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e 20200 71F 109H8 F AAE 241
2, OECD #¥H10.7)9 F wi7} 92 OECD
=7t F AAE 19Ee EYYE g ok
A RE e Tes] fEluhebnte] EAlEk
3 FE= g A AARoZ W wnkd
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al, 2017). WEhd N2& dha)e] FHEHo] =
A ool glo] ARgEojof & g go] 9l
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2 o]FojHol & TAE A YUl e
MRAE AEstAl AEsta £/ zlolth
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R L I D
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o] 7HAaL = Ao
vt AE3 gdo] Qe APedeEs
& ABEEA, Agd ApEEE 7=
kel oefl yghvitt BE2A Yerd 5
= Zo]thNordin et al, 2021; ZAEA 2010).
a87] wZe 3 Ade] A7 AW vgE
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< 77 |tk 53], &3, AAA B,
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o]
HI A S U mAHY A7t

S7k8kaL Q= FACIA, WERE & F3l ©f
g3 71 &l tid Ase & Favt

Slek. A ololtld A7 o}27hA) ol
ANEA g1 glod YRR Buke 5
(2019)9) AT Zo] B} FEol WEL 9
o 53, FRAE oled AT A
A gtk Apolehe shte FAAES &
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HAE - NS/ HIEFEAO| Z|Eksh R o5 A0 HEH SA4 7I"a tl2ld 7|8 Yol o5 Bl

ASILA st w3 vde B AL @ ABadSe] ANFAT. A4 gol AA
gz sl 1 felnde sRds 2 B A1 gk 99298 /19, A4 as
do| Ariw Teow meler ARE W 2 AEY FUT 254 59 AUH 29
AYE FH alZo] AFH o FHTE ¢ o] AUE STk AFEo] ol AN
Sk Aolth WAl JPel id & B w otk F5Aeln 3AHU 44 54
o % AREE wol: ATSo| wol Al £ ATHE AL Ave] Y ARE A
A7t H3 el E BTHAL b WA oldAE A Axe APHE B A5

Y 7IHI 71Ee AEZ sl tiF] O W (Mann et al., 1999), F3Zr(hopelessness)
ASAY  FAEeE AT E 2R &r ojlu} Baf/AH o) A(burdensomeness)©] A9
(Schafer et al., 2021). WetA F7lH oz B F8 9= gdolgle ATFE EATJoiner
ATE 71EL AFEZH JIHE B A4 e oal, 2022). Mann 5 (1999)2] AT H]
#H Y5 (Suicide-Related Behavior)2] <l Sl 53l ATol Lo} AHAZS 7R Y=

3 WEREA S FAlo AAlst F 7ol Agd® AE AT AR A o
Aol & %““6}@‘3} T8k, B AFoA Fazto]l WHES BHusignh I 9ol A
ASe A7 2% 5% 2tk EAZQ HAE =3 B A7) I
1L HAEY 7ol AEH BA 71l vl e, 53 71E9 AF8dEH AFEA
af A #4E ol gt &gl w27k 2 WIS 1H FduAgo] AxEHAUT 49
2. 7 wAlEY Aol A oS £ Bof, AA9 B¢ d5H MY =& A
&S 5 "ol FaRlvk A 5Tt 83 A4 YPL8oEA AL
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HSHQl X4 o= Zgo] A4S & oS3 ThSkogman et
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2otk SAle] B2 Wi AT 2SI AEe
B glom, ofd wet A oFe 9 ¢
5 G o9 2 dEE HAAFEASTS EE (Gladstone et al., 2001).
A 2RAoz 2% & glov URE  AAAY BAL FRe A 984 ¥
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(2014), Matykiewicz 5 (2009)2] ATENAH=
AR waleds T Adol Ay 7]
ol A4k fA, &8 midold gt £4&
53 AFHom ANE dF3IE ShTh
THAAME HAHY S Fal AE =3t
+ ANE7F It Bae 5 (2015)8] ATelAE=
g LIS tdoE ooet Heds FEl
Haleds et on 93] A5 AFE
T (2017)2 AFAEE 7]
ksl

b o
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8004 84, thE EA2H
o] 7% 66914 682 AUCE HAE o
M Schafer 5 (2021)%] AFNAAE AEZ 7]
Hol &3 F717F 1.749108 wls) Halgy 7]
M 18.092 =A YERT) SEARE Zuromski
52019 HAHYo] Y EAXE I
23] mla} olHo] fivty Hiuston,
Tantihamthavorn 5 (2016)8] ATAFES HAl
g 71 F sl Y EH2EVF ARk
o] Fof FAS et ofs}ﬂE s

