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Abstract

Speech-language assessment of stuttering is
traditionally manual, subjective, and time-
consuming. This paper presents the develop-
ment of software for automatic detection and
classification of stuttering-related disfluencies
in Brazilian Portuguese, aiming to support clin-
ical assessment. The system follows a two-
stage hybrid approach. In the first stage, it
applies deterministic algorithms based on au-
tomatic speech recognition (ASR) and tem-
poral information to identify simple disfluen-
cies, such as repetitions and pauses. In the
second stage, it employs a hierarchical archi-
tecture combining a Kohonen network (Self-
Organizing Map, SOM) and a Multilayer Per-
ceptron (MLP) to classify complex disfluencies,
specifically blocks and prolongations, using
acoustic features. Because no publicly avail-
able annotated resources exist for this task in
Brazilian Portuguese, we built a initial dataset
annotated by specialists. The system achieved
89.5% accuracy in classifying complex disflu-
encies, with a Matthews Correlation Coeficient
(MCC) of 0.812. These results indicate the
feasibility of the tool as decision support for
clinical assessment and establish a baseline for
future research.

1 Introduction

Stuttering is a fluency disorder that affects approxi-
mately 1% of the world’s population (Sheikh et al.,
2021). Its diagnosis is a complex clinical pro-
cess that is traditionally manual, subjective, and
demanding in terms of time and professional effort
(Alnashwan et al., 2023). Speech-language assess-
ment requires detailed analysis of speech samples
that typically contain at least 200 fluent syllables to
identify and quantify different types of disfluencies
(de Andrade, 2006; Sawyer and Yairi, 2006). In

this context, the presence of 3% or more stuttering-
like disfluencies (SLDs) is commonly used as a key
criterion for clinical diagnosis (Yairi and Ambrose,
1999, 2005).

Although the assessment process is guided by
validated clinical protocols, it remains resource-
intensive and time-consuming. This reinforces
the need for technological tools that can support
speech-language pathologists and reduce the time
spent analyzing speech samples (Sheikh et al.,
2021). This demand is further intensified by the
growing adoption of digital health technologies, the
potential of machine learning methods in fluency
research (Alnashwan et al., 2023), and the expan-
sion of telemedicine, which increases the need for
automated methods to support assessment and clin-
ical decision-making.

Within this context, this paper presents an arti-
ficial intelligence-based method to automate the
detection, organization, and categorization of stut-
tering disfluencies in Brazilian Portuguese, serving
as a tool to support clinical assessment. Due to
the scarcity of public datasets focused on stutter-
ing in this language, we built a dataset containing
126 samples of fluent speech, blocks, and prolon-
gations. The proposed method adopts a hybrid ap-
proach that combines deterministic algorithms for
identifying simple disfluencies, such as repetitions,
with a hierarchical architecture composed of a Ko-
honen network, also known as a Self-Organizing
Map (SOM), and a Multilayer Perceptron (MLP)
for classifying complex disfluencies, specifically
blocks and prolongations, following methodologies
previously validated in the literature (Szczurowska
et al., 2006; Swietlicka et al., 2013).

The main contributions of this paper are: (1)
a hybrid software architecture for the automatic
detection of stuttering disfluencies in Brazilian
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Portuguese; (2) the creation and validation of a
dataset, albeit limited, aimed at classifying com-
plex disfluencies; and (3) the experimental valida-
tion of an acoustic feature extraction methodology
(Szczurowska et al., 2006) that achieved 89.5% ac-
curacy, establishing a baseline for future research
on automatic stuttering detection.

This paper is organized as follows. Section 2
presents related work, contextualizing the main
approaches for automatic stuttering detection. Sec-
tion 3 describes the proposed methodology, includ-
ing the system’s hybrid architecture and the dataset
construction process. Section 4 details the exper-
imental protocol and the results obtained across
different evaluation iterations. Section 5 presents
the developed interface as a clinical assessment
support system, demonstrating the practical appli-
cability of the proposed methods. Section 6 dis-
cusses the results in light of the literature and the
study’s limitations. Finally, Section 7 presents the
conclusions and directions for future work.

