AALEMFREHEZSEE 36 % 1 5 (2025) /Japanese Journal of Biological Psychiatry Vol.36, No.1, 2025

HE2

STESRIVBHEZONER - 28, REEH, U RHEFANORHNT7 T O0-F

31

2. BRFEEICLS > OROEEHTA

it e, il

e

8% 0 O ORI AR EEE, AR 20BN Wo A s A 5 2 RIMRIZE T
WHEPRSEESEM I s Zen6, FHTPHIE T AOTEEE G X > Tnd, B =EO
HERIZPEY, PHIRE O B8RS, 5 OWoEs, mRRIE, HEY 27 PHINOIHEA
TW3, AFTIX, 5 2OWOFHTHNICET 2 W AEMRORFT#mMEREEZ L2 —-95, Th
FCEL DML EEE N TS, FIRRBETHIORE IR L LT, F£72, 9 DIWRDIIE A
N = LI 0D B IEE MR O B A GG 5 IR L, RO ANLHRGHE H 0 0 BEAE 22K 4 Hi
BWICHEHT A7 70 —FRAELTED, PRORBETERE L2 PHEITS 285 %OHREE
KoTWd, 512, AlF2—=v 78 +05L130ATd, RN LA Db OEARRKD 55,
AT, 5 OWOBEERICK DA G T — 2 ORER S O, Z KIS L 72 PR F1 22 7 OWEH -
RELADETH D, T L-dfEE2E 2, FHNEPHIE T VEEDORLELERT S,
BAEYZNRBHESZSEE36 (1) 1 31-39, 2025

Key words : machine learning, artificial intelligence, depressive disorders, postpartum depression,

early prediction, disease onset

5 OWEDEEERRIZ 6% HEENTHD, Z
MR 16 ~17 N2 1 ADB—4D S BI2H DOk
WRERT 5 Z LB L TWE Y, BRCEEROARE
NEL, T2 & ZIATHIPE 28R 5 LMD BER S DR
DOREBEIZ12 ~24%I12DIFD, —RAD 2 ~4
BZRET B2 HEINTHE Y, 5 OFH
FIET 5 &, DBIEREICA, B T 0 RR M
BEDIK IS K O REFIRAFEEDIK T & - 724021
BENELRTL B 5T, 5 OWIC & D4R 38
Ho O3 ks ET 5 Lz h g ™, &
7z, 9 OWRIEFERIE R B LT & W 5 224 5SS O
V22 EEDEEFTEL Y, HEORKY 227K
TTeHD Y, BEOMEERRCA MY &
ERIEY, X512, EHRIOWIREFRY T4 v
FEECHEERO ) 27 25D ", BRATHRRE
DFEIHAN LB E 5 2 BalREMES & 0, WY
ANOW R EFEEIN TS Y,

9 LB P b oT, 5 OWmEH
OFPEBOI VAR IS B, IR Em L

TEHEABOBETr —Z2RL 0 EHE XL T
359, FD0, S OWRDRIEMBREETY 27 %
EMEIZFHIL, N4 ) 227 ORI AZITS
ZLENEHEETH S, £ DT, N4 ) ZT7HN
ORI ADBRIETHICAI TH B Z LRI T
Wa "W, UL, ZhEaEEBTHEDICE, YAy
THIOKEE 2 X 5IEO 5 BERH D, 7 2 THMW
EEOMMSEH RT3,

B2 BN 7 MR A & B, L OMEREIC
&0, KEEO P TE 5 OB L dEE O
Bl O X~ — 7 - R EEL) R, oD
IR B EBISED PRI, X 5123 PR HE
&, ARO) 27 PlllEE, ERCIBHMEATX
7R RKRETIE, ChE TCOBMWYEE T LT X
L& OIS DWROFEHPHNCE T 20781220
T, mHOHHPLHEEL L V2 - L, SBROEYE
ERT 5,

Early prediction of depression via machine learning

F IR ZFREEBE R R 22 R BRI RER e 2 (T 755-8505 L= di R/ 1-1-1) Chong Chen, Shin Nakagawa :
Division of Neuropsychiatry, Department of Neuroscience, Yamaguchi University Graduate School of Medicine. 1-1-1 Minami-

Kogushi, Ube, Yamaguchi 755-8505, Japan

[k #f  E-mail : cchen@yamaguchi-u.ac.jp]



32 HAEYZHREHESZSE 3645 1 5 (2025) /Japanese Journal of Biological Psychiatry Vol.36, No.1, 2025

1. BHFEEOER

HWrEEr— 26 EFLEEEL, FrLn
7= 2 OPHNKIHT 500 Ch 5, F izl
TOLBEDTH S,

1. F—2OIUEE AL : F—2 2 EL, KHE
EOMTER M OIRE, (L & D Fi s
2TV, T 2mBEEmMEEES,

2. T—457E T2 w#IT -4 (FEH) &
T AT =42 GEHIH) 235, REIZBUT,
MRGET — & 2 -l TR ZEMGEEZ 1T, ET LD
PR % R85,

3. PRz v o =7 ) v LRI PHICHELD
PR A i AR L, EEAREEOAEEA
TEHHRAMPMETEENZ 5,

4., TTFLER: 0D 27 4w 7 BIRRPER, TV
LT+ VAL, ¥KR=-IRTZ A=V
(SVM), =a—90 %y M=o 5ExFZE
EETANG, T—ZORERLHMIZEL 23
DEES, HEDOET I % IWIRKGEST 5 D H—
R TH B,

5. ETFTNFa—=V O I8=)85 X — 2D
B) Xy P —FRF v A LHh—F, XA
e s &R, PEHBSADOES 5 L,
ETFIRER M E T 50 [ /8 —=8 T
A= R EPBE L CETLOMRE RN EX® 5,

