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BT T VORNRPEESGTEOREEE LT, B
FPHEFNELER AT 4 v 7 ERET
NDZENEIT, R - FrREE - GIER
FearphREEzEH L, g L, ZEE
B (EREE AR T iR (AUC) SR R L
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Subjective well-being, happiness, and life satisfaction
e Worsened subjective well-being, happiness, and life satisfaction at a group level but varied
by individual.
Overweight and obesity
e High prevalence of obesity but varied by race.
e Consequence of antipsychotics.
Oral health
e Poor oral health: the greater number of missing and decayed teeth.
Non-communicable diseases
e High prevalence of chronic obstructive pulmonary disease, metabolic syndrome, type 2
diabetes, hypertension, and hypertriglyceridemia.
Constipation
e Constipation and ileus caused by psychotropic medications, especially clozapine.
Eating behaviors
e High dietary energy, sodium, and saturated fat.
e Poor diet in fiber, fruit, and unsaturated fatty acids.
Depression and sleep disorders
e High prevalence of comorbid major depressive disorder and sleep disturbances.
Smoking, alcohol, and drug consumption
e High prevalence of smoking, drinking, and drug consumption.
Problematic internet and smartphone use
e Problematic internet and smartphone use reported in South Korea.
Stress perception and allostatic load
e Inconsistent evidence on whether to perceive more stress.
e Related to greater allostatic load.
Health literacy and behaviors
e Low health literacy and poor understanding of preventive behaviors.
Socioeconomic status: education, employment, income, marital status, and family structure
e Low employment rate and income.
e Less educated and likely to be unmarried/unattached.
Social cognitive bias, support, and network
e Low ability to navigate social cues and behaviors.
e Deficits in building relationships; lack of social support, community integration, and friends;

and small size of social network.
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5Q0INICEDVAT YT 4 v LEa—
TIE, R IR & bl U CHURB IR SR &
T SN TV R WA RIRIEBRHE & o R
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B OBRIKEDOFIRIL 7. 6% T, HFROH
BRIEEZAT D2 EBENTNT 3 < E
N,

- PR AR
FHIE 2 B 5 H O N FENORERER
BRENWZ LZ2WE L2 2 DOAZT T
AN o7 (Yang et al., 2018; Sun et
2021) WIFROHITES . FA IRIE
AT D BT R R L e LT
Decayed, Missing, and Filled Teeth (DMFT)
BEBEWZ EEP LN L, ZOHEK
(3, R KR TEE OB RIS IT L
RIBL B OB VN L, FRE DK
BTRNEERWME L 725, ZORERIFE, 1
et A KRR 2N | RHAHR, I, 16RO
RN DTN L EREL TS,

- ETEE

A RMIEL AT DE B TAEEEE
ARV RIE TS 2 Z Ll sh T
7=, Zareifopoulos & (2018) D AT~ T
4y 7 LEa—IlCd, e RKRESRE
318 1 PAZEME MR S8 (COPD) % fF 69~ % mleE
ML —MEF DK 1.5 FThotz, HAK
PEERTHEICBTL2AZRY v v
R — ADOHFEIL 0% L@ &%
B LA T TV AR -
(Mitchell et al., 2013; Vancampfort et
al., 2015), Mamakou % (2018) DL B = —T
T, MEKRMEZHTHEICBT D 2 Bk
PRIGOFRTRIT 8% ~23. 3% L Wik Shiz,
Mitchell & (2013) DA Z T F U & AT,
W FFIE 2 A5 2 FH DK 19% 205 & K,
38. 7% EIMLE, 39.3%M@m kY 7 V&Y
NIFEZ A L TWD Z &R ST,

<
A

al.,



- (s FL

e RMIEL AT H2FIIERICD Z &
MWE, 7P EEHLA LT RAED
BN Z <N b T&E 7z, Shirazi &
(2016) DA X T F VY ATIE, Z7uaFey
R LTV D E R B DK 3 5D
1 AMERAZFRBR L TV D EHEES N, 20
AZTFVTATE, 7 zikMAL
TN D FIZ I T O HURE #9754 i
LTV EFELD bAREICEMIEZS Z
LR X7z, Nielsen 5 (2012) 1%, 7 o
PEURATOREREEL AT DEIL,
O FEHERATOF LR L TH LY
A2 D VAT W 2 fEmnZ &zl LT,
7w Y IO AR R T ESERY
A VU AESIEREITHENENPo T,
- BATE)

A RMIEL AT 2HORITE) « KEE
BUICERESY TV AT~T 4 v/ LEa
—MN 2Hwd o7, Teasdale 5 (2019) 1%, #t
BRMELZ AT HFIIEFF L gL T=
FNAF—EBIEOEBRENZ N EEZHL
MM U7=, Dipasquale 5 (2013) 1%, #B Rk
FE A AT D F TR & 2 <FBELL .
BWHE. Rd L OB NENIER O HEfE
W IRNT L2 fER LT,

ORI BHAFIE

- 9 DY L HEARREE

MERIEL AT 28 12IE. 9 2WOPF
FEN% L 2Bz, Etchecopar-Etchart &
(202) DA X TFH U T ATIE, K IOk
P O PR A IR R OHEEE IS 32. 6% & T
X 7=, Crespo-Facorro & (2021) D AT
VT 4 v VB2 — T, EExRE L
N THFEOHAERKIVEEZ AT HEEITLD
BHEZ D DIERZ /R L TND Z &R S
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Nice T DOWHETIE, A1 OREE FRFIE 2 A
TLH LEBEHOREGKREEZHT 58D
EL LRIV BEEOH S DRAEZ RN
DWTIE, BEfFOMmBIZ — BN N &
HR ST, Cotton 5 (2013) (2 LAviX, ¥
FEDOMERFEZ AT DH & D RIEGEE
T D DREITR 9 DIRPEREE OO FA
WRICAEEITRO bR ST,
BEAR B = LA FE C LIX LITRE®D &
LB Meyer B (2020) D A X2 71 o XTI,
TR U T oA AIE 2 A 3 2 3 IR IEIR R
2R <. RBEIRKE, TERIREHE], REARE IR
NEWERE ST, Waite 5 (2020) 1%, R
IRIE (50%) 3 L OVEZHEE (48%) BFHA
FKFE 2 A3 2 H O b — A 22 BENR R
ThhHZ eraWE LT,

CWE TV a— L SR

T AU BTN S s E Tl
AUTEZ AT D8 CIIMBES | g, 38
Wi OGRS — R ANAER LD b &
- 7= (Hartz et al., 2014), BUENFES
FHEFIE DFERRIK 1 THDH Z EMA X T F
U > Z (Hunter et al., 2020)LX T /L7
> H DALMRAT (Wootton et al., 2020)(2F

W ORI TV,
cMBEOHLIA L —Fy FPRAY— 7
+ > OfEH

A E—Fy NEeE LIS ES
A4 v ¥ — % v boF A (P
problematic internet use) L. BRI
XE A ST XD BRI A v X — R
~ OFERIHE LRSI 5N 5, Lee B
(2018) A3 EEE[E TIT o 7 FAWIAFZE Tlx, #E
RKIVEAXT N T AEEEHTDHHEOK
22%73 PIU ZEf o CWA Z ERRENT,
IHHDOETEMEA L ARG, 22—



v T ERIE DSBERE AN AT 7 > TV DA A
bolo, WHEAY— N7 4 O LI,
PIU X ICHIERM A~ — N 7 o+ 1

(PSU: problematic smartphone use) & N9
ETENTWD, #EOHE (Lee et al.,
2019) Tl&, PSU QO HEIEEEIIARLDE E L[F
BYEOIRI O & HREICEE L T,
2D OBFFEO X RE T LR X FRE 5
FnTWiWnWew, MEKMELRT2HE
IZBWTA =3y s s s R
LU HEWEIETRONTZDNIRITH S,
c ARLVRAERET QAL T 4 v J A

A B L AIIHRE RIED & F S F 2259
ICBWTEEREEZH-TND I Enb,
WA RRIE OJR KRR RE A3 & B S b
TUv5 (Nugent et al., 2015), Gutiérrez-
Rojas & (2021) 1 FHEAFKFIE 2 A9 2 FH )
s St IRBE L LR T A R L R ZER LT
W2 EERWE L7223, Nugent & (2015) 1%
COMEEEZHERTE 2o 72, Nugent ©
(2015)1X7 B A Z T 1 v 7 Afi, TR b,
SR A B L AR AT SO L T2 BT SR DN
B9 HIHFEIZIEE L=, Nugent & (2015) I,
WA AR 2 T 5 3 LR R R & b
LCTRAZT v 7ARPREL, I
LM O G RIIEZ /3 5E O )T
TRALT 4y 7 ARPREINT &2 WmE
L7z,

Ot M DHFRE

- MEREY T T 2 —/1TH)

Degan & (2021) D AT ~<T 4 v 7 LB
2= hiE, MERFEEZHTHETIT
FEEEICRT 2 U T T v —MEWEBNICH B,
Kim & (2019) ORI J A Rt 2
BT2H (95 85%NHAKIMIE) 1T
ATENT 63 2 BRARC B (REY RIS o3 % 40
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FROME < | R SRR & H L EHIRY 2 f
FERWr-CER 235 2 &, NADOREIFRER
SRAEFEEIERO 2 b — VO EEM AR
WD ERN Doz,

SRR ER (EE . B IOA, B
WL, FIEHERL)

BEfFDOV AT T 4 v L Ea2—RAH
TV ATIR, MERMWELHT LHIE
fa o B & bb T2 (Dickson et al.,
2020) <25t 2 # (Crespo-Facorro et al.,
2021) BMERWNZ &R STz, HEOBZET
3 AR & HE G RFAE O BE 2ME A L
VCHERR S 7= (Ding et al., 2020), T
ve— 7 DNAR—=ADT — X & T
T, MEKMELHTL2H TN TH
HZEMBZN ERH L NIRRT
(Agerbo et al., 2004; Hakulinen et al.,
2019), FEOHERKFVEEZF T 2HFITHB
TlE, FSAIRERE AR A & SRR L & DRI
BN H 7= (Li et al., 2015) . HARIZ
BWTIE, =L 20K 10% 03 E K
FE7R & OREMIRIERE L Z2rshTnsd 2
&S X TV D (Nishio et al., 2017),
HESEIRINOMR Y | SRR, x> b
—7

Savla & (2013) D A Z 7 F U o A TIL fik
WA L LT, MERKMEL AT S
FITHSRRmE, T2bb A — A & —
DA X JVICAKE RN AFT DB T
20 EATENZ R T D RESI MR T & AR
STz, DELFERIRFZEIZ L0 | SRR N
AT ANIHA RKIE % BT 5 H DX N RE
(2B DR, FEIR AR I SV T OIE R
L bT I ERP ST 572 Buck et
al., 2016),

MERKIVED NIFIIMTH D Z L3 <



AR O EE, #ERH03C5E  Hidlitt S~
WITFIAZDN 9 LWV T, KA T
LR EN T 5 (Perese & Wolf, 2005),
Megnan © (2018) 5DV AT ~<T 4 w7 L E
2a—lCEXNE, V=Y xy RU—T D
HIBL /NS W2 & G RFRIE D N D51
JERNENZ ERBEE L TWe, A—Z b
7 V7 OREBEORAETIZ, KWL a
TN (9B AT%IEHEKIE, 16%1%
ARG RS (3R A& C 2 A
< (80.1%) . KV Z DEANEHKT HHD
2% 48. 1% 2 Z & SR S 472 (Stain et al.,
2012),
2. WH7E2 (7)) (1) EFEERMM L
ABEs G RIE S BE Ot o

FERRIEE 23 70 W E T TREA RRRIE &
BT 5HETIINL O DB R < K5 - 4
SHPHFER PRI BIZZ S A D
i, FIRMOHEEIR & LTix, B4 (k-
FEMRTRIE A A AL 2 7.17) | HEAR R
W (4. 04) S fAE - i (BMI25 LA 1) (3.85) |
BEIRIF (3. 25) . NEEEFIE (2. 60) 732% < Z»
bivie (X 5), FEMIPHFRER & LCTiE,
9 DHEMR (7. 54) | K RFFHIREAR (3. 95) | FR%H1A
ML ZOHER(3.60), Wik - FEREEE (3. 57) .
AR K EE (2. 98) | gD R 40 (2. 58) | A&
DINDRAN (2. 26) , AR 72BEIROE (2. 07) .
FROA 2 —x > MEH (1. 50) 8% <
AHniz (K 6) AERR PR & LT,
FEik 57 (6. 25) , FEIEHEH (6. 24) , Bl & DIF]

T
1 7.17
Fracture | &
|
1 4.04
Sleep apnea syndrome | =
|
. 1 3.85
Overweight (BMI I 25 kg/m?) < | —
1
Heart failure 4 : g5
1
3.25
Diabetes : —
1
2.60
Dyslipidemia : ——
1
1.99
Gout -:—-—-
1
. | 152
Hypertension o II—I---l
1
1.19
Cardiovascular disease I—:I—|
1
Cancer o |—+1ﬂ|
| : : :
1 5 10 15

Sex- and age-adjusted odds ratio

5. A RIEZ AT DH BN THEDEWERRIOHEIEIR @ FHREES RS

(ZRBIT2AFRE 1 L LIGE

7 DL

DY - FlAIE G A X



5 10
Sex- and age-adjusted odds ratio

6. LA KRAVEZ AT 2E BN THEDO SRR IR - FEHEES RS
(BT SARRE 1 & LIGE 0N - FlatEi a4 v X

1
7.54
Depressive symptoms (CES-D © §) 4 ! -
1
1
Long sleeper (I 10h) A : |—.—|3'95
1
1 3.60
Stressful (PS5-4 > 7) o | —_—
1
1
Viiddle wakening, or early wakening - | |—.BL|
|
! 2 98
Hypnagegic disarder < 1 ——
1
1
. 2.58
Absence of Happiness | ——
1
1
- 2.26
Absence of Jkigai - I —a—
1
1
Deep sleep disorder 4 | '_.217|
1
1
L 1. .50
Longtime internet use (> 14h/week) o Il—.—u
}
1

T
6.25
Unemployed 4 : —_————
! 5.24
Non-regular Employment A I -
I
1 4,55
Living with parents 4 | ——
! 376
Hosehold income < 3 million Japanese yen I —a—
1
49
Unmarried - : |—l3—|

! 220

Not taking regular medical checkups | ——
1

- ) . 1 2.08
Less cognitive social capital o —a—
I
! 1.99
Education background (Junior/senior high school} 4 | —
1
1.48
Less social support (ESSI < 17) A I
1
‘ ) b.91
Less structural social capital 4 -

: - .
1 5 10

Sex- and age-adjusted odds ratio
THEKFIEZH T 2F B THEZD S ERHHAER ©  FHFEE 2 R nwEic
BU ML 1L LIGAON - MRS+ v X
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K 3. HUARAPER O T HIME & BIZE - BRFE L v 2T ¢ v 7 [BlE 0 ik

ety O AT+ w70EIER
%S o 19 24 16 27
B |8
40
ﬂ'_;\
{;E é 346 11 337 20
i
U FaX0) s B
FRHE (WraosmiE) FAHE (WradsmiE)
S 0.56 R 0.63
SRE 0.97 SRS 0.94
NS 0.69 I I R 0.57
S chaR 0.95 S chER 0.95
J& (4.55) . TN 300 5 AR (3. 76) . et al. International  Journal of

KU (3. 49) | EHHEFRZBARSZ (2. 20) | K
VRN Y — o X L Xy B XL (2.08), &
B TR A LU T O (1.99) | ARV Y —
Ty P R—M1L48) NEL AbnT (K
7). FEARIEERSCHRE L TE Y (Matsunaga M,

Frequency of sleep medication use
Age

Household income

Type of employment

Bedtime

BMI

Number of cigarettes smoked per day

Education background

Hours of sleep

Perceived stress

Positive reason for living
Restriction in functional capacity
Type of occupation

Number of teeth

Bowel frequency

Environmental  Kesearch —and Public
Health 2023; 20: 4336.) . Aim L&A
TEREFOERE LTHIT %,

BAR 7 L DR EE | R SREE | R
OBIERTRIZ, ThEh 0.56, 0.97,

[ S
——
—_—
——
[
—
—r
gl
4
)
s
oo
o4
Y
»
0.010 0.015 0.020 0.030  0.040 0.045
1-AUC

X 8. HBIET NMZEBTHEHOEZEE (1-AUC)
AUC : ROC phift (CZEEHRAEHFERIAR) FOHEFE area under the receiver operating

characteristic curve.
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0.69, 0.95 Tdh -7 (53), AUC(0. 86 vs.
0.78) . #&E (0.93 vs. 0.91), HrHpE (0.97
0.94), BRI H=(0.69 vs. 0.57)IZ
BWTRYZAT 4y Z7EIFET VLD HE
T\, BY AT 4w 7 EFET /WK
FE (0.63 vs. 0.56) 2BV T EE £
VR DR T, BEARSEOME T, 4R, it
A TEHITZREDS | BB D EHBLEE D A7 4
frz b7z (M8), M CTIE L Tk
Y (He Y, et al. JMIR Formative Research
2024; T: €50193.) . Afa L &G
EOBEE LTHIRT 5,

SIS MERGEDRE R & LT, HE KN
Ji£, MDD, BD EZMWrEni=F L, ZnH0HF
VA RFRE B E 7 L 2 i L 72 B o)
AR 2 4+ 5 1RT, SR 0. 75, KRR
FEIX 0. 44 Th o7z, #ZERIT- OV T MDD

VS.

