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= d@A gk wEbA A
ojA<l FAAE e Aol 2% EAI7F HAt. =T, 9

I Z
1ol g3 AMAE Bedl oIS eo] Fo Pt oheh, oS BAW XS

=
RNA A4 98 A5 49 28 AnzA e ¥s o) Yooz 28 57} 4
= v % =

o o rlo
i
X,

o golulalA AFe & & e AASL B,

Q =
- =
2452 U 5 Ut B 42 NS AN Zo] B A7 27

K

=

H AN E= HFd A} E3] o357 £4] 2 #HAH AEY (Pancreatic ductal adenocarci-
noma, PDAC) #2159 tfs] RNA A|EA 3 2159} A4 AR E F3ete] T8 A& R3S
et FAAQA AAE ATt o] AAE 7IREC & B ¢l tht Al F ol& 239 AitE
St 7hol =2helS A A SR} shot

2. AR R E4 Py

H Ao A &85k AL F = The cancer genome Atlas (TCGA)$] genomic data commons (GDC) Z
22 HE 2k RNA AJAA A& o)t} (https://portal.gdc.cancer.gov). NIHS TCGA+ GDC
FYL Bl mRNAS] WHI, QAT AR ol x 243 Lol = o|n A B4 AR, CpG v P a0l
A&, DNA copy number, miRNA &&= 59 dloJE|& ATttt S RNA AlE T 25
o 3%, 47 hae) RN el FAA WA AL B ool 58H0)7] uhel ol T
Fe 0L RAE DA AD AH A AR

PDAC 160789 E&-2 HTseq RNA AJA4 ¥E 258} 859 4 BEHE o]FoA Ut} o]

, B5 7|Zbo] 3704 oste] AR E Al9fstal, mRNA B gro] EAstE 112%0l thefjA] £4L&
B3ttt RNA A A I3 AR89 4 28 A HE fragments per kilobase million (FPKM) BH 2
2 AFIAT g o853t (Mortazavi, 2008). FH2F AH O A9 FFE ID ARE F0]2]7] uf
ol 7] 604837012 F-AAF G738 ID FolA] HUGO gene nomenclature committee (HGNC) oA
A3k FAAR AT 56480709 FAAE £A o &8 W Agsgitt (Wain 5, 2002).

AL AT A At AT Ak AIHE V1€ 02 APTE w7hx] Y] 7|17kE ujsitt. 94
A5+ Z2EFY vE0] 8% olUd HFE 2R3, TCGAOA Algdhs W SollA o 5o J3F
< "X Ao A== AFE AF o= o RS Fot] AEEYTE Table 2.1 Y44

A=}

ol thst 89K AEIF Aejw o] gtk AEE HFE VAL A A 2¥E AAT o §1A4 2
A3} FAl 2T AEAT ] dEFE T AHEFTE AEAE FRls] Fa A A9y (forward
selection), &3 &7 (backward elimination), T4 4] W4 A (stepwise variable selection) B
o]g35ty AYHTE Adatgct DA Hg AEe 27 2y AAd wet 244 AR A9 =3
27 el dael 2ttt g A" 7]F0 2= Akaike’s information criteria (AIC)E ©]-&3}ith
(Burnham 5, 2002). °]o] @2}t HF U4E £ T A7 T4, < 0, B9 94, 48, Id
A9 o, A3t 4=, TG Z7] & A
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Az 7179 Aol PDAC 87} % B2 1129 % A8 84 44902, =4 0L 61%9]
gom, AE 717 UGS 65290l P71 SHBYL W, AJOC TR AEO 17]0] e A
Fol 8602 T6%E Ak U, 27] ol4ke] BAke 27]9h Zo] AF o] RFIAT (Edge 5,
2010).

