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~ #% % % Jg(Colorectal cancer, CRC)I treni & &g = ;% » £ BB E { o & ipen
3N THRR o A R e E { s eigR NI R VL L -4 £ 7 Gauaiac-based
FOBTs (gFOBT)#£ Immunochemical FOBTSs (iFOBT) - gFOBT & B = sV £i%iF 5 -8
e LY o 2 FEARE 0 A0 gFOBT » g3 b swudyieisg tBRF
e 2 R IR Byel B dr i 2 F R Reng VRE o Flpt o RATRAE L <
&%yt A_IFOBT > # iRl = 3 LB B A& 0™ 34 1% Pty A g ena ok Kfa iRl
F? £ M o ibs AR - B RS wAEATY § ¢ - A2 o gFOBT & AR
62-79%7 £ R |4 87-96%; iFOBT : & ¢ /& 79%2 4 R {2 94%[1] - G ¢ &= A& T Bx
h™ U IRFRT F 4 hig AR (Sensitivity) £ #F £ 14 (Specificity) - & F]1 5 & {3 # # 4k i
fedt - X Flegki s A AFE B LMBEREHI Y R HRREE £ ARED
¥ %F?‘oi’gﬁﬁﬁ o Bl o BRR TR B HR R B IR RS e

BB R A AT S R AR A E SRR L FEF TN
B A REA AT P B ARBESNE ] HFRREF L 48% @ adidiz (4
A% R 102 & ¢ 52 F] 38.2% o ARG H 8 BpE it 0 4ot 5B G R R T Ipda s o
ABDRFL LT HERASBGER VKRR PR RERK o F LR Y F R
s W o @ F A Foafe & LR - ?ﬁf‘m’*ﬂr» RGO FERARERE DR S
R RIS A TR FRBAIRIEF A o RA > G X RS K L R 4
PRERE-HDEFABIESEKRE P EBEBIOBFEHRS S][2] -

T o F A A N F ?’;“ﬁiﬁﬁl e P )I‘wib AL AL R L
Gt g LTSRS A S ESRGFRIBES > X RS BEB LR R DEHC TR
WG EASE SRR RRRIED S «}%54_:}’&}531 (Carcubienbryibuc antigen, CEA) » i
PR BB E Y opeha oo @ A - B (S 4p (Prognostic biomarker) o 4
FATEREERL L S AF 0 GRFATOL RRRITP S R DT LS O
CA BT AL REY § 4 EGRB RS Y Python s 323 & B R Y TRk Bl
@%%éTxiﬁf“Mdeﬁm?fﬁﬁ%J’ﬁibPé*?ﬁiﬁﬁﬁﬁﬁ&ﬁﬁwﬂﬁ#
[EHp A dhfgiRl b o Fh o AR R R T Python 2 2 4 EE Y AT 2 % 0w iR
TREAHEGRE-
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A& P R AL RS GRRRIE D RIS RS YRR
(=) 78— fhaE e 2 B g?

() 78— B R|TE B Bif £ % SNIER L B B B R?

() EF VA EEIZA LB s FHCER e B BE Y i )Y

=N i
(<) BEEY SR BRI
1. BEEY 2 @

&1ﬁ§‘%$§?ﬁﬁ&§“{$¥f AASEG o $EF Y (Machine
Learning) & % »+ 1959 & 444k 1 » dp en A VT Mo B A B AR LG e
¥4 om 4 147 £ (Artificial intellegence) | {/ia‘;] Eiwafg BN A ST E T RiEd
Glavie * fj 8 i IF 2)9750 e 7 218 o A 4 Y (Deep learning) I £ dp 4 a4 5
(Neural network) #72& = chiicd] » F1H 538 7 7 I & (Layer)sh e 1L % dc > 47 247
G it > HALLIFREV[E]

2. PBEEY i (S

BB & Y oy g(Train) & & fc(Function) s Fitting 4p i » f5d F 422 407 RI 2 5 %
FOPEREY OIS GE LI P I AR RS BEY Y o REP L - T
TS 0o L TR R M AP AT LM A SRS Y AR E B R A R
AR L ZEFITOTREFWETY Sk o B TR OBE F S 0 F AP
R\ FE S o L b 7R X 2R HE(X-fold cross valldatlon)1 300 TR
A w X g XX el EdiR s 3% UX rF e ivskiEm RS %
REE X 0 b #RFEE DDA A e 8 X @R IERES R [4] - A8
7% 10 B 2R FHE(R-)
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" S5 15 s S48 60 F 24
”5 SEl %106 | 6 6 e 6 18 9215 48 & ol
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9 | 9
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1045 X LB sd

Bl- ~10 B 2R %#ET L E
FEBEEY R %
WEE Y g B %S & o 7028 a8 (Confusion matrix) 4 = (Bl= ) ¢ 3
7 E M5 (True positive) ~ B 1A 14 (True negative) ~ i % |4 (False positive) ~ i f£ 14 (False
negative) o ;& ¥ 4B i 49 38— ¥ a2t B 0 g & (Accuracy) ~ o FE & (Precision) ~ & SR
2 FB 5] - ﬁwﬁggéfL%ﬂﬁg;ﬁ&%?ru§~ﬁ””%§ﬁiﬁwuﬁ%¢ﬁ
(Receiver operating characteristic curve, ROC curve) - #i—rqi:—gi;ﬁe T fcd T 5 (Area
under the ROC curve, AUC) {E 2 TGS RE Y s g i #::—tqfc—g;;& T8 ficd T
BAEE A 05 fr 1 2 B o B TR BTG f EARRIT 10 FRARRITE T B

