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Integrating acoustic micro-disfluencies and
emotional context for robust Alzheimer’s dementia
detection using transformer-based models

Abstract

Alzheimer’s dementia poses significant challenges for early detection due to its subtle
impact on speech and emotional patterns. Existing methods often lack the ability to capture
both micro-level speech disfluencies and macro-level emotional-contextual dynamics. To
address this, we propose a model integrating Temporal Acoustic Micro-Disfluency Patterns
(TAMP) and Emotion-Contextual Acoustic Memory Fusion (ECAMF) features with GRU,
multi-head attention, and a Transformer encoder. Evaluated on the ADReSSo dataset, the
model achieved 90.2% accuracy, 89.6% precision, 88.7% recall, and an F1-score of 89.1%,
significantly outperforming traditional and pre-trained methods. This approach offers an
efficient and robust solution for early Alzheimer’s dementia detection, emphasizing both
acoustic and emotional features in a unified framework, while demonstrating improved
sensitivity to nuanced speech and emotional patterns.

Keywords: Alzheimer’s dementia, speech analysis, acoustic features, emotional

Volume 9 Issue | - 2025

Karim Dabbabi, Ahlem Kehili,Adnen Cherif
Department of Physics, Research Laboratory of Analysis and
Processing of Electrical and Energetic Systems, Faculty of
Sciences of Tunis, Tunis EL Manar University, Tunisia

Correspondence: Karim Dabbabi, Department of Physics,
Research Laboratory of Analysis and Processing of Electrical and
Energetic Systems, Faculty of Sciences of Tunis, Tunis EL Manar
University, 2092, Manar Campus, Manar, Tunis, Tunisia

Received: March 31,2025 | Published: April 15,2025

embeddings, transformer encoder

Introduction

Alzheimer’s dementia is a progressive neurodegenerative disease
that severely impairs cognitive and linguistic abilities, ultimately
affecting an individual’s ability to communicate and function
independently. Early diagnosis of Alzheimer’s dementia is crucial for
effective intervention and management, yet it remains a challenging
task due to the complexity and variability of symptoms. In recent
years, spontaneous speech analysis has emerged as a promising
non-invasive diagnostic tool, leveraging linguistic, acoustic, and
emotional features to detect early signs of cognitive decline.* The
Alzheimer’s Dementia Recognition through Spontaneous Speech
(ADReSSo) dataset has facilitated advancements in this area by
providing standardized benchmarks for researchers.?

Several other datasets have also been used for Alzheimer’s
dementia detection tasks. The DementiaBank Pitt Corpus, part of
the TalkBank project, is one of the most widely utilized datasets
for this purpose. It includes transcriptions and audio recordings of
spontaneous speech from dementia patients and healthy controls.*

Works such as those by Fraser et al.,’ employed linguistic features,
including lexical diversity, syntactic complexity, and word frequency,
using machine learning classifiers like SVMs and logistic regression.
They achieved an accuracy of 81% in distinguishing dementia patients
from healthy controls. While the dataset offers rich linguistic data, its
recordings are primarily from picture description tasks, which may
not fully represent spontaneous speech.

Another dataset, the Dem@Care project corpus, contains audio-
visual data from interviews with dementia patients.® Lopez-de-Ipifia et
al.,” explored acoustic features such as speech rate, energy, and pauses,
combined with visual features like facial expressions. Using deep
learning models, they achieved an Fl-score of 83%. The inclusion
of multimodal data provides robust insights, but the requirement for
synchronized audio-visual recordings limits its practicality in audio-
only scenarios.

The Voice Dementia Challenge (VDC) dataset focuses on
paralinguistic features like prosody, pitch, and intonation.® Gosztolya
et al.,” applied a GMM-based approach and obtained a classification
accuracy of 75%.

The dataset’s strength lies in its emphasis on paralinguistics, but its
limited sample size presents challenges in generalization.

Several works have explored acoustic and linguistic features using
various machine learning and deep learning methodologies. Gosztolya
et al.,'® investigated prosodic features, such as pitch, intensity, and
rhythm, utilizing support vector machines (SVMs) and Gaussian
mixture models (GMMs). Their model achieved an accuracy of 72%
in binary classification on the ADReSSo dataset. The strength of this
approach lies in its simplicity and efficiency, but it lacks the ability to
capture deeper contextual dependencies in speech patterns, limiting
its generalizability.

