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ATHA: 5 elA HlHolH (big data) 75 2 ¥ As EE HLE

Lﬂo]y ola t:;jx
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2 ofgsA FET AAA] B =97}

ut

gtsle}l. £3] Medical Information Mart for Intensive Care (MIMIC),
eICU Collaborative Research Database & &7 HolEHHo]AE
G835 A4 Bov & vet bgE i SEAAA 2 o
A< (external validation) A¥}7F U2 A= A9 gty &
ATl E, 9= 71 dolgHlolAs: &gste] AHAA FEAA

@gel ABow 5 s dolHE olgstel Au A

AARoR  elFse AASE mae AUsn, olF A
Apom FRE AU dwlwel AgSHAL W felvle 5ol
oA A mgh

g 9@ ¥ MIMIC-IVE] 3AkE & 1841 o] ol 24A3F o]%
At FIAA 2 23,1529 NHE T35 E (development

cohort) @ T-%3Ftl. o] ok 2447 E<ke] &8 AHAZ flo]E (vital
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data) & 1A13F %
o F(mortality) & cl=ste= EES 7Esiiv. dwbdow AR H=
gradient boosting machine (GBM), &%7] WX 2] (long short—term
memory, LSTM), EW#HAID (transformer)? 7]AISHE: HWHS
AESN oY, A &5 HA(post—hoc probability calibration)

71 AE3et. HUF 712 % area under the receiver operating
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characteristic (AUROC) curve, area under the precision—recall curve
(AUPRC), F1 A4, F2 A4, &5 B4 =X (calibration curve) 52
Abg-3to], U5 7= (internal validation) & A& € Ho]E] A E (testing

dataset) olA/] REO] A& H7FsSo. Mg FZSEC A g4,
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3z} 5,745

gow stel 9% AEsAt

A Y5 ATl GBM EHo] 7bF $-ste] AUROC 0.903,
AUPRC 0.346 (7153 0.021), F1 <4 0.383, F2 A4 0.378%
Hoon IFE HAYS Ea vl F74 (overestimation) Ao
WAk F HAZFeA AUROCE 0.933°0=% & FAFHIoU,
AUPRC 0.181 (71¥% 0.009), F1 #4 0.202, F2 A 0.341%

Zastln, BE RA FAY Ao 23 Pdel wAHA Ue %
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A1ZdA
A AANez ox HYdHolE (big data) TF L EEel wiF
wo7F ddsity, HdlolH 2 e djds fAAsk o dFoly AR
HE 24 5 ARel &= deoll oM F2 A3A o] &EHL

Qom #e =R xy Eukxow Zrlata Qv [1]. 2y 7
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o1 o]# 3t &]=r dHoolEHE 7Nto® StgH d3AT RUEUES E
=7ke] BT A& ThseA A5 FQUt Uk wkeF o] sk
2do]  xg&d AHHoz  fEH oY HZF(temporal and
geographical external validation)d|ME £ ATS Holgd o
e HEAs A8 4S5t Aol & Zlolu, Aol FA4 dvd
zb o)m 71 dHeolg e SstdE 2ES Adste] Abgslor & Flojth
ot AR, A ¥ A A 9F S (external validation)©]
o] Fo) A kALY U S (internal validation) @ A5  xFo]7}

U A9 gt 58] BB ueke] durlmeiE & ARS

to

skxto] A AP oI - (in—hospital mortality)+, 21 AHA 2 Q%

WA cFoldA B el Slo] AA AIREA Zolrh A9

Q7] e, AP elE mele 5
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A o 52 olg AYY FASH Wl wAE TS g sok sk
=324 (intensive care unit, ICU)A E3] Q3 tt, 2y &)

AANA e AFE T T8AF AMY oS A=< Acute Physiology _
1 A Lt &
¥ el I



And Chronic Health Evaluation (APACHE) score [3], Simplified
Acute Physiology Score (SAPS) [4], Mortality Probability Model
(MPM) score [5] + AF#He d¥E& dQ=E sk EHol7|d EE
FTEAA Ao A HEEA oz AT A EEr]E ok whek
AEo 2 £ 7hed HolHE o]lFE AAZE oFele VATt REE
MEstehd el G857 & FOoE TH

A AP o5 Bd el AR Thsst s 3
dlo]gHlo] A2 = Medical Information Mart for Intensive Care
(MIMIC) [6], eICU Collaborative Research Database (eICU—CRD)
[7] 5ol °om, 7 & MIMICZ 7|59 34 ©]57]¥<l Beth Israel

Deaconess Medical Center?] Z3A2 3z glolgz e R

(A

hE A /) dolEulol Az, 20009 3¥ IEHE olF FEd
Adulo]EZL o] FojA L 9lal, A& =i F oA FFEE] Tl
ATHE AellA &2 oy M-S 71 Sl

oje] & AFelM=, MIMICY HAl HAl MIMIC-IVE AF§-8fo

AN FEAE A S Rhs A " uE ASd 5, S 3A

l‘

ou7@el AeTwgae Fad A Bl AL o3
gste] A ThE 27} 149 )
AFARDA STk B AT e dAHow Fad ong g
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A2 AT BH

A 1A "oy &4 4 A7 &g
FA A= Aegstuyd ostAt&eldogges] (59l
HS 2304—-027-1420) ZFE $A& Wtor 34 A= AT

UARIge] EHo Qs B AmEelt WA H .

