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Abstract: Background: Early detection of mild cognitive impairment is crucial in the prevention of 
Alzheimer’s disease. The aim of the present study was to identify whether acoustic features can help 
differentiate older, independent community-dwelling individuals with cognitive impairment from 
healthy controls. 

Methods: A total of 8779 participants (mean age 74.2 ± 5.7 in the range of 65-96, 3907 males and 4872 
females) with different cognitive profiles, namely healthy controls, mild cognitive impairment, global 
cognitive impairment (defined as a Mini Mental State Examination score of 20-23), and mild cognitive 
impairment with global cognitive impairment (a combined status of mild cognitive impairment and 
global cognitive impairment), were evaluated in short-sentence reading tasks, and their acoustic features, 
including temporal features (such as duration of utterance, number and length of pauses) and spectral 
features (F0, F1, and F2), were used to build a machine learning model to predict their cognitive im-
pairments. 

Results: The classification metrics from the healthy controls were evaluated through the area under the 
receiver operating characteristic curve and were found to be 0.61, 0.67, and 0.77 for mild cognitive im-
pairment, global cognitive impairment, and mild cognitive impairment with global cognitive impair-
ment, respectively. 

Conclusion: Our machine learning model revealed that individuals’ acoustic features can be employed 
to discriminate between healthy controls and those with mild cognitive impairment with global cognitive 
impairment, which is a more severe form of cognitive impairment compared with mild cognitive im-
pairment or global cognitive impairment alone. It is suggested that language impairment increases in 
severity with cognitive impairment. 

Keywords: Mild cognitive impairment, global cognitive impairment, acoustic analysis, speech, sentence reading, machine 
learning 

1. INTRODUCTION 

Dementia refers to the loss of cognitive functions severe 
enough to disrupt daily life, and Alzheimer’s Disease (AD) 
is the most common type of dementia. As a neurodegenera-
tive condition, AD affects multiple regions of the brain as it 
progresses, and more than one cognitive domain can be im-
paired. In 2017, 15% of the Japanese population above the 
age of 65 was reported to have AD [1], and there is still no 
effective cure available. Mild Cognitive Impairment (MCI) 
is defined as the pathological stage between healthy aging 
and dementia. It is believed that individuals with MCI are at 
an increased risk of developing AD. Therefore, it is impor-
tant to detect cognitive impairment at an early stage, so that 
the progression of MCI can be delayed. 

*Address correspondence to this author at the Panasonic Corporation, 1048, 
Oaza-Kadoma, Kadoma City, Osaka 571-8501, Japan; Tel: +81-6-6908-
5800; Fax: +81-6-6900-2807; E-mail: nagumo.ryosuke@jp.panasonic.com 

Although the impairment of cognitive functions is mostly 
measured through neuropsychological screening tests, for 
example, the Mini-Mental State Examination (MMSE) [2] 
and Montreal Cognitive Assessment (MoCA) [3], these tests 
usually need to be administered by trained professionals. In 
recent years, researchers have attempted to detect cognitive 
impairments through assessment methods that are non-
invasive and less time-consuming. Memory impairment has 
been regarded as the early marker of amnestic MCI and 
early-stage AD, and patients usually suffer from episodic 
memory loss due to the shrinkage of the hippocampus, lo-
cated in the medial temporal lobe and crucial to memory 
function. Meanwhile, studies have also demonstrated that 
language impairment is prevalent among individuals with 
AD, and noticeable changes can appear at an early stage [4]. 
For instance, patients with early-stage AD often have diffi-
culties in picture naming and category fluency tasks, indicat-
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ing impairment in semantics. At the same time, several stud-
ies have suggested impairments in phonetics and phonology 
[5, 6]. Specifically, the verbal fluency is often influenced. It 
was reported that the oral reading of patients with AD is 
marked by temporal features such as reduced speech and 
articulation rate, low effectiveness of phonation time, and 
increases in the number and proportion of pauses [7]. 

