NRF #2558 49:07-18, 2023 doi:10.11482/KMJ-J202349007 7

U530
AR E 2 V785 0 ABREC NS B9 2 B

W #F, HEE A0, A4 o, B SERL
E¥F KR, wAR AR, EAR BRSE, JhLE EiE

JI0Gs R 2 B R R 2 3 2

Pz TR BAGOFEFIARECEIFEL4LEE EXREE MPRBIhTVLSY, #ERFEZAV
EFHTFAEEZEOLRIIITHOhTORL.
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#ER : iERIEETIL Revised baux score (RBS) HBREZHIEENI TP -/, EREZETTIILT
NTH RBS & LA ZEEERL - FRBBAMBITICKYRREE BREZETILOVTHhICEL
TH80RULDEETZOREHIETL THY, Prognostic burn index (PBI) &V % XGBoost 7
IWORBEDEP -7 (P =0.036). SMBIREEICHEVTHT AR TFHEEEZFL TV

BE BEOFETFACSVTERETEET IV REEL2 LR2BEERLE 1, BREIC
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RESGTHHMICHET 22 0%, EHEn
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IERIE L BN 3 5 5 FIC oW T, HIE
% DI THEMFETF VIS 2 TFHRTHO
WESEWIEDHLNE EoTBY, BB
BOTIERMDSTHICT 2 5 HENIRIETH 5
EARGE L72H A, BERAREE X 0 b BRI X
P HTFMOTA L) EMTDH 5T REMEAE 2
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ELT, ZTOERERE, HRRN, BReEERL
BESROSMMERLET L & L DI, BRI
AN L Cd - HF - oo L% X
52 ex e Liz—eAt A H AR 24
WNAETAT ) EEBELOEZNETH 5. 4
T4 1220114F 4 H 2> 520194F 3 A ¥ TIZ—figkkt

FlENH ARG PR B ABEBRZE L VA MY —
(UF, B45L YA MY —) ICBHShBH
13557610 5 &, AFhn, MR, s, TE
BAGAE, WEERJGIRE, [EBGORFEOW
TNLPAW 22T % A L7, 205 b
20i% LA E D E9.2656 D 5 B, MBid 5 Bk
SN 7215400 % B 72911161 % JSBIBE & L C
EFTNMAEEB X O WEBMGE L LT L7z

F 72, SMEBMGEE LT, NI ERR R R %6
Flz20014F 1 H A 520194E12H F TG TA
e L 7220m 2L E o531 D ) B, 205 Al D67
B % B 7246500 2 KMS #E L L7 B, 4t
HRGEI W27 — 2 IR Z B o
7z.

2. 7=y

JSBI#E (n=9,111) % 5 ¥ % 412500060 »
JSBI-train #f & 4,111 ® JSBI-test # 12 1F i
FN (n=5,000 & (a=4111) & L7 i
DL, FlE, MR, ORI AU
Mg, SERGOAE, BEGOEKE (KE 1L
FEME, WIRWE, EiRk, By, BB, £
o), BLXORCERIEENTBY, h
5 & FI TR € 7V OFER B X OWGE %
1o 7.

3. FEMEE

BWEE O FRIcon TR, BEo#EY »
LT E LTR A ST 5 Random
forest, Support vector machine, Artificial neural
network {ZIT4EVEH E LTV % Extreme Gradient
Boosting (XGBoost) % i\ TIEMT %477 - 7=.
WS OENT S, ISBl-train B & IV TE TV
ZAEBC L, JSBl-test £ & I\ T 2 DK FE & 4R
FEL 7z, FoRBME OO, fERiEEE L
T %TBSA, PBI, RBS IZD W CHGET — 7 |2
B L PRVIWEEDOHNT 217k o7:. FRT
TR BELZ D THE ROC AT 2 HI W CTHRIT %2 47
ofz, VERSNEMAEHICE 2 FRTFIE
TV %, KMS B % v COMERIGE 2 4772 - 72

Subgroup fEMT & L T, 10i% T & DX 51245
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I} 72 RBS,PBI B X OB € 7V O 5 Wi ks
i % ISBl-test it & W CTENT L, S#EICB
BB IZ O W T OWE &2 175 72,

fi# BT 121X Random forest (randomForest /¥
r—v7),
4r—39), Artificial neural network (NeuralNetTools
78y r—3 7 XGBoost (xgboost 78w o — ¥¥)
RV, Ry =Y OEFUTOWTIE, B
DGR Ny =T D7 v 77— MR &
SEINL. TAITY XL B DIy
r— IV TORBII TR o T,

ARG AR A P & D RGE (KR
7 5540-00) R THEML T 5.

