ATz 2018 4 6 A% 33 %45 6 ] Radiol Practice,Jun 2018, Vol 33,No. 6 633

s QA A PR DT R RIS K Bk

s 3k, )

UAEY MAEST KRB R B R BB F R R TR KT EA L REEHK

FH. el &l AR %, A #
INME B 3 B AR A A #
kR A EANRACRY S T R
[X@IFY FEaF; ATHM; AAEAKR
(FES XS
[2EZ45]) 1000-0313(2018)06-0633-04

DOI:10. 13609/j. cnki. 1000-0313. 2018. 06. 018

2016 4F, (1 55 BE I 28 JT O& T4 i 0 RE 0 fadt B 2=
I7 KB L % J ) 48 3 13 DL ) R A o fa Bl 2 97 K%K
i A A ] G R BT e AT Sy o S R A R I T R B4l
/\ BRE K R E/{%E%%T—Ijiﬁﬂﬁi%&*?&

A% 4 2 (radiomics) & 8E T 3 T &% K&
A*ﬁﬂ’]f’?ffi AR B 2E L B T B RS B \éﬁfr
ML S ST R T A R AR PR R L R
AR BB AT E &40 AT F8 40 TR AAZ I 0 03 B B & 7
B b i 0S5 S I o R0 ) T B2 AR 2 K A 46

AR SO SR B R AL R T T S BAR B AR
IR AFHBR

S G RUG v 52 URY 4 B R AR A2 AR AL
ﬁ‘ﬁl_ﬁf AL B 5 T B 0 IR S EL A T A A R R
EEE & 8 W R N “ 2 1% 4 4 %5 % (radiomic signa-
ture) "t R AR AL 2E IR T S AL B B G I 5% 2
(computer-aided detection or diagnosis, CAD), J& ¥
AR E BT S HLERF 2] ik s Rk .

SRR AL ISR X (PRSP AL EE
AR AE T b R SRR R DX AT 0 BT 5 DA AT LA 4R R
A MR IZ W TS SCEE R . R AR B2
PR IR T3 26 {5 5L B8 IR IT & 12 W 3500 2 155 1Y
SOAGEH SRR DL SRR AP A 0 i R 1R SR i A
UASRCEEIS

HEEFHITIERE

AR 2 10 TAR WAL S FEGOR 4R VR 0 1 LA

EE B AL:200433 o [E N R 75 1 45 % IR R 2 5 —
Je& B Bt i

AEE B AT sk (1987 —) L ) L BRPEIE A L S A
A3 P 1 U, = T DA i I 0 R AR 2 i S 1A T4

B AEH X, E-mail : liugimd@126. com

EE& T H: B XA K% 4 (816703965 314709105
31600755;81701689) % Bl

SR ERAT R Z LM RS RN RA 2 AT 1A £ BAE T 093
UAR F A & 2R AT B M6 4 TG TR A & 2 X F A AR 16 R

Y RO5; R33; R445.2; R814.42; R445.3 [3akfrinag) A

Frig R F (F R RS ) #RIREG (OSID)

QR 4 ORI B A RRAE JE R AT T A 5 BB

L. KGR

H AT, E 2 CT MRI M PET-CT 45248
Ti ARG R L. CT ZZ B 058
Bz B AR AR, T BT A3 ] 23 R R S AR
AL PPA b e 0 U 2 45 1 2 2R R IR o B S
fiE* . PET-CT A [A] i 345 4 2 i) 5 B S AR
T T R BRI R L R AR AL s T e R S
TR IR A= W 27 AT Sy B R AT ORI 1 — B o T B
MRI 7E#CH S G R B S M L ] S it o ) BE RE 1) 45
5 B AIIRESS B - L R HUM AU % (DWD 13l 25
Xj‘tlziﬁﬁz‘% £ 1% (DCE-MRD A L 2 41 21 41

S5 B AR A A U 0 o 38 Ao X 3 2 PR SR 4R T 4
YRUSE A 3K ) SR AL 2 A
2. EMg &
PR 73 B2 i X IR R DX A 14 43 1 o 3 2 7E
AR B b m) 1 RO R DR, DT B 03X — R X
iﬂifr%tﬂ AR AL . HRT BRI F T E A N
TorENE A B Shor BE KB 3hor L 3 R

T3 FREWON T R ZEOL G 05+ . A
FATE T A BE 55 I EL X AN 0] £1% e 983 30 5L ) T A 4
B2 FWA R i Bk Al 3 2 PRI BLAE I A Bk
HIK.