Some studies have been conducted to investigate the po-
tential of acoustic features about serving as markers for de-
tecting cognitive impairment. For instance, König et al. de-
tected MCI and AD from healthy controls (HCs) by employ-
ing temporal acoustic features, including duration and ratio 
of pauses, with an accuracy of 79% and 87%, respectively 
[8]. Themistocleous et al. further reported that it is possible 
to differentiate people with MCI from healthy individuals by 
using acoustic features, including vowel duration, vowel 
formant frequency, and fundamental frequency, as predictors 
[9]. The underlying cause of these acoustic changes in 
speech is still not clear, and they could be attributed to 
greater cognitive processing and longer planning time for 
utterance. 

Language is a complex function, and multiple regions of 
the brain are involved in the execution of speech function. 
As cognitive impairment often leads to compromised motor 
performance, it potentially has an impact on speech function. 
Recent studies have reported that patients with AD have a 
high incidence of apraxic disorders in oral and speech func-
tions [10]. As speech production requires coordinated 
movements of articulatory organs, impaired speech planning 
has a potential influence on articulation speed. It has been 
well documented that individuals with MCI and AD dis-
played markedly reduced articulatory agility during an ar-
ticulatory oral motor task, in which the participants were 
asked to produce sequential speech as fast as possible [11, 
12]. 

In this study, we aimed to investigate the possibility of 
differentiating individuals with MCI, global cognitive im-
pairment (GCI, defined as a Mini Mental State Examination 
score of 20-23 and no clinical indications of dementia), and 
MCI with GCI (a combined status of MCI and GCI) from 
HCs by extracting acoustic features from speech. To achieve 
the research goal, we employed four speech tasks to collect 
the utterance data, placing a relatively low cognitive burden 
on the participants.  

The present study is part of a community-based cohort 
study, conducted by the National Center for Geriatrics and 
Gerontology-Study of Geriatric Syndrome, between Septem-
ber 2017 and July 2018, which aimed at establishing a 
screening system for preventing geriatric syndromes. 

2. METHODS 

2.1. Participants 

A total of 10041 elderly people above the age of 65 years 
were recruited from Tokai and Toyoake cities, Aichi, Japan. 
They all received a health check, which included a face-to-
face interview, physical and cognitive assessments, and a 
speaking test.  

Our inclusion criteria were as follows [13, 14]: all par-
ticipants were aged 65 years or older at the time of examina-
tion and resided either in Tokai or Toyoake city. The exclu-
sion criteria were as follows: health problems such as AD, 
stroke, Parkinson’s disease, depression, self-reported MCI, 
and other brain diseases, for example, brain tumor and epi-
lepsy (n = 1118); inability to perform basic activities of daily 
living (ADLs), including eating, grooming, walking, bathing, 
and climbing up and down stairs (n = 19); MMSE score < 
20, which indicates moderate dementia (n = 104) [15, 16]; 
and missing data regarding the exclusion criteria, cognitive 
assessments, and other measurements (n = 21). After apply-
ing these exclusion criteria, 8779 participants (mean age 74.2 
± 5.7 in the range of 65-96, 3907 males and 4872 females) 
out of the initial 10041 respondents were analyzed. 

2.2. Cognitive Evaluation 

All participants completed both the MMSE [2, 17] and 
the National Center for Geriatrics and Gerontology-
Functional Assessment Tool (NCGG-FAT) [18]. The MMSE 
assesses global cognitive abilities including orientation, reg-
istration, attention, calculation, recall, language, and copy-
ing. Participants got MMSE scores in the range of 0-30, the 
lower which shows more severe cognitive impairments. We 
used MMSE to classify participants with GCI, in accordance 
with previous findings [19], and participants with a score of 
20-23 on the MMSE and no clinical indications of dementia 
were considered to have GCI. 