Support vector machine (el071/% v

ot a T

#E I o B &, 1B A Bl 1 Student's
t-test (WA a2 ), IFIE H55 Ai # A 1Z Mann-
Whitney's U-test (Wifil#eaE) %M L7z e
FERAE,  IEH A B A + R S TR
L, FEEBL AT YAl (55 1 o5 -
83K TR L7z HEOBREICE,
Pearson 1 A Z3EMRIE & 5\ 1d Fisher O 15 H A
REEHH Lz, BWEEE2 50, §XTogE
#H13Z R (Version4.1.2) Y Z W THz - 7.

R

JSBI#EE KMSHEDOHE R & £ 1 /RT3, KMS
D H THMEANZ <, %TBSA, BI, PBI %3 <

TR HAh o7z, ISBl-test HEZ R & L7z,
%TBSA, BI, PBI, RBS DIETCITH$ 5 B
(K1) 2787, wWIhd, BWBkiEEL
ALTBY, FEAZEDRWVARBS i d
BWBED E o7z, 209 bikd BRikED
2o 72 RBS &L RIFTIL L b Tw % PBI
DOFAERIE ] (105 8) OBWIREEZ 7R3 (X
2a,b). RBS, PBI DWW N EED LASB I
ONTHWIHEENEDTB Y, HFI80t T
ZART 2538 S 7z, ISBI-train BE 2 ] L C
PEIE L 72 KMk 2278 € 7 V12 X % JSBI-test B %
WRELBHRELZRT (K3)., AEER
ROV OO, EWAEHET VIS ATEEIZT
~NTRBS # LMD, D TEVEZIHEE LR
L7z, W8 £ 7V o JSBl-test (23 5 —
FHEEZRT (K4)., wINnb9% Ll Eo—3H
Frnl, WMOTEFZTFHRTFIUREIZALT
WA EAURENT. RBS & B EE 7L
2K 2N N OB WIEE 2 AUC (95%CI)
I2TRT (£2). RBS, BMFHEFTLVOW
FTIUIBWT L8 TR DI T 25580 5
N7z, RBSOZWIHED 5 %/-0FESIE

#1 BEER
JSBI#E (n=9, 111) KMSH (n=465) P i
Al (rhgefii (U2 RHEPH) ) 62 (43-76) 62 (43-77) 0.577
TER - Y3k 5,525 (60.6%) 326 (70.1%) <0.001
11 25 I 7.0 (9.7) 9.5 (11.6) <0.001
I 2 255 T it 6.1 (15.6) 13.8 (24.0) <0.001
EREEY oY) 2,573 (28.2%) 134 (28.8%) 0.788
2
K% 4,131 (45.3%) 291 (62.6%) <0.001
= 368 (4.0%) 22 (4.7%) 0.461
i 774 (8.5%) 12 (2.6%) <0.001
T 2,472 (27.1%) 91 (19.6%) <0.001
FR5E 505 (5.5%) 30 (6.5%) 0.405
I 154 (1.7%) 11 (2.4%) 0.275
Z DAt 646 (7.1%) 8 (1.7%) <0.001
% Total body surface area 13.10 (18.78) 23.63 (25.80) <0.001
Burn index 9.61 (16.54) 18.59 (24.11) <0.001
Prognostic Burn Index 68.79 (26.59) 78.30 (32.34) <0.001
Revised Baux Score 77.07 (30.15) 88.23 (35.52) <0.001
lAweiE] 894 (9.8%) 115 (24.7%) <0.001

PER, SGEZM, JRPITHER (E), TG, MEEAMERL % Total body surface arca,
Burn index, Prognostic Burn index, Revised Baux Score (&3 (BE#EfR ) TR,
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% Total burn surface area
Burn index
o | -~~~ Prognostic burn index
o — Revised baux score
T T T T T T
0.0 0.2 04 06 08 1.0
1 - Specificity

Area Under Curve (95%CI)
Revised Baux Score 0.937(0. 924-0. 951)
Burn index 0.927(0. 912-0. 942)
Prognostic Burn Index 0.927(0.912-0. 941)
% Total body surface area 0.921(0. 906-0. 937)

