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[ Abstract] Machine learning ( ML) technology has been gradually applied in clinical anesthesia,
and the application and research in the perioperative period are increasing. ML. can warn occurrence of high-
risk events, assist the diagnosis of difficult airway and ultrasound imaging in the perioperative period. Intrao-
peratively, ML can predict hypotension, hypoxemia, cardiac arrest, and depth of anesthesia to help achieve
precise and safe control of anesthesia. Postoperatively, ML ‘can predict anesthesia-related adverse outcomes.
This article summarizes the ML models commonly used in the field of anesthesiology, and reviews the rele-
vant studies of ML application in all stages of the perioperative period. The application of ML can improve

the perioperative anesthesia management, help to warn the occurrence of high-risk events and reduce anes-
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thesia-related risks.

[ Key words] Machine learning; Artificial intelligence; Perioperative management; Disease predic-

tion; Anesthesiology

N T2 e (artificial intelligence, Al) 1E 78 LA
AL HZ FE 25k XAR TR 4 WL
A AR 0Bl ), DR U AT ZE TR, Bl
2> (machine learning; ML) & Al B9 FEH R FBL,
JEMNEAT BB BLAE Y ) — B R LA K DR
FIBIARAREAS b IE AT A 75k . ML AR 3T
BB ARG 2% 28 SO, 1 55 350 B S5 4K
PEas G LB o 26 T B e i R A s 4 A
STE AT R BT DR SH T B 12 W R A B
IR AR S LA 1 SCE, TERRBE A U rh i T
H M PP SO A g e, 8 AR RISCER A B R R
RINA AR, IF 77 A i i i 53X ML 72
JRR P27 QU8 o PP AT LI o AR SCK ML 7 Jo e

DOI:10.12089/jca.2024.06.014

YEF A7 :210000 R 5t B A 2450 B I e ok BB (/N
SCCET AR s FBIN 28— B I e PR I -5 R R ) 12 2 8 (s
%)

BEEE % Email ; jianjunyangl971@ 163.com

SPATTC R A BIE ST BR | K R B A A B 1) BE AT £
W&, L4 5 BT S

ML B 5> EKME RE %

ML 7EA R BIbR T A AR B 0207 30, R4
2 T AN R AT LAy A7 B 2 ) S B 2 )
FTCHE 7 2] MRS 2R R oy 2 ml DA S 4 ¢
ML SE MR 2 ) ik . 1258 ML S0k 2404
SCRF] AL PSR R BE AL AR AR S5 | 45 56 T 4% £L
SEHERL, ATARREPE RO . TR S BRI R T 4
P28, T 455 2 BUM 8 I 2% ) A Aot 22 1) 24 R R
BEEAR M 2855, DRI o > B0E R R AT T BR0Z
JEBCETR | n] i REPE R 22 | [A] I 0 0 i — 2 1Y
MM, AR 5 > 7 A A [ BEAT 0 202 H RTA
WL 73207 3, HoA B o 2] ST o3 D 0y JAAk
AR L PR, JC kB = 2 Wl 73 0 RISk
FIRELER 1, TR~ U P 70 206 T 4K
ZRFE , T2 BT PR B 5 XU S B0 A



Il R BRI 24 s 2024 4F 6 H 2 40 555 6 1 J Clin Anesthesiol , June 2024, Vol.40,No.6 + 635 -

I RAESE T
ML 7E AR B89 Kz A

BAEAE U O O R A SCAE T AN
FUEEE I RRE 1 2 R RO R i A A
Mallampati 5325 F1HH 20 25 3 2 T 9P Al < aE r9 [
MEFERELS ) BRSO R Mallampati 534% =3 2ol
P20 EE 25 <3 em 000 PRIE <03l A SRR P P R S 1
N 32%M1 85% . I, PRI 2 I 5 24 541 T A,
T PRIXECAE , DAY/ 55 R I AH G Y I A AE o Zhou
SO ML 5 i 43 T R R TR AR A A IR e
AR ARG OL, AR R0 B e MR B BMI 4T
AR B B T LA Y ( gradient boosting ) 7F K JiF £
g A2k B TR RRAE il £ T T AL (area under
receiver operating characteristic curve, AUROC) &
0. 848, JFLASE TR A v B B2 FIUOKS B 5 23 53] 9 0. 913
1.000, Tavolara 45" 3 it 5 R 4 22 W) 4% $ L 152
1] 55 25 T AR S AR T EUGRRAIE , SR R A A T 2R BBl
S REAY AT A W AR R B AT — AR i U
PR R e PR X, HC O O 0,908, 45 5 1 Dy
0. 447 5 53— 2 AR BURME A e 4 S MR X Uk
PER 0. 368, 45 571K 0. 961,

