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A noteworthy change in recent medical research is the rapid increase of research using
big data obtained from electrical medical records (EMR), order communication systems
(OCS), and picture archiving and communication systems (PACS). It is often difficult to
apply traditional statistical techniques to research using big data because of the vast-
ness of the data and complexity of the relationships. Therefore, the application of artifi-
cial intelligence (Al) techniques which can handle such problems is becoming popular.
Classical machine learning techniques, such as k-means clustering, support vector ma-
chine, and decision tree are still efficient and useful for some research problems. The
deep learning techniques, such as multi-layer perceptron, convolutional neural network,
and recurrent neural network have been spotlighted by the success of deep belief net-
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Korea ligence techniques are comparable to human experts. This article introduces technolo-
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A3 7102 BASHE Hlo] FINThE Fastck. £, o] 3}
ol oz WEFFE0] Fols] 918 12 BAH 1 ES
oFE AT AEEe] B4 olsl Bat gt
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By vf QIeH5]. E3E o] 3l IS Al AlARE o83t AHs
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E3 Xk X & (goal directed therapy, GDT)= & § ¢4
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USA)2{13] 1] 3fl-9] A Y& 1o Food and Drug Admini-
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9] AFAs ok Eeke 252 714 S<5(machine
learning), 15X = S8 vzl QY o+ ¢okFig. 1).
714 S50l F|Zolof ZHA o]8E1 & ol T & 7HA
< dlHlo|g 9] 5ot 714 <52 A2 Hlole e dt &
Aoj| oJsff 2A ==t T EolAoF Bag 29 H
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9 tlojg 9] k2 X|FH o R F7ts] 2025W 0= wid 163 Al
EJHlO|E(1632 7|7Ho|E)7L & Zol2tar gitH14]. gt &
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<2 EMR3} PACS 9] divtE Hlojeut AR B H4A =,
=71 &9 FAAED Fo] Stk dighlg FRAIAE ‘B
A 9z dldlolg /i A A (http://opendata.hira.or.kr)}S
Bolo] A QIFeH £} HEo] Xt Fo A, A
U 59 AEE N5k At 201099 HrE dd A}
o] A AFFE C&she A= S8 A(risk stratification
index, RSD+= oJ2|gt Hlolelg E-83h I+9] =i ARgolt}
[15]. o] A|s+= u|= Medicare©l|4] 370¢+ Medicare provider
analysis and review (MedPAR) 42| 2001¥5€ 200697H4]
A T4} 35,179,5078 9] e, =& =5 o]8sf A 717t
I} AP &5 AR FarEjES 200795 201249
7HA] 39,753,036% HIOJHE ol-&sto] 913 HAEE Y=t ¢
W AFg9] oS tigt 417 22 T4 of2f| WA (area under
receiver-operating characteristic curve, AUROC)2 0.94%,
tH16]. A} eI o APge] tigh 523 JIEE0] £9f
7} 4715= sHAIRE o] 3t A3lk= wie- st Aol 714 g
& 7Io] de] 2Zo]7] o' AXNEZ BAF 4 ojz&
< ZA%or Z= glofe] 9] 1%HS AR8-5H P value 0.2 o1
Ql M8 2E313 10%0A P value 0.052 A3&3 3 2F
Ao g A AE IAE ot YHE oS5t

| Artificial intelligence |

Rule based expert system, closed loop system, ...

Machine learning

K-means, KNN, SVM, Decision tree, ...

Deep learning

Fig. 1. A Venn-diagram of artificial intelligence. KNN: K-nearest neigh-
bor, SVM: support vector machine, MLP: multi-layer perceptron, CNN:
convolutional neural network, RNN: recurrent neural network.
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852 st 2ok F3 A FAIRI BA] 415 FopojlA
9] Y2 ol 2= ujArAl = sk (Massachusetts
Institute of Technology, MIT)ollA 200135 =450 I7H
3t Medical Information Mart for Intensive Care (MIMIC) ]
o|gjHo] A(https://mimic.physionet.org)A Al&sH= %3t
2} glolel7} glom, L U3E MIMIC-TIC] 49 <F 4%t
9] FSAHA B3 HlolHE Edtokal QUrH17]. & SR A
A A% HlogHo] AR = AAEo] HHTL VitalDB (https://
vitaldb.net)7} 9tH18]. VitalDB Al]Eof| A= th=9] 7} 7+
Al A 2RE 7159 6,38889] = 5 A A2 HolHL}
A HlolefHlo] A Ao AR HolH 3 T2 13H(Vital
Recorder)o] &5 & AlFE 1 Jct.
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ojc}.

