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[Abstract]

This study developed a cognitive impairment predictive model as one of the screening tests for preventing
dementia in the elderly by using Automated Machine Learning(AutoML). We used ‘Wearable lifelog data
for high-risk dementia patients’ of National Information Society Agency, then conducted using PyCaret 3.0.0
in the Google Colaboratory environment. This study analysis steps are as follows; first, selecting five models
demonstrating excellent classification performance for the model development and lifelog data analysis. Next,
using ensemble learning to integrate these models and assess their performance. It was found that Voting
Classifier, Gradient Boosting Classifier, Extreme Gradient Boosting, Light Gradient Boosting Machine, Extra
Trees Classifier, and Random Forest Classifier model showed high predictive performance in that order. This
study findings, furthermore, emphasized on the the crucial importance of 'Average respiration per minute during
sleep' and 'Average heart rate per minute during sleep' as the most critical feature variables for accurate
predictions. Finally, these study results suggest that consideration of the possibility of using machine learning

and lifelog as a means to more effectively manage and prevent cognitive impairment in the elderly.
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I. Introduction
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II. Theoretical Background

1. Cognitive Impairment
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2. Dementia Screening Tools
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3. ML Based Dementia Research Trends
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4. AutoML and Ensemble Learning
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st wpgo 2, 710 Holg matab} Zulsior YY 7]

Table 1. Research Trends
Author Data Algorithm Performance
So, Lim(2015) Structured data SVM AUC 0.880
Lee, Oh(2021) MRI(quantification) Ensemble Accuracy 0.744
Mofrad et al.(2021) MRI(image) Ensemble Accuracy 0.770
Syaifullah et al.(2021) MRI(VBM image) SVM Accuracy 0.879
Lee, Kang, Moon(2018) Lifelog ANN AUC 0.810




56 Journal of The Korea Society of Computer and Information

w5kt she Holelo] 7V AuE 2
A1[29], stojmuftulg FE(R0I7H S GA)o] AbEs}
Ejo], 2% dslo] SUe 584 RolETHI0)

A2 s+ (Ensemble Learning)o|®, th9] of| &1

o= 6;l
S et 202, 230 of
AN

o
—

£35to] shte] %S
5 3rjste sl et chEAQ o o
2= AE|7(Stacking), 239(Blending
(Voting)o] Aot} A
o= 3Pk vi7d(Bagging
e A 2
(Classmer)Q} ﬂﬂx}(Regresso )7} ZAgkst Estudo]
HEr2 Y (Meta Learner)S A3AJsttH31-32). =
Yutdog ARjFHt FUR WS AR, AEEA A
RolHg JHILh AHe K-EE
Cross Validation)& Al&st= ¥HH, 22192 £Col
WAFEZ(Hold-out Cross Validation)&
7RRFS AYAZ e Q] HiERR Y ABGAITO] whe
g, ﬂr"% A0} AAX|7F EAHGITHSS. UpAZtez W
E}% 27*4 71AS S 0*7axol EEOI' 2t

\O ox Mo o

ol & I oft

it
T”

 opt l‘lO
gg
M
|~>4

> -[rrl
oll
ﬂd
T
ok
oL
Z
|o
I-HJ
Y U
Bk
ﬂJl

2 rr 2 o ol

E HE)(Soft Voting) 0.2 LFHTH34].
AFolM = A58 dolEAlo] st aRgh o]

299e Hejstn AR szEy

5 %

ol
ilte
o

o]

> 30
ue e

0.

ITI. Research

1. Research Data
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2. Research Workflow
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1. Data Preparation

+ EDA, Preprocessing
+ Feature Engineering
+ Train/Test Split

2. Machine Learning Modeling

*+ Machine Learning, Validation{10-fold CV)
+ Top5 Model, Hyperparameter tuning
= Ensemble Learning

3. Evaluation

= AUC, F1-5care
+ ROC Curve plot
+ Feature Importance

Fig. 1. Research Workflow
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3. Evaluation
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IV. Results

1. EDA

2olma 1 tlojele] S4L melsy] ofal A o
o]E] ¥A(Exploratory Data Analysis, EDA)S 4585193
o} 2 A-tollA ARESE 12,183719] A 2tojzg 1 go]
e AVl Aol 77371, AR7Is Zgoliwtol
Lo, RAE S Gt 29250
FH(Type)E &Rlet Aat, B& XY HolHz2 F/Jw
ofglo] Ewx9| Qs %% 6?"] A tiAl AU