M1 GERIREIC X 2 ABFECIIH 2 FIKTEE (ROC f#AT © ISBI-test #£)
£
1 - Specificity 1- Specificity
Area Under Curve (95%CI)
iy (&) Revised Baux Score Prognositc Burn Index

20 - 29 0.961(0.892-1) 0.977(0.892-1)
30 - 39 0.933(0. 866-1) 0.901(0. 866-1)
40 - 49 0.969 (0. 923-1) 0.973(0. 923-1)
50 - 59 0.937(0. 887-0. 988) 0.924 (0. 887-0. 988)
60 - 69 0. 963 (0. 939-0. 988) 0. 954 (0. 939-0. 988)
70 -179 0.91(0. 871-0. 949) 0.914(0. 871-0. 949)
80 - 89 0.863 (0. 826-0.9) 0.88(0.826-0.9)
90 - 99 0. 943 (0. 891-0. 995) 0.934(0.891-0. 995)

2 AEHSRE ) O Revised Baux Score (a: 7£) & Prognostic Burn Index (b 47) DA ABBELIIx$ 2 FillkEE (ROC

FRAT : JSBI-test #F)
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0.8

Sensitivity

0.4

02

—— XGBoost
Random Forest
Support Vector Machine
Neural Network

0.6 04 0.2 0.0
Specificity

Area Under Curve (95%CI)

Support Vector Machine

0. 946 (0. 934-0. 959)

Neural Network

0. 946 (0. 934-0. 958)

XGBoost

0.945(0. 932-0. 957)

Random Forest

0.938(0. 925-0. 952)

3 BMEEETNVICL B EARIECIIHT 2 THIKEE (ROC fEHT © JSBI-test #f)

0.944 0.944

0.875

075

Accuracy
°

025

0.873

0.948 0.946

0.86 0.869

Data

W s

NN RF

4 WS ET VIS X 2 NEHGE (JSBI-test #F) & AMBHGE (KMS #) O —3

B XG8
Method
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2 ERERNORERIEED X UM E TV OEABIECIC T 5 FIRE  (JSBI-test )

Area Under Curve (95%CI)

Ay 1k 3
i (2) Revised Baux Score  Random Forest Support Yector Neural Network XGBoost
Machine
20 — 29 0.961 0.987 0.938 0.991 0.93
(0.892-1) (0.892-1) 0.822-1) (0.98-1) 0.799-1)
30 — 39 0.933 0.938 0.929 0.938 0.932
(0.866—1) (0.866—1) (0.861—0.996) (0.881-0.995) (0.868 —0.996)
40 — 49 0.969 0.967 0.978 0.977 0.975
(0.923-1) (0.923-1) (0.949-1) (095-1) (0.942-1)
50 — 59 0.937 0.929 0.937 0.935 0.926
(0.887—0.988) (0.887—0.988) (0.886—0.987) (0.885—0.985) (0.866 —0.986)
60 — 69 0.963 0.971 0.965 0.965 0.958
(0.939-0.988) (0.939-0.988) (0.945-0.986) (0.945-0.986) (0.933-0.982)
70 - 79 091 0.908 0.928 0.927 0.925
(0.871-0.949) (0.871-0.949) (0.896—0.961) (0.895-0.96) (0.891-0.959)
80 — 89 0.863 0.883 0.892 0.893 0.894
(0.826-0.9) (0.826-0.9) (0.861 —0.924) (0.862-0.924) (0.863-0.925)
90 — 99 0.943 0.938 0.963 0.964 0.953
(0.891 -0.995) (0.891—0.995) (0.932—-0.995) (0.931-0.998) 09-1)
3
—— XGBoost
o -~ Revised baux score
o Prognostic burn index
1.’0 OTB 016 014 0'2 0?0
Specificity
Area Under Curve (95%CI)
XGBoost 0. 899 (0. 87-0.927)
Revised Baux Score 0. 865(0. 83-0.9)
Prognostic Burn Index 0.848 (0. 81-0. 886)
X5 JSBI-test A 80 j LA 112X 9" % XGBoost, RBS, PBI D IifishE
BOLNL oD, ZOFMBBIZBNTHHE AR IR GE

W € 7V 4 FFHIZ T XCTRBS % LA -
72. JSBI-test AED0i% LL_F 123 5 XGBoost,
RBS, PBI ®Z Wil % 7R3 (M5). RBS &
XGB ORICITHEZIT R WA (p=0.153) PBI
& XGB ORI THEZEZED: (p=0.03611).