A 2 A dHolg 3

e e 9ste], a9 ) ElelEHle] ARl MIMIC-1V e
dolHE $&&A oz A3t 2008WHE 2019d7H4] w|= Beth
Israel Deaconess Medical Center® WA 3244 (medical ICU,
MICU) ¥ &l#tA Z824 (surgical ICU, SICU)el 24A1%F o]/
A5 1841 o] #xF 23,1529 /g F I E(development
cohort)  ZgeJatqieh. A9 71Fe 1) % 184 wwk &8 894 %3}
2) 24A1ZF mwE A, 3) A€ T Fv &9 A5 tlolH (vital

B (14 1.

o

data) 7} 7155 A &

=

59 Fd9 ABAE A a2 B AWA FBA
QAR Gk o714 AAA dolw, AP B A9 sFe
et e A9 F AWAE sk gow, AP 174 AL
ZaA0 sl s 18dd oA dAskcE ojule)

N15e ZSE ZAZT dd ARE= AP ofF, dd 3, 9A



Q1% A18+4 (demographics) de]H=Z do], AW, 7], AT

gy A3 folH=Z F%7] d%(systolic blood pressure, SBP),
o]¢k7] &<k (diastolic blood pressure, DBP), 33 ¥ (mean blood
pressure, MBP), A8t (heart rate, HR), & &% (respiratory rate,
RR), A2 (body temperature, BT), #AFA 33}% (saturation of
peripheral oxygen, SpOs), 57| A4 #8 (fraction of inspired oxygen,
Fi0y), Fd A1 &4 2% (Glasgow coma scale, GCS)E A3t
T57], o7l 2 B "ot Af, WSt (arterial blood pressure,
ABP) ¥} H]H %54 &9 (non—invasive blood pressure, NIBP)S R
AbgRom, Ha dte] 9le 4§ MBP = (SBP + DBPx2) + 3
o7 AAkste] ARgeRalth Al A ARGl SHE BT ARESHY,
AR A E Wgksto] AREstlth. FiO29] A% 0~1 Apole] ke
100& w37l gom, 21 vwkel A9 A4 ¥ 5% (oxygen flow rate,
L/min) & 2 2= B wjAstitt. GCSe ¢, 21o] ®bg (verbal
response, GCS,) #& AHEE + gle 4-¢, b+ Wh3-(eye response,
GCSo) ¥ % HH&(motor response, GCSn) #<S °]g3ke] GCS, =
2.3976 + GCSnx (—0.9253) + GCS:x (—0.9214) + GCSn?x0.2208

+ GCS.?%0.2318 o7 A~xksto] A&ttt [8].
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AARY 47 (laboratory findings) &2 2 A7) 7|eS xS
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A 3% &EHl (albumin), % (glucose), TZEFHl A7t (prothrombin
time/international —normalized ratio, PT/INR), =93d AtA
<t (partial pressure of oxygen in arterial blood, PaO.), H%d
o]AkstekA H-<t(partial pressure of carbon dioxide in arterial blood,
PaCOy), g% 94  ZZA(blood urea nitrogen, BUN),

Ado}Eld (creatinine) #S A%

A8 HolE} thew 2o A% e gew AFdAck D %
g W ghol st ALsta A MAE Holvk A%, 2) A
oF 7158 A%

HFE ERAdS g% HFskzl fske], g ZsESE A4
AZFFo g FEE I 33 g=7IEQ] Agdstugde]l FAA
HolHE AFg3sle] HASE T I E (validation cohort) & %31t
AMedgdwyde 2006 E=5HE dAF 2% 7] (electronic medical
record, EMR) H°|HE #4% A3 o olfFE 2017dEHH
HoleE AEs7]12 skl 1) dleol8 Al (data cleansing) ¥ =
AL 2) A AR A7 dolg e HiE B 201749 195 2021d 2¢€

Afolell Q1A E o] B o]FolX HAEs Yo R silor,

olul HEH dolgHo]A7} ofYrle] zZ+zte] FEle o] dAF oF
71Z 9 By AR A A= (hospital information system, HIS)S 2 <2lo]

gzste] £Agow sk ovlel wAAQ wWHwe] i
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fl1ate], 14 Al APACHE II F7t2 FRskdh
stk ¥4 (subgroup analysis) & &, $AES o], AH,
FTEAA FREE FEe Y Yol FWd (young, < 45), T (middle

age, 45~65), =d(old, > 65)2 A Z1Fo = FEEAT [9].

A 32 Y H FH 9 A3 A7 AF

B ATE S840 94 F AN dSolgs 2Re, A Fo
Y WEE pLE mde] Y5 9N PFAME F f49 ook
TEHoR FuHE

EX] (baseline characteristics)

85t 99 We FRAAL AdsgEd, D Ansoz
4

glolel ZAel ulsl F717F dFA Fu =74

_|_4

A7

Iy

of w& WakE o uAeA wrgskA

AAZE A5 FAetar, 2) AARY Aol Wid =7

E
Tm

e Apolzk Am, 3) @A AEZE ofstEw Awels 28 AF

rtﬁ

I A EREE, 12 A3 AE (primary outcome) & FF 24 A7
olule] vl AP o BohasiTh ET AekalAl AP o w Al

AZFe BRI gIstel, deoleuol s J1SH A o gk glel,

q9 04, A4 Az, =4 A7, A Aze Fhe B85tk 1)

6 ] 2- 1_l|



99 A5zt olg Wel @xe 3 YAS A A A, 2) U4
Aztsh B Az Aelrh FEA e A9 wAl, 3) HA Az

AP Azl e A% FU WE B2 APE AZGOR ARE.
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7 g, %9 A% dolEelt 7 Az 2347 ARH 7]

