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Abstract

Speech pauses serve as a valuable and non-invasive biomarker
for the early detection of dementia. Our study aims to exam-
ine abnormal pauses, specifically their durations, for improv-
ing the detection performance. Inspired by the proven perfor-
mance of the Transformer-based models in dementia detection,
we opted for integrating the abnormal pauses into these models.
Specifically, we enriched the inputs for the Transformer-based
models by fusing between-segment pause context into the au-
tomated transcriptions. We performed the experiments on our
Cantonese elderly corpus called CU-Marvel. To improve the
detection performance, we optimized the pause durations when
infusing the pause context into the transcriptions. Our findings
suggest that the between-segment pauses could also serve as
promising biomarkers. We emphasize the importance of op-
timizing pause patterns across different languages or datasets.
Our findings indicate that various classification tasks prefer dis-
tinct patterns of pause infusing.

Index Terms: Dementia detection, text-based embeddings, dis-
fluecnies, pauses

1. Introduction

Dementia is a significant cognitive impairment that can greatly
impact the health and daily functioning of those affected. The
most common form of dementia is Alzheimer’s disease (AD).
The disease has a huge impact on the quality of life, not only for
individuals with dementia but also for their families and care-
takers. Fortunately, with effective detection of early demen-
tia, disease-modifying medications and interventions are possi-
ble. Recent advancements in antibody therapy showed promise
in slowing the progression of early-stage AD [1, 2]. More re-
cently, the U.S. Food and Drug Administration (FDA) has also
approved a new generation of amyloid beta (A) monoclonal
antibody, the donanemab, for the treatment of early-stage AD.!
This shows great promise for managing and potentially slowing
down the progression of dementia if early-stage of dementia is
detected.

Currently, assessments of dementia can be classified into
three categories: (1) genetic analysis, which focuses on iden-
tifying genotypes like apolipoprotein E (APoE) [3]; (2) de-
tection of serological biomarkers, such as brain-derived neu-
rotrophic factors [4], AS plaques, and neurofibrillary tangles of
tau protein [5]; (3) utilization of brain imaging techniques such
as magnetic resonance imaging (MRI) [6]. However, most of
these assessments are invasive and often not easily accessible

https://www.fda.gov/drugs/news—events-human—
drugs/fda-approves—-treatment-adults—alzheimers
—disease

to detect early-stage of AD in clinical practices. Some find-
ings suggest that individuals with dementia display language
deficits in the pre-clinical stages of the disease, indicating that
such deficits may manifest even before the clinical diagnosis
is made [7, 8]. Consequently, early detection of dementia can
be achieved through speech and language analyses. It can also
offer easily accessible biomarkers through neuropsychological
assessments for disease prediction and monitoring.

This study focuses on automated assessments of dementia
through speech and language analysis. To achieve this, we ex-
amine a speech biomarker that is independent of the content
of spoken language, specifically the speech pauses, for the de-
tection of dementia. Although pauses are common in speech,
there is a distinction between normal and abnormal pauses. Our
study aims to examine abnormal pauses, specifically their dura-
tions, for the detection of dementia. Inspired by the proven per-
formance of Transformer-based models in dementia detection,
we opted for integrating the abnormal pauses into these mod-
els. Specifically, we enriched the inputs for the Transformer-
based models by fusing pause context into the automated tran-
scriptions. We performed the experiments on our Cantonese
elderly corpus called CU-Marvel. To improve the detection per-
formance, we optimized the pause durations when infusing the
pause context into the transcriptions.

2. Related Work

Recently, Transformer-based models have become increasingly
prevalent in dementia detection, demonstrating superior detec-
tion performance. In [9], the BERT [10] and ERNIE [11] mod-
els were fine-tuned to capture the language characteristics of
the speakers in ADReSSo 2021 challenge [12]. Li et al. [13]
extracted BERT features from both manual and automatic tran-
scriptions. Their results demonstrate the effectiveness of the
BERT features for dementia detection.

There have been several studied investigating the speech
pauses in dementia detection. Braun et al. [14] examined dif-
ferent groups of speech pauses for dementia detection. They
also investigated the effect of incorporating pause information
from the acoustic context into the text-based assessment using
cross-attention. Their findings suggested that the selection of
the test should be tailored based on the specific task require-
ments. Specifically, the verbal fluency test (VFT) was most ef-
fective in distinguishing individuals with MCI from HCs when
the text-based assessment could learn from acoustic informa-
tion.