Rest time 527.06 544.65
Activity score(total) 82.00 81.98
Activity score(goal) 75.30 73.31
Stay active score(hours) 95.33 96.69
Recovery time score 85.60 85.92
Stay active score(total) 77.00 79.52
Training score 79.30 79.60
Training intensive score 87.05 85.95
Steps 10464.61 10774.92
Total activity time 334.77 341.73
"Metabolic Equivalent of Task
20 SYHs 25710 UMY S4S St Ak 2
< 38 ARE HWaH ARER JARP]E ol =2 7
T2 HARRE 20 F 70 ARE 7HEE a8 ARE 2H
374 ARE HAY B2 AR71S Holgol e A
= Holot.
Table 3. Characteristics of Sleep Features
Mean
Features cN I
Awake time while sleep 5316.95 5972.34
Average respiration” 16.69 16.88
Deep sleep time 524493 4905.03
Sleep duration 28843.51 29930.90
Sleep efficiency 82.14 80.77
Average heart rate” 60.71 60.03
Low heart rate” 55.20 54.60
Light sleep time 1444198 15436.79
Midpoint of sleep(delta) 11285.77 11172.75
Sleep midpoint time 14502.18 15012.83
Sleep onset latency 700.95 729.40
REM sleep time 3839.64 3616.74
Restless ratio 35.33 37.64
RMSSD™ 33.02 32.79
Total score 73.74 72.90
Sleep score(alignment) 89.74 92.93
Sleep score(deep) 82.84 79.33
Sleep score(disturbances) 66.40 64.58
Sleep score(efficiency) 76.51 73.41
Sleep score latency 79.94 78.88
Sleep score(REM) 57.64 53.72
Sleep contribution score 71.71 72.47
Sleep temperature delta -0.01 -0.01
Temperature deviation -0.01 -0.01
Total sleep time 23526.55 23958.56

02 Z-score e Normalize)E %1853}
54 595 2o Qud S4e R 23,
Oliﬂﬁ A5 5 B Az, F A A=Y, e
AR 24 FEARE 22]a A ARER QIR s
AolZo] B2 S BYAW, AT FEARL 14w
5 AU YR, BE BE DY A 25 P A
FOM= QAR5 ol =2 4T Eth
Table 2. Characteristics of Activity Features
Mean
Features cN I
MET" average 1.46 1.47
Active calories 455.90 468.39
Total calories 2483.09 2519.61
Moving distance 8621.26 8777.80
High active time 3.34 2.99
Inactive time 525.63 502.79
Low active time 280.89 285.68
Medium active time 50.55 53.05
High active MET" 22.24 20.32
Inactive MET" 7.70 7.77
Low active MET" 190.77 192.46
Medium active MET" 161.47 169.43

"Per minutes
“Root Mean Square of the Successive Differences

2. Machine Learning

PyCaret 3.0.00|A4] X|¥3dF= Scikit-learng 85}
St5-& Hlole 8,528%10] st 7| Alsts= Ald¥stal 10-
ZC2 WAl 4S5
A AW, 22 SRS Bodre Ui Ryer
Extreme Gradient Boosting(°c]dt XGB), Light
Gradient Boosting Machine(o]s} LGBM), Random

M
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Forest Classifier(o]s} RF), Extra Trees Classifier(©]
5} ET), Gradient Boosting Classifier(o]dt GBC)7T A%
ot

Table 4. Classification Results (10-fold CV)

Model Accuracy AUC F1
XGB v 0.8233 0.8932 0.7322
LGBM v 0.8139 0.8873 0.7084

ET v 0.7855 0.8804 0.6179

RF v 0.7985 0.8718 0.6532
GBC v 0.7328 0.7986 0.5184
ADA 0.6733 0.7075 0.4567
LDA 0.6612 0.6722 0.3762
QDA 0.6144 0.6592 0.5453

DT 0.6814 0.6570 0.5649

LR 0.6553 0.6528 0.3481
KNN 0.6504 0.6505 0.4689

NB 0.6139 0.6102 0.4236

Model”

XGB : Extreme Gradient Boosting
LGBM :Light Gradient Boosting Machine
ET : Extra Trees Classifier

