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Abstract—Early detection of Alzheimer’s disease via speech-
based biomarkers offers a scalable, non-invasive alternative to
traditional diagnostics. Prior studies have examined semantic
or prosodic features separately, but the unified integration of
pause cues to the semantic representation remain under-explored.
The paper introduces a fuzzy pause-aware framework for the
detection of Alzheimer’s disease (AD) using spontaneous speech.
The suggested technique improves language representations by
directly modeling pause dynamics taken from word-level tran-
scriptions based on Whisper. Using fuzzy C-means clustering,
pause durations are sorted into groups that make sense seman-
tically. The resultant pause information is added using pause
tokens and fuzzy membership-based pause embeddings. These
are then combined with frozen BERT-based lexical embeddings
to capture both semantic and prosodic signals associated to
cognitive disfluency. A Transformer-based model with attention
pooling and pause statistics fusion is then used to arrange the
merged representations. Experiments conducted on the ADReSSo
dataset show that the suggested method yields an accuracy of
77.46%, which is better than several state-of-the-art baselines.
The findings validate that adaptive, data-driven modeling of
pause patterns substantially improves the discriminative efficacy
of speech-based Alzheimer’s disease detection systems. This work
underscores the importance of integrating prosodic information
with linguistic representations to maintain a robust cognitive.

Index Terms—Alzheimer’s disease detection, pause-aware
modeling, fuzzy C-means clustering, Whisper, BERT embeddings,
Transformer classifier, attention pooling, ADReSSo.

I. INTRODUCTION

Alzheimer’s Disease (AD) is a neurodegenerative condition
where patients experience aphasia caused by brain lesion.
Traditional methods for detecting Alzheimer’s disease are
time-consuming and costly, imposing a significant burden on
families and society [1], [2]. Alzheimer’s typically begins
with subtle symptoms, and it is difficult to recognize at early
stage. People may start forgetting recent events, conversations,
or familiar places. They might struggle with everyday tasks.
Language difficulties also emerge, patients often take longer
pauses during conversations, lose their train of thought, or
have trouble finding the right word. Cognitive impairments

are generally recognized through various methods, including
clinical evaluations and cognitive assessments [3] (such as
MMSE and MoCA), and imaging modalities [4] (such as MRI,
and PET). These methods tend to be costly and may not be
readily available. Since, speech-based detection of Alzheimer’s
Disease offers advantages such as low cost, non-invasiveness,
and convenient operation [5], [6], it holds great potential for
broad application.

II. RELATED WORK

The detection of Alzheimer’s Disease (AD) through speech
recordings has gained considerable attention in recent research,
has led to the exploration of natural language processing
techniques for reliable AD detection [7]. Prior works [8]–[11]
have focused on acoustic and linguistic features, but temporal
markers such as pauses remain underutilized, despite their
established role in reflecting hesitation, memory retrieval, and
slowed processing in impaired individuals.

Yuan et al. [12] fine-tune the pre-trained Transformer lan-
guage models (BERT and ERNIE) on spontaneous speech
transcripts to detect AD, focusing on linguistic disfluencies.
Zhu et al. [13] proposes WavBERT, a hybrid model that
combines Wav2vec, and BERT, that leverages both semantic
and non-semantic information from speech. Also extended
WavBERT model to estimate inter-word pause duration, and
to include the non-semantic information in dementia detection.
Haulcy et al. [14] examined the effectiveness of both audio-
based and text-based features extracted from speech for AD
classification and MMSE score prediction using ADReSS
dataset. Demonstrated the strong performance of pre-trained
BERT embedding as feature for both classification and regres-
sion. Liu et al. [8] proposed a non-text based, acoustic-only
method for detecting AD using pause-patterns in spontaneous
speech. Extracted Voice Activity Detection (VAD) based pause
features which introduces a binary/non-pause feature sequence
from raw audio. Roshabzamir et al. [15] used pre-trained
transformer-based language models (like BERT, XLNet, and



XLM) eliminating the need for hand-crafted features. Among
these, BERTLarge sentence-level embeddings with logistic
regression. Pu et al. [16] introduces a novel method to enhanve
AD detection from spontaneous speech by integrating pause
information into a language model (BERT), capturing both
semantic and temporal features. Wang et al. [17] introduces a
language-independent, interpretable and statistical rule-based
method for detecting AD across multiple languages using
scale-based z-score features.

