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[Abstract] Sepsis associated-acute kidney injury (SA-AKI) is a common complication of sepsis, which has a
high incidence and is closely related to a poor prognosis. However, delayed diagnosis and non-specific treatments make
it difficult to systematically manage SA-AKI. Based on massive clinical data, machine learning could build prediction
models, which provide alarms and suggestions for the clinical decision support system. Although there are still many
challenges such as poor interpretability, it has shown clinical application value in SA-SKI risk prediction, imaging
diagnosis, subtype identification, prognosis assessment, and so on. Based on a brief introduction of machine learning,
this article reviews the application, limitations, and future directions of machine learning in the diagnosis and treatment
of SA-AKI, and explores the possibility of machine learning in the medical field, in order to promote the development of

precision medicine and intelligent medicine.
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JHBERE F2 i T SRR B 2 R L ) s B AR A 2
THAERERG 1 2 B 45 (acute kidney injury, AKI) 27
REH WHKLAEZ — , F BN MG WUETF (serum creatinine, SCr)
IKFTH R BRI BRI 45 SRR, 26% ~ 50% HY
JHeREAE FEEIE K AKL T 3R K AKL BORRTEAE SR R IE R
$38.2% ~70.2% " * JEAR MRS AKUEH I3 ~ 5157 ik
FEIEAH JCHE SV T 451473 (sepsis associated-acute kidney injury,
SA-AKI) T JEK JHRREE £ e I TH] , BEINAS R0 1 % AE
WU nEE A2 2 P 5 . SR, t T SA-AKT f 3 AE AL
TN B i s B S b, H BT AE 12 0 I | e S
AT TFBHZ im0, Bl BAT SR KBRS
ALBRAE ST, AT 52 2 Y By s by ST U R T B 3
PRI A, DT A 2 LA R A2 A RE 7 A B S, v i
FIT SA-AKI Y KUBS T | S48 A2 W | AL 5 N T VT
54575 1, A N SA-AKL 108 BEfkisyr it g