On the other hand, the NCGG-FAT evaluates cognitive 
functions in the following four domains: word memory (im-
mediate recognition and delayed recall), attention (Trail 
Making Test (TMT)-part A), executive function (TMT-part 
B), and processing speed (Digit Symbol Substitution Test). 
Participants were given about 20 minutes to complete the 
battery. These four tests in the NCGG-FAT assessed cogni-
tive impairments according to the standardized thresholds to 
define impairment in the corresponding domain (score < 1.5 
standard deviations below the age-specific mean) previously 
established in population-based cohorts [18]. Therefore, par-
ticipants were scored in the range of 0-4 in the NCGG-FAT, 
score 0 means no impairment in any of the four cognitive 
tests while 1, 2, and 3 mean impairment in 1 test, 2 tests, and 
3 tests, respectively. The participants with a score of 1-4 
were considered to have MCI, and a higher score shows mul-
tiple domain impairments of the cognitive function. In the 
GCI group, participants whose cognitive performance also 
deviated from HCs in NCGG-FAT were considered to have 
more severe cognitive impairment, thus were classified as 
MCI with GCI. 

Given these two scores of cognitive assessments, our op-
erational definitions were as follows [20]: HC: MMSE of 24-
30, NCGG-FAT of 0; MCI: MMSE of 24-30, NCGG-FAT 
of 1-4; GCI: MMSE of 20-23, NCGG-FAT of 0; MCI with 
GCI: MMSE of 20-23, NCGG-FAT of 1-4. 

Although MCI was divided into two categories, that is, 
single domain and multiple domains, according to the degree 
of impairments in the previous study [20], this was not the 
case in the present study because we wanted to maintain the 
large sample size in each category to validate the machine 
learning model, which demands big size data.  
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Table 1 shows the participant characteristics across all 
classes (i.e., HC, MCI, GCI, and MCI with GCI). Of the 
8779 participants, 6343 (72.3%), 1601 (18.2 %), 367 (4.2 
%), and 468 (5.3 %) were part of the HC, MCI, GCI, and 
MCI with GCI groups, respectively. Table 1 also includes 
the results of the MMSE and NCGG-FAT. In the case of 
impairments assessed with the NCGG-FAT, because the 
same participant can belong to more than one impairment 
category, the summed number of participants in all four 
categories can exceed the total number of each group. 

2.3. Voice Recording 

Reading tasks involves simultaneous processing of or-
thographic, phonological, and semantic information, thus 
have been widely used to evaluate language function in indi-
viduals with MCI and AD [21, 22]. In this study, we adopted 
the following four sentence reading tasks to measure cogni-
tive impairments: a) Vowel utterances b) Tongue twister c) 
Diadochokinesis d) Short sentences (see Appendix A). 

The recording procedure was as follows. The recordings 
were conducted in a closed space surrounded by sound-
absorbing materials, supervised by trained staff. If partici-
pants missed the sentence, they were guided to retry the task. 
All the vocal tasks were recorded using an Audio Technica 
H6 Handy Recorder with an Audio Technica SGH-6 Shot-
gun Mic Capsule connected to a PC. The microphone was 
set on a stand placed 10 cm away from the participant’s 
mouth. While the sampling frequency was 44 kHz, the gain 
level was adjusted by the staff to ensure that the recording 
power would not saturate. 

Then, recorded voices were processed with handwritten 
Python programs. Readymade vocal processing software 
(e.g., Praat [23]) was not used given that we wanted to de-
ploy the fully automatic vocal processing system running in 
the server. With regard to the computational calculations, 
participants’ voices were first converted to the time series 
data of power, fundamental frequency, and formant fre-
quency. Then, signals were smoothed by simple moving av-
erage calculation for noise reduction. 

2.4. Acoustic Features 

After the pre-processing, acoustic features were extracted 
from each task. We mainly focused on the acoustic features 
reflecting the temporal characteristics of speech, while fea-
tures in the frequency domain were also extracted in the 
vowel utterance task. 

2.4.1. Vowel Utterance 

This task required the maintaining of articulatory organs 
in the target position and could reflect the speaker’s articula-
tion accuracy [24]. It has been reported that the acoustic fea-
tures of vowels can be used to differentiate individuals with 
MCI from HCs [9]. Therefore, in this task, the mean and 
standard deviations of vowel formant frequency (F1 and F2), 
and fundamental frequency (F0), were measured. Besides, 
the triangular vowel space area and vowel articulation index 
were calculated as possible markers of articulatory impair-
ments [24]. 