[6] -
AFHRA HolE B
AW EBRE  ABE )
rue positive | False positive & R - mEkF WA - BRHEE
KRy BB | TR [Febepesve ) £ KA
AR JE "!yﬁ‘f'—#hﬁﬁ
A B5 £ | Falsenegative| True negative
FN ™
1-45 824 R - & . .
ok = ABECRBS BB+ AME )b+ A AR AR b= —
B e T T T IPAFPAFNATN
AL = FE AR R B > BN AR M 1 = —
N
k4 & & 3 —
3R = B AAR KA BEAR RO E= —
P
HEE=AREREAREES > DERBER TG LG E AL E EGEERME= ——

Bl o~ e



4 PEEY

WEEY T EY RGUA LA L dE TS F Y (Supervised learning) 2 2L £ A5
¥ % (Non-supervised learning) - £ B4 & ¥ h L A BF Y 'R % m@ﬁa ,
€ i - i’gﬁq‘i A R (label) o BEde- g kST P AR A S E SRR LS
R A X FKXJ& H e kg& H#}g:ﬁ,,g.:‘zca’gs—\gsagg Sy g;;;;_g
F¥ Ao fgd FALL ipd %23 Pf’mﬁ'—é‘é‘«[7] c TR E Y T BB Y ey
REFZFEERY o bE - LT 2 €S HH TP EEY ¢ P upiT T A
Az ko ﬁ%ﬁrw?gbgj&ﬁxrgjp e A g¢ B R ETHAF - B2
EENEY AH mnegm%ﬁ%f EBE AL @R E e XS
B E AT b - Az FRER A foR R R FRFF AR - B¥EE T
REREE AL T »f*éar}%& l‘é%[8] o

5. ¥rWPERY A2 AR
FF AN BAE Y guw 82 (Algorithms) ¢ % 74 5 #H(Decision tree) ~ % #% # +k(Random
forest) ~ £ 3% » & # (Support vector machine, SVM) ~ 1&* - & #% = (eXtreme gradient
boosting, XGBoost) ~ # & it #- & #& = #(Light gradient boosting machine, LightGBM) ¢z :%
Ew EIT?(Logistic regression) o

(1) XA

AR AN 2 R PR TR 0 ¥ e (Group) st & 0 A TR
Rbo) i (e R Gt A IR G RAE AL~ B A £ (branch)
L Eigies g B NSRS P RSB gL 2 A H i§ & (Cut-offvalue) » £ 2 4 ¥ —
BAL oqopt- BAETE S EFFRLE[9 -

(2) £ Hit
“{%w“ffmgﬂ = 5%, {;ﬁﬂ AL T
Mﬂm% GORFL BT HE s 0 mi—w‘ﬁ AT
s d %‘?”ﬁi 2 BE - A A R
,F&q:u{ﬁgﬂ:ﬁ AT s 5E 5 [10] -

@) tEwEY

AESEBI BV LOERFSBEEY AL VAR RS R
AEEHNLH SN LB ES T - B skt A Bagw(Class)z B ehg i
TG ’fﬁj, TS B2 e agn o ER AP o B NIRFE VT L RIE R AR il
g T2 T UG oexfE A b e 5 ank 3E[11] -



(4) B UFR &

XGBoost #_d # R E g H ~ F4 1 4 X H 213k 1) > §.2 Gradient Boosting =
A AL (7 e L o Boosting £ip #AF AR 1~ B Y il L eheiiCa] s - Az
B2 S b NS M 2R % o XGBoost et 2 & 7 T I B IR E
o s Eanb i i S A S deor LUL2 MR RCRAE AR R~ 12 ki GPU
TfFitEE[12] -

G) EEHFRES B

LightGBM » £_§ >t - 4 Gradient boosting » £_d it B Ff #73% ) o i B H03) 2
A XGBoost sk gh L B {770 > AP R T o] o B P ine 2P GRp T
LightGBM enifgh: { P-oi i B e { F dred ~ M@l ¥ ~ i fg gl 4
Bofchz [13] -

(6) #i&st v ¥

RS w - s A& A s R 2 A R () S B RE(X) 5
BE e o g dpp o e AW R P Ty A, TEAT,
2R L& 2pdy o pRBA S AR 5 R R st 0 ] R i[14] -

(=) BEFVRFEKIE
1 BEFV UL -

BEFYEATE R - BER AR UL R VR FE Y P ik
(Feature) o #Ac A FA § ¢ 78 p o BEAcHE AR & cnak BT ot R0 B R
BB 5§ TR ARl 2R > RS FA T AL RMOPS 2 6 SRS
VRT3 o BRI BAROE OF 2 RGP LT SRR 0 T RERFRESR
¥ eipipl 4 #A[15, 16]

2. Hkd AR s %i&#‘-‘i’éi“ﬂﬂ‘f
PR e Sl G # e 42 (Feature engineering) 0 i & P oenif £ E N % en
Pl B K MR P HLT] - A T L ALY AR SR THRIERT -
FABE A S B Y HCAANE & R v P AR B AeiR R B Y b -
,T&—E‘Lié fR e 3 FE A R A BRSSP L 42T BAGE B
A o