ZHT5E 56 AD 9B 31 A (655%). BD &
AT2H 32 ADIH 19 N (59%) 2i&-o
THEA RFE & FE S Av7z, FEMIERR SO
HELTED He VY, et al.
Clinical Medicine 2024; 13: 2970.), A&
L A AR E EOB RS L THlIRT
Do

3. WhFE2 (7) @ REWEESNIFET — 2~

— A MM LT ARRHEE

— AR L CoMERFEH BT T
IVOBERNZ DWW TR, REH 760 AD[E%
ZHBETMTRA LI L 25, 62 AD3HE
B IFIE &R S Avio, AT 8. 3% (=
62/750) L 72 o 7=, ZNE TOEREICDOTZ-
THMEELE L TRONE L S D6 - Wi
PEEEZ AT 2BV THRE RKIE &35
ZINLIEDNEHDD T.1%%EL5IL< &

Journal of

4. WEKRIEHRIE T )V ORKE L R

BIHME CRERIRHE D2

SZ MDD + BD + OCD
T HliE SZ (+) 46 50
(HEF AL fER)  SZ(-) 15 39
AEt 61 89
JR i 0.75 -
FPE L - 0.44
SZ : WA IRFVE, MDD : KO DM BD @ BARMERET . 0CD : JiE MRS
# 5. WO RIVEHRET L OFEZE
BUAE CFERRRHE D 2 )
MDD BD OCD
T HIiE SZ (+) 31 19 0
CHRlE T L ofER)  SZ (-) 25 13 1
&Et 56 32 1
MR 0.55 0.59 0

==

SZ : WEASCHRAE. MDD @ K 9 JpEpEE
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S0mELLE
S0~54
70~74
Go~54
S0~54
A40~44
30~-34
20~24
10~14

O~4
5000

3000

1000 1000 3000 5000

QoRRLLE
BO~84
TO~74
BO~64
E0~54
40~44
20~34
20~24
10~14

04
5000 3000 1000 1000 3000 5000

LES
=i

9.k 26 4 (F£) & 294 () OHfER+ AR (BAL - 1000 A)

1.2%E 720, ZOANEIX9.0 A (= 750 X
0.012) TH o7, ZNZETICHHB LIS
KIEDOBEEFESEIT 229 A (= 9.0X
0.326) ThoT-. 2D 2 FHEDOEHF 11.9 A

(= 9.0 + 2.9 % 750 THEH|->7-fHTHS

1.59% (95%Z X4 : 0.69 - 2.48%) 75H

RO R R B DG JifE S AR R

ThDEHF LT,

N LA & mifgasn] 2 D THA TR
SEHIBET NV EERRTE 22OV T,
10, 000 [ D FEERIZI>72 5 AUC A 2 T 4345 D
KANTH0.88 TH Y | 8 U CTHEILTZiRBIEE
TR ENT, FEITGRSCERE L TR Y (He
Y, et al. JAMIA Open 2024; T7: 0oae012.).
K LAt mEE0ER & L ThllR
95,

4, WE3 (7)) LES NBLOREST
— X ffi o T2 ARG RIE SRS
Ot T ¥ > 7 OREEE

=lal A

80~84

FO~T4

Bo~54

S50~54

4044

30~34

20~z
10~14

o~4
200000 100000 0

100000 200000

AETEIRTE ST G 2 0 6 JSHE O A T R HE
HOBBRIAT L Z LB RE L e
TORRPF DT, TRk 26 4E & 29 ED
WEEHFAD (AR, e < (¥
9 WTFNDOEL B b $12 65-T4 1k & 40—
54 D 2 DOFEMERIZE — 27 BB b
7o F£72 39 kA T OB Tl 20-24 7%
DRI DT RILERD DL DD,
BRELREED T2 5220 TA A
LTz, RIREETRA 12K D 6 Aok
EdBIREE N BT (X 10), BT
65-69 . ZTIE T5-79 ik DRI )N i
H %< 7o T2, 90 B LD B ZBRITIE,
Bl b 2024 b o &bl 7roT
W, BT 20-24 W BRKTHD 65—
69 % £ CITHFFITHIM L TW2y, Tk
20-24 KN HIRKTH D 75-79 O H D
45-49 IE DOFHPERRIC B — 7 D3R BTz,
0-19 I DFMBESR CTIX B2 & b 10-14 3%2

X 10. PRk 26 52 (f2) & 294 (f5) O#fRaEE S (HAL - A)
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HobbEl o T,

SRR 26~4F0 2 (2014~2019) 4F 6 7%
By DETEIREZ K DO G RIEIC K
5 EIRB O e/ N2 o To DI 2
(2020) 0 42,486 1, F K72 - 7= DILF-
% 26 (2014) 40D 45,996 4 TH Y . A&
B/ANDOKET 1. 08fETH -T2, £72. 1
AR EENBH = OMERFVEIC
& D BEREER B L O fe/ MBIV FERK 29 (2017)
0 0. 0209, FKAEILFRK 28 (2016) 40D
0.0217 TH Y Fx K & /P OKEFEIT 1. 04 £5
Tholz, SHIZ, ANA—T N7 0 AR
SRR O A R X D ENRERE) 2
ZAF T D H OEIE OB/ MEIZAFn 2(2020)
o 3,37 N, B RAEILFEAL 28 (2016) 4RO
3.62 ATHY K EB/NOAIT 1. 07 %
Td oo AWFFEORERD G | AETEIREH IR
HEIENED 2%BHMPFHAERFEIC L D EHE
KBS EZ T T D EHEECTE 2, AT
WFZE CIEME A RTVE DB IR RIL 0. T~1%
JEEINTEY, AERENZREICBIT D
HAERKIVEOBHRIT—BAD LD @ e
X%, LhLAans, Larl, AB—HA
BT OAETEREZFGE DO RKMAEIC
XD EWRB 22 TV D D AN BUE 8. 37
~3.62 OFPH & HEFH STz, SEATIGED N D
N —J5 N7 0 O G R HRE O BE 5 a
HEFET 2 & 7T0~100 AN (H¥H=R:0. T~1. 0%)
LY ZTHICATEREZGE DO E
FEIC £ D EREB 22T TV HE N HD
DEIETE 3~b% R L HEE Sh, ATEIRE
ZRE B A ITVE DGR RHEE D D RS
T 52 L ORBIIRE LRV EEmOT T,
EIRTIL 44,982, 671 1EDOEIR 4 D HERR
S, B4 O TG KRR 25015
4 1% 107, 568 £ (0.24%) TH o7, ARt
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Tl 2, 708, 284 R OGR4 DN, 16, 488 {4
MEZY L, ABEH Tl 40, 156, 540 D54
DA, 84,701 3544 LTz,

KB LT T — X _R— 2T E
TWADERAICEBIT D AR L)X
FH % BTSN ORBUZ DWW TIILL T O
Y Th ol R4 O—EIZ G K]
a4 TR E 0o TDIX AR
FHAE] D 100, 743 {4 (93.7%) THo7=, A
Bt b [AERIC [HEGKHFAE] O 15,601 {4
(94. 6%) 38 Z% ToH D . ABES & [FIERIZ THE
BIFRIE] D 79, 134 14 (93.4%) 2% T
oo T, B O—EI [FERH 25T
EIR4 DN 14, 092 {1 (13.1%) A3 EEHE T
bolo, TOHRTIX FERFE] D 13,027
1 (92.4%) WEc% CThoTo, [FAKR %
EUERERI4 T, BE O MERIELH
THLEEZONDLERA L LT, G KM
Sit | AN | (AAPREVERE & RFIE . SRR
B ITE | B2 AR & A TE . BRI A 2k
FE | B FEIN EE 2 e A R ARE L R R S
FFE  /NHRLE A I FRE | I EMERE & 2%
FRE . AITBEEIHE A S FE | (RIREMERE A& 7
i BLRURLHE A JCTE | EEFEMERT A JCTRE
ML A TiE . AR G RAEDS T
— X R—2 R TE =, AL &
BUAEERAA 1205 WG RFRIE LS DR Ip
DAL B bNLERA L LT, 9O
A B A FRIEAR PR . B B S E P
T Y — N, SR G RKIRERR SR MR
F L IRA G R IRRAE R | ELR S
FERRPETE | BE A TR PR | Ht A T A
R=YF VT ¢ BEE A RTERREE | Bt
BRFVERI O >, MERIEER 2D
SMEBEEL, BEARIEM S—Y TV T o
FH LA RIEMERS A RIREARIR AR,



BRI TR B AR
THERTE T, mm%ﬂj%aﬁﬁﬁf%
72D, R RIRAE IS O O ATRENE © &
R DN DEIRAITEFTT 4,452 11 (4. 2%)
R T& 7,

L7 MEFA TG JFE ) D 2P
LT, %#& 987 Ao 55, LeT b
24 TR RARIE ) OFCED & - T2 # 1
235 N, BIZHAERIVEZA L TW2EIE
97 NCdhoTz, L7 MIEHRA L LTHE
ST TG RKFE) OWTivd TEEVFR
& TlEe otz LB o4 TS
KA R 72 o T F BV TR, BITHS
KIAEZA L CWFITW o Tz, A5
SNTFD S B, WA RTRIEIC R 235
HLPEMERII 7 LA N, =Y Ty
NI T o AN =B/ A==V PN =0 A %
(BL k. % 2 HRFUEHHEE) BIOLR
My B 1 AP MHREE) o 6 fFET
o To, RBRFENZBIT DGR, BEIER
HR | R, FFREAR 9 IR T, LEY
b DT — 2 T AT A TG RIRIE ] 72002
S TEHR L2 gE . PR H 13 41, 3%, [

PERY IR ERIT 100%, JREEIE 100%, FrERBEEIT
84.5% Ch o7, M KIEL A I 2o T
890 A5 H 138 A (15.5%) DO L& MZ
B4 DA TIE ) M ST, Z
NEDOHEDRTEDN - EDOIFAIL D O
(47 N, 34.1%)  BAsME R (31 A 22. 5%)
SARMEREE (T AL 5. 1%) ., A ERR
JE (6 N, 4.3%) Tholz, WTHNDE 2
HARFRAIR I DT TEH A N 2 7256
BEPER SR IE 54, 2% & BN o 7208, I
66. 0% & K& K FAoT-, FathpyhR & iR
D IR, BED XS 2 RKE KT
Tl o7z, HUREHIREE DTS % LA T
MAT5GA, BEIXISBICRELS TR T,
5. WFE3 () : KEIEL BT hF—&~
— A &R U Tz 52 R e e
MEMIMICD 72 e 100 H BL ERIRER
FERND D VIEFERTH > -8 OREIT
1156 75 3008 N CTdh-o7o, R *gEMEIC
YT HEOREX, 13 )7 4013 AT, #t
BUTE DSZIRIIT 1. 16% & HEE STz, %
PRI THLARBRE A AT IS T 1. 00%, #EEk
BHIZBW T L3 Th -7,

£9. BUERTFE BREHNTE BE. BRE 2020598 ~202258FIC AR LEFBIA (56, B

ICHERALEEZBE L TWEEIFITA) oF—2hH5EH

ZhE S5, BEICHEEA BEMAT BHERT BRE BEE

EEETHE £ %) £ (%) (%) (%)
. LEZ7FERE THEEXRHA 235 97 413 100 100 84.5
fE |

L+ 7 MR- B2 s
R
2. 1+¥ 7 LR b 28 18 64.3 91.8 18.6  98.9
3. l+xzEUT77A 63 35 55.6 93.3 36.1  96.9
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Abstract

Aim: Care for people with schizophrenia is shifting the locus from long-stay mental
hospitals to nonspecialized community-based settings. Knowledge on the care is not
a sole property of psychiatric specialists. Community healthcare workers who do not
specialize in psychiatry are recommended to learn more about schizophrenia. This
review aimed to summarize recent findings on subjective well-being and physical, psy-
chiatric, and social comorbidities in individuals with schizophrenia.

Methods: A literature review was conducted. We retrieved findings from existing sys-
tematic reviews and meta-analyses as our preferred method. When data were not
available, we referred to other types of studies.

Results: As per our review, individuals with schizophrenia demonstrated poor sub-
jective well-being, happiness, and life satisfaction despite individual differences.
Pharmacotherapy caused weight gain and constipation, whereas race and hospitaliza-
tion might affect weight reduction. Individuals with schizophrenia demonstrated poor
oral health, a high prevalence of noncommunicable diseases, and unique eating behav-
iors. Depression, sleep disorders, smoking, and alcohol and drug consumption were
frequently found in the individuals. Research findings regarding problematic internet
and smartphone use and stress perception were limited. Low health literacy and ne-
glect of preventable behaviors were frequently seen in individuals with schizophrenia.
They tended to be less educated, poor, unemployed, unmarried/unattached, and had
poor social cognition, resulting in little social support and a small social network.
Conclusion: Retrieving recent data, we confirmed that individuals with schizophrenia
had poor subjective well-being and suffer from various physical, psychiatric, and so-

cial comorbidities.

KEYWORDS
comorbidity, epidemiology, literature review, schizophrenia, subjective well-being
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1 | INTRODUCTION

Mental disorders have drawn much attention worldwide in recent
years.! Schizophrenia is a common mental disorder that affects more
than 20 million people worldwide.? A systematic review reported
a median 12-month and lifetime prevalence of 0.33% and 0.48%.°
Another systematic review demonstrated a median point, 12-
month, and lifetime prevalence as high as 0.39%, 0.40%, and 0.75%,
respectively.4 In Japan, Okui estimated the point prevalence of
schizophrenia, including schizotypal and delusional disorders, to be
approximately 0.7% by using the national data of the Patient Survey.’
Japan has more than 300000 psychiatric care beds.® It is by far the
biggest number among the member countries of the Organization
for Economic Co-operation and Development (OECD).” About half
of psychiatric inpatients suffer from schizophrenia or its allied dis-
orders, and more than 70% of those are admitted for more than a
year.’

The World Health Organization (WHO) advocates the deinstitu-
tionalization of individuals with schizophrenia, that is, a shift of the
locus of care for people with mental disorders from long-stay mental
hospitals to nonspecialized community-based health settings to pro-
vide comprehensive, integrated, and responsive mental health and
social care in the Comprehensive Mental Health Action Plan 2013-
2030.8 In these circumstances, knowledge on the care is not a sole
property of psychiatric specialists. Community healthcare workers
who do not specialize in psychiatry are recommended to learn more
about schizophrenia. Individuals with schizophrenia exhibit various
symptoms, including positive (eg delusions, hallucinations) and neg-
ative (eg blunted affect, avolition) symptoms, which lead to physical,
psychiatric, and social comorbidities.”° This review summarizes rel-

evant recent findings.

2 | METHOD

In this review, we targeted the physical, psychiatric, and social co-
morbidities along with subjective well-being, happiness, and life
satisfaction. Overweight and obesity, oral health, noncommunica-
ble diseases (NCDs), constipation, and eating behaviors were ex-
amined as physical comorbidities. Depression and sleep disorders;
smoking, alcohol, and drug consumption; problematic internet and
smartphone use; and stress perception and allostatic load were
adopted as psychiatric comorbidities. Social comorbidities included
health literacy and behaviors, socioeconomic status (such as educa-
tion, employment, income, marital status, and family structure), and
social cognitive bias, support, and network. Using these terms, po-
tentially relevant papers were collected. We retrieved the findings
from existing systematic reviews and meta-analyses as our preferred
method. When they were not available, we referred to existing co-
hort, case-control, and cross-sectional studies. We searched the
literature published up to February 2022 through PubMed. The ex-
isting research employed for this review was limited to clinical and
epidemiological studies written in English.

REPORTS

TABLE 1 Summary of findings

Subjective well-being, happiness, and life satisfaction

Worsened subjective well-being, happiness, and life satisfaction
at a group level but varied by individual.

Overweight and obesity
High prevalence of obesity but varied by race.
Consequence of antipsychotics.

Oral health

Poor oral health: the greater number of missing and decayed
teeth.

Noncommunicable diseases

High prevalence of chronic obstructive pulmonary disease,
metabolic syndrome, type 2 diabetes, hypertension, and
hypertriglyceridemia.

Constipation

Constipation and ileus caused by psychotropic medications,
especially clozapine.

Eating behaviors
High dietary energy, sodium, and saturated fat.
Poor diet in fiber, fruit, and unsaturated fatty acids.
Depression and sleep disorders

High prevalence of comorbid major depressive disorder and sleep
disturbances.

Smoking, alcohol, and drug consumption
High prevalence of smoking, drinking, and drug consumption.
Problematic internet and smartphone use
Problematic internet and smartphone use reported in South Korea.
Stress perception and allostatic load
Inconsistent evidence on whether to perceive more stress.
Related to greater allostatic load.
Health literacy and behaviors

Low health literacy and poor understanding of preventive
behaviors.

Socioeconomic status: education, employment, income, marital
status, and family structure

Low employment rate and income.

Less educated and likely to be unmarried/unattached.
Social cognitive bias, support, and network

Low ability to navigate social cues and behaviors.

Deficits in building relationships; lack of social support, community
integration, and friends; and small size of social network.

3 | RESULTS

We summarized the results in Table 1.

3.1 | Subjective well-being, happiness, and life
satisfaction

I11

A Canadian cross-sectional study by Fervaha et al** revealed that

young adults with schizophrenia demonstrated worse subjective
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well-being and less happiness and life satisfaction than those without
schizophrenia at a group level. Similar findings were confirmed in other
studies on adults in Spain12 and United States.'® It was concurrently
reported that a substantial number of individuals with schizophrenia
felt high levels of subjective well-being'! and happiness.!® Evidence
for improvement of their subjective well-being by pharmacological
treatment and psychosocial therapy has been clarified.1**> Gutiérrez-

|12

Rojas et al*“ also reported that cognitive impairment might modulate

the relationship between subjective happiness and functioning.

3.2 | Physical comorbidities
3.2.1 | Overweight and obesity

A meta-analysis reported that almost half of the individuals with
schizophrenia were obese.'® Whether those with schizophrenia
were overweight or obese might differ according to the treat-
ment they were receiving. A review by Shah et al*’ indicated that
compared to healthy controls, individuals with schizophrenia who
were antipsychotic-naive and minimally treated showed lower body
mass indices (BMls) and no difference in waist circumferences.
Antipsychotics would make those with schizophrenia overweight
and obese. A review by Tarricone et al'® exhibited that weight and
BMIs of antipsychotic-naive patients increased after the beginning
of antipsychotic medications. Another systematic review presented
those antipsychotic medications, such as haloperidol, olanzapine,
quetiapine, and risperidone, except for ziprasidone, were associated
with weight gain and BMI increase in individuals with first-episode
psychosis.? The longer the duration of antipsychotic medication,
the higher the weight gain.'’

Weight gain in individuals with schizophrenia may differ accord-
ing to race. A meta-analysis reported that Asian people presented
lower weight gain than Western counterparts.19 A systematic re-
view focused on underweight in individuals with schizophrenia
and reported a high pooled prevalence of underweight of 17.6% in
Japanese inpatients with schizophrenia, nearly 3-fold higher than

that in the patients worldwide.?°

3.2.2 | Oralhealth

We found two meta-analyses reporting poor oral health in individu-
als with schizophrenia.zi'22 In both of them, individuals with schizo-
phrenia had higher decayed, missing, and filled teeth (DMFT) index
scores. They had the greater number of missing and decayed teeth,
but with fewer number of filled teeth, compared to healthy controls.