Syed et al. [15] compared the efficacy of BERT and its
derivatives, including DistilBERT [16] and RoBERTa [17], for
capturing the structural and linguistic properties of the tran-
scriptions. They also introduced a special pre-processing step
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that integrates silence durations into the transcriptions. Specif-
ically, when the duration was between 2s and 4s, they added
<uhm> to the transcriptions. If the silence was between 4s and
6s, they added <uhm uhm>. If the silence exceeded 6s, they
added <long silence>.

Yuan et al. [18] applied a special pre-processing step that
encodes pauses in the transcriptions for AD detection. More
precisely, the pauses were divided into three groups accord-
ing to their durations: G1 (pauses between 0.05s and 0.5s),
G2 (pauses between 0.5s and 2s), and G3 (pauses longer than
2s). Three groups of pauses were encoded using three punc-
tuations <.>, <..>, and <...>, respectively. Finally, the
Transformer-based models, BERT [10] and ERNIE [11], were
fine-tuned using the pre-processed transcriptions as input.

Dominguez et al. [19] investigated speech pauses among
three groups of participants, including — healthy older adults
(HCs), individuals with mild cognitive impairment (MCI), and
AD patients — based on a picture-story description task. They
used maximum likelihood estimation (MLE) to fit the pause
distributions and divided them into three truncated bins: G
(pauses between 0.2s and 0.6s), G2 (pauses between 0.6s and
1.5s), and G'3 (pauses longer than 1.5s).

The authors in [20] proposed a pause distribution de-
rived from the data-driven analysis of the INTERVIEW dataset
[21]. They empirically categorized pauses into six groups
based on the distribution: 0.05-0.1s, 0.1-0.3s, 0.3-0.6s, 0.6—
1.0s, 1.0-2.0s, and >2.0s. They enriched the transcrip-
tions by representing the respective groupings using two to
seven dots, as follows: <..>, <...> <....> <.....
...... Subsequently, they re-trained
BERT and RoBERTa [17] using the pause-enriched transcrip-
tions for the following AD recognition and emotion recognition
tasks.

3. Method

This section begins with describing the Cantonese corpus col-
lected for the screening and monitoring of neurocognitive dis-
orders (NCD). Subsequently, we explain the process of fine-
tuning the Transformer-based model for the detection of de-
mentia. We then describe the infusing of pause context into
the transcriptions, followed by an explanation of how the pause
durations were optimized.

3.1. CU-Marvel Cantonese Corpus

Cantonese is one of the major Chinese dialects that has over
80 million native speakers in Southern China. We collected
the CU-Marvel corpus for the research on the screening and
monitoring of NCD based on spoken language technologies. A
series of cognitive tests, including — Boston naming tests, log-
ical memory and recognition tests, Montreal Cognitive Assess-
ment (MoCA) tests, and picture description tests — were given
to each participant for assessing the mild cognitive impairment
(MCI) and dementia in older adults. According to the assess-
ment results, 553 participants were divided into three groups:
349 healthy older adults (HCs), 167 older adults having minor
NCD, and 37 older adults suffering from major NCD.

The corpus was split into a training set and a test set to
maintain balance across categories and ages within these two
sets, as shown in Table 1. A three-minute rabbit story picture
description test was chosen as the narrative speech task for the
experiments, as shown in Fig. 1.
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Figure 1: The cartoon pictures used in the rabbit-story picture
description test.

3.2. Transformer-Based Models Fine-Tuning

As no manual transcriptions were provided, we utilized auto-
matic speech recognition (ASR) techniques to transcribe the
speech recordings into automated transcriptions. Specifically,
we utilized an wav2vec 2.0 ASR system that was tailored to en-
hance the accuracy of transcribing elderly Cantonese speech in
Hong Kong [22]. The system achieved a character error rate
(CER) of 16.27%.

To encode the automatic transcriptions, we selected Bidi-
rectional Encoder Representations from Transformers (BERT)
[10] as the pre-trained masked language model for natural lan-
guage processing. We employed a specific BERT variant,
known as bert-base-cantonese?, which is a pre-trained version
of bert-base-chinese’ on the Cantonese Common Crawl dataset.
The transcriptions were input into the BERT model, and the
[CLS] embeddings of the last hidden state were fed into the final
classification layers. During the training, the whole model was
fine-tuned to classify the participants into HCs, minor NCD, or
major NCD.