AP RBCA R AN, B4R 1
P2 R L BRI A RO R A2 8, DL, B g1 T
FR o 22 BEL T B AR A SRR e R I U ) — TR A B A
DAz, HR TE AR 2L LA K P 5 S5 0
THT A AT AL T B2 R R 1) B 2 il # 4R
(IR R Fr M2 > AR, Haee 551l A 36
iR PRI i 22 BE i A 1 IR IR AR
FII 7 A A8 4 (Radon transform ) M43 J5 B9 &4
FR B P 22 BT B L 0 5 ) o A e R b £
S B SL I FE N 99. 8%, Gil Gonzdlez 551K ML
SRR I T S R e MR S5 A 1 A B3 L %O
Pl DB 43 5 B B8 — A SR 1 X B
SR T ARG F SR HERTE>95%

ML 7EARFEI R A

i B AR IR 2 PRI A ) 3 B KR R
AP R R ARG AN R 45 R 0 57 fa 6 PR 2, R
P I Hs P e T BOR J5 IR 58 B DR sz i, 2
HBAHEBERE Y, Kendale 45" R F ML 54047
B RIS S5 IR MR (MAP <55 mmHg) 1) & A4 1%
&L, LIAEWS BMI ASA 708 ARG IFAE 2516 DL |
AR A A ARAE 2R I PR R AE VEAT S5 S 78 85 B

BEAL 3 AN ZRAEFIAIELE (7 :3) HEATAC B I 2R A5
E B B R TP U YR B UE A H () AUROC iy 0. 740
(95%CI 0.720 ~ 0. 770) , ML %4 % 7] i ) 5000 JBE fige
Va0 & A BRI, A B 4R FH AL AL 7 4
BRI v A R 1 AN B R 2R 1 AT A I R
Lz A A AR 00 A1, Choe 2517 5% 4 FH
18 813452 AR L META 5 B BT AE A i A Y
TREE 27 2] S A T AL, 265 M 22 X 2% RV 24 i 22
IR 26 B3 Yok Ay R ABE TR (K B2 — 3 Il i 6 T 1T AR 0 i)
9 0. 698 (95% CI 0. 690 ~ 0. 705) Hl 0. 706 (95% CI
0.698~0.715) , H R I T 2 48 [ H 53 1% 0. 673
(95%CI 0. 665~0. 682) , ZAFF I & AT A
H TR I ) R AR A A R 28 ) 0% R A B 1 25 X 2%
Bk 2 M - (AUC = 0.716, 95% CI 0.708 ~
0.723)

Atz IRARC I PTG R A s ™ A
WLV H e i 6 SO R S 0F e, 27
FIEHE TR F00 A6 420 LA, DU JRR PRk I i P B s> B
it T 975 1 4 M , A 17885 Xk R A B4 40 5 A I A A1
Lundberg 55" M4 HL 995 117 28 6 HH JRR IR 5000 ) 2
ML ZRG: , PoU ek i b A S AE 1) & A= IR 2 B
PR P 0 T AV S L 1) fes o PR 22, 45 R 3R B F8 3 BMIL,
AT A R 2 T AR R e R AR 1Y) B
BLFRbR . AR R 2 U AT SR 15% f9 I 4 I i S
4,76 ML S8 0 %8 B AT 42 5 28 30%, ML Al
T4 HT I KRS, SE R A A O AR IR AR
Xia ZEPUMET 14 777 5] B3 A I PR B R T 4
LT ML (3 8 J A1 4G IR F0 990 00 A 75 | 45 SR 3 B
BEMLAR PR 1 e 30 i 4, L AUROC 4 0. 792 (95%
CI 0.771~0.814) ,

S A R B0 R 45 ( perioperative
cardiac arrest, POCA ) f& — Ff 5% UL {H A s 5 1 5+
4 JBRIAHC POCA 19 K952 4 0. 000 4% ~0. 08% ,
FET-3N 20% ~ 60% ">, HEW TN POCA 35 4
FEZRTT RS TE B 18 D 3 X R IR B 4 o 1
E AR, Shang %5 FIH 5 FhfE 4 ML 53k 5
BT 150 5l POCA & WA A1 0L, % 5 Flie 48 ML
B EA J#r THER ML B I AUROC
0.900(95%CI 0. 780~0. 980) .