3.2.3 | Noncommunicable diseases (NCDs)

Individuals with schizophrenia were more likely to suffer from
NCDs. A systematic review showed an about 1.5-fold greater

likelihood of suffering from comorbid chronic obstructive pulmo-
nary disease in those with schizophrenia compared to the general
population.23 Meta-analyses reported a high prevalence of meta-
bolic syndrome of more than 30% in those with schizophrenia.!¢2*
Previous studies reported the prevalence of type 2 diabetes in indi-
viduals with schizophrenia, ranging between 8% and 23.3%.2° Some
studies also reported the genetic predisposition for comorbidity of
schizophrenia and type 2 diabetes.?®?” A meta-analysis indicated
that about 19% of those with schizophrenia had hyperglycemia.16
It also showed that 38.7% and 39.3% of individuals with schizo-

phrenia had hypertension and hypertriglyceridemia, respectively.'®

3.24 | Constipation

Constipation often occurs in individuals with schizophrenia. The as-
sociation between clozapine and constipation and ileus has been
well examined. A meta-analysis estimated that nearly one-third of in-
dividuals with schizophrenia who were using clozapine experienced
constipation.2® This study also reported that clozapine induced con-
stipation more frequently than other antipsychotics. Another study
showed that clozapine doubled the risk of ileus compared with other
psychotropic medications.?’ It caused fatal ileus more frequently
than other psychotropic medications.

3.2.5 | Eating behaviors

We found two systematic reviews that focused on the eating be-
haviors of individuals with schizophrenia. One suggested that those
with schizophrenia consumed higher dietary energy and sodium
compared to healthy controls.’® Another revealed that, compared to
healthy controls, those with schizophrenia were more likely to con-
sume a poor diet in fiber, fruit, and unsaturated fatty acids and a diet
rich in saturated fat.3!

3.3 | Psychiatric comorbidities
3.3.1 | Depression and sleep disorders

Depression is also prevalent in individuals with schizophrenia. A sys-
tematic review reported that a pooled estimate of the prevalence
of the comorbid major depressive disorder was 32.6% in those with
schizophrenia.32 Itis suggested that evenindividuals with first-episode
schizophrenia indicated depressive symptoms more frequently than
healthy controls.®® Existing findings were inconsistent regarding
which of the two, patients with early- or chronic-stage schizophrenia,
expressed more severe depression.>® No significant difference in the
rates of major depressive disorder was detected between patients
with first-episode schizophrenia and schizoaffective disorder.3*
Sleep disturbances are often observed in individuals with schizo-
phrenia. A systematic review reported that those with remitted
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schizophrenia showed a longer sleep duration, time in bed, and sleep
latency than the healthy control.®®> Another study found that insom-
nia (50%) and nightmare disorder (48%) were the most prevalent
sleep problems among individuals with schizophrenia.*® Sleep dis-
ruption predicts the onset and persistence of psychotic experiences
such as paranoia and hallucinations.

3.3.2 | Smoking, alcohol, and drug consumption

A multi-institutional study in the United States revealed that smok-
ing, drinking, and drug consumption were more prevalent in those
with schizophrenia than in the general population.®” Smoking was

suggested as a risk factor for schizophrenia incidence.3%%°

3.3.3 | Problematic internet and smartphone use

Problematic internet use, also called internet addiction, is charac-
terized by persistent compulsive use of the internet that interferes
with daily life.?® Lee et al*® reported that 22% of individuals with
schizophrenia spectrum disorders suffered from problematic inter-
net use in South Korea. They were more likely to have high levels
of perceived stress and dysfunctional coping strategies.40 With the
popularity of smartphones in recent years, problematic internet use
has gradually turned into a form of problematic smartphone use.**
The South Korean researchers reported that the severity of prob-
lematic smartphone use was significantly associated with both high
anxiety and low agreeableness.*! Since the subjects in these studies
did not include healthy controls, it is unclear whether internet ad-

diction is comparatively more frequent in those with schizophrenia.

3.3.4 | Stress perception and allostatic load

Stress has been linked to the etiology of schizophrenia because of
its significant role in different stages of the illness.*? Gutiérrez-Rojas
et al*? did, and Nugent et al*2 did not find that individuals with schiz-
ophrenia were more likely to perceive stress than healthy controls.
Nugent et al focused on allostatic load, that is, the wear and tear
of bodily experiences after responding to external stressors. They
reported that those with schizophrenia had greater allostatic load
compared to healthy controls, and greater allostatic load was found

in both individuals with early course and chronic schizophrenia.*?

3.4 | Social comorbidities
3.4.1 | Health literacy and behaviors

A systematic review highlighted a low health literacy of individuals

with schizophrenia.43 A cross-sectional study reported that those

REPORTS

with psychosis, 85% of whom suffered from schizophrenia, demon-
strated a lack of understanding of preventive behaviors and poor
knowledge of physical illnesses.** Compared to the healthy control,
they were less likely to undergo regular medical checkups and exer-
cise, and to acknowledge the importance of early cancer detection
and controlling NCDs.

3.4.2 | Socioeconomic status: education,
employment, income, marital status, and
family structure

Systematic reviews have indicated that individuals with schizo-

d*® and exhibit a low employment

phrenia tend to be less educate
rate®® than healthy controls. A Chinese study found that a lower
income was associated with having schizophrenia at an individual
level.*® Research using Danish population-based data revealed
that individuals with schizophrenia were likely to be unmarried/
unattached.*”*8 An association between social dysfunction and
marital status was found in individuals with schizophrenia in
China.*? A Japanese study reported that approximately 10% of
homeless people were diagnosed with schizophrenia or other psy-
chotic disorders.*°

3.4.3 | Social cognitive bias, support, and network

A meta-analysis indicated that, compared to healthy controls, those
with schizophrenia performed worse in social cognition, that is, a low
ability to navigate social cues and behaviors inherently dependent
on a knowledge base and set of skills.>* A psychological investigation
revealed that social cognitive bias provided information about cogni-
tion, symptoms, and functioning related to interpersonal conflict in
those with schizophrenia.*?

It was highlighted that individuals with schizophrenia often had
loneliness, deficits in building relationships, and lack of social sup-
port, community integration, and friends.”® A systematic review
presented that a smaller social network size was associated with
more severe psychiatric symptoms in individuals with schizophre-
nia.>* In an Australian nationwide survey, adults with psychotic ill-
ness (47% with schizophrenia and 16% with schizoaffective disorder)
presented a high frequency of experiencing loneliness (80.1%) and a
need for more friends (48.1%).%°

A study in Taiwan reported a cross-sectional association be-
tween a high level of social support, especially support from family,
and symptomatic nonremission.’® A qualitative study in Pakistan
suggested the association between social support and the willing-
ness for treatment.®” With support from family, peers, and friends,
they received positive emotional feelings, reduced depression, and
gradually accepted regular medication and proper treatment. On the
other hand, a systematic review pointed out that evidence for the

effectiveness of peer support was insufficient.’®
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4 | DISCUSSION

Retrieving recent data, mainly from systematic reviews and meta-
analyses, we have confirmed that individuals with schizophrenia suf-
fer from poor subjective well-being and various physical, psychiatric,
and social comorbidities. Our review helps not only psychiatric spe-
cialists but also community healthcare workers who do not special-
ize in psychiatry learn more about the disorder and its management.

Individuals with schizophrenia had worse subjective well-being
and less happiness and life satisfaction than those without at the
group level,***2 while the substantial heterogeneity among indi-
viduals with schizophrenia was appreciable as well.***® This fact
contributes to an elimination of the general misconception that all
with schizophrenia are helpless. Given that cognition modulated
the relationship between subjective happiness and functioning as
reported,'? rehabilitation programs for cognitive impairment might
improve recovery outcomes with a focus on subjective happiness
in individuals with schizophrenia.>” Optimizing antipsychotic treat-
ment, as well as psychosocial therapy, would improve subjective
well-being for individuals with schizophrenia.***®

For physical comorbidities, we targeted overweight and obesity,
oral health, NCDs, constipation, and eating behaviors. Existing re-

17-19

views indicate pharmacotherapy as a cause of weight gain and

2829 Race'®?® and hospitalization?® can also affect

constipation.
body weight. Individuals with schizophrenia tended to present a low
DMFT index score,?"?2 suggesting poor health awareness and few
opportunities for dental care, prevention, and treatment. This idea
might be supported by a systematic review showing their low health
literacy and academic achievement and neglect of preventable be-

30,31

haviors.*3=*> Unique eating behaviors and low health literacy

t43-4% could have contributed to the high

and academic achievemen
prevalence of NCDs among the population.?®?3-2> Weight gain'6~?
and a high prevalence of smoking and drinking37 must also be mon-
itored to prevent NCDs. Genetic influences may also account for
comorbid diabetes.?¢%?’

For psychiatric comorbidities, we examined depression and sleep
disorders, smoking, alcohol, and other drug consumption, problem-
atic Internet and smartphone use, and stress perception and al-
lostatic load. Depression and sleep disorders have long been known
to be common psychiatric comorbidities. Our review confirms this
finding.32%¢ We found a clear indication of high prevalence of smok-
ing, drinking, and drug consumption in the U.S. among individuals
with schizophrenia.®” Problematic internet and smartphone use,
an emerging addiction of the 21st century, was so far investigated
only in South Korea.*>* Such findings should be duplicated in other
countries. The existing findings were split regarding stress percep-
tion among individuals with schizophrenia.?#2 More study findings
are necessary to clarify this topic.

For social comorbidities, we explored health literacy and behav-
iors, socioeconomic status, and social cognitive bias, support, and
network. As mentioned above, low health literacy and neglect of pre-

ventable behaviors were noted in individuals with schizophrenia.*>*

16,23-27 \yhich are

preventable to some extent. Being less educated,*® poor,*® unem-

This could contribute to a high prevalence of NCDs,

poned,33 and unmarried/unattached*~* were found as the features
of individuals with schizophrenia. They also tend to perform worse
in social cognition.51 As a result, they would have little social sup-
port and a small social network. This finding justifies the necessity of
psychosocial treatment such as cognitive behavioral therapy, family
interventions, social skills training, and supported employment.®®
The strength of our review is that we summarized various fields
of relevant studies in terms of subjective well-being and physical,
psychiatric, and social comorbidities. It is helpful for community
healthcare workers who do not specialize in psychiatry. Systematic
reviews and meta-analyses were primarily included to ensure the
findings are comprehensive and persuasive. We revealed under-
researched areas related to well-being and comorbidities in individ-
uals with schizophrenia and also provided indications for promising
future research. A limitation of this study is that we did not conduct
a systematic review with a meta-analysis. Although we preferred
recently published systematic reviews and meta-analyses, our inter-
pretation might have been biased by our subjective choices from the

existing literature.
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Abstract: The physical, psychiatric, and social comorbidities interfere with the everyday activities
of community-dwelling individuals with schizophrenia and increase the risk of their readmission.
However, these comorbidities have not been investigated comprehensively in Japan. We conducted a
self-reported internet survey in February 2022 to identify individuals aged 20-75 years with and without
schizophrenia using a prevalence case-control study. The survey compared physical comorbidities
such as being overweight, hypertension, and diabetes; psychiatric comorbidities such as depressive
symptoms and sleep disturbances; social comorbidities such as employment status, household income,
and social support between participants with and without schizophrenia. A total of 223 participants
with schizophrenia and 1776 participants without schizophrenia were identified. Participants with
schizophrenia were more likely to be overweight and had a higher prevalence of hypertension, diabetes,
and dyslipidemia than participants without schizophrenia. Additionally, depressive symptoms, unem-
ployment, and non-regular employment were more prevalent in participants with schizophrenia than
those without schizophrenia. These results highlight the necessity of comprehensive support and inter-
ventions addressing physical, psychiatric, and social comorbidities in individuals with schizophrenia in
the community. In conclusion, effective interventions for managing comorbidities in individuals with
schizophrenia are necessary to enable them to continue to live in the community.

Keywords: community support; comorbidity; depression; epidemiology; schizophrenia

1. Introduction

Schizophrenia is a common illness with a reported lifetime prevalence of approxi-
mately 1% [1]. The World Health Organization’s Comprehensive Mental Health Action
Plan 2013-2030 advocates for deinstitutionalization of individuals with schizophrenia,
shifting the place of care from long-term inpatient psychiatric hospitals to non-specialized
community-based health settings and providing comprehensive, integrated, and responsive
mental health and social care. In Japan, approximately 150,000 individuals with schizophre-
nia are hospitalized, representing 60% of admissions for mental and behavioral disorders
and 12% of all disease admissions [2]. Since the proposal of “The Vision for Reforming
Mental Health Care and Welfare” in 2004, there has been a shift toward community-based
care for individuals with schizophrenia [3]. Meanwhile, approximately 15-30% of individu-
als with schizophrenia are readmitted within 90 days of discharge worldwide [4]. Physical,
psychiatric, and social comorbidities have been associated with readmission [5-7]. Investi-
gating the physical, psychiatric, and social comorbidities of individuals with schizophrenia
in the community can aid in identifying their needs and improving their care.
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Evidence on physical, psychiatric, and social comorbidities associated with schizophre-
nia is accumulating [1]. For example, physical comorbidities include obesity [8], diabetes [9],
hypertension [8], and hyperlipidemia [8]; psychiatric comorbidities include depression [10]
and sleep disorder [11]; social comorbidities include low employment rate [12] and func-
tional impairment such as community living and work [13]. In Japan, some comorbidities,
such as overweight, hypertension, diabetes, depressive symptoms, quality of life, employ-
ment rate, and household income, have been reported [14,15]. However, there are no
comprehensive reports on the physical, psychiatric, and social comorbidities of Japan’s
community-dwelling individuals with schizophrenia [1].

Community-dwelling individuals with schizophrenia face unique challenges related
to their physical, psychiatric, and social comorbidities. These comorbidities, such as obe-
sity, depression, and low employment rate [16-18], can make it difficult for individuals
with schizophrenia to function in everyday life. In addition, obesity is a risk factor for
diabetes, and diabetes is one of the most significant mortality risk factors for individuals
with schizophrenia [19]. Depression in individuals with schizophrenia can exacerbate the
symptoms of schizophrenia, worsen the quality of life, and increase the risk of suicide [20].
Unemployment in individuals with schizophrenia can reduce the quality of life and place
an extended burden on social support and disability services [21-23]. Addressing phys-
ical, psychiatric, and social comorbidities in primary care in the community is crucial in
improving the health outcomes of individuals with schizophrenia.

To aid in the development of better treatment and support services for individuals
with schizophrenia in the community, we conducted an internet survey to compare the
prevalence of physical, psychiatric, and social comorbidities between individuals with and
without schizophrenia living in the community in Japan.

2. Materials and Methods
2.1. Study Design and Participants

We conducted a prevalence case—control study using an internet research agency’s
pooled panels (Rakuten Insight, which had approximately 2.3 million panelists in 2022).
We collected data from those currently without schizophrenia and those currently with
schizophrenia in February 2022.

For those currently without schizophrenia, we sampled 28,000 participants in the
Japan Society and New Tobacco Internet Survey (JASTIS) [24] and the Japan COVID-19
and Society Internet Survey (JACSIS) [25-27] conducted by the Rakuten Insight Panel.
Responses were obtained from 6656 respondents, who were asked the following questions
before the survey. Those who answered no to all four questions were considered not to
have schizophrenia: (1) Are you currently suffering from mental illness?; (2) Have you had
mental illness in the past?; (3) Have you experienced auditory hallucinations?; (4) Have
you ever used stimulants or other illegal drugs, been an alcoholic, or received psychiatric
treatment? Finally, we obtained 1776 participants between the ages of 20 and 75 according
to the sex and age structure of the Rakuten Insight Panel.

For those currently with schizophrenia, we sampled 5584 individuals aged 20 to
75 years who self-reported schizophrenia in the Rakuten Insight disease panel, a subset
of the Rakuten Insight Panel. Responses were obtained from 3256 respondents, who were
asked the following questions before the survey. Those who answered yes to all four
questions were considered to currently have schizophrenia: (1) Are you currently suffering
from schizophrenia only, schizophrenia and migraine, schizophrenia and a sleep disorder,
or schizophrenia, migraine, and a sleep disorder?; (2) Have you experienced auditory
hallucinations lasting more than one month?; (3) Have you never used stimulants or other
illegal drugs and never been an alcoholic?; (4) Have you experienced the first auditory
hallucination lasting more than one month at less than 60 years of age? A final response
was received from 223 respondents.
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2.2. Study Variables

A self-administered questionnaire assessed demographic and health-related back-
grounds, physical comorbidities, psychiatric comorbidities, and social comorbidities.

Demographic and health-related backgrounds include age, body mass index (BMI)
(underweight: <18.5 kg/m?, normal: 18.5-24.9 kg/m?, or overweight: >25.0 kg/m?),
smoking status (current, past, or never), reason for quitting smoking (bad for health,
illness, or other (e.g., financial reasons)), alcohol drinking (current drinker (>23.0 g/day
of ethanol), current drinker (<23.0 g/day ethanol), ex-drinker, or never drinker), reason
for quit drinking (bad for health, illness, or other (e.g., financial reasons)), sports (<1 times
per week or >1 times per week), tendency to overeat, eating speed (fast, normal, or slow),
eating instant foods (<1 times per week, 1-4 times per week, or >5 times per week), bowel
movement (<3 times per week, 3-7 times per week, or >2 times per day), stool (soft, normal,
hard, or recurrent diarrhea and constipation), restriction in functional capacity, and bad
self-rated health status (SRHS).

e  Restriction in functional capacity.
To evaluate functional capacity restrictions, we used the Scale of Independence in
Daily Living for the Disabled Elderly published by the Ministry of Health, Labour
and Welfare, Japan [28]. The term “restrictions in functional capacity” refers to a
multidimensional concept that involves sensory loss, impaired mobility, vascular
disorders, gait impairments, problems with activities of daily living (ADLs), and
changes in body systems [29]. Participants self-assessed restrictions by choosing one
of the following options: (1) “I have no physical disabilities,” (2) “I go out alone, using
transportation,” (3) “I can only go out alone in my neighborhood,” (4) “I go out with
help and live mostly out of bed during the day,” (5) “I can go out with help, but I go
out infrequently, and I spend most of the daytime sleeping on and off in bed,” (6) “I
can ride in a wheelchair by myself and eat and toilet away from the bed,” (7) “I can
ride in a wheelchair with assistance.,” (8) “I can roll over in bed,” and (9) “I cannot roll
over in bed.” Participants who chose options other than option (1) were regarded as
having restrictions in functional capacity. Participants who chose option (1), (2), or
(3) were regarded as going out alone.
e  Self-rated health status (SRHS).