RF :Random Forest Classifier

GBC :Gradient Boosting Classifier
ADA : Ada Boost Classifier

LDA : Linear Discriminant Analysis
QDA : Quadratic Discriminant Analysis
DT : Decision Tree Classifier

LR : Linear Regression

KNN : K-Neighbors Classifier

NB : Naive Bayes

HE 57l Baealo] 4% AHsE 98 PyCaret
3.0.09] Random Grid Search ¥¥o 2 sto|Eut2}o]g
3= Algstaint. stolmmtatue] Rig 2P A7 o
2 2she ASEKES AUC, 43 Woa:
10-25 FAAES AHsIgnh 27127} sjo|mue}
got ©3go] AUCE H|wst Zut
XGB(AUC = 0.8932 — 0.9129)9} GBC(AUC = 0.7986 —
0.9061)fI4 FFds0l FEUCH, LGBMAUC =
0.8873 — 0.8846), RF(AUC = 0.8718 — 0.7317),
ET(AUC = 0.8804 — 0.7740)o|Al= £7|239] E=4
o 923 oz FErh

Audog, 2 A-oA AE ARH 579 712 717
% B8 sfojmnjatole £de MWst XGB,

=] T'_."TI‘E
GBC T8ju 27|23 SX|st LGBM, RF, ETo|ch

ol
odh
rlo
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Table 5. Hyperparameter Tuning Results

Model Accuracy AUC F1

XGB Origin 0.8233 0.8932 0.7322
Tune” Vv 0.7936 0.9129 0.7604

LGBM Origin v 0.8139 0.8873 0.7084
Tune 0.8109 0.8846 0.7096

Origin v 0.7855 0.8804 0.6179

o Tune 0.6959 0.7740 0.6240
Origin v 0.7985 0.8718 0.6532

RF Tune 0.6651 0.7317 0.5871
GBC Origin 0.7328 0.7986 0.5184
Tune” Vv 0.8343 0.9061 0.7499

"Hyperparameter tuning model

3. Ensemble Learning and Prediction

UM ABE 719 712 7SS RREE S EE5to]
i Stacking Classifier®} Voting
Classifierg AJdstitt. ofZ7 15€ 7719 272
2 M, e =Zd 2= AREstel B7HE ElolE
3,655700] sk ofl5= 485, 4587+ AUCY
F1-ScoreS 4102 XI385}19ict,

B4 Ay}t Voting Classifier(AUC = 0.9193, F1 =
0.7833)7} 71 2451 o 2452 B9 on, GBC(AUC =
0.9161, F1 = 0.7525), XGB(AUC = 0.9132, F1 = 0.7654),
LGBM(AUC = 0.8971, F1 = 0.7144), ET(AUC = 0.8877,
F1 = 0.6189), RF(AUC = 0.8781, F1 = 0.6391), Stacking
Classifier(AUC = 0.6539, F1 = 0.3398)&0.2 o 54d50]
]l

OFAFEL x]5H
oo=a =2 v O»

Table 6. Prediction Results

Model Accuracy AUC F1
Voting" 0.8503 0.9193 0.7833
GBC 0.8369 0.9161 0.7525
XGB 0.8014 0.9132 0.7654
LGBM 0.8178 0.8971 0.7144
ET 0.7874 0.8877 0.6189
RF 0.7896 0.8781 0.6391
Stacking™ 0.6565 0.6539 0.3398

*Voting classifier(ensemble model)
“Stacking classifier(ensemble model)
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Fig. 2. ROC Curve(Voting Classifier and GBC)

4. Feature Importance
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Table 7. Feature Importance

Feature

Feature

Importance

Average respiration per minute” 0.088
Average heart rate per minute” 0.059
Midpoint of sleep(delta)” 0.056
RMSSD" 0.055
Low heart rate per minute” 0.049
Restless ratio” 0.035
Light sleep time’ 0.032
Total calories™ 0.032
Training intensity score™ 0.029
Activity score(total)™ 0.029

“Sleep feature
“Activity feature

V. Conclusions

1. Discussion
2 AqoflAE Ruf DYEF Hlofels o2’
olEle] SET L7 WA S4S Bgalo] AR5

)

L |

oS ollE3t] Slsh AutoMLg AREste 7|A st 2

o o

i

o
=)
2,
o
=}
i
ofl Jm ofm

AutoMLZ &3l 2| 20| St FREY YIS RIS
A}, Boosting(XGB),  Light
Gradient Boosting Machine(LGBM), Random Forest
Classifier(RF), Extra Trees Classifier(ET) ¥ Gradient
Boosting Classifier(GBC)7t AAEqct 54 HolH
£ 10-=C& wxt 4Z3 Ak, GBC(AUC = 0.7986)2 A
QJstH AUC o] 25 0.80 ol%fo= LERIT.