714 g5 7IHelM = 2E 2h9 7HXE B7ksh] Slsl P
value tAl €4 3H(loss function)= AFERCE &3] ARLE]
= & FEE A5Y WeE AT B+ Zd ofl#(mean
absolute error), B+ A5 °|2](mean squared error) 5°]
I HFY HLE Qe WA AE Z 1(cross entropy)”| Ut

k5 HolH 2R E £4 §E itk BE neirH
£ = I E ghgolet of=tl &3] FAF sk (gradient
descending algorithm)o] AFE-EITE HA}L oS &4 3
9] HAHgradient)g AAtsto] o] whet £4-Z F A}t
= WUFoE sEEHE 2%t} o) 29 FLE oy
E(learning rate)o|z} gtct. 714 5 A] dlolg yj9] ofz] A
E2 AMESto] HARE 7 Hof] AR § 11 Fe2 o]85f 1ot
2 E o 245 RS vlA] S5(batch learning)©]
2} gt} HjZ] a3 ARS8 S8 Ul =Y 5 9
=, 239 7t=o] WAE 139 m2A14 §R(graphic
processing unit, GPU)¥} -2 & A2 ZA5 At A&
o ) £5] Tfslt}. E3L viX] S5 A] v BiX] 2] Hlo|HE A}
A19] Pt RFHAE Hfdlols 2 #iX] B#3Kbatch
normalization)2} gtk ¥lj2] FF3HE AMS-SHA 85 o] E 9

- #Ato] Eo150] 2719 ghgol &2 AR 7H == 83t
7} ek E3E 2E B9 of o] =olXItH19].
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(regularization)gtal k=Y thEZ 22 11 (asso), L2 (ridge)
TAZE ek A= 29 olEtu]E Q] A7t wolR AW 2 7t
A stu|e7) 0 2 HEEH £4] 2 ¢ AR8Rltt o
A9l Hg-2 F2ol 77t Aol ofch. QAH o wdl A
elo]] AF2E|o]-& ofrto]A H R 7]F(Akaike information
criterion, AIC) [20], Hlo]A|St AKX 7]Z(Bayesian Informa-
tion Criterion, BIC) [211% Y 7lFsE(maximum log-
likelihood) 41 <ol sfetu]e 7i4=of B3t HAIE Tt A
o= sjAd 4 9ok

714 a5 2d 8k 9 A5 Hlaols £5] w3} HF0| A
|Erh AA Hlol8E S5 (training), H35(validation), AI¥
(testingi- 2 2 e tha{22], Sh5+t H|oJE| 2 A} shsto]
2 EE FF3etal 44 F7](epoch)Htth HF HlolEH &
AE34 o] APE4E wd 2 sgovt FH5) He
o] 0|5 & overfitting)ol 2} gt ZH2{eto] Yo Hdl
9] d|& AJ50] oA B2 T Ho g5 7] FH3lof gt
A5 Holg s g 27| S0l AMET XA AF 2
g Ho|= o] ARGt}

T glofE)7} Es1o] FE tlolE & Shsgol AMSSHA] &

ojufjofl= Ho|HE kZO & L}o] 3t RS HZFOZ o]e
otal Bt HS 27t 7P AL B ARggltt
HE 22 23 d5d 29 45 F7togt ARGt

DA I|A &5 Iy
A ALHT Y= 717 T TS F QR AR
B AHglo] & RSOl o] ds] Aet wela e 58
olthTable 1). 0I5 LS Ff@ste BA wet 24
3}, 18, 7] guE 08 1hko] B 4 YrkFig 2.

st 22| Z(clustering algorithms)

28} uelEe dolele 4499 SARgl w1 7
ER3le ¢1elEo g golge SN &
sty epflo] 254 roma HZ|E S<s(unsupervised

learning)°]2} 3ttt k-FvHk-means) ¢l 2]F0| E5] ARGEITh
23 212|Z(dassification algorithms)

k-224 0] 2(k-nearest neighbor) ¢ &]& =] F7HA}
oA 7 77k TlolE kE FE3% F o5 + F Aok Wl
Ql #o& A9 T Aok Wrgolth o] MR Ao