2 Related Works

Automatic stuttering detection is a growing re-
search area at the intersection of Speech-Language
Pathology and Artificial Intelligence. Despite re-
cent progress, the inherent complexity of speech
fluency phenomena poses significant challenges
to reliable automation. This section reviews the
main related studies that inform the methodologi-
cal choices adopted in this work.

Recent systematic reviews, such as those con-
ducted by Sheikh et al. (2021) and Alnashwan
et al. (2023), provide a comprehensive overview
of the state of the art in automatic stuttering de-
tection. These studies show a consistent trend to-
ward the use of machine learning and deep learn-
ing techniques, including artificial neural networks,
support vector machines, convolutional neural net-
works, and recurrent neural networks. They also
highlight the predominant use of acoustic features,
particularly Mel-Frequency Cepstral Coefficients
(MFCCs) (Davis and Mermelstein, 1980). How-
ever, both reviews identify recurring bottlenecks,
especially the lack of methodological standardiza-
tion and the scarcity of high-quality public datasets,
which are generally small and limited in diversity.

The choice of neural network architecture is cen-
tral to the performance of disfluency detection sys-
tems. Although deep learning architectures have
gained prominence more recently, seminal work

proposed hierarchical approaches that remain rele-
vant. In particular, Szczurowska et al. (2006) pre-
sented an architecture that combines an unsuper-
vised Kohonen network with a Multilayer Percep-
tron (MLP). In this approach, the Kohonen network
is used to reduce data dimensionality and extract
topological patterns from the speech signal, while
the vectors associated with the winning neurons
serve as input to the MLP, which performs the final
supervised classification. This methodology was
later refined by Swietlicka et al. (2013) and demon-
strated the ability to capture dynamic aspects of
speech, serving as a direct reference for the model
implemented in this work.

One of the main obstacles to progress in auto-
matic stuttering detection is the limited availability
of public datasets with accurate annotations and
adequate acoustic quality. Most studies use widely
known datasets such as UCLASS (Howell et al.,
2009), one of the oldest and most commonly used
resources in the field; FluencyBank (MacWhin-
ney, 2000), primarily focused on language devel-
opment; and LibriStutter (Cheang et al., 2020),
a more recent dataset derived from LibriSpeech
(Panayotov et al., 2015). Despite their relevance,
these datasets have limitations related to size, diver-
sity, and linguistic focus. Given these constraints
and the specific needs of each investigation, build-
ing custom datasets, although costly, has become
a recurring and often necessary practice, as in the
present study.

Overall, the literature indicates that automatic
stuttering detection is a promising field but still
constrained by structural challenges. Hierarchical
architectures combining Kohonen networks and
MLPs remain valid and effective (Szczurowska
et al., 2006), especially when paired with acoustic
features that are sensitive to disfluency phenom-
ena, such as one-third-octave filters. While re-
cent studies highlight the potential of deep learning
architectures, including convolutional and recur-
rent networks, the fundamental challenge remains
the scarcity of large, diverse, and well-annotated
datasets. In this context, this work is distinguished
by its focus on Brazilian Portuguese, since most ex-
isting studies and datasets concentrate on English.
Thus, the adopted methodology is proposed not
only as a classification exercise but as a foundation
for developing a tool to support clinical diagnosis
in real-world settings.

508



3 Methodology

The methodology adopted in this work is structured
around a hybrid architecture designed to address
limited data availability in Brazilian Portuguese
and to handle different types of speech disfluencies
appropriately. The system operates through two
complementary analysis streams: (i) a Natural Lan-
guage Processing (NLP) approach to detect simple
disfluencies, such as repetitions and pauses, and
(i1) an Artificial Intelligence-based acoustic anal-
ysis to identify complex disfluencies, specifically
blocks and prolongations. To enable the machine
learning-based approach, an initial step was the
construction of a training dataset, given the absence
of public resources for this task in Brazilian Por-
tuguese. Additionally, for comparative purposes
and to establish a strong baseline, a Support Vector
Machine (SVM) with an RBF kernel was imple-
mented and evaluated alongside the proposed MLP
architecture.