N

A7F 0N A7 1AZE PSR F 247 AR E (time points) o A 9]
AHE, 5 247019 AHFk(time point value) S 7HAH, o]EZ4-E
of 3£ %k (representative value) 57§ (A%t »F=utgk, H gk, Aoz,
T E F7IE ARtE. AFEAIT A HolE oAM= Vs Al
OAIZE A 170 AldelA el Al g 170 vbE 7hd o oebs] 332 v
97 &= A% dolgel tiet 216(=9x24)7) AEaT 45(=9x5)7)
325k, 470 A EAIA dHolg el thet 4(=4x 17 AR g 7

g ASF dolEe AFEFozE 7 AFHeA  HU 2443
A7bA 9] Wl mA s s FHskdon, o] floew dAS5HowR
AFAG. AFEASA HolE o Ao rE= AR AT glo] 7
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NAZA e 7bg mpA e gk AHgshATh
7 BES, J)FE A7 OAZE TRE 2447 T Aol AuAbY

]

&
-z
i
iy,
=
E
B
i
)
r>~1
oX,

o}, whebd AEste] HAW BARHEE S

FEA /b, 94 3047 F AR A, 98 1A 5

BoAE BA7E 9 1A FRE 25A3% & Alolo] AE
Folgomz Asglol 0(FA)el, P 104 Fo EReIME
A7k 44 1043F FHE 34403 F Aolo] Abgatgons Avgol
L(@)olth APl e @A) e EES AL Z)gke] vl dstol

A A7 B2 e e 27d dolEsl BAo, A4 FaAA

A WFE g5t Qg AP dgoR, Ef(tree) VW
o+ 312] % (algorithm) @1 gradient boosting machine (GBM) [10]-&
7159 % Boruta SHAP (Shapley additive explanation) 2 E3a] =
HTEE oS 7l E gRlsitt (1% 3). Boruta SHAPO®, 574
M7 o]l5 HY  FF(sampling with replacement)3dlo] W&
W (shadow) Bth o Sell9] 7|olerl WA FQstA] ¢ HTE

B3 wjAISH= Boruta €aElE [11] oA, Zlddx AAkel] A



o] & (game theory) [12] oA AF&ski= A& ¢k (Shapley value) [13]
S AHgete WHoE, E 7NE daggolA oY WHsE A
el A AR 97 &= A5 dolE ol ik 4578 th3EgEI 474
AT-EASHA wloly o] A= & T 4971 %t %, DBPO A=t
MBPE] A58kl 270 gtwkol =9 719 =& HE3ith uvl DBP, MBP:
AFie AAT A dERS Fo] 7o E=s Btk

ofef, o]F gFeld GBMel disix= DBP9 A4t MBP2
A5aks Age 4371 ti3Egtd 47 JAFEATA dolE e A=

g Wz Argatgon, AAYG delH g s wa

iy
=2

el &9 A5 dole el A EASHH dHole e 22070 Ak

AAE Y WMy AHgshect

Mg FFTE 5SS 80:2002 FAAR Yir F 79
FES 77t 844 dolE A E(training dataset) 9 AlEE HolE

A E (testing dataset)Z Aostitt. whebd £ dx}eo] HEo] AR

S48 dolE AETE ARgSte] oFolzon, Awa mue] ojd

I

S

ofr

_]

9% B AQE dolE AES gaew o Folgt
md E5 3744, B4 (ampling) ¥ M, % F At

A % (evaluation metrics) 27FA19] Zgol uwel % 187] 7]Asks

o gl
a. =

o

Adste] s Hlasklth

: SRk
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7Y FF2Z GBM, #w”7] WE# (long short—term
memory, LSTM) [14], E#WAAXEY (transformer) [15]2] 37HAE
1#3Hlt. GBM dlxAd Eg 7NF s TAEE VIMo=,

A 4 AF7t BE WE 2 BAse gow deid Yol IR

o
of

N F A5 FHofo| A o] ol Q7)o mEstRon, LSTMS 3EkHo)
Al AE dolg = EAAN £33 A F Y (recurrent neural network,

RNN) 9 txz wnd=z w3y, EWRATIHE 27 F9(self-

attention) 7IM&  ZIRte®  HJ[F AAL dHolEel di&f

ATt oelA glo] ol Ropel A 4w glvle] welatint
Y EEO  wge] Wg  we A 2Fd Hol

A (imbalanced  data  problem)¢]2%, %3 WHoz 1)
HA2%% (under—sampling), 2) I EH (over—sampling), 3) L&

HlEt 2 AR $ FF 7S A AE(class  weight) o 37HAIE

EEEEE
s 2 Wk AEEE E 29 A% A AeE A% 3

A A %k (threshold value) &) 9 &S WhA] 9k+= area under the receiver
operating characteristic (AUROC) curve, area under the precision—

recall curve (AUPRC) o] 27FA|& 118l 3s}3it.