1 Mg

PLER 2T e N TR AR AL L, AR BT F— 1 THE F S
HR S AR T A BRSO 22 TR S 2 O R . B TR
F, 95 T 808E (electronic healthy record , EHR ), HLES AR
AT LI 732 | 1A R SR S S5 A 55 SR S AR o B A R
PER CRFE AR b3 5 A OGS, Jry Z (RIS R R T XS AR FAAE
HH T o 1 PR A R AR DG R A A2 13, DA T A Bl i IR
Hesfe U SRR S U AR R (AL 40 R B T b BE | R AE
PRI AR AP SR v AL . T Je TR RS EHR #F
TTOfie W BESE TUAL P, FEOR I N A GEitas S R 5
52545 EFIAE DG S5 56 28 PR AR S0 45 Jry 78 e ELA 0 35 R0 1Y)
FRIETEAR , AR EE AR RFAE AN SE PRI PR ) AU A G 3 AL
weE B RGNS TAERHIEINZE (receiver operator
characteristic curve, ROC 14k), {di ] ROC ph£e T 1 f2 (area
under the ROC curve, AUC) AHl iR 9 Tl 34 i, FE XA
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P RILER ) TSR () OCSTE T e B, BT T
7 S LA S R 91T (Logistic regression, LR).
ST EAL (support vector machines, SVM ), 23 # (decision
tree, DT). BEHLARAK (random forests, RF ). #h2= D1 (naive
bayes , NB )., # B & $# T (extreme gradient boosting , XGBoost ),
K- 348 2% 2% (K-means algorithm, KMA ). K- 31 4B (K-nearest
neighbor, KNN), ¥ %2% 2] (deep learning, DL) FILA T HIIZ: %]
2% (artificial neutral network, ANN) &%, ik #6850y HAG & H 11
JECERRIS IR (2 D20 BRGS0 I b, X
BEL g > B HA A B A S SRR I RE T, SRR 2R
AR FIAR LR AL T , AT LAk G A% i 2 ) 22 F L2 PRS2
T LIRS | 1R S FEAR A 22 R B i i DR K it
PRI AT B R M 58 35 T I PR ) 43 A 7
o XERATE—ERE B TGS FIE AR L
ELTES AU T | A2 W7 | SR 7322 R L DIty 46 4 A 3]
WP A S PR S T B B T
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FHARYTARAE T — A OCHEATTEI E E, WT ARG 1R B D RE AL
LA, T JRURS: TN ASE 2 Py A gl S R S 3000 g Bt G
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e, FLAA S DR 2R 22 () A T T e e 1 XU, T R 52 e A
TIRTIIRAE > R, Yue 2527 5T 3 [ TAE Wi e 2
(2 B T (Medical Information Mart for Intensive Care- I,
MIMIC- D) 3 176 {51 st i fE T A8 B9 K0dis , 70t 1
LR . KNN,SVM, DT, RF, ANN, XGBoost 7 L &2 > HA
I 5T B Eil T2 (sequential organ failure assessment,
SOFA) Fffjfb 2tk A 3221753 1l (simplified acute physiology
score I, SAPS I1) PIMESGEIT I RGeS AU I T K RE A T L
BB R LR S R AT SR S5 SA-AKI ) 53— Al 5
TH, Hrh XGBoost A5 AUTE S A AN R J7 T F) 35
Mg R (AUC Sy 0.817), T 3 Byl R B AR U3 o i 2
730 S it TR I A R AR T, O E T PR L HLARGE
S ARFRAEHL (body mass index, BMI), {57/ pkgid
(estimated glomerular filtration rate, eGFR ). 1% L8735 Il 115 T4
I} 18] (activated partial thromboplastin time, APTT). SCr FHIfILPR
Z % (blood urea nitrogen, BUN) AR S MR R R
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Ky o e oS0 gt RiF (AUC)
Zhou %'V 2617 [EIEiME P AEIE =60 % EEIILE /RECE BEIRG BN 2 L AKT RS SR ; SR fshsh 6 0.857
W5E  Logistic B9 | 0 1 EEE L COPD |, SAP IR IMLE | = 25 AT . e ™
BUEGMT AR A AE  FLERRR P8 L ICU ARl . FREETSy
Hb.2 KU E S EIIRE S
Fan 25120 15726 [EM: £H%E BEDRIG A 0Ty 0 | 18 PRI | FEZR SCrAKPMELIRAZE ; 2 SCAKTB) & 0.711
5% Logistic (R TR MUAE | 5 W L 6% pH A 358 i s 7] R REIR A ; (2 ER M AL
BUEAM R AR AR e LR I BRIBOE T RE SO R RSP T R
Deng 412" 2017 [IEilE F1Z [ BUN , M FLIR MR L 1 CL AT A ICU J5 24 h 9 SA-AKI (] J 0800
s PRIUBANAE S e R, AHEAT IS B 504 5
FH e S R RS )
Xie 2520 251 pilEt: ZHE 1% AT, 5] SCr Al BUN TFSE IR EEAE A AR IR B WIS A 0.986
98 Logistic SRR, HAFRR R R 4
U354
Yang %' %) 2871 [t £H % 1CU AERBERT ] | 228 SCr, L4k, 221 R HR A SR R A IR i ) 5 (87
WF9E  Logistic AN A TE L LR CHE AN IEA: EriiE] e NS 0752
mIERR BRI Al SRR T
Ma &2 358 il 3L SCr. sCysC . M T2 . SOFA $F4 sCysC 55 SCr ZIRIfEfE B E AT & 0.830
s FIFR NAG AR R R F R RO
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ARGy

1 SA-AKT M MERIEAR SCHE A 03, AUC S 2380 TAERRIE e B RiFY, COPD o8 1 BH ZE VRPN , SAP Sy HAE A Mk AR 46, TICU A
FERE W B, Hb R IMETER [, AKT 2 B 451405, SCr S L4 WUET , BUN IR 0, AT I 3T MBI, sCysC M ILISHENE C,SOFA NJF
AR E TSy, NAG N N- L -B-D- #i G M1, SAPS T oA fL 2tk A: B~ 1r 45 T

I H SA-AKT FRLREIL THESERY LR Bk A9 4 I, Ak
T FEF I RAEA TR HE SA-AKT (AILAS 27 2] T A A
FHAE TR PRI PRAFSE Hh 20 uE HARI R RE o