3. ¥ A ehg ik AR
PR ARNT L2 G 2487 ¢ 3 BHACER s B R £33 B i o FHGE B
(Feature selection) » £_i¢ * i3 2 B B 2 47 o M2 d B ?‘/I;Jc P E ok
T RR o %@:M% (Feature remove) » §_7 2" I 5 25 G 42 > %’ﬁf d -4 % K $#
A R i o B {5 B 4] i¢ 44 #ic(Feature creation) » 4p s E_H-5 b H el L £
HiEE > REFAE AT Mo o TSIk R S 5 3 A (Estimated glomerular filtration



rate, eGFR) &£_* k3= ¥4 i chdp ik i&{g@ & L R E SRR A )
FT 4 #[18, 19] -

() PRemRa P 2PBEFV ok

Freanfdm b e SR 5 {— BREFF O Bdp s B S I HE R R
HFzE2 O RERY r’ﬂ%‘*’*‘ THENE o FIPRR Lo PEFV LTI
SRS ) S N %354 920] - 4e Olmedo % < @ 1% 7 F Echiefk
B P ORIERIRE R # COVID 19 tsehpeE AR R 15w = F[21] - 4- Bai & 4 1% 7 ¥ R
DR HERFAD REIFRMETHFHL LT LG H RS T RBOR G[22] - %0
EREAREREA RS BETY 2 BT IR L S L RMRIE S 4o Gould & 4
FI* ¥ RGeS TR ARSI P DT R DS B R R [23] -

R "};—F‘ Aff ?ﬁﬁggg”fr’fhm%ﬁ%’ﬁg Fx—}lj\)’? B R T D) 4 i—ﬁ}]’f\i‘—’f"
& AR ﬂf’*%%éﬁﬁpimFﬁﬂm$°ﬂ&$4mpiﬂma£u#%%
BRI P BN BTERI X S R SRS BE Y A -
FFLIRAREH
- S RA
LT e
-~

Python ~ Weka ~ Scikit learn ~ Anaconda3 (Jupyter Notebook)#2 Excel -
=~ & g(%
Tk % WA D T ERAAFEAEEHBFRM S AT &

24 R € (N202201049) 5 /8 > Tk Hcdp i B 2 AR 113 BEfr  12(2018/01/01 2
2020/12/31) «

$ P 1ERESE

Tk By E P R LA e - B BB R - B H%E P o PF AT L o
Rde Bedp BT T RIL 0 MY P TR By 8047 LR H F 3 AR Eap R
(CSV)T B4 8718 FAE c AL N &ML E B R k(COlItIS),&"“i@Fﬁi:J}?%’]Q:
B2 4 BN ALTRA BRI P (FH)L T &3k 0 A 4 1(2018/01/01 £
2020/12/31)4p B i 5 <& (7 445 B et iRl o 20 R R~ Bcdy 2 B 48 SRl P4
Fo g d Flete%k oy 2§ R %3 P E 2k si(Laboratory information
management system, LIMS) k3¢ f» % %% i+ o
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KIRh % THR%FBP Y 408 7 256 BHRHTD &% o 2HhHIE P hak 4L b
EREM R A e 50% > RIEZ R %R P f%“f o rJRiE S o FlAR22 BRI D > Hak 4w
BlG 03] 44.2% (4 - ) o 44 FAHFURILS S0~ #% 2 KNN #6472 (KNN
Imputation)i& {74¢ & o 4 £ 8 TS (R FILRT) 2 ¢ g(HT ] RA)EA o HIF L
WLER A G E - A RIRSE R A B Kf o KNN $&47 2 & (7487 B R E A * &4 & chifiT
AN a# Al o AMF A iR TS SRR TR G N TR AT 5 R
T FAR L) BES vy FYRERE L FRAOEE L e kR

2~ FE
i * Weka 3.8.3 it {7 4 #icft & (Feature ranking) °

e~ WA RERE

* ;‘j " w0 M B~ iE (Forward feature selection method) k i& §7 43 fci® B~ > T 12
10 B R REHRR REpAS S VRT B LR ETHE o & * Scikitlearn0.21.3 =
2 ¢ ¢ * Decision tree~Random forest~SVM-~XGBoost~ LightGBM ¥ Logistic regression
- B f*mj FAERRENM I DB & R BCiE 2 R o S HP|ER & decision tree P pEE
7 kernel (g|n|,entropy)',*? depth (1 ~10)> @ # Random forest ¥ :p|:& 7 kernel (gini, entropy)
#2 tree number (100 ~ 500) - & SVM ¥ > jpl3E 7 gamma & (1e-6 ~ 1e-10)¥ C & (1e5 ~
1e7) - & XGBoost # |z 7 eta i&(0.01 ~ 0.2)¢# depth (1 ~ 10) » #X {5 & LightGBM * g
3# 7 leaves (50 ~400)%2 depth (1 ~10) - Logistic regression % F 3% izj@ﬁit R Rl
FoIF B R T EN RFEFEIOAEF > T BRI RI T RIS NEE S
v % xx B (Accuracy) ~ 4% 7% & (Precision) ~ & &7 & (Sensitivity) ~ 4 2 {4 (Specificity) ¥ 3
H B TR T F(AUC) R B IRACRE R Bk o W= AT AR 2 2 AR R
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é_?’}i,ﬁi’%#ﬂlﬁﬁ (oK IR mzﬁ.,%ilb @(@‘l) ANEFY * ARSI P T
% $>50%af% Rl e PR A= S AN Y (1) A agiu;.;%(l)a;ﬁﬁ BT A (4
Bl @ % 1647 & FA4L) > BB T 6792 SFEAL R A G 205 L FH < BT
e 4687 £ T o I LR D 0 GF - LFR BB S LB AT B RILT
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= R ERIL[R %]