5, oFAZEA wAled e &g
= g Folga E + ok

Ao o % Bl ol o
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i
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Sopm o H

uebA, B AFoMe H2 ZAYE 9
A S RobollA FEE T e HAlY
Q7N AR 3E 43 a8E A4S
sk, dZe FFE T HAES B
A&l H 10d7t S39 o F EHEC uigh

wEREA S AA T

HlolE F=

B v A7 PRISMA 7ol =ekel
& o AYsAG. AT TPE BAL
Google Scholar, PubMed, PsycINFOE &3l
sgon Hnd A2 A7 5FL B
sl 2013 d 1€ 195E 2023 99 149
7P E8E A7 OdeR E4e Y8t
Atk B AAL e pe Aols
g8t stk

or “suicidality”, or

“suicide”, or “suicidal”,

“suicide ideation”, or “suicide

behavior”, or “suicide attempt” and “prediction”

and “AUC"; HAleld A9 A%
“machine learning(ML)” or “artificial inteligence(Al)”
o Aol F7h. AAole] 20e DI
d F AR BE wlel] tigh dZo] opd
TE AR F od170e] ol AN
HATH R RaiEAEY A7 so7h, A
AT 74a7he E&ol vl £
om &g M F 1807H(HAIEY
10571, 53 7]%* AT 757}1)9] AUC

or “predict”

)
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ob At 0% ATF0M MEX SAH 7" HiEd 7|8

-
a

= 1. HEFEN0 ZHE o aT 2%

AT A FE S+ FE AT O A8 71 AUC

Tsui et al. 2021 45238 AgF A AR EXGB, LASSO, 0.766 - 0.932

NB, RF
Hovath et al. 2021 353 Mg A T XGB, RE, NN, 0.579 - 0.893
DT, IR

Cohen et al., 2020 60 Ao A A= EGB, LR, SVM 0.720 - 0.860
Czyz et al., 2023 78 A AR A DT 0.860

Bayramli et al., 2022a 2322761 Ag AR A= NB, RF 0.743 - 0.902
Berkelmans et al. 2021 608124 A oF A A LR 0.770
Levis et al., 2021 1232 AF AR AP LASSO 0.580

Van Vuuren et al., 2021 8888 Ag AR RF, LASSO 0.760 - 0.790
Su et al., 2023 2809 A¥ AR RF 0.740
Cohen et al., 2022 70 AE A A SVM 0.810
Adamou et al., 2018 130 A A AR BBC-CV 0.705

Haroz et al., 2020 2390 AoF AR AR LASSO, LR, DT 0.810 - 0.860
Macalli et al., 2021 4005 A AR RF 0.840
Macalli et al., 2021 1061 A A A= RF 0.820

Sanderson et al., 2020 33694 A A AR LR, XGB 0.860 - 0.880
Obeid et al., 2020 2505 A% 73l CNN 0.882
Bayramli et al. 2022b 697411 A AR AR NB 0.754
Bayramli et al. 2022b 20331 A AR AR RF 0.824
Bhat & Goldman-Mellor, 2017 522056 A¥ AR NN 0.958
Gradus et al,, 2021 140137 A¥ AR RF 0.830
Gradus et al., 2021 148020 Ag AR RF 0.860
McHugh et al, 2023 409 A AR LASSO 0.820
Edgcomb et al., 2021 3091 A AR DT 0.860

Coley et al., 2021 207915 Ag AR A= LASSO, RF 0.857 - 0.863
Fulginiti et al., 2022 940 A A A= DT 0.860
Jiang et al., 2021 12728 AF A AP RF 0.820
Jiang et al., 2021 13036 AF A AP RF 0.850
Su et al, 2020 41721 oo} At ApRE LR 0.860

Lin et al, 2020 3546 ofAlo} 2t A L&, DT, SVM, 0.871 - 0.999

GDBT, MP
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Zheng et al., 2022 113 ofAJo} A AT XGB 0.819
Shen et al., 2020 4882 ofAlo} A A= RF 0.926
Han et al., 2022 2020 0 S S = g RF 0.953
Rabani et al., 2020 4266 0 S S = g DT, LR, SMO, 0912 - 0.997
AdoBoost, RF
Lu et al., 2020 2090 oA} At A& LR 0.920
Chou et al,. 2022 2163 oA} A I Super Learner 0.830
Fulginiti et al.,, 2022 6410 g A I RF 0.879
Park & Lee, 2022a 12816 g A I RF 0.922
Song et al., 2022 304 S 2 B XGB, CatBoost 0.852 - 0.900
LGBM, IR
Min et al., 2023 98 = A S NN 0.618
Kim et al, 2021 124 FLE N T S LR RE NN, VA, 0.827 - 0.936
XGB
Kim et al, 2021 7824 El I S g RE, KNN 0.722 - 0.844
Bhak et al., 2019 143 = A AR RF 0.976
Shin et al., 2022 83 g A AR NB 0.860
Ryu et al., 2019 2654 g A AE RF 0.947
Jung et al., 2019 59984 Fi I S S LR RE NN, VA 0851 - 0.863
XGB
Lim et al, 2022 468482 g A AR LR RE NN, VA 0.927 - 0.941
XGB
Byeon et al., 2022 54948 k= A Ay XGB 0.860
Oh et al., 2020 20225 S A g NN, LB, SVM, 0.794 - 0.887
DT, NN, IR
Choi et al,, 2018 819951 ELE S S SVM, NN 0.683 - 0.687
Kim & Lee, 2022 7994 g A #d KNN, RE, NN 0702 - 0.836
Ryu et al., 2018 11628 k= A Ay RF 0.850
Park & Lee, 2022b 47634 El A g XGB, RF 0.794 - 0.846
2714, 2020 16734 El S g RF 0.815
2718, 2020 15719 g A I RF 0.814
AYE & AFT 2022 2948 g A I RF 0.801

