2l
Radiomics (CL DD ABEDERY X7 OFH|
— NA— ST O—-FOERAER —

AR - A BT

TREAR KRR FEIRELEE TS T 862-0976 REAILAEA T g [X UM SF 4-24-1
TTREAR R RFBEE R A 7EE T 862-0976 REA L REA T Y [X JL AL ST 4-24-1
(ZHH 12019412 H4 H, HRH 1 20204E2 A 25 H)

Prediction of Recurrence Risk of Patients with Lung Cancer Based on Radiomics :
Pitfall of Pattern Recognition Approach

Takuya YOSHIOKA " and Yoshikazu UCHIYAMA ™"

TGraduate School of Health Sciences, Kumamoto University, 4-24-1 Kuhonji, Chuo-ku,
Kumamoto, Kumamoto 862-0976, Japan
" "Department of Medical Image Sciences, Faculty of Life Sciences, Kumamoto University,
4-24-1 Kuhonji, Chuo-ku, Kumamoto, Kumamoto 862-0976, Japan
(Received on December 4, 2019. In final form on February 25, 2020.)

Abstract: A cancer treatment plan has been determined based on TNM classification by considering patient’s age and
medical history. However, the ability to predict recurrence risk would be contributed for the selection of an appropriate
treatment and follow-up plan. The purpose of this study is to develop a method for the prediction of recurrence risk of
patients with lung cancer by using pattern recognition. The public database NSCLC-Radiogenomics was used in this study.
Sixty one patients (24 recurrences and 37 no recurrences) selected from the public database, and their pretreatment CT
images were obtained. First, we selected one slice from the largest tumor area and segmented the tumor region manually.
We subsequently determined 367 radiomic features. Seven radiomic features were selected by using least absolute shrinkage
and selection operator (Lasso). Linear discriminant analysis (LDA) and support vector machine (SVM) with 7 radiomic
features were employed for the estimation of recurrence risk. The experimental result showed that the area under the curve
(AUC) values were 0.79 with LDA and 0.91 with SVM, respectively. Our scheme can predict the recurrence risk of lung
cancers by using non-invasive image examination. However, we found that pattern recognition was not practical for the

prediction problems containing censored time.
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FENICEREEIN Yy 7 F— 5 2FGH L, Z#oIE
FEREEETE O E & HIB L 2fEica v ¥ o — ¥ 8
Wi (CAD) 1ZBI$ AT ZEH%d 5 [1-5]. CAD IZB9 HHf3ET
X, REOMME T A5 BEM:F B9 A e
ThNTBY, EEFEZ2 AW THEZN 3 505 0508%
ATHA. —7, Radiomics IZFT AL IHD ST
%[6-11]. Radiomics & 1, Wif% (Radio) & #n T % ¥ /%
IR EDF I v 7 A (omics) F AR/ EETH L. K
BRI L 2HBOERO 7O A% XIET A% L L,
WADBEIMEE I ED LT 8 4 T404E12-14], HETRRE
M OHEENS], TS - BB O THEI[16-19], HU G E =D £
OFMR2017% LT A fTTbRTW A, BEFRIE, R
BOIAEZW, ERZW, HROIETITbLA D5, CAD
IZERE O Y- %, Radiomics |Z[EFEDHZ Y% LT 5 Al
VAT LT AR L Lo - BEITE S,