eGFR
Creatinine

‘ 1.0
Platelet -

|

Neutrophil | \

MCH - \

MCHC - |

RBC - |

Monocyte

Eosinophil ‘ ‘ ‘

MCV - \

WBC - \

HCT - \

|

|

HGB -
Basophil
Lymphocyte

K | |
BUN - A0 IR | HI‘ I

Na

GOT ".|
M

i
o
»

[0 ‘I

o
2]
Missing Data

CRP ‘ |\‘
RDW-CV - |
Random Glucose
CRC -

W ‘ -0.2
|
Colitis -

|||||||||||||||||||||||||||||||||||||||||||| -0.0

A iEd Ble TS 7 Ao R IE P ik A BEA - Ac# A s Bl 3 eGFR rﬂ}?ﬁ%
» 2% Creatinine - Platelet ~ Neutrophil - MCH - MCHC ~ RBC ~ Monocyte + Eosinophil
MCV ~ WBC ~ HCT ~ HGB - Basophil = Lymphocyte % x 338 P = 3#F & 4t % o

Grifar A Beite o EF T A R aydT RN 0 ¢ f(DeIete CRC): g * T
32 8 5 (Mean CRC) ~ 12 2 KNN # 5= ;¢ (K2-K10) - 4 5 = j* gy P4 2 szt
T RO MR TRER B TR R R - T EERERE L 7 VR TR
u%“lfﬂﬁ ORI L E %“wamﬁ AL Rde TR e TR AR5 15 B P § R
rekpE L R - & 5 eGFR -~ Creatinine ~ Platelet - MCH ~ MCHC -~ RBC - Eosinophil -
MCV ~ HCT ~ HGB ~ K ~ BUN ~ CRP ~ RDW-CV 4= Random Glucose - L 32 &4 & e3>
\EJ/AF Rk E LR o % KNNAE > MenFl - pld 4 BAEF LB 5uf
P » ¢ z BUN -~ CRP » RDW-CV 4+ Random Glucose -

10



FAT R RS R B S B8 G TIET L @R i B R e KA o of
%wmiﬁ%aﬂﬁét%arwmi? AR QAT s LERHTIDE
RiLREBERET Ft R TEREEA TR fohen TR o BT EET ¢ 4

i%woﬂt’?*Ju&ﬁMwW&umﬁr&mlﬁﬁﬁﬁﬁiéW?&*ﬁﬁl
IT)c Hipeni * 1 2 pFR Y ok - BEHAGER F PR T2 U R R iR L
Ws F A tR e B VRS R IR AR ) AR SR TR ) R A R S A )
Hreey o 1‘53%; BT 757 > 3 6P B B2 et £ A Eho] B KNN A (82
K7 F AR R e R 6 * KNN A E2 ¥ K=7 enF e i o
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fo- s RARTOR SR 1S TR SR

Origin CRC Delete CRC Mean CRC K2 K3
eGFR 135.63+157.93 | 117.08+146.22 ** | 135.63£139.36 | 135.84+140.77 | 135.67+£140.41
Creatinine 1+1.14 1.3£1.66 ** 1+1.01 0.99+1.01 0.99+1.01
Platelet 241.08+90.96 | 235.5+107.25* | 241.11+78.36 | 242.1+80.04 242.29+79.59
Neutrophil 69.48+15.61 69.39+15.91 69.48+13.43 69.34+13.84 69.32+13.71
MCH 29.47+3.36 29.75+3.46 * 29.47+2.9 29.47+2.94 29.47+2.93
MCHC 34.01+£1.02 33.94+1.07 * 34.01+0.88 34.031£0.9 34.03+0.89
RBC 4.4840.8 4.18+0.89 ** 4.48+0.69 4.5+0.7 4.5+0.7
Monocyte 7.76%3.65 7.83+4.04 7.76£3.14 7.76x3.2 7.77+3.18
Eosinophil 1.69+2.11 1.9+2.39 * 1.69+1.81 1.69+1.85 1.69+1.84
MCV 86.53+8.69 87.52+8.94 ** 86.53+7.49 86.5+7.61 86.5+7.57
WBC 9.51+4.9 9.53+5.93 9.51+4.22 9.49+4.29 9.49+4.26
HCT 38.5+6.26 36.23+7.03 ** 38.49+5.4 38.65+5.49 38.66+5.47
HGB 13.11+2.22 12.31+2.46 ** 13.11+1.91 13.16+1.95 13.17+1.94
Basophil 0.48+0.39 0.49+0.42 0.48+0.33 0.48+£0.34 0.48+0.34
Lymphocyte 20.27+13.1 19.86+13.32 20.27+11.27 20.42+11.64 20.44+11.53
K 3.82+0.54 3.86+£0.64 * 3.82+0.45 3.82+0.47 3.82+0.46
BUN 18.69+19.26 21.97+23.45 ** 18.69+14.2 17.07+14.6 ** | 17.07+14.58 **
Na 137.75+3.77 137.65+4.67 137.75+3.2 137.82+3.26 137.83+3.24
GOT 36.54+215.37 46.6+356.7 36.54+184.98 | 35.98+185.22 35.97+185.16
CRP 3.66+5.69 4.41+6.56 ** 3.66+4.22 3.29+4.49 * 3.31+4.42 *
RDW-CV 14.61+2.55 15.18+2.91 ** 14.61+1.86 14.442.03 ** 14.442 **
Random Glucose | 130.05£60.76 | 142.67+74.46 ** | 130.05+48.04 | 125.63+50.1 ** | 125.79+49.69 **