Lol aNstE 9t stolmuldtuly {0l A
XGBet GBCOIA FoJulet s = &Rlstyia, e
LFolM = 5ol stshe o] UERHTE stolwmtet
0]E] &S XIsPst XGBY} GBC, 13]1 27| 28-S G4
gF LGBM, RF, ET 2§ &5t Y= 52 Aledst
gt o] IAoA  Stacking Classifier@t Voting
Classifiers A/Jstitt. &880z F5H 79 29
oz F7HE HolHE o5et 21}, Voting Classifier?]
AUC7} 0.91930.2 7 943 ol 5452 Uehdct. of
71E A HlwslS o = MRI G442 7Ivtes
gF Aol 4ot o 5/d 5{Accuracy=0.744)2 HATH

olg

Lee, Oh[11]2] 975 4% x|xshe Atoln}, Halatsl

Extreme Gradient

rlr



60 Journal of The Korea Society of Computer and Information

=7 toEo] SVM 23 A
(AUC=0.880)0] @5t UERHH So, Lim[7]9] A,
gfolzz 7 oo A YE AEsiS f oI5
(AUC=0.810)0] 2438 Lee, Kang, Moon[28]9] &
ur o £2 452 wojzm gt

Sk 4 MRI ClojElo] VBM-SVM R3S A galdf
87.9%9] At = W3t Syaifullah et al.[27]9] HLE
Che AEE SR0N A% We 45 g R ol i
MRIS} 2ol z 1 fojel A2 Che tolEe] §oln],
o5 119 o575 Hlales o Uolct. & MRI= A]uj
£ Adshs 3T ZEAA sigste RS Alsst
. 2fojzg 7 gojEls A4 40N 28" HolHR
BAAL AHEAL GAlIA 5H Elo]E7t ofyy, 1§
A Aol WrGER] i7] wiZof x| MRI goje&Ect &
ARl £Ho| HojX]= Hol Q. x| MRI go]&{7} ARl

1 o

= 0.9161), XGB(AUC = 0.9132), LGBM(AUC = 0.8971),
ET(AUC = 0.8877), RF(AUC = 0.8781)50.2 0] 54%50]
L A51F 01} Stacking Classifiere] AUCE 0.65392 U
BiY dl57d-50] 2okt

sk
S solst 23, $Y W 554(0088). £F HF At
20.059), 4% KA DERK0.056). Asia ol

PP 9182 YRt =I5l Srtol A
VI B BNBE B0 LA 9o

oS AL e =2

Ab39.7%7F a1 RS

o

5
%
pa

B up olo A Aol o’ 2 2A

2 9E2 LA ofizolE FIME SR &
Ao, Bl &aH7d B BHAS S7HIA 417 Elgol A%y
HOH38l & A BN E Z5yd Sduiaky
H ST ARV TS AolE olEgl oA Fast
A YER, A AENE AR S Tt 4
AUt FAK o HdmHEY, ¥ F 2T Fd S5
7H0.0882 7MY = ol 2UTeES FAIA Al

2 QX715 Aot WS WS, Z]eleoly BE
S} 2 AA7159 AISHS FUSHL 9k (390 7]
st Anz WUET 49 F Auae WY 29
BF AU, A4 ol B &K AUAE 503 §
AR Uitk Aol 2919 Fo| 4] g2
Q90lsPl Z71sts 2102 Bud v} Q0] ¥ BT
o g cole] BAOIAE AAAZls ool FIA
o vlgo] &1 7l 49 AZto] AW o2 ¥ 1)
X715 Aok 40e] o] x| 23t Ao oy
2otk BEYY B9 3 Mg Z2e, 2EUEEL
FER47 509 54942 Uit ol AA)s
Aot W] 715H9 A Bt e A
EoIgt Zlolc). Eat, £ A7o|ME Aol golet o)
2 sl AAls Aokzoz Ageiste] e, 2
WP A5 BEY AT BRIk
g Aadgol Exlelol 9k o2 Q] TS S
& BOME QRIS FATH AR AolRel £

