using random sampling with
replacement until it reached 20,000 samples.
In the second stage, the dataset was balanced across the different
combinations of stuttering types. Since each audio segment can
contain multiple disfluency types at the same time, all possible bi-
nary combinations of the five labels were considered. For each ob-
served combination in the dataset, samples were gathered and up-
sampled using random sampling with replacement to reach a target
size of 1,000 samples per combination. Combinations that were not
available in the dataset were neglected.
Following the implementation of this balancing technique, the ulti-
mate dataset comprised 48,000 samples, encompassing 28,000 in-
stances of stuttered speech and 20,000 instances of non-stuttered
speech, thereby mitigating bias during the model’s training phase
and enhancing the model’s capacity to learn all varieties of stutter-
ing behaviors with equal efficacy.
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The data illustrated in figure2 show how labels were distributed
both before and after resampling the existing data.

Fig. 2: Impact of Upsampling on Data Distribution.

5. FEATURE EXTRACTION
This work focuses on features that capture both the short-term spec-
tral characteristics of speech and the dynamic changes that often
signal disfluencies such as repetitions, prolongations, or blocks.
The core feature used is MFCCs, which provide a compact rep-
resentation of the spectral envelope of speech that closely models
human auditory perception [14]. A total of 13 coefficients were
extracted. For each 3-second audio clip (resampled to 16 kHz),
MFCCs were calculated using a window size of 2048 samples
(≈128 ms) and a hop length of 512 samples (≈32 ms), resulting
in a time sequence of 94 frames per clip.

Also, first-order deltas (∆) and second-order delta-deltas (∆∆) of
the MFCCs were added to track fast transitions and dynamic behav-
ior characteristic of stuttering. Delta features are the rate of change
of the cepstral coefficients between frames and delta-deltas capture
the acceleration (second derivative), giving information about how
fast these changes vary over time [15].

Before feeding the features into the model, global standardization
was performed on the entire training set. Each of the 39 feature
dimensions was scaled to have zero mean and unit variance. This
step ensures that no single coefficient dominates the learning pro-
cess due to differences in magnitudes and also helps the model con-
verge faster.

6. CLASSIFICATION MODEL
In this study, two hybrid deep learning architectures were utilized in
this research: a combination of CNN and BiLSTM, and a second ar-
chitecture that additionally integrates an attention mechanism. The
CNN convolution operation is shown in the following equation [2]:

Z
(k)
i,j =

K−1∑
m=0

C−1∑
n=0

W (k)
m,n ·Xi+m,j+n + b(k) (1)

Where:

—W (k) = convolution kernel of filter k
—K = kernel size
—C = number of channels
—b(k) = bias
—Z(k) = output feature map

Each LSTM unit contains a cell state, which holds information
from previous units, allowing the network to learn temporal rela-
tionships. This cell state is part of the LSTM memory unit, where
several gates control which information from the inputs, previous
cell state, and hidden state will be used to generate the current cell
and hidden states. Namely, the forget gate ft and input gate it are
utilized to determine what information should be retained within
the current state Ct [16]. This is shown in the following equations:

ft = σ(Wf · [ht−1, xt] + bf ) (2)

it = σ(Wi · [ht−1, xt] + bi) (3)

The attention weights and context vector are computed as follows:

et = vT tanh(Whht + bh) (4)

αt =
exp(et)∑T

k=1 exp(ek)
(5)

c =

T∑
t=1

αtht (6)

where ht is the hidden state at time step t, Wh and bh are the weight
matrix and bias, v is the attention weight vector, αt represents the
normalized attention weight, T is the sequence length, and c is the
resulting context vector [17].

In both cases, the characteristics of the previous layers were uti-
lized for their respective advantages: CNN layers capture the un-
derlying spatial characteristics in the audio, while BiLSTM layers
process the sequence in both forward and backward directions. The
attention mechanism was also used to focus on important temporal
features within the input sequence.