RS A, SAELETEED40.6% D TFHERBONBATD
5211 MiBABREOEERIE, AT7—VI1IOHETH 30
~40% THAHH 5[22], FIEOWEEEIEHVEZE I L
THitADALEEREF RS % 7% E OB 2 LE % i = &
HTENL, EFEREZEODLZENTELARENN D 5.
L7255 C, MinsADF5EE T3 2 FhoMEOERIX
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KEWV, FEROTFIEL 22007 70 —FI2KMNE NS,
1 DHIE, FEFEFCORMEZECE TORMOMNL)IZA
NERE T2 2 & THAREBTOMBEE LTI ) 7
o 2o HIE, Bl 1 FEREE EORHEEE LA
12, THFERICEES LR & BEs L 2V iERl o 2 % X3
LCFMT A8 — VERROBEE LT ) HikTh
L. BB 2 WA 7 7a—F T, WAL
Radiomics =% 2 v 7 ARRETIVIZATIZ L LT
AVEZETHE) A 2HEET L. Z0ay 7 ARGE
TN VL EBIOEETNE A, NP FETH 5.
BN — FEE L, AEBOMEO KNS A AR & B
BHEDH Y, ZORBRMEZEIKTFE L2V En) EFLO
58 Td 5H[23,24]. & 2 AH, Radiomics FF =1L, JHZE
ORI ELA L 7 EIRAE OB & R L 7= <Th 5
7-®, Radiomics JFm D%  ASHEM & & HI2E2 LT 5.
& - T, Radiomics fZEI2 BT, T v 7 AMIGETIVE
HWDZEIZEFVOMREEEE L EWIGEEN L., —T
ING — VIRRRIZ X AT Tu—F T, WpINY— NED X
I EIRAEAE L e vy, F 72, S L HEBOBR
BT A LT, WEORBA L HIEORMRE S 22
THIELTEAL, L2Lads, HEOFHEITIE, 16
YY) OMERIDEL T L7, /88 — 2 Bk
B 7 — & OIS S 2 vf b £ <, FADPHMABIRD
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FEOFUNI NS — VBRI H S zplE v, Lzhso
T, Radiomics WFZEIZ 81T 5 FHIMEIZ /N7 — > 38Rk % 8
M ABOMBENZMA L LEETHLEELZOND.
Z TR TIE, B A7 OFINI Ny — U REEkE H
WAL HEERHA L2 EOR A EREIZOVWTHR LA,

2. EBRHEH

ARFEERTIL, The Cancer Imaging Archive[25]? NSCLC-
Radiogenomics % H \» 72. NSCLC-Radiogenomics {2 (&, Jf
RS ABE 20 BISIERE LT D, 2D9H 5, K
WF7eTid, BREBIRI A S AELL B THIEA 2 v 37 6 & F 5
RLBEE L, 1EDNICHESHER I N 24612 5D
DREL ORI CTEBRICH W, EBR ORI CRE
L72BR, 31590 082 mIL R $500TH5D
B, I OWTIEEETIRAND, Fie LI, Bk2s
S 9 %4, AEIGIE 46~87 %, EEOFERIEEIL 1.1~
8.8 cm (FF Ui 2.0 em), BIZEHIMIIE 1853~3388 H (H1 YL
2084 H)TH L. HHEDVHIE BMH19%, Liks 4,
EWH I 43~86 %, MEHF O EMERIE 1.1~5.9 cm (F YL
25cm), FIEE CTOUIMIL34~341 H (T Y1208 H),
FISOMMHIT, B | B, FEESE 3 B, mERESE 20
BITHH ZNHAERT61 BIOEHRT CT W% % S L <
FEERH Wz, CTEIEO~ b)Y 7 A9 A4 21 512 %512,
Y7 et 4 X1300.6~1.0)mm, AT A AFE1E(0.625~
3.00em TH 5. BB, RFEOERICH-D, MEEL
FEEDKB T

3. B &

RFFOME % Fig1 128, CT Wi{§2 & B 5 558 %
Wi L, BEBFIZES 3 % Radiomics Fftiam 2 519 % . Lasso
12 & o TEIR S A7 Radiomics FriaE 2 ik B2 IC A1 %
ZEIZEoT, 1EEDHAOESE Y A7 i L7HRE N
NT5H. THIZEY, B AZICHET HEAENEEE)
EWITAABEZRBILT 5. £FEOFMIZOWTLTY

[N

31 EEHEEOY-F7J
9, IS A O CT BgE A 5 ML 27 b K& <
it SN TV E | FGEIR L 72, RIS, EE L,

CT image

l

Extraction of tumor region

I

Determination of radiomic features

l

Classifier

l

Estimation of recurrence risk

Fig.1 Overall scheme for estimating the recurrence risk of
patient with lung cancer.
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FHEO 1N GEUSH 2 FH) AT TY—F v 7%
L, TRz HEEZDHERE, LETHIUIBIEZIT- 72
Fig2 ICEBE 2~ — % v 7V L7z R 2R3, MRS
IO, EEEBO~—F > 7, AYF 5% EONEE
DIIRFFASTEREICRIR TE A X ) 14T o 72,

€

(a) Original image

(b) Segmented tumor

Fig.2 An example of manually segmented tumor region.