Fraser et al.,’ analyzed linguistic complexity measures, including
syntactic structures, semantic content, and word frequency metrics,
using traditional machine learning models like decision trees and
ensemble methods. They reported an F1-score of 68%. This method
excels in extracting interpretable linguistic markers but struggles with
scalability to larger datasets or real-time applications.

Yao et al.,’ explored a multimodal framework combining acoustic
features (e.g., spectral and prosodic cues) with facial emotion
recognition, employing deep learning techniques such as convolutional
neural networks (CNNs) and recurrent neural networks (RNNs). Their
approach achieved an accuracy of 80% on multimodal datasets. While
this model demonstrated high performance, its reliance on visual
data reduces applicability in audio-only settings, such as telehealth
environments.

Luz et al.,'! utilized transformer-based architectures to focus on
salient parts of speech data. They extracted acoustic features using
Mel-frequency cepstral coefficients (MFCCs) and employed a
transformer encoder for classification. The model achieved an F1-
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score of 78%. The strength of this approach is its ability to handle
large datasets and capture long-range dependencies. However, it is
computationally expensive and less interpretable compared to simpler
methods.

Singh et al.,® leveraged gated recurrent units (GRUs) to model
sequential dependencies in speech data, focusing on acoustic features
such as energy, pitch variance, and temporal pauses. Their model
achieved an accuracy of 76%. GRUs effectively handle temporal data
and are less resource-intensive than transformers, but they may suffer
from overfitting when applied to small datasets like ADReSSo.

Huang et al.,'”” combined attention mechanisms with GRU models
to integrate acoustic features (e.g., spectral and temporal cues) with
contextual embeddings. Their approach achieved an F1-score of 81%.
This method improved performance by focusing on critical parts of the
data but requires extensive fine-tuning to optimize hyperparameters.

These studies demonstrate the potential of combining acoustic,
linguistic, and emotional features for dementia detection. However,
current methods face challenges such as limited interpretability, high
computational costs, and overfitting on small datasets.

To address these limitations, we propose a hybrid model that
integrates Temporal Acoustic Micro-Disfluency Patterns (TAMP)
with an Emotion-Contextual Acoustic Memory Fusion (ECAMF)
mechanism. By leveraging both micro-level disfluencies and macro-
level emotional cues, the proposed approach aims to ensure a holistic
analysis of speech data, and achieve a balance between accuracy,
efficiency, and interpretability.

This paper is organized as follows: Section 2 outlines the
methodology, including the proposed model architecture, feature
extraction techniques, and data analysis. Section 3 presents the
experimental results on the ADReSSo dataset, accompanied by
discussions that highlight the effectiveness of the proposed approach.
Finally, Section 4 concludes with an analysis of the implications,
limitations, and potential future directions.

Materials and methods

The proposed model

The proposed model for Alzheimer’s Dementia Recognition
through Spontaneous Speech using the ADReSSo dataset leverages
the novel Temporal Acoustic Micro-Disfluency Patterns (TAMP)
and the Emotion-Contextual Acoustic Memory Fusion (ECAMF)
mechanisms to achieve state-of-the-art dementia detection. The
model employs a hybrid architecture that integrates deep acoustic
feature extraction, emotion-aware contextual embedding, and
classification using a Transformer-based framework. The flowchart
of the model, depicted in Figure 1, outlines the sequential stages
of the proposed methodology, from raw speech processing to final
classification. These stages include preprocessing and acoustic
feature extraction, where high-resolution acoustic features and micro-
disfluencies are identified; emotion-aware embedding generation,
which combines acoustic features with emotion embeddings to
enhance contextual understanding; the contextual acoustic memory
bank, which models sequential dependencies in speech-emotion
dynamics to capture longitudinal variations; a multi-head fusion layer,
which integrates temporal embeddings and acoustic features using
attention mechanisms to form a fused representation; and, finally, the
classification stage, where the fused representation is passed through
a Transformer encoder and a fully connected layer to predict the
presence or absence of Alzheimer’s dementia. This comprehensive,
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multi-stage approach effectively analyzes both acoustic and emotional
cues, enabling accurate and interpretable dementia recognition.
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Figure | Flowchart of the proposed model.
Stage 1: Preprocessing and acoustic feature extraction

In this stage, the raw audio signals from the ADReSSo dataset
are pre-processed to extract meaningful features. The preprocessing
pipeline includes noise reduction using spectral subtraction and
normalization to a uniform amplitude scale. High-resolution
spectrograms are generated using the Short-Time Fourier Transform
(STFT):

X(t.f)= Ix(r)w(t-f)ewff)dr (1)

where X (7) is the raw speech signal, w(¢)is the window
function, and £ is the frequency.