III. PROPOSED WORK

Speech has gained attention as a promising biomarker for
early detection of AD. Pause patterns have been consistently
identified as critical indicators, and their correlation with
cognitive load, hesitation, and language planning deficits seen
in AD patients has been well established. Recent studies have
utilized fixed, hard-coded pause thresholds. To address these
limitations, this work introduces a cluster-based approach
using fuzzy c-means clustering. It categories pauses into three
categories (short, medium, and long). This clustering-based
method aims to reflect the speech features, associated with
cognitive decline more accurately. These pause categories are
then transformed into pause tokens and incorporated into tran-
scription to enable pause-aware embedding extraction using a
pre-trained BERT model. The resulting embedding features
are subsequently used for classification with a Transformer-
based model to distinguish AD from cognitively normal (CN)
speech. The overall architecture of the proposed pause-aware
Alzheimer’s detection system is illustrated in Figure 1. It
integrates pause clustering and BERT-style embeddings into
a Transformer classifier.

A. Dataset

This study utilizes Alzheimer’s dementia recognition
through spontaneous speech only (ADReSSo) [18] dataset,
introduced at Interspeech 2021, consisting of 237 speech
recordings acquired from a picture description task for AD
and CN. The training set contains 166 files (87 AD, 79 CN),
and the test set includes 71 samples (36 AD, 35 CN).

B. Speech Transcription and Pause Extraction

Each speech recordings are first transcribed into word-
level sequence using Whisper, an automatic speech recognition
(ASR) model. It returns the time-aligned transcription, where
each word is associated with its start and end timestamps.
This enables accurate modeling of temporal speech dynamics.
Pause are extracted using the word-level timestamps, as the
temporal gap between the end time of a word and the start
of the subsequent word. A minimum duration threshold of
50ms were removed to avoid noise. Each detected pause is
represented with its duration and the relative position within
the word sequence. These pause information helps capturing
hesitation and processing time associated with cognitive im-
pairment, form the basis for pause modeling and embedding.

C. Pause Modeling via Hard Thresholding and Fuzzy Clus-
tering

In ADReSSo speech dataset , the presence of pauses can
reflect symptoms of cognitive impairments, as they are closely
related to cognitive load, hesitation, and language planning
difficulties [19], [20]. To incorporate pause features into our
framework, pause durations are extracted from speech sam-
ples using word-level timestamps obtained from the Whisper
model. Given a sequence of words with start and end times,
pauses are computed as:

P = {δi = si+1 − ei | δi ≥ θ},

where si and ei denote the start and end times of the ith word,
respectively, and θ = 50ms is used as the minimum pause
duration threshold.

1) Hard Threshold-Based Pause Categorization: Pause du-
rations are categorized using fixed, manually defined thresh-
olds. Each pause δi is assigned to one of the category (e.g.,
short, medium, or long) based on predefined duration ranges
[19], [20]. While this approach is simple and computationally
efficient, it assumes sharp boundaries between pause types. It
can lead to misinformation about the temporal fluency of the
conversation.

2) Fuzzy C-Means Clustering Based Pause Modeling: To
overcome the limitations of hard thresholding, Fuzzy C-Means
(FCM) clustering is employed to enable soft partitioning of
pause durations. The FCM partitions the set of pause durations
into C clusters by minimizing the objective function:

Jm =

M∑
i=1

C∑
j=1

um
ij∥δi − cj∥2,

where cj denotes the centroid of the jth cluster, uij ∈ [0, 1]
represents the degree of membership of pause duration δi to
cluster j, and m > 1 controls the fuzziness of the partition.
In this study, m is set to 2, and the number of clusters C is
varied from 2 to 5, to study its impact on performance.

Instead of assigning each pause to a single cluster, the
membership vector u(δ) = [u1(δ), . . . , uC(δ)] is employed
and used to construct a pause embedding via a weighted
combination of learnable cluster prototypes. This formulation
better reflect natural speech variability while preserving the
pause related information. Figure 2 visualizes the pause dura-
tion clusters obtained using FCM.

D. Pause-Aware Embedding Representation

To incorporate temporal pause information into lexical rep-
resentations, a pause-aware embedding mechanism is intro-
duced on top of frozen BERT embeddings. Given a Whisper-
generated word sequence augmented with pause tokens, the
sequence is first encoded using a pretrained BERT model.
Let H = [h1,h2, . . . ,hT ], where ht ∈ R768 denotes the
contextual embedding of the tth token.

For each pause occurrence, the corresponding pause dura-
tion δ is mapped to a fuzzy membership vector µ(δ) ∈ RC

obtained from Fuzzy C-Means clustering. A learnable pause
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Fig. 1: Overview of the proposed system for Alzheimer’s Disease (AD) classification from speech. The pipeline consists of
three stages: (1) Dataset comprising picture description tasks, (2) Feature Embedding via Whisper transcription and fuzzy
C-means clustering of pauses to generate pause-aware embeddings, and (3) Transformer-based classification using attention
pooling and fully connected layers to distinguish AD from cognitively normal (CN) participants.