3.2 Radiomics 4B DRTE

~ — % ¥ 7 L 7 % 55 I8 @ Radiomics FF B = 1,
BMEfTryYy 7hby o7 LT—HRAMENTWVES
MaZda[26-28]% HI\>C 367 LR L 72. 367 MO MNERIL,
KEX1M, BRI3M, AN LEHMEE, 77
AF W 272 1, RRREEICE T 2 MR 12 TH 5.
Radiomics J5 8 2 G 3 B0 /3T 2 — ¥ 1X, MaZda ®
FT7 AV MEERH W BlZIE, T AT v EE R
T HBEOREIITH 2 BT 5087 A =5 1%, RE
B 2% 16, WZR OBEEL 1~5, HIMIZ0E, 455, 90
FE, 135 Th 5.

FERIZH W2 BED 6L BITHAHDIZR L, FHll S
Radiomics %= 13 367 A CTH A 720, FHHEYD A7 OF
\ZF 7% Radiomics #Ff#= % #IR L CRITE % BT 5 26
BSE o 7z RIFZE T, R\ D Lassol[29]1% FI W CTHK)
7 Radiomics i 2 &I L 7.

N p ? P
N 1
plasso = arg;nin {zz (yi —Bo — Zx”ﬂj> + AZlﬂjl} (1)
7=

i=1 j=1

BE oMb, B 3 ERHE, A=0 1 3M/hOEA V2 HlEd
%787 A =% pld Radiomics = ORI x £T. ¥F
A—=% B, (VRO 2 KETHMELFC L THOLNS.
REERTIL, B 2% 1 T\ Radiomics Frig A% 10 1/ 12
GAEICARBEL. ZOBIZ, TRTOBEF—
% 75 Radiomics J#fgE 2 filil L U2 4 TiEod, 10 o
Radiomics ¥l & % IR T 2 #BAE X 1[0 O AT \»,
Radiomics ¥ &= % Lo L 72.

33 BEOTA

HiTE T4 L 72 Radiomics J¢fis= & A & L 7275512
LoT, MEOFEELHHL. A CIiE#ieEs LT,
OBIZHI B 5347 (Linear Discriminant Analysis : LDA)[30,31],
@ R— 1+~ &< (Support Vector Machine: SVM)
B1321% T T L7z @ildroeE L aFimicid,
Leave-one-out i:[30,31]1% I\ 72, £ 72, @kpIMEREOFHfiIL,
YA TRFETHIESN/IZLABROC S 7TV T X AL S
ROC (receiver operating characteristic) f#AT[33112 & - TAT W,
AUC(ROC Hi# AT i %) fif % FFAGTEAE & L CH W7z

B T (A R X MR



LDA (%, Radiomics Ff#im Dz AIZEH & 3 5 e
ZEMIZBWT, FEDY EHELR LOKHEOSEEZR LT
HHEWRELIZLE, BEHVEHELZLO 22X D
F CHBIT 2R OBV 2 Ao s FETH Y, HF
WK TERSND.

z=axitwmx+t - t+axita (2)

x;: \X Radiomics FF B OH, a i
BEARE, a \ZEHETH D, §T-TOD Radiomics Fi &
w0, GEl LD EOIWCERMLLZGEICIE, EA

{25013 % Radiomics 4F#m DO FRINDHF G OEE VW Z KT,

L oT, EAREOMMEL LK 52 LT, FHIIKE
< %5 LT\ 5% Radiomics ¥ = 2 LR T 5 2 L AT X 5.
SVM X, =2V ) v 7 EMENL k2 #EHT 5
ZET, DA K> TAEK SN P &L Y b HEMEREE
REPERTEXLZENFEEDODEDTHA. Radiomics
B Ol X o TR S L2 B 22 <l 3 Y
EFRL LOT— 7 O AIE, B ERECoMTE %
VO RITH B EEZHLNLH 5, MR % &
T E D SYM D75, LDA & ik L CHIBIMERED A A
WM Cc& 4. /2 LDAZEATLIBOFOMESL LT
N3Nl B 5. HRNRESEST -5 Ic& TN
B, FOF—F OFIEOFMED I, R AT
T hNTAMENRI S, SVMIE, 2O L) I Fhibz
VIRV EMRTETHY R ZENTELEED
Fo.