*p<0.05 **p<0.001
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it 4 -

K4 K5 K6 K7 K8
eGFR 136+140.93 136.13+140.76 136.1+140.48 | 136.09+140.36 | 136.02+140.23
Creatinine 0.99+1.01 0.99+1.01 0.99+1.01 0.99+1.01 0.99+1.01
Platelet 242.11+79.27 242.14+79.08 242.25+79.05 | 242.22+78.98 242.19+78.93
Neutrophil 69.26+13.68 69.27+13.62 69.27+13.6 69.28+13.57 69.28+13.56
MCH 29.48+2.93 29.48+2.92 29.48+2.92 29.48+2.91 29.48+2.91
MCHC 34.03+0.89 34.03+0.89 34.03+0.89 34.03+0.89 34.03+0.88
RBC 4.5+0.69 4.5+0.69 4.5+0.69 4.5+0.69 4.5+0.69
Monocyte 7.77+3.17 7.76x3.17 7.76+3.16 7.76+3.16 7.76+3.16
Eosinophil 1.69+1.83 1.69+1.83 1.69+1.83 1.69+1.82 1.69+1.82
MCV 86.52+7.56 86.52+7.55 86.51+7.54 86.51+7.53 86.52+7.53
WBC 9.49+4.26 9.49+4.25 9.5+4.24 9.5+4.24 9.5+4.24
HCT 38.67+5.47 38.67+5.46 38.67+5.46 38.67+5.45 38.66+5.45
HGB 13.17+1.94 13.17+1.94 13.17+1.94 13.17+1.93 13.17+1.93
Basophil 0.48+0.34 0.48+0.34 0.48+0.34 0.48+0.34 0.48+0.34
Lymphocyte 20.5+11.49 20.5+11.45 20.5+11.42 20.49+11.4 20.49+11.39
K 3.82+0.46 3.82+0.46 3.82+0.46 3.82+0.46 3.82+0.46
BUN 17.07+14.56 **| 17.06+14.54 ** |17.06£14.54 **| 17.06£14.55 ** | 17.06+14.55 **
Na 137.82+3.23 137.82+3.23 137.82+3.22 137.82+3.22 137.81+3.22
GOT 35.91+185.06 35.89+185.04 35.87+185.03 | 35.86+185.02 35.86+185.02
CRP 3.314.37 * 3.29+4.35* 3.29+4.34 * 3.29+4.32 * 3.314.32 *
RDW-CV 14.4+1.98 ** 14.4+1.97 ** 14.4+1.96 ** | 14.4+1.96 ** 14.41+1.96 **
125.98+49.45

Random Glucose

**

126.26+49.28 *

126.45+49.15 *

126.62+49.06 *

126.73+48.98 *

*p < 0.05, ** p < 0.001
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K9 K10
eGFR 136.04£140.17 | 136.06+140.17
Creatinine 0.99+1.01 0.99+1.01
Platelet 242.22+78.89 242.18+78.84
Neutrophil 69.3+13.55 69.3+13.54
MCH 29.48+2.91 29.47+2.91
MCHC 34.02+0.88 34.02+0.88
RBC 4.5+0.69 4.5+0.69
Monocyte 7.76x£3.16 7.76x£3.16
Eosinophil 1.69+1.82 1.69+1.82
MCV 86.51+7.52 86.51+7.52
WBC 9.5+4.24 9.5+4.24
HCT 38.66+5.45 38.66+5.45
HGB 13.17+1.93 13.17+1.93
Basophil 0.48+0.34 0.48+0.34
Lymphocyte 20.48+11.38 20.47+11.37
K 3.82+0.46 3.82+0.46
BUN 17.06+£14.55 ** | 17.06+14.55 **
Na 137.81+3.22 137.81+3.22
GOT 35.86+185.02 35.85+185.02
CRP 3.3t4.31 * 3.31+4.31 *
RDW-CV 14.41+£1.95** | 14.41+1.95**
Random Glucose | 126.83+48.91 * | 126.94+48.84 *

*p < 0.05, ** p < 0.001
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meGFR m Creatinine  m Platelet m Neutrophil = MCH B MCHC mRBC W Monocyte
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Z O FHGER[R %]

F1#* Weka i& {7 5 et & o 8 * InfoGainAttributeEval (InfoGain) + Ranker =7 3% g
TR FHEER R S40k - 97 od 8 1 > kK 5 eGFR~RBC-BUN-~RDW-
CV ~ HGB ~ HCT - Creatinine ~ MCV ~ MCH -~ Platelet - WBC ~ CRP ~ Na ~ K ~ Eosinophil
Basophil ~ Random Glucose ~ MCHC -~ GOT ~ Lymphocyte - Monocyte ¥ Neutrophil -