 

2.4.2. Tongue Twister 

This task required fast movement between different 
places of articulation, reflecting one’s attention and execu-
tive function. Wutzler et al. suggested that the tongue twister 
task may be able to indicate mild cognitive dysfunction [25]. 
In this task, we extracted features that reflect the speaker’s 
speech tempo, including utterance duration, number of 
pauses, length of pauses, number of uttered syllables, the 
mean and standard deviation of syllable duration, together 
with the mean and standard deviation of the power of maxi-
mum and minimum. 

2.4.3. Diadochokinesis 

Diadochokinesis is a task that has been widely used for 
checking speech planning abilities. Previous studies have 
suggested its potential to detect individuals with MCI from 
HCs [11, 12]. In this task, we extracted the same features 
used in the tongue twister task.  

2.4.4. Short Sentences 

In the final task, the participants were required to read 
two short sentences three times at normal speed. Given that 
this assessment does not tap participants’ memory function, 
it was considered to involve a lower cognitive burden than 
the sentence repeating task conducted in a previous study 
[8]. 

Previous studies have reported temporal changes in the 
speech of individuals with dementia in reading tasks [7, 8]. 
Moreover, Lowit et al. reported that individuals with MCI 
showed significantly smaller changes in articulation rate 
under habitual, fast, and slow conditions compared to HCs 
[26]. Therefore, in the present task, together with the tempo-
ral features measured in the previous two tasks, we also cre-
ated the features of the mean utterance time ratio of tasks b) 
and d). 

2.5. Machine Learning 

Successively to the above procedures, the voices of all 
the participants were converted into numerical feature values 
in a table-data format, given that machine learning models 
were able to predict the cognitive classes from such features. 
We adopted logistic regression as a machine learning model 
of binary classification [27]. The objective function of this 
model was squared error with L2 norm regularization, which 
was intended to decrease the variance of the model. The fit-
ted model was evaluated by the area under the receiver oper-
ating characteristics curve (ROC-AUC), which is robust to 
the imbalance of sample size for each class and independent 
from the threshold of models [28]. As shown in Table 1, the 
numbers of participants in each cognitive class were highly 
imbalanced. 

As the objective variable, we adopted the cognitive im-
pairment class (e.g., MCI, GCI, and MCI with GCI) or the 
impaired domain (e.g., word memory, attention, executive 
function, and processing speed) assessed by the NCGG-FAT 
as the positive label, and HCs as the negative label. As ex-
planatory variables, all features calculated in the procedure 
described in section 2.4 were adopted. We conducted no 
feature selections, for example, statistical tests, before split-
ting the data into train and test to avoid leakage leading to 
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Table 1. Characteristics of participants in the four cognitive groups: HC, MCI, GCI, and MCI with GCI. 

- 
HC  

(n = 6343) 

MCI  

(n = 1601) 

GCI  

(n = 367) 

MCI with GCI 

(n = 468) 

Demographic Variables 

Age (Years) 73.5 ± 5.4 74.9 ± 5.6* 77.2 ± 5.9*, †
 78.5 ± 5.9*, †, ‡ 

Education (Years) 12.0 ± 2.4 11.6 ± 2.4* 10.8 ± 2.2*, † 10.5 ± 2.2*, † 

Male, n (%) 2658 (41.9) 757 (47.3) 230 (62.6) 262 (56.0) 

Cognitive Performance 

MMSE (Score) 27.7 ± 1.9 26.8 ± 1.9* 22.4 ± 0.8*, † 22.0 ± 1.0*, †, ‡ 

Impairments Assessed with the NCGG-FAT 

Word memory, n (%) - 548 (34.2) - 215 (45.9) 

Attention, n (%) - 474 (29.6) - 123 (26.3) 

Executive function, n (%) - 924 (57.7) - 351 (75.0) 

Processing speed, n (%) - 160 (10.0) - 112 (23.9) 

*, †, ‡: statistically significant (p < 0.01) from HC, MCI, and GCI, respectively. 