Table 2.1 Clinical variable descriptive statistics

Clinical variable Variable description Missing Descriptive statistics
Rate
Age Age at diagnosis 0 64.48(11.17) mean(se)
Sex 0 Male: 64, Female: 48
Location of tumor 0 Head: 86
Body: 9
Tail: 9
Operation 0.9 Whipple: 84
Distal Pancreatectomy: 16
Other: 32
LN number Number 0.9 17.63(8.73)
of Lymphocytes
Positive LN Number of 0 2.91(3.28)
cancer transmitted
Lymphocytes
Size Maximum tumor size 0 3.914(1.66)
Residual tumor Residual tumor after 7.14 RO: 62, R1: 34
surgery R2: 5, Other: 3
Smoking 1: No history of 9.8 1: 46, 2: 13, 3: 42
smoking
2: Smoking
3:History of smoking
Alcohol 3.5 Yes: 73, No: 34
diabetes 8.9 Yes: 27, No: 75
Chronic pancreatitis 9.8 Yes: 13, No: 88
Radiation therapy Radiation therapy 8.03 Yes: 29, No: 73
after surgery
Chemotherapy Chemotherapy 8.92 Yes: 74, No: 28
after surgery
Race 2.67 Asian: 9
Black or
African American: 2
White: 98
Status 0 Alive: 68, Dead: 44
Overall survival time 0 Median: 652 days

2He =7 (1) 474 BHY, (2) T A4 1A A9 (3) BEI) Cox 2P 3uAZ A3}
itk RNA 94 A5 4% wae 47 229 +rrh @43 ek agns dusl 49
E
[e)

b

2
S, W7k 67 ) ol EART FT Ws Al 2L 4 9ol
o B HolA WAL, ABARSE 22 doleluhold AUE B3 oLk wWebA ol AT
oA ol" ZWES SHAREE et A& BYPS AASE IS BEH 2 AAAQA AR
Figure 2.1°1 A| A3} T}
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inical variable
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Trai B . value = Hastic net nalized ;
If-”:lffql ‘ :Iilf::f;:zm 3 :r:qllnlﬂgc'.t". '— ?“j_l',;nl Model Test set
ilrluz;rlurtion :"‘4'::';“.""_ . | !“i-lwlcu:u:d ‘ +  Elastic net * C- index
Clinical ] .
variahle | p
rs om o Trimming with |
. = Sedect by nomisal “=”
T e e
- - : el = Hastic net
Figure 2.1 Overall scheme
2.2.1. §Ax Y9
RNA A8 27 F &2 s Avtd o Fe 1y 712 Holes A5 de 3 (384 29
F)ote B F 7HA SHelA et A HAR, B2 AE B4R vEhg £ e AR ¥
£ 2383 £t} (Bourgond} Gentleman, 2010). FE3H AJEA A7 FA| JA4 F o)z A = =
< 28 £t} (Sha9} Phan, 2016). 1B & o] =goXx, TdFo] A9 ZA= A k2 §4
2 AES FE sk vlEe AT 71 Aol 80% ol IAFe] 0% FAAL uhA
=2 Qoje YL AP, S8 2 e HASHA ehakr} (Grimes 5, 2018). 1=

fru

2 dFolAe AdE 2T 7122 AAE 6 D] 02 7R vl 99%, 90%, 80%,
0%, & 47HA v veE BH S ISt

2.2.2. T4 Az} upA A

15)]
b
B8 o F ol% qed B4 ol B ANF2E 98] FH A AHS SHHoR AW
oh QANSE BAo] F8E el ek 2A ok F AKelth X B4 B AE AT §
o4 AL uAE Aoz HEa] A Coxel M WEY L AAT, T 2L A
o UEhdth o, o B BYLe A4S 24 ol Hue, Ry ARe TR shethe 4
Aol glck.

h(t:2) = ho(t) exp(B: Xi + -+ + B, X,). (2.1)

S TR $2 vpAE MRS 8 F 2 BE et A WA 94 Au

2 D483 A F84 SAES hi% Cox 2ol AFelol FARES NFow
& Ausan. T UAE 99 33 W4E TANA 47 AL FUA IAEE 29 Cor
Qo AR RUARE AE0T 49 ASS ARAAT o] 4 B 42 + Y OF 24 B
AE A7) Y8l o &HE thalef false discovery rate (FDR)E o] 8319 q valueE 7|€22 A1d)
(Benjamini®} Hochberg, 1995). 3}x| 2k & oAl & A2l npA A& & Elastic Net-& ©]
Sol 1A S APFRs HAL 27 ARG FH UAS O 5217 A5 Wald A8 EAD %