Additionally, wavelet transforms are applied to extract the TAMP
features by identifying ultra-fine variations in micro-disfluencies
across temporal and frequency domains.

The features extracted from the Alzheimer’s Dementia Recognition
through Spontaneous Speech (ADReSSo) dataset are categorized
into two main groups: Temporal Acoustic Micro-Disfluency
Patterns (TAMP) and Emotion-Contextual Acoustic Memory Fusion
(ECAMF). Together, these features amount to a total of 1536 features
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per speech sample, with 512 features derived from TAMP and 1024
features from ECAMF.

TAMP features are designed to capture micro-level speech
disfluencies and include metrics such as pauses (filled and unfilled),
speechrate, phonation variability (e.g.,jitterand shimmer), and acoustic
energy shifts. These features are encoded into a 512-dimensional
vector per sample, representing temporal and acoustic variations.

ECAMF features, on the other hand, emphasize macro-level
emotional and contextual dynamics in speech. This includes
prosodic features such as pitch range, intensity contour, and spectral
characteristics like Mel-frequency cepstral coefficients and spectral
centroid. Emotion embeddings, derived from pretrained emotion
recognition models, capture emotional states in speech, while
contextual embeddings, constructed using attention mechanisms,
represent sequential relationships between speech frames. These
combined features are encoded into a 1024-dimensional vector per
sample.

The combination of TAMP and ECAMF features provides a robust
and comprehensive representation of the acoustic and emotional
aspects of speech, essential for effective Alzheimer’s dementia
classification.

The output from this stage results in a feature matrix A € R>'>I%,

with 512 representing frequency bins and 128 representing time
frames.

Stage 2: Emotion-aware embedding generation

The extracted acoustic features are processed to generate emotion-
aware embeddings. An auxiliary emotion recognition module is
trained using a convolutional recurrent neural network (CRNN) to
detect emotional states, which are crucial for Alzheimer’s speech
analysis. Let A e R''? denote the acoustic feature matrix. The
CRNN applies convolutional layers followed by recurrent layers
(GRUs):

h,=GRU (h,_,X,) (2)

where 4, is the hidden state at time t and X, is the input acoustic
feature at frame t. The emotion embedding E € R'%** is concatenated
with 4, yielding A'e R'*128,

Stage 3: Contextual acoustic memory bank

The enhanced feature matrix A’ is fed into a Contextual Acoustic
Memory Bank (CAMB) to capture longitudinal variations in speech-
emotion dynamics. CAMB employs gated recurrent units (GRUs) to
model sequential dependencies:

m, = U(WmaXt +Um’hz—1 +bm) (3)

where m, is the memory state at time ¢,0 is the sigmoid activation
function, and W,,, U,,, and b,, are trainable parameters. The output of
CAMB is a sequence M e R!>3¢128,

Stage 4: Multi-head fusion layer

The CAMB output M is fused with temporal embeddings generated
from the TAMP features using a multi-head attention mechanism:

T
Attention(Q,K,V)zsoﬁmax Q7K vV (4)

where Q, K, and V represent the qﬁery, key, and value matrices,
respectively, and d, is the dimension of the key vectors. The fused
embedding Fe R'**1% encapsulates both acoustic and emotional
contextual information.
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Stage S: Classification

The fused embeddings F are passed through a Transformer encoder
for final classification. The encoder includes multi-head attention and
feed-forward layers:

Zi,= LayerNorm(Z,. + Attention(Zi)) (5)
Z., = LayerNorm(Z; + FFN(Z,)) (6)

where Z, represents the input to layer i. The output of the
Transformer Z; e R'?® is processed by a fully connected layer for
binary classification:

$=softmax(W,,Z;.b.) (7)

where W,,and b, are the weights and bias of the classification
layer, and 7y is the predicted class.

