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Abstract

With the progression of population aging, dementia has emerged as a significant issue, and studies utilizing lifelog
data have been conducted to enable the early detection of dementia. However, lifelog data often face challenges such
as difficulties in data collection and privacy concerns, which lead to data imbalance issues. This paper proposes a
method to address the data imbalance problem by improving data balance using a Variational Autoencoder (VAE) for
early dementia detection. The proposed method augments data through VAE and constructs a classification model for
dementia using XGBoost, DNN, TabNet, and Wide & Deep Learning models. To evaluate the performance of the
proposed method, the wearable lifelog dataset for high-risk dementia groups provided by Al-Hub was utilized. The
results of the comparative evaluation showed that the Wide & Deep Learning model achieved the highest
performance among the four models, confirming that the proposed method effectively resolves the data imbalance

issue in dementia datasets.

Keywords
augmentation technique, data imbalance, lifelog data, deep learning, dementia classification

* ZYULAY S AZEY0]Ey} shataA - Received: Nov. 14, 2024, Revised: Jan. 15, 2025, Accepted: Jan. 18, 2025
- ORCID: https://orcid.org/0000-0002-0788-721X + Corresponding authors: Sukhoon Lee
# ZYUFLAY St LZEYO|ST W (R A AAD Dept. of Software Science & Engineering, Kunsan National University, Korea

- ORCID: https://orcid.org/0000-0002-3390-5602 Tel.: +82-63-469-8914, Email: leha82(@kunsan.ac.kr


https://crossmark.crossref.org/dialog/?doi=10.14801/jkiit.2025.23.7.1&domain=https://ki-it.com/&uri_scheme=http:&cm_version=v1.5

Do
<
>
=
N
)
=3
=
o
)
i
=l
ol
:I:‘
_l.4
o
of
o
N
=
BN
N
d
i
N

WW?V] Skl
Z*f& J&W} 3 oti4]
Ao Auf AT W2 oY kA @Al
AHEEE MRIY PET 2703 22
Aule Hg Feo] 33, dA) A
s WEder stk A8 BAE 2] Ad

of o] Hx 95}[5]
35

- A= E}Ol 27 HlO]Eit XlUH z7] A
@] N2 7hsAdE AASL St V1€ dTe
of M=, dojEE AlME £ LA 2
HolE 7 AA Aol Aol #+83 #ik ofyzt A
o Aol 27 Ax Az #8E F dve A
of AU = A7ke] AME T FHE
4% BT HolHE HAlHY R 48k A
o Ao ol #FEe FAske A= WIFHN
t7]. olHE @7 Ade dREAA =4 T
g beolHE Sl Ao 27 AFE a3 oR
71—1]?___]— 2= 911;].1—_ 7].}:‘}\-],04 E]_o:]&r;}

Oy Solze HolHE E83 ArelMe
Heole] Edd A7t T8 A2 dFda 3l
o dolg Eddeld 54 2o &3te AE
7t & Szl vl W e dge ofrlst
o, o]z Hed R vk Szl HEF
H7] 41 53 a5 FHzd d 45 4
Astsls TAZE AL 4 JATHS)

olgd Evdol WAsh= 2 ddozEe I
gk oojilES] A, Holy o oy, il
ZejolAl A4 o] Jlem, 53] Aot &L 9
2 ArolAs A4 el nls) A4 beolH
o ol ARAY el glof wolEr}t 249

F o

(o)

off

—_

SHAl UEFSTHI).

ol¢} Z& Elole] Exd EAIE k] flsl o
G 7IEC] AgtEH stk 7€ ATedl wE,
SMOTE(Synthetic Minority Over-sampling Technique) 7|
HE o= HolEd Agste &g 229 AdE
< A FIA AL deH10], ETES o]
BE oz Ot AuEds enilEsd iy
o a3E AT 9= ﬁéﬁﬂ‘}iqﬂl

T ogd 71 ALY 7IHES golZR
oF 2L BT ux o9 ;‘*% & A a3
7 ARAL 5 e ol wle] HE LEJIFYH
(VAE, Variational Autoencoder)[12]= 94¥ ©lo]E <]