6. TETNEH  mEAENAIN=I8F X — 2 &
T T — 2 2 fiso TEFLDIST XA — 4 (%
MEOEALE) #HEL, TIHKEE % REL
T 5,

7. TFILEHli & &GE 0 T 2 b T — & TYERE & Gl
L, BEIZIHUC TREER /YT A — 2 i L
TEHRAUEEIT,

2. XBRR

INE TOBMFE 7L ) XL E NS O
ORI FMIFZZIZ DWW T, PubMed % HIWTSCHkRR
RAEFRL 72, BERIE 2024 410 Hicfrv, DT
DF—7—FEHWE, 72, Bitamx>™>"
E2EICL, BEXE AL T,

M F — 7 — F :depress” AND (cohort OR
longitudinal OR prospective OR follow-up OR
predict) AND (machine learning OR artificial
intelligence OR decision tree OR random forest OR
gradient boost OR xgboost OR support vector
machine OR neural network)

A SCOBEINFLUE - Uik, ITO&M 27243
DL L7, 1) FFEOEMENR L L BT
SO, AIAENREZRAMMEMEDE S 5 TE Ly,
2) HIABEIKFETOT =2 2H0, TEROS> O b
BVNEIDIERETHT A Z L, 3) 5D H D
JERDIHfEICER I N T WD Z &, 4) BWEs 7
LT) ZLBRHNENTNWSE Z &,

3. FRIMAEDOBE

YRR ORER, it 23 KO LHIEE S Iz,
AR OME (BEEERE, FhE, & 3EORHE,
S DMl L, THIRT, T LT XA, T
HIMERE) 131 ITRL TV 3,

ifF 722501 2019 4520 5 2024 SEDOR T 1A, 4 K,
6K, 3K, 4K, S5AKRLHER L, EH TIEKRED
REZD10AK, EEEHEPZNZNI AR, HAE,
WE, #F &, AT 2—FT Vv, A ZATIADBELAE,
BHEDI —a vy NEHEEERRELZEDONR 2 AT
Ho Tz WREZIEFES 12K, HEEWOHFEN 5K,
— AR AR (EnE &), HEELR 1R
Z L CLhiE%E, Ani, HHEEEERELE
OB 1 AREGEEND, I DR D DIEIR D FHM 7
He LT, ACEH OIS 2 b)) | B2
Puo DD ARG, IESEMFEDO R H O 4 FEHH
BHOWSE T,

R0 3 255 60,000 DL EETRAL, 7 —
AOFMEE T vy — N #EA, B TEEELS
(electronic health record : EHR), IfilyZfa#:, Iil7&
MR $6 0 2814 TR B, WEIRR Y 275 7 kg,
Y x T T ITNTINA ZEHHE BIEICH -5, R
A S @ 52T TY LR, SV A LT+
AL (15AK), XFALTF4fFEaY 2T 4 v A
(14 X), SVM (10 &), _EAK (6 &), XGBoost (6
R) Tho7=,

4. RiRPHIVERD DR T

TR AN RIZL 2212 ADRD S 5, 1 AT
iR 8 R DY T — & 2 KIZ, TV VINT
PER: D DWREMZE (EPDS) Calli L 24T izh o 5
ORERD TP EIT 572, ZTOXREDOMEE T,
944 %, D 5 DNRPEEEE D 2o i & WE £ THE
L, ALER D2 H K %5 £ 14 ORfEiE 4 H
W, PC-KCI % (Z 50 KRB R % S &
VT A MCHEDSWTHEE T S) 2V T 7%
FIZ &0, ZEHEDERERER T omit (ROC AUC)



AALEMFREHEZSEE 36 % 1 5 (2025) /Japanese Journal of Biological Psychiatry Vol.36, No.1, 2025

=1

AT DB

33

$v7
YA
z

e
]

5 DTl

TR OB

Rt ORI

FEBCLEH

FLT) XL

ALl
7= 25t
I

HphE R
1

N kTSR

PETR S O - AR S DR

‘Wang et al

SEd
2019 R

9,980

PER 1
EIH

IR

98

PNEE I
S

Highto v
AT AT
&L

ridge logistic
regression, decision
tree, random forest,
XGBoost, naive bayes,
SVM

10 73178
ZEMGE

F—ri—
FrTY
vy

10 73#ze

SVM + 98 it :
ROC AUC 0.79 k&)
0.894 FF 24 0.580
SVM + 26 Rt :
ROC AUC 0.76 &%
0.892 54415 0.588
SVM + AL it
ROC AUC 0.60 k&t
0.551 FF440% 0.609 3
SVM -+ AEAHI It -
ROC AUC 0.66 K%/
0.855 2416 0.428
SVM -+AEARHI +
14 : ROC AUC 0.69 &
JE£ 0.908 FF5LE 0307

Payne et al

7]
2020 KI

185

P
1»H
]

EPDS

T4 EPDS, DNA
AFNALDI A F
v —H—

FE 514
oy, D
7 A b

Loocv

IEAR%I 7 — 2 1 ROC
AUC0.78 (0.64,0.78)
RRIFHYEFERE 2 2 A
THERBE T — 2
ROC AUC 0.72 (0.56,
0.72)

Zhang et al

7]
2020 i

508

EPDS

25

AN B
B, AV AL
2

HMERR,
random
forest 121D
{T4N4
TERGRIN
(FFS-RF)

random forest, SVM

5%, 7T
2 b 25%

SVM + H5G5EIN 17
B ROC AUC 0.81
JEJE 0.68 i EIE 0.87 i
A 0.72 IR
0.84

SVM + FFS-RF 3R 7
FEEE - ROC AUC 0.78
69 15 1% 0.83 i
A% 0.68 Bk
0.84

Amit et al
2021

i
ez

266,544

M 1
I

AL, $T
5 DR,
El= Sy er
H

69

EHR

XGBoost

i 2/3,
T A b
1/3

Shap, LA\
20 JHH

AUC 0.732 (0.729, 0.735)
.541)

