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Prediction is a significant topic in clinical research. The development and validation of a predic-

tion model has been increasingly published in clinical research. In this review, we investigated
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analytical methods and validation schemes for a clinical prediction model used in digestive
cancer research. Deep learning and logistic regression, with split-sample validation as an in-
ternal or external validation, were the most commonly used methods. Furthermore, we briefly
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7¥stal Ioh1,2]. dlE S0 AP |dAFoA = 744 2 =RoA = A37|4AT Bokoll A9 &y A
g5l WA Fod 40149 o8 JAES I HFY FHE At AEstar, ZF HHE g
olgsto] T1 WY A s7] Y3k BFo|H3] 7] A3 FHHS AFE 17} gt
ALelA Feety 7] AuE gEoto] eF A =
9 o9 AT AP Z dSsk= 2P 5ol At4l. oF MAIN SUBJECTS
A A9 7|2 JRY Y, HYTE 2SS T
roto] Aol AW A E AGSHAY AFE Sk AU 20| HISEE o AR
Zo] qE5n g e BZol1, o]F o AFHo=E TAT
2 9 S this 3] FE A (multivariable regression 42317] A9 dEry Lo AALEH 545 1
model)< Ol &SP TH5]. F o= @Y 7|HE oflzr I FF WHS ZARSH] 95 PubMedellA 20199 1‘?%3
713 AR E 8ot 47 ol 9513 As  1¥9HE 20239 62 309714 9] =52 AT
o tigt A7} EsHA o] FolXHA HEHA TA T A O A2 43%17] BoF #EAT impact
He 1gslo] Ay THAE, dEd S HAlgdo 7] factor® £¢& 02 1835}l Gastroenterology, Gut,
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Endoscopy, Gastrointestinal Endoscopy, Alimenta-
ry Pharmacology & Therapeutics, Gastric Cancer,
Journal of Gastroenterology, & 7719 A4d& A4}
of AH Bkt A& Q] PubMed A4 #H2+= Supple-
mentary Materialol HA| 3t

A At F 462W9] =F5 ARSI =
07 JERY L5 AN BY AT HF
2RA ) ole) dlzuy WAz 45 998 A
&3 A 44 O & AojA FEH F+E Atk

ey 23 dany P43 42 e 242
Tables 1, 2°1 A=A} £3P7] A7oIA+= F21'd(deep
learning)®} 2R AE 3]H(logistic regression)’} HE

Table 1. Statistical and Machine Learning Methods Used for
Developing a Prediction Model in Gastrointestinal Research

Method Frequency
Per method 217 (100.0)
Deep learning 82 (37.8)
Logistic regression 62 (28.6)
Cox proportional-hazards regression 36 (16.6)
Random forest 15 (6.9)
Gradient boosting 5(2.3)
LASSO 4(1.8)
Support vector machine 3(1.4)
Others 10 (4.6)
Per article 462 (100.0)
Classified 202 (43.7)
Not classified 260 (56.3)

Values are presented as number (%).
LASSO, Least Absolute Shrinkage and Selection Operator.

Table 2. Validation Methods for a Prediction Model Used in Gas-
trointestinal Research

Method Frequency
Per validation method 366 (100.0)
External validation External validation 227 (62.0)
Internal validation Split sample 85(23.2)
Cross validation 30 (8.2)
Not specified 12 (3.3)
Bootstrapping 11 (3.0)
Repeated random 1(0.3)
validation
Per article 462 (100.0)
Classified 333 (72.1)
Not classified 129 (27.9)
Internal & external both used 38