—.~—Yl
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e /1F0R @ HARS Adstglch. olm, B A5 wa ES A3l 59 £F el A A
45 vAsl e AsD. 2 A R4 Be9 A2l Het el S 5% olle) oh 7]
Sol Ahol7t 919l7] whizol, 7o) BEY Azel] Wet BAACE feldt A4S BE TP
5 3B L 720w A4E RAFe ARAY v A9 AYSGTE olF 43D AS AX
T Q4 ARE BEHE T A2 RS Tesel 25 nhA A9 Adstech

f £

2.2.3. ¥3} Cox ¥

A AR HF oA A S 919 FAgodA g2 SH uAE BF Cox HHYIERY S 1= 3
S AL MY 7 B2 5 oin] v gol s 344 9 AF HA e #A7F JeBgE HeA
B3} S4 (shrinkage) & A1 A= 28} 7= o] &tk o, L1, Lr norme 25 A8
3 Elastic Net WP A2 24 <2o] 4851e] v 482 Adstant. olo] et 4 (2.2) 9 22
Li, Ly norm ¥A3} g<+& vt 9714 A\, ax= 2A 74 (tuning parameter) ©] T},

Pra(B }:AaWA+0ﬁ1—®@) (2:2)
Jj=1
I3 23 o] & 7Ms% FA% (partial Likelihood)2 53] IAATES F 3t
. 1 [E
B=argmin — |3 —X B +log( Y exp(Xi,0)| + Pra(B). (2:3)
s=1 i€ERg

oluff, a7} 191 A9+ LASSO B&o] E1 (L; penalty®t Za), a7} 091 F$+= Ridge 28 (Lo
penalty 2+ £)]) ]’%r/]’ ZAAT A= A QY training setol] th3] leave one out cross valida-
tion (LOOCV)E ZdP3le] AA3ALE. ZAASE validation set®] validation errorE FHAZ 3=
= Agsigtt. d33) Cox 23S AT v X w7 A A o X dAHSE S5tk g4
TE 20 2Fe¢a 28R ko zjhelA] gksith

T A S AEetrlel ¢4, LASSO % Elastic Net W'He] 3¢, =2 JAAAE 712
Shuate] MElE| = EA| 7} &A%t} (Tibshirani, 2012). 2222 RNA A|EA 288} Zo] 14y 2}
S04 BH3} Cox AHEHES AL3he= 4 2P Ad 7 9 287} Qi)

o5 2T & = 24 (adaptive) LASSO ' So] AAF o] 9o}, 4 753 o F 2
< 7] A5 B =RolAe 94 AEE e o 22 33 2ZATE 48 She
(Zhang 5, 2007). 23 194 AAEHAH A 28] th33 2ol kMY 44AsE 188t Ly, Lo
norm ¥33} g5 AH&5}gct

k

Pra(B) =" M(alB| +0.5(1 — )B;) + Z AalBi] +0.5(1—a)Bd), 0<~y<1.  (2.4)

j=1 j=k+1
o] AAZ AL B A BE} A, I BE MFE 2] AT Cox AFRH
S B3 FAHE Wald 274 SAF] FgES o83 Aus 1 npAE o83t £4353tt o
o, Elastic net} oA A W] 28-S E8317] A3 thFst a9f ddH,o] thst ARAA S
(penalty factor), & & °|&3te] A& SAsIATE oufl, 7P £2 o, A9 2F2E (0.3, 0.3)°]

A g,
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T A9 A ol EAE Ryt o] LOOCVE #g-ste] Mg FgoA =l 4345 o

24 1A A Tk SAE AGSE 9, AT A 495 Y el g
210041 [M1], [M2], [M3]¢] % 3744 F5 23EL PR A Aty
7 99§24 HAER] Cox RIS AT B Wald 279 5AYS] RANES 20w §
% WSS FH UAR e F QPUSE TR B Cox BIL Age] AF v 2L )%
YL Fohith By M29) F9E TR UAS R PHE FASAW, QAL 347 npAe
A2 The B8 A8l QWS o £L WFS FE B4 Cox BYS TS wH o
2 29 M39| 39, YAUSE U2 DY) 9D DU Cox RYL AU foIT Fu vprle
a1 1 vl o 5 Reth 2, 23 M1}

3. A+ A¥
AA| PDAC 32} 112788 2:19] Bl& Ur%Oi 23 MAAE 938 training set¥} 23 F71E 93
test set} Ee|HTE. HE £7F FEIAA o} (56%) FE AHEHE L1 HIE Al 212 AEHY
th o] % oA AW F 37114 & 2y ] ?;g 5to] Harrell’s C-index& 7|20 2 23S P73t
(Harrell &, 1996). C-index®] 79 & A& A7kt A AEA TR st X& (concordance)<
At ojuf A& BE Al7bel| ths A A QA =9 (relative rank)E sttt 1o 745 £2