=]
=

)

LRI

flo
td
=2

T, B2 U, st 5 7 AR =%
ZyZyof] thsl] 1) ZE<(hyperparameters) A3}, 2) &8 B4 7Y
HA st 3) AR = & SAE o] FoART (2™ 4).

w

A4 GBM RELe X4 2 number of trees = [1~600], max

10 sH-ﬁerﬁ



depth = [3, 4, 5, 6], minimum child weight = [1, 2, 4], gamma = [0,
1, 10, 100], subsampling rate = [0.5, 0.8], column sampling rate =
[0.5, 0.8]1& ZAA} &M (grid search)dqow, 53 wx #35(5—fold

cross validation) 02 & H7 AFe HFHS RHdo AFow
ot #HA ol 245 At £7] F R (early stopping) 1M
A " Folls ARESHA ko, AR '@ de §2dd (deep

learning) ol 41 2] o3 F (epoch)ol &Fst= ET S (number of

trees) 9] WSS APstedel &&3si%on, Ee 2EF £FIA
sl Wl dlell 243 (overfitting) ©] WA TS FlstSitt.

o] IE WA 7Y F 1) Platt v &Y (Platt's scaling) [16], 2)
57 399 (isotonic regression) [17], 3) 2Zgel 7wk &
2 A9 (spline—based probability calibration) [18] 2] 37}#| ¢l th3s}o]
Z+zy 53 wxak HAess T gE BRAe T8 F, expected
calibration error (ECE) [19], Brier A< (Brier score) [20] ¥ ®7F
214 (calibration curve) S 1# HA AeS Eelsta, ECEZF 7%

S VNS HF eItk

O

mpAE o R Tl HaeE Adistshe dA#= ekl A Esision,

F5 =95 fste]  AdAE (recal) I FolE(specificity) o] <
FHojslel= Youden A5 (Youden index) [21] Y F2 AFE
Hojglet= dARE v Ak

BE wa ASE EooA F3F A (stratified sampling) [22]



2o Az LSTM %W EdAyy FEls JjEsel oy, GBMY}
gy BE shE Aol ¥ wedEE HaA-Ho Hafsh(min—max
normalization) 3} [23], %7]%k H3k(initial bias) 7|HS F7I=
Ag3Fdt. 224+ LSTMeolA epochs = [1~200], number of
hidden layers = [1, 2], number of hidden nodes = [16, 32, 64],
number of dense nodes = [16, 32, 64, 128], dropout rate = [0.2,
0515 ZAx "FAstslon, EdAzmolr= epochs = [1~50],
number of filters = [32, 64], number of heads = [2, 3], embedded
dimension = [32, 64], number of transformer layers = [1, 2, 3],

dropout rate = [0.1, 0.2] = A=} g4 s}9}.

A8 HolH AEE tdoR

P MR 18] RAE 45e Bt A% BAE S5

=5

= AUROC, AUPRC, F1 A, F2 A<, 4% (accuracy),
73 A 3% (balanced accuracy), ECEolH, 2d Z=HF¥H=E F1 A7}

M w2 EdS AdAstel GBM dlE E®, LSTM dix =24



HE 2ae 4 H0E F, AT B9S FoR Uy A% 9
A%9 5L ua wasArh SHw B4 94 FF nag

2 e 9 AZFo] A AL Python (version 3.8.10, Python
Software Foundation, Wilmington, DE, USA) [24] <do=
TensorFlow (version 2.10.1) [25], XGBoost (version 1.4.2) [26],
scikit—learn (version 1.2.2) [27], BorutaShap (version 1.0.16) [28],
ML Insights (version 1.0.2) [18] #fe]lBH.&g]& o]&-3slo] #pAl] 7lkst

2 19S olgste]l FAH A

A 8 & FA £

A8 W< (numerical variables) & F w3 XFHXE 27811 L,

r_‘

i

T3 W< (categorical variables)+ RIE/®E-&=2 X789 714

Jm
o,
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o
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N
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ow HFE W4 Chi—squared WHOZ Hwdy, A%
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32

W= (continuous variables)+ Kruskal—Wallis " o2 v sF3it}
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ol 7]tk [29, 30]. Ed9 ko] AUROCE Hlnwg uj=

DelLong's test [31] & AF-3F33L, 95% Al F7HS 37 327]8F3

7 Rdo o Sgkyt AAe dA ARE Friety] feke] 2A

=45 284 &1, ECE, Brier A5 AlAtst it
27 A4S 93t Python (version 3.8.10, Python software

Foundation)©] AF&E It P < 0.05 4 w] EAAHCZ Fon|sitta
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Pediatric Index of Mortality (PIM) & 7]£9 AEZAQl o= o
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failure) ol gt AAPEE AS5ehes 7IAgE Rds v =E] University
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ATE Ao R ATl AUROC 0.72, o HIolA
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Abstract

External Validation of the
performance of an Intensive Care
Unit Mortality Prediction Model
Trained with MIMIC—-1V

Ho—Jong Lee
Department of Anesthesiology and Pain Medicine
The Graduate School

Seoul National University

Background: While there has been significant progress in the build of
big data and development of artificial intelligence (AI) models for
healthcare, the practical application of these models remains a topic
of active debate. Many Al studies utilize public intensive care unit
(ICU) databases, such as the Medical Information Mart for Intensive
Care (MIMIC) and eICU Collaborative Research Database, but few
have demonstrated meaningful external validation results in diverse
healthcare settings. This study aimed to develop a machine learning
model to predict patient mortality in real—time from automatically
collectable data in a real ICU environment by utilizing foreign public
databases, and to validate its performance when applied to a

geographically and temporally distinct Korean medical institution.
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Methods: A development cohort was established from MIMIC-1V,
consisting of 23,152 ICU patients aged 18 or above with a minimum
stay of 24 hours. Vital data from the preceding 24 hours or so,
collected in 1—hour intervals, was used to develop a model predicting
mortality within the next 24 hours. Three commonly used machine
learning methods, gradient boosting machine (GBM), long short—
term memory (LSTM), and transformer, were examined, and post—
hoc probability calibration techniques were applied. The performance
of the model was evaluated on a testing dataset for internal validation
using metrics including the area under the receiver operating
characteristic (AUROC) curve, the area under the precision—recall
curve (AUPRC), F1 and F2 scores, and probability calibration curves.
Subsequent to the formation of a validation cohort of 5,745 patients
at Seoul National University Hospital, a facility distinct in geography
and time from the cohort used for development, an external validation

process was carried out.