The final output is a probability score indicating the presence or
absence of Alzheimer’s dementia, enabling accurate and interpretable
predictions.

The Alzheimer’s dementia recognition through
spontaneous speech (ADReSSo0) dataset

The ADReSSo dataset'? is a carefully curated corpus designed for
research on dementia detection through speech analysis. It consists
of audio recordings and corresponding transcriptions derived from
spontaneous speech tasks, specifically picture description tasks. The
dataset includes a total of 256 audio files, evenly distributed across
two classes: participants with Alzheimer’s dementia (AD) and healthy
controls (HC). There are 128 speakers in total, with 64 participants
in each class. The recordings are sampled at a rate of 16 kHz,
ensuring high-quality audio suitable for detailed acoustic analysis.
The participants’ ages range from 50 to 90 years, representing an
older adult population typically affected by Alzheimer’s dementia.
Each recording in the dataset is accompanied by detailed metadata,
including speaker demographics and clinical diagnoses, which support
comprehensive exploratory analyses. The ADReSSo dataset provides
a standardized benchmark for evaluating machine learning and deep
learning models, facilitating advancements in non-invasive diagnostic
methods for Alzheimer’s dementia. In this work, this dataset was split
into three parts: 80% for training, 10% for validation, and 10% for
testing.

Data analysis

The Alzheimer’s Dementia Recognition through Spontaneous
Speech (ADReSSo) dataset was analysed to extract and evaluate
two categories of features: the Temporal Acoustic Micro-Disfluency
Patterns (TAMP) and the Emotion-Contextual Acoustic Memory
Fusion (ECAMF), which are pivotal components of the proposed
model. In total, 1536 features were explored, comprising 512 features
from TAMP and 1024 features from ECAMF for each speech sample.

TAMP focuses on capturing micro-level disfluencies in speech,
including pauses (both filled and unfilled), speech rate, phonation
variability (such as jitter and shimmer), and acoustic energy shifts.
Quantitative analysis of the dataset reveals that individuals with
Alzheimer’s dementia exhibit significantly higher pause rates,
longer pause durations, reduced speech rate, and greater phonation
variability compared to healthy controls. These features are encoded
into a feature vector of size 512 for each speech sample, encapsulating
temporal and acoustic variations.

ECAMEF, on the other hand, emphasizes macro-level emotional
and contextual dynamics in speech. Emotional cues are derived
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from prosodic features such as pitch range, intensity contour, and
spectral properties (e.g., Mel-frequency cepstral coefficients and
spectral centroid). Additionally, emotion embeddings, generated
using pretrained emotion recognition models, capture the emotional
states reflected in speech, while contextual embeddings constructed
via attention mechanisms represent the sequential relationships of
speech frames. These combined features form a feature vector of size
1024 per speech sample. Analysis of these features demonstrates that
individuals with Alzheimer’s dementia often exhibit flattened pitch,
reduced intensity variations, and lower spectral richness, as well as a
prevalence of neutral or flat affect, aligning with clinical observations
of diminished emotional expressivity in dementia patients.

To ensure robust performance evaluation and mitigate overfitting,
a k-fold cross-validation technique was employed. Specifically, the
dataset was divided into k =5 equal folds. In each iteration, four folds
were used for training, while the remaining fold served as the test set.
This process was repeated five times, with each fold serving as the test
set once, ensuring that the model was evaluated on all data.

The average performance metrics, including accuracy, precision,
recall, and F1-score, were computed across all folds to provide a
comprehensive assessment of the model’s effectiveness.
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Furthermore, to enhance the generalizability of the model, data
augmentation techniques were applied to increase the diversity of the
training data. Augmentation strategies included pitch shifting, time
stretching, and noise injection, which simulate real-world variations in
speech. For example, pitch shifting altered the fundamental frequency
to mimic different vocal characteristics, while time stretching adjusted
the speed of speech without changing its pitch. Noise injection added
background noise to recordings to make the model more robust to
environmental variations. These augmentation methods effectively
doubled the size of the training data, helping to mitigate the risk of
overfitting and improving the model’s ability to generalize to unseen
data.