&S ov|drt

& D iy Ol (G < 5)I(ys < ;)
=
Zi;ﬁj 0l (yi < yj)

RNA A4 259 A9 BE #gpol o= 2547 S48 o A 3¢ 45
st 7t dasith webs AE5X 7 8% miwtolw, TAA A o R AEE 871 g
H7} £40] gl AY 67HoE FAH training set 22 22 AASF T} test setQ] 45 F
o A% s7lel QAo tig REH 27 EANAY, 2 A9t SUHoR B 5 9
test set &2 RS Frleh= G2 APt

JE8 AR A9, A B FH s 99%, 90%, 80%, 70%, & 4714 thE H|E-S A A s}
o ZHH S Xh%‘ﬁ}‘}i% o, 28 o]F F2 %ZV} ubA = 242+ 47,756, 38,955, 35,235, 32,7867
Oﬂr/]_ ] ]_7{ /‘\j_‘ /\] 7Htﬂ 41]_ u]—ﬂ S U = % tﬂ +E AT 1:]_\3131: Cox 23
o] Agete °4 % “H e 7E, dANs {%Zé"ﬂ wet A2 thE Ake] Wald A4 SAZS]
q&E 5% 7€ 79 X }U}ﬂ% doct 2HER JEs A5 vaE s 4 Ao 2
A&E 5%NA Y FHAAE TH npA o BT 38 5 JEF 250070E At 1 =
A3} Cox BR7FA Ag3to] ZF 239 test C-indexS AlAFSIATE 2 W training set?} C-index+
Figure 3.1 Yehd vke} 2t} Figure 3.19] ZF 28 Z oA x%9] zero proportione &2 = 3|
AALe] 00] obd kY] HleS 72 1%, 10%, 20%, 30% = AAste] FejFe A4S e, yE&
Al AW 3 Harrell's C-index& UERHA Z1 02 test set®] C-index7} &5 £2 A5 Bo=t).

,0<Cy <1 (3.1)

o>* rLIE

<|
IJ

tE Jo
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Train set

M2 M3
1.0 1.0
75 75 75
.50 50 S 50
25 25 25
0.0 0.0 1 0.0
E!

C-index
C-index
C-index

1 En
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Test set
.80 .80 .80
.60 .60 .60
% » H
1) 9] 2
=]
_'E .40 T a0 £ 40
< < ©
20 20 .20
0.0 0.0 0.0
P
1 1 1
. X . N .
Zero proportion Zero proportion Zero proportion LASSO

Figure 3.1 Prediction results for each model. Zero Proportion indicates the filtering threshold for sample
proportion of nonzero counts for each gene

23 M1 Pz JPsS we] AFES A Ed, LASSO e 4% ZEH v&o] 80%
7t 2 wi7bA = HEAQ dE des HolAT, FHE 7|Eo] 0% 7t 2 uf dauE|Fe] &1
o} training set} test seto|A] C-index7} 0.5 +E71A] Bolx|&= AFE At

32

M1 M2 M3

100

siEN
saodeW

0 - 0 .
1 10 20 30 1 10 20 30 1 10 20

Zero proportion Zero proportion Zero proportion LASSO

Figure 3.2 Number of prediction markers

Figure 3.200A] &% 4 9l%°], LASSOS| Z-9 utAL] 7H57t 20700014 3078 <hrem A
=, oluf 32 ZEld 7]—r°ﬂ wel F23% A5 upAZE AAE Qe ARSI 3, AR e
Z Elastic Net WHel A% a3t 23357 W&ol L1 penalty? 1183 LASSO =¥ 22 Le
penalty & 1125t ﬂxﬂﬂoi AEE = 159 7Tt Eolvtar, olof wet Al upA Y 7
LASSO uhﬂiqw Jlr_jﬂ u]% oﬂz /\-]‘—oﬂ opﬂ/\% 0 th‘/}

=3}, Elastic net9] 2% 7153t TH nfAES E4351HA AHES Zo] stz HyME =90
Al LASSO W Rt o kA AY 4 9tk (Zou 5, 2005; Zhao 5, 2006). WA 91y 30jA= JE
71°] 99% ¢ uf, LASSO “&%‘ﬂlﬂi 80% oo HlE Y Wt oS 5ol T oA As FAT

