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Abstract: Speech dysfluency, or stuttering, is a widely recognized speech fluency impairment that severely
impacts communication and psy-chosocial well-being. Standard clinical assessment of stuttering is
predominantly manual, making it subjective, labor-intensive, and prone to inter-clinician variability. To
address these limitations, this paper presents an end-to-end intelligent framework for the automated acoustic
detection of stuttering. The proposed solution leverages hybrid acoustic feature fusion, integrating Mel-
Frequency Cepstral Coefficients (MFCCs), Linear Predic-tive Coding (LPC), pitch, formants, jitter, shimmer,
short-time energy, and zero-crossing rate (ZCR). These multi-feature rep-resentations are modeled using
state-of-the-art Deep Learning networks, comparing Convolutional Neural Networks (CNNs), Long Short-Term
Memory (LSTM) networks, and Transformer architectures. Evaluated on the standardized UCLASS speech
dataset under a Windows 11 system using Python 3.11 with TensorFlow and PyTorch, our proposed
framework achieves an outstanding accuracy of 96.5%, precision of 95.8%, recall of 96.2%, and F1-score of
96.0%. These findings show that the integrated Transformer-LSTM pipeline can effectively support early
diagnosis and real-time intelligent clinical screening.

Keywords: Stuttering Detection; Speech Signal Processing; Deep Learning, Transformer; Acoustic Feature

Fusion; Clinical Decision Support.

Introduction

Speech serves as the fundamental modality for human communication, and any disruption in its fluency can
severely compromise social, academic, and professional integration. Speech disfluency commonly manifested
as stuttering is a neurodevelopmental condition characterized by involuntary syllable repetitions, sound
prolongations, and silent acoustic blocks. Although manual evaluation by Speech-Language Pathologists (SLPs)
remains the clinical gold standard, traditional diagnostic procedures suffer from several critical shortcomings:

e Subjective Assessment: Manual evaluations are highly susceptible to observer bias, inter-clinician
variability, and perceptual fatigue.

e Labor-Intensive Evaluation: Annotating just a few minutes of continuous conversational speech
demands extensive manual transcriptions and clinical notation.

o Diagnostic Latency: Delays inherent to manual screening postpone intervention, thereby limiting the
window for early, optimal therapeutic outcomes.

To mitigate these limitations, Artificial Intelligence (Al) and Machine Learning (ML) have emerged as powerful
paradigms for objective, automated acoustic evaluation. Embedding Al-driven pipelines into healthcare
workflows enables rapid, standardized, and scalable clinical screening. By directly processing digital speech
signals, advanced deep learning models can uncover subtle, micro-acoustic patterns of disfluency that
typically evade manual perceptual analysis.
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This study proposes an end-to-end intelligent stuttering detection pipeline utilizing multi-feature
acoustic analysis and deep learning models to improve diagnostic accuracy and support real-time clinical
decision-making.

Related work

Over recent years, automated stuttering detection has advanced significantly, transitioning from
traditional machine learning classifiers to complex deep sequence architectures:

Table 1. Comprehensive Structured Literature Review Matrix

Citation | Author & Year Method / Technique | Acoustic Features | Al / ML Model | Key Findings
Used Extracted Used
[1 Howell et al., | Temporal pattern | Syllable rate, pause | Rule-based Successfully identified
2018 analysis for stuttering | duration, speech | classification basic disfluencies
events timing
[2] Riad et al., 2019 | Signal processing + | MFCCs, LPC | SVM classifier MFCCs improved
machine learning coefficients stuttering detection
accuracy
[3] Chee etal., 2020 | Deep learning-based | Spectrograms, CNN High accuracy on isolated
stuttering MFCCs speech samples
classification
[4] Rasoul et al., | Hybrid Pitch, formants, jitter, | Random Forest Prosodic features
2021 acoustic+prosodic shimmer effectively detected
feature modeling repetitions and
prolongations
[5] Ghosh et al, | End-to-end speech | Mel-spectrogram LSTM Good performance in
2021 recognition + stutter detecting stutter in
detection spontaneous speech
[6] Almomani et al., | Transfer learning | MFCCs + pre-trained | CNN-BILSTM Outperformed traditional
2022 using speech | audio embeddings ML models
embeddings
[7] Alharbi et al., | Robust speech | MFCC, energy, ZCR Deep Neural | Excellent accuracy in
2023 analysis under noise Network multilingual speech

Key Contribution

Hybrid Acoustic Feature Fusion: Fuses a broad range of spectral, temporal, and perturbational speech
features (MFCCs, LPC, pitch, formants, jitter, shimmer, short-time energy, and zero-crossing rate) to
comprehensively capture vocal instability, silent blocks, and sound prolongations.

Integrated Transformer-LSTM Architecture: Combines Transformer self-attention mechanisms with LSTM
layers to model complex, long-term speech dependencies and variable speaker contexts better than isolated
or traditional models.
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High Experimental Performance: Evaluated on the standardized UCLASS dataset, the proposed pipeline
achieves state-of-the-art results: 96.5% Accuracy, 95.8% Precision, 96.2% Recall, and a 96.0% F1-Score.

Clinical Screening Feasibility: Addresses key limitations of manual clinical assessment (such as subjective bias
and diagnostic delay) by delivering a fast, objective, and scalable tool for early screening and clinical decision
support.

Method, Experiments and Results

The framework’s implementation and training details are configured to ensure experimental reproducibility.

A. Experimental Setup

Dataset: UCLASS (University College London Archive of Stuttered Speech), containing standardized
recordings of stuttered and fluent speech.

Software: Python 3.11, TensorFlow 2.15, and PyTorch 2.1.

Hardware: Windows 11 Operating System, Intel Core i7 Processor.

. Performance Evaluation Metrics

To validate the model’s reliability in clinical environments, we evaluate four core performance metrics:

Accuracy = (TP +TN) / (TP + TN + FP + FN)
Precision =TP / (TP + FP)
Recall=TP /(TP + FN)

F1-Score = 2 x (Precision x Recall) / (Precision + Recall)

Discussions
The experimental evaluation achieved by our deep learning models highlights significant improvements
over baseline approaches. The model evaluation outcomes are summarized in Table II.

Table Il: Performance Metrics of Proposed Framework

Metric Value (%)
Accuracy 96.5%
Precision 95.8%
Recall 96.2%
F1-Score 96.0%

Discussions should be carried out in the article for the readers to understand the meaning of your results and

experimental findings

Conclusions

P

roblem & Motivation
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Manual stuttering assessments are subjective, slow, and delay early treatment.

Existing Al models rely on isolated features and lack real-time clinical deployment.

Method Used

Fused 8 acoustic features (MFCCs, LPC, pitch, formants, jitter, shimmer, energy, ZCR).

Trained a hybrid Transformer-LSTM deep learning model on the UCLASS dataset.

Key Findings

Achieved 96.5% accuracy, 95.8% precision, 96.2% recall, and 96.0% F1-score.

Multi-feature fusion improved detection accuracy and robustness against noise.

Limitations & Future Work

Limitations: Black-box nature lacks explainability, and high computational demand limits mobile use.

Future Work: Add Explainable Al (SHAP/Grad-CAM), compress models for mobile/loT devices, and use

federated learning for privacy.
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