\DREEE 20
T AUC 0.666 (0.662,
0.67) K&J 0.413 (0.406,
0.42) T 0.80

Andersson et

al 2021 i~

T

4313

PE 6
S

EPDS

ALIHfE s, 7 A
T A4, fHE
I, - B

ridge logistic
regression, lasso
logistic regression,
gradient boosting,
distributed random
forests, extreme
randomized trees,
naive bayes, stacked
ensemble

A

F ==
el
vy

ZEHEMIE

extremely randomized
trees : ROC AUC 0.81 &
JE 0.72 FFEE 0.75
033 BAPERhER 0.94
5 DWRETEEED VA
ROC AUC 0.725 F&i¢
0.518 $F 24 0.765 5 7
#0.130 EatER
0.966

Hochmanetal | 4 2 7

2021

214,359

HBLIEAE © i
RCHH, 35
DM

156

EHR

XGBoost

2 2008
-2014
74,
7 A b
2015 7 —
Ed

HHF—
2D 20%
e i

Shap

65 R it : ROC AUC
0.712 (0.69, 0.733)
9 R : ROC AUC
0.686 (0.662, 0.709)

Park et al 2021

532,802

P
2 H
5]

R,
5 DHEfE

71

NI B, AT,
(BN

logistic regression,
random forest,
XGBoost

50%,
Gl 30%,

7 A b
20%

F score

XGBoost + 10 Ffht ¢
ROC AUC 0.730 k&Jé
0.639 A% 0.781 /35
¥ AIERRH 0.730

Zhang et al

b S
2021 R

69,169

W, $
5 D3N

32

EHR

SFS

regularized logistic
regression, decision
tree, XGBoost,
multilayer perceptron

ke
15197 (1
%) 7
2 b
53,972 (%
Jita)

10 J3#ze
grid
search

MLP +Hip & TOF—
4 : ROC AUC 0.887
(0.880, 0.894) K&JE 0.66
FEILE 0.88 A 0.28
[Py 0.97

MLP +4F4% 12 34 H &
TOF -4 : ROCAUC
0.812 (0.803,0.821) &
1 0.65 HRIIE 0.87 e
3 0.26 EPER D 0.97

Matsuo et al

2022 n

10,013

EPDS

41

IR, AER,
e, BEN, R
i

logistic regression,
ridge logistic
regression, elastic
net, SVM, random
forest

0%, 7
2 b 30%

10 s3ilze
ML

coefficients
and odds
ratios

ridge logistic regression
H3E & T 38 R
ROC AUC 0.630 k&Jé
0.727 T 5% 0.493 il fr
# 0,078 BaPErh
0.968

ridge logistic regression
+PER 2 MR & T
41 B 1 ROC AUC
0.702 K& 0.506 15 921
0.810 jii 3 0.136 F1%E
i 0.965

D
Garbazza et al fa
2024 42

et
a5
it
i

EPDS

124

LR, e
F =4, KT =4,
A

(polysomnography)