SRHS is a self-reported measure of health status that incorporates a person’s bi-
ological, mental, social, and functional aspects, including individual and cultural
beliefs and health behaviors. It is a strong predictor of all-cause mortality in general
populations [30]. Participants responded to the question “What do you think of your
general health status during the previous month?” by choosing one of the following
options: “great,” “pretty good,” “good,” “not so good,” and “bad.” Participants who
answered “not so good” or “bad” were defined as bad SRHS.

Physical comorbidities include overweight, cancer, cardiovascular disease, heart fail-
ure, hypertension, diabetes, dyslipidemia, gout, sleep apnea syndrome, and fracture.

Psychiatric comorbidities include depressive symptoms (absent or present), sleep time
(<5 h, 6-7 h, 8-9 h, or >10 h), hypnagogic disorder (<3 times per week or >3 times per
week), deep sleep disorder (<3 times per week or >3 times per week), middle wakening
or early wakening (<3 times per week or >3 times per week), perceived stress (absent or
present), ikigai (absent or present), happiness (absent or present), and internet use time per
week (h).

o  Depressive symptoms (CES-D).
We used a modified 11-item Center for Epidemiological Studies Depression (CES-D)
Scale in this study [31,32]. The existence of depressive symptoms was defined as a
score of 8 or higher.

e Hypnagogic disorder.
Participants were asked, “In the past month, have you had trouble falling asleep within
30 min of getting to bed?” and answered the question from six options: “almost never,”
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“less than once a week,” “1-2 times per week,” “3—4 times per week,” “5-6 times a week,”
or “almost every day.” Participants who answered “3—4 times per week,” “5-6 times a
week,” or “almost every day” were defined as having hypnagogic disorder.

Deep sleep disorder.

Participants were asked, “In the past month, have you felt terribly tired when you woke
up in the morning?” and answered the question from six options: “almost never,” “less
than once a week,” “1-2 times per week,” “3—4 times per week,” “5-6 times a week,”
or “almost every day.” Participants who answered “3—4 times per week,” “5-6 times a
week,” or “almost every day” were defined as having deep sleep disorder.

Perceived stress (PSS-4).

We assessed perceived stress with a 4-item Perceived Stress Scale (PSS-4) [33]. Scores
are on a 16-point scale, with higher total scores indicating more severe perceived stress.
Perceived stress was defined as being present when the score was higher than 7, the
median of the PSS-4 scores for participants without schizophrenia.

Ikigai.

The Japanese term “Ikigai” is a positive reason for living [34]. Participants were asked,
“Do you have any positive reasons to live?” and answered the question from four
options: “very much so,” “yes,” “no,” or “not at all.” Participants who answered “no”
or “not at all” were defined as the absence of ikigai.

Happiness.

Participants were asked, “How happy do you feel about your life?” and answered the
question from four options: “very happy,” “happy,” “neither happy nor unhappy,” and
“unhappy.” Participants who answered “neither happy nor unhappy” or “unhappy”
were defined as the absence of happiness.

Internet use time.

Internet use time per week was calculated from the hours of use per day and the
frequency of use per week. We defined longtime internet use as more than 14 h, a
median of participants without schizophrenia.

Social comorbidities include taking regular medical checkups, educational background

(junior/senior high school, university, junior college, or vocational school), occupation
(unemployed, homemaker, white-collar workers, or blue-collar workers), type of employ-
ment (regular, non-regular, or self-employed/business people), household income (million
Japanese yen) (<3, 3-6, 6-9, or >9), marital status (unmarried, married, divorced, widowed,
or others), family structure (living alone, living with parents, living with spouse, living
with children, and living with other people), social support, and social capital (cognitive
and structural dimensions).

Non-regular employment.

A regular employee in Japan is a term used to refer to an employee who does not have
a set term of employment, works during scheduled hours, and is employed directly
by his or her employer. A non-regular employee in Japan is an employee who does
not meet one of the conditions for regular employment. In other words, non-regular
employment falls within one or more fixed-term, part-time, or indirect employment.

Social support.

Social support was assessed using the ENRICHD Social Support Instrument (ESSI),
which is a well-validated and widely used self-report questionnaire designed to assess
the availability of social support [35,36]. The ESSI consists of 7 items that assess the
perceived availability of social support in different domains, including emotional,
instrumental, informational, and appraisal support. The 7 items of ESSI are as follows:
(1) “Is there someone available you can count on to listen to you when you need
to talk?,” (2) “Is there someone available to you to give you good advice about a
problem?,” (3) “Is there someone available to you who shows you love and affection?,”
(4) “Is there someone available to help with daily chores?,” (5) “Can you count on
anyone to provide you with emotional support (for instance, talking over problems
or helping you make a difficult decision)?,” (6) “Do you have as much contact as you
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would like with someone you feel close to and you can trust and confide in?,” and
(7) “Are you living with your spouse or partner?” For the first six items, participants
selected one of the following options: “none (score = 1),” “a little (score = 2),” “some
(score = 3),” “most (score = 4),” and “all of the time (score = 5).” For item 7, participants
who lived with their spouse or partner received a score of 4 and those who did not
received a score of 2. Total scores ranged from 8 to 34, with higher scores indicating
higher availability of social support.

In the present study, we defined social support as low when the total score on the
ESSI was less than 17, which corresponds to the first quartile of the ESSI scores for
participants without schizophrenia.

e  Social capital.

Social capital was assessed using the Integrated Questionnaire for the Measurement
of Social Capital (SC-IQ) [37], which is a comprehensive and multidimensional self-
report questionnaire designed to measure different aspects of social capital, typically
described as assets such as social networks, social participation, trust, and reciprocity.
In the present study, we focused on cognitive and structural social capital using specific
items from the SC-IQ [38]. For cognitive social capital, we used the following three
items: (1) “Can most people be trusted?”; (2) “Does one have to be alert or is someone
likely to take advantage of you?”; (3) “Are most people willing to help if you need
it?” Responses were selected from four categories: “strongly disagree,” “disagree,”
“agree,” and “strongly agree.” For the three questions, cognitive social capital was
defined as high when there were two or more responses of “agree” or “strongly agree”
to question (1), “disagree” or “strongly disagree” to question (2), and “agree” or
“strongly agree” to question (3). For structural social capital, we used the following
item from the SC-1IQ: “How often do you participate in community organizations,
self-help groups, charities, volunteer groups, or religious gatherings?” The response
was selected from four categories: “not at all/very seldom,” “sometimes,” “less than
once a week,” and “more than once a week.” Structural social capital was defined as
high when the response was “more than once a week.”

2.3. Statistical Analysis

T-tests were used to compare the averages of continuous variables, and Fisher’s exact
tests were used to compare the proportions of categorical variables between participants
with and without schizophrenia.

A logistic regression analysis was used to calculate sex- and age-adjusted odds ratios
(AORs) and 95% confidence intervals (Cls) of participants with schizophrenia compared
to participants without schizophrenia for physical comorbidities, psychiatric comorbidi-
ties, and social comorbidities. All the analyses were conducted using R4.2.1 software
(R Foundation: Vienna, Austria). The level of significance was set at p < 0.05 (two-sided).

3. Results

The study presented in Table 1 provides a comparison of demographic and health-related
characteristics of participants with and without schizophrenia. Males with schizophrenia
were more prevalent (52%) than females with schizophrenia. Overall, males were older than
females, but there was no significant difference in age between participants with and without
schizophrenia for males. On the other hand, women with schizophrenia were older than
women without schizophrenia.

A higher percentage of participants with schizophrenia were overweight (BMI > 25)
in both sexes (53% for participants with schizophrenia vs. 28% for participants without
schizophrenia in men and 39% vs. 9.3% in women, respectively). Smoking was more
prevalent among women with schizophrenia. Fewer participants with schizophrenia were
drinkers, and more participants with schizophrenia were abstinent drinkers compared to
participants without schizophrenia. Eating habits were also compared between the two
groups. Overeating was more prevalent among female participants with schizophrenia.
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Speed-eating was more prevalent among participants with schizophrenia. Additionally,
participants with schizophrenia tended to consume instant foods more frequently. Bowel
movements were also compared, and it was found that participants with schizophrenia had
more frequent bowel movements and soft stools than participants without schizophrenia.

Table 1. Demographic and health-related backgrounds of participants with schizophrenia and
participants without schizophrenia according to sex.

Characteristic Men Women
Schizophrenic Non-Schizophrenic Schizophrenic Non-Schizophrenic
Participants, Participants, p-Value Participants, Participants, p-Value
N =115 N =801 N =108 N =975
Age 48 (9) 48 (13) 0.651 44 (10) 42 (13) 0.014
Body mass index (kg/m? <0.001 <0.001
>25 61 (53%) 222 (28%) 42 (39%) 91 (9.3%)
18.5-24.9 52 (45%) 539 (67%) 56 (52%) 691 (71%)
<185 2 (1.7%) 40 (5.0%) 10 (9.3%) 193 (20%)
Smoking 0.699 <0.001
Current 32 (28%) 231 (29%) 21 (19%) 73 (7.5%)
Never 52 (45%) 383 (48%) 76 (70%) 802 (82%)
Past 31 (27%) 187 (23%) 11 (10%) 100 (10%)
g;sats;)rr; (f)(f(re 1(}mt’tmg smoking of 0.041 0.231
Bad for health 12 (39%) 113 (60%) 5 (45%) 55 (55%)
Illness 3(9.7%) 19 (10%) 2 (18%) 5 (5.0%)
s, ﬁgr}:firal reasons) 16 (52%) 55 (29%) 4 (36%) 40 (40%)
Alcohol <0.001 0.052
Never drinker 53 (46%) 338 (42%) 68 (63%) 599 (61%)
Ex-drinker 32 (28%) 40 (5.0%) 22 (20%) 123 (13%)
(i%ﬁ?}iﬁé?lg day) 17 (15%) 190 (24%) 11 (10%) 171 (18%)
(;‘gr‘;?}tljrf(‘fl‘z‘;r day) 13 (11%) 233 (29%) 7 (6.5%) 82 (8.4%)
Ef;;); li(:; quitting drinking of 0502 0.008
Bad for health 12 (38%) 20 (50%) 6 (27%) 46 (37%)
Tliness 8 (25%) 6 (15%) 6 (27%) 6 (4.9%)
g ﬁx?;r}:firal reasons) 12 (38%) 14 (35%) 10 (45%) 71 (58%)
Sports 0.072 0.918
<1 times per week 70 (61%) 413 (52%) 62 (57%) 568 (58%)
>1 times per week 45 (39%) 388 (48%) 46 (43%) 407 (42%)
Tendency to overeat 66 (57%) 406 (51%) 0.195 74 (69%) 569 (58%) 0.049
Eating speed <0.001 0.005
Fast 82 (71%) 404 (50%) 62 (57%) 399 (41%)
Normal 19 (17%) 318 (40%) 32 (30%) 419 (43%)
Slow 14 (12%) 79 (9.9%) 14 (13%) 157 (16%)
Eating instant foods 0.191 0.206
<1 times per week 57 (50%) 459 (57%) 72 (67%) 672 (69%)
1-4 times per week 49 (43%) 302 (38%) 30 (28%) 279 (29%)
>5 times per week 9 (7.8%) 40 (5.0%) 6 (5.6%) 24 (2.5%)
Bowel motion 0.190 0.037
<3 times per week 10 (8.7%) 47 (5.9%) 11 (10%) 118 (12%)
3-7 times per week 79 (69%) 608 (76%) 83 (77%) 798 (82%)
>2 times per day 26 (23%) 146 (18%) 14 (13%) 59 (6.1%)
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Table 1. Cont.

Characteristic Men Women
Schizophrenic Schizl\(l)mlll-renic Schizophrenic Non-Schizophrenic
Participants, Parti P ¢ p-Value Participants, Participants, p-Value
N =115 Negor N =108 N =975
Stool <0.001 <0.001
Soft 39 (34%) 145 (18%) 25 (23%) 86 (8.8%)
Normal 59 (51%) 575 (72%) 63 (58%) 726 (74%)
Hard 12 (10%) 64 (8.0%) 13 (12%) 131 (13%)
Recurrent diarrhea and o o o o
constipation 5 (4.3%) 17 (2.1%) 7 (6.5%) 32 (3.3%)
Restrictions in functional capacity 45 (39%) 59 (7.4%) <0.001 44 (41%) 45 (4.6%) <0.001
Self-rated health status <0.001 <0.001
Bad 51 (44%) 136 (17%) 57 (53%) 142 (15%)
Not bad 64 (56%) 665 (83%) 51 (47%) 833 (85%)
Continuous variables were expressed as mean (SD), and categorical variables as number (percentage). p-values
were calculated with the Welch Two-Sample t-test for continuous variables and with Fisher’s exact test for
categorical variables.

Participants with schizophrenia reported a higher level of functional restriction and
bad self-rated health status than participants without schizophrenia. The percentage
of those who felt a restriction in functional capacity was small in participants without
schizophrenia (7.4% in men and 4.6% in women). In comparison, that percentage was about
40% in participants with schizophrenia (39% in men and 41% in women). A total of 94% of
participants with schizophrenia went out daily. Similarly, the proportion of bad self-rated
health status was higher among participants with schizophrenia than participants without
schizophrenia.

As for physical diseases in participants with schizophrenia, in men, hypertension
(18%), diabetes (14%), and dyslipidemia (13%) were common. In women, dyslipidemia
(11%), hypertension (7.4%), and diabetes/cancer (6.5%) were common (Table 2).

Table 2. Physical comorbidities of participants with schizophrenia and participants without

schizophrenia according to sex.

Characteristic Men Women
Schizophrenic . Non- . Schizophrenic . Non- .
. . Schizophrenic .. Schizophrenic
Participants, . p-Value Participants, . p-Value
N =115 Participants, N = 108 Participants,
N =801 N =975

Cancer 2 (1.7%) 30 (3.7%) 0.415 7 (6.5%) 36 (3.7%) 0.187
Cardiovascular disease 3 (2.6%) 13 (1.6%) 0.440 0 (0%) 4 (0.4%) >0.999
Heart failure 1(0.9%) 3 (0.4%) 0.416 1(0.9%) 1(0.1%) 0.190
Hypertension 21 (18%) 112 (14%) 0.256 8 (7.4%) 32 (3.3%) 0.052
Diabetes 16 (14%) 47 (5.9%) 0.005 7 (6.5%) 9 (0.9%) <0.001
Dyslipidemia 15 (13%) 51 (6.4%) 0.018 12 (11%) 34 (3.5%) 0.001
Gout 6 (5.2%) 32 (4.0%) 0.462 3 (2.8%) 0 (0%) <0.001
Sleep apnea syndrome 4 (3.5%) 7 (0.9%) 0.039 1 (0.9%) 2 (0.2%) 0.271
Fracture 3 (2.6%) 6 (0.7%) 0.092 6 (5.6%) 4 (0.4%) <0.001

Categorical variables as number (percentage). p-values were calculated with Fisher’s exact test for categorical variables.

Figure 1 shows the results of a sex- and age-adjusted logistic regression model investigating
the association between schizophrenia and physical comorbidities. Compared to community
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dwellers without schizophrenia, community dwellers with schizophrenia more frequently re-
ported a history of fracture (AOR: 7.17, 95% CI = 2.81 to 18.1), sleep apnea syndrome (AOR: 4.04,
95% CI = 1.23 to 11.9), overweight (AOR: 3.85, 95% CI = 2.83 to 5.24), diabetes (AOR: 3.25, 95%
CI =190 to 5.44), and dyslipidemia (AOR: 2.60, 95% CI = 1.60 to 4.13).

[
| 7.17
Fracture - I L
|
| 4.04
Sleep apnea syndrome - | =
|
3.85
Overweight (BMI [ 25 kg/m?) - : ——
|
. | 3.54
Heart failure - | =
|
3.25
Diabetes : ——
|
- . | 2.60
Dyslipidemia - | —
|
| 1.99
Gout ll—l—4
|
. | 1.52
Hypertension - nl—I—1
|
1.19
Cardiovascular disease - n—:I—4
|
1.01
Cancer - |—+—1
|
t T T T
1 5 10 15

Sex- and age-adjusted odds ratio

Figure 1. Sex- and age-adjusted odds ratios of participants with schizophrenia compared to partic-
ipants without schizophrenia in terms of physical comorbidities. Abbreviations: BMI, body mass
index. The reference group for overweight is normal BMI (18.5-24.9 kg/m?).

Table 3 shows the psychiatric comorbidities of participants with and without schizophre-
nia. Participants with schizophrenia had more severe depressive symptoms (CES-D > 8)
and were more predominant among participants with schizophrenia compared to par-
ticipants without schizophrenia (63% for participants with schizophrenia vs. 23% for
participants without schizophrenia in men; 77% vs. 29% in women).

Table 3. Psychiatric comorbidities of participants with schizophrenia and participants without
schizophrenia according to sex.