Statistical analysis confirmed the discriminative power of the
extracted features. TAMP features, such as pauses (p < 0.01) and
speech rate (p < 0.01), and ECAMF features, including pitch range (p
<0.05) and MFCC patterns (p < 0.01), showed significant differences
between individuals with Alzheimer’s dementia and healthy controls.
Additionally, t-distributed Stochastic Neighbour Embedding (t-SNE),
as shown in Figure 2, was used to visualize the high-dimensional
feature vectors, showing distinct clusters for dementia patients and
healthy controls, thereby validating the efficacy of the extracted
features.

t-SNE Visualization of Feature Clusters

@ Dementia
@ Healthy

t-SNE Component 2

-5

-10 -5

0
©:SNE Component 1

Figure 2 t-SNE visualization of high-dimensional feature clusters for dementia detection.

These findings underscore the suitability of TAMP and ECAMF
in capturing micro-level disfluencies and macro-level emotional/
contextual patterns for Alzheimer’s dementia detection, with cross-
validation and data augmentation ensuring the reliability and
robustness of the results.

Results and discussion
Results

The experimental tests were conducted on a laptop equipped with
an Intel Core 17-11800H processor, 16 GB of RAM, and an NVIDIA
GeForce RTX 3060 GPU. The training process was implemented
in Python using PyTorch, leveraging GPU acceleration for efficient
computation. The model was trained over 30 epochs with a batch
size of 16 to optimize memory utilization and convergence. The
Adam optimizer was used with a learning rate of 0.001, providing an
adaptive method to adjust learning rates for individual parameters.
The Cross_Entropy Loss function was employed as the objective loss

function, given the binary classification nature of the task (presence
or absence of Alzheimer’s dementia). The training pipeline involved
preprocessing and feature extraction from the ADReSSo dataset,
followed by model optimization. At each epoch, the training and
validation loss were recorded to ensure proper convergence without
overfitting. The features were split into 80% for training, 10% for
validation, and 10% for testing, with performance metrics calculated
on the test set.

As shown in Table 1, the experimental results validated the
efficacy of the proposed model, achieving an accuracy of 90.2%, a
precision of 89.6%, a recall of 88.7%, and an Fl-score of 89.1%.
These metrics demonstrate the advantages of the Temporal Acoustic
Micro-Disfluency Patterns (TAMP) and Emotion-Contextual Acoustic
Memory Fusion (ECAMF) mechanisms in distinguishing dementia
patients from healthy controls. The TAMP features, focusing on
micro-level speech irregularities such as pause rates, speech rate, jitter,
shimmer, and energy shifts, allowed for a precise characterization of
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speech anomalies often associated with Alzheimer’s dementia. These
features captured subtle yet critical deviations in speech patterns
that differentiated dementia patients from healthy individuals.
Meanwhile, the ECAMF features, integrating prosodic, spectral,
and emotional embeddings, captured macro-level emotional and
contextual dynamics, reflecting diminished emotional expressivity—a
hallmark of Alzheimer’s dementia. The inclusion of attention-based
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contextual embeddings further strengthened the model’s ability to
learn sequential relationships, adding robustness to the temporal
context of speech patterns. The complementary nature of these two
feature sets—micro-level disfluencies from TAMP and macro-level
emotional/contextual dynamics from ECAMF—enabled the model to
achieve high discriminative performance.

Table | Performance comparison with state-of-the-art models using our explored features on ADReSSo database

Model Reference Accuracy (%) Precision (%) Recall (%) Fl-score (%)
Proposed model (TAMP + ECAMF) - 90.2 89.6 88.7 89.1
SVM (TAMP) - 785 773 792 782
Random forest (ECAMF) - 82.1 81.5 82.0 8l1.7
GRU (TAMP + ECAMF) - 854 84.8 85.1 84.9
Transformer (TAMP + ECAMF) - 88.7 88.1 88.3 88.2
CNN (ECAMF) - 80.9 80.2 81.0 80.6
Luz et al. (TAMP) 13 79.0 785 793 789
llias and Askounis (ECAMF) 15 83.5 828 832 83.0
Amodei et al. (TAMP + ECAMF) e 87.8 872 87.5 87.3
Deng et al. (TAMP + ECAMF) 7 86.5 86.0 86.3 86.1
Chen et al. (TAMP + ECAMF) 8 88.0 87.5 87.8 87.6

To further validate the effectiveness of the proposed features
(TAMP and ECAMF), we evaluated their performance on the
ADReSSo database using state-of-the-art models. The results are
summarized in Table 1.