Results: In the internal validation, the GBM model performed best,
exhibiting an AUROC of 0.903, an AUPRC of 0.346 (baseline: 0.021),
an F1 score of 0.383, and an F2 score of 0.378. Overestimation was
rectified through probability calibration. In the external validation, the

AUROC was well—maintained at 0.933, but the AUPRC decreased to

47 "-:l:" I "Nl-.|- 1_-li [£ 5



0.181 (baseline: 0.009), F1 score to 0.202, and F2 score to 0.341.
Additionally, overestimation trends were not corrected on the
probability calibration curve, leading to an overall decrease iIn

performance.

Conclusion: The performance of the machine learning model,
developed using a public database, decreased during external
validation targeting a medical institution in another country that is
geographically and temporally distinct. Research is needed on ways
to utilize artificial intelligence models in clinical settings, including the
creation of models specialized for each medical institution's data or

retraining of existing models.

Keywords : external validation, machine learning, real—time,
mortality prediction, ICU
Student Number : 2020-23022
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Table 1. Baseline characteristics in the datasets.

Development cohort

Validation cohort  P-value

Training dataset  Testing dataset Total
Patients 18,521 4,631 23,152 5,745
Survival 16,323(88.1%) 4,095(88.4%) 20,418(88.2%) 5,237(91.2%) <0.001
Death 2,198(11.9%) 536(11.6%) 2,734(11.8%) 508(8.8%)
Samples 1,910,403 463,357 2,373,760 735,723
Negative 1,869,820(97.9%) 453,411(97.9%) 2,323,231(97.9%)  729,106(99.1%) <0.001
Positive 40,583(2.1%) 9,946(2.1%) 50,529(2.1%) 6,617(0.9%)
LOS 103.643+135.959  100.554+121.207 103.025+133.142  128.550+312.735  <0.001
Survival 97.230+128.726  94.239+112.833  96.630+125.703 113.252+283.720  <0.001
Death 151.269+173.617  148.802+164.553  150.786+171.851  286.260+499.382  <0.001
Age 62.531+16.434 62.613+16.595 62.547+16.466 61.296+15.144 <0.001
Young (<45) 2,714(14.7%) 670(14.5%) 3,384(14.6%) 823(14.3%)
Middle age (45~65) 7,094(38.3%) 1,770(38.2%) 8,864(38.3%) 2,390(41.6%)
Old (>65) 8,713(47.0%) 2,191(47.3%) 10,904(47.1%) 2,532(44.1%)
Sex Male 9,825(53.0%) 2,537(54.8%) 12,362(53.4%) 3,347(58.3%) <0.001
Female 8,696(47.0%) 2,094(45.2%) 10,790(46.6%) 2,398(41.7%)
ICU MICU 7,032(38.0%) 1,757(37.9%) 8,789(38.0%) 1,290(22.5%) <0.001
SICU 5,507(29.7%) 1,418(30.6%) 6,925(29.9%) 2,012(35.0%)
Neuro SICU 563(3.0%) 138(3.0%) 701(3.0%) 2,443(42.5%)
MICU/SICU 5,419(29.3%) 1,318(28.5%) 6,737(29.1%) 0(0.0%)
Weight (kg) 82.287+24.639 82.3454+24.298 82.298+24.570 62.898+12.743 <0.001
Height (cm) 168.234+14.362  168.770+£13.921  168.342+14.276 161.069+15.967 <0.001
Vital signs SBP 121.291+16.594  121.476+16.426  121.328+16.561 128.789+17.626 <0.001
DBP 64.142+10.997 64.210+11.026 64.155+11.002 65.563+9.779 <0.001
MBP 79.363+11.059 79.397+11.047 79.369+11.056 86.880+10.345 <0.001
HR 85.242+14.982 85.059+14.945 85.205+14.974 84.967+16.089 0.007
RR 19.311+3.824 19.279+3.906 19.305+3.841 19.072+3.990 <0.001
BT (°F) 98.370+1.203 98.386+0.791 98.373+1.133 98.391+0.848 <0.001
SpO: 96.825+2.013 96.792+2.013 96.818+2.013 98.038+2.504 <0.001
FiO: 47.733£15.995 48.394+16.496 47.866+16.098 44.095+15.363 <0.001
GCS 13.440+2.806 13.432+2.810 13.439+2.807 13.224+2.971 <0.001
Laboratory Albumin 3.187+0.703 3.200+0.694 3.189+0.701 3.137+0.507 <0.001
findings Glucose 135.213+46.944  135.124+45.444  135.195+46.647 153.854+57.910 <0.001
PT/INR 1.401+0.638 1.395+0.665 1.399+0.643 1.239+0.535 <0.001
Pa0s 104.833+£71.641  105.082+70.534  104.882+71.421 116.923+36.356 <0.001
PaCO2 41.399+10.255 41.330+£10.246 41.385+10.253 37.940+6.114 <0.001
BUN 26.673+22.035 26.976+22.570 26.734+22.143 22.748+16.263 <0.001
Creatinine 1.443+1.615 1.426+1.640 1.439+1.620 1.204+1.389 <0.001

Data are represented as number (%) and median = standard deviation. LOS,
length of stay; ICU, intensive care unit; MICU, medical ICU,; SICU, surgical
ICU; SBP, systolic blood pressure; DBP, diastolic blood pressure; MBP,
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mean blood pressure; HR, heart rate; RR, respiratory rate; BT, body
temperature; SpOg, saturation of peripheral oxygen; FiO», fraction of
inspired oxygen; GCS, Glasgow coma scale; PT/INR, prothrombin
time/international normalized ratio; PaOs, partial pressure of oxygen in
arterial blood; PaCOg, partial pressure of carbon dioxide in arterial blood;
BUN, blood urea nitrogen.
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Table 2. Summary of the performance of the models during internal
validation.

