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Clinical prediction models has been increasingly published in radiology research. In particular, as a
radiomics research is being actively conducted, the prediction model is developed based on the tra-
ditional statistical model, as well as machine learning, to account for the high-dimensional data. In

this review, we investigated the statistical and machine learning methods used in clinical prediction

model research, and briefly summarized each analytical method for statistical model, machine learn-
ing, and statistical learning. Finally, we discussed several considerations for choosing the prediction

modeling method.

Index terms Precision Medicine; Medical Imaging; Clinical Decision Rules; Machine Learning

2|2 o} —TLOW = BPZ} SEE Qfohe fI% F olS 2 At 5ol 2| o] FoiA

f .
25 ey “h h@*} 52 At 7 9% IAke] o] AL

B210] g4 0% mo] olF kR 7l Ael X B4,
olct. afeb, /3]

3
o} A7 Holol A= g 92 TR YA ol mae] £-27F S7ISKAL k). AEHOR

W o5 P2 A W E T SleAol 7IRkshs 7497 BTH2). 3742 ok 7 o

Copyrights © 2022 The Korean Society of Radiology

1219


http://crossmark.crossref.org/dialog/?doi=10.3348/jksr.2022.0111&domain=pdf&date_stamp=2022-11-30

THE KOREAN SOCIETY of
RADIOLOGY

JOURNAL of

}A] 220]= R o]t

O]

o] J ATl -8

Ha7h FEol 1)

Machine Learning vs. Statistical Model for Prediction Model
_q] =
=

/b]—

oj
wjr
®r
J_.mo
]

| H]

2y
ojzt ¥4 tigol o

o

=

=

oZ o

=13

Al Soteb 23]

fof mAlefgel 7]

o}, ok

}

oz, B ok 7He) FdollA

of g} £HTE EA & W] 747t o BA "ok

ko)

7HsAdo] =t w1k Aks

mER=IP
ottt

-

T

=

°

o]

o

+

Jol] Al
IHE & 5291 B4
A=

A
o

o

Is

), 12]al SAISH5(statistical learning)©l] th

=
e

15

o
T
Ty
=]

=

jL

T

< 49
'§'

&

w3y Aol A}

1]
Aol 24 W] Aelol o] Tajxf

=

=

°

o] 4 Bde 2oz Hy

9]
o] Ao of

3|

8

}.
ofo] o

2~
T

o
=

[e]

A
tol x}elo] obd Hehol A2

< st o
2 &3 wAleY ()7

b

o
7

5

Aol 24

15

f

o]

= glo], 5 7H 2 & ojdl
7120 57

g& A A

(3). °I=]

oy} St

A

A}

L=
T

Pl 1]

)

o] RLATH4) 28

4

ol
il ]

1
I

o

™

be 3}

4} o] 20|} 247} o]

°

tof 27

b

4

e

0]

of
ot}
£l &4

sk

Al
=
=X

2
o

T

L
I

T

q

H

L

&

141

5]
ShA]
S}

71 9

<)

o

A2 =g F

¥

[

= maol 2}

old
1

S
of

T

f

o

mygoa
o] A

=4

o

=
=

-

2
A=Y

:TL

s

Nl
faL A=t 7o) o

T

5
—
e

AHAS
A
=
shl, mAlelde A ae

E

2!
Hr
oju
A

W
L

__O‘_
o
X0
Al

jksronline.org

E_‘O]

[e}

Apd Abzol EE&Afolehs HollM mAl=dat

St 7P 2§ (generalized additive model)

]_

old
—

= least absolute square shrinkage and selection opera-
C -
y L =2

°

]_

H
ul

=B

} LASSO), Ridge, Elastic-net

°

1= dlof]
123 (penalized regression)l] 7]

A
tor (°]
1220



JOURNAL of
THE KOREAN SOCIETY of
J Korean Soc Radiol 2022;83(6):1219-1228 RADIOLOGY

SARIL, THERHoverfitting) & Sl Hlol WA o4 i HlAY $4E H8Y B B
2ol 7|45t} HITTH HollA BlAlegaks TRsle] £a3ith

EAIS Bt lAle) 92 Hlashe A7 E-L horet ool
oA A% BHDAT BERA S Bol £ WHES) S e A TE(812)7 Tt W
et £7) 9 oAl 2d Wiise] 482 Sa) RS SAet A 5(13, 1412 He 4 lct.