3.1 Data Collection and Preparation

Building the dataset was identified as one of the
most critical factors for the project’s success and
focused on complex disfluencies, that is, blocks
and prolongations, which cannot be reliably de-
tected using textual information alone. The data
collection and preparation process was carried out
in multiple steps, as described below.

* Manual collection: Audio samples of sponta-
neous and elicited speech were collected from
publicly available videos on the web, such as
video-sharing platforms.

* Classification and validation: All collected
material was analyzed by a speech-language
pathologist specializing in fluency, who seg-
mented the audio signals and manually la-
beled disfluency events.

* Control samples: For each word exhibiting a
complex disfluency, a corresponding control
sample of the same word produced fluently
was added to the dataset, recorded under simi-
lar conditions.

As a result, we built a final dataset composed
of 126 audio samples, all standardized in WAV
format with a 16 kHz sampling rate. The dataset
is imbalanced across classes, reflecting the natural
occurrence of the observed phenomena in speech.
Table 1 shows the distribution of samples by class.

Class Number of Samples
Fluent speech (control) 63
Block 45
Prolongation 18
Total 126

Table 1: Distribution of samples in the complex-

disfluency dataset

Dispite small, the dataset built in this work ful-
fills the purpose of of being a starting point for
Brazilian Portuguese. It will be publicly released
in a future version after the completion of the nec-
essary ethical procedures, including review of pri-
vacy, consent, and responsible use of speech data.
In addition, we plan continuous expansion and re-
finement of the dataset by incorporating new sam-
ples and increasing speaker diversity, with the goal
of improving representativeness and usefulness for
future research on automatic stuttering detection in
Brazilian Portuguese.

3.2 Hybrid Architecture and Processing
Pipeline

With the dataset prepared, we developed the com-
plete solution pipeline, illustrated in Figure 1. The
architecture is splitted into the following modules:

1. Main module to process the API requisitions.
2. Module of video to audio convertion.

3. Module of audio transcription

4. Module of disfluencies detection

5

. Module of complex disfluencies detection us-
ing Al

6. User Interface

2
audio_precessor.py

3
transcriber.py

1

4
app.py disfluency detector.py

API I -pkl

6 5
Interface neural_network.py

Figure 1: System Architecture.

The pipeline integrates the two proposed analy-
sis streams and consists of the following steps.
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1. Preprocessing and transcription: The pro-

cess starts by extracting audio from the input
video. The signal is then processed by an
Automatic Speech Recognition (ASR) model,
specifically a Wav2Vec model (Baevski et al.,
2020) trained for Brazilian Portuguese, which
generates a text transcription. In addition to
the text, this stage provides precise temporal
information associated with each word, which
is essential for the NLP-based analysis.

. Text-pattern detection: Using the transcrip-
tion and the timestamps produced by the ASR,
a deterministic text-pattern detection algo-
rithm is applied to identify simple disfluen-
cies. This rule-based linguistic and temporal
analysis detects word or syllable repetitions,
pauses defined by the duration of silence be-
tween consecutive segments, and hesitations
such as interjections (e.g., “éh” and “aan”).

. Acoustic analysis: In parallel with the tex-
tual analysis, complex disfluencies, which
are purely acoustic phenomena, are handled
through audio feature extraction. Following
the methodology proposed by Szczurowska
et al. (2006), which proved more effective
than generic approaches such as MFCCs in
preliminary experiments, we extracted 21
spectral features based on one-third-octave
filters with A-weighting. These filters cover
the 80 Hz to 8000 Hz range, approximating
human auditory sensitivity and providing a
robust representation of the speech signal.

. SOM+MLP architecture: The extracted
acoustic features serve as input to a hierar-
chical artificial intelligence architecture. First,
an unsupervised Kohonen network with a 5x5
topology performs a topological mapping of
acoustic patterns. Next, the vectors associ-
ated with the winning SOM neurons are used
as input to a Multilayer Perceptron (MLP)
with 50 hidden-layer neurons, which performs
the final supervised classification into three
classes: fluent speech, block, and prolonga-
tion. The MLP was configured with activation
= logistic, solver = Ibfgs, maxIter = 200, learn-
ingRatelnit= 0.01, and alpha = 0.001.