RF: Random Forset, LGBM: LightGBM, LR: Logistic Regression, NN: Neural Network, SVM: Support Vector
Machine, DT: Decision Tree
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Ao FEFE v F Je HMIES AAHFA
o HFHoFE AT FWAL, Aol Eg
H AA 28§, 28 F AEY HE, dA
XE F G H&dE), g FdE W

HEH SA 78 M d 7|8 M-l o5 Hlu

Ol(feature)®] 7NF7, AT FAl(outcome), AHE
3l 7HS e s 24 ay=E B4

sA=2M
B dTdAe AeAd 71He A o
TES HAlY S 283 ATES vy
el A7 Aok MAlEY dTE w2
Tk mlustgth WA, AEAA IS
MR A5 T3 AUCHS A=t H
AEY 7S AR A7EY % AuCH
S AFEst] mlaEtnh #alEd Ao A
fs AFA dold

9] A= forest plot:ﬂ]' A 3 AUCH
(pooled-AUC)= AAIstATE Gutdog B3
o] Fdsittal AAZ A¢ uHanwny
(fixed-effect mode)S, TEHA| &g AL F
X & 3 2 ¥ (random-effect  model) =

B dAFoxe 23 AFSo] A

3
7R e Bg FHaRRES T
©

SHARE Simundi¢ (2009)2] 7% 05-0.62 U
W 0.6-0.7S FES 07-082 2, 08095

o v
W F5, 09 ode EFFFOE AU

=3 o] P8 ATEY 4L B
Hal7] 95l AP o9 FVUFS B
Hatgleh. Ao oAyl B9 WAl
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A olddE Yrhie Q@ #aks AE
ATh Qo] A¥ FAHCE frojusid
T oJAARE e 2

e WEREAM O x3E AFEC] FYES =
S EzTd F AeA, & AT 4949 ¢
sl 7hsAd g $EAAE BASEA e
= FAZAM, 0% 100%2] Fo=E ERt
o dwHez Pgle] so oldd B¢ A
TE k9] olFAo] EAs= ZoeE En

Egger's test2} 27| Z1%(Funnel Plot)< %"‘%
st BA3ATY. Eggers testoll Al FAA
FoI ol e A5 2REOl A A
2 aHd °‘°U1 Zu7] 19 B¢ =
TolA e A 7 s
o]F U wWl WA gle AeE 1Y
@ % 9k
FA1A AT B
e el 9

E} e} 94?13“ v e

=]
s} 27)0] 9 MAE Wele s

& Wo] AFREE B4 o|tHCorke et al., 2021).
B Ao F3d RE EAEAS

MedCalC2} R version 4.12 AR&3}4TH

2 3

W w
AT= X]’% A E(suicide attempts)oﬂ EH?:S}
2 F 30709 AUuC #ol At AEE <S53
= A7 ESHNT deloEs AL &
W(suicide ideation) AT= F 227019 AUCE:©]
A WS AFde ATl =T
< 7578 < 55709 Aucske]l AT dHlolEE
283 ATolM =EHNeH, ofAotd H)
ol E &8 AF 147, ¢ HolHE &
&3 A7 o/ o= Usst 153 71
B thal forest plot% a9 13 A
A7 A7E] olEAS BHY 2

P ogre 991872 W% olaHe SEolgle
U ST YA @v AoE £4F
Aot Bt FAXHOZ Egger A4 A &

de BAdeE folsi akerp -
-2.6160, p =
) Hou40% Yeh) 2uage 27

S 5 Yt AEIH AFEY funnel
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Compatison between Machine Learning and Traditional

Tecnique for Suicide Prediction based on Meta-analysis

Hyeokjun Kwon Jooghan Sea

Yeungnam University

The purpose of this study was to compare the predictive accuracy of traditional prediction models
(methods) and machine learning algorithms in predicting suicidal behaviors. The research aimed to go
beyond a systematic review level and scientifically examine the predictive capabilities of these two
techniques through meta-analysis, analyzing variables identified through domestic research, particularly at
the regional level. In order to achieve this, a total of 124 studies, including 50 studies utilizing machine
learning and 74 studies employing traditional methods, were included in the meta-analysis. The results
of the study revealed that the integrated area under the curve (AUC) for studies using traditional
methods was .770, which was lower than the integrated AUC value of .853 for studies using machine
learning. Particularly, studies conducted in Asia (AUC = .944) demonstrated higher accuracy compared
to studies in Western countries (AUC = .820) and Korea (AUC = .864). Additional analysis of the
moderating effects in domestic research indicated that a higher proportion of males and the prediction of
suicide attempts were associated with higher prediction accuracy. On the other hand, prediction accuracy
was lower when the prediction target was suicide deaths and when studies utilized neural network
analysis. This study synthesized various research findings on the prediction of suicidal behaviors, verified
the effectiveness of prediction using machine learning, and holds significance in exploring variables

applicable in the context of South Korea.
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