BT KMS BRI BT 5 AL OFFERBIEAS J
2R3 (K6). YBBREORM R D FEET R
WASRBS,PBI L 1) bW EHET VDO
WHBEEZ IR L7z, AMBMGE D —Beg 2R (X
4). ZETOEFIVTHB %M 5 %R
L7278, PISRMEREIC b L TIKTF LT /e,



I, il MR & 2 BB O P RTINS § 2 B 13

06 0.8 1.0

Sensitivity

0.4

0.0

——— XGBoost
-~ Random Forest
Support Vector Machine
Neural Network

T T T
04 0.2 0.0

Specificity

Area Under Curve (95%CI)

XGBoost

0.931(0. 905-0. 957)

Support Vector Machine

0.927(0. 899-0. 954)

Neural Network

0.926 (0. 899-0. 953)

Revised Baux Score

0.919(0. 89-0. 949)

Random Forest

0.915(0. 883-0. 947)

Prognostic Burn Index

0.909 (0. 878-0. 941)

Burn Index

0.902 (0. 867-0. 938)

% Total body surface area

0.895(0. 86-0. 93)

6 KMS BEIZ B 2 A HGERS

I

Ak 4%, BEEREICBIT B IEkTEEE LB
WABOFHTFIRBELRRTAZ L ZHN L
L TR Z 1T o 72, RIS DO W TIHE
PHEL, #E L OWEIT O NUZIZRErD
BOWTPFRTHIREZR->Twa 2 NG
TWB O SEOF A DWFEIBNTDH
FIZFEBEDOFERTH 72, — /T, EHiEIcH
WTHERIERE T Z O T HETIRKEZEOE L WKk
FAARLNIz L, SRRV R B
HEICBWT, AENITRREHR BRI LD
WREPEICEE ), SHRRERMEERYH) B L
ZzZbhiz.

B X AR REOFHETFIICOWT
X, WO DMESITHLN TS, Frye
131,585 N D #E BF TR L, SE B O A I,
AE 5, %TBSA % $5HE 12 W C artificial neural
network |2 X D BARTOI T P EIT- T
Wh, ZFORTETFHRIIBOTHEL, TORE
1398% ThH - 7= L i LT 525, FEYRT

DILLTCNRE L7 HRiEx WL TH b, MG
b 727 — 2 1F1INE P L TE L B,

20024E 12 13 Estahbanati 5 232,096 A\ @ 245 &
FHEDOF—5 # T, Frye S A W 72508 24
GO, AR, %TBSA (2, MBI A K512
Z 7z I T artificial neural network % J{l \» T¥ 4
TR ZAT o 725, COREIZN% TH -7z L
WELTWEY.
{2 2 T Decision tree, Naive Bayes classifier,
support vector machine # W 7=F%Ed H 0, %
NENEIEEZRLZELT0E Y M
M THRRAEFDI80N, 9N E H T D IT/H
BTH Y, SR UVEICEEMD D 5.

INHDOREDNS, FATHIE TZEOF A
R & N T\ 5 artificial neural network, Random
forest, Support Vector Machine (2l 2 CTiL4E &
OHEFEDOE S HEH 2T b XGBoost & H
W 24T o 72,

WIZ, BREEORET N TY XLIZDONWTE
895,

F 7z, artificial neural network



14 N BEoaE &k

Random forest (& 1) —IRIZ G55k % # 1
BT ZETHEETMT HETIVEERT S
RERKEE L BT, MELBENT2H0T
HbH. PREREZFTEHEFH LTV EW
I 5955 HH % %S, Random forest & I\ 5 Z &
TEDOREEMHICENTED., TI M A
WX L TEBROD DEHD, BROLVER
E 0 b WIEIZA  WHE I BRI R AR ik
BVESHbNTWEY. STk~ ZEBL Y2
M) —=F—=FEHWwiizn, BEOFHRICE
BWLHEVETFREENTES T, WEPKGE
T—HHMA%, YBEDT— 5 & w724 58k
AET87.3% LMV —F L2/ R L. —/HT, O
H 2R ~X % XGBoost, Support Vector Machine,
Artificial neural network & [LEZ 3 % & A FRMGE
F—%, AHRRGET — 7 OWTFRICBWTH A
BAEIE VDO AUC 2MEL, FHEDES &
Iz, A EER L 73 o H T OB
HixwnwdotEz shi:.