The CNN + BiLSTM model first passes the input feature set
through CNN layers to detect and extract localized audio features.
The features extracted are then fed into the BiLSTM layers that an-
alyze the features in forward and backward directions based on the
sequence of features. The bidirectional processing of features gives
the model context on what is happening at a particular time point
and how it relates to past and future events. The temporal context
necessary for identifying stuttering patterns like prolongations and
repetitions, which typically occur across several frames [16], is thus
maintained.

The second model, CNN + BiLSTM + AM, builds upon the first
architecture by adding a Multi-Head Attention layer after the BiL-
STM layers. The attention mechanism is used to attend significant
temporal regions, which helps the model to learn features needed
for stutter classification. The attention layer helps the model to at-
tend to important segments along with reducing the influence of
unrelated temporal regions. This improves the model accuracy and
sensitivity to detect subtle or infrequent disfluency events.

Subsequently, the implementation details, training configurations,
and experimental results for each of the proposed architectures
are discussed along with the reasoning behind the adopted design
choice.

6.1 CNN + BiLSTM Model
The primary architecture is a hybrid CNN and BiLSTM model that
detects stuttering by capturing both short-term acoustic features
and long-range temporal dependencies.
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The input is a reshaped feature matrix of shape (batch size,
time steps, 1). The architecture consists of three stacked Conv1D
layers with filter counts increasing from 64 to 128 and 256, a kernel
size of 3, ReLU activation, and same padding. Each convolutional
layer is followed by max-pooling to reduce temporal resolution:

Pi = max(Ai, Ai+1, . . . , Ai+p−1) (7)

Additionally, dropout layers (rate 0.2) are applied after each con-
volutional block to reduce overfitting. The dropout operation is ex-
pressed as:

h̃i = hi · ri (8)

ri ∼ Bernoulli(1− p) (9)

where hi is the original activation, h̃i is the activation after dropout,
ri is a binary mask, and p = 0.2.

The CNN output is passed to a two-layer BiLSTM, which processes
the sequence in both forward and backward directions. This design
is important for stuttering classification, as disfluent events such as
prolongations and repetitions often span multiple frames and de-
pend on surrounding context.

Following the BiLSTM, a dropout layer (0.2) is applied before a
fully connected layer (128 units, ReLU). Another dropout layer is
applied prior to the classification head, which produces the final
predictions.

Each stuttering type has its own classification head, consisting of
a single-unit dense layer with sigmoid activation, producing a bi-
nary output per label. The backbone (CNN + BiLSTM) is shared
across all labels, while only the classification head is label-specific,
allowing efficient learning of shared speech representations while
adapting to each disfluency type.

The model is compiled using the Adam optimizer with binary
cross-entropy loss, and is trained independently for each label.

6.2 CNN + BiLSTM with Self-Attention Model
Building on the Convolutional BiLSTM model described in the pre-
vious section, a second architecture was developed by incorporat-
ing a multi-head attention mechanism.

A simple self-attention layer was added immediately after the BiL-
STM. The AM functions as an adaptive weighting system: it com-
putes relevance scores between all time steps and learns to assign
higher importance to those frames most indicative of disfluency. In
practice, this allows the model to dynamically focus on the criti-
cal short segments — such as the tiny pauses or repeated bursts
in sound repetition — while down-weighting irrelevant fluent re-
gions. By focusing computational emphasis on the most informa-
tive parts of the utterance, attention reduces the influence of back-
ground noise and improves sensitivity to sparse or subtle events
across all disfluency types. The rest of the architecture follows the
same backbone as the first model: three Conv1D layers (64� 128
� 256 filters, kernel size 3, ReLU, same padding, max-pooling
after each, dropout 0.3), followed by the BiLSTM (64 units), then
attention, flattening, dropout (0.3), a dense layer (128 units, ReLU),
and another dropout (0.3). For each label, a single-unit sigmoid
head is added for binary classification. Training was performed in-
dividually per label using Adam optimizer, binary cross-entropy
loss.