FREFIRE R VR T BOR 0 2 ) R
1AL C FEBA R T RR L TR 1T R 2 3 B0 I A8 3R B
V& 2SI 2 RE AT HE K A B st ], o | AT 5 R PR
PR M 00 2 I DR PR 5 i 2 1Y) 5] R, Ramaswamy
A5 Al PR L X 25 WG Rl PR PP B EURRAE |, SR AT



- 636 - I R R 22 245 2024 42 6 H 45 40 55 6 8 J Clin Anesthesiol , June 2024, Vol.40, No.6

WIS, LA NI L SR A S5 FE K
FE AT EE Y B LR AUROC 439124 0. 970
(95% CI 0.940 ~ 1.000) . 0. 740 (95% CI 0.500 ~
0.990) . 0.770 (95% CI 0.670 ~ 0.870) . Saadeh
224 N P AR BT 6 ANRRAE (B 3 G0 R
beta b ELFN PO A 551 1% B 2 Ik B ) #) A e S S AR A
YERR TR T DU BRI R 19 2028 (IR L HP TR R IIR
BEHBERE) . Gu S5 3 i A T 28 9 45 $1 B
iy b, T A AT A S5 A A R SR, HmT LA
AR Gg-Hb DX 3 T TR S AR BSOIR 28, 1 ELS BIS B AH
SRR

ML 7E AR 5 89 Bz

ARG FFE & AR M L XS el
R SN RIAH AN R HA — 2 T aE
R R PR RN S FPEAG PR ST ML R 1] 454 5[]
JFHNEE I A B IR 5 1 R R AT, S 2 T iR
FRBEA A G5/ Xue Z 387 7 111 888
BIFARBE OB E T T ML ARG IR IE
TOOASLRY | ] 3% 8 0] 0| SR ) S AL | B ATL R AR
ofs R T AR R Ao 42 ) 44 S 0 | A T I &0 1
I AEFR AL 43 5] 2 . il R B R AUROC 24 0. 905
(95%CI 0.903~0.907) . 21 B 51413 0. 848(95%Cl
0.846~0.851) R H# K i # 0. 881 (95%CI 0. 878 ~
0.884) ARJFIEZE 0.762(95%CI 0. 759 ~0. 765 ) S fifi
F%E 0. 831(95%Cl 0. 824 ~0.839) .

RUE H HTRRIAE 5 A SE T3 i 5 R A, (B4 4
0. 5% ~3%HIF M FR B EEARSG 30 d AFET-,
SERTFARGEE N AR EE, K30 d TR
4% ~ 8% RIIELI KU DR 2 AT DL B A [ A
ARIGFET-H20 Fritz 851 R4S B 2 45 13
WA 30 d FAET 2, Z5 5K W] AUROC Hy 0. 867
(95% C1.0. 835 ~ 0.899) , FoAf T I i 1 25 [ 4%
0.825(95% C1.0:790 ~ 0. 860 ) . Fifi HL #% #k 0. 848
(95%CI 0. 815~0. 882) , 3¢ AL 0. 836 (95%Cl
0..802~0. 870) F1:% % [A] 4 0. 837 (95%C1 0. 803 ~
0.871) ,

ChatGPT

ChatGPT R W% A sl Il Skl e g™, 0 v
FEITFHN TR BERT ST L (OpenAl) HF 42 Y K
EE B, DIERRS P A ML AR R 22 H REAL
B BB, BEE ML B A W ST, 228 1 B
BB BT, I RT3 A28 A T 5

AR BB R O WE 5T b, SR e SOKE B £ s A
KR 8Os 25 & 47 2 802 508 19 53 bt BF 9
ChatGPT Rl FH IR BE 2 ) ¥ g 1 | 2 8 RVBUH 64T
YA IR ChatGPT HE7E Y7 2 WHE F
SEEE BT N A B 4 R A T A N e S T
U EANHT , 5 AT 38 i v s R A AR SEE AT Y
ZREPETF DY ChatGPT I 25114 H A5 42 38 FH A A
RE IR, R, ChatGPT 3R & [ T8 R BE ¥ ak;
P A U AT U 25, 76 PR sy L A DG BIF 58 1
KA B, HET ChatGPT J& I H K i B ST 2
K FHE IR A TR AT VIR A5 . ChatGPT
FERRE YT iE 5 AL YT R I 2R 1 45
FIE 55 rh# R B B B B E JT . ChatGPT 38 7]
o] 152 I 2= B 5 DR, O 2 5 AH G, A A 2 B 4h
A BEHER AR B B A OC T TAE PG 458
DL B4 nT BE A S A IR R, TR R 7E LA AH ¢
BEY P4 S UESE T ChatGPT 75 IIfs JR 1R 5 A Ak i
PR AR SRR S5 5 0 A B R 5