Support vector machine (X7 — % #5303 5 1IC
H12h, TOBRLIHGOT— 5 OHEEH T HE
BROKRELSBBEIHIERAETEDDLHETH
b, BEARWIZ2 7 T AGENEORHTH Y,
GO X9 BAFEDOREITIZMNT WS E VR
L. Fl RAMOT— IR LTH KK
ERELFUNRTEEHETHED, ETWV
OERIZBWCTF 2 —= VI PEETH L. F
72, TP REL Lol YA, BIEENIKE
{7 ) WAEYEIC 2T % 4, Fk % 13 Boot
strapping [l X A F 2 —= U T ERfT R 572, ED
FEF, WERMGET — & Tl1394.8%, YMTIRGEET—
7 TH86.0% &L EHWTHKEEEZ /R L 7-.

Artificial neural network & 38 @ # V) 245 D
FHFME LTREICZESZSATBY, JE
WISV Z R Lz @i ShTna ",
S DIk A OWFFEI BT 5 —F 1L T MGE
T — % T94.4%, NEBWGET— % T87.5% TH -
72. Frye G EBMGIET — % # Wiz —3 K%
9B EMELTBY, TEFHKLDIM4% LD
DENETTH D05, BB/ RTORETFINC
RELZZDDTHY, ABtR OBk~ 22K+

BEENL VIR T O D720, ZRAEE D
ElolzdborBbith. —7J5, Estahbanati
5 OWZETIE, WEHGET — & & v 72—k
290% EHE LTS, F72, SO T
1Z40 LA T D BE D ET, 80i Dl oo
FEMABGLBZADI B4 % LrEINTE
59, AIBORME ITTHEL TV 5. SO
BLIAN) —DOHET—FI2BVWTH185%

(1,685 A /9,111 A) »80i% L ETH Y, HE#E
DIIFEHEL WEEZOND.

XGBoost lZAELT— AT 1 ¥ 7 &} Xigh
REREZERT B BICHICHEE S h R %
FHLT, ELLSGEHIN G727 =512
35 Pl ERLESETHAHATH L.
RTNTY) ZAATIENT A= OREICLD,
ZOREENEALR T VD, 40K 4,
ParamHelpers™ Z W T8I A —F DF 2 —=
T RT VT AT —FTIT, w9 nround
=494, max depth=1, eta=0.335, lambda=1.12
LD, MEZEEEICE R o T wn e
Ml X5, XGBoost ix Random forest & [i] U <
WEARETH Y, FIOPERORETT] EHE
EETNEERT A7-0, —#%9I21E Random
forest & ) DFGEATH K 2 D R T WA, 4D
A4 DOWIETH D AUC IENEIRGE, AMEiR
EDOWVWTNTHHAEEIT R WD DO Random
forest & B> THB Y, 41%1L XGBoost (2
9" % Light Gradient Boosting Machine %> Category
Boosting % &2 11 %5l & 7 B W HeMED D 5.

AT ST E TV, (ECRIGETH
5 RBS®PBl % Ll Z LATE&AD, £0
DI N THo72. THIEEGHED, FH
BRI X B v TV GRIRETH L &
HRTHAEEZONSE., OF ), BHEOFIE
FElE, ZOoimE, MR, BERmaTc LB
EINDBDOTHY, FEARMIIIEAG M & 245
WEERZOEFEEZIE L TWD, Am TPk
ZTOFEFELES, BHEHRLEIHEZ MK L 72
bOTHLEEZEZLN, Gk, £ DT A—
¥ — M EHETIVIEATHILET, €56
WCEWHEZ GO N LR D 5.
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— ) Tl E OB BIT A IERIBETOF
BVHRE R ITEDFR 5. BEOME T,
FHREXF 72 & PSR H v b+ 74
Hild 72V, 657 & M X AR LAY B 1o T
FETY A2 WIS 5 2 &5, EEEEED
EFELTOORU EET L EREINT
WaH 7, BREAGO TR TR L L
TIEA NG L7z %TBSA, IIEHLER X
WEE, B2 TR, AHE (1B
PERGEEE AR, BRI, (OER) SRIEI Ty
%)25728>.