S5 RIS 430] o|ZRE AZE 4FS A

<

HE % 9lo] golzE Holee EHS BES
AAE O e 45y E38 0T+
A, of ERE MeIel $29 Aite S

< ﬁ%o}oﬂ Ak 7]%01] 83t

A 7S A ek A% £F 229 A%
=5 FHAT. o= A HIAol w2 Tol
21 HolHE Z8stnz uH| G| ZHE &
g HE9 Ak ojdo] Bty &4 w2 WAL
Z 89 A 4FE 27| gAL F Uee
Heloh

°of =& Tt 2o IARdAe &4
ATE sk, MM Ajtd mello) 729
7IWe AW, NdAe 43 dA 234E

; _

1. 2 o1
o] ZollA= Eloly 54 2 E+d HolE A
713 71Asks 718k Ao Ak 71 gk #d

ATE 7l
21 =¥ dlolg Mz2| 7Y

dlole &¢d 2AE shdsty] A e A
= o] AFHUH.



Journal of KIIT. Vol. 23, No. 7, pp. 1-12, Jul. 31, 2025. pISSN 1598-8619, eISSN 2093-7571 3

st} Balanced
zgﬁ)\/] 01]2 A k/bl—}\]gﬂ,\gq.’ A
o] BEAdo] A& x}°l7} AL b
& It AE BYTh

F o= VAES 83 dlolg &7 A7 16
ngqu MNISTS} OASIS Ho|E Aol A 5 3

S HHou) dolg B met 27 a3t o
A ¥ths Alge] it

><
%
SO
i)
o
e
2
A
=
rr
e o P2
oz T Hy o

292 J|AEtS 7|HF x|of Rl 7|

gro|z2 7 dlo|HE &8¢ Au| oF AFE0
o AYPHLS AuwoMLE 283 A7(17), A
FH~ES SHAP 4L ZAFsr A718], UFA
5

71eS 243 A19] 5o FHEHIo, o

ATE AR Holy E4Y FAS Hol
B9 thokx HEFolgl= dAHS Ay Yk

T 94 tolgHE &8 Od?-e ks l Zl

<4 7}?‘] ‘T—g— FAHE BA
) 93?7} XS AA 715 ABT(CN,
Cognitively Normal)@} <IA 715 Aol (I,
Cognitively Impaired) 0.2 o]&-3}slo] EF3HOZH,
HAE AA Ae(MCI, Mild Cognitive Impairment)2}
A)ul(Dem, Dementia)®] 78-S @A e Z7]
ekt -3 AP 7135 Ak

=3 71A%kE 7S A8 d7ES FE U
ol Ewd EAE MadtA XIoe AV A
Aok A 3A; vlolEes W OE By A

.Xi

7 A7 UErddh A B dolEAldAE
Aopzol wa) Aul BAzel HolE 471 AH

Aol s HAA Bdo] HAF HoHE Ao
2 agsAu A $A4Ee T dE8A Ras
AP waln ol 22y BAE FeA
o 2l Aol 4% Jsyol FolA, 5
3) Al BAze] ARgo] Wold 4 Yok,

°olF ZMAsl S8, & ﬂ%LOML VAES} 2

é g3t dlolE v
1A it VAEE A F3tolA
HolHE &3l M=z& Aw At HolH
AR RN HEG HolEHE EFste 9T

to il w2 M2 rlo
il
o, i
Ol

d8de 283k A Ad AFELS ygEE
MRIY EEGS 2& 94 dlojgd] FFEo] Ut}
= SAHE AL} o]y JAHES FEs A
] 7]

Tl =
o] =R go|Z2 T HoJHE &8l QX
T AN, AE A Aoll, AWE 2 CN, M,
Dem Aol )9 FYP2E BRI U