6.3 Model Evaluation
Both the CNN + BiLSTM and CNN + BiLSTM + Attention mod-
els were trained for 100 epochs using a learning rate of 0.001 and
a batch size of 64. All experiments were conducted on a system
equipped with an NVIDIA GTX 1660 GPU. The models were eval-
uated on the 10% test set using four standard classification metrics:
accuracy, precision, recall, and F1-score.

Accuracy represents the overall proportion of correct predictions
(both fluent and disfluent) made by the model and is calculated
as the ratio of correctly classified records to the total number of
records [18]. Precision quantifies the fraction of instances clas-
sified as positive (stuttering) that are actually positive, indicating
the model’s ability to reduce false positives [19]. Recall (sensi-
tivity) measures the proportion of actual positive (stuttering) sam-
ples that are correctly identified by the model [19]. In stuttering
detection, high recall is important because missing true disfluen-
cies (false negatives) may delay intervention and support. The F1-
score, which is the harmonic mean of precision and recall, provides
a balanced measure that accounts for both false positives and false
negatives [19]. Because stuttering datasets often suffer from class
imbalance, the F1-score is particularly useful for evaluating perfor-
mance on the minority class.

7. RESULTS AND DISCUSSION
The CNN + BiLSTM model achieved an average accuracy of
97.18% and an average F1-score of 98.06% across all labels, re-
flecting strong overall performance with some variation across dis-
fluency types. The CNN + BiLSTM + Attention model improved
these figures to an average accuracy of 97.48% and an average F1-
score of 98.18%, demonstrating the benefit of the attention mecha-
nism in refining focus on disfluent segments.

Despite these gains,an overfitting was observed on the prolongation
class in the attention-enhanced model. This likely occurred because
prolongations are longer, sustained events with relatively consis-
tent spectral characteristics, making them easier for the model to
memorize during training. On the independent set of 49 unseen au-
dio files, the CNN + BiLSTM model showed lower sensitivity to
sound repetition, missing several instances due to its limited ability
to isolate very short inter-repetition gaps. The CNN + BiLSTM +
Attention model detected sound repetitions more reliably but exhib-
ited reduced precision on prolongation events, consistent with the
overfitting tendency. Of the 49 audios, the attention model flagged
prolongation in 34 cases while original labels indicated only 6 pro-
longation instances.

Table 3. : Model 1 — CNN+BiLSTM: Precision and Recall Values.

Disorder Precision Recall F1 Score Test Acc.[0] [1] [0] [1]
Prolongation 0.9745 0.9698 0.9896 0.9296 98.3% 97.4%
Block 0.9664 0.9749 0.9906 0.9139 98.0% 97.1%
Sound Rep. 0.9780 0.9784 0.9922 0.9407 98.6% 98.0%
Word Rep. 0.9669 0.9877 0.9956 0.9115 98.3% 97.5%
Interjection 0.9475 0.9752 0.9907 0.8687 97.1% 95.9%
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Table 4. : Model 2 — CNN+BiLSTM+Attention: Precision and Recall Val-
ues.

Disorder Precision Recall F1 Score Test Acc.[0] [1] [0] [1]
Prolongation 0.9759 0.9763 0.9917 0.9344 98.1% 97.0%
Block 0.9680 0.9750 0.9906 0.9183 98.3% 97.4%
Sound Rep. 0.9806 0.9816 0.9954 0.9477 98.9% 98.2%
Word Rep. 0.9732 0.9863 0.9950 0.9289 98.3% 97.5%
Interjection 0.9611 0.9724 0.9893 0.9041 97.3% 97.3%

Fig. 3: Training and validation loss of the CNN–BiLSTM model.

Fig. 4: Training and validation loss of the CNN–BiLSTM–Attention model.

As shown in Figures 3 and 4, the attention model demonstrated
lower validation loss and stable convergence during training, but
generalized poorly to real-world data—particularly for Prolon-
gation. This suggests overfitting to validation set patterns rather
than learning robust representations. In contrast, the non-attention
model, despite higher and more variable validation loss, handled
Prolongation more effectively in real-world testing, highlighting an
important practical limitation of the attention-enhanced approach.

In addition, several other architectures were implemented and eval-
uated, including CNN, ConvLSTM, and Audio Spectrogram Trans-
formers (AST).