Ll OF 4 OMGET T, Al DI TR
ENEL B EDH L% 5 7280 L Lo i
ZIZB VT, XGBoost ETFIWVIEAFETIE < JHW
LN TWAPBL &) b FEICHVREZ/R L
(AUC: p=10.031) 25, ZOMOFER LY b
KA BB ET LV OVWTNOIEEOKT
MBRONTz. 2 RELOBEHSE O A BAHEk
B BWEEETLOWTRIC EETNTY
LWILEBZFOREREEZLN, Fx—NVV v
PFAF % H48 % (Charlson Comorbidity Index)®’
REDTENIZIT) L TEFANRNET BT
HEVED D 5. F72, EEERGEZICIBLTL
XU IEREERT 5 [FRMEHROTER ] o8
AT E 2w, [FBMIGHOTR] 2oV T
OBREIINETTCOEBL VA M) —IZEHE TN
TBHT, 20234EEICHETSNE AR TH S
BIEL YA M) —I2E B F— 7D,

RIFFEDRA L 5 HDOBELZRT. SO
RIZIED LATOTF—5 2 5L THY), B
R COEMPHREIEEIRL TV S bIF T
BV EICEESLETH L. BEBREL Mo
AL UL, oML RBEOMAERIC
IO FGERIIMNELTWE EEZ LN, ShlfE
KL 7B TS VX A PRI ESE X
D HELCHERE SNBWEEEAFR->TBY, 4h
D TR RSB IEEROBE 2 T D DIk -
TRWIFRWEEZ D, L LS BIGEHR
WZHED TRIERE R ER L RAETH ) BE-
KIED BRI - RS R I S, 2445
BRI 2 EBEEROEREN 2 EE BT 5

L, BB EHOTESICE L DNTERE
FINZHET L, X DAEEOREWFH PN M
BT EICRESENDH DL EERD. Sk B
e WHHRISH L, 8 0 2 oK
Wigs, BBARROEHR R ETEHREL 2 512414
T2 LT, BGOHRBRIRAD 70 PR
THo THHYIHBATE S Y AT L &%
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(Regular Article)
Machine Learning Models to Predict In-hospital
Mortality in Burn Patients

Sachiko YAMADA, Yasukazu SHIINO, Hiroko TATEISHI, Takahiro OKANE
Daisuke UENO, Jiro TAKAHASHI, Satomi MIYAMOTO, Takahiro INOUE

Department of Acute Medicine, Kawasaki Medical School

ABSTRACT BACKGROUND: Various conventional indices have been proposed as
prognostic indicators for burns, but they have not been directly compared with machine
learning-based prognostic models.

OBJECTIVES: We compared conventional indices and machine learning models with
hospitalization death as the primary outcome. Furthermore, we examined the prediction
accuracy of the indices and models in older adults.

PARTICIPANTS: Patients aged 20 years or older who were registered in the Burn Inpatient
Registry of the Japan Burn Injury Society between April 2011 and March 2019 (JSBI group) and
patients aged 20 years or older who were admitted to Kawasaki Medical School Hospital for
burn injuries between January 2001, and December 2019 (KMS group).

METHODS: The JSBI group was divided into JSBI-train and JSBI-test groups, and a
prognostic model was created via machine learning (Random Forest, Support Vector Machine,
Artificial Neural Network, XGBoost) using the JSBI-train group. The prognostic ability of the
conventional indices and machine learning models in older adults was examined in the JSBI-
test group using receiver operating characteristic analysis. External validation was conducted
using the KMS group.

RESULTS: Among the conventional indices, the revised Baux score (RBS) showed the
highest accuracy in predicting death during hospitalization; however, all the machine learning
models showed higher accuracy than the RBS. The accuracy of the XGBoost model was higher
than that of the prognostic burn index (PBI) in a subgroup analysis of patients aged 80 years
or older (P = 0.036). The external validation analysis revealed that the machine learning model
adequately predicted in-hospital death, although its accuracy was lower than that of the internal
validation model.

DISCUSSION: The accuracy in the KMS group was lower than that in the JSBI-test group,
possibly because the patients in the KMS group had more severe burns than those in the JSBI-
test group. Moreover, the influence of comorbidities and treatment discontinuation in older
adults cannot be ruled out.

CONCLUSION: The machine learning models were more accurate than the conventional
indices in predicting the prognosis of burns. In older patients with burns, the XGBoost model
was more accurate than the PBI, which is commonly used in Japan, but the difference
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was small. In the future, the accuracy of machine learning models should be improved by

considering factors such as comorbidities and treatment discontinuation.
(Accepted on June 2, 2023)
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