7} B} gojg Zo 2 Wurl MubEel FEAT} T
o SYULS0] FasP Ueht oz mawc

2. Implication and Limitation
& At 7189 dqlEe 22, gfojm2 T flojE
| AutoMLE &8alo] SIR]7)5 Ao] ol 52 HL Al
9k B4 B2 AutoMLS ARgslol tiefat )fss
Y2 ES Sh5E HlolHd Moz MEsty 455t
23t 717k S anxoz My
WA S B8 FAE 2 F

st o 1 At Voting Classifier’t 7P &4
o 54 5(AUC=0.9193, F1=0.7833)% Hof, Aldst A

_a‘:]:
S S TYACT B 4 Uk ol YN 383
A

=2

EIES
R RIA S
o
=

g b
%9,
2
T o
i
<

O.

EE e AHshs 7IER|(AUC=0.80)5 delsh7] Hi&
ojojgh Axtd Zlojo.

AIFH Aol AA7Ts Aol A&
Al R0l S25H AgEES & 4 AT ol dAP|

=
>
o4 _ID
y 12
E
Jor o

=2 il
z27 folHE &3] mieoll, 7189 AFSolA
WA ZAE 22 AlTE & s Ao 75t
Ao}, diA= e+t Autet dR|stL e & &
AN o= UAPIE oS ddIEste oA 2tolx
27 do|HY] ALg e E A2siE 4 Adke AR



Cognitive Impairment Prediction Model Using AutoML and Lifelog 61

—TLQ} JELO"(S’B*(MRI PET) 5110151 i
Al atolz2 1 cojelg #gstel o] Y ANE =3
SHACE. ol2fet W2 7|E ALehs Ahdet|ny, 2ol
27 dojelo) 2§ 7hs4e Ak SA, B £
=2 AutoMLE &8sto o =
colEi 8912 B5eke A B2 £ 2
Qlict o2 E3)| 71AF o

0191 943t
2 Agstn ANal & ot oo, e 8
o
=

A
[
i}
o
o
|ru
o
fo
ol
ol
2
ro
2‘ O
N
ofr 4
ozl
=2
i
=)
i
ol
o
o 4>

QA7) Aol E710] ARt &k
Atz 289 4 ol oz o tobt, A|
Sl 493 2904 7, ek A W

7 .
B ATE Cheu 22 AR Mtk A, B4
COEERIE DR

ot =R, AR7|s A7t ASoA FZ o7 K]OHQL
A7) B2 3o U, Holne dolete uet 14
o g LAty Ak @ Qrt oItk opxjato g 7]71101.¢
23G9 oF Auh= QA SRsHA] 7] T, @

TR e

ACKNOWLEDGEMENT

This research was supported by the
MIST(Ministry of Science, ICT), Korea, under the
National Program for Excellence in SW),
supervised by the IITP(Institute of Information &
communications Technology Planing & Evaluation)
in 2021(2021-0-01440)

This research used datasets from 'The Open
Al Dataset Project (AI-Hub, S. Korea)'. All data
information can be accessed through 'Al-Hub
(www.aihub.or.kr)’

REFERENCES

[1] Statistics Korea, 2022 Statistics of the aged, Statistics Korea Press,
https://kostat.go.kr/board.es?mid=a10301010000&bid=10820&tag
=&act=view&list n0=420896&ref bid

[2] Health Insurance Review & Assessment Service, 2021 Statistics
index of the medical care cost, https:/www.hira.or.kr/

[3] W. Baek, and D. R. Kim, “Factors Affecting Cognitive Function

Elderly Using Aging Panel Data:

and Health-related
Behavioral Characteristics,” Journal of The Korean Data Analysis
Society, Vol. 24, No. 5, pp. 1893-1906, October 2022. DOIL:
https://doi.org/10.37727/jkdas.2022.24.5.1893

[4] D. Park, G. R. Lee, and H. Yang, “Risk Factors Associated with
Transition to Dementia in Patients with Mild Cognitive

in the Focusing on

Demographics, Psycho-social, Physical,

Impairment,” Journal of Health Informatics and Statistics, Vol. 47,
No. 4, pp. 307-311, November 2022. DOIL: http://doi.org/10.21032
/jhis.2022.47.4.307