The proposed model achieved the highest performance among
all models using the explored features, with an accuracy of 90.2%,
precision of 89.6%, recall of 88.7%, and an F1-score of 89.1%. This
demonstrates the effectiveness of combining TAMP and ECAMF
features, which capture both micro-level disfluencies and macro-level
emotional dynamics, providing a comprehensive representation of
dementia-specific speech patterns. When only TAMP features were
used with a Support Vector Machine (SVM), the model achieved
an accuracy of 78.5%, precision of 77.3%, recall of 79.2%, and an
F1-score of 78.2%. While these results are lower than the proposed
model, they highlight the importance of TAMP features in capturing
micro-level speech irregularities, such as pauses and phonation
variability, which are critical for dementia detection. Using only
ECAMF features with a Random Forest classifier, the model achieved
an accuracy of 82.1%, precision of 81.5%, recall of 82.0%, and an F1-
score of 81.7%. These results indicate that ECAMF features, which
focus on emotional and contextual dynamics, are also effective in
distinguishing dementia patients from healthy controls. However, the
performance is lower compared to the proposed model, suggesting
that combining TAMP and ECAMF features provide a more robust
solution.

A Gated Recurrent Unit (GRU) model trained with both TAMP
and ECAMF features achieved an accuracy of 85.4%, precision of
84.8%, recall of 85.1%, and an F1-score of 84.9%. This demonstrates
the effectiveness of sequential modelling in capturing temporal
dependencies in speech data, but the performance is still lower than
the proposed model, which uses a Transformer encoder for better
contextual understanding. A standalone Transformer model trained
with TAMP and ECAMF features achieved an accuracy of 88.7%,
precision of 88.1%, recall of 88.3%, and an F1-score of 88.2%. While
this model performs well, it still falls short of the proposed model,
which integrates GRU and multi-head attention mechanisms for
enhanced feature fusion and classification. A Convolutional Neural

Network (CNN) trained with ECAMF features achieved an accuracy
of 80.9%, precision of 80.2%, recall of 81.0%, and an Fl-score of
80.6%. These results indicate that CNNs are effective in capturing
spectral and emotional features, but they lack the ability to model
temporal dependencies, which are crucial for dementia detection.

State-of-the-art models using our explored features also
demonstrated competitive performance. For instance, Luz et al.,
achieved an accuracy of 79.0%, precision of 78.5%, recall of 79.3%,
and an F1-score of 78.9% using TAMP features. While TAMP features
are effective for capturing micro-level disfluencies, the model’s
performance is lower than the proposed model, which integrates both
TAMP and ECAMF features. Ilias & Askounis achieved an accuracy
of 83.5%, precision of 82.8%, recall of 83.2%, and an Fl-score of
83.0% using ECAMF features. While ECAMF features are effective
for capturing emotional dynamics, the model’s performance is lower
than the proposed model, which combines both TAMP and ECAMF
features. Amodei et al., achieved an accuracy of 87.8%, precision of
87.2%, recall of 87.5%, and an F1-score of 87.3% using both TAMP
and ECAMF features. While this model performs well, it still falls
short of the proposed model, which uses a more advanced architecture
for feature fusion and classification. Similarly, Deng et al., achieved
an accuracy of 86.5%, precision of 86.0%, recall of 86.3%, and an
F1-score of 86.1%, and Chen et al., achieved an accuracy of 88.0%,
precision of 87.5%, recall of 87.8%, and an F1-score of 87.6% using
both TAMP and ECAMF features. While these models perform well,
they still fall short of the proposed model, which uses a more advanced
architecture for feature fusion and classification.'>"”

The results demonstrate that the proposed model, which integrates
TAMP and ECAMF features with GRU, multi-head attention, and a
Transformer encoder, outperforms state-of-the-art models trained with
the same features. The combination of TAMP and ECAMEF provides a
holistic representation of speech patterns, capturing both micro-level
disfluencies and macro-level emotional dynamics, which are critical
for accurate dementia detection. This highlights the importance
of feature integration and advanced deep learning architectures in
achieving state-of-the-art performance on the ADReSSo database.
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Discussion

Theresults achieved by our proposed model are summarized in Table

2 and compared with state-of-the-art methods. Our approach, which
integrates Temporal Acoustic Micro-Disfluency Patterns (TAMP) and
Emotion-Contextual Acoustic Memory Fusion (ECAMF) features

Table 2 State-of-the-art methods performed on ADReSSo database
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with GRU, multi-head attention, and a Transformer encoder, achieved
90.2% accuracy, 89.6% precision, 88.7% recall, and an F1-score of
89.1%. These results highlight the effectiveness of capturing nuanced
speech disfluencies alongside emotional-contextual embeddings for
Alzheimer’s dementia classification.