permutation
importance

penalized logistic
regression, random
forest, SVM

3 5
EMGE, 5
19

AT
W0 4 53
AR
Al (nested
4-fold
CV), grid
search

Shap

SVM + AT 10
HB © ROC AUC 0.774
+ 0.053 PRAUC 0.388
+0.084 K% 0.528 +
0.121 F£ 4405 0.826 +
0.023




34 HAEYZHREHESZSE 3645 1 5 (2025) /Japanese Journal of Biological Psychiatry Vol.36, No.1, 2025
I s Fous Famz | AEREE
] LA Fﬁ] 5 Wil T OB | P ORI PR | 7Ty x4 1 5 7 s l N2 b ETOLAHiliE S
z L
lasso logistic
regression, forward
944 (5 770 ko O stepwise sclection, , A PC-KCI -+l i
Krishnamurti ORiRE LA AL shallow decision tree, | %4 T s e (KA 83 £ 23H) 05
Kl . iRl | EPDS 55 Al REFEEE, O | — random forest, 80%, 7 |HvTV | Lo — ) o
ctal 2024 s RS, AEARBNS XGBoost, kernel- 2020% | v b OF5 : ROC AUC 0.8,
L) w T RS 0.81, FEELE 0.83
ki based conditional
independence
(PC-KCI)
random forest
P 1 » H AUC 0.856
Wang etal PER 1 random forest, k- Eai) Gini FL0.610 T 0.667
2024 HiE 3,174 -6 7 A | EPDS — EHR — nearest neighbor, 0%, 7 | — — 1mportanc‘e, %3 A H AUC 0.909
G SVM, decision tree Z b 30% B4 15 5TH | F10.741 543 0.731
PE% 6 » H AUC 0.917
F10.769 s £y % 0.757
FAEM O
f;i% Hitkd - - 10 73 ilsg elastic net regression *
o " . % : Child AR, BBt elastic net regression, - ZEMRLE, Shap, Ef | MAE 4.255R° 0.103
Hoetal 2022 | Kl 7,9% L4 behavior - W & L kFE MRT | gradient boosting 7;0/:'25:/ - grid 10 T H gradient boosting : MAE
checklist o search 4.262 R 0.089
4 Rt : ROC AUC 0.71
o s o RS 0.50 FFE4E 0.81
Toenders ctal i L | TREE R Wk, I, B, penalized logistic #4 10 5780% 5 f4BLi :ROC AUC 0.68
2022 S R SEI{Q A 14 Hi MRI - regression 7}5/: o | sbEE | T R 0.49 F55LIE 0.77
o 8 FifH ik : ROC AUC 0.72
KUK 0.51 1LY 0.83
3 kM7 — 4 : random
AUk L OR#E#IZ forest ROC AUC 0.599
EER S (N 6 I — 5t FhY
Bl %, Pﬁ%ﬁ%lﬂ, ft% logistic regression with o o Frv Z L AL
Hawes et al K 374 3-12 4 DSM-4/5) 429 2] AR AR _ and without ridge 10 53i#IAE _ 10 Sri#IsE _ 9 M7 — 4 : neural
2023 ] atage 15 W anFxy— regularization, random | JARGE SEMGIE networks, ROC AUC
v, NG BRI, forest, neural networks 0.675
FATRERE), EEIRMY 12 i — & - ridge
T logistic regression, ROC
AUC 0.745
i
MRI1,196
FEpE, #Hl
DTI1,140 fligif% 7 — # : K§x& | principle fiwii{% 7 — % ROC AUC
Gracia- P T, MR, diffusion tensor | components 0.58 ~ 0.62
Tabuenca et al | K[E 2,658 2 4E KSADS-5 task— imaging (DTI) , analysis (75 | elastic net regression LOOCV ROSE Bootstrap | Cohen’s d NAN 2o H (BAS
2024 : MRI2,548 | and task and rest FEGY) ORI S O) © i
FEt, % | MR ANOVA 1 fRMI + ANOVA 1= &
s % F¥f#t ROC AUC 0.72
fMRI61,776
Tt
decision tree, gaussian
[EEE naive bayes, s 5 yElsg adaboost + 14 F#fckt «
o 2-8 4 | Short mood AL R, & multinomial naive - ML, F10.538 R4 0.8 FF 7L
Yoo etal 2024 1,799 i} and feelings 266 W, AR SBFS bayes, SVM, 810% 7 | SMOTE grid - 0.374 j £33 0.405 B
questionnaire adaboost, random search Iy 0.779
forest, MLP
AN
ROC AUC 0.870 &%
Gt i ot | RE based ] \
Naetal 2020 | i[5 6,588 24EM | CES-D 24 g‘?‘m;;g’éﬂt& — random forest 70%, ?0 SMOTE ig é)i] < feamre 33301 :j’:;i%sl?lef o
Z b 30% importance
0.990
logistic regression,
decision tree, random
R - forest, gradient 7740 SVM + B E 7 Y
Galioulline et ‘ . " o boosing, adaboost, | AhFHE e V2 kB IR AUC
12023 906 3 AR 3,025 L IMRD — na.}ve bayes, k-nearest mf))ci' — 1k grid Shap 0.64 F1 0.60 K& 0.56 3
neighbors, SVM, Wik _
search #3063
neural network,
quadratic discriminant
analysis
balanced random forest :
WORFEIE - | ridge logistic s ROC AUC 0.791 + 0.016
Song et al ) gLz PNEE R A regression, random 0 = K& 0.750 £ 0.031 #5452
2023 AT 100 BHM gy, | 259 Rz - forest, balanced Tfyon% - - Shap Ji£ 0.689 + 0.010
Bi5 DR random forest INT Y AGEMRHE 0.720 +
0.014
logistic regression with
and without lasso
regularization, random logistic regression with
. . forest, gradient s lasso regularizati;n :
P WECRL 8 ] ing, SVM, - .629 J&
Swetal2o2l |thlE | 138 | 2FR | ECarE |18 el poosine: ST 1P| 70w, 7 |- - - SR
recurrent neural A b 30% #0.281 fatEry
network (RNN) based 0.900
on long short-term
memory
TfislE
. - e . . AT . It 2 T — 2 +
Horwitz et al Kl 2450 o2 HIM | PHQ-9 33 ﬁ'ﬁ Hid, Fitbit - elastic net regression, wokE | — 3X3grid | clastic net regression ¢
2023 i random forest search

Bk

AUC > 0.70




AALEMFREHEZSEE 36 % 1 5 (2025) /Japanese Journal of Biological Psychiatry Vol.36, No.1, 2025 35

Yo . Ry

i Iy ﬁf’m SRl | FFEEOK | HEEOMN SRR | 7Ty x4 S hia g‘y“"ig N7k R LA
z " B &

BE (OmREE, FAiA, NFEIL)

lasso logistic HCET + 2 [ & ¢

e regression, SVM, o —

g e DF—4: .

Meng et al FORTE : ]l":ilg‘ijzﬁufi E“ﬁi MLP,  random forest 0%, attention PI;%UC 0. I;SC e
g KIE 10,148 | 1R | WFEERE, B05 | 9,285 P = (with or without AE10%, | — Adam ‘ PRGN
2020 e PPN & 5 A variational auto 720 weights 1 ETOT -4
4 e a
L) encoder), MiME, 20% g(;c AUC 0.78 PRAUC
HCET i

— ¢ AP : Adam : adaptive moment estimation, adaboost : adaptive boosting, ANOVA : analysis of variance, CES-D : Center for epidemiologic
studies depression scale, DAWBA : development and well-being assessment, EHR : electronic health record, EPDS : Edinburgh postnatal
depression scale, HCET : hierarchical clinical embeddings combined with topic modeling, KSADS-5 : Kiddie schedule for affective disorders
and schizophrenia, LOOCYV : leave one out cross validation, MAE : mean absolute error, MDI : mean decrease in impurity, MiME :
multilevel medical embedding, MLP : multilayer perceptron, PHQ-9 : Patient health questionnaire-9, ROSE : randomly over sampling
examples, SBFS : sequential backward feature selection, SFS : sequential forward selection, Shap : shapley additive explanation, SMOTE :
synthetic minority over-sampling technique, SVM : support vector machine, XGBoost : extreme gradient boosting