 

imprecise evaluations [29]. The following describes our ma-
chine learning procedure. 

1. Selection of the target label, for example, MCI and HCs 
as the positive and negative labels, respectively. 

2. 3-fold cross-validation at 10 random seeds. These differ-
ent seeds were adopted to estimate the variance of data 
splitting because our dataset was small. Besides, we con-
ducted 5-fold cross-validation in each splitting to opti-
mize the hyper-parameters of the model using only train 
data, that is, inner cross-validation. Such a nested cross-
validation ensures the relevance of validation, avoiding 
optimistic evaluations [30]. We adopted stratified 3-fold 
splitting to ensure the equal data size of each class in 
each splitting.  

3. The calculation of 30 ROC-AUC values as a result of 3-
fold cross-validation with 10 random seeds. The mean 
and standard deviations of the ROC-AUC values for each 
target were evaluated to assess the prediction ability and 
the model variance. Besides, we show all 30 ROC curves 
in one figure to illustrate the prediction ability of the ma-
chine learning models and the variance due to data sub-
sampling with reference to the previous work [8]. 

3. RESULTS 

3.1. Classification of Cognitive Class 

The mean values and their standard deviations of the 
ROC-AUC values for 30 models were as follows: MCI: 
0.6128 (±0.0097); GCI: 0.6731 (±0.0238); MCI with GCI: 
0.7712 (±0.0180). The differences between all the prediction 
scores were statistically significant (p < 0.001). Fig. (1) also 
shows the ROC curves derived from 30 models for each tar-
get: a) MCI, b) GCI, and c) MCI with GCI, respectively. 

3.2. Classification of Cognitive Impairments Assessed by 

the NCGG-FAT 

For a more detailed analysis, we predicted the four im-
paired domains assessed by the NCGG-FAT from HC group 
through the acoustic features with machine learning models. 
The results of the mean and standard deviation of ROC-AUC 
scores for each target were 0.6641 (±0.0168), 0.6474 
(±0.0164), 0.6928 (±0.0102), and 0.7586 (±0.0160) for the 
word memory, attention, executive function, and processing 
speed impairments, respectively. The results of statistical 
tests were as follows: word memory and attention: not sig-
nificant (p = 0.269); executive function and word mem-
ory/attention: significant (p < 0.001); processing speed and 
all the rest: significant (p < 0.001). Fig. (2) also illustrates 
the ROC curves of all 30 models for each target: a) word 
memory, b) attention, c) executive function, and d) process-
ing speed. 

3.3. Classification of Individual Tasks 

To clarify the contribution of each task to the detection of 
cognitive impairments, all impairments were predicted by 
machine learning models using acoustic features derived 
from Tasks a)-d) described in section 2.3. Table 2 reports 
ROC-AUC values for cognitive impairment class (MCI, 
GCI, and MCI with GCI) predicted by each task. Table 3 
shows ROC-AUC values for cognitive domains assessed by 
the NCGG-FAT (word memory, attention, executive func-
tion, and processing speed) predicted by each task. 

4. DISCUSSION 

Our results indicate that sentence reading tests based on 
speech analysis can differentiate individuals with MCI with 
GCI from HCs with higher accuracy than those with MCI or  

 



64    Current Alzheimer Research, 2020, Vol. 17, No. 1 Nagumo et al. 

Fig. (1). ROC curves derived from 30 models for the prediction of cognitive impairments: a) MCI, b) GCI, and c) MCI with GCI. The mean 
values and their standard deviations of the ROC-AUC values were as follows: a) 0.6128 (±0.0097); b) 0.6731 (±0.0238); c) 0.7712 (±0.0180). 
(A higher resolution / colour version of this figure is available in the electronic copy of the article). 
 

GCI alone. Given that MCI with GCI is a more severe cogni-
tive impairment than MCI [18], the result is in concordance 
with the previous study describing that language impairment 
increases in severity with cognitive impairment [31]. 