2 glol8E diAlsh=dl 8215k AHg-E 4= itk
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Table 1. Commonly Used Machine Learning Algorithms

Types Method

Strength Weakness

Unsupervised learning
K-means Classifies the data by the distances from
K centers and update the center with
the average of classified data
Supervised learning
KNN Finds the K closest samples from the data
and classifies by the major group of the
samples

ANN Relationship is modelled by the
perceptrons in input, hidden, output
layers

SVM Determines the decision boundary as far
as possible from the samples
Decision tree Performs optimal classification

sequentially to the desired level

Labeling of learning data is

Easy to interpret; Nonlinear

Strong in the analysis of very

Fast learning

Easy to interpret; Suitable for

Difficulty in determining K value
unnecessary

Difficulty in determining K value; The
higher the dimension of the input
variable, the lower the performance

Difficult to interpret the final mode;
Overfitting possibility; Long training
time; Requires memory and

complicated relations and the

processing of outliers.
processing power to learn

Kernel selection is difficult for
nonlinear relationships

Complex trees are difficult to interpret;
Small deviations of the data affect
the final tree; Overfitting possibility

ensemble learning

KNN: K-nearest neighbor, ANN: artificial neural network, SVM: support vector machine.

A Clustering B Classification C Regression

Fig. 2. Clustering, classification and regression methods.

Support vector machine (SVM}Q hinge £4 6&'—’1\—01] rldge
TAIE Het E7710ItH23). §
E5E gk g2 gojzl 7513 %71".—3: 31’—'5 : Vﬂ%‘ 5":]'71]%-
Z= Hlole] 9] B¢ Ad(kerne)) 45 o83 A4 HFEWH
5t = Z-o up e A g3}

AU (decision tree)= 54 W49 AAGES 7122

2 o= oj7 ERE Hok= Zo7HA| whEsls ER710lth £
7 71 ¥ 9 2 Hlo|HERE 250 & SheEnh oAb
U9 sissoll= A s ol oYzt CART (classification
and regression tree) €1 E|F0] AHEEE=H A AEZT]
(Shannon entropy) -2 Z|Y Z5(Gini index)7t 47} H&
5 AR 55 F7loks ot QAEAYURY] S
Sh5E 5 2= AEo| €A olsiE 4= itk Aol

5 g1eES FE43 b FoofoF & A2 #1F HlolH 4
9] EtES BASfof gt Holot. #1tF ExFFol EAst
9 Hlolg $7} B2 0] § F85H FHFEH] A5 4450l
Gojx|A At A2 29 HlolH & 77l HHeE:
SMOTE (Synthetic Minority Over-sampling Technique) &
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A Least square regression

B RANSAC regression

o
o‘“ °

Fig. 3. Ordinary least square regression and RANSAC regression.
RANSAC: RANdom SAmple Consensus.

1EFo| F2 ARGETH24).

3| L2|=(regression algorithms)

o2 24 3]F(lasso regression)7} ATH25]. tﬂ o[ 9] o}
# E= B0l —4°P FFE £017] 919l Hlole o IRE A

ef5to] Sl5AI7] & o]& HHESk= 2HAE 3] (robustness
regression) 7|H< o-8% = gk Bl HHCE Q19
FZ T9(RANdom SAmple Consensus, RANSAC) 347} 2L
THFig. 3) [26].

okAbE 51 7| (ensemble learning methods)
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T ol g shadt Fo, o] REASE SAI9] ol83te] B
."

Hol 2 w7 (bagging; bootstrap aggregating) ¥} $-A8
(boosting)o] Jt. B 19941 Breiman [271°]] 9l A|gt
Eolon shs Al AR AE 52 UF HT AREslo] 2
3} WH4eo]] Hgdots S of2] { 3o, o] 59] Fo=E |

£92 AR ol vido] B A5 e ol
1=}

B2 11 2Ailo] £oj57] wiiolth AR oy B
715 A8 o &3 0 2 A dok= WS EEeH2s].