ChatGPT Al 7 A2 & A 4 1%, (At ] LA &k 45
e, HBEAT A& BE AT B9 455, tnT LUK IS B 45
B, BRAERL M AL 258 TRe e JE F N By 4t
X RERE I RAT 55 R4 7 IR 2, LSRR 27 25 T RS it o8
LRl T L, AR R A el $EAL ChatGPT #)38 FH
INFLRE 12 Pl DL 2 KRB E & “ 4R
ChatGPT? FH P& AT 2 4L 2 5 Z i) (] 6 A i 5
WA Bty BRAS X oh, B B £ b i T
fE7 ChatGPT AI LATE 2 K A2 BE I P Bl 5 Ji 5 20 4F:
%57 FIRIBEUTC BE K B e B3 R, AR 7R
KSR | AL R S37E JRR A7 U e — 37 2 T i 151
) i TR

ML 7£ R B B B A 2

ML AT RASE & Z2 M2 B A [ W00 75 32 3R A 9
Wllndats A2 Bl 2R b E MR, P
PEIN AL I 5 7 T ) < TRD P 0 O R A
ML RS {3 57— J7 T80 AT LA SE o 3 il s A, PRkt
KB B R G R B 55 A BRI A AR
KNGESE ; 55— J7 1 ik o] i 2o 9/ SE % R
GRS T AT R 4612 W IR 1], I [ AR 7
OSSR IE] , FR AR ML 7E R AT AY AR S AT 52 2 B
1 7 BOREIE (B (B 1) (1) AR E
BRI PR IREL, R A —BR A A ML 24T 85294k
At USRS BENTEE IR A% % 0 f B IE
I BT WS Jy MR W B 79 i B9 i PR ) 2L, 3R 4



Il R BRI 24 s 2024 4F 6 H 2 40 555 6 1 J Clin Anesthesiol , June 2024, Vol.40,No.6 + 637 -

Z b IRIE

T A A K

BRI T AL

&0 %)

BRI BRI

E1 MLMEEIN—FEIEREHES

it s e T ge S AR R S . (2) B AEE S AT
APE B PR Bl T 2 R IR RS
s RIS, T SRR R wA ., (3) A
ML 532548, N2 B %, i/ 17 i A 6 1Y)
Oy M DL B 22 G0 A0 A0 R0 U £k 19 07 FH 50C5R 4 T
(4) FT 2B B fEml A 200 fs Bl R
HR 2R T 2 5 0N RN 2 B G IR B = 15 B
i 25 TG AR e B (R B, M s AR R AR R, 3 ML
S TN PE BRI , X F0 A2 Wge S v B A
— BT (5) A IS B AR AL 2 (1Y
FRIS B B, AR 0 FH 3 52 B oA 75 B S LR
JUA TR, — R IR AT R B AR e, R A
RUIE I FZ A 1, = 0300 1 o o e A R e
A RFCE DU AR TR AT i R R I R AR IR0
PR AN AT BEAT T 4 v . ML B i 7575 1) LS8 A
BB , WS i U 2R M R A e T A 7 s T
FHXTG P4k 25 B an ol i B, PP 45 SR dn gz A T
JEERIRYT X el 5 S 1% S TR [,

AR ML WA TEZ A 224 BT R 15 AL/ML
P PR3 50 45 VA P 36 B340 40 A 7 T HL A AR
BRI, A r i 2 A E R TR
—H ML A] DR K H AR FRA T i i o2 =, 7R
AMRER, AL A7 A2 1 By AR 1T BB 25 5 B RR R 2= U
¥ th BT 22 R TR] R 1A T 2 225

N &

A

ML 7R AH A B 45 Jay T | BRI 8 32 s )
AR A G I 0 000 45 75 T i B 4 LR 7, ML
TR S Ji N T A R A SRR P A B e 4 A
P BRI, ML 7E BRI 40T 58 B4 17 300 77 7R3 22 PR
WFFEREAS I AR A5 Y A 3 Y 4 Rz A | 33 v
R PR P ARIRS S 1 SR ) T B 1 L A IR e 4
SRS AT 2 A5 7 AT s 2 — A AR A T B

ML AR B WT A | R 22/ MIL SEAKE 7] BE
T IO B, A7 01T S8 100 17 3 Al RIS R P
(STt , e AR R 1 I R B

Z & X W

[1] Deo RC. Machine learning in medicine. Circulation, 2015, 132
(20) : 1920-1930.