% giek
370] W 5 48 A ASHE Vel 29 M1 A7 Table 3.2014 A5 2ok ol
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A=, A& AW obEt vpA = A el v S0 TS IA A e AL E veyth o+
=3 M2o] 23 % =Y M3 dxie) ol = 4uHE RS Holrln)
Table 3.1 Training and test C-index for Model 1
Filtering LASSO Elastic Net

ratio Training Test # of markers Training Test # of markers

99% 0.984 0.586 26 0.998 0.743 70

90% 0.933 0.695 19 0.999 0.734 73

80% 0.984 0.704 30 0.991 0.725 64

70% 0.5 0.5 1 0.993 0.734 64

3 ol F oI5 o] wA ehbs f4% o% vhA F S100A29] A9, 9ol 4 2 Qo] 3
Aol 58310 ool Y DAL FUAA 29024 228 ¥ A (Oluchida 5, 207).
g SRS FE FAARNA A5 A5S AT g AR S48 &
S100A28} Zo] 7] Aol A w3 vhAe} B o} 7] ﬁo1 BEAA ke fAA vhAel HhaA =
FobAR 4T 4 ek w3, ol @ A4 FH uIEL oF 24 A7)

S8 PUs] 98 494 FuEo AND & ok

4 A2 W 32

ol Aol TCGA EelA AFsHe PDAC $o] et 94 ARl 149 AabAl A8 S
EIHAL W oAF o5 RFS AUSE AT SRS PALCR (1) FA4 BHY, (2) F2
S v AE (3) WA} Cox BY A% 3uAC] A 22 ALsgich DAvich hr Y
S 298 qen. 40 g Co 2UE ATk o) 4 A bl 29 o
5, 973 Cox RRL A83l] H4 S 49T wf Qs ot 2gA5e] Aol o5 BY

o} %ol mAE BE AR

3717 R} of 2] 23S FFe A3, YARSE Teiste] SHAF TR ulAS AEsT ol
2% v} Aol 83 25 M1 %, Blastic Net o] 7173 3829l ol Zee
o etk S8, el Vo] 2 JILA 2 G449 o5 Ad ol

B, o) A% 3 28 2YE FRol A AelY /1@ W%} ol gHolD T 5 A 2
B 71%0] 20% HR A9 U B G4 M4E w25 vl thiek Cox APEH A% A
o SRR Eo] HAIAOE $A 2R A, 1A A A9 B BE S o] EE 57

=7
FRA ot AT BA 2T S Ak
1=}

A Al 3 upA ol vl iAoz 4] A 8 F2 E4L I H7) w2l AR
FA (false positive) EA1E FFoll Folof Tt webr APe 84 LHT Hj&S Lsto] 23
Al &8 2t5E AAs 2o T3tk S A Aue 23

A3} Cox BHE N 3h= Zlo] Fejdeoln npA Mg A dE
stk 228 At

L& AoAE= bootstrapping 5 = =
AZ v)go] ol B &85t &3t dAHSEE Mice R package 52 ©]4€3 imputationS 713}
3to] PDACY] of|%o) F3FS vX& 44 JAAEHN 71407 a3#& 4 Sltt (Buuren 5, 2010).
LS} dT oS 23 AA Ao B4A BHPW ohu) 2} support vector machine® 22 Aju] B4A 1
@} random forestE L FA o] & HRSA BP0 T o F 52 T Eolv As 7 + 8

t} (Van Belle 5, 2010; Ishwaran %, 2008).
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& dolA= PDAC k5ol thell RNA A8/ I Aks 9t 44 AR E Ssto] A5 <53t
%
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Abstract

Pancreatic cancer is a well known disease with a high risk of death. Accurate pre-
diction of prognosis using only clinical information has not been easy. Therefore, an
effort to develop a better prediction model by using genetic information along with
clinical information is needed. RNA sequencing data consist of tens of thousands of
gene expression variables. As a result, the number of variables is much larger than
sample size. In this study, we developed the prognosis prediction model by integrating
the high dimensional RNA sequencing data with clinical data through the following
three steps: (1) gene filtering, (2) selecting candidate genetic markers, (3) final marker
selection using penalized Cox model. The prognosis prediction model development pro-
cedure introduced in this study is expected to be widely used for the development of

prognosis prediction models for other types of cancer as well.
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