Type Sampling Metric AUROC AUPRC F1 F2 ACC BA ECE PC
GBM RUS AUROC 0.903 0.349 0.376 0.374 0.974 0.680 0.001 Spline
GBM RUS AUPRC 0.904 0.349 0.380 0.370 0.975 0.676 0.002 Spline
GBM"* Ccw AUROC 0.903 0.346 0.383 0.378 0.974 0.681 0.002 Spline
GBM cw AUPRC 0.900 0.345 0.379 0.375 0.974 0.680 0.002 Spline
GBM ROS AUROC 0.901 0.343 0.382 0.370 0.975 0.676 0.002 Spline
GBM ROS AUPRC 0.901 0.341 0.374 0.362 0.974 0.671 0.001 Spline
LSTM RUS AUROC 0.894 0.297 0.354 0.348 0.973 0.665 0.004 Isotonic
LSTM RUS AUPRC 0.894 0.297 0.354 0.348 0.973 0.665 0.004 Isotonic
LST™M Ccw AUROC 0.895 0.309 0.353 0.342 0.974 0.661 0.002 Isotonic
LST™M Ccw AUPRC 0.892 0.318 0.359 0.344 0.974 0.661 0.001 Spline
LSTM ROS AUROC 0.898 0.323 0.372 0.361 0.974 0.671 0.002 Isotonic
LSTM? ROS AUPRC 0.894 0.327 0.375 0.373 0.973 0.679 0.002 Spline
TF RUS AUROC 0.895 0.332 0.363 0.350 0.974 0.665 0.001 Isotonic
TF RUS AUPRC 0.896 0.341 0.376 0.354 0.976 0.665 0.001 Spline
TF Ccw AUROC 0.895 0.335 0.372 0.354 0.975 0.666 0.003 Isotonic
TF) Ccw AUPRC 0.898 0.340 0.377 0.360 0.975 0.669 0.002 Isotonic
TF ROS AUROC 0.897 0.340 0.375 0.354 0.976 0.665 0.002 Isotonic
TF ROS AUPRC 0.896 0.332 0.368 0.366 0.973 0.675 0.002 Isotonic

Thresholds that maximize F1 scores are used. 1) best of GBM models, 2)
best of LSTM models, 3) best of Transformer models, 4) best of all models.
AUROC, area under the receiver operating characteristic curve; AUPRC,
area under the precision—recall curve; F1, F1 score; F2, F2 score; ACC,
accuracy; BA, balanced accuracy; ECE, expected calibration error; PC,
probability calibration; GBM, gradient boosting machine; LSTM, long short—
term memory; TF, transformer; RUS, random under —sampling; CW, class
weight; ROS, random over—sampling; Spline, spline—based probability
calibration; Isotonic, isotonic regression.
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Table 3. Summary of internal versus external validation results.

Development cohort (testing dataset)

Validation cohort

Type T AUROC AUPRC F1 F2 ACC BA ECE Brier AUROC AUPRC F1 F2 ACC BA ECE Brier
GBM 0.171 0.903 0.346 0.383 0.378 0.974 0.681 0.002 0.026 0.933 0.181 0.202 0.341 0.955 0.793 0.026 0.045
LSTM 0.174 0.894 0.327 0.375 0.373 0.973 0.679 0.002 0.027 0.914 0.153 0.218 0.346 0.963 0.769 0.020 0.041
Transformer 0.180 0.898 0.340 0.377 0.360 0.975 0.669 0.002 0.025 0.930 0.174 0.220 0.354 0.962 0.780 0.021 0.038

Thresholds that maximize F1 scores are used. AUROC, area under the receiver operating characteristic curve; AUPRC, area under
the precision—recall curve; F1, F1 score; F2, F2 score; ACC, accuracy; BA, balanced accuracy; ECE, expected calibration error;
Brier, Brier score; GBM, gradient boosting machine; LSTM, long short—term memory.
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Table 4. Summary of threshold adjustment results.

Development cohort (testing dataset)

Validation cohort

Type Method Threshold
F1 F2 ACC BA F1 F2 ACC BA
GBM Fl1 0.171 0.383 0.378 0.974 0.681 0.202 0.341 0.955 0.793
Youden 0.026 0.183 0.341 0.846 0.825 0.069 0.155 0.776 0.847
F2 0.082 0.327 0.437 0.950 0.761 0.127 0.256 0.903 0.845
LSTM F1 0.174 0.375 0.373 0.973 0.679 0.218 0.346 0.963 0.769
Youden 0.021 0.176 0.331 0.840 0.819 0.069 0.154 0.783 0.836
F2 0.075 0.316 0.428 0.948 0.758 0.125 0.250 0.908 0.822
TF F1 0.180 0.377 0.360 0.975 0.669 0.220 0.354 0.962 0.780
Youden 0.018 0.169 0.322 0.830 0.819 0.070 0.157 0.783 0.847
F2 0.080 0.309 0.418 0.948 0.751 0.139 0.272 0.916 0.835