(a) Fuzzy C-Means based pause clustering. (b) Hard-threshold based pause clustering (log scale).

Fig. 2: Comparison of pause duration clustering approaches for both Fuzzy C-Means based and Hard-threshold pause clustering.

embedding is then computed as a weighted combination of
cluster prototypes:

p(δ) = µ(δ)⊤Wp,

where Wp ∈ RC×768 is a trainable pause embedding matrix.
The pause-aware token representation is formed by injecting

the pause embedding into the corresponding BERT embed-
ding:

h̃t =

{
ht + p(δ), if token t corresponds to a pause,
ht, otherwise.

This additive fusion strategy preserves the original lexical
semantics while enriching the representation with temporal
pause information. The resulting pause-aware embedding se-
quence H̃ is then passed to the downstream Transformer-based
classifier.

E. Transformer-Based Classification with Pause Statistics

The pause-aware embedding sequence is classified using a
Transformer-based architecture designed to model long-range
contextual dependencies. Given the pause-enriched token rep-
resentations H̃ ∈ RT×768, a multi-layer Transformer encoder
is applied to further capture higher-order interactions among
lexical and pause-related cues.

To obtain a fixed-dimensional utterance-level representation,
an attention pooling mechanism is employed.

Specifically, a learnable attention layer assigns importance
weights to each token representation, producing a weighted
sum that emphasizes diagnostically salient regions of the
sequence. This results an embeddingz ∈ R768. In addition
to token-level representations, global pause statistics are in-
corporated to capture coarse temporal speech features. For
each recording, three pause-level features are computed: (i)
the total number of pauses, (ii) the mean pause duration, and
(iii) the standard deviation of pause durations. These statistics
are normalized and concatenated with the pooled Transformer
representation:

z′ = [z; s],

where s ∈ R3 denotes the pause statistics vector.

The fused representation z′ is passed through a fully con-
nected classification head to predict the cognitive status of
the speaker. This joint modeling of contextual embeddings
and global pause statistics enables the classifier to leverage
both fine-grained lexical patterns and coarse temporal speech
behavior relevant to Alzheimer’s disease detection.



IV. EXPERIMENTAL RESULTS

A. Evaluation Metrics

In this study, the evaluation metrics used to validate our
proposed model are same as suggested in the ADReSSo
challenge. AD classification will be evaluated through the
following metrics:

Accuracy =
TN + TP

N
(1)

Specificity =
TN

TN + FP
(2)

F1-score =
2 · TP

2 · TP + FP + FN
(3)

where, N is the number of patients, TP is the number of true
positives, TN is the number if true negatives, FP is the number
of false positive, and FN is the number of false negative.

B. Experimental Setup

The proposed pause-aware classification framework was
tested on the ADReSSo dataset. We used 10-fold stratified
cross-validation on the training set to make sure that the class
distribution was even across all folds. The AdamW optimizer
with a learning rate of 3× 10−4 was used to train the model
for 30 epochs for each fold, with weighted cross-entropy
loss. Standard scaling based on the training data was used
to normalize the pause-level statistical characteristics. Exper-
iments were performed in a Kaggle environment utilizing an
NVIDIA Tesla GPU and the PyTorch framework. To speed up
repeated runs and make sure they could be repeated, whisper
transcriptions were stored.

C. Ablation Study

Table I summarizes the model variations, indicating the
presence or absence of lexical embeddings, pause tokens,
fuzzy membership modeling, pause embeddings, and the num-
ber of pause clusters applied. Table II displays the outcome
for each version given in Table I, illustrating the relevance of
FCM pause token integration.

The model M1 utilized BERT-based lexical embeddings,
without including pause information and achieves an accuracy
of 71.83% with an F1-score of 69.70%. Models M2 and M3
introduces hard-threshold pause tokens with fixed duration
bounds. M2 employs thresholds of [500, 1000] ms to distin-
guish short with long pauses, while M3 uses wider thresholds
of [500, 1500] ms to capture longer hesitation patterns. These
variants might increase recall in some situations but they don’t
always improve overall performance. This suggests that fixed
pause boundaries don’t accurately represent the differences
across speakers.

On the other hand, models M4–M7 apply fuzzy C-means
clustering to represent pause lengths adaptively. M4 associates
with 2 clusters, M5 with 3 and so on. Among these, M5
(three pause clusters) obtains the highest performance, with
an accuracy of 77.46% and an F1-score of 78.38%, with a
considerable improvement in recall (82.86%). Increasing the

TABLE I: Ablation configurations showing the presence (✓)
or absence (×) of pause-aware components and the number
of pause clusters used.