2.2 HLEE TR SA-AKTRYSZ8#12 W - H A2 SA-AKI
P EARYE e AR B IR 1915 2H 2 (Kidney Disease: Improving
Global Outcomes, KDIGO ) #2111 AKL i2Widsifi, {5 T SCr
IR FIPR S S5 B AR S e R RS M B2 W] E 3 SA-AKI
IR A A IS W T B AN T . B AR
AR L, B R B — MG B A6 A T BEAE SA-AKI
FR 5 B2 Wb S B0 R4, (RSO I PR AR 2 A IR U2 1B id
HOMELL S R EOR A P R P R R B A5 B
TR 22 M 28 A g —Ff DL 550 ] LK RS ECE e A o e
BRI, SRR IR TCTE B PE B3 AR AETF 3145 A
HERIBR (5 L TS B PRI 217 - Ly il Huang
X SA-AKI 5 8 75 UGB HEA T2 48 007 , 57 1 %%
L FNZE (dense convolutional network 121, DenseNet121).
FAEE 25 (google inception net, GoogLeNet) FlIFk 2 2%
(microsoft residual network, ResNet) 3 /™45 B 25 o 25 4 761 |
XF SA-AKI AT AR E2Wr, IR 2 Wi ali RS Ll R B AR
HINTASWrES RAEAT UL, 452 R, 3 PR 22 ) 28 45
R W& SR e PE AU R 35 (8 25 8 T 0k R AR 2 B
L5, AL Wi 3B JREL T (DenseNet 121 A58 AUC 2y 0.927,
GoogLeNet #5 %1 AUC Jy 0.915, ResNet %1 AUC 2y 0.923),
H¥RE ST Ll EARIZEE R (AUC 7 0.896), KB4

RPN 22 100 288 3 ) B A 1) PRI A B A T 488 g i PR T AR
L ME SA-AKT AR AZ WA B AR TR e . I ARE
e R A N 48 L T T Iz N TR 2 L HELEE AL
I A A 2 A By 7 AU Y LR AL B, 5 HOHLRBa2 WRE ) 2
AR AT IR Bl BEIWEL ) 7T, A Bl T4 12y i
B PEAN AT T A L7 5 SR, 5 A 28 0 2 L1 SA-AKI
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FEANTFER I RIS , RRIB T AEZ b | KEEA AR i
— LIRS, NI B A R A 22 N 2 A ML a2 S SRR AR b Y
GG R R FEE, S SA-AKT SR iR it 2 2%
2.3 Bl I Xk SA-AKT B I AL Y4 E « SA-AKI FY i JBE
SR — EUERS BT R R B AT, TN A W EHR $E4T
RIS BT AT AR 05 A [7] 114 95 2L A B2 AL ARD iy 3 Sy 48
TE BT AR IR TT BN AN [F) S B R A, A %5 T
TG R0 rh AT T A AR B X6 I 8 S A R 0T o
ETESE )50 H (latent class analysis, LCA) Fil KMA 4 H fij %€
SESEIRE TR B2, TR ERAE A0 AKT S 45
TR R 5 5 A EI R . Wiersema 4507 76 301 451
SA-AKI B HaEAT 1 — BTSRRI, i 16 28 2 A
WP 57 (intensive care unit, 1CU) B ARG R4 ,
LCA R A A IR, K R 5K 73 D L 1 FSIE Y 2, 25
W IR, WHR 2 B35 W 455 25 1 (heparin-binding protein,
HBP)., H PRz 20 i 350 25 F1 ¥ 2 (neutrophil elastase 2, NE2)
FI3E 1 3 (proteinase 3, PRTN3) SEF8AR4 T A 1 35



RS G T 2 RE S 2022 4F 11 45 34 445 11 1] Chin Crit Care Med, November 2022, Vol.34, No.11

° 1225 -

ETbE, HERES S REDIREME H O E 2, 90 d fldE Rl
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WAEAE2E S . AN, Chaudhary %5 JEF MIMIC- T A 1%
HRR ORI IR T Bl SR 9T A T SRR AR i Ay
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WEHIRIT L . R A I B T LA 2 Bkt
SA-AKI (97 R 7 5 08 DU SE IR 1297 (s 2, |
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2.4 HLERSA 2T SA-AKT 5 Jay % U 1 T  SA-AKT 558 =i 1)
PP B I ( chronic kidney disease, CKD)ﬁﬁEENFﬁ*H?&[ 39:,
TSR3 e I 2 BRSBTS G T
i 2P B (acute kidney disease, AKD ) B B2 5 22 A Hsf 1]
TR ) He 4 ELT 1CU h SA-AKI £ 35119 15 PR A
AN T ARG RAZ B, 730l FH a8 9 Ak 28 2% | DT il LR
SRR T HLAR A 2 BOARDR T AKD &2 255 R, i
SRR A BT VE R L T AKD 114 22 A= (G 51 4 25 o0 4 A 75
AUC 4 1.000, DT #2754 AUC 24 0.954, LR #5 AUC 4 0.728),
S v 3ot U ol 2 ) 245 AR 1) T R R SR 4, BETE BRI A
AKD JRURSE () 5B 35, I B i SR B A il LA BEL L 5 30F Je o
CKD, st R IRES R &4 o IEAh  AKL IFRERIR S &
M) SA-AKI I IRES Ja i o — N R . — TRt A
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