3.3. Pause-Enriched Transcriptions

We analyze the between-segment pauses detected by the ASR
system. We exclude between-character pauses as their identifi-
cation requires precise alignment between the transcriptions and
speech recordings [18]. However, obtaining accurate character-
level alignment is challenging due to errors in the automatic
transcriptions. The distributions of between-segment pauses
from the CU-Marvel training data are illustrated in Fig. 2. It
shows that minor NCD and major NCD tend to have more
between-segment pauses than HCs, particularly the long pauses
(>2.5s). This indicates that minor NCD and major NCD pro-
duce a higher number of short speech segments, with longer
pauses between the segments. In contrast, the HCs tend to pro-
duce fewer but longer speech segments. It also shows that minor
NCD and major NCD exhibit a higher median pause duration
compared to HCs.

To infuse speech pauses into the transcriptions, we first cat-
egorized and assigned them to different groups (in seconds):

1) PI (1 group of pauses): [0.2,4+00) [14].

Zhttps://huggingface.co/indiejoseph/bert-base-cantonese
3https://huggingface.co/google-bert/bert-base-chinese



Table 1: Characteristics of the CU-Marvel dataset.

Training set Test set

HCs Minor NCD  Major NCD HCs Minor NCD Major NCD
No. of subjects 275 133 27 74 34 10
Age (years) 70 [65,74]  75[69, 81] 81 [78, 85] 70[66,74.8] 70[67,79.8] 84[82.2,86.5]
Educations (years) 96, 11] 704, 11] 6(2,9] 8.51[6, 11] 6[6,9] 411.25,6.75]
MoCA scores 24121,27] 20[17,22] 15[9.5,17.5] 24 121, 27] 20 [18, 23] 13.5[12, 16.8]
Language Cantonese
Task Rabbit-story picture description
Manual transcriptions No

HCs: healthy older adults; NCD: neurocognitive disorders.
The values are presented as median [interquartile range].

Figure 2: The distributions of between-segment pauses from
various categories of the CU-Marvel training data. In each
box, the red line represents the median pause duration of the
category.
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2) P2 (3 groups of pauses)
* [0.05,0.5), [0.5,2.0], (2, +00) [18]
* [0.2,0.6], (0.6, 1.5), [1.5,+00) [19]

3) P3 (6 groups of pauses): [0.05,0.1], (0.1,0.3], (0.3,0.6],
(0.6,1.0], (1.0, 2.0], (2, +o0) [20].

The P1 grouping is derived from [14], in which pauses last-
ing 0.2s or longer were encoded as a special token in transcrip-
tions for detecting dementia in a German dementia dataset. The
P2 grouping ([0.05, 0.5), [0.5, 2.0], (2, +00)) [18] was empiri-
cally determined from the data analysis of the ADReSS English
dataset. They divided pauses as short (between 0.05s and 0.5s),
median (between 0.5s and 2s), and long (longer than 2s) pauses
and encoded them using three special tokens. The P2 grouping
([0.2,0.6], (0.6,1.5), [1.5,+00)) [19] also divided the pauses
into three groups, where the group boundaries were established
by using MLE to fit the pause distributions across three partic-
ipant categories. The P3 grouping [20] used six special tokens
to separately encode each group of pauses. The pause group-
ing was empirically established through a data-driven analysis
of the INTERVIEW dataset [21].

During training, the enriched transcriptions were input into
the BERT model for classification. The extra special tokens
were added to the BERT tokenizer and the model embeddings
were adjusted to the new vocabulary length.

3.4. Optimizing Pause Context

For training the BERT models, an Adam optimizer with a learn-
ing rate of 0.001 was used to optimize the models’ parameters.
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The batch size was set to 64 and the maximum training epochs
was set to 50. To address the class imbalance in the training set,
we opted for using the Focal Loss [23] as the loss function with
the aim of mitigating the effects of the imbalance. During the
training process, early stopping was employed to mitigate the
risk of overfitting on the limited training data.