. Comparative SVC Model: For baseline com-
parison, a Support Vector Machine (SVM)
classifier was implemented. The SVM uti-

lized a Radial Basis Function (RBF) kernel
with default parameters (C = 1.0, gamma =
scale) and probability = True, to ensure fair
comparison with the MLP. This model was
trained and evaluated on the same feature set
derived from the Kohonen network output.

6. Integration and inference: After training,
the SOM+MLP model is serialized and stored
in a .pkl file. The backend system, imple-
mented in Python, loads this model to per-
form acoustic inference. Finally, the outputs
of the textual and acoustic analyses are inte-
grated and exposed to the frontend through a
REST API, which uses asynchronous process-
ing mechanisms to manage execution time.

4 Experiments and Results

The experimental evaluation of the proposed sys-
tem was conducted in four successive iterations,
each incorporating incremental improvements to
the architecture and model parameters. This strat-
egy aimed to analyze, in a controlled manner, the
impact of each modification on performance in
classifying complex disfluencies.

Across all iterations, the model was trained and
evaluated using the dataset described in Section 3.1.
We report overall accuracy, Matthews Correlation
Coefficient (MCC), and class-level metrics, includ-
ing precision, recall, and F1-Score for fluent speech
and block, as well as precision for prolongation,
with particular attention to the effects of class im-
balance. Additionally, the standard error (StdErr)
of the accuracy is provided to indicate the statistical
variability of the results.

First iteration (baseline). The first version of
the system used a set of generic acoustic features
commonly employed in speech processing. This
configuration served as a baseline for comparison
with subsequent iterations. The model achieved
an overall accuracy of 0.545. Performance for the
prolongation class was null, with precision equal
to 0.000, highlighting the difficulty of recognizing
the minority class under this configuration.

Second iteration (balancing). In the second it-
eration, we introduced class balancing techniques
along with initial adjustments to network parame-
ters. We applied SMOTE oversampling (Chawla
et al., 2002) to mitigate class imbalance. This mod-
ification improved overall performance, increasing
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accuracy to 0.637 and enabling recognition of pro-
longations with precision of 0.500.

Third iteration (parameter optimization). The
third iteration focused on systematic parameter op-
timization using grid search and cross-validation.
We tuned key hyperparameters of the Kohonen net-
work, including learning rate and sigma, as well
as MLP parameters such as the number of training
epochs and the use of early stopping. These ad-
justments increased overall accuracy to 0.818 and
improved performance on minority classes, reach-
ing prolongation precision of 1.000.

Fourth iteration (literature-based methodol-
ogy). The fourth iteration introduced structural
changes grounded in the methodology proposed
by Szczurowska et al. (2006). In this configura-
tion, we used 21 spectral features based on one-
third-octave filters, applying A-weighting to ap-
proximate human auditory sensitivity and cover-
ing the 80 Hz to 8000 Hz range. This approach
yielded the best observed performance, with over-
all accuracy of 89.5%, MCC of 0.812, standard
error (StdErr) of 0.0704, and more balanced re-
sults across classes, achieving prolongation preci-
sion of 0.780. Although the third iteration showed
high values on specific metrics, the fourth itera-
tion prioritized greater stability and balance across
classes, reducing sensitivity to hyperparameter vari-
ation and class imbalance. This behavior suggests
a trade-off between peak performance and gener-
alization, with more consistent results in the final
configuration.

Table 2 summarizes the evolution of overall ac-
curacy and class-level metrics across the four itera-
tions, enabling a comparative analysis of the impact
of each modification introduced in the system.

It is important to note that recall values for the
prolongation class are not reported, as this class is
represented by a small number of samples (n =
18). Preliminary experiments showed that recall
estimates for this class were highly unstable and
sensitive to minor variations in the test split, which
could lead to misleading interpretations.

To further validate the proposed SOM+MLP ar-
chitecture, a Support Vector Machine (SVM) clas-
sifier with an RBF kernel was implemented as a
baseline for comparison. Both models were evalu-
ated on the same test set, and their performance is
summarized in Table 3.