Characteristic Men Women
Schizophrenic . Non- . Schizophrenic . Non- .
P Schizophrenic .. Schizophrenic
Participants, Partici p-Value Participants, Partici p-Value
N =115 articipants, N =108 articipants,
N =801 N =975
Depressive symptoms
(CES-D > 8) <0.001 <0.001
Absent 42 (37%) 618 (77%) 25 (23%) 691 (71%)
Present 73 (63%) 183 (23%) 83 (77%) 284 (29%)
Sleep time <0.001 <0.001

<5h 10 (8.7%) 87 (11%) 15 (14%) 113 (12%)
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Table 3. Cont.
Characteristic Men Women
Schizophrenic Schizlj)gl;\;enic Schizophrenic Schizlj);?l-renic
Palr\?iq;;?ts’ Participants, p-Value Palrélil[l)g;ts, Participants, p-Value
N =801 N =975
6-7h 59 (51%) 594 (74%) 50 (46%) 704 (72%)
8-9h 33 (29%) 111 (14%) 33 (31%) 150 (15%)
>10h 13 (11%) 9(1.1%) 10 (9.3%) 8 (0.8%)
Hypnagogic disorder <0.001 <0.001
<3 times per week 75 (65%) 688 (86%) 66 (61%) 787 (81%)
>3 times per week 40 (35%) 113 (14%) 42 (39%) 188 (19%)
Deep sleep disorder <0.001 0.005
<3 times per week 52 (45%) 532 (66%) 60 (56%) 675 (69%)
>3 times per week 63 (55%) 269 (34%) 48 (44%) 300 (31%)
vl\;[ﬁiigrls r:/;akening, or early <0.001 <0.001
<3 times per week 78 (68%) 703 (88%) 62 (57%) 802 (82%)
>3 times per week 37 (32%) 98 (12%) 46 (43%) 173 (18%)
Perceived stress (PSS-4) 9.6 (3.2) 7.1(2.8) <0.001 9.9 (3.0) 7.3 (2.8) <0.001
Ikigai <0.001 <0.001
Present 49 (43%) 500 (62%) 48 (44%) 628 (64%)
Absent 66 (57%) 301 (38%) 60 (56%) 347 (36%)
Happiness <0.001 <0.001
Present 42 (37%) 494 (62%) 56 (52%) 697 (71%)
Absent 73 (63%) 307 (38%) 52 (48%) 278 (29%)
Internet use time per week (h) 26 (24) 21 (21) 0.035 20 (22) 17 (19) 0.147

Continuous variables were expressed as mean (SD), and categorical variables as number (percentage). p-values
were calculated with the Welch Two-Sample t-test for continuous variables and with Fisher’s exact test for
categorical variables. Abbreviations: CES-D, a modified 11-item Center for Epidemiological Studies Depression
Scale; PSS-4, a 4-item Perceived Stress Scale.

In terms of sleep patterns, participants with schizophrenia reported sleeping longer. They
were more likely to report sleep disturbances, including hypnagogic disorder, deep sleep
disorder, and middle or early awakenings, compared to participants without schizophrenia.

Perceived stress (PSS-4 scores) was higher in participants with schizophrenia than in
participants without schizophrenia. More participants with schizophrenia had an absence
of ikigai (a positive reason for living) and absence of happiness than participants without
schizophrenia. Internet use was significantly longer in participants with schizophrenia
compared to participants without schizophrenia in men, while no significant differences
were found in women.

Figure 2 shows the results of a sex- and age-adjusted logistic regression model investi-
gating the association between psychiatric comorbidities and schizophrenia. Depressive
symptoms (CES-D > 8) were associated with more strongly than other psychiatric comor-
bidities (AOR: 7.54, 95% CI = 5.52 to 10.4). Compared to community dwellers without
schizophrenia, community dwellers with schizophrenia more frequently reported long-
hour sleep (>10 h) (AOR: 3.95, 95% CI = 2.89 to 5.39), stressful (PSS-4 > 7) (AOR: 3.60,
95% CI = 2.61 to 5.07), middle wakening or early wakening (AOR: 3.57, 95% CI = 2.62 to
4.84), hypnagogic disorder (AOR: 2.98, 95% CI = 2.20 to 4.02), absence of happiness (AOR:
2.58, 95% CI = 1.94 to 3.43), absence of ikigai (AOR: 2.26, 95% CI = 1.70 to 3.00), deep sleep
disorder (AOR: 2.07, 95% CI = 1.55 to 2.75), and longtime internet use (>14 h per week)
(AOR: 1.50, 95% CI = 1.13 to 1.98).
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Figure 2. Sex- and age-adjusted odds ratios of participants with schizophrenia compared to partici-
pants without schizophrenia in terms of psychiatric comorbidities. Abbreviations: CES-D, a modified
11-item Center for Epidemiological Studies Depression Scale; PSS-4, a 4-item Perceived Stress Scale.

Table 4 shows the social comorbidities of participants with and without schizophrenia.
Regarding health literacy and behaviors, participants with schizophrenia did not have
regular health examinations compared to participants without schizophrenia. In terms of
socioeconomic status, compared to participants without schizophrenia, participants with
schizophrenia were less educated (junior/senior high school), unemployed (50% vs. 15%
in men; 33% vs. 6.8% in women), non-regular employment (56% vs. 15% in men; 79%
vs. 42% in women), low household income (<3 million Japanese yen) (53% vs. 18% in
men; 44% vs. 22% in women), unmarried (especially among men), and living with parents.
Regarding social support and social capital, the differences in ESSI scores with and without
schizophrenia were small. Participants with schizophrenia had a lower cognitive social
capital compared to participants without schizophrenia.

Table 4. Social comorbidities of participants with schizophrenia and participants without schizophre-
nia according to sex.

Characteristic Men Women
. . Non- . . Non-
SChlz.OPhremc Schizophrenic Schlzholhahremc Schizophrenic
Participants, . p-Value Participants, . p-Value
N = 115 Participants, N = 108 Participants,
N =801 N =975
Taking regular medical 52 (45%) 536 (67%) <0.001 43 (40%) 527 (54%) 0.006
checkups
Educational background <0.001 0.003
Junior/senior high school 51 (44%) 220 (27%) 43 (40%) 251 (26%)
University, junior college, 64 (56%) 581 (73%) 65 (60%) 724 (74%)

vocational school
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Table 4. Cont.
Characteristic Men Women
sf,hiz?%’hre“ic Schizlj)gl;\;enic Schizophrenic Schizlj);?l-renic
alr\?il]lo:li;ts, Participants, p-Value Palrélil[l)g;ts, Participants, p-Value
N =801 N =975
Occupation <0.001 <0.001
Unemployed 58 (50%) 119 (15%) 36 (33%) 66 (6.8%)
Homemaker 3 (2.6%) 5 (0.6%) 29 (27%) 257 (26%)
White-collar workers 21 (18%) 453 (57%) 25 (23%) 482 (49%)
Blue-collar workers 33 (29%) 224 (28%) 18 (17%) 170 (17%)
Type of employment <0.001 <0.001
Regular 14 (26%) 489 (72%) 5 (12%) 343 (53%)
Non-regular 30 (56%) 103 (15%) 34 (79%) 274 (42%)
peoplseelf'employed/ business 10 (19%) 85 (13%) 4(9.3%) 35 (5.4%)
(million Japanese yer) <0001 <0401
<3 61 (53%) 148 (18%) 47 (44%) 211 (22%)
3-6 40 (35%) 280 (35%) 40 (37%) 375 (38%)
6-9 12 (10%) 197 (25%) 16 (15%) 231 (24%)
>9 2 (1.7%) 176 (22%) 5 (4.6%) 158 (16%)
Marital status <0.001 0.004
Unmarried 88 (77%) 286 (36%) 48 (44%) 371 (38%)
Married 21 (18%) 463 (58%) 41 (38%) 519 (53%)
Divorced 6 (5.2%) 37 (4.6%) 14 (13%) 67 (6.9%)
Widowed 0 (0%) 2(0.2%) 2 (1.9%) 10 (1.0%)
Others 0 (0%) 13 (1.6%) 3 (2.8%) 8 (0.8%)
Family structure
Living alone 22 (19%) 177 (22%) 0.546 11 (10%) 191 (20%) 0.018
Living with parents 73 (63%) 194 (24%) <0.001 50 (46%) 229 (23%) <0.001
Living with spouse 21 (18%) 456 (57%) <0.001 41 (38%) 512 (53%) 0.004
Living with children 15 (13%) 257 (32%) <0.001 32 (30%) 348 (36%) 0.243
Living with other people 27 (23%) 50 (6.2%) <0.001 17 (16%) 91 (9.3%) 0.042
Social support (ESSI) 21 (7) 22 (8) 0.262 22 (7) 23 (7) 0.007
Social capital 0.046 0.014
Less cognitive social capital 70 (61%) 404 (50%) 58 (54%) 400 (41%)
Less structural social 99 (86%) 678 (85%) 90 (83%) 858 (88%)

capital

Continuous variables were expressed as mean (SD), and categorical variables as number (percentage). p-values
were calculated with the Welch Two-Sample t-test for continuous variables and with Fisher’s exact test for
categorical variables. Abbreviations: ESSI, the ENRICHD Social Support Instrument.

Figure 3 shows the results of a sex- and age-adjusted logistic regression model investi-
gating the association between schizophrenia and social comorbidities. Unemployment
(AOR: 6.25, 95% CI = 4.56 to 8.55) and non-regular employment (AOR: 6.24, 95% CI = 3.94
to 10.0) were significantly more strongly associated with schizophrenia than other social
comorbidities. For other social comorbidities, compared to community dwellers without
schizophrenia, community dwellers with schizophrenia more frequently reported living
with parents (AOR: 4.55, 95% CI = 3.37 to 6.16), low household income (<3 million Japanese
yen) (AOR: 3.76, 95% CI = 2.82 to 5.02), unmarried (AOR: 3.53, 95% CI = 2.58 to 4.84), not
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taking regular medical checkups (AOR: 2.20, 95% CI = 1.65 to 2.94), less cognitive social
capital (AOR: 2.08, 95% CI = 1.57 to 2.78), low education background (Junior/senior high
school) (AOR: 1.99, 95% CI = 1.49 to 2.65), and less social support (ESSI < 17) (AOR: 1.48,
95% CI = 1.09 to 2.00).
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Figure 3. Sex- and age-adjusted odds ratios of participants with schizophrenia compared to partici-
pants without schizophrenia in terms of social comorbidities. Abbreviations: ESSI, the ENRICHD
Social Support Instrument.

4. Discussion

This study revealed the physical, psychiatric, and social comorbidities of individu-
als with schizophrenia living in the community in Japan, which were seldom reported
comprehensively.

The mean age of participants with schizophrenia in this study was 48 years for males
and 44 years for females, which is consistent with the mean age of 42.7 years reported in
The Japan National Health and Wellness Survey [15]. However, it should be noted that
this estimated age of participants with schizophrenia may be younger than the mean age
of individuals with schizophrenia in Japan. This is due to the fact that participants in
this study were recruited via the internet, which could lead to a higher representation of
younger adults with high internet usage [39]. Additionally, this recruitment method may
not include hospitalized patients, many of whom are elderly.

Participants with schizophrenia had a higher percentage (53% of men and 39% of
women) with a BMI of 25 or higher than participants without schizophrenia. The prevalence
of BMI > 25.0 kg/m? among Japanese outpatients with schizophrenia has been reported to
be 48.9% [14]. Individuals with schizophrenia have a shorter life expectancy due to death
from cardiovascular causes [40,41]. Previous studies have also shown that outpatients have
a higher rate of obesity than inpatients [14], highlighting the need for measures to control
obesity in individuals with schizophrenia living in the community.
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Approximately 10% of participants with schizophrenia in this study defecated less
than three times per week, a prevalence lower than that reported in outpatients in Finland
(31.3%) [42] and inpatients in Japan (36.6%) [43]. One potential explanation for this discrep-
ancy may be that participants with schizophrenia had more than two bowel movements per
day and a higher percentage of soft stools than those without schizophrenia, some of whom
may be constipated. Antipsychotic medications are known to cause constipation, and it
has been reported that over 50% of individuals with schizophrenia taking antipsychotic
drugs experience constipation [44]. Many participants in this study likely took laxatives,
such as osmotic laxatives such as magnesium hydroxide, which can soften stools. However,
the anticholinergic effect of antipsychotics may reduce peristalsis in the bowel, leading to
constipation with limited stool volume and a feeling of incomplete defecation.

Participants with schizophrenia have been found to engage in overeating and faster
eating patterns compared to those without schizophrenia. Overeating may be due to
increased appetite caused by the side-effects of antipsychotic medications [45]. In systematic
reviews, the prevalence of binge eating among individuals with schizophrenia taking
antipsychotic medications ranges from 4.4% to 45%, with the majority of participants being
of Western origin [46]. As far as we know, no studies have compared the prevalence of
eating fast in individuals with schizophrenia with that of the general population. Eating
fast has been reported to be associated with obesity [47]. In clinical practice, it is crucial
to instruct individuals with schizophrenia on appropriate food intake in terms of both
quantity and speed to prevent obesity.

A comparison of smoking rates between male participants with schizophrenia and
those without schizophrenia revealed no significant differences. However, female par-
ticipants with schizophrenia were found to have smoking rates that were approximately
2.5 times higher than those without schizophrenia. Similarly, a meta-analysis of smoking
rates among Japanese individuals with schizophrenia showed that compared to the general
population, male individuals with schizophrenia had an odds ratio 1.53 times higher for
smoking rates (52.9% for individuals with schizophrenia and 40.1% for the general popula-
tion) and female individuals with schizophrenia had an odds ratio 2.40 times higher for
smoking rates among females (24.4% for individuals with schizophrenia and 11.8% for the
general population) [48]. This disparity in smoking rates may be attributed to the fact that
the smoking rate in the Japanese population has been decreasing over time among men,
but the decline is less pronounced among women [49].

The primary physical diseases among participants with schizophrenia were hyper-
tension, diabetes mellitus, and dyslipidemia, all of which are associated with obesity. The
prevalence of these diseases was relatively low compared to a previous study conducted
in Japan [14], which may be attributed to the younger age of the participants in this study.
However, the prevalence of diabetes mellitus and dyslipidemia was significantly higher
than that of participants without schizophrenia. These diseases, as well as obesity, require
caution when examining individuals with schizophrenia.

Although the absolute prevalence of fracture and sleep apnea was low, both conditions
had high sex- and age-adjusted odds ratios for the prevalence of schizophrenia. Fracture
is associated with antipsychotic medications, analgesics, and physical diseases such as
hypertension in individuals with schizophrenia [50,51]. It has been reported that bone
mineral density is decreased in Japanese outpatients with schizophrenia [52], highlighting
the need for osteoporosis prevention. A meta-analysis reported a comorbidity of obstructive
sleep apnea as high as 15.4% in schizophrenia [53]. In a Japanese survey, 19% of hospitalized
individuals with schizophrenia had sleep apnea [54]. Because the medical history was self-
reported, there may be undiagnosed obstructive sleep apnea. Potentially, the prevalence
of obstructive sleep apnea could be even higher. Early detection and intervention for
obstructive sleep apnea are needed to protect against sleep disturbance and cardiovascular
disease [55].

Cardiovascular disease and heart failure, associated with schizophrenia in previous
studies of Westerners [56,57], were not associated with schizophrenia in the present study.
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This may be partly because these diseases typically have an elderly onset and the sample
size of participants with schizophrenia in the study was small. The present study also
found no association between gout and schizophrenia, which is consistent with a systematic
review and meta-analysis that found no difference in uric acid levels between individu-
als with and without schizophrenia [58]. Cancer was not associated with schizophrenia
in this study, although the prevalence of cancer was higher in female participants with
schizophrenia than in female participants without schizophrenia. This result is consis-
tent with previous findings that schizophrenia is associated with a higher risk of breast
cancer [59], although the incidence of cancer in individuals with schizophrenia has been
reported to vary in comparison to the general population [60].

Depressive symptoms were present in more than two-thirds of participants with
schizophrenia, making it the greatest risk factor for psychiatric comorbidities in schizophre-
nia (AOR: 7.54). This prevalence is higher than that reported in Japan’s National Health and
Wellness Survey, where 47.8% of individuals with schizophrenia had depressive symptoms
(85/178) [15]. The lifetime prevalence of depression in individuals with schizophrenia
ranges from 16 to 69%, depending on factors such as the definition of depression, patient
setting, and period of observation [10]. This is higher than that in the general population,
which is consistent with our findings [17]. Depression in schizophrenia has been reported
to be associated with factors that interfere with living in the community, such as schizophre-
nia relapse, early rehospitalization, impairment of social and occupational functioning,
and family and community burden [10,61]. Additionally, depression in individuals with
schizophrenia is strongly associated with an increased risk of suicide [62]. Therefore, ad-
dressing depressive symptoms is a crucial intervention for individuals with schizophrenia.

Participants with schizophrenia reported longer sleep duration and more sleep distur-
bances than those without schizophrenia. A systematic review reported that those with
remitted schizophrenia showed a longer sleep duration, time in bed, and sleep latency
than the healthy control did [63], which is consistent with our results. Individuals with
schizophrenia complain of sleep disturbances not only in the acute phase but also in the
remission phase [64]. In a Japanese study, the prevalence of individuals with schizophrenia
with any sleep disturbances was 49.4% (88/178) [15]. In Chinese outpatients, the prevalence
of at least one type of insomnia was 28.9% (180/623), while those with difficulty initiating
sleep, difficulty maintaining sleep, and early morning wakening were 20.5%, 19.6%, and
17.7%, respectively [65]. The participants with schizophrenia in this study, most presumed
outpatients, showed sleep disturbances at a higher rate compared to the previous research
in China. Further studies are needed in different populations. Sleep disturbances tend to
precede the onset of schizophrenia, and management of sleep disturbances can prevent
acute exacerbation of psychiatric symptoms [63].

Perceived stress was stronger in participants with schizophrenia than in those without
schizophrenia, which is consistent with previous evidence in Western populations [66,67].
A common finding is an association between stress and pathophysiology in all stages of
schizophrenia [66]. Appropriate coping with stress is associated with improved quality of
life in individuals with schizophrenia [68].

Participants with schizophrenia had less ikigai and happiness than participants without
schizophrenia, which is consistent with less well-being, happiness, and life satisfaction in
individuals with schizophrenia among Westerners [67,69]. However, the difference between
young adult individuals with schizophrenia and the general population in subjective well-
being scores is small [69]. In an interview survey conducted with mentally disabled
persons living in a community in Japan, some of them realized ikigai through dialogue with
interviewees [70]. Ikigai or happiness may vary depending on the patient background or
may be difficult to realize in individuals with schizophrenia.

Individuals with schizophrenia were reported to spend more time using the internet
compared to those without schizophrenia, especially in men. In South Korea, 22% of
individuals with schizophrenia were reported to suffer from problematic internet use,
which was associated with higher levels of perceived stress and lower coping skills [71].
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Participants with schizophrenia did not receive regular medical checkups as compared
to participants without schizophrenia. This result is consistent with reports that Korean
people with psychosis demonstrated lower knowledge of physical illnesses and did not
receive regular medical checkups [72]. Therefore, individuals with schizophrenia must be
educated and encouraged to undergo medical checkups.