PFE 5 719 EAQ A2 JAFEAH U] Hj7IQl 2

d ZHAE(andom forest)7} ATH291. E7719] 4= Hl

H2EE v tR] 1797] 5771 T UHAE GEsk= 4
S B30l FAY ndo] il d2 HAF A
(gradient boosting) &o| 9t} <3t & 52 A= 1
Fo] A7t o] 7|HE o] 85tz HIEA] pAl] Aol &
£3)) HI1E 343t

oA E0] 20164 IHE HIF & 22 InSighte] 44]
7+ A &3] AUROCE 0.74%tH31]. 284 201849 22
o] QAAR U] AAF RARS 2835 A} AUROC
£ 09622 Z71519tH32]. 2018¢ WHHE E e d7=
A Y F4 Al acute kidney injury, AKDZ cl&317] sl
OAFER U] HAF AR S ARSIl o AUROCE 0.90
FrH331.

Held 7™

HEd2 o7 39 ATABYE= AR 714 o5 719
Rt} 19439 McCulloch¥} Pitts [34101 2Jsf 2&70% Q15
ZA X artificial neural network, ANN) k9] F2 & WHS
duEo R JNIEIL ey 27]9] Bd9] o5 4ds
e £4 519 oly Q15 Aol gk #Hilo] EolEAl
E| 3ot 15 Ao AEA F2hE A2 200090 +5F A4S
A& (deep belief network)d} ABFA4 4173 (convolution
neural network)?] oA K E|tHFig. 4).

= o

FfF

rlo

B CNN C RNN

Output Output

Pooling Gatel

[ Ros Cell
Convolution

LI Input

-~ @@® Input
Fig. 4. Types of deep neural networks. MLP: multi-layer perceptron,
CNN: convolutional neural network, RNN: recurrent neural network.
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Cr=AM A9 Multi-layer Perceptron, MLP)

AF A8 o83 19909t 9] B2 A2 1-259 2
Y35 +(hidden layer) 7H]= &2 417 Y (shallow network)&
o|-g-519it}. 124, Hinton S(35]0] ®Eo]g ] sAe] 212
Aol At o g ZHgsh= Zs Hol1, 20104 olF EF
ol(dropout) 71, ReLU (Rectified Linear Unit) == 59|
a=Elo] B} 712 39] QlF AT k5ol 7hHssid o =A
H| 24 g3 Aldi7t GEA =i

TF of2 ABTY S5 Al PR LEF T19E g6l
SESAIZ[= HPH o 2 oRArE rmdly) 7+ §Y1E LERATH3A).
RelU $= 2449 A58 HAE Qlofl &40 AAE 2

LS.
-0 3

=
ched] T AIATS S A WO 2 £ TS Al 7
o]
L=

SAT 7124 3G i A5 E]ls] At A8
25 Ak off B9 Stk Lee S381 & F AUl AFS 9I&

3= 439 24YSS /A= MLP 292 THE9oH 59,985
g &2 467 EA 7} w|=mk2e}3](American Society of
Anesthesiologists) 44| 53 A+E FZ0t0] S5AIF 1
A7} Atk 7 59] £93% N E Qlo|x AU APEE &gt 4=
2193 AUROCE 0.919t} &y 1 A7olA 22 AH 3]
139 AUROCE 0.900 & H]&3t 21}E B Yr}

st E AMZA % Convolutional Neural Network, CNN)

Lecun 5[391°1 9J3 £71E CNN2 $45S o83t I54l
BAYoE F2 34, o|n]A] Hlo|g Az of ARGHr}. £3] o]n]
A glolEollA Q3 945 FE517] A3k EHAS A53 2
2 8591 A £ 0= 3t GoogleNetd) 22 & sh5H
CNN 2o Y39 A5 o 24 sfade Idz &
€2 4 9=t o]23H S A o] Sx(transfer learning)o]2k
11 gtk Ho] 853 o835t 70 sk B o]83tke
2H N2 2o AT Al 2 9] HloJEH Rk ulj-¢- 943t
59 ndE AEE 4 ot

oJgha} FAE FEd ®ofollA 201792 71 HIgl §jo]
o} g off Bt aE dHe =750 A= vl$ =Ht o]
S 25 CNN# Ho| ek5-Z ol-8s19iar g, i, mji
I, @Felstat FYGoA AelE STt 2olA TR
3 G B85S A5k ¥ GoogleNetollA #0]
59t Bde ARESH o AUROCE 0.994tH2]. o5
o g n|HokS Akshe= Bd ES GoogleNetolA] o] 5}
&% 2dg 0]8351% o AUROCE 0.960]4TH3]. F X
A ARlc2RE HZdS Adshs gare]EolA AlexNet
T} GoogLeNetol|A Zo] g5t o] QHEo] AMEE LT
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AUROC7} 0.99%EH40]. 5+3<+ Fzd Ho] ojfof thgh e
T= 292 2719] GoogLeNetof|A] o] S5 mElo] QRARE:
< A8-8191 3 AUROCE 0.99%EHII.