FABL . A SEE A 3l 73 53 0 2 3 85 Y AT
SRS R o 2 B Bl B B R AR L 8
%55 F 2 k. B, Mattonen 4517 5 fili 98 A9
WF5E b 1 5 el W 5 38 AR 4k S5 A I 8 S L Al A 1
(the Response Evaluation Criteria in Solid Tumors,
RECIST) il & i e 1 42 . 8 5 15 H B sh Bk 4
A S A b R A DX, DA S T 03

52 A g FNE A L. B 3o E kAT RS BLHE R
NS LS SR S0 R S e R AN SV & =N D



634 ATz 2018 45 6 A% 33 %45 6 ] Radiol Practice,Jun 2018, Vol 33,No. 6

Ko HAT TR EBH¥ %4 B3 #kd kA
88— T3 % ebn e AH S B 32 B HOR & 200 A AL
Horh,CAD B 373 HIFL IR R © 0+ 4 4 H e &)
ZE R MERF IR N T8l 4y BIAH L JLTE 2200 . i gk
e B 52 LB HR X 1Y B 3l 20 B e R OR AR
PR 23 B — A ST 19

3. SR FRAE 32 BUR 1k

AR 2 R AR T LAy S B AR AE L — By B 7 BT
fE B BT s SR AE . R — SR BT e ]
GB35 4E (o PET Wiy SUV BE 4 L DL %A
T 2246 OB R 19 20 98 R RS AR

JEARFFAE « A 45 i i ROT /N RRAE o 1] i 44 A
FUE AR YR = A B K HLAR DL A B AR (55 ROT
HAMRRF B BRE B2, UL ROT 53Rk
ARRLAR B2 AP AIE T 2 AR HE B B O B BRE
A

— B BT EIRHAE < i 8 5 ROT PN 00K 3R 588 52 53 A
A RBYRHE » AL B AT Z 8] AR 5 23 [ Al a2t
B 7 B AT 2 A S R R R M R
B HR T 22 i 2 A0 SR . 3 SRR AR AT s N i DU AR 3R
XA 38 A0 1 DA R Jmy 8 5k JBE g A A8 A

B 5 B BB AR AE < 2 il 04 AR 3R A5 (8] Al
FESF G RRAE . IR SO I 16 78 58 B2 7K F- AT g A =i n]
I ) 23 ) AR A S B — A IR R 2 — ol A o
SN MR R SRR AE 2R A0 . B R AR AL A K 3
H: 46 [ (gray level co-occurrence matrix, GLCM) | JK
FE R K JE 4 (gray level run-length matrix, GLRLM) .
K E 2% 4 48 M (gray level size zone matrix, GLSZM)
FER I8 K J3 22 43 46 M (neighborhood gray-tone differ-
ence matrix, NGTDM) ,

GLCM & — > HAT N B3R K BEAE B ITA% A &
TR PEARLAL T — 7 56 22 CFf B2 VB B9 YR 6 B Ry
“WEE. £ GLCM |55 5 R AE 4 55 5 C2 Ry
15, 5 5 BTV OO CRE i (W BlE SO M OO FRIK
R U B34 530D XF b B R L R 3 28 46D | [\) J5
P G Jay 8 K 3 B3 i A 11 88 ) S ARRA A AR S A

GLRLM & "4 il b AT R G filiid 1
ja JRBE G 1 AEHR 2 W ) b 3% 2 B B R
IBAT A EHR T 08 5 ) b B AR [ 5ik B2 1 i S AR R
URN)E

GLSZM JETEAT FIF AL 1 70 3 A7 Ak B A K FE 9
R/INE X CEL AT AR [R) KBS 90 0 3 AR 30 Bl i 4
M. GLSZM A48k /1N /K DX FIK /IR BE X 43 A 1)
FRAE

NGTDM 55 i Wi A A KO 1 R R S5 H
Ji R AR 15 