A higher percentage of participants with schizophrenia were unemployed or had non-
regular employment, had lower household incomes, were less likely to be married, and
lived with their parents than participants without schizophrenia. Despite evidence indicat-
ing that individuals diagnosed with schizophrenia are more likely to be unemployed [22]
or have lower income [73] than the general population, there is a paucity of research in-
vestigating whether they are more likely to be unmarried or residing with their parents.
However, our finding is consistent with a previous Japanese study, which also found a high
prevalence of unmarried, unemployed, and low household income among individuals
with schizophrenia [15]. Additionally, the number of claims for mental and behavioral
disorders per population was lower in the Japanese Medical Data Center (JMDC) database,
consisting of corporate health insurance claims, compared to the National Database (NDB),
consisting of all claims data constructed by the Japanese government [74]. This aligns with
the high percentage of non-regular employment among participants with schizophrenia in
the present study.

Sociodemographic features specific to individuals with schizophrenia are interrelated.
A survey on family support for individuals with mental disorders in Japan found that 85%
of respondents were parents [75], indicating that many individuals with schizophrenia are
unmarried and live under parental support. Furthermore, the patients reported that they
were unemployed or had non-regular employment, and their household income was low.
In addition to the patient’s work arrangement, family members are expected to work fewer
hours to support the patient’s daily needs, resulting in lower household income. With the
parents’ aging, further measures are needed to ensure that individuals with schizophrenia
can continue to live in the community because the parents are concerned about livelihood
support (74.8%) and financial aspects (60.1%) after the parents’ death [75]. From a medical
and social perspective, there is a need for educational programs that can help individuals
with schizophrenia support themself while also managing their mental health or programs
that can help parents better understand the condition and how to support their children
with schizophrenia.

Social support tended to be lower among participants with schizophrenia than those
without schizophrenia. Cognitive social capital was significantly lower in participants with
schizophrenia than in participants without schizophrenia, while structural social capital
did not differ between participants with and without schizophrenia. It has been reported
in Westerners that schizophrenia was associated with low social support [76] and low
cognitive social capital at the ecological level [77], which is consistent with the results of
this study. Community development from the perspective of social support and social
capital is required to improve community residents” mental health.

The present study has several strengths and limitations. First, online surveys may be
susceptible to sampling bias and response bias, compared to population-based surveys.
However, we did not use a stratified sampling technique to obtain as many responses as
possible from respondents with schizophrenia. Second, the diagnosis of schizophrenia in
this study was based on self-reports, which may limit the accuracy of the diagnosis. To
address this limitation, we asked preliminary questions based on the DSM-5 diagnostic
criteria [78] to exclude psychiatric disorders other than schizophrenia, such as depression,
delusional disorder, and alcoholism, and to increase the specificity of the self-reported
schizophrenia status. However, the sensitivity of the self-report survey may be low due
to the lack of insight that often accompanies schizophrenia [79], potentially leading to an
underestimation of the prevalence of the condition. In future studies, we plan to consider
alternative approaches for assessing schizophrenia, such as clinical interviews or medical
records, to improve the validity of our results. Third, the potential for underestimation
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of the prevalence of physical conditions among individuals with schizophrenia is due to
the self-reported nature of the data, which can be influenced by cognitive deficits and
low health literacy. Fourth, some of the participants with schizophrenia might not be
living in the community, because we did not collect data about whether they lived there.
This misclassification may cause the prevalence of comorbidities in schizophrenia to be
biased, while the estimate of 94% with schizophrenia being out daily would support that
most of the participants with schizophrenia live in the community. In addition, due to
low health literacy, their comorbidities may be underreported. A more focused sample
of community-dwelling individuals with confirmed psychiatric and medical diagnoses
would be needed in future research. Fifth, the study design did not adequately include self-
reflective components critical to understanding the daily experiences and perceptions of
individuals with schizophrenia. Future research should consider self-reflective components
because self-reflection could influence the perception of comorbidities. Sixth, the study
has not collected sufficient data on other confounding variables, such as medication and
menopause, that may have influenced the outcomes. Hence, in future research, it is
imperative to collect data on potential confounding variables associated with the identified
risk factors for schizophrenia. This would allow for a more comprehensive understanding
of the underlying factors and their association with schizophrenia. Finally, this study was
cross-sectional, and causal relationships must be carefully evaluated.

5. Conclusions

This study provides an overall description of comorbidities in individuals with
schizophrenia living in the community in Japan using an internet survey. Physical co-
morbidities included overweight, hypertension, dyslipidemia, and diabetes. As for psy-
chiatric comorbidities, depressive symptoms and sleep disorders were common. Social
comorbidities included low education, unemployment/non-regular employment, low in-
come, and living with parents. These findings suggest that a comprehensive approach
is necessary to manage the physical, psychiatric, and social comorbidities in individuals
with schizophrenia to continue to live in the community. The interventions should include
lifestyle modifications, psychological therapies, vocational rehabilitation programs, job
coaching, and supported employment programs. Such interventions can help individuals
with schizophrenia to manage their comorbidities, improve their overall health outcomes
and quality of life, and reduce the risk of readmission to hospitals. Healthcare providers,
policymakers, and other stakeholders should work together to develop and implement in-
terventions that address these comorbidities and improve the health outcomes and overall
quality of life of individuals with schizophrenia living in the community.
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Abstract

Background: In Japan, challenges were reported in accurately estimating the prevalence of schizophrenia among the general
population. Retrieving previous studies, we investigated that patients with schizophrenia were more likely to experience poor
subjective well-being and various physical, psychiatric, and social comorbidities. These factors might have great potential for
precisaly classifying schizophrenia casesin order to estimate the prevalence. Machine learning has shown a positive impact on
many fields, including epidemiology, due to its high-precision modeling capability. It has been applied in research on mental
disorders. However, few studies have applied machine learning technology to the precise classification of schizophrenia cases
by variables of demographic and health-related backgrounds, especially using large-scale web-based surveys.

Objective: Theaim of the study isto construct an artificial neural network (ANN) model that can accurately classify schizophrenia
cases from large-scale Japanese web-based survey data and to verify the generalizability of the model.

Methods: Data were obtained from alarge Japanese internet research pooled pand (Rakuten Insight, Inc) in 2021. A total of
223 individuals, aged 20-75 years, having schizophrenia, and 1776 healthy controls were included. Answers to the questionsin
aweb-based survey wereformatted as 1 response variable (self-report diagnosed with schizophrenia) and multiple feature variables
(demographic, health-related backgrounds, physical comorbidities, psychiatric comorbidities, and social comorbidities). An ANN
was applied to construct a model for classifying schizophrenia cases. Logistic regression (LR) was used as a reference. The
performances of the models and algorithms were then compared.

Results: The model trained by the ANN performed better than LR in terms of area under the receiver operating characteristic
curve (0.86 vs0.78), accuracy (0.93 vs0.91), and specificity (0.96 vs0.94), whilethe model trained by L R showed better sensitivity
(0.63vs0.56). Comparing the performances of the ANN and LR, the ANN was better in terms of area under the receiver operating
characteristic curve (bootstrapping: 0.847 vs 0.773 and cross-validation: 0.81 vs 0.72), while LR performed better in terms of
accuracy (0.894 vs 0.856). Sleep medication use, age, household income, and employment type were the top 4 variablesin terms
of importance.

Conclusions: This study constructed an ANN model to classify schizophrenia cases using web-based survey data. Our model
showed a high internal validity. The findings are expected to provide evidence for estimating the prevalence of schizophreniain
the Japanese population and informing future epidemiological studies.
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Introduction

Schizophrenia is a common mental illness that disrupts a
person’s thinking processes, perceptions, emotional
responsiveness, and social interactions [1]. Estimates of
international prevalence range from 0.33%t0 0.75% [2,3]. The
lifetime prevalence and median 12-month prevalence of
schizophrenia were reported to be 0.33% and 0.48%,
respectively [4]. In Japan, the point prevalence of schizophrenia,
including schizotypal and delusional disorders, isapproximately
0.7% according to national datafrom apatient survey [5]. While
the real prevalence was considered quite different owing to the
obstacles when operating the investigation. Patients with mild
cases might not seek medical attention, and some cases are
diagnosed as schizophrenia just for prescriptions to pass the
medical insurance review.

We envisioned whether the prevalence of schizophrenia in
individuals could be predicted by several factors and estimated
the prevalence in the general population. By retrieving data
from previous systematic reviews and meta-anayses, we
confirmed that individual s with schizophrenia experience poor
subjective well-being and various physical, psychiatric, and
socia comorbidities. For instance, studies conducted in Canada
and the United States[6,7] havereported that young adultswith
schizophrenia tend to experience poorer subjective well-being
and lower life satisfaction. Additionally, individuals with
schizophrenia are prone to higher risk of honcommunicable
diseases and experience poor ora health [8-10]. Patients with
schizophrenia frequently exhibit symptoms of depression and
experience sleep disorders [11,12]. Furthermore, individuals
with schizophreniatypically have lower employment rates[11]
and exhibit challenges in social cognition [13]. These factors
are strongly associated with the incidence and existence of
schizophrenia [14].

Machine learning techniques have recently drawn increasing
attention in psychiatric studies. Birnbaum et al [15] built
machine learning diagnostic and relapse classifiers for
schizophrenia based on internet search activity (timing,
frequency, and content), which achieved the area under the
curve value of 0.74 and 0.71, respectively. Natural language
processing has been applied to detect schizophreniasignsfrom
socia mediacontent with extremely high accuracy [16]. Lejeune
et a [17] concluded in their review that studies using social
media to diagnose mental disorders were promising, while
limitations included lack of clinical diagnostic data, small
sample size, and heterogeneity in study quality. Previous studies
have reported the effectiveness of detecting various types of
mental disorders [18,19]. In other epidemiological fields,
machinelearning techniques also manifested promise, especialy
excelling at dealing with large-scale data [20,21]. We recently
researched developing estimation methods for schizophrenia
among the Japanese population [22]. Datawere collected using

https://formative.jmir.org/2023/1/e50193

a large-scale web-based survey. Individuals who participated
in this survey were asked to answer questions about
demographics,  hedlth-related  backgrounds,  physical
comorbidities, psychiatric comorbidities, and social
comorbidities. Compared with classical epidemiological surveys,
web-based surveys make it easy to reach a large sample size
and amount of data. Few studies have referred to the precise
prediction of schizophreniausing large-scale web-based surveys.

If schizophrenia cases could be classified by variables of
demographic and health-related backgrounds, it would be
possible to estimate schizophrenia cases among genera
population, who are not seeking psychiatric care (namely, whose
psychiatric syndromes are unknown). Therefore, we aimed to
construct amachinelearning model that can accurately classify
the schizophrenia case and verify its generalizability.

Methods

Study Design: Participantsand Survey Items

A prevalence case-control study was conducted using aninternet
research agency’'s pooled panel (Rakuten Insight, Inc,
incorporated approximately 2.3 million panelists by 2022) [23].
Participants ages were restricted from 20 to 75 years.
Individualswho participated in this study answered aweb-based
survey.

Among participants who currently have schizophrenia, 5584
individuals who self-reported schizophrenia were sampled in
the Rakuten Insight disease panel [24]. A total of 3256
respondents answered the following four questions before the
survey: (1) are you currently experiencing schizophrenia only;
schizophreniaand migraine; schizophreniaand asleep disorder;
or schizophrenia, migraine, and a sleep disorder? (2) Have you
experienced auditory hallucinations lasting more than 1 month?
(3) Have you never used stimulants or other illegal drugs and
have never been an alcoholic? (4) Have you experienced your
first auditory hallucination lasting more than 1 month at less
than 60 years of age? Those who answered “yes’ to al 4
guestions were considered to have schizophrenia. Therefore,
223 participantswho currently had schizophreniawere included
in the survey.

For participants who do not currently have schizophrenia, all
28,000 participantsin the Japan COVID-19 and Society I nternet
Survey (which was aso conducted using the Rakuten Insight
Panel) [25] were sampled. A total of 6656 respondents answered
the following four questions before the survey: (1) are you
currently experiencing mental illness? (2) Have you experienced
amental illnessin the past? (3) Have you experienced auditory
hallucinations? (4) Have you ever used stimulantsor other illegal
drugs, been acohoalic, or received psychiatric treatment? Those
who answered “no” to al 4 questions were considered to not
have schizophrenia. Therefore, 1776 participants who did not
currently have schizophreniawere included in the survey.
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In the survey, 223 participants with schizophrenia and 1776
healthy controls answered a self-administered questionnaire.
The question items were designed to assess (1) demographic
and health-rel ated backgrounds and physical comorbidities, (2)
psychiatric comorbidities, and (3) social comorbidities. Answers
to the question items were formatted to 1 response variable
(diagnosed with schizophrenia, “yes’” or “no”) and 75 feature
variables (demographic, health-related backgrounds, physical
comorbidities, psychiatric comorbidities, and social
comorbidities). Details of the study participants and variable
definitions have been published el sewhere[26] and are described
in Multimedia Appendix 1.

Artificial Neural Network

An artificial neural network (ANN) isacomputing system that
imitates the signal's transmitted between neurons in biological

Heet a

brains[27]. Neuronsin an ANN aredivided into layers: 1 input
layer, several hidden layers, and 1 output layer, where the
number of neurons and hidden layers is not fixed. “Signals”’
transmitting is accomplished by weights and activation
functions. Aslong as theinitialized weights are updated by the
self-learning process, the ANN can generate a” perfect” model.
On behalf of the complex structure, an ANN can capture
nonlinear associations and reveal potential interactions between
variables. In our study, we structured an ANN with 5 hidden
layers (neurons of each layer: 128-64-32-16-8), HeNormal
weight initializer [28], ReL U activation function in the hidden
layers, and sigmoid activation in the output layer [29]. These
settings partially referred to previous studies [20,30] (Figure
1).

Figure 1. Structure of the artificial neural network. X refers to each of the feature variables. a refers to neurons in hidden layers. Y refers to response

variables during training process and prediction results during test process.

|
Input layer

Logistic Regression

Logistic regression (LR) estimates the probability of an event
(outcome variable) taking place (success) based on agiven data
set of independent variables. In the LR equation, the outcome
variable is transformed into log odds, the natural logarithm of
the probability of success divided by the probability of failure.
Theindependent variablesare linearly structured by distributing
coefficientsto them. These coefficients are commonly estimated
via maximum likelihood estimation to optimize the best fit of
the log odds. The model is fixed once the optimal coefficients
are found [31]. As a typica method that is widely used in
epidemiological research, LR is introduced in this study to
compare its performance with the novel ANN method.

https://formative.jmir.org/2023/1/e50193
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Data Processing

The data were randomly split into atraining data set and a test
data set at an 80:20 ratio. Before applying the 2 selected
algorithms (ANN and LR), the training data set was balanced
based on the synthetic minority oversampling technique [32].
Models were trained using ANN and LR on the training data
set separately, and the test data set was used to evaluate the 2
models (ANN and LR model). The area under the receiver
operating characteristic curve (AUC) was applied to interpret
the results because the outcome was binary. The 95% CI for
the AUC was generated from 10,000 bootstraps of the training
data set (Figure 2).
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Figure 2. Flowchart of data processing, model training, and evaluation. ANN: artificial neural network; LR: logistic regression; SMOTE: synthetic

minority oversampling technique.

Data set Data set
Randomly split
Train (80%) Test (20%) Data set (k-folds)
I H H H H H
Balanced by SMOTE |
4 _ |
Control . Schizophrenia | o

ontro (oversampled) | : k-folds cross-validation

Model training I |

by ANN versus LR | :
4 : | ANN versus LR

Model testing| :

l.. _» Results: generalizability of the models

Evaluation

Thefollowing threshol dswere used to eval uate the performance
in terms of AUC score: 0.5=no discrimination, 0.5-0.7=poor
discrimination, 0.7-0.8=acceptable discrimination,
0.8-0.9=excellent discrimination, and >0.9=outstanding
discrimination [33]. Two strategies were designed to evaluate
the performance of the models and algorithms. To compare the
generalizability of thetrained LR and ANN models, their AUCs
on the test data sets were compared. To compare the
performance of LR and ANN algorithms, the AUCs were
compared based on a 10-fold cross-validation. The differences
in the AUCs were tested using the Delong method [34].

Modé Interpretation (Variable Importance)

To interpret the ANN model, we introduced a shuffle test for
each variable to evaluate variable importance. Among all the
N variables in the test data set, the nth variable is shuffled at
random; this resampled test data set is applied to the ANN
model, and the AUC obtained from the resampled test data set
is compared with the AUC obtained from the original test data
set. The difference between the 2 AUCs explainstheimportance
of thevariable. A higher differenceindicatesthat the nth variable
has relatively higher importance.

Statistical Analyses

Statistical analyses were performed using Python (version 3.7;
Python Software Foundation). The computational environment

https://formative.jmir.org/2023/1/e50193
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used was the Jupyter Notebook (Project Jupyter). Means and
SDsare presented for continuous variables. Categorical variables
are presented as proportions. Differences in means for
continuous variables and categorical variablesweretested using
analysis of variance and chi-square test, respectively.

Ethical Consider ations

This study was approved by the Bioethics Review Committee
of Fujita Health University (HM21-408). All procedures
performed in this study were in accordance with the Ethical
Guidelinesfor Medical and Health Research Involving Human
Subjects enforced by the Ministry of Health, Labour and
Welfare, Government of Japan, and the 1964 Helsinki
Declaration and its later amendments.

Results

Table 1 shows the characteristics of the normal and
schizophrenia groups. Compared with the control group,
participants with schizophrenia were more likely to be men.
They had a significantly higher proportion of obesity, lower
education levels, and lower household income. Participantswith
schizophrenia were more likely to have poor self-rated health
status, depressive symptoms, perceived stress, and lower
avalability of social support. More details of these
characteristicsare provided in Table S1in Multimedia A ppendix
1
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Table 1. Characteristics of schizophrenia cases and healthy controls.
Schizophrenia case (N=223) Healthy control (N=1776) P value®
Age (years), mean (SD) 46 (9.3 44 (13.5) .08
Gender, n (%)
Women 108 (48) 975 (55) 07
BMI (225 kg/m?), n (%) 103 (46) 313 (18) <.001
Education, n (%)
Junior or senior high school or lower 94 (42) 471 (27) <.001
Household income, n (%)
<3 million Japanese yen® 108 (49) 359 (20) <.001
Self-rated health status, n (%)
Bad 108 (48) 386 (19) <.001
Physical disease, n (%)
>1 disease 135 (61) 610 (31) <.001
Depressive symptoms, n (%)
CESD® 8 156 (70) 467 (26) <.001
Perceived stress (PSS-4%), median (IQR) 10(8-12) 7(6-8) <.001°
Social support (ESSI"), median (IQR) 21(15-28) 23(17-28) .007°

@ ased on analysis of variance and chi-square test for continuous and categorical variables, respectively, except specified notes.