(Amit G, et al : BMC Pregnancy and Childbirth, 21 : 630. 2021?, Andersson S, et al : Sci Rep, 11 (1) : 7877. 2021”, Galioulline H, et al :
Neuroimage, 273 : 119986. 2023", Garbazza C, et al : Psychiatry Res, 337 : 115957. 2024, Gracia-Tabuenca Z, et al : Neuroimage Clin, 42 :
103604", Hawes MT, et al : Psychol Med, 53 (13) : 6205-6211. 2023, Ho TC, et al : J Child Psychol Psychiatry, 63 (12) : 1523-1533. 2022",
Hochman E, et al : Depress Anxiety, 38 (4) : 400-411. 2021*”, Horwitz AG, et al : Psychol Med, 53 (12) : 5778-5785. 2023, Krishnamurti T,
et al : Arch Womens Ment Health, 27 (6) : 1019-1031. 2024*, Matsuo S, et al : J Obst Gynaecol Res, 48 (7) : 1775-1785. 2022*, Meng Y,
etal : IEEE ] Biomed Health Inform, 25 (4) : 1265-1272. 2020, NaKS, et al : Neurosci Lett, 721 : 134804. 2020*®, Park Y, et al : JAMA Netw
Open, 4 (4) : €213909. 2021°*”, Payne JL, et al : Psychiatry Res, 285 : 112711. 2020*”, Saito T, et al : PloS one, 10 (3) : €0118432. 2015,
Song Y, et al : J Affect Disord, 339 : 52-57. 2023°", Su D, et al : J Affect Disord, 282 : 289-298. 2021*, Toenders YJ, et al : Biol Psychiatry
Cogn Neurosci Neuroimaging, 7 (4) : 376-384. 2022*, Wang S, et al : Stud Health Technol Inform, 264 : 888-892. 2019"’, Wang Y, et al : J
Affect Disord, 365 : 185-192. 2024", Yoo A, etal : SciRep, 14 (1) : 23282.2024", Zhang W, et al : JMIR Med Inform, 8 (4) : e15516. 2020,

Zhang Y, et al : J Affect Disord, 279 : 1-8.2021" % JCIZ1EK)

0.89, &g (HBlE L Xidhs) 0.81, FFEE 0.83
DFEE 22 L 72,

OO 11 KIFFER 1 » A2 5 1ELAD 5 DT
MWENRE L, HiRPPHERHICNES N 2T —4
WAL TWS, 4 RKIZEHRF— &> "% 2K
IR D7 — % ({5 : DNA x Fu{k) * %, 14
FHEHRT — 2 Y DT v — baEg s e
IZKB8DTH -7, &-o&&EOTHIREEER, b
E 3,174 4 %515 & L7 EHR 7 — 2412 Xk 2678
T, VX LT+ VL X b EMHNTROC AUC 0917,
F10.769, &3 0.757 #3EK L 72 (i3 2 R
HOKIIAMH), 72, KED 69,169 DT — % %
FIW =092 © Tid, 32 O ER A > 722 R/ —
r7troy (EEFN=—2—-5L%y b T—2D—
D) 12k, AUC 0.887, F&J¥ 0.66, F5IE)%¥ 0.88,
WA 0.28, BEMERHH 097 2508 L T 5,

—J7, 9 ORI OB DS AR, B
HOFHFIE (GEARP ORI CREIRZE L) DA% K
RE LR TIEPHRE KL > >, =& 213,
427 TND 214,359 % &= RICL7 EHR 7 — 4
%Al 5 72672 TiX, XGBoost 12k 1) 65 FMET
ROC AUC 0.712, 9 ¥f# & < ROC AUC 0.686 & \»
IFERTH - 77,

5. EFEHD S DR FHl

HRME SR E L5 AOMETIE, BHRHARM
M1~ 15 IR, 4 RKPMHS T — 2 (FE
MRI % fMRI, i) ™% 2 K3+ —
e EQEMIFERN T — 2 L T ™ i
B7—2DAOTHKEEIZIKL, & 421E, KE
2,658 % DI 4 2 SEFHBIR L 22028 ¥ Tik
HEMRIRIMRIEZ T 2T 4 w2 %2 v b (T
VIEMgE Y v Y ERo L1 ERME & L2 1EHIfE %
ABDbEEXRFILT L HEa Y 27 1w 2 alE)
Zfii 5 727 #I7T ROC AUC 0.58 ~ 0.62 12 £ -5 7=,
—J5, BUZDOWEEN D B4 ) 22 BRIZBRET B
&, TP AN A E L, ROCAUC 12 0.72 L 7% - 7=,

TR BRI AV R < 7 1% EAK T3 5 fdlli
Md B, KIE 374 HEFMEE E R E L2z
T, 15 EFD 9 D a THl4 572012, AO®
RGP OINELZKE - 5=V F U T4 Bl 47
BEl, K45 BE o), BREERE (FH: 74
TARY b, ERTOOEOERER), EWE R
(= fiidp v =)L), fEERAI R (] - 1%
BRI O g%, FEITHERE, ERNA T ), HHIK
MREE RS OREIREHE), o K OBD X v &
AN ZARIS—=) F ) T 4 5 &, TRIAOIERA
INTze HICE, NPT B0 ALOBE
CATF 4y, SUYXLTFH VAL, Za—T



36 HAEYZHREHESZSE 3645 1 5 (2025) /Japanese Journal of Biological Psychiatry Vol.36, No.1, 2025

Lty bT—=2RHVENRTWS, &k, 3K&6
WD T — 2 DAEHH L 72854, ROCAUC i3 0.6
PTFH20NHMBRERHEDOLNILIZHE S 20, 9
e 12 DT — 4 %4 % & ROCAUC 2 h
ZF0.675 & 0.745 121 F L 7=,

%7z, FBRIED Pl Z 47 - 2222 ™ <, 3 —
Oy SD 4 5 E» S 544 7 % 5AFERBERFL, X
LT aftEay 27 4 v Z0lgERGTHITL 72,
ZOWMZRETIE, T4 74XV R EE R, ER
TRZF 72T 8, SaaBfg), MR, S MRIIC
ko EMEmELEESODRMEEHWT,
ROC AUC 0.72, F&E 0.51, F5TJE 0.83 OREIS
5Nz,

6. —HXERLAD S DT El

ElE A BURANE SR L L7z D T liEsE
X, 2 ~3HEOBMM TEBE N TS, 3 KD
WZex 7T v r— b5 =475 18 ~ 2,529 O FifE
AL ™Y 1 R REE MR 2 6 3,025 O
B E O Twz Y,