CNNo| G4 EAofqt 20]:= A2 oft}. Rajpurkar 5141]
L& AT BA] 1D (1 dimension)-CNNS 2-8519111 o]

£ 72 3450 Zoltt. AakF o2 A AR iR
£ Fogu ZctoflA o HEs ARE HE7E AT 5 9
k.

251 MZ9KRecurrent Neural Network, RNN)

RNNL2 Hj5of 27] ZH4le 2 EEole = #ojoj7l Qe o
JAFYOE FE AAE Hole9 HHE flof AMEH
RNNojA] £3H5-9] A2 e ZF AAE dlolg o thsf] 24
AGE| B2 &4 90 HAR= AAIE Y] Zol7t Aojd45 A
202 Hf 0 32 F3tt7t fot. o] A wiizof BlaE X
D7HA] Z& RNN2 ghs50] E7Fs3ink. 12y 199749 s
Z-t17] 7]19(long short-term memory, LSTM) [42] =<3}
gated recurrent unit (GRU) [43]7} HREHA] AJo] v
o}, o] RS2 Ao|E(gate)5 Fo] ST A& AT
5] 712 S7HA Ao =4 RNNY 85| 7Fs5HA of it

ANAEE o]-&st= tFE9] AFEolA LSTMO] AHE-H
1 9ot B AAEo] Rt 2 xE3) Hujdelrd ol £
o|g o 27 ¥ BISE d&5t= A7olA LSTMZ propofoldt
remifentanil 0] A] AJ7to]| W Fo] oFE9] oFForeshs
R3S B2ARSH ] Yol AREEIe BIS A& 9lo] 71&9]
response surface model Bt} @25 Hul 7jgFo g YU 4
U B rH44].

(o]
[

]

Al

olr
mjo

JIEE 0l

rek

0| 23

AG7H] ok JIFA1s 7'M AA Al F8517] 9
A= WA, divt= glole7F Easitt. A9 tlolg e =3
Folnct F9sit oo 2 S35t glolejrt sjdd 4 9l
WA Ao 3t ofot]oi7t I Qo). & AR E0] A7t
e £2 ofojtolst a3t Zrh. 4, dlE W49 9444
Z87J0] Slojof gt} thEFoE QY W /Y 7Fs et /I
ofof gt} wixeto g QI3 £ 719 o&Eo] F85] =of
of gt} EAo] ulzt 2 A5 2 A+ EH AUROCH
accuracy 7|£22 4 0.9 &2 90% olito] tifEoltt. &
g Ho]| i3l o] & HE3F oflF0] 7Fsote s BE FHIt
A ®go] E0171 U=AE AESOF 2T

02 I FAPE 23 BAIRIA, 5 EAIRIA, 31 A
Q1o whet &3t JIFAls RES At} upxjeto g o]

)

Lo rlo

[¢]

www.anesth-pain-med.org

£ st AR AA7HA] 13§41 S04l HlolE
& 79| AE7HA] 0] o} &= Q)=
-3 2 o] gloug §IARQl e5S HME I+
A7} A4 Pythonolt R 59 ZET1#% 1ojE o|gsto] 2
g " a7} Qtt. oEAHAE 399 HolE 3t 7|4 S5
I go|BejE2 tiE FE5& 37h=] itk Python
TensorFlow, scikit-learn, keras 2}o]E.&]g]7} &3] AM-Hc}.
R dojollM= 2+ 71 E=E 7|71 Uelelom 3]l =7
A 2= h2o, keras7} S-g5itt. B2 m2tu|EE 717 1dlo]
shgoll= 23 A7to] 8=t GPU7} Q)2 o|& 1% T

242 % 9irk.

Lo
™
_)il‘
>
i)
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X
R

2 £

71e9] FHE o7 FgHo] 97 IS H9] up-to]
etk 19509Y) A 287] 5 98 AR Hopt AlFHE
T AANE A2 o]Hr} QHA A7)0 EFHAIAE Q] PO R 7]
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