PAround US $20,000.

CCES-D: Center for Epidemiological Studies Depression.
94pSS-4: 4-item Perceived Stress Scale.

P values by the Kruskal-Wallis test.

fESSI: ENRICHD Socia Support Instrument.

Figure 3 illustrates the internal validity of the models trained
using the ANN and LR. The model trained by ANN performed
better than LR in terms of AUC (0.86 vs 0.78), accuracy (0.93
vs 0.91), and specificity (0.96 vs 0.94), whereas the model
trained by LR performed better in terms of sensitivity (0.63 vs
0.56). Table 2 shows the algorithm performance comparing
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RenderX

between ANN and LR by using bootstrapping and
cross-validation. ANN performed better in terms of AUC
(bootstrapping: 0.847 vs 0.773 and cross-validation: 0.81 vs
0.72), whereas LR performed better in terms of accuracy (0.894
vs 0.856).
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Figure 3. Confusion matrixes of artificial neural network and logistic regression models. AUC: area under the receiver operating characteristic curve.

Artificial neural network

Schizophrenia

Observed

Control Schizophrenia
Predicted
Sensitivity: 0.56
Specificity: 0.96
Accuracy: 0.93
AUC: 0.86

Logistic regression

Control Schizophrenia
Predicted
Sensitivity: 0.63
Specificity: 0.94
Accuracy: 0.91
AUC: 0.78

Table 2. Comparison between artificial neural network and logistic regression by bootstrapping and cross-validation.

Artificial neural network, mean (SD)  Logistic regression, mean (SD) P value
Results from 10,000 bootstrapping
Accuracy 0.856 (0.18) 0.894 (0.02) <.001
AUCR 0.847 (0.11) 0.773(0.02) <.001
Results from 10-fold cross-validation
Accuracy 0.92 (0.04) 0.82(0.28) 27
AUC 0.81(0.28) 0.72 (0.26) 49

8AUC: area under the receiver operating characteristic curve.

Figure 4 shows the feature importance ranking estimated from
the ANN model (only the top 15 items are displayed). The
frequency of sleep medication use ranked first, illustrating the
most important factor associated with schizophrenia. Age took
second place. Household income and type of employment ranked
third as they showed similar values. Bedtime, BMI, number of
cigarettes smoked per day, and educationa background

https:/formative.,jmir.org/2023/1/€50193
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followed, with amarked decreasein importance. Hours of sleep,
perceived stress, positive reason for living (aka, ikigai, a
Japanese term), restriction in functional capacity, type of
occupation, number of teeth, and bowel frequency ranked Sth
to 15th; however, their importance was not as high as those in
the above places.
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Figure 4. Feature importance (top 15) from artificial neural network model. AUC: area under the receiver operating characteristic curve.
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Discussion

Principal Findings

In this study, we developed an ANN model for classifying
schizophrenia cases with high internal validity, which achieved
an excellent AUC of 0.86. This ANN model also achieved a
specificity of 0.96, which implies that it has a good ability to
designate an individual without schizophrenia as negative, and
asensitivity of 0.56, which representsthe model’s limitation in
designating an individual with schizophrenia as positive. Our
study demonstrated that the ANN hasthe potential for applying
to estimate the prevalence of schizophrenia in large-scale
epidemiological studies.

To our knowledge, this is the first study that uses a machine
learning technique (ie, ANN) to classify schizophrenia cases
from web-based survey datain the Japanese population. A novel
machine learning approach has been reported for the detection
of schizophreniafrom social media content, which achieved an
accuracy of 96% [16]. In addition, machine learning techniques
might provide an opportunity to improve diagnostic certainty
[35] and explain mental disorders in complex states [36]. On
the other hand, ANN algorithms have proven their advantages
in disease prediction using large-scale survey data. For
predicting type 2 diabetes, models developed by ANN have
achieved an AUC of 0.86, which is the highest compared to
other algorithms such as random forest and support vector
machine [21]. Another study reported that models devel oped
by ANN for predicting hypertension achieved an AUC of 0.78;
however, there was no significant advantage compared with the
classic method [20].

In comparison of the algorithm performance, ANN performed
better than LR. Several reasons might be considered: (1) ANN
is more competent for approximate relations that do not follow
the linearized assumption owing to its structure [37]. In
generalized linear models (eg, LR), the relation between the
response variable and the feature variablesis applied to alinear

https://formative.jmir.org/2023/1/e50193
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equation; therefore, linear models face difficulty in analyzing
nonlinear combinations. As the number of feature variablesin
alinear model increases, multicollinearity [38] and overfitting
may occur easily [39]. (2) The ANN is more effective for
analyzing interactions among more than 2 variables. In linear
models, interaction terms (usually products between 2 variables)
are added. However, interaction features are often sel ected based
on rules of thumb. Additionally, multicollinearity should be
cautiously considered as the number of interaction terms
increases [38]. Whilein an ANN, the variable relationships are
assumed to be extremely high-dimensional and complex [4Q].
After inputting all the variables, each hidden neuron takes, as
input, al nodesfrom the previouslayer and creates ahigh-order
interaction between these nodes [41]. Neverthel ess, the complex
structure of an ANN prevents the model from being easily
visualized and understood.

In terms of the AUC value, ANN outperformed LR both in
algorithm and model comparisons. However, in this study, the
ANN model exhibited better specificity but lower sensitivity
compared to LR as the cutoff threshold was set to the default
0.5. The model's performance metrics indicate a trade-off
between sensitivity and specificity. Thistrade-off could impact
the model's ability to correctly classify schizophreniacasesand
noncases, which has clinical implications. Further experiments
are necessary, involving the adjustment of the cutoff threshold
[42] to determine a suitable balance point in practical scenarios.

Thisstudy suggested the possibility of classifying schizophrenia
cases among general population. We expected to estimate
schizophrenia cases among those who are not seeking
psychiatric care, typically, whose psychiatric syndromes are
unknown. Hence, no clinical assessment or diagnostic criteria
wereinvolvedin thefeature variables. Aswe ranked the feature
importance, sleep problems were the most important factor
associated with schizophreniain terms of sleep medication use,
bedtime, and sleep duration. The importance of factors such as
age, socioeconomic background, BMI, physical activity,
smoking, depression, and oral health followed. These factors
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have aso been reported to be strongly associated with
schizophrenia [8,43-50]. The advantage of our study was that
we ranked those previously reported factors according to their
“priority” for classifying schizophrenia, which may provide
potential evidence for screening and early detection of
schizophrenia when using massive data.

In this study, no variable selection technique was preselected
because we hope to mine as much potentially useful information
as possible when training the models. Previous studies have
reported that fully input variables might lead to unstable
estimates in linear models such as LR [51]. Some
methodol ogists have suggested that statistical significance—based
variable sel ection techniques are mechanical and, as such, have
limitations [51,52]. We conducted an additional experiment for
the sake of “fairness’; the LR model wastrained using only the
top 15 most important features reported by the ANN model.
The results obtained from this partial-featured LR model did
not improve compared with the all-feature LR model
(sensitivity: 0.69, specificity: 0.87, accuracy: 0.91, and AUC:
0.78). The machinelearning approach might be used for feature
selection to compensate for the limitations of classical
epidemiology studies.

Limitations

Thisstudy has severd limitations. First, participants with mental
disorders other than schizophrenia were not included. Hence,
our model is not suitable for distinguishing schizophreniafrom
other types of mental disorders. Second, athough the data in
this study were obtained from alarge Japanese internet research
pooled panel, we should -cautiously explain the
representativenessfor the entire Japanese population. Thiscould
introduce sampling bias, potentially excluding individuals who
arelesslikely to participate in web-based surveys, such asthose
with limited internet access or severe mental health conditions.
In addition, the self-reported diagnoses of schizophreniamight
not be as reliable as clinically confirmed diagnoses, as
individuals might misinterpret symptoms or misunderstand their
condition. There might also be issues related to stigma or
disclosure bias, where individual s might be hesitant to disclose
mental health diagnoses. Third, the important variables
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determined by our model cannot be arbitrarily used asacriterion
for identifying schizophrenia. For example, sleep medication
use is often observed in patients with depression, although our
model determined that it was most associated with
schizophrenia. In future studies, we plan to include samples
with various types of mental disorders and construct a model
that can classify multiple mental disorders. Additionally, Clinical
assessments and diagnostic criteria used by health care
professionalswere not included inthe analysis. In future studies,
we can introduce essential information to enhance the model
construction. Fourth, all variables (feature variables and response
variables) were self-reported at the same time. The answers
were possibly biased because the participants might have been
reluctant to answer some sensitive questions truthfully. The
existence of schizophrenia might be different from the actual
situation because the history of schizophrenia was reported by
the participants themselves. Patientswho did not use theinternet
and those who had difficulty completing the web-based survey
duetotheir illnesswere not included in this study. Theseissues
may have affected the accuracy and generaizability of the
model. Fifth, the findings of this study were derived from a
cross-sectional design; therefore, it is difficult to explain any
causal or temporal associations. Sixth, because of the
“black-box” design of the ANN model, it isdifficult to interpret
how variables and variable interactions contribute to the
classification of schizophrenia. Further research isnecessary to
focus on model visualization and interpretation. Finaly, the
ideal model should be dynamic (ie, can be updated to adopt the
latest data structure) [53]; hence, we need to input more
large-scale data to improve the current model and to assessthe
model performance by external validation.

Conclusions

In this study, an ANN model was constructed to classify
schizophrenia cases using web-based survey data. The model
achieved a high internal validity. ANN performed better
compared to the classical statistic method. These findings are
expected to provide evidence for estimating the prevalence of
schizophreniain the Japanese population and informing future
epidemiological studies.
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Abstract: Background and Objective: Excellent generalizability is the precondition for the widespread
practical implementation of machine learning models. In our previous study, we developed the
schizophrenia classification model (SZ classifier) to identify potential schizophrenia patients in the
Japanese population. The SZ classifier has exhibited impressive performance during internal vali-
dation. However, ensuring the robustness and generalizability of the SZ classifier requires external
validation across independent sample sets. In this study, we aimed to present an external valida-
tion of the SZ classifier using outpatient data. Methods: The SZ classifier was trained by using
online survey data, which incorporate demographic, health-related, and social comorbidity features.
External validation was conducted using an outpatient sample set which is independent from the
sample set during the model development phase. The model performance was assessed based on
the sensitivity and misclassification rates for schizophrenia, bipolar disorder, and major depression
patients. Results: The SZ classifier demonstrated a sensitivity of 0.75 when applied to schizophrenia
patients. The misclassification rates were 59% and 55% for bipolar disorder and major depression
patients, respectively. Conclusions: The SZ classifier currently encounters challenges in accurately
determining the presence or absence of schizophrenia at the individual level. Prior to widespread
practical implementation, enhancements are necessary to bolster the accuracy and diminish the mis-
classification rates. Despite the current limitations of the model, such as poor specificity for certain
psychiatric disorders, there is potential for improvement if including multiple types of psychiatric
disorders during model development.

Keywords: external validation; schizophrenia; bipolar; depression; machine learning; classification;
neural network

1. Introduction

Models trained using machine learning approaches have been applied in various fields
of medical research [1,2]. They utilize multiple features to detect or estimate an individual’s
existence or likelihood of a medical condition [3]. During the training process, it is essential
to evaluate the model’s performance in terms of discriminating individuals who have the
outcome from those who do not or to accurately estimate the individual’s risk. This can
be tested through internal validation, such as bootstrapping, using the same dataset that
was used in the training process. However, before deploying these pretrained models in
real-world scenarios, the generalizability should be thoroughly confirmed through external
validation. This involves testing the pretrained model using one or more independent
sample sets. A model that deserves promotion and can be encapsulated as a tool for
commercial use should exhibit excellent generalizability.
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From 2021 to 2023, we conducted a research program focused on developing a preva-
lence estimation method for out-of-hospital schizophrenia and schizophrenia-related disor-
ders in the general population. The program used large-scale epidemiological study data
collected from an online survey. It involved information on demographic details, health-
related backgrounds, physical and psychiatric comorbidities, and social comorbidities [4].
Based on that information, we developed a machine-learning model for classifying the
presence or absence of schizophrenia (SZ classifier), in order to identify potential patients
and estimate the prevalence of schizophrenia within the general population. The research
design of the program is the first of its kind in Japan.

We envision that if there is a tool that can accurately detect the presence or absence of
schizophrenia, it could contribute to the accurate estimation of the prevalence. However,
the exact prevalence among the general population is poorly reported. Charlson et al.
estimated the global age-standardized point prevalence of schizophrenia in 2016 to be
0.28%, but the actual prevalence could be higher, considering population growth and
aging [5]. In Japan, an age—period—cohort analysis reported that the point prevalence was
approximately 0.7% [6]. Challenges in the accurate estimation are considered, as (1) some
patients may not know that they have the disease. Those who are sick may not always
visit the doctor in time; (2) patients with mild disease may not seek medical attention; and
(3) some diagnosed cases are for prescriptions to pass a medical insurance review. Hence,
the estimated prevalence based solely on medical institution data may not represent the
actual incidence in the population. Detecting these “potential” patients in the general
population will be the key to estimating the prevalence.

The SZ classifier has provided a promising solution. In the internal validation, it
achieved an area under the receiver operating characteristic curve (AUC) score of 0.86 [7].
This indicates that our SZ classifier successfully captures the differences between patients
and healthy controls in demographic details, health-related backgrounds, physical and
psychiatric comorbidities, and social comorbidities. For example, compared to healthy
controls, individuals with schizophrenia demonstrate poor subjective well-being, happiness,
and life satisfaction [8,9]. They are also more likely to have chronic diseases, such as poor
oral health, noncommunicable diseases, and sleep disorders [8,9]. They also tend to have a
lower socioeconomic status [8,9].

The SZ classifier was developed using artificial neural networks. Typically, machine
learning validation reports rely on internal validation, employing a subset of the training
sample set to assess the model performance. However, this approach carries the risk of
inflating the model performance due to overfitting [10]. To accurately evaluate model
generalizability, external validation is essential, utilizing an independent sample set [11].
Ideally, the sample set should comprise real-world data, which may provide evidence for
medical application [12]. Therefore, in the current study, we aimed to present the external
validation results of the SZ classifier. To further assess the external validation, we sampled
150 patients from those who visited the Psychiatric Department of Fujita Health University
Hospital. The majority of these patients are from Central Japan, where the hospital is
located. We anticipate that the SZ classifier can serve as a tool for detecting “potential”
patients within the regional community, thereby allowing for estimating the incidence rate,
and the subsequent promotion for broader population-level applications.

2. Materials and Methods
2.1. Development of the Schizophrenia Classification Model (SZ Classifier)

The SZ classifier was developed in our previous study [7] using a sample set collected
from an internet research agency’s pooled panel (Rakuten Insight, Inc., Tokyo, Japan) [13].
It comprised 223 schizophrenia patients and 1776 healthy controls. Each sample’s data
comprised the presence of schizophrenia, serving as the response variable, along with
76 features. These features included demographic details, health-related backgrounds,
physical and psychiatric comorbidities, and social comorbidities. Details of the inclusion
criteria have been published elsewhere [9], and the feature definitions are described in
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Supplementary Materials. The SZ classifier was constructed based on an artificial neural
network, considering the significance of capturing nonlinear relationships and higher-order
interactions. Specifically, it was structured with five hidden layers, with 128, 64, 32, 16,
and 8 neurons in each layer, respectively. The details of the SZ classifier development
have been published elsewhere [7] and described in Supplementary Materials. The model
performance was examined using the AUC score.

In the internal validation results, 20% of the whole samples were left out as the test
set to assess the model performance. The SZ classifier achieved an AUC of 0.86, accuracy
of 0.93, sensitivity of 0.56, and specificity of 0.96 [7]. Also, the results of 10-fold cross-
validation exhibited that models trained by artificial neural networks could achieve an
AUC of around 0.81 [7].

2.2. Samples for External Validation

We targeted patients who visited the Psychiatric Department of Fujita Health Uni-
versity Hospital between January 2022 and May 2023. The patients aged between 20 and
75 years and were diagnosed with schizophrenia, major depressive disorder (MDD), bipolar
disorder (BD), or obsessive-compulsive disorder (OCD) were selected. The authors, KS
and TK, explained the study’s purpose and methods to the patients. Patients voluntarily
decided whether to participate in our study. All the participants provided written informed
consent to participate in this study. We confirmed that they had not participated in our
research team’s online survey (the aforementioned SZ classifier study).

Participants were asked to complete a survey identical to that used in our previous
SZ classifier study. The answers were collected face to face. When necessary, trained
assistants helped them complete the survey. These assistants provided only technical help
and did not influence the answers. Notably, all participant diagnoses in this study were
provided by experienced psychiatrists who had access to comprehensive treatment records,
ensuring the sample quality for external validation. In total, we collected 150 samples from
61 schizophrenia patients, 56 MDD patients, 32 BD patients, and 1 OCD patient. Using
these samples, we assessed the external validity of the SZ classifier. The primary reason for
selecting MDD, BD, and OCD as the control group is that these disorders are theoretically
easier to distinguish from schizophrenia, despite often presenting with overlapping clinical
features that require careful differential diagnosis. The study design is also considered to
possibly simulate the complexities encountered in actual clinical scenarios.

The study was conducted in accordance with the Declaration of Helsinki, and the
protocol was approved by the Bioethics Review Committee of Fujita Health University
(HM21-408).

2.3. Statistical Analysis

Statistical analyses in the current study were performed using Python (version 3.7;
Python Software Foundation). The computational code editor used was the Jupyter Note-
book 7 (Project Jupyter).

3. Results

Of the 61 schizophrenia patients, 46 were accurately classified, and the sensitivity of
the model reached 75%. Among the 89 non-schizophrenia patients, 50 were incorrectly
classified as having schizophrenia (Table 1). Of the 56 MDD patients, 31 (55%) were
incorrectly classified as having schizophrenia, and of the 32 BD patients, 19 (59%) were
incorrectly classified as having schizophrenia (Table 2).
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Table 1. Confusion matrix of external validation for the SZ classifier: results of all cases.