HE D 6,588 B AE MR E L5 T, 24
OB E A WET VX L7+ L Z T ROC AUC
0.870, &% 0.730, FFILE 0.866, WA 0.152, B
PERHEE.0.990 DREIE 2 3B L 72, — 77, HIE D 1,538
YEmEENRE LT Tid, 18 OFE &
NFLT 4 &Y 27 1 v 7 EREERY, ROC
AUC 0.629, /&% 0.623, FFE2/E 0.680, WA 0.281,
FaPEry = 0.900 215 T\ 5,

B F Z O T, 19,024 %O hEnE &
U NG S R0 /OB RUE 2 5 il #y U 72 2,529 @
R & balanced random forest THIFRINE 5 DN %
Tl L, ROC AUC 0.791 =+ 0.016, &% 0.750 + 0.031,
S 0.689 £ 0.010, /YT~ Z K5 0.720 £ 0.014
ARLER L7z, EEIOFE Y 1%, 906 #E A E xR
LR fMRT 7 — Z D A & W T 3 4ERGER L,
HHFE S DO TN 35T AUC 0.64, F1 22
7 0.60, & 0.56, #HAH0.63 #FTW5,

7. HHERICH TS5 ORTE

HMERR & FPE D EE 2 B & L7z 5 DR IS
DENTN1IERT DD - 7, KE DYWL HHE R
2,459 % %& 92 HELBIF L 720%™ T3, WD 2
M CUEE U 72 %5 HEE X Fithit 7 — 2 20 5 33 @
BEAm L, T5 27492 %Xy b TZZAHE
572 OEM % (Patient health questionnaire-9 :

PHQ-9 IZ & % 5 DIEIK & AUC > 0.70 DK TF
WL 7=,

—F, KEOLHEE FLPA, FHEERS
10,148 %4 & xR & L 72628 <&, EHR X AL
SHER, R X 6l L 72 9,285 DR R 4 fifi
U, HCET & KiTh 3R Y X7 4 v
E MYy 2N X 3 ARG ELMOMAS DY E
FITHHIIED > D4 FHlL 7=, 2o 14
HifdF — % T ROC AUC 0.78, PRAUC 0.67, 2 R
HifD 7 — # T ROC AUC 0.81, PR AUC 0.73 % 3K
L7,

8. EE

% < ORI FENE X T B0, FFRED
FHAP MRS 2R & LTS (B9 = RFEoffZE T
ROC AUC<0.72), BTORHEAHEHL TEHT
2l 2 E D (ROC AUC 0.791%), A%MHE
BUBTORMMEICIIFREIERD, F72, FHEERLE
PR A & DA ) 27 BEERIZT 5 & Pl
M ETBZEARINTED >, 25 LA
V) 2 27 FIZIAT 72 FEFHN 2 e 7L OB AR D
5NB, 51T, BB E L & 513 & RS MK
TeafEasdn ¥, EHNEE=4) v OEA
N E XT3,

DIFTIiE, ZThEToOMRICET 58, R
WeE OB 5 ERT B,

©
s#.g

el
a. HHEDE

INF T, ANOHGEHCBEEE, OSSR, &
WIERER A E X EFXE AT — 2BV TE
B, IS ERAMNIIEEL 27 7' v —FI3HKRD
BOOMNBIRTH 2 Y, THIMERIZ T — 2 DHEIC
BAET 2720, 9 DIRDIRERLTIE A ## = X LI
457 -2 DNENRERTH S, & 721, 5
DR IXEE R MR ORTE L OB A REINTE
D TEEIERE Y AT BRI e S,
AHEERET ) v Y &5 U 2R DR L
WG5S D 5, SV ¥ 2 — L7z XD
i, HHEHO S DTl % 1T - 72 Hawes et al
(2023) ¥ OADBEEBFHEEHNTED, TDLS
KIEEAHN D AN RISEENTH 5, 72, 5
®%iZ, T-2WEOT X N EFREL, PEROREE
TERE & PHIARE L T ILORREI KD 541
%,



AASMFRIBEEZ S 36 % 1 & (2025) /Japanese Journal of Biological Psychiatry Vol.36, No.1, 2025 37

b. AlFa—=%
LE2a—HNRD 2D B, AIF2—=V72
FHEEHRL T DR TA 30%) OAT, %
DHB6ARIEZY y RHp—F B 0880 Kg
BIBHE — 2 v MEE (Adam ) 2L T2,
)y R —=FIEINA8=I3F X — & %GR3
REDHETH B0, 2L OWIRTHASDEDH
ARG TH D (Bl : Horwitz et al, 2023* Tid 9
o), xJJ%'VPFE%E’JT b ot GHRIL, BRYE
DERA ZEGEILOFIHABZ R S .72 & 213,
DHHE D Preferred Networks 2357 L 72 Optuna ™
X, BEERIERE % R tree—structured parzen estimator
LWV TILTY TLIZK D BRIV T XA — A&
EREIICAOT B2 EnTES ",

c. AT — 42 & H4BETE

I OMDEELR T — 2 ARG T, KOT 4T
T ABNBRARE B BIRURAEND, ZDXD 5
&, EFLORELIER S LT ROC AUC % FIZH
W3 ERANRD B, 728 2 ROC AUC RI&RE,
ERELS T, WEEBNBENT =28 E AN 5,
LEa—L7216 ETALDH B 7 ETLTIEHEAHR
NOILUTTHD, 72L&z ;fMatsuo et al (2022)
DFEH 1 » HD S DR TUTIETEA 2R 0.078 LK
<, ?(EJ“CF@?PEE*'JH?E%‘%L?: 13 AD 5 bFEEEZ
MTh-720F 1 AETTH-722", BBEE»L
M2 b X OIREICEEE 2 T aett» &
528 EEEL, SRITEAE - BRI
(precision-recall curve : PR i) X° F1 227 (i
BRLEFBREORATL) Lo O »,
H B VITHERD ROC AUC fEIEE OB E Fh
%5

29 Lz U, FERAM» OREDESN T
HWETFTLORFEIZED, AREAEBETO S DO
FRETPINOEB 2 2 5,

ARG SIZRCE L 7258 5 OMFRICB L T3 X T
PBLE %2 17> T b, BUR R EFSAHBOSAEAE
L7y,

X ®|
1) Akiba T, Sano S, Yanase T, et al (2019) Optuna : a
next-generation hyperparameter optimization frame-
work. KDD’19 : Proceedings of the 25th ACM
SIGKDD international conference on knowledge dis-
covery and data mining, 2623-2631.
2) Amit G, Girshovitz I, Marcus K, et al (2021) Estima-

tion of postpartum depression risk from electronic

health records using machine learning. BMC Preg-
nancy and Childbirth, 21 : 630.