Values are presented as number (%) or number only.
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Table 3. Comparison of Machine Learning Methods: Advantages

and Disadvantages

Models

Advantages

Disadvantages

Deep learning

Logistic
regression

Cox proportional-
hazards
regression

Random forest

Gradient boosting

LASSO

Support vector
machine

» Modeling complex
nonlinear relation

« Easy to understand

« Time-to-event data

 Time-dependent
covariate

« Prevent overfitting

« Parallel
construction

« Prevent overfitting

» Handling missing
value

« Variable selection

« Effective in
heterogeneous high
dimensional data

« Rare event
classification

« Expensive cost and
time

« Overfitting

« Difficult to
understand

« Multicollinearity

« Proportional hazard
assumption

« Difficult to
understand

« Memory
consumption

« Difficult to
understand

« Randomly select
variable(s) when
there are highly
correlated variables

« Difficult to tune
parameters and
select kernel

LASSO, Least Absolute Shrinkage and Selection Operator.
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IEskeE Ax -85ttt 2 H|E A AAE &8t
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7] Jdo 2 A& AA|%(curative resection)Z HF
RS Aoz 919 At (extragastric recurrence)
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8 FEFo 2N AAF] EAE At gutst &

tH13,14]. Ay ZHAEQ 714 & G2 49 o]
2olth. & oA A% R dedtat g, WY 29
AEL& o] YR 2yS Aoz BEs)zoH15].
Ay ZHAEE 83 A9 A2, Liwinski 51161
21 nfo] g 2H}o](fecal microbiome)S £A15}0] 2}
7FA9A) 7 (autoimmune hepatitis)d EA @5
A @ F(primary biliary cholangitis)& #E EH A
EE &89 a0 E BRoles A4S $otqth
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12C|HE HAEl(gradient boosting)
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3oto] HRE £ =2 95 d5 ¥ HYHS AT
o}, sHAE oj A 5] 1Y A9 of# 22 FolsltH201.
XGBoostE &83t A+ F s4=E, Kwon 52112 9
A e T A2Y G d5S R AFE UEL HE
3y

24 (Least Absolute Shrinkage and Selection Operator)

22 (LASSO, Least Absolute Shrinkage and Selec-
tion Operator)= 3FAEANA W45 A3} H13+
(regularization)& A0l 3ot= YHOE, o]&= 55
2o 917} shi= ASAA W9 AMerE S 1
o B2 1Y ARoA f-8olitt 2h2e A dHgk
o HlFsto] HdEE FoFoEN HYPY EJEE £
Aslal Ayl 452 AR gt e gE 24
€ HgE 9 Ao weh, gt 245 20| gedty
w AR 37 AL ZEs] 00] Fo] ¥4 A=o] 7155t
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Q3 W AASt AF H5= FEAIZITH22,23]
d8y e Wy a7 AE 5 230 ) AE ¢
9] M-S AES = Q= SAE 7HA L 9o, &2
BHBAE 7H | T1F HolAE AEo] 198 d 4
Qo] FAI7F Aoh24]. 22 E 83 A9 A2, Ali &
[25]2 WA 42914 @< (endoscopic sleeve gastro-
plasty) & AZFA&(reintervention)®] 7Fs/doll FFS
H| A= W Ao SR E ARSI, $HE WS 2670
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MEE HE| H4l(support vector machine)

A REE g HAl(support vector machine)2 ©|o]
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Aot thgo] AtH28]. AEE HE HAlS 883 A
9] 92, Yu 5[29]0] s AlE 2] &3 1 RNA (ex-
tracellular vesicle long RNA) Z2u}d3S 7jdto g
H& XA(pancreatic ductal adenocarcinoma) H&
= e A ¥ A A7 ik

Al
2

o
ol
0z

Li& ZZ(internal validation)

ASEHFNA Y YH AFS2 BF 9] o5 o] A
3t Hlolg NEE &5t 239 s F7Fske Ao
ok Y &F AE2 AMgshr] Fhdstal E vHlgo] Ho=
o] it} ohA|E HEo| 53l HojE
35 F7Iok= A0)7] wZel 22 tlolE o digh
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CONCLUSION

2 =wollMe 37| g BopoflA 9 &y AT
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(Transparent Reporting of a multivariable predic-
tion model for Individual Prognosis Or Diagnosis)
statement [5] 2 A% 44015 F1F A& S
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