2
e
il
)
2
)
&
*
i)
uie
oz
Fr
S,

23 S E3t Auolst Hojo| 0 DY 17 AfE

B/delst HofollA S 752 flo AFSE BAIT mant vialeld 7HES AR
9f8l ¥ =755 PubMed2t MEDLINES ‘551] AA5HIt}. 3 4220181 14 194+
E] 2022\ 79 87HA] 73 28t Hofe] SheA|of] ZuE P =iEe d o R 43silon,
Hlef B4 = 2R =22 ol agebA] okt A o She Al 94 2JEtte] waA
42} 20214 journal impact factors 3]0 2 112510 Journal Citation Reports2] RADI-
OLOGY, NUCLEAR MEDICINE & MEDICAL IMAGING Zofoj| A} AAs}ic} 2]Z2] 0 & Ra-

o]

diology, JACC: Cardiovascular Imaging, Medical Image Analysis, IEEE Transactions on
Medical Imaging, Investigative Radiology, European Heart Journal-Cardiovascular Imag-
ing, Korean Journal of Radiology, European Radiology, Z12]1l AJR. American Journal of
Roentgenology & 97119] &t&2| &= Algtsto] =7 AMS 4a45t3inh. 240 = Supplementary
Material (in the online-only Data Supplement)xt 2T},

w3 M AIE Table 10 OF6IQIth ARSSE EAIRY e HAleld R 1 45 Qo6
k. 2E W & ZAAH SlFEAC] AlY Bol ARSE11(43.8%) =4 vl 1 HEA
(18.4%)°] FE oIt Athgoze= Y ZAEY} gho] AREE2111(10.5%) ol= HA 21
5 7P Bol ARG ol k. ZF jf o tigh etk Avlle vt .

M¥ 2|7 (Linear Regression)

MBI B4 W47} A45R) A9 L8 EIE ARl 57 meoltt. 8)7) A48 Ea) 7}
7o) 4 W47} 54 Wigo] nlAl Yol 2712 st Gl fole B 4 9|
whzol shAo] Golsitt. 419 Sl7ls A W4et B4 W47k MY BAS 7T Qrks 7Hy

sloll @S A4el7] mheoll A7) lolEle] S wiet My 4ol P} Mol ohd 4ol
o2 mge] HBHEr} 714tk wot tloele] 47} Ay W40 4ol Hlsto] ZE5] A o
7% 813] A4 3740l Aliste] sjAlo] Brhsald 4 e

Ho

rlr

rlo
%

EX|AE| 2|7(Logistic Regression)
54 wigeo) e} o job] 2. o} 2o o) Bl w4
2 o] 7Hsatch ZAIAE BT 54wl 2L

5 =
E g o ol £ g BElY shs ol

o

N
oN oZ
A|m
S

https://doi.org/10.3348/jksr.2022.0111 1221



JOURNAL of
THE KOREAN SOCIETY of
Machine Learning vs. Statistical Model for Prediction Model RADIOLOGY

Table 1. Conventional Statistical Models and Machine Learning Methods as a Prediction Model

Methods Number of Articles (%)
Conventional statistical models
Linear regression 92 (8.6)
Logistic regression 468 (43.8)
Logistic regression with LASSO 43 (4.0)
Cox’s proportional hazard model 197 (18.4)
Cox’s proportional hazard model with LASSO 5(0.5)

Machine learning methods

Decision tree 28(2.6)
Random forests 112 (10.5)
Random survival forests 4(04)
Naive bayes 11(1.0)
K-nearest neighbors 16 (1.5)
Support vector machine 84(7.9)
Linear/quadratic discriminant analysis 8(0.7)

LASSO = least absolute square shrinkage and selection operator
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