% = ~ @ % Weka it 7 3F Hcd B

Ranking Score Attributes
0.0894 eGFR
0.0832 RBC
0.0821 BUN
0.0748 RDW-CV
0.0643 HGB
0.0613 HCT
0.0572 Creatinine
0.0443 MCV
0.0435 MCH
0.0431 Platelet

0.042 wWBC
0.0353 CRP
0.0347 Na
0.0313 K

0.028 Eosinophil
0.0277 Basophil
0.0269 Random Glucose
0.0222 MCHC
0.0221 GOT
0.0209 Lymphocyte
0.0195 Monocyte
0.0162 Neutrophil
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CHC F AEA R

# % : eGFR ~ RBC ~ BUN #* Creatinine

Models

Accuracy (95% CI)

Precision (95%CI)

Sensitivity (95%Cl)

Specificity (95%ClI)

AUC (95%Cl)

Decision tree

79.1%(77.7%-80.5%)

82.7%(81.1%84.2%)

92.4%(90.60%—94.1%)

33.79%(28.2%39.2%)

0.760(0.74-0.779)

Random forest

79.5%(78.0%—-80.9%)

83.5%(82.1%-84.9%)

91.5%(90.4%92.7%)

37.9%(34.4%41.5%)

0.801(0.785-0.816)

SVM

78.2%(76.7%—79.80%)

78.7%(77.0%-80.4%)

98.6%(97.7%—99.4%)

7.80%(3.40%-12.2%)

0.739(0.719-0.76)

XGBoost

79.7%(78.4%-81.10%)

83.4%(82.0%-84.8%)

92.29%(91.2%93.3%)

36.6%(33.2%-40.0%)

0.807(0.792-0.823)

LightGBM

80.30%(78.8%-81.69%)

83.3%(82.0%-84.7%)

93.2%(92.10%-94.3%)

35.29%(31.9%38.5%)

0.810(0.794-0.827)

Logistic regression

79.5%(78.10%-80.9%)

81.6%(80.2%-83.0%)

95.1%(94.2%96.0%)

25.4%(22.2%28.6%)

0.774(0.755-0.794)

T~ 3t
BATE P BOFAARTIRN e F e b 0 2 # TR SR 0 B TR o ST
Rk Hp F 7 A A B R (eV) T A B E SRR A LB ROT R TN
R o S A0 AZAE 0%k & R P o X F B FIRDTOR G Y R0 3 AT S
HFRAEAEF B AR A B DTRA T B B A R R 1
i@ % KNNA B2 2 K=7 @it s i ot o

ST ORE Y BB S eGFR $H A FEA 5 B ke 5 Lk & e
iy BdF o i Velciov FA 7 ¢ o L PROFRETH oS5 KL T B R
B > SRR R i % - R[24] c B R Y v AGE R E > 1 eGFR T PO A4
P T B E R A » TR TP NREASE B B GRS
3 OB A B T i B A e B X 8 IR LIghtGBM sisiciy 45> # ¥ E BT end e i eGFR~
RBC - BUN £ Creatinine - Burnett & * 1% + pifris £ B EE ¥ AT X 5 E S Kb
" TR R e LﬁJetwéﬁ » & % i) ¢ 7 Decision tree ~ Random forest ~ Logistic regression ~ /%
B A 5 4 % (Deep neural network, DNN) ~ % % #¢ 5 % % (Convolutional neural network,
CNN) ~ + 1 #¢ & 5 % (Artificial neural network, ANN) ~ 4~ ﬁﬁfr?ﬁﬁfﬁ(massification and
regressiontree, CART) » Hifrr & ~ ¢ ~ FE & #%%:ﬁi;& T pcd T g 5 3.0-
98.0% ~ 3.91-88.6% ~ 82.73-95%#2 0.686-0.93.7[25] - # ¥ - Birks & % i * = & $7|
(Decision tree 22 Random forest) % % #ciE B~ (& & ~ %W 2 & fn 7f $icdg)iE 7 25,430 4
% E R RIER D R RRR > FREE R R TS T e ff 5 3.91%
82.73%2 0.776 [26] - Cooper & + & * ANN 22 % if £ (* &% & {7 1,810 A e+ %
TR GIER  H GAR B B (T Y BT 5 ff 5 35.15% ~ 85.57%
#2 0.686 [27] - Wu % « ¢ * Decisiontree 2 #FHcEP (£ & ~ 458~ £ F ~ 2 £ 2 BMI)
{7225 A ehx B E SR b GIERD B RACR R R R T R T e S
82.5% ~ 92.2%¢¥7 0.937[28] - ¥ ¢t » Chang & * LightGBM % # jix:% ~(CEA ¥2 RBC):E {7
T7AT A= 5B ok fe TR BB FER CHRER - RAR BRI ERICE RIS
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ol BT m & 5 85.5% -~ 86.3% ~ 84.3% ~ 86.6%%r 0.919[29] - #rrv o R E Y A4
PR R R R R R ] 2 BRCEREN HA B I S RA G TR