Observed Cases

Major Depressive Disorder, Bipolar, and

Schizophrenia Obsessive-Compulsive Disorder
E 2 Schizophrenia 46 50
-2
E) @ Major depressive disorder, bipolar,
A~ and obsessive-compulsive disorder 15 39
Total 61 89
Sensitivity 0.75 -
Specificity - 0.44
Table 2. Confusion matrix of external validation for the SZ classifier: results of the non-
schizophrenia cases.
Observed Cases
Major Depressive Bivol Obsessive-Compulsive
Disorder tpotar Disorder
el
£ Schizophrenia 31 19 0
ge
& Non-schizophrenia 25 13 1
Total 56 32 1
Misclassification rate 0.55 0.59 0

4. Discussion

This study conducted an external validation of our predeveloped SZ classifier using
outpatient data. The SZ classifier achieved a sensitivity of 0.75 (46 out of 61 patients) when
applied to individuals diagnosed with schizophrenia. However, when applied to patients
diagnosed with BD or MDD, the misclassification rates were 59% (19 out of 32) and 55%
(31 out of 56), respectively.

The sensitivity achieved in the external validation exceeded that of the internal test
(0.56) [7]. This disparity may stem from the fact that the external validation sample set
relies on diagnoses by clinicians and regular medical visits, which are deemed more reliable
than self-reported diagnoses obtained through online surveys. Hohmann emphasized
that the dependency of the output is reliant on the accuracy of the big data and the
sample size [14]. The model performance is limited by poor data quality and insufficient
confounding variables [14]. Moreover, the sample set used for developing the SZ classifier
was imbalanced. We adopted a well-defined algorithm—Synthetic Minority Over-sampling
Technique (SMOTE)—to solve this problem [15]. Nevertheless, SMOTE does not always
work perfectly when solving such a problem. Hence, it is reasonable to speculate that if
the data used for developing the model were of higher quality, the performance of the SZ
classifier would likely improve.

The SZ classifier demonstrated a misclassification rate of >50% when applied to MDD
and BD patients. This could be attributed to the similarities between schizophrenia, MDD,
and BD. The top five features, ranked according to their importance, of the SZ classifier were
the frequency of sleep medication use, age, household income, type of employment, and
bedtime [7]. Table S1 lists the characteristics of the external validation sample set based on
these five features. The distributions between schizophrenia and MDD, as well as between
schizophrenia and BD, were similar (see Supplementary Materials, Table S1). Clinically,
MDD, BD, and OCD often present with symptoms similar to those of schizophrenia; thus, a
careful differential diagnosis is required. Since our SZ classifier was not built using samples
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of MDD, BD, and OCD, the poor specificity observed in the external validation results
was anticipated.

Although the SZ classifier achieved a respectable sensitivity of 0.75, the misclassifica-
tion rate exceeding 50% indicates that the model still requires significant improvements
before it can be widely promoted across various communities or populations. We found no
prior studies discussing external validation for machine learning models in schizophrenia
classification. However, some relevant research based on machine learning techniques
could be referenced and utilized. For instance, Bae used content from social media and
compared four machine learning methods using natural language processing techniques
for classifying schizophrenia [16]. The Random Forest model obtained the best AUC of
0.97, while Bae’s study did not involve artificial neural networks. Bracher-Smith trained
schizophrenia classification models using genetic and demographic factors from the UK
Biobank, where the neural network model achieved an AUC of only 0.67 [17], which is
lower than the 0.86 AUC from our study (internal validation). Shanarova designed a
machine learning-based diagnostic for schizophrenia using event-related potential data,
achieving a sensitivity and specificity of 91% and 90.8%, respectively [18]. Overall, the
prospects for machine learning in schizophrenia research are promising, primarily because
it can analyze speech, behavior, image, and people’s creativity [19]. It has been shown that
various machine learning-based models can assist specialists in predicting and diagnosing
schizophrenia using medical history, genetic data, and even epigenetic information [19].

The primary advantage of using machine learning to construct a classification model is
its ability to extract valuable information from extensive datasets, particularly those related
to feature engineering, without explicit instructions [20]. For example, machine learning
techniques have great potential for quantitatively distinguishing the differences among
similar feature expressions. We have previously reported that schizophrenia patients
have an increased likelihood of developing diabetes, cardiovascular disease, worsening of
metabolic syndrome, depression, and sleep disorders [8]. Similar findings were reported
for MDD [21]. Additionally, schizophrenia patients are observed to exhibit elevated rates
of smoking, drinking, and drug consumption [8], and a similar pattern is also observed
in MDD and BD patients [21,22]. Schizophrenia patients typically exhibit lower health
literacy [8], while older BD patients experience a faster decline in health perception [23].
However, previous studies have rarely addressed the distinctions among these similar
feature expressions for those diseases. Given that our survey questionnaire delved into
the aforementioned issues (namely, the information was collected quantitatively), we have
reason to believe that introducing samples of MDD, BD, and OCD during the model
development could improve the SZ classifier’s performance.

This study had several limitations. First, the sample set used for the external validation
was collected only from Central Japan and may not be representative of the broader
population. Additionally, the sample size was limited. Future studies should include
more patients from diverse regions, as well as healthy controls, to enhance the reliability.
Second, biases may arise from the online study design. Some individuals may not use
the internet frequently, and patients with severe illnesses may struggle to complete the
questionnaire owing to difficulties in concentration. However, in light of the changes in
people’s habits following the Coronavirus pandemic in recent years, online methods such
as apps have become increasingly applicable for conducting epidemiological research [24].
Third, relying on nonpsychiatric symptoms to detect the presence of mental disorders may
seem arbitrary, despite yielding favorable results. Therefore, the findings of such studies
should be interpreted and promoted with caution.

5. Conclusions

The SZ classifier currently faces challenges in accurately determining the presence or
absence of schizophrenia at the individual level. The performance of the SZ classifier would
likely improve if the data used during model development were of higher quality. Prior to
widespread practical implementation, enhancements are necessary to bolster the accuracy
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and diminish misclassification rates. Considering the results of external validation and the
inherent characteristics of machine learning techniques, there exists significant potential to
improve the performance of the SZ classifier if samples of multiple diseases are included
during the model development phase.

Supplementary Materials: The following supporting information can be downloaded at
https:/ /www.mdpi.com/article/10.3390/jcm13102970/s1. References [25-36] are cited in the supple-
mentary materials.
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Abstract

Objectives: This study aimed to develop an approach to enhance the model precision by artificial images.

Materials and Methods: Given an epidemiological study designed to predict 7 response using f features with M samples, each feature was
converted into a pixel with certain value. Permutated these pixels into F orders, resulting in F distinct artificial image sample sets. Based on the
experience of image recognition techniques, appropriate training images results in higher precision model. In the preliminary experiment, a
binary response was predicted by 76 features, the sample set included 223 patients and 1776 healthy controls.

Results: \We randomly selected 10000 artificial sample sets to train the model. Models’ performance (area under the receiver operating
characteristic curve values) depicted a bell-shaped distribution.

Conclusion: The model construction strategy developed in the research has potential to capture feature order related information and enhance
model predictability.

Lay Summary

We aimed to demonstrate a novel method to investigate the effect of feature structure on model predictability with epidemiological data. The
concept was inspired from image identification. Pixels in digital images are used as features when training the identification model. The quality
of a given digital image will be damaged when pixels’ position and their values changed arbitrarily, which obstructs the model training and mod-
el’s precision. We assume the structure-related relationship exists in epidemiological data. Given a certain dataset, features are transformed to
pixel values for generating artificial images. To explore the effect of feature structure, orders of pixels are randomly permutated and the model
is trained using pixel-permutated artificial image sample sets. In the preliminary experiment, one binary response was designed to be predicted
by 76 features. We randomly selected 10000 artificial image sample sets to train the model. Models’ performance (area under the receiver
operating characteristic curve values) depicted a bell-shaped distribution. Namely, the performance of each model’s predictability was studied
and the feature structure information had a strong impact on model performance. Our novel model construction strategy has potential to cap-
ture feature order related information and enhance model predictability.

Key words: artificial image; image identification; prediction model; machine learning; neural network.

Introduction
features and expanding the sample size. (2) Optimizing the

Linear models are considered as cornerstone in epidemiological  parameters in an attempt to achieve maximum accuracy.” (3)

studies. They are widely used for estimating associations
between factors and disease,' and for predicting the incidence
or existence of disease.” These models encompass a range of
techniques within generalized linear regression, such as linear
regression, logistic regression, and Cox regression. Previous
studies reported the limitations in linear models such as explain-
ing nonlinear association, complexed interactions, etc. Nonlin-
ear models were adopted to solve those problems.** For
example, nonlinear models represented by artificial neural net-
works have been introduced into epidemiological research.>*
To enhance the model accuracy, previous research imple-
mented the following solutions: (1) Increasing the number of

Comparing various machine learning methods to identify the
one that vyields the highest performance. For instance,
employing nonlinear models (eg, neural networks, support
vector machines, etc.) to address the weaknesses in linear
equations caused by multicollinearity among features,®®
unsophisticated variable selection,” and to extract more com-
plex information.

Inspired from image recognition techniques, good feature
structure is the key point for model training. Taking handwrit-
ten digit recognition as an example (Figures S1 and S2 in
Appendix 1), the digital picture is composed of pixels (Figure
S1-a), where the pixel values range from 0 to 255 (Figure S1-b),
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corresponding to the color change from black to white (Figure
S1-a). Each pixel is used as a feature for image recognition
model training (Figure S1-b). If the order of the pixels is
changed arbitrarily (Figure S1-c), handwritten digits cannot be
correctly recognized.

This research investigated the effect of feature structure on
model predictability with epidemiological data, which was
less explored in this field. To introduce the feature structure,
we generated artificial images with each pixel representing a
feature. To explore the effect of feature structure, we ran-
domly permutated the order of pixels and used pixel-
permutated image sample sets to train the model. The model
used in this study is neural networks which is an artificial
intelligence-based computer analysis, designed to extract
“certain information” from digitalized images. The perform-
ance of each model predictability was studied and the result
showed the feature structure information had a strong impact
on model performance.

On the other hand, previous studies on neural networks
have demonstrated the exceptional accuracy achieved
through image identification based on deep-learning techni-
ques, often surpassing 98%.'>!" Therefore, the method dis-
cussed in this research has potential to develop a novel
method for achieving higher precision predictions using arti-
ficial images and image identification technology.

Methods
Generating the artificial image

The process of generating artificial images involved 2 key
aspects: variable pixelization and pixel sequencing.

Variable pixelization

In a grayscale image, pixels are represented conventionally by
an 8-bit integer giving a range of possible values from 0 to
255. This is how an image stored in computer. While data
collected from an epidemiology study is not conventionally
arranged. Hence, to apply image recognition techniques, vari-
ables must be rearranged between 0 and 255, as the way of
pixel is represented.

For each feature in a given epidemiological study, we
applied the rescale function P to normalize the feature’s value
within the range of 0 to 255. This transformation ensured
that each feature could be accurately represented in the artifi-
cial images.

=
P1,i = P(xl,i) P1,i P2,i
payi = P(xz,;) |:> p1.1,i
P1o0,i = P(xloo,i) \P:;l,i ey

Pixeled features

Sequenced pixels
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where X,, represents the value of feature # of a certain sam-
ple, min(X,,) corresponds to the minimum of X,, within the
sample set, and max(X,) corresponds the maximum of X,
within the sample set. f is the number of features. For
instance, in an epidemiological study that included 5 samples;
one of the features was their age: 20, 30, 40, 50, and 60
years. The age values were rescaled to 0, 64, 128, 191, and
255 gray-level. This pixelization process was crucial for
ensuring that the artificial images accurately represented the
underlying features.

Pixel sequencing

Given a certain epidemiology study with f features trans-
formed to f pixels, there exist f! possible pixel orders. To sim-
plify our study design, we opted to organize pixels into a
square array, without considering rotation (90°, 180°, or
270°) or flips (vertical, horizontal, or diagonal) of images.
Consequently, the possibility of images being given f features
is F, where F is equal to 1/8 f!. Figure 1 shows an example of
an artificial image of a certain sample with a certain pixel
order.

Dataset expansion

To study the effect of feature structure on model predictabil-
ity, we generated artificial images for each sample by using
variable pixelization and randomly permutated the order of
pixels to create distinct sample sets.

The original dataset, denoted as Siginal, Was obtained
from an epidemiological study encompassing M samples and
f features with a certain feature order. As previously
described, f features can generate F different orders. Hence,
the Soriginal dataset was expanded to F types of distinct data-
sets, represented by Sy, S,. .., S¢ (Figure 2). These expanded
datasets, referred to as “candidate datasets”.

Data processing

Each of the F candidate datasets underwent an identical data
processing procedure. Initially, we randomly divided each
candidate dataset into training, validation, and test sets in a
70:10:20 ratio. To ensure balanced training, we applied the
Synthetic Minority Oversampling Technique to the training
set.'> The model was trained using an image identification
technique on the training and validation sets. Specifically, the
model training process took place within the training set,

=
-+ D10,i u 0
= D20,

: |:> W
.. plOO,iJ 255

Visualized artificial image

Figure 1. Given the feature information of a certain sample j, generating an artificial image by sequencing pixels in a square array—assuming the number
of features is 100. p,;, n=1, ..., 100 represents the pixel value of feature n for sample / calculated by function P.
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Figure 2. Dataset expansion. Siginar: the original sample set with M
samples and ffeatures in a certain order. S, n=1,2, ..., F. generated
samples sets with distinct feature order.

with continuous validation to assess learning effectiveness.
The training concluded once the loss function's value, eval-
uated on the validation set, ceased to increase, which indi-
cated optimal model development. The model was then
applied to the test set to assess its performance, and the
results were recorded (Figure S2 in Appendix 1).

The model that achieved the highest performance was
deemed the optimal prediction model. Consequently, this candi-
date dataset containing artificial images generated from a cer-
tain feature order, was considered the optimal dataset for model
construction. These artificial images effectively captured the
intricate relationship between the features and the response.

Preliminary experiment

In this section, we describe the process of model construction
with the method introduced in previous sections. A preliminary
experiment was carried out to explore the effectiveness of the
method.

The model, namely the schizophrenia classifier was trained
by using a sample set from online survey data collected by an
internet research agency’s pooled panel (Rakuten Insight, Inc.,
incorporated ~2.3 million panelists by 2022)."* The sample set
comprised 223 patients with schizophrenia and 1776 healthy
controls aged 20-75 years. For each sample, the following infor-
mation was extracted from the survey: the existence of schizo-
phrenia which corresponds to the response and 76 features,
including demographic, health-related backgrounds, physical
comorbidities, psychiatric comorbidities, and social comorbid-
ities. The details of the study participants and variable defini-
tions have been published elsewhere (Appendix 1).'*

The models were trained using artificial neural network. We
conducted another study using this machine learning technique
based on the same dataset; therefore, we applied the same model
structure to the current experiment.”” The model was structured
with 5 hidden layers (neurons per each layer: 128-64-32-16-8),
HeNormal weight initializer, ReLU activation function in the hid-
den layers, sigmoid activation in the output layer, a learning rate
of 0.01, and early stopping when 5 consecutive updates were
<0.001." Model performance was assessed using the area under
the receiver operating characteristic curve (AUC)."* The follow-
ing AUC thresholds were used to categorize model discrimination
quality: 0.5 =no discrimination; 0.5-0.7 = poor discrimination;
0.7-0.8 = acceptable discrimination; 0.8-0.9 = excellent discrimi-
nation; and >0.9 = outstanding discrimination. Given the exten-
sive permutations of feature orders (namely, 1/8 x 76!), we
experimented with 10000 randomly selected candidate datasets
to explore the impact of different feature orders on model per-
formance. Statistical analyses were performed using Python 3.8
(Python Software Foundation, http:/www.python.org), with the
Jupyter Notebook (Jupyter, http://www.jupyter.org/) serving as
the computational environment.

600
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|
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300 I
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100 l
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Figure 3. The distribution of AUC scores from the 10000 experiments.
Abbreviation: AUC, the area under the receiver operating characteristic
curve.

Results

Based on our preliminary experiment, Figure 3 illustrates the
distribution of AUC scores across 10000 experiments. The
majority of models yielded an AUC score of approximately
0.88, indicating excellent discrimination. However, some mod-
els achieved AUC scores between 0.5 and 0.7, and even fewer
attained scores exceeding 0.93, demonstrating outstanding dis-
crimination (Figure 3).

Discussion

This study introduces the novel concept of an artificial image,
representing a departure from traditional epidemiological
research methods. The novelty of this approach lies in its
transformation of features into pixels to reconstruct images
in reverse, enabling the application of techniques from
diverse fields to classical epidemiological research.

In our preliminary experiment, we observed that the accu-
racy of the trained models varied depending on the positions
of the features within the artificial image. Models exhibiting
high accuracy correspond to a small number of datasets. This
finding indirectly supports our hypothesis regarding the exis-
tence of optimal artificial images.

The core of our method revolves around increasing the num-
ber of dimensions. By doing so, our approach becomes a power-
ful tool for exploring and explaining complex non-linear
information. We hypothesize that the linear equation structure
commonly used in generalized linear models may lead to the loss
of essential information among features.'®!” Moreover, linear
equations often describe the relationship between the feature and
the response as a monotonic increase or decrease which may
oversimplify the intricate nature of the data. The construction of
artificial images may provide a new perspective for model inter-
pretation. For instance, we can potentially explain feature impor-
tance and feature interactions through their spatial locations
within the artificial image: Features situated centrally may be con-
sidered more “important” than those on the periphery, and adja-
cent features may indicate closer interactions (Figure S3 in
Appendix 1).

Despite the strengths of our innovative method, several chal-
lenges must be addressed for full implementation. First, the
method demands significant computational power, which could
potentially be mitigated with advancements in quantum com-
puting. Second, in the preliminary experiment, the dataset
lacked an adequate number of features. Therefore, it is
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insufficient to rely on more mature image-recognition technolo-
gies such as convolutional neural networks for model training.
We anticipate the introduction of at least 400 features in future
experiments. Third, the relationship between features and
response cannot be overlooked. Even the most advanced meth-
ods may struggle to construct a high-precision prediction model
when faced with either no relation or a weak relation between
the features and the response. Fourth, there is another limitation
during the procedure of data splitting. In this work, data was
randomly split to training, validation, and test set at the
70:10:20 ratio. This might cause bias in the results, especially
when the response following a skewed distribution. These are
important considerations for the continued development and
application of our approach.

Conclusion

In this study, we introduced a novel concept and provided
evidence of its potential for developing a novel predictive
method using artificial images and image identification. The
model construction strategy has potential to capture feature
order related information and enhance model predictability.
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