F1, F1 score; F2, F2 score; ACC, accuracy; BA, balanced accuracy; GBM,
short—term memory;

gradient

transformer.

boosting machine;

LSTM,
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Table 5. Subgroup analysis. GBM model predictions for the validation

cohort.
N Death AUROC AUPRC Fl F2 ACC BA  ECE  Brier
508
Total STAS gy 0933 OIS 0202 0341 0955 0793 0026 0045
. 0
Young 823 51
ae 0 ) 6w 092 011 009 0305 0976 0724 00l 0024
Middle age 2,390 190
seen @lew sovy 090 0227 0257 0403 0967 081 0019 0033
old 2532 267
o5y @hivh (losw 0920 0172 0174 0308 0939 0791 0037 0061
3347 318
Sex Male G0 oy 093 0190 0210 0353 0956 0801 002  0.044
2398 190
Female U0 gy, 0932 0168 018 032 0955 0781 0027 0045
1290 384
U MICU 200 ooy, OS85 0189 0208 0351 0894 0773 0048 0106
sicu  Z02 ST G976 0253 0268 0405 098  0.800  0.010 0014
G5.0%) 8% : : : : : - :
Neuro 2,443 67
SICU sy (e 0907 00Sh 0101 019 0987 0725 0018 0013

The threshold that maximizes the F1 score is used (0.171). AUROC, area
under the receiver operating characteristic curve; AUPRC, area under the
precision—recall curve; F1, F1 score; F2, F2 score; ACC, accuracy; BA,

balanced accuracy; ECE, expected calibration error; Brier, Brier score; GBM,

gradient boosting machine; ICU, intensive care unit; MICU, medical ICU;
SICU, surgical ICU.
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Table 6. Comparing ICU mortality prediction studies.

Input . Outcome Cause of Development Validation AUROC of AUROC of
Author Input type count Input window window death ICU type cohort cohort Model type v EV
Brand [46] Vs 4 First 47h In-hospital All All MIMIC-IIT ; CNN 0.87 ;
mortality
Deasy [47] DG, VS, lab, © First 48h In-hospital All All MIMIC-IIT - LSTM 0.85 -
chart mortality
Thorsen-Meyer [48] PO VS: 1ab, 44 Up to the reference 90-day All All 4 (Denmark) 1 (Denmark) LSTM 0.88 0.83
chart time point mortality
Jiang [49] VS, lab, SS 72 Up to the reference After 2h All All 1 (China) - GBM 0.848 -
time point
Baker [50] DG, VS 9 24h Within 3, 7, 14d All All MIMIC-IIT - CNN + LSTM 0.858-0.884 -
Kim [32] DG, VS 9 24h Within 6h-60h All PICU 1 (S. Korea) 1 (S. Korea) CNN 0.887-0.965 0.881-0.922
DG, VS, lab, . 30-day .
Yun [52] chart 43 Not specified mortality All SICU 1 (S. Korea) - Decision tree 0.96 -
DG, VS, lab, . In-hospital
Delahanty [35] ot 17 First 24h mortality All All 36 (USA) 17 (USA) GBM 0.951 0.943
Xu [53] DG, VS, lab 20 First 24h 121::;11):;] COVID-19 All 1 (USA) 1 (China) Elastic net LR 0.72 0.85
DG, VS, lab, . In-hospital LSTM +
Kang [55] obart, 58 67 First 48h mortality All All eICU-CRD MIMIC-IIT Attention 0.899 0.855
24h prior to 28-day 1 (S. Korea) +
Ko [56] VS, lab, chart 9 admission mortality Cancer All 1 (S. Korea) MIMIC-ITI RF 0.939 0.753-0.775
This study DG, VS 13 24h Within 24h All M;fé%* MIMIC-IV 1 (S. Korea) GBM 0.903 0.933

DG, demographics; VS, vital signs; lab, laboratory findings; SS, scoring systems; ICU, intensive care unit; PICU, pediatric ICU;
SICU, surgical ICU; MICU, medical ICU; MIMIC, Medical Information Mart for Intensive Care; S. Korea, South Korea; USA, United
States of America; eICU—CRD, elICU Collaborative Research Database; CNN, convolutional neural network; LSTM, long short—term
memory; LR, logistic regression; RF, random forest; GBM, gradient boosting machine; AUROC, area under the receiver operating
characteristic curve; 1V, internal validation; EV, external validation.
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MIMIC-IV SNUH

(N=53,150) (N=28,103)
Excluded {n=29,998) Excluded (n=22,358)
-age <18 or » 89 (n=2,871) -age < 18 or > 89 (n=5,578)
- LOS < 24 hours (n=9,831) — — - LOS < 24 hours (n=12,200)
- neither MICU nor SICU (n=17,294) - neither MICU nor SICU (n=3,333)
- poor data records (n=2) - poor data records (n=1,247)

Development cohort

(N=23,152)
Training dataset Testing dataset Validation cohort
(n=18,521) {n=4,631) {N=5,745)

Patients Patients Patients
Survival=16,323 (88.1%) Survival=4,095 (88.4%) Survival=5,237 (91.2%)
Death=2,198 (11.9%) Death=536 (11.6%) Death=508 (8.8%)
Samples Samples Samples
Non-event=1,869,820 (97.9%) Non-event=453,411 (97.9%) Non-event=729,106 (99.1%)
Event=40,583 (2.1%) Event=9,946 (2.1%) Event=6,617 (0.9%)

Fig 1. Flow chart presenting patient selection. MIMIC, Medical
Information Mart for Intensive Care; LOS, length of stay; MICU, medical
intensive care unit; SICU, surgical intensive care unit; SNUH, Seoul National
University Hospital.
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252627