WEEY DR EY PR EL DA PEEY LR R L TRTER - B
Ko D REARY T A € FIR FTHF G OE R (o R )& R A B3 350 b8 )
A A NE R o I TR A MR GIE R A e £ ot B 1114 < G E
B S i At Bl L223 - P B RASEREE R T Y R e L8
FERB R Vi E A E St ARE S 0 Flpt @ % Imblearn =B E % KRR
Ho MR R B S h A IR A TR TRAF AR AT 0 R Al bR
G G EA B RANE @0 T5%N 075 1 HmEA T F Rk L o fLiR)
o AFOR Y AR BeauE p 2 R A F LB A E R RN OR%E D
P eRa  FYEIRY S REEFRR 2 TR R é.m#ru» (i
ie- BéFte i fadh B 98.2% G AR » MARE - BEEFEEHKRIE o

Decision function with ClusterCentroids Resampling with ClusterCentroids
4 5}
4
37 e
37 o
2 2 ° o ® (5]
0o © ° @
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o- ©0 0® © 8o
| 04 o G ®
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FEF K525 B DT it P RE i o PRV LF A %ﬁm@

-G AR AR L e A B Y T TR Rk ik AR R 0 R
L&q—%?‘;ﬁ_ﬁ*]ﬁ&iio§|J£r’333§%§3g§33#i4ﬁ?ll#’ﬂé%:"&\*‘ﬁ"\ mﬁ,xg\?-} 1:{%55;;99
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ERAANS0% » A ZARERA B AR - REBEL - FEAR22ERMIAE » HEKLH A0 2|
44.1% (R —) - R G EH O RIE T XA E ~ MR > SARKNNIEH A MAE AR P
BERRMEER) » PRABCARNER)EMR - MIRRUAZRAFIE—F K » RSB ABR -
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REBREZ RERHRELZERBITIER
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FH £ LB B HE o 4# A scikit learn 0.21.3 222 ¥ {# A & R Bt (decision tree) ~ FE# Ak
(random forest) ~ % 3% & & #(support vector machine, SVM) ~ & [R4f B & F
(eXtreme gradient boosting, XGBoost) ~ & & 1b#f & & F+ # (light gradient boosting machine,
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C{a(1e5~1e7) - £XGBoost ¥ A|3X T etaf& (0.01 ~ 0.2)$2depth (1 ~ 10) » 2K 4% £ LightGBM ¥
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[X5%—] EHATRESRSAEARE

EHELBERZRERZBRARBSR: N202201049) R 4E BA > 8L EIF24863 T A - XELHER LA
S047TERAHEM » B—$rkEHMAEILER - ARFIRARARKRIA B ) F M > >50% 85 As ) iR
BBRBRER > REFTOINERAAETHR  HPRBXBAL2105 R KB E BB B ABIC8THR - k— R
ﬁ%ﬁﬁﬁﬁﬁ&ﬁﬂ%w& ‘= ;%u&ﬁ%taﬁﬁﬂx%hmlﬁkﬂ%%x%é@#“i%z:%%