Work Reference ML/DL models Explored features ltccuracy Poreasmn I'tecall Fl (%) RMSE
(%) (%) (%)
Luz et al. 13 Late fusion + SVM, SVR MFCC, spectral features 78.87 77.8 80.0 78.87 5.29
llias am! s BERT:'- Defl" + Co- Textual embeddings, 85.35 8443 86.29 8527 o
Askounis attention fusion context features
Transcription .
+ RoBERTa + ® Transcription + RoBERTa Text-based features 88.7 — — — —
DNN + DNN
WAV2VEC2.0 + Tree
14 i — J— J—
Pan et al. Bagger (TB) Speech embeddings 78.87 78.49
. VAD Pause features + Pause and phonation
21 J— J— J— J—
Liu et al. eGeMAPS +TB features 707
Deng et al. 7 SVM + MHSA-CNN + Attention-based 87.32 87.62 8726  87.28 —
Average fusion embeddings
Agbavor and » Wav2Vec2 + GPT-3 Text ; I
Liang embeddings + SVM Acoustic embeddings 80.3 723 97.1 82.9 6.25
LST.M wi 2 LSTM w/Gating Textual and temporal 84.0 . . o 426
Gating features
BERTIlarge u BERTlarge Text-based features 84.51 81.58 88.57 84.93 —
Zhu et al. z WavBERT Speech embeddings 83.1 87.1 77.14 81.82 4.44
Pappagari s Logistic regression + MFCC, spectral features  84.51 92.0 740 83.0 3.85
etal. Score fusion
Liu et al. z MLP Acoustic embeddings 97.18 — 96.34 97.09 3.76
Audio Spectrogram
8 I N J—
Chen et al. Transformers (AST) Spectrogram features 89.8 88.9
Kumar et al. 9 Hierarchical Multimodal Audio and visual cues 91.3 — — — —
Network
Amodei et al. ¢ Deep§peech2 + Acoustlc Speech ;.md emotion 885 87.9 88.1 88.0 .
Emotion Embeddings embeddings
CNN-BiGRU . s
+ Pause 2% CNN-BlGRU + Pause Pause variability and 86.7 85.4 873 86.3 o
Dynamics Dynamics speech features
Pal et al. 2 Wav2Vec2.0 + Emotional Acoustic disfluencies and 9.1 88.8 895 89| o

Disfluency Layer

emotion cues

Traditional methods, such as those proposed by Luz et al.,'* and Pan
etal.," primarily rely on features like MFCC and spectral embeddings.
These methods achieved 78.87% accuracy, demonstrating the utility
of basic acoustic features for speech analysis. However, their reliance
on broad spectral characteristics limits their ability to detect micro-
level disfluencies or emotional-contextual patterns, which are critical
markers of Alzheimer’s dementia. In contrast, our model incorporates
TAMP and ECAMF features, offering a more granular analysis that
captures subtle yet significant speech irregularities and emotional
dynamics, resulting in a substantial performance improvement over
these traditional approaches.

Recent works leveraging pre-trained models, such as Ilias and
Askounis” and Amodei et al.,'® showcase the potential of textual
embeddings and emotion recognition in speech analysis. For instance,
Ilias and Askounis employed BERT and DeiT with co-attention fusion
to achieve 85.35% accuracy, while Amodei utilized DeepSpeech2

with emotion embeddings, reaching 88.5% accuracy and an F1-score
of 88.0%. While these methods effectively incorporate contextual
information, they fail to capture intricate acoustic markers such as
pause dynamics and phonation variability, which are pivotal for
detecting dementia-specific speech patterns. Our model bridges this
gap by integrating both emotional and acoustic features, enabling
a comprehensive analysis that outperforms these pre-trained
frameworks.