[5] E. Oh, and A. Y. Lee, “Mild Cognitive Impairment,” Journal of
Korean Neurological Association, Vol. 34, No. 3, pp. 167-175,
March 2016. DOI: https://doi.org/10.17340/jkna.2016.3.1

CONTINUUM:
Lifelong Leaming in Neurology, Vol. 10, No. 1, pp. 9-28,
February 2004. DOI: 10.1212/01.CON.0000293545.39683.cc

[7] A. So, and H. S. Lim, “Analysis for Development of The Dementia
Sorting System using Machine Learning Techniques,”

[6] R. C. Petersen, “Mild cognitive impairment,”

The Korean
Association Of Computer Education Academic Conference Papers,
Vol. 19, No. 1, pp. 137-140, January 2015.

[8] K. O. Chang, Y. S. Cho, and M. J. Kim, “Effects of Perception
and Fear of Dementia Attitude among Local Public Officials,”
Journal of The Korean Data Analysis Society, Vol. 24, No. 2,
pp. 873-886, April 2022. DOI: https://doi.org/10.37727/jkdas.2022
242873

[9] H. Choi, S. H. Kim, J. H. Lee, Y. A. Lee, K. W. Park, E. A
Lee, S. H Choi, D. L. Na, and J. H. Jeong, “National Responsibility
Policy for Dementia Care: Current and Future,” Journal of the
Korean Neurological Association, Vol. 36, No. 3, pp. 152-158,
July 2018. DOI: https://doi.org/10.17340/jkna.2018.3.3

[10] T. H. Kim, H. J. Jeong, J. Y. Song, N. Kim, and E. M Lee,

“Analysis of Influencing Factors of Suicide Ideation Using

Random Forest Model : Focusing on the National Health and



62  Journal of The Korea Society of Computer and Information

Nutrition Examination Survey,” Journal of The Korean Data
Analysis Society, Vol. 25, No. 3, pp. 1121-1132, June 2023. DOIL:
http://doi.org/10.37727/jkdas.2023.25.3.1121

[11] T. Lee, and H. Oh, “Dementia Prediction Model based on Gradient
Boosting,” Journal of the Korea Institute of Information and
Communication Engineering, Vol. 25, No. 12, pp. 1729-1738,
December 2021. DOI: http://doi.org/10.6109/jkiice.2021.25.12.17
29

[12] S. Kwon, and S. Lee, “Relational Database Model for Collecting
Lifelog from Heterogeneous Smart Watches,” Journal of Korean
Institute of Information Technology, Vol. 16, No. 9, pp. 13-21,
September 2018. DOI: http://dx.doi.org/10.14801/jkiit.2018.16.9.
13

[13] G. Han, and S. Jin, “Introduction to Big Data and the Case Study
of Its Applications,” Journal of The Korean Data Analysis
Society, Vol. 16, No. 3, pp. 1337-1351, 2014. DOL: G704-000930.
2014.16.3.002

[14] W. Jo, S. Yang, S. Choi, J. Pack, M. Min, Y. Lee, K. Park,
and K. Lee, “Lifelog big data-based lifestyle (life pattern) analysis
and wellness predictive care service system using loT,” The
Journal of The Korean Institute of Communication Sciences, Vol.
31, No. 12, pp. 17-24, 2014.

[15] C. Jonker, M. L. Geerlings, and B. Schmand, “Are memory
complaints predictive for dementia? A review of clinical and
population~based studies,” International journal of geriatric
psychiatry, Vol. 15, No. 11, pp. 983-991, November 2000. DOI:
https://doi.org/10.1002/1099-1166(200011)15:11<983:: AID-GPS
238>3.0.C0O;2-5

[16] G. J. Larrabee, and T. H. Crook, “Estimated prevalence of
age-associated memory impairment derived from standardized
tests of memory function,” International psychogeriatrics, Vol.
6, No. 1, 95-104, January 2005. DOL: https://doi.org/10.1017/
S1041610294001663

[17] Korean Dementia Association, 99 Stories of dementia, March
2012. https://www.dementia.or.kr/general/bbs/?code=story

[18] R. L. Kahn, A. 1. Goldfarb, M. Pollack, A. Peck, “Brief objective
measures for the determination of mental status in the aged,”
American journal of Psychiatry, Vol. 117, No. 4, pp. 326-328,
October 1960. DOI: https://doi.org/10.1176/ajp.117.4.326

[19] M. F. Folstein, S. E. Folstein, and P. R. McHugh, “Mini-mental
state: a practical method for grading the cognitive state of patients
for the clinician,” Journal of psychiatric research, Vol. 12, No.
3, pp. 189-198, 1975

[20] S. Y. Lee, J. M. Kim, J. A. Yoo, and L. S. Shin, “Screening
Instruments for Dementia,” J Korean Soc Biol Ther Psych, Vol.
12, No. 2, pp. 131-139, 2006.