ID Text Pause Fuzzy Pause #
(BERT) Token Membership Embed. Clusters

M1 ✓ × × × –
M2 ✓ ✓ × ✓ –
M3 ✓ ✓ × ✓ –
M4 ✓ ✓ ✓ ✓ 2
M5 ✓ ✓ ✓ ✓ 3
M6 ✓ ✓ ✓ ✓ 4
M7 ✓ ✓ ✓ ✓ 5

number of clusters beyond three leads to no improvement,
demonstrating that too much detailing may produce noise
rather than useful difference. Overall, the ablation results
suggest that adaptive pause modeling using fuzzy clustering
is more successful than hard-coded thresholding and that a
reasonable number of pause clusters offers the optimal trade-
off between expressiveness and robustness.

D. Comparison with State-of-the-Art

Table III compares the proposed methodology with the
existing SOTA methods on the ADReSSo dataset. Existing
methods, including CNN-based models and VAD-based pause
features with eGeMAPS, results in accuracies between 64.79%
to 71.74%. The proposed pause-aware framework consis-
tently outperforms these approaches. In particular, the M5
configuration results the highest accuracy (77.46%) and F1-
score (78.38%), highlighting the value of incorporating pause
dynamics directly into contextualized language embeddings
rather than considering pauses as isolated acoustic variables.
These results imply that modeling pauses as soft, cluster based
semantic signals permits more efficient merging of lexical
and prosodic information, leading to enhanced identification
of cognitive impairment.

E. Discussion

The experimental results suggest that pause patterns provide
a significant cue for speech-based Alzheimer’s identification
when modeled adequately. Fixed pause thresholds provide
little flexibility, but fuzzy clustering captures complex tem-
poral fluctuations associated with cognitive stress and speech
planning deficiencies.

Moreover, integrating pause information directly into token-
level representations allows the Transformer classifier to lever-
age pause–word interactions that are unavailable to typical
acoustic feature pipelines. The continuous improvement found
with fuzzy clustering-based models shows the necessity of
adaptive, data-driven pause modeling for robust and inter-
pretable clinical speech analysis.

Computational Complexity Analysis: The hard-threshold
method involves simple operations with negligible cost. The
proposed approach introduces a small additional computa-
tional overhead due to clustering; however, this overhead is
minimal and does not significantly affect the overall pipeline.



TABLE II: Ablation results on the ADReSSo21 diagnostic test
set.

ID Accuracy (%) Precision (%) Recall (%) Specificity (%) F1-score (%)
M1 71.83 74.19 65.71 77.78 69.70
M2 73.24 72.22 74.29 72.22 73.24
M3 71.83 70.27 74.29 69.44 72.22
M4 64.79 75.00 42.86 86.11 54.55
M5 77.46 74.36 82.86 72.22 78.38
M6 69.01 63.83 85.71 52.78 73.17
M7 71.83 70.27 74.29 69.44 72.22

TABLE III: Comparison with state-of-the-art methods on
ADReSSo dataset

Method Accuracy Precision Recall F1-score
Baseline [18] 64.79% –% –% –%
4-Layer FCNN [17] 71.74% 69.57% 72.73% 71.11%
VAD Pause feature and eGeMAPS [8] 70.70% –% –% –%
Proposed (M1) 71.83% 74.19% 65.71% 69.70%
Proposed (M3) 71.83% 70.27% 74.29% 72.22%
Proposed (M5) 77.46% 74.36% 82.86% 78.38%

F. Conclusion and Future Work

We propose a pause-aware approach for detecting
Alzheimer’s disease using spontaneous speech in this study.
The proposed approach captures temporal disfluencies that
indicate cognitive impairment by combining fuzzy C-means
clustering of pause durations with Whisper-based transcrip-
tions. The pause information is added by using distinct pause
tokens and fuzzy membership-based pause embeddings, which
are combined with frozen BERT-based lexical representations.
We employ a Transformer-based architecture with attention
pooling and pause statistics fusion to classify the resulting
pause-aware embeddings. This works better on the ADReSSo
dataset than previous baselines.

The experimental results show that adaptive, data-driven
pause modeling works better than set hard-threshold tech-
niques. The findings additionally show that a reasonable
number of pause clusters gives the optimum balance between
robustness and discriminative power. Future research will
investigate more structured representations of pause dynam-
ics, such graph-based or hierarchical Transformer models, to
improve diagnostic accuracy and model interpretability.
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