[2] LeeS, Mohr NM, Street WN, et al. Machine learning in relation
to emergency medicine clinical and operational scenarios; an
overview. West J Emerg Med, 2019, 20(2) : 219-227.

[3] Racine AM, Tommet D, D’Aquila ML, et al. Machine learning to
develop and internally validate a predictive model for post-
operative delirium in a prospective, observational clinical cohort
study of older surgical patients. J Gen Intern Med, 2021, 36
(2):265-273.

[4] Tseng PY, Chen YT, Wang CH, et al. Prediction of the develop-
ment of acute kidney injury following cardiac surgery by machine
learning. Crit Care, 2020, 24(1) : 478.

[5] Detsky ME, Jivraj N, Adhikari NK, et al. Will this patient be
difficult to intubate? The rational clinical examination systematic
review. JAMA, 2019, 321(5) . 493-503.

[6] Connor CW, Segal S. Accurate classification of difficult intubat-
ion by computerized facial analysis. Anesth Analg, 2011, 112
(1) 84-93.

[7] Roth D, Pace NL, Lee A, et al. Airway physical examination
tests for detection of difficult airway management in apparently
normal adult patients. Cochrane Database Syst Rev, 2018, 5
(5): CD008874.

[8] Shobha D, Adiga M, Rani DD, et al. Comparison of upper lip
bite test and ratio of height to thyromental distance with other air-
way assessment tests for predicting difficult endotracheal intuba-
tion. Anesth Essays Res, 2018, 12(1) . 124-129.

[9] Connor CW, Segal S. The importance of subjective facial appear-
ance on the ability of anesthesiologists to predict difficult intuba-
tion. Anesth Analg, 2014, 118(2) . 419-427.

[10] Zhou CM, Wang Y, Xue Q, et al. Predicting difficult airway intu-
bation in thyroid surgery using multiple machine learning and deep

learning algorithms. Front Public Health, 2022, 10 937471.



- 638 -

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

Il A BRI 272 2% k5 2024 4F 6 A %6 40 %55 6 4] 1 Clin Anesthesiol, June 2024, Vol.40,No.6

Tavolara TE, Gurcan MN, Segal S, et al. Identification of
difficult to intubate patients from frontal face images using an en-
semble of deep learning models. Comput Biol Med, 2021,
136 104737.

Hatt CR, Ng G, Parthasarathy V. Enhanced needle localization
in ultrasound using beam steering and learning-based segmenta-
tion. Comput Med Imaging Graph, 2015, 41. 46-54.

Gil Gonzlez J, Alvarez MA, Orozco AA. Automatic segmentation
of nerve structures in ultrasound images using graph cuts and
gaussian processes. Annu Int Conf IEEE Eng Med Biol Soc,
2015, 2015 3089-3092.

Monk TG, Bronsert MR, Henderson WG, et al. Association be-
tween intraoperative hypotension and hypertension and 30-day
postoperative mortality in noncardiac surgery. Anesthesiology,
2015, 123(2): 307-319.

Krzych 1], Pluta MP, Putowski Z, et al. Investigating association
between intraoperative hypotension and postoperative neurocogni-
tive disorders in non-cardiac surgery: a comprehensive review. J
Clin Med, 2020, 9(10) ; 3183.

Kendale S, Kulkamni P, Rosenberg AD, et al. Supervised ma-
chine-learning predictive analytics for prediction of postinduction
hypotension. Anesthesiology, 2018, 129(4) . 675-688.

Choe S, Park E, Shin W, et al. Short-term event prediction in
the operating room (STEP-OP) of five-minute intraoperative hy-
potension using hybrid deep learning: retrospective observational
study and model development. JMIR Med Inform, 2021, 9
(9): e31311.

Strachan L, Noble DW. Hypoxia and surgical patients--prevention
and treatment of an unnecessary cause of morbidity and mortality.
J R Coll Surg Edinb, 2001, 46(5) : 297-302.