[21] J. H. Park, Y. C. Kwon, “Modification of the mini mental state
examination for use in the elderly in a non~western society. Part

1. Development of korean version of mini“mental state

examination,” International Journal of Geriatric Psychiatry, Vol.
5, No. 6, pp. 381-387, December 1990. DOI: https://doi.org/
10.1002/gps.930050606

[22] Y. Kang, D. L. Na, and S. Hann, “A Validity Study on the Korean
Mini-Mental State Examination(K-MMSE) in Dementia Patients,”
J Korean Neurol Assoc, Vol. 15, No. 2, pp. 300-308, 1997.

[23] S. H. Choi, D. L. Na, K. M. Oh, and B. J. Park, “A Short form
of the Samsung Dementia Questionnaire (S-SDQ): development
and cross-validation,” J Korean Neurol Assoc, Vol. 17, No. 2,
pp. 253-258, 1999.

[24] D. Galasko, M. R. Klauber, C. R. Hofstetter, D. P. Salmon, B.
Lasker, and L. J Thal, “The Mini-Mental State Examination in
the early diagnosis of Alzheimer's disease,” Archives of
neurology, Vol. 47, Nol. 1, pp. 49-52, January 1990. DOI:
http://doi.org/10.1001/archneur.1990.00530010061020

[25] C. M. Clark, L. Sheppard, G. G. Fillenbaum, D. Galasko, J. C.
Morris, E. Koss, R. Mohs, A. Heyman, and Cerad Investigators,
“Variability in annual Mini-Mental State Examination score in
patients with probable Alzheimer disease: a clinical perspective
of data from the Consortium to Establish a Registry for
Alzheimer's Disease,” Archives of neurology, Vol. 56, No. 7, pp.
857-862, July 1999. DOI: http://doi.org/10.1001/archneur.56.7.
857

[26] S. A. Mofrad, A. J. Lundervold, A. Vik, and A. S. Lundervold
“Cognitive and MRI trajectories for prediction of Alzheimer’s
disease,” Scientific Reports. 11:2122. 123AD, January 2021.
DOI: https://doi.org/10.1038/s41598-020-78095-7

[27] A. H. Syaifullah, A. Shiino, H. Kitahara, R. Ito, M. Ishida, and
K. Tanigaki, “Machine learning for diagnosis of AD and
prediction of MCI progression from brain MRI using brain
anatomical analysis using diffeomorphic deformation,” Frontiers
in Neurology, Vol. 11, pp. 1-13, February 2021. DOL: http:/
doi.org/ 10.3389/fneur.2020.576029

[28] S. H. Lee, W. S. Kang, C. Moon, Lifelog-based classification
of mild cognitive impairment using artificial neural networks.
In 2018 International Conference on Electronics, Information, and
Communication (ICEIC) pp. 1-2. IEEE. January 2018. DOI:
10.23919/ELINFOCOM.2018.8330611

[29] T. Nagarajah, and G. Poravi, A review on automated machine
learning (AutoML) systems, IEEE, pp. 1-6, Bombay, India,
March 2019. DOIL: http://doi.org/10.1109/12CT45611.2019.9033
810

[30] K. H. Nam, M. 1. Kim, O. I. Kwon, W. Fawu, and G. C. Jeong,
“Prediction of Landslides and Determination of Its Variable
Importance Using AutoML,”
Geology, Vol. 30, Nol. 3, pp. 315-325, September, 2020. DOI:
https://doi.org/10.9720/kseg.2020.3.315

[31] M. Graczyk, T. Lasota, B. Trawinski, and K. Trawinski,
Comparison of bagging, boosting and stacking ensembles applied

The Journal of Engineering



Cognitive Impairment Prediction Model Using AutoML and Lifelog 63

(32]

[33]

[34]

(3]

[36]

(37)