4. EEAER

Lasso |2 & 1) #IR S 472 10 5 D Radiomics Fifi=, KO
% Radiomics f O M % Table 112773, RS N7z
10 1 @ Radiomics 4% 12 1%, TEIRF = (Geometry) % 5
fll, ©A N7 F o458 & (Histogram) 23 2 fl, 727 A F %
FEfE (Texture) 7% 3 48, FIREEICEY 3 % 1 (Resolution)
B EEEN TV,

Fig.3 |2 Lasso |2 & o TR & 1172 Radiomics F i & &
AJJE L7:LDA DR % /R . Lasso |2 & D) #EINS N2
Frm o i, (DNUTRTHMAE/NT X — 2 A OfHEIC
LoTELT S, FEETIE, A0EEELSE, EIRSN
% Radiomics ¥ B O ¥ % 15 5 101 £ THR L C
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Fig.3 Relationship between the number of radiomic features
and AUC when we employed with LDA.

LDA ® AJ1Z % L7z, Table 1 12773 Radiomics &
D9 b5, 7H8H £ TO Radiomics S5 = % AL L L2
EEDOTFIRE R E L, AUC X079 TH - 72, KIZ,
LDA O #EFEH R b B - 72 7l @ Radiomics FF# & % A
JeL7zSVWM @R Lz, Aoy 7o h—aVvaiRHAL,
VIUROMEE1INS10FT, VI =T DOfER 0.001
501 TTELEE. Y I/YDEARITY T Y=
> OfEAHY 0.003 DEFD T HERED R b 5 <, AUC %% 0.91
T& -7z, Fig.4 |2, LDA & SVM ® ROC Hi# % 7% 9. Fig.5
2, CT W% EBIEOTHERROBMNH %2R

5, £ =&

LDA % H\w 5 & Lasso 12 & o TiEIR X 1172 Radiomics 45
ME L FEOFEOBBREL NS Z L TE 5. Fig6 i3,
1 # AL L 72 Radiomics 45 & % LDA IZ AT L7286 D
LDA DRBORKEEEZRLIZLDTHSH. LDA DR
x2S K & v Radiomics FF R 1L, FROAEOHFIIC
KELEFG LD THDH. Fig.6 12, LDA DIREDHkT
AR & > 2 DD Radiomics FF= O A X bR 3. X2
5, 2 D0 Radiomics Fi#iE T, IO A % WIHEIZ 5
HES B2 LIZWEETH D Z LA h A, Fig7 1z, TH®
Radiomics 5= % AJJ & L 72 LDA & SVM O3 D H 4
OW %2 ZNFIRT. TORD» 5, LDA TIEHZED

Table 1 Ten radiomic features selected by Lasso.

Feature Category Description
#1 GeoM2x Geometry | Horizontal second order moment of inertia
#2 GrNonZeros Texture Percentage of pixels with non-zero gradient
#3 Geolsz Geometry | Skeleton length
#4 GeoAox Geometry | Oriental angle
#5 GeoY Geometry | Vertical coordinate of gravity center
#6 GeoM2xy Geometry | Second order moment of inertia
. Wavelet energy
#1 WavEnHH_s-3 Resolution (frequency band: HH, scale: 3" (of 5t))
Angular second moment of co-occurrence matrix
#8 | S(5,5)AngScMom Texture (S(5,5) is the between-pixels distance)
Correlation of co-occurrence matrix
#9 S(0.5)Correlat Texture (S(0,5) is the between-pixels distance)
#10 Perc.90 Histogram | 90% percentile
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Fig.4 ROC curves for distinguishing between recurrence and
no recurrence when we employed with LDA and SVM,
respectively.

FIOHHNHPHETH o 72 EHD, SIMEH S Z L1
Lo THIPIMTREIZ 2 B 2 &S50 A, AIIZETIX, leave-
one-out FEEHWTHEEH LT A M EITHoTWBH 20, JEM
ORISR A TER T 5 SVM Tl 2k 2 L
TWAHIEEWSH S, L L, Fig7 DFEFEIE, 7RITD
Radiomics ff#m ZEM I BT, HROFMD 7 7 AHH
SFHIC X > THRITE S & vio 2B BRETIE R W
DD, Fp HAMEIIHTATLHEIEH LI EERL TS
CHWTE L, DEoEZENS, (DN ADOFHIEOH
% AR X 59 % Radiomics FF 1 3/F1E2 5, Radiomics
s 2N F~— = L CHHTAZ &L IZHEET
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Fig.7 Relationship between output values of LDA and output
values of SVM.