3) Andersson S, Bathula DR, Iliadis SI, et al (2021)
Predicting women with depressive symptoms post-
partum with machine learning methods. Sci Rep, 11
(1) = 7877.

4) Belsher BE, Smolenski DJ, Pruitt LD, et al (2019)
Prediction models for suicide attempts and deaths :
a systematic review and simulation. JAMA psychia-
try, 76 (6) : 642-651.

5) Bhutta ZA, Bhavnani S, Betancourt TS, et al (2023)
Adverse childhood experiences and lifelong health.
Nat Med, 29 (7) : 1639-1648.

6) Chen C, Mochizuki Y, Hagiwara K, et al (2022)
Computational markers of experience-but not de-
scription-based decision—-making are associated with
future depressive symptoms in young adults. J Psy-
chiatr Res, 154 : 307-314.

7) Chen C, Mochizuki Y, Okawa S, et al (2024) Post-
partum loneliness predicts future depressive symp-
toms : a nationwide Japanese longitudinal study.
Arch Womens Ment Health, 27 (3) 447-457.

8) Chen C, Okubo R, Hagiwara K, et al (2024) The as-
sociation of positive emotions with absenteeism and
presenteeism in Japanese workers. ] Affect Disord,
344 : 319-324.

9) Chen C, Okubo R, Okawa S, et al (2023) The preva-
lence and risk factors of suicidal ideation in women
with and without postpartum depression. J Affec Dis-
ord, 340 : 427-434.

10) Chen C, Takahashi T, Nakagawa S, et al (2015) Re-
inforcement learning in depression : a review of
computational research. Neurosci Biobehav Rev, 55 :
247-267.

11) Cuijpers P, Pineda BS, Quero S, etal (2021) Psycho-
logical interventions to prevent the onset of depres-
sive disorders : a meta-analysis of randomized con-
trolled trials. Clin Psychol Rev, 83 : 101955.

12) Favril L, Yu R, Uyar A, et al (2022) Risk factors for
suicide in adults : systematic review and meta—analy-
sis of psychological autopsy studies. Evid Based
Ment Health, 25 (4) : 148-155.

13) Galioulline H, Frissle S, Harrison SJ, et al (2023)
Predicting future depressive episodes from resting-
state fMRI with generative embedding. Neuroimage,
273 1 119986.

14) Garbazza C, Mangili F, D’Onofrio TA, etal (2024) A



38

15)

16)

17)

18)

19)

20)

21)

22)

23)

24)

25)

HAEYZHREHESZSE 3645 1 5 (2025) /Japanese Journal of Biological Psychiatry Vol.36, No.1, 2025

machine learning model to predict the risk of perina-
tal depression : psychosocial and sleep-related fac-
tors in the Life-ON study cohort. Psychiatry Res,
337 : 115957.

Gracia-Tabuenca Z, Barbeau EB, Xia Y, et al (2024)
Predicting depression risk in early adolescence via
multimodal brain imaging. Neuroimage Clin, 42 :
103604.

AFERH, PRt IR (2020) 1 EOQPE ] ER >
5 A7z 9 DWRIZ I 1T B FBKIRESE © hot vs. cold cogni-
tion. fE Il = Psychiatry, 37 (3) : 291-296.

AR RRE, Bt I (2023) 5 OWREEICE
B EGEERO T &SI DN T, MehRhA
W, 38 (9) : 1029-1034.

Hawes MT, Schwartz HA, Son Y, et al (2023) Pre-
dicting adolescent depression and anxiety from multi—
wave longitudinal data using machine learning. Psy-
chol Med, 53 (13) : 6205-6211.

Ho TC, Shah R, Mishra J, etal (2022) Multi - level
predictors of depression symptoms in the adolescent
brain cognitive development (ABCD) study. J Child
Psychol Psychiatry, 63 (12) : 1523-1533.

Hochman E, Feldman B, Weizman A, et al (2021)
Development and validation of a machine learning -

based postpartum depression prediction model : a
nationwide cohort study. Depress Anxiety, 38 (4) :
400-411.

Horwitz AG, Kentopp SD, Cleary J, et al (2023) Us-
ing machine learning with intensive longitudinal data
to predict depression and suicidal ideation among
medical interns over time. Psychol Med, 53 (12) :
5778-5785.

Ishikawa H, Tachimori H, Takeshima T, et al (2018)

Prevalence, treatment, and the correlates of common
mental disorders in the mid 2010’s in Japan : the re-
sults of the world mental health Japan 2nd survey. J
Affect Disord, 241 : 554-562.

Kessler RC and Bromet EJ (2013) The epidemiolo-
gy of depression across cultures. Annu Rev Public
Health. 34 (1) : 119-138.

Krishnamurti T, Rodriguez S, Wilder B, et al (2024)

Predicting first time depression onset in pregnancy :
applying machine learning methods to patient-re-
ported data. Arch Womens Ment Health, 27 (6) :
1019-1031.

Matsubara T, Chen C, Hirotsu M, et al (2022) Pre-

frontal cortex activities during verbal fluency and

26)

27)

28)

29)

30)

31)

32)

33)

34)

35)

36)

emotional words tasks in major depressive, adjust-
ment, and bipolar disorders with depressive states. ]
Affec Disord, 316 : 109-117.