In addition to validating the performance of baseline P1-P3
grouping in our Cantonese dataset, we conducted 5-fold cross-
validation (CV) and grid search to optimize the pause group-
ings. More specifically, the model was trained and evaluated
for each of the candidate pause groupings in the search space
using the 5-fold CV. The optimal pause grouping was deter-
mined if the pause grouping obtained the best mean detection
performance during the CV. We optimize the pause groupings
using the following search space:

1) P1 (1 group of pauses): [0.2, +00); [0.25, +00); [0.5, +00);
[1.0,400); [1.5,400); [2.0,400); [2.5,4+00); [3.0,+00);
[3.5,400); [4.0, 4+00).

2) P2 (3 group of pauses):

« [0.05,0.5), [0.5,2.0], (2, +00)
0.2,0.6], (0.6, 1.5), [1.5, +00)

[
[
[0.25,0.5), [0.5, 1.0],(1.0, +00)
[
[
[

3

0.25,0.5), [0.5,2.0,(2.0, +00)
0.5,1.0), [1.0,2.0], (2.0, +0o0)
0.5,2.0), [2.0,4.0], (4.0, +00)
[1.0,2.0), [2.0,4.0], (4.0, +00)
The search space of P1 was defined to identify abnormal pause

durations in speech, and the search space of P2 was established
to explore more suitable groupings for our Cantonese dataset.

After optimizing the pause groupings, we applied the op-
timal pause grouping to train the BERT model and report the
results on the CU-Marvel test dataset. The performance metrics
include accuracy (ACC) and F} scores.

4. Results

Table 2 presents the binary classification results comparing HCs
and minor NCD, with the best result obtained from our P1
([2.5, +00)), surpassing the BERT models. Additionally, base-
line P1 [14] also performs well on the CU-Marvel test data.
Comparing baseline P1 [14] and our P1 ([2.5, +-00)) reveals that
in the binary classification between HCs and minor NCD, better
performance is achieved by encoding only long pauses (>2.5s).
If we only encoding the long pauses (>2.5s), the transcriptions
of minor NCD exhibit more pause tokens compared to the HCs.
This is due to minor NCD have more long pauses than the HCs,
as illustrated in Fig. 2. This higher number of pause tokens



Table 2: The results on the CU-Marvel test data (HCs vs. minor

Table 4: The results on the CU-Marvel test data (minor NCD

NCD,). vs. major NCD).

[ Method | Pause grouping | Pause durations [ ACC  FI (mean) | [ Method | Pause grouping | Pause durations [ ACC  Fi (mean) |

BERT - - 0.672 0.597 BERT - - 0.718 0.622

PIT14] [0.2, ¥0) 0.676  0.637 PI14] [0.2, ¥0) 0795  0.706

Bascline P2[18] [0.05,0.5), [0.5,2.0], (2, +00) | 0.670  0.602 Baseline P2[18] [0.05,0.5), [0.5,2.0], (2,+00) | 0.800  0.675

P2[19] [0.2,0.6], (0.6, 1.5), [1.5,+00) | 0.665 0.595 ) P2 [19] [0.2,0.6], (0.6,1.5), [1.5,+00) | 0.818 0.668

P3 [20] [0.05,0.1],- -+, (2, +00) 0.680 0.602 P3 [20] [0.05,0.1],- -+, (2, +00) 0.818 0.700

Ours P1 [2.5,4+00) 0.698 0.659 Ours P1 [0.2, 4+00) 0.795 0.706

‘ P2 [0.05,0.5), [0.5,2.0], (2, +00) | 0.670  0.602 P2 [0.05,0.5),[0.5,2.0], (2,+00) | 0.800  0.675

Table 3: The results on the CU-Marvel test data (HCs vs. major

NCD).

[ Method | Pause grouping | Pause durations [ ACC Fi (mean) |

BERT - - 0.885 0.790

P1 [14] [0.2, 4+00) 0.881 0.755

Bascline P2 [18] [0.05,0.5), [0.5,2.0], (2,4+00) | 0.857 0.759

P2 [19] [0.2,0.6], (0.6,1.5), [1.5,+00) | 0.902 0.809

P3 [20] [0.05,0.1], - , (2, +00) 0.883  0.789

Ours PI 2.0, T00) 0904 0812

‘ P2 [1.0,2.0), [2.0,4.0], (4.0, +00) | 0.924  0.832

renders the transcriptions more fragmented, which is different
from the HCs, and thus achieving better results. Baseline P2
[18] and P3 [20] exhibit only slightly better performance than
the BERT models. Additionally, the performance of baseline P2
[19] exhibits slightly lower performance compared to the BERT
models. The findings suggest that enriching transcriptions with
pause context may not necessarily improve detection perfor-
mance. On one hand, baseline P2 [19] utilized between-word
pauses, whereas in our dataset, only between-segment pauses
were used, making it hard to apply pause grouping directly. On
other hand, while baseline P2 [19] determined pause grouping
by fitting pause distributions using MLE, their pause distribu-

tions might differ from those in our dataset.