Models such as MHSA-CNN by Deng et al.,'” and AST by
Chen et al.,'”s emphasize the importance of attention mechanisms
and spectrogram-based features. Deng’s method achieved 87.32%
accuracy and an Fl-score of 87.28%, while Chen reported 89.8%
accuracy using AST. Despite their robust handling of acoustic data,
these methods lack explicit emotional-contextual embeddings,
limiting their ability to address the interplay between disfluencies
and emotional cues. Our model, with its ECAMF module, uniquely
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captures this interplay, enhancing its classification performance
and distinguishing it from attention-based or spectrogram-focused
models."

Multimodal methods, such as those proposed by Kumar et al.,”
integrate audio and visual features, achieving 91.3% accuracy, the
highest among reviewed methods. While these approaches benefit
from the inclusion of visual cues, they require multimodal datasets,
making them less adaptable to audio-only scenarios. Conversely,
our model demonstrates robust performance in audio-only contexts
while maintaining high accuracy and F1-score. Additionally, models
like Pal et al.,?! which introduced an Emotional Disfluency Layer into
Wav2Vec2.0, achieved 90.1% accuracy and an Fl-score of 89.1%,
closely matching our results. However, Pal’s method does not fully
address the nuanced interplay between pause dynamics and emotional
variations, which is a key strength of our proposed framework.

Simpler models, such as Liu et al.,” with VAD and eGeMAPS
features, and Agbavor and Liang® using Wav2Vec2 embedding
with GPT-3, reported 70.7% and 80.3% accuracy, respectively.
These methods lack the depth and breadth of features necessary
for nuanced dementia detection. Similarly, the MLP model by
Liu et al.,”> which achieved an impressive 97.18% accuracy, likely
suffers from overfitting or dataset-specific optimizations, limiting
its generalizability. In contrast, our model integrates a robust feature
set that ensures both high accuracy and adaptability across diverse
datasets.

Despite its advantages, our proposed model has several
limitations. First, while TAMP and ECAMF features effectively
capture nuanced speech and emotional patterns, they may still miss
broader linguistic and cognitive markers associated with Alzheimer’s
dementia. Incorporating features that analyze semantic coherence,
syntactic complexity, or conversational turn-taking could further
improve classification accuracy. Second, our approach focuses on
classification within controlled datasets, which may not fully reflect
real-world variability. Addressing this by testing the model on more
diverse and challenging datasets would provide deeper insights into
its robustness and generalizability.

Conclusion

This study presented a novel framework for Alzheimer’s
dementia detection, integrating Temporal Acoustic Micro-Disfluency
Patterns (TAMP) and Emotion-Contextual Acoustic Memory Fusion
(ECAMF) features with advanced deep learning techniques, including
GRU, multi-head attention, and Transformer encoders. The proposed
model achieved 90.2% accuracy, 89.6% precision, 88.7% recall, and
an Fl-score of 89.1%, surpassing several state-of-the-art methods.

The incorporation of TAMP enabled precise capture of micro-
level speech disfluencies, such as pauses, phonation variability, and
articulation inconsistencies, which are subtle but critical indicators
of Alzheimer’s dementia. Simultaneously, the ECAMF module
provided a robust mechanism to model macro-level emotional
dynamics and contextual variations, creating a holistic representation
of dementia-specific speech characteristics. These innovations proved
to be particularly effective in addressing the limitations of previous
methods, which often relied on isolated acoustic or textual features.

The comparative analysis demonstrated the superiority of the
proposed model over both traditional machine learning techniques
and recent deep learning approaches. While some state-of-the-art
models achieved high accuracy, their lack of comprehensive feature
integration or reliance on multimodal data limited their adaptability.
In contrast, our approach, focused on audio-only data, achieved
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a well-balanced performance across multiple evaluation metrics,
highlighting its reliability for real-world applications.

The findings underscore the potential of the proposed model
as a robust tool for Alzheimer’s dementia detection in clinical and
real-world settings. However, future work should aim to address
its limitations by incorporating multimodal data, such as facial
expressions and behavioural cues, and optimizing the architecture for
deployment on resource-constrained devices. By further enhancing
its scalability and versatility, the model could serve as a valuable
asset in early diagnosis and personalized care for individuals with
Alzheimer’s dementia.** >
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