eGFR ' I 10 12
Creatinine ‘ ‘ | .
Platelet - UL | 1A
Neutrophil | | Il 1
MCH - | 0.8
MCHC - _
RBC - | | 0.8 -
Monocyte ' |
Eosinophil | _ [
MCV - _ 06 o —
WBC - | g 0.6 i
HCT - | l J
HGB - g = \‘ l :
Basophil L ' Co = .
Lymphocyte | . 042
K I 1 | ' '
BUN I [ A1 |“ ||| | Il I
Na | ,] | [ 0.2 . )
CRP B
ROW-CV || 1 6 - . J . - - .
Random Glucose | || ] K3 K4 K7 K8 K9 K10
C (j:RC il meGFR m Creatinine  ® Platelet Neutrophil = MCH B MCHC mRBC m Monocyte
oilbs- | L T T T O O I -0.0 W Eosinophil mMCV mWBC mHCT m HGB ® Basophil Lymphocyte m K
Moo woNNO-HS~OMOO - n ;
=~ 0 NMNOXD~NMMNORY = BUN = Na B GOT mCRP m RDW-CV ® Glucose
O-mun DONTNSDIAMNWYD
NN NOWOWOYWWOWMNSEP~~-
=~ R EHREA B= - ABEADFRNETIRGRAENRELLER
k— - BREFTHAHELTHG LR
Origin CRC Delete CRC Mean CRC K2 K3 K4 K5 K6 K7 K8
eGFR 135.63+157.93|117.08+£146.22 **[135.63+139.36| 135.84+140.77| 135.67+140.41 136+140.93 136.13£140.76 | 136.1+140.48 | 136.09+140.36| 136.02+140.23
Creatinine 1+1.14 1.3+£1.66 ** 1+1.01 0.99+1.01 0.99+1.01 0.99+]1.01 0.99+1.01 0.99+1.01 0.99+1.01 0.99+1.01
Platelet 241.08+90.96 | 235.5£107.25*% | 241.11+£78.36 | 242.1+80.04 242.29+79.59 | 242.11£79.27 242.14+79.08 242 .25+79.05 | 242.22+7898 | 242.19+78.93
Neutrophil 69.48+15.61 69.39+]1591 69.48+13.43 69.34+13.84 69.32+13.71 69.26+13.68 69.27+13.62 69.27+13.6 69.28+13.57 69.28+13.56
MCH 29.47+£3.36 29.75+£3.46 * 29.47+29 29.47+2 .94 29.47+2 93 29.48+2.93 29.48+2 92 29.48+2.92 29.48+2 91 29 48+2.91
MCHC 34.01£1.02 33.944+1.07 * 34.01+0.88 34.03+0.9 34.03+£0.89 34.03+0.89 34.03+0.89 34.03+0.89 34.03+0.89 34.03+0.88
RBC 4.48+0.8 4.18+0.89 ** 4.48+0.69 4.5+0.7 4.5+0.7 4.5+0.69 4.5+0.69 4.5+0.69 4.5+0.69 4.5+0.69
Monocyte 7.76+3.65 7.83+4.04 7.76+£3.14 7.76+3.2 7.77+£3.18 7.77£3.17 7.76+£3.17 7.76+£3.16 7.76+3.16 7.76+3.16
Eosinophil 1.69+2.11 1.9+2.39 * 1.69+1.81 1.69+1.85 1.69+1.84 1.69+1.83 1.69+1.83 1.69+1.83 1.69+1.82 1.69+1.82
MCV 86.53+8.69 87.52+8.94 ** 86.53+7.49 86.5+7.61 86.5+7.57 86.52+7.56 86.52+7.55 86.51+7.54 86.51+7.53 86.52+7.53
WBC 9.51+4.9 9.53+5.93 9.51+4.22 9.49+4 29 9.49+4.26 9.49+4 26 9.49+4 .25 9.5+4.24 9.5+4.24 9.5+4 .24
HCT 38.5+6.26 36.23+£7.03 ** 38.49+5.4 38.65+5.49 38.66+5.47 38.67+5.47 38.67+5.46 38.67+5.46 38.67£5.45 38.66+5.45
HGB 13.11+2.22 12.314£2.46 ** 13.11+£1 .91 13.16+£1.95 13.17+1.94 13.17+1.94 13.17+1.94 13.17+1.94 13.17£1.93 13.17£1.93
Basophil 0.48+0.39 0.49+0.42 0.48+0.33 0.48+0.34 0.48+0.34 0.48+0.34 0.48+0.34 0.48+0.34 0.48+0.34 0.48+0.34
Lymphocyte 20.27+13.1 19.86+13.32 20.27+11.27 | 2042+11.64 20.44+11.53 20.5£11.49 20.5+11.45 20.5+£11.42 20.49+11.4 20.49+11.39
K 3.82+0.54 3.86+0.64 * 3.82+0.45 3.82+0.47 3.82+0.46 3.82+0.46 3.82+0.46 3.82+0.46 3.82+0.46 3.82+0.46
BUN 18.69£19.26 | 21.97+23.45 ** 18.69+14.2 [ 17.07+14.6 ** | 17.07+14.58 ** || 17.07+14.56 **| 17.06+£14.54 ** [17.06+14.54 **|17.06+£14.55 **| 17.06+£14.55 **
Na 137.75+£3.77 137.65+4.67 137.7543.2 137.82+3.26 137.83+£3.24 137.824+3.23 137.82+3.23 137.824+3.22 137.82+3.22 137.814£3.22
GOT 36.54+215.37 46.6+£356.7 36.54+184.98 | 35.98+185.22 | 35.97£185.16 || 35.91+185.006 35.89+185.04 35.87+£185.03 | 35.86+185.02 | 35.86%+185.02
CRP 3.66+5.69 4.41+£6.56 ** 3.66+4 .22 3.29+4 49 * 3314442 * 33+437* 3.29+4 35 * 32944 34 * 329044 32 * 33+432 %
RDW-CV 14.61+£2.55 15.18+£2.9] ** 14.61+1.86 14.4+2.03 ** 14.442 ** 14.4+1.98 ** 14.4+1.97 ** 14.4£1.96 ** | 14.4+1.96 ** | 14.41+£]1.96 **
Random 125.98+49 .45
Gl 130.05+£60.76 | 142.67+£74.46 ** | 130.05+48.04 [125.63+£50.1 **|125.79+49 .69 ** i 126.26+49.28 * |126.45£49.15 *[126.62+49.06 *| 126.73+48.98 *
ucose
* p<0.05, ** p<0.001
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434 : eGFR ~ RBC ~ BUN #i Creatinine

Models

Accuracy (95% CI)

Precision (95%CI)

Sensitivity (95%CI)

Specificity (95%CI)

AUC (95%CT)

Decision tree

79.1%(77.7%—80.5%)

82.7%(81.1%—-84.2%)

92.4%(90.60%—-94.1%)

33.7%(28.2%—-39.2%)

0.760(0.74-0.779)

Random forest

79.5%(78.0%—-80.9%)

83.5%(82.1%—-84.9%)

91.5%(90.4%—92.7%)

37.9%(34.4%41.5%)

0.801(0.785-0.816)

SVM

78.2%(76.7%—79.80%)

78.7%(77.0%—80.4%)

98.6%(97.7%—-99.4%)

7.80%(3.40%—12.2%)

0.739(0.719-0.76)

XGBoost

79.7%(78.4%—81.10%)

83.4%(82.0%—84.8%)

92.2%(91.2%—-93.3%)

36.6%(33.2%—-40.0%)

0.807(0.792-0.823)

LightGBM

80.30%(78.8%—81.69%)

83.3%(82.0%—84.7%)

93.29%(92.10%-94.3%)

35.2%(31.9%—38.5%)

0.810(0.794-0.827)

Logistic regression

79.5%(78.10%—-80.9%)

81.6%(80.29—-83.0%)

95.1%(94.2%-96.0%)

25.4%(22.2%—28.6%)

0.774(0.755-0.794)
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Decision function with ClusterCentroids Resampling with ClusterCentroids
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