The binary classification results between HCs and major
NCD are presented in Table 3. It is observed that both our P1
and P2 groupings outperform the BERT models, with our P2
group showing superior performance. This indicates that this
binary classification task benefits more from encoding three dis-
tinct groups of pauses compared to encoding just one group of
pauses. P1 [14], P2 [18], and P3 [20] perform worse than the
BERT models. This again suggests the pause groupings from
other datasets or languages cannot be directly applied to our

Cantonese dataset.

The binary classification results comparing minor NCD and
major NCD are shown in Table 4, revealing that the pause
grouping adopted from P1 [14] obtained the best performance.
P1 grouping [14] encoded nearly all pauses because most of the
pauses are longer than 0.2s in our dataset, as shown in Fig. 2.
This result suggests that the binary classification between mi-
nor NCD and major NCD benefits from encoding almost all the
pauses, focusing on positional rather than temporal pause infor-

mation.

Table 5 shows the three-class classification results among
HCs, minor NCD, and major NCD on the CU-Marvel test data.
In this classification, our P1 ([1.5, +-00)) achieves the best per-
formance, surpassing the BERT models and the baseline group-
ings. Some of the baseline grouping perform worse than the

BERT models, including P1 [14] and P3 [20].
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Table 5: The results on the CU-Marvel test data (HCs vs. minor

NCD vs. major NCD).

[ Method | Pause grouping | Pause durations [ ACC  Fi (mean) |

BERT - - 0.627 0.527
P1[14] [0.2, +00) 0.602 0.514

Baseline P2 [18] [0.05,0.5). [0.5,2.0], (2,+00) | 0.614  0.530
P2[19] 0.2,0.6], (0.6,1.5), [L5, +00) | 0.617  0.528

P3[20] [0.05,0.1], - , (2, +00) 0.605  0.522

O BT [1.5, Fo0) 0.629 0358
‘ P2 [0.05,0.5), [0.5,2.0], (2, +00) | 0.614  0.530

5. Discussions and Conclusions

In this study, we examine the effectiveness of speech pauses
in combination with Transformer-based models for dementia
detection using our Cantonese corpus. Although we utilized
between-segment pauses, differentiating from previous stud-
ies such as [14, 18, 19, 20], which incorporate both between-
segment and between-word pauses, our research indicates that
between-segment pauses can still serve as a valuable indicator
of dementia. Our results demonstrate that encoding between-
segment speech pauses yielded the best performance (Table 2,

Table 3, and Table 5).

Several studies [14, 18, 19, 20] have indicated that speech
pauses serve as valuable indicators of dementia. However, the
distinctive abnormal pause patterns observed in other languages
cannot be directly applied to our Cantonese dataset. In the bi-
nary classification task distinguishing between HCs and major
NCD (refer to Table 3), incorporating the baseline P1 and P2
significantly impairs the classification performance compared
to the BERT models that without infusing pause context. How-
ever, upon optimizing the durations of P1 and P2, the perfor-
mance surpasses to the BERT models. This emphasizes the im-
portance of optimizing pause patterns to suit the characteristics

of the target dataset.

Different classification tasks prefer different pause infusing
patterns. In the binary classification between HCs and minor
NCD (see Table 2) and the three-class classification scenario
(see Table 5), the best performance was achieved by encoding
only encoding one group of long pauses. Conversely, in the bi-
nary classification of HCs and major NCD (see Table 3), the
model showed improved performance when encoding three dis-
tinct groups of pauses. In the classification between minor NCD
and major NCD (see Table 4), the model benefits from encoding
almost all the pauses, focusing on positional rather than tempo-

ral pause information.

Overall, the use of between-segment pauses in our Can-
tonese corpus demonstrates promising effectiveness, providing
insights into leveraging such pauses to improve dementia de-
tection performance. Subsequent research could explore more

better pause patterns to enhance performance.
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