[39]

to real estate appraisal, In Intelligent Information and Database
Systems: Second International Conference, ACIIDS, Springer
Berlin Heidelberg, Proceedings, Part II 2, pp. 340-350, Hue City,
Vietnam, March 24-26, 2010.
A. A. Aburomman, and M. B. 1. Reaz, “A novel SVM-kNN-PSO
ensemble method for intrusion detection system,” Applied Soft
Computing, Vol. 38, pp. 360-372, October 2016. DOL:
http://dx.doi.org/10.1016/j.as0c.2015.10.011
T. Wu, W. Zhang, X. Jiao, W. Guo, and Y. A. Hamoud,
“Evaluation of stacking and blending ensemble learning methods
for estimating daily reference evapotranspiration,” Computers
and Electronics in Agriculture, Vol. 184, 106039, May 2021.
DOI: https://doi.org/10.1016/j.compag.2021.106039
S. Kumari, D. Kumar, and M. Mittal. An ensemble approach
for classification and prediction of diabetes mellitus using soft
voting classifier. International Journal of Cognitive Computing
in Engineering, Vol. 2, pp. 40-46. June 2021. DOL: https:/doi.
org/10.1016/j.ijcce.2021.01.001
W. Muangpaisan, S. Intalapaporn, and P. Assantachai,
“Neuropsychiatric symptoms in the community based patients
with mild cognitive impairment and the influence of demographic
factors,” International Journal of Geriatric Psychiatry, Vol. 23,
No. 7, pp. 699-703, January 2008. DOI: http://doi.org/10.1002/gps.
1963
S. Y. Jeoung, E. K. Kim, H. Park, “Related Factors to Sleep
Quality in Older Adults with Mild Cognitive Impairment at Long
Term Care Hospitals in South Korea: A Cross-Sectional Study”,
Journal of Korean Gerontological Nursing, Vol. 24, No. 2, pp.
210-217, May 2022. DOI: 10.17079/jkgn.2022.24.2.210
C. Y. Lim, L. S. Shin, H. Y. Shin, J. M. Kim, S. W. Kim, and
J. S. Yoon, “Relationship between Sleep Disturbance and
with Mild Cognitive
Impairment,” Journal of the Korean Society of Biological
Therapies in Psychiatry, Vol. 22, No. 3, pp. 187-195, September
2016.
K. H Lee, H C. Kim, “Relationship Between Sleep and
Alzheimer’s Dementia”, Sleep Medicine ans Psychophysiology,
Vol 29, No 1, pp. 1-3, June 2022. DOL: 10.14401/KASMED.
2022.29.1.1
B. H. Choi, L. Kim, and K. Y. Suh, “Neurocognitive Function

Cognitive Dysfunction in Patients

in Obstructive Sleep Apnea Patients. Sleep Medicine and
Psychophysiology,” Sleep Med Psychophysiol, Vol. 3, No. 1, pp.
38-46, Jun 1996.

T. Kageyama, N. Nishikido, T. Kobayashi, Y. Kurokawa, T.
Kaneko, and M. Kabuto, “Self-reported sleep quality, job stress,
and daytime autonomic activities assessed in terms of short-term
heart rate variability among male white-collar workers,”
Industrial health, Vol. 36, No. 3, pp. 263-272, April 1998. DOL
https://doi.org/10.2486/indhealth.36.263

Authors

Hyunchul Choi received the M.S. degree in
Department of Health Services Management
from Kyung Hee University, Korea, in 2021.
include  machine

His research interests

learning & deep learning in healthcare sector,

health

service quality management, hospital management

efficiency, and decision science.

Chiho Yoon received a bachelor's degree in
business administration from Inha University,
a master's degree in public health from the
and a

University of Nevada, Las Vegas,

' doctorate in healthcare services management

from Kyung Hee University. Dr. Yoon is currently working
in the management evaluation office in Evaluation Institute of
Public

healthcare management

Regional Corporation. He is deeply interested in

strategy, quality management, and

decision-making methodology.

&

sahmyook university. Her research interests include artificial

Sae Bom Lee received the M.S. and Ph.D.

degrees in Department  of  Business

Administration from Kyung Hee University,
Korea, in 2012 and 2016, respectively. Dr.

Lee is currently an assistant professor at

intelligence, social media, sharing economy, techno-stress,

mobile apps, and business analytics.