Table 5. : Test Accuracy of Other Deep Learning and Transformer Models.

Model Test Accuracy
CNN 75.04%
ConvLSTM 89.14%
AST 63.00%

The ConvLSTM model significantly outperformed CNN and AST
in identifying sequential and temporal dependencies of disfluen-
cies. The CNN model achieved an accuracy of 75.04%. The Audio
Spectrogram Transformer (AST) showed the least success at 63%,
likely because transformer-based architectures require larger and
more diverse datasets and pre-training to generalize effectively to
stuttering-specific patterns.

A comparison of the two models against the benchmark model [10]
is presented in Table 6. the results show improvement following
dataset merging, upsampling, and the use of MFCC with delta and
delta-delta features.

Table 6. : Performance Comparison Across Models and Stuttering Types.

Model Disorder Accuracy F1 Score

Benchmark [10]
MFCC + CNN

Prolongation 95.8% 95.8%
Block 95.7% 95.6%
Sound Rep. 97.6% 97.6%
Word Rep. 98.7% 98.7%
Interjection 97.2% 97.2%

Model
CNN-BiLSTM-AM

Prolongation 97.4% 98.3%
Block 97.4% 98.3%
Sound Rep. 98.2% 98.9%
Word Rep. 97.5% 98.3%
Interjection 97.3% 97.3%

To ensure a fair evaluation, both models were tested on an in-
dependent subset of 49 raw audio clips from SEP-28K that had
not been upsampled or preprocessed for training. The benchmark
model used a combination-based upsampling strategy producing a
highly imbalanced training set biased toward stuttering detection.
When tested on the 49 raw audios (only 22 actually containing stut-
tering), the benchmark flagged nearly all samples as disfluent, pro-
ducing a high number of false positives. the models, trained on a
properly balanced dataset, correctly identified stuttering in 20 out
of the 22 true positive cases.

Table 7. : Exact Label Set Accuracy.

Model Label Set Accuracy

Benchmark [10] MFCC + CNN 44.89%

Model (CNN-BiLSTM-Attention) 90.9%

Figure 5 shows a grouped bar chart comparing the F1-scores ob-
tained by the proposed models against the benchmark method [10]
for five different disfluency classes: Prolongation, Block, Sound
Repetition, Word Repetition, and Interjection. This visualization
enables a fine-grained assessment of model performance across dif-
ferent types of speech disfluencies. By presenting the results the
figure shows the relative effectiveness of each model, making it
easier to notice performance improvements introduced by the pro-
posed CNN–BiLSTM and CNN–BiLSTM with attention mecha-
nisms over the baseline approach.
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Fig. 5: Comparison of F1-scores across disfluency classes for the benchmark model and the proposed CNN–BiLSTM and CNN–BiLSTM
with attention models.

8. CONCLUSION
Accurate identification and categorization of speech disfluency
types are crucial to understanding and evaluating the characteristics
and severity of stuttering. This research introduced and assessed an
automated system for recognizing and classifying disfluencies us-
ing hybrid deep learning architectures. If further refined and vali-
dated within clinical settings, these systems could prove to be ben-
eficial aids phoniatricians in the evaluation and planning of inter-
ventions for fluency disorders.

To address class imbalance, this study employed upsampling tech-
niques combined with a hybrid deep learning model integrating
CNN, BiLSTM, and attention mechanism components, achieving
state-of-the-art performance on SEP-28K and FluencyBank bench-
marks.

9. FUTURE WORK
Future work will focus on extending the proposed system by im-
plementing the Stuttering Severity Instrument, Third Edition (SSI-
3), a standardized clinical assessment tool used by phoniatricians
to measure stuttering severity. By developing and integrating this
model,aiming to create a complete automated system that derives
an SSI-3 severity score directly from raw speech recordings, elim-
inating the need for manual annotation by a clinician. Such a sys-
tem would represent a significant step toward scalable, objective,
and real-time stuttering severity monitoring, with practical value in
both clinical and remote-care settings.
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