The results indicate that both the proposed MLP
model and the SVM baseline achieved identical

overall accuracy and MCC values. This suggests
that the feature extraction process via the Kohonen
network is highly effective, providing a robust rep-
resentation of acoustic patterns that allows different
classifiers to achieve high performance. The choice
of MLP is further justified by its established use in
similar hierarchical architectures in the literature.

5 Interface and Clinical Assessment
Support System

To demonstrate the practical applicability of the
proposed methods, we developed a graphical in-
terface that integrates the entire pipeline described
in the previous sections, from audio input to the
presentation of fluency analysis results. The inter-
face was designed as a clinical assessment support
tool, enabling speech-language pathologists and
researchers to inspect the results of automatic dis-
fluency detection in a structured and interpretable
manner.

The interface directly implements the hybrid ar-
chitecture presented in this paper by combining
NLP-based analysis for simple disfluencies with
Al-based acoustic analysis for complex disfluen-
cies. All processing is performed in the back-
end, while the interface serves as the visualization
and interaction layer, consuming results through a
REST APIL.

Figure 2 presents the initial interface stage!,
where the user uploads a video containing a speech
sample. After submission, the system automati-
cally extracts the audio and performs transcription
using an ASR model. In addition to the transcribed
text, the interface displays temporal information
associated with the total audio duration, which sup-
ports detection of pauses and repetitions throughout
the speech.

Figure 3 shows the output of the integrated tex-
tual and acoustic analyses’. The original tran-
script is enriched with explicit labels for automati-
cally detected disfluencies, highlighted in the text.
The interface also provides normalized transcript
versions, including a disfluency-free form and a
syllable-segmented form, facilitating further analy-
ses and clinical interpretation.

Figure 4 presents a consolidated panel of quan-
titative metrics automatically extracted from the

1High-resolution version available at: https://tinyurl.
com/mrxtawjw

2High-resolution version available at: https://tinyurl.
com/mujjbkj3
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Iteration Accuracy MCC StdErr Prec. Prec. Prec. Rec. Rec. Rec. F1 F1 F1
Fluent Block Prol. Fluent Block Prol. Fluent Block Prol.

Ist 0.545 0.000 0.0000 0.602 0.556 0.000 0.500 0.833 0.000 0.546 0.667 0.000

2nd 0.637  0.000 0.0000 1.000 0.625 0.500 0.500 0.833 0.333 0.667 0.714 0.400

3rd 0.818  0.000 0.0000 1.000 0.750 1.000 0.500 1.000 0.667 0.667 0.857 0.800

4th (Final) 0.895  0.812 0.0704 0.846 1.000 1.000 1.000 0.833 0.500 0.917 0.909 0.667

Table 2: Performance comparison across iterations

Model Accuracy MCC StdErr o buneves e ore ' e Veko wpkar g cos o o s

MLP (Proposed) 0.895 0.812 0.0704 by

SVM (Baseline) 0.895 0.812 - S ket

Table 3: Comparative performance of MLP and SVM
models

Q DisfluencyAl

Carrequeseuvideo Duragdo do dudic: 43 segundos

Transcrigo originalk
om b

Transcrigdo com disfluéncias:

bom baibaro vou [Flaproveitar 3qul [Plfinal da nossa [Plsescio [leh prajé [Plgravar esse video
ntar

Figure 2: Interface for video upload and automatic
speech transcription.

speech analysis®. The displayed indicators include
the number of fluent words and syllables, produc-
tion rates per minute, counts of stuttering like dis-
fluencies, and rupture frequency. Based on these
indicators, the interface provides an automatic as-
sessment suggestion, which should be interpreted
as decision support rather than a replacement for
specialized speech-language assessment.

The interface is currently a functional prototype
and was used for internal validation of the proposed
methods. A public version for testing will be re-
leased soon, allowing researchers and practitioners
to evaluate the system under controlled scenarios.
This release aims to support reproducibility and
contribute to the development of computational
tools for stuttering assessment in Brazilian Por-
tuguese.