With regard to such reading tasks, all the participants 
were instructed to read words and sentences at either their 
usual speed or faster to ensure the involvement of the execu-
tive function and information processing abilities [32, 33], 
leading to the high prediction scores of execution and proc-
essing impairments reported in section 3.2. However, given 
that all the participants were allowed to see the reading mate-
rials, the short-term memory function was not employed, 
which is likely the reason behind the low prediction ability 
of word memory impairments. In addition, considering that 
this reading task did not force the participants to either select 
their attention (as opposed to the TMT-part A) or sustain 
their attention until the stimuli were shown in the display (in 
contrast to the Continuous Performance Test [34]), the atten-

tion impairments prediction score also remained low. Fur-
thermore, the low prediction scores of word memory and 
attention impairments may have led to the low MCI predic-
tion score, as memory function is one of the risk factors for 
AD [35]. 

As shown in Tables 2 and 3, we achieved relatively high 
prediction scores in tasks of tongue twisters, diadochokine-
sis, and short sentences. Specifically, these tasks made large 
contributions to the high predictability of MCI with GCI and 
processing speed impairments. 

It can be noticed that the reading materials in both the 
tongue twister and diadochokinesis tasks consisted of multi-
ple plosive consonants. We believe that compared with spon-
taneous speech tasks used in other studies [6, 36], both these 
tasks tapped the speaker’s ability to rapidly change between 
different places of articulation, thus having a high speech 
planning load. This result aligns with many previous studies 

a)  b) 

 

c) 
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Fig. (2). ROC curves derived from 30 models for the prediction of impaired individuals’ performance in four cognitive domains: a) word 
memory, b) attention, c) executive function, and d) processing speed. The results of the mean and standard deviation of ROC-AUC values 
were as follows: a) 0.6641 (±0.0168); b) 0.6474 (±0.0164); c) 0.6928 (±0.0102); d) 0.7586 (±0.0160). (A higher resolution / colour version of 
this figure is available in the electronic copy of the article). 

Table 2. ROC-AUC values for the prediction of cognitive impairment class (MCI, GCI, and MCI with GCI) using acoustic features 

derived from single tasks. 

- MCI GCI MCI with GCI 

Vowel utterance 0.5471 (±0.0116) 0.6206 (±0.0202) * 0.6315 (±0.0225)† 

Tongue twister 0.5975 (±0.0095) 0.6237 (±0.0193) * 0.7057 (±0.0132) †‡ 

Diadochokinesis 0.5826 (±0.0114) 0.6113 (±0.0227) * 0.6951 (±0.0175) †‡ 

Short sentence 0.5853 (±0.0127) 0.6345 (±0.0160) * 0.7116 (±0.0190) †‡ 

*, †, ‡: statistically significant difference (p < 0.001) between MCI and GCI; MCI and MCI with GCI; and GCI and MCI with GCI, respectively. 

 

on temporal changes in the speech of individuals with cogni-
tive impairment [11, 12, 25]. It is possible that the lower 
speech tempo and more hesitation time in utterances is a 
consequence of low language processing speed and disor-
dered speech planning abilities.  

However, the prediction score based on the vowel utter-
ance task remained low. In the task, acoustic features in the 
frequency domain did not seem effective in detecting indi-
viduals with cognitive impairment. It is suggested that ar-
ticulation accuracy is still preserved in the early stages of 

a) b) 

  

c) d) 
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cognitive impairment, and thus cannot be used as a marker in 
the detection of MCI. 

According to Swets’s interpretation of AUC scores, in 
this study, we achieved a moderate accuracy of 0.7712 
(±0.0180) in separating MCI with GCI from the control 
group, while the prediction score for MCI and GCI remained 
low [37]. Given that MCI with GCI is the most severe cogni-
tive impairment among the three groups, we believe that our 
test can be used as a first-step screening tool to pick out the 
individuals with the highest risk of developing dementia in a 
community. The main strengths of this study include a large 
sample size and the language-independent signal processing 
method we adopted. Unlike some previous studies which 
extracted linguistic features from spontaneous speech manu-
ally [6, 36], the present study only focuses on acoustic fea-
tures and all the features were extracted automatically. Fur-
thermore, compared with memory tasks and sentence repeat-
ing tasks, the reading tasks we adopted are cognitively less 
demanding, thus is less influenced by the participant’s stress 
level. 