Matsuo S, Ushida T, Emoto R, et al (2022) Machine
learning prediction models for postpartum depres-
sion : a multicenter study in Japan. J] Obstet Gynae-
col Res, 48 (7) : 1775-178b5.

Meng Y, Speier W, Ong M, et al (2020) HCET : hi-
erarchical clinical embedding with topic modeling on
electronic health records for predicting future de-
pression. IEEE ] Biomed Health Inform, 25 (4) :
1265-1272.

Na KS, Cho SE, Geem ZW, et al (2020) Predicting
future onset of depression among community dwell-
ing adults in the Republic of Korea using a machine
learning algorithm. Neurosci Lett, 721 : 134804.
Nickson D, Meyer C, Walasek L, et al (2023) Pre-
diction and diagnosis of depression using machine
learning with electronic health records data : a sys-
tematic review. BMC Med Inform Decis Mak, 23 (1) :
271.

Park Y, Hu J, Singh M, et al (2021) Comparison of
methods to reduce bias from clinical prediction mod-
els of postpartum depression. JAMA Netw Open, 4
(4) : e213909.

Park Y, Park S, and Lee M (2024) Effectiveness of
artificial intelligence in detecting and managing de-
pressive disorders : Systematic review. ] Affect Dis-
ord, 361 : 445-456.

Payne JL, Osborne LM, Cox O, et al (2020) DNA
methylation biomarkers prospectively predict both
antenatal and postpartum depression. Psychiatry
Res, 285 : 112711.

Rush AJ, Trivedi MH, Wisniewski SR, et al (2006)
Acute and longer-term outcomes in depressed out-
patients requiring one or several treatment steps : a
STAR* D report. Am J Psychiatry, 163 (11) : 1905-
1917.

Sado M, Yamauchi K, Kawakami N, et al (2011)
Cost of depression among adults in Japan in 2005.
Psychiatry Clin Neurosci, 65 (5) : 442-450.

Saito T and Rehmsmeier M (2015) The precision-
recall plot is more informative than the ROC plot
when evaluating binary classifiers on imbalanced
datasets. PloS one, 10 (3) : e0118432.

Song Y, Qian L, Sui J, et al (2023) Prediction of de-

pression onset risk among middle-aged and elderly



AASMFRIBEEZ S 36 % 1 & (2025) /Japanese Journal of Biological Psychiatry Vol.36, No.1, 2025 39

adults using machine learning and Canadian longitu-
dinal study on aging cohort. J Affect Disord, 339 :
52-57.

37) Su D, Zhang X, He K, et al (2021) Use of machine
learning approach to predict depression in the elder-
ly in China : a longitudinal study. J Affect Disord,
282 : 289-298.

38) Toenders YJ, Kottaram A, Dinga R, et al (2022) Pre-
dicting depression onset in young people based on
clinical, cognitive, environmental, and neurobiologi-
cal data. Biol Psychiatry Cogn Neurosci Neuroimag-
ing, 7 (4) : 376-384.

39) Tokumitsu K, Sugawara N, Maruo K, et al (2020)
Prevalence of perinatal depression among Japanese
women : a meta—analysis. Ann Gen Psychiatry, 19 :
41.

40) Wang S, Pathak ] and Zhang Y (2019) Using elec-

tronic health records and machine learning to predict

42)

43)

44)

45)

three-wave follow-up research. J Affect Disord,
365 : 185-192.

Winter NR, Blanke J, Leenings R, et al (2024) A
systematic evaluation of machine learning-based bio-
markers for major depressive disorder. JAMA psychi-
atry, 81 (4) : 386-395.

Yoo A, Li F, Youn J, et al (2024) Prediction of ado-
lescent depression from prenatal and childhood data
from ALSPAC using machine learning. Sci Rep, 14
(1) : 23282.

Zhang W, Liu H, Silenzio VMB, et al (2020) Ma-
chine learning models for the prediction of postpar-
tum depression : application and comparison based
on a cohort study. JMIR Med Inform, 8 (4) : e15516.
Zhang Y, Wang S, Hermann A, et al (2021) Develop-
ment and validation of a machine learning algorithm
for predicting the risk of postpartum depression

among pregnant women. J Affect Disord, 279 : 1-8.

postpartum depression. Stud Health Technol Inform, 46) Zhong M, Zhang H, Yu C, et al (2022) Application
264 : 888-892.
41) Wang Y, Yan P, Wang G, et al (2024) Trajectory on

postpartum depression of Chinese women and the

of machine learning in predicting the risk of postpar-
tum depression : a systematic review. ] Affect Dis-
ord, 318 : 364-379.

risk prediction models : a machine-learning based

l ABSTRACT

Early prediction of depression via machine learning

Chong Chen, Shin Nakagawa

Division of Neuropsychiatry, Department of Neuroscience, Yamaguchi University Graduate School of Medicine

Depression has severe impacts, such as causing labor loss, increasing the risk of lifestyle-related diseases, and raising
suicide risk, with potential effects extending to future generations. This underscores the importance of early prediction and
intervention. Advances in machine learning are expected to improve prediction accuracy, with applications expanding to
classifying depression, predicting treatment response, and assessing recurrence risk. This paper reviews recent trends and
challenges in machine learning research on early prediction of depression. Despite numerous studies, the accuracy of
predicting new onset of depression remains low. There is also a lack of approaches that comprehensively utilize indicators
related to abnormalities in emotional and reward systems-mechanisms linked to the onset of depression-alongside
traditional demographic and psychosocial factors. Achieving high accuracy with fewer features remains a challenge.
Moreover, Al tuning is often insufficient, highlighting the need for efficient optimization methods such as Bayesian
optimization. Additionally, the imbalance in depression prevalence necessitates the use and optimization of PR curves and
F1 scores as evaluation metrics. This paper discusses the future prospects for building practical prediction models in light
of these challenges.
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