3High-resolution version available at: https://tinyurl.
com/4m6sxvsk

Contagemn disflugncias comuns:
1723, "H™ 0, "RP™: 2, "RPE™: 0, "RF™; 0, "RV":0, "FI": 0}

Contagem disfluéncias tipicas da gagueira:
RSP 5, "RS™: 0, "RP3+": 0, "B™ 0, "P": 41, "Pa” 0, "Int": O}

Figure 3: Output of the integrated disfluency analysis in
the interface.

Palavras fluentes: Sflabas fluentes:
141 246

Palavras/min: Sflabas/min:
74,00 2010

Total de disfluéncias tipicas:

Frequéncia de rupturas % Diagnéstico:
3260 Gagueirs

Figure 4: Panel of quantitative metrics automatically
extracted from speech analysis.

6 Discussion and Limitations

6.1 Discussion of Results

The iterative evolution of the system highlights
the value of an incremental, data-driven approach
in developing machine learning models for auto-
matic stuttering detection. The first iteration, which
achieved an accuracy of 0.545, served as a baseline
by exposing structural limitations, particularly the
impact of class imbalance and the inadequacy of
generic acoustic features for distinguishing com-
plex disfluencies.

The introduction of balancing techniques in the
second iteration empirically confirmed that dataset
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imbalance was a key factor affecting classifier per-
formance. Oversampling increased overall accu-
racy to 0.637 and, for the first time, enabled de-
tection of the minority prolongation class. These
results indicate that, even in low-data settings, bal-
ancing strategies can substantially improve model
sensitivity.

In the third iteration, systematic optimization
of Kohonen network and MLP hyperparameters
yielded further gains, increasing accuracy to 0.818.
These results show that careful tuning of architec-
ture and training procedures can improve discrimi-
native capacity. However, the observed instability
in the metrics for minority classes suggested gen-
eralization limitations, consistent with potential
overfitting under low-data conditions.

The fourth and final iteration represented the
most meaningful advancement, achieving an ac-
curacy of 0.895 and more balanced performance
across classes. In particular, prolongation precision
reached 0.780, reinforcing that adopting literature-
grounded acoustic features can decisively improve
the model. The high MCC value (0.812) indicates a
strong correlation between predictions and ground
truth, confirming that the model’s performance is
not due to chance despite the class imbalance. The
identical performance of MLP and SVM (89.5%)
suggests that the feature extraction via Kohonen
maps is effective in linearizing the acoustic pat-
terns of disfluencies. The standard error (StdErr)
of 0.0704 further supports the statistical reliability
of these results.

Analyzing the class-wise performance, the sys-
tem demonstrated excellent performance for the
"Fluent" class (F1-Score of 0.917) and "Block"
class (F1-Score of 0.909), with the "Block" class
achieving a perfect precision of 1.000. The "Pro-
longation" class, historically the most challenging
due to its limited sample size, showed an F1-Score
of 0.667, with a precision of 1.000 and a recall
of 0.500. This indicates that while the model is
highly precise when it identifies a prolongation,
it still misses some instances. This behavior sug-
gests a trade-off between peak performance and
generalization, with more consistent results in the
final configuration, but also highlights the need for
further data collection for minority classes.

Beyond quantitative evaluation, we incorporated
the results into a functional graphical interface that
implements the full pipeline proposed in this paper.
This interface enabled verification, in an applied
setting, of consistency between model decisions,

automatically labeled disfluencies in the transcript,
and speech-derived metrics, reinforcing the practi-
cal applicability of the approach as a clinical sup-
port tool.

In addition, the use of the system through a
graphical interface highlighted its potential for real-
world contexts by presenting results in an inter-
pretable manner in accordance with existing clin-
ical protocols. This integration of quantitative
performance with structured visualization helps
bridge the gap between computational methods
and speech-language practice, which is essential to
adopt automatic tools in assessing stuttering.