This study has some limitations. The way to classify MCI 
in this study is based only on the cognitive tests but no as-
sessment of instrumental ADLs, and also the exclusion crite-
ria included only impairment of basic ADLs which are not 
sensitive to evaluate for functional independency that is one 
of the core criteria for MCI. These factors may make the 
classification of MCI unreliable.  

It is suggested that the low MCI prediction score might 
be the consequence of insufficient memory and attention 
load. Further studies must involve a higher prediction ability 
of word memory and attention impairments by adding tests 
assessing them. One of these candidates is movie delayed 
recall. For example, Tóth et al. used immediate and delayed 
recall of animated movies to detect MCI [38]. It is hoped that 
adding these recall tests to our tasks may lead to high predic-
tion power of MCI and GCI. 

CONCLUSION 

To conclude, this study was conducted to determine 
whether it is possible to detect individuals with cognitive 
impairment (MCI, GCI, and MCI with GCI) from HCs by 
using acoustic features extracted from speech during vocal 
tasks. As the research method, we employed the signal proc-
essing technique and machine learning algorithm. The results 

demonstrated that machine learning models can differentiate 
MCI with GCI from HCs with high accuracy, while MCI and 
GCI were not well differentiated. This might have been due 
to our task design, which only tapped executive function and 
processing speed. In order to improve accuracy, further stud-
ies must include tasks tapping memory function and atten-
tion. 
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Table 3. ROC-AUC values for the prediction of cognitive impairments in different domains assessed by the NCGG-FAT (word 

memory, attention, executive function, and processing speed) using acoustic features derived from single tasks. 

- Word memory Attention Executive function Processing speed 

Vowel utterance 0.5794 (±0.0150) 0.5669 (±0.0185) 0.5864 (±0.0121) ‡ 0.5842 (0.0203) 

Tongue twister 0.6180 (±0.0106) 0.6289 (±0.0226) 0.6463 (±0.0113) * 0.7136 (±0.0220) †,§,|| 

Diadochokinesis 0.6112 (±0.0149) 0.6158 (±0.0157) 0.6346 (±0.0087) *,‡ 0.6929 (±0.0203) †,§,|| 

Short sentence 0.5966 (±0.0139) 0.6234 (±0.0164) 0.6520 (±0.0122) *,‡ 0.7025 (±0.0238) †,§,|| 
*, †, ‡, §, ||: statistically significant difference (p < 0.001) between word memory and executive function; word memory and processing speed; attention and 
executive function; attention and processing speed; and executive function and processing speed, respectively. 
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APPENDIX A 

Appendix A. Detail description of four sentence reading tasks 

to measure cognitive impairments: a) Vowel ut-

terances b) Tongue twister c) Diadochokinesis 

d) Short sentences. 

Task Description 

Vowel utter-

ances 

Pronounce the five Japanese vowels for three sec-

onds each, in the order of /i/, /e/, /a/, /o/, and /u/. 

Toungue twister 

Read the following short sentence including plosives 

(e.g., /k/ and /t/) as fast as possible three times:/ki-ta-

ka-ra-ki-ta-ka-ta-ta-ta-ki-ki/. 

Diadochokinesis 

Repeat the following syllables consisting of plosives 

and vowels as fast as possible for five seconds: /pa/, 

/ta/, and /ka/. 

Short sentences 

Read the following short sentences including plo-

sives three times at the usual conversational speed: 

/ta-n-ke-n-ka-wa-bo-u-ke-n-ga-da-i-su-ki-de-su/ and 

/ki-ta-ka-ze-to-ta-i-yo-u-ga-de-te-i-ma-su/. 
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