H5 Lk, (2)¥¥ o Radiomics & % k& 0+ 1L,
FREOFMEZHAR T L EDTRETDH 5720, BHFERTD
CT MR DIRE DTN NIFIEOH M % X4 2 1EHD
GENTVABIEDPHONIIE 7. DL, HED
FHM L HREOHFMED R Z NG T & 5 A, /3
Y — VRO T SO —FIC L AR ETH B,

—J7, RXF— Uo7 Ta—FIZ X AR AL, TTHY)
DOMBEORERZTAIETHA. H2IE, Fiio 54
BICHE 2 [ L CHSEOAEZ HNT 254, 1FE%IC
P L-BE D 3BT L BE D RBICHER LR
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Computer output
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Fig.5 Examples of CT image in the experimental results for predicting recurrence risk.
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Fig.6 The weights of normalized linear discriminant function, and the scatter plot of radiomic features having

top two absolute value.
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e, HARES L) HCERCHE L BB AR LS
HHE L AT IHE A ST HY) D) ORE & 58(23,24]. Al
W, BENREBEOREZ T RICEET 2 5E%,
R 7R EDDIBIARE L R 267 ERIA RNV ME
DLONVEFUTE LV E ZHEMITHYY 22T Tn5 &k
H4 5023,.24] AKFZETIE, ZOEMITHEYY OFEL D
BT ADICTAEDNICHE L2 EE 2R E LGE
WL, HHEFT B0 OB E2 LR T 572012 54D B
BN oI BE IR LEEE L CGRIRL .. CAD
ZETIX, LN OWlEE AL, EOREHOEZFDIR
RE x, RE DAL BB &) 2§ 588 — 30k
% < v 5T &7z, Radiomics 4212 BV 2 Tl
BT, ALt OWERE AN THLIEIEIRLETH Y,
TRORE x 0 TMNT L2EAPRL L2 THL00, N
g — VIR SEIH T E BT TH L. L IAHD, Bl
X1 HEBZOFE x0, 2HBOFE v TFHTLHY AT
LAmFET L2, VEAICESE LER, 16252
SEOMTHEE L7ES 2 LS 2 LB A U5 7% &0
EDEER T L7290, FRLEITH)BROBREL L. 2ok
I IR 7 — & AT ISR E OFT B8 ) OB OB % 21
AHizsh, Xy — VEBRRIC X A7 7 1 — F X Radiomics B %E
BT A THIFEIZIE S R WREDED 5.

JEASAD AT — 1 OiFRIE, YIBRTREZ &1 Tl
& D VX TFAT L T RALFIES T DA [34]. TR bk

FErEAS 50, EROEBIRFHIRNIC L > TRES NS,

Radiomics 12 & > T, 5 A7 BNEwBHE T EHIMLL,

MR OB B3 2 200 70 R WE b R % PR Al 12 2
T E UL, FHRROME L 5 FEEFROB EIZE) B0
BEMEH B 5. 2D X 912 Radiomics 1%, [EBDHEI:% T
THAI VAT LE LTOEMEASIFRETE 258, /88 —
VRBWOT U —FTIITHY ) OMEOEE 2T A7
DICERNTHZWZ EDH LM R 572 RifEo Y 3
F—Ya i, EBENRP6LBIEL TN ETHE. &
D7z, ¥51Z, Lasso 12 & % Radiomics 5 # i @ #INIC B
WTIE, REMEXZITDLT, T XTOT—2 2 HWT
Radiomics S E 2 E L2 &5, EETF — 7 IKHF
L 72 Radiomics JFE DS EIN SN TV LW D H 5. 4

#®ix, L0 EOEETEROBIEOBRFENSLETSH 5.

6. #& 5B

RIFZE T, BMZEET A2 LICE-T, 1EROT
BN ATOFME /Ny — BFROREE LTl 7 7T u—
FERRFL. BRYAZEZTFHNTCEL, &Y AT EE
W23 LC, MO EREZ NIRRT A 2 L3 CTE 5700,
Precision Medicine DI ICEHEAT 2 2 L 2SHIfFTE 5.
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F27:0, FRIREIZIEE S 2 WRITSHL NI R o 72,
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