6.2 Study Limitations

Despite promising results, some limitations should
be considered when interpreting the findings of this
work:

* Dataset size and diversity: There is no open
dataset for Brazilian Portuguese, the only way
to accomplish this work was to develop a new
one from scratch. Considering the timeline,
the most feasiable solution produced a dataset
containing 126 audio samples, which is lim-
ited for robust training of machine learning
models. In addition, collecting data from pub-
lic sources may introduce biases and may not
adequately represent the diversity of the popu-
lation of people who stutter.

* Risk of overfitting: Although strategies such
as cross-validation and early stopping were
employed, the small dataset size maintains
a risk of overfitting, especially for minority
classes. In such cases, the model may learn
patterns specific to the training set that do not
generalize well to new data.

* Generalization capacity: The system was
validated using a test set drawn from the same
distribution as the training data. Additional
evaluations on external datasets with greater
variability in speakers and acoustic conditions
are needed to more rigorously assess general-
ization.

In addition, during system development we iden-
tified technical challenges related to infrastructure
and solution architecture. These included frontend
response-time limitations due to the computational
cost of acoustic inference, as well as incompati-
bilities across backend library versions. Further-
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more, calibrating thresholds for disfluency detec-
tion across different speech samples proved to be a
complex and iterative process, requiring a careful
balance between sensitivity and specificity.

7 Conclusion

This paper presented the first trial of development
and evaluation of a hybrid system for automatic
detection of speech disfluencies, with a focus on
stuttering in Brazilian Portuguese. The proposed
approach is a prototype that integrates deterministic
text-based methods to identify simple disfluencies,
such as repetitions and pauses, with a hierarchi-
cal artificial intelligence architecture composed of
a Kohonen network and a Multilayer Perceptron,
aimed at classifying complex disfluencies, specifi-
cally blocks and prolongations.

The experimental results demonstrate the fea-
sibility of the proposed solution, which achieved
an overall accuracy of 0.895 and a Matthews Cor-
relation Coefficient (MCC) of 0.812 in the final
configuration. The system’s iterative evolution,
starting from a baseline with limited performance,
highlights the importance of class balancing, ap-
propriate acoustic feature selection, and literature-
grounded methodologies in developing machine
learning models for complex speech phenomena.
The F1-Scores of 0.917 for fluent speech, 0.909
for blocks, and 0.667 for prolongations further un-
derscore the model’s effectiveness across different
disfluency types.

The main contributions of this work include: (i)
a low-cost hybrid software architecture designed to
support speech-language assessment of stuttering;
(ii) the integration of textual and acoustic analy-
ses into a single system, enabling a more compre-
hensive disfluency assessment; and (iii) the vali-
dation of an incremental, data-driven development
methodology that can be adapted to other problems
in speech processing. Despite limitations related
to dataset size and generalization challenges, the
results indicate that the system is a meaningful step
toward computational tools that support clinical
stuttering diagnosis.

As future work, we plan to expand and refine
the Brazilian Portuguese stuttering dataset by in-
corporating more speakers, broader age ranges, and
diverse communicative contexts. This expansion
will strictly follow ethical protocols and will en-
able more robust generalization assessments. In
addition, we intend to conduct a systematic clin-

ical validation of the system in partnership with
speech-language pathologists, comparing tool out-
puts against human assessments in real diagnostic
scenarios.

Another promising direction is investigating
deep learning architectures, such as convolutional
and recurrent neural networks, which can model
the temporal dynamics of the speech signal more di-
rectly. Such approaches have shown strong results
in speech recognition and analysis tasks (Graves
et al., 2013; Hannun et al., 2014), but they require
large volumes of annotated data, reinforcing the
importance of continued efforts to build suitable
datasets. A systematic comparison between these
architectures and the proposed hierarchical model
may provide further evidence on trade-offs among
complexity, interpretability, and performance in
clinical applications.

The software implementation developed in this
work was created in collaboration with an indus-
try partner and constitutes proprietary intellectual
property. For this reason, the source code cannot
be publicly released. The dataset used in the ex-
periments is also owned by the company and is
therefore not currently available for public distribu-
tion. However, the dataset is being continuously ex-
panded and curated as part of an ongoing research
and development effort. Future studies may release
an extended and properly anonymized version of
the dataset, subject to the company’s approval and
applicable data governance policies.
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