Lundberg SM, Nair B, VavilalaMS, et al. Explainable machine-
learning predictions for the prevention of hypoxaemia during sur-
gery. Nat Biomed Eng, 2018, 2(10) ; 749-760.

Xia M, Jin C, Cao S, et al. Development and validation of a ma-
chine-learning model for prediction of hypoxemia after extubation
in intensive care units. Ann Transl Med, 2022, 10(10) : 577.
Nunnally ME, O’Connor MF, Kordylewski H, et al. The
incidence and risk factors for perioperative cardiac arrest observed
in the. national anesthesia clinical outcomes registry. Anesth
Analg, 2015, 120(2) : 364-370.

Shang H, Chu Q, Ji M, et al. A retrospective study of mortality
for perioperative cardiac arrests toward a personalized treatment.
Sei Rep, 2022, 12(1) : 13709.

Ramaswamy SM, Kuizenga MH, Weerink M, et al. Novel drug-
independent sedation level estimation based on machine learning
of quantitative frontal electroencephalogram features in healthy
volunteers. Br J Anaesth, 2019, 123(4) . 479-487.

Saadeh W, Khan FH, Altaf M. Design and implementation of a
machine learning based EEG processor for accurate estimation of
depth of anesthesia. IEEE Trans Biomed Circuits Syst, 2019, 13
(4): 658-669.

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

[36]

[37]

[38]

Gu Y, Liang Z, Hagihira S. Use of multiple EEG features and ar-
tificial neural network to monitor the depth of anesthesia. Sensors
(Basel), 2019, 19(11) . 2499.

Del Toro MD, Peiias C, Conde-Albarracin A, et al. Development
and validation of baseline, perioperative and at-discharge predic-
tive models for postsurgical prosthetic joint infection. Clin Micro-
biol Infect, 2019, 25(2) . 196-202.

Fritz BA, Chen Y, Murray-Torres TM, et al. Using machine
learning techniques to develop forecasting algorithms for postoper-
ative complications: protocol for a retrospective study. BMJ
Open, 2018, 8(4): €020124.

Xue B, Li D, Lu C, et al. Use of machine learning to develop
and evaluate models using preoperative and intraoperative data to
identify risks of postoperative complications. JAMA Netw Open,
2021, 4(3): €212240.

International Surgical Outcomes Study group. Global patient out-
comes after elective surgery: prospective cohort study in 27 low-,
middle-and high-income countries. Br.J Anaesth, 2016, 117
(5): 601-609.

GlobalSurg Collaborative. Mortality of emergency abdominal surgery
in high-, middle-and low-in¢ome countries. Br J Surg, 2016, 103
(8):971-988.

Moonesinghe SR, Mythen MG, Das P, et al. Risk stratification
tools for predicting morbidity and mortality in adult patients un-
dergoing major surgery: qualitative systematic review. Anesthesi-
ology, 2013, 119(4) : 959-981.

Bilimoria KY, Liu Y, Paruch JL, et al. Development and evalua-
tion of the universal ACS NSQIP surgical risk calculator; a deci-
sion aid and informed consent tool for patients and surgeons. J] Am
Coll Surg, 2013, 217(5) : 833-842.

Fritz BA, Cui Z, Zhang M, et al. Deep-learning model for pre-
dicting 30-day postoperative mortality. Br J Anaesth, 2019, 123
(5): 688-695.

Sallam M. ChatGPT utility in healthcare education, research,
and practice ; systematic review on the promising perspectives and
valid concerns. Healthcare ( Basel), 2023, 11(6) . 887.
Ollivier M, Pareek A, Dahmen J, et al. A deeper dive into Chat-
GPT: history,
research. Knee Surg Sports Traumatol Arthrosc, 2023, 31(4):
1190-1192.

use and future perspectives for orthopaedic

Ismail A, Ghorashi NS, Javan R. New horizons: the potential
role of OpenAl’'s ChatGPT in clinical radiology. J Am Coll
Radiol, 2023, 20(7) : 696-698.
Kolluri S, Lin J, Liu R, et al. Machine learning and artificial in-
telligence in pharmaceutical research and development: a review.
AAPS J, 2022, 24(1): 19.
Adali T, Levin-Schwartz Y, Calhoun VD. Multi-modal data
fusion using source separation;: two effective models based on ICA
and IVA and their properties. Proc IEEE Inst Electr Electron
Eng, 2015, 103(9) : 1478-1493.

(ki H 399:2023 - 04 - 02)