495051

<Input>
vital signs values at 24 time points
+ demographics values at the
reference time point

sliding by 1 hour

<Label=
0 = survival
1 =death

Reference time point

ICU in = 0h Om

J\

P
Death = 48h 40m

Vital signs data Demographics data
Time point (hours) sBP | GCs | GCs Weight Height

72 128 N/ 15 58 m
. N/ N/ /A /A
-25 145 N/ 15 N/ N/
24 140 | N/A | N/A N/A N/A
-23 137 15 N/ 5 m

- I /A N/A m
2 131 N/A N/A N/A
1 123 /A N/ /A N/

0 /A N/A N/A N/A

25 negative
samples

24 positive
samples

Fig 2. Explain sliding time window sampling and how to get the value
at each time point. ICU, intensive care unit; SBP, systolic blood pressure;

GCS, Glasgow coma scale; N/A, not available.
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Feature Importance
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Fig 3. Feature Selection using Boruta SHAP. SHAP, Shapley additive
explanation; SBP, systolic blood pressure; DBP, diastolic blood pressure;
MBP, mean blood pressure; HR, heart rate; RR, respiratory rate; BT, body
temperature; SpQOg, saturation of peripheral oxygen; FiOg, fraction of
inspired oxygen; GCS, Glasgow coma scale.
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<Model type> <Sampling method> = =
. <Evaluation metrics>
o GBM Random under-sampling
For each combination... X . X AUROC
LSTM Class weight
- AUPRC
Transformer Random over-sampling

5-fold cross validation

Training fold walidation fold

v hyperprameter | g oo (I 2 round average score of
combination | 1% combination
. [ v round | EEEIIRIE 1+ round
Hyperparameter tuning u
2™ hyperparameter 2 round __.2-,. round | Average scors of o
using 5-fold cross validation Gridsearch {  combinztion ] 2 combinztion | Choese combinstion
| s round - — with highest score
[ 2vound [N+ oure ]
it yperparameter | 3t gung |2 oune average score of
combination 7 T n®combination

Probability calibration
using 5-fold cross validation

Isotonic regression Spline-based
"“rﬁrga;on
Maximizing the F1 score
using threshold adjustment
recall
_—

Fig 4. Development sequence for machine learning models. GBM,
gradient boosting machine; LSTM, long short—term memory; AUROC, area
under the receiver operating characteristic curve; AUPRC, area under the
precision—recall curve.
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(A)

1.0 A
0.8 4
2 0.6
o
=
G
2
]
g 0.41
0.2 A
—— GBM =0.903
—— LSTM = 0.894
0.0 1 —— Transformer = 0.898
0.0 0.2 0.4 0.6 0.8 1.0
False positive rate
B
1.0 A
0.8 4
2 0.6
o
=
=
2
]
g 0.41
0.2 1
—— GBM =0.933
— LS5TM = 0.914
0.0 1 —— Transformer = 0.930
0.0 0.2 0.4 0.6 0.8 1.0

False positive rate

Fig 5. Comparison of area under the receiver operating characteristic
curves of the prediction in (A) development cohort (B) validation
cohort. GBM, gradient—boosting mode; LSTM, long short—term memory.
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(A)

1.0 —— GBM = 0.346
— LSTM = 0.327
—— Transformer = 0.340
0.8 4
0.6 -
g
i)
]
&
0.4 -
0.2 A
0.0 1
0.0 0.2 0.4 0.6 0.8 1.0
Recall
(B)
1.0 —— GBM = 0.181
—— LS5TM = 0.153
—— Transformer = 0.174
0.8 4
0.6 -
s
i)
]
&
0.4 -
0.2 1
0.0 1
0.0 0.2 0.4 0.6 0.8 1.0
Recall

Fig 6. Comparison of area under the precision—recall curves of the
prediction in (A) development cohort (B) validation cohort. GBM,

gradient—boosting mode; LSTM, long short—term memory.
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(A)

107 —=— GBM (spline)
—m— LSTM (spline)
0.8 4{ —=— Transformer (isotonic)
" —=— GBM (no calib)
[
2 e —&— LSTM (no calib)
8 | —=— Transformer (no calib)
s
=4
S 0.4
(=}
o
('S
0.2 A
0.0 - i -
0.0 02 0.4 0.6 0.8 10
400000 - [ GBM (spline) [ GBM (no calib)
300000 4 [—1 LSTM (spline) 1 LSTM (no calib)
5 [ Transformer (isotonic) [ Transformer (no calib)
S 200000 4
100000 1 S
0 } ; =================H !
0.0 0.2 0.4 0.6 0.8 1.0
Mean predicted value
(B)
109 —a— GBM (spline)
—=— LSTM (spline)
0.8 4 —®— Transformer (isotonic)
" —=— GBM (no calib)
[
2 06 —=— LSTM (no calib)
8 " | —=— Transformer (no calib)
s
(=4
2 0.4
0.2 -
0.0 -
00 02 04 06 08 10
600000 4 [ GBM (spline) 1 GBM (no calib)
[ LSTM (spline) [ LSTM (no calib)
§ 400000 + [ Transformer (isotonic) [ Transformer (no calib)
-]
200000
—
0 : e |

t
0.0 0.2 0.4 0.6 0.8 10
Mean predicted value

Fig 7. Comparison of calibration curve of the prediction in (A)
development cohort (B) validation cohort. GBM, gradient—boosting
mode; LSTM, long short—term memory.
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