Il X|of &%} cijo|E B

o] A& VAES &3l Hlolg] B#8 Ao &
3 7l&3th AHEE vlolH e A HolE B
o] TAK, VAES thell dwsta, Ak 71
TZ25 Btk ol Hyd dEs f% 2 g
o Fzxo #H3f 7|3
31 x|of 2tA} 2lo|=21 o o|E{Al

o] =2 Xv| &4} vloly £4& 98t =
A sARHALE 2T Al-Hub[23]ol| A Al&dt= 'Al
) 1AT HojgE golZET HolEAls &
sttt o] HolEAlS 554 o] A<l 3004 S T
d FRENen HEele AW AdE T3 ot
AHSLS CN 2 MCL Dem Z8)22 E73) o] §
oAl A= T34 AM(AAD)E CNoll Egitt,

o] =i &% HlolHe Y volHAE uiE
st om o] IAHAL HolH
(MMSE, Mini-Mental State Examination)= AF8-3}A4]



4 VAE 7]45F dlo|g B3 7

etk 12,1839 HeolHeY FEHe EF £AF

HlolE 2 7450 Sl
7 golZ2 e A9l

a9l
z
=
il
5 AL 8F A
g, 22 AT
b s FAHAS
o] =E
d ¥
5 Az
£l
Az 2
Tole MTER BA4dA
F= AR #F 13 2t

=

Table

o sE &% 21 &% A AT &%

yl

3 Y BEE H
om x4 W 879 FH HE BRNE
it FAgoz, i golE(FH A F
Ay A M, $H &8 REMTH AT
o Zo] 3% &5 tolH@E AT FE A
AR AR, 229 A
571 55 G2 S 244

S5 doleo] TH 48R ol

LI MET 219 2e uARs Wt
14 Aslalon MEBE 9P A4 HHE
o WA BEoh} AHE wYsA

Alofston A-gd ¥

¥ 1, &5 dlo|E{e} nHE EM
1

Features related to activity data

Ae &3 Ad 271 94 7

sk o] 41 wlojele] W S FE A
AR A sEE AmE 20, 59 g 2
LR SR R, SR A olold 5o WEER
Q P
[$] T

2 sH oojset #EE 54

iyl S}

Table 2. Features related to sleep data

Features Description
sleep_awake Awake time
sleep_breath_average Average breaths per minute
sleep_deep Deep sleep time

sleep_duration Total sleep duration

Features

Description

activity_average_met

Average MET

activity_cal_active

Active calories

activity_cal_total

Total calories burned

activity_daily_movement

Daily movement distance

activity_high High-intensity activity time
activity_inactive Inactive time
activity_low Low-intensity activity time

activity_medium

Medium-intensity activity

sleep_efficiency
sleep_hr_average
sleep_hr_lowest
sleep_light
sleep_midpoint_at_delta
sleep_midpoint_time
sleep_onset_latency
sleep_rem
sleep_restless

Sleep efficiency
Average heart rate (BPM)
Lowest heart rate (BPM)

Light sleep time
Sleep midpoint delta time

Sleep midpoint time
Sleep onset latency
REM sleep time
Restlessness ratio
Average heart rate variability
(RMSSD)

Overall sleep score
Sleep timing score

Deep sleep score
Sleep disturbance score

Sleep efficiency score
Sleep latency score

REM sleep score

Sleep contribution score
Skin temperature delta

sleep_rmssd

sleep_score
sleep_score_alignment
sleep_score_deep
sleep_score_disturbances
sleep_score_efficiency
sleep_score_latency
sleep_score_rem
sleep_score_total
sleep_temperature_delta

time
activity_met_min_high High-intensity activity MET
activity_met_min_inactive [nactive MET

activity_met_min_low

Low-intensity activity MET

activity_met_min_medium

Medium-intensity activity
MET

activity_rest

Rest time

activity_score

Activity score

activity_score_meet_daily_targets

Daily target achievement
score

activity_score_move_every_hour

Hourly movement score

activity_score_recovery_time

Recovery time score

activity_score_stay_active

Activity maintenance score

activity_score_training_frequency

Training frequency score

activity_score_training_volume

Training volume score

activity_steps

Daily steps

activity_total

Total activity time (minutes)

sleep_temperature_deviation | Skin temperature deviation
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Table 3. Number of lifelogs per category

Group CN MCI Dem
number of person 11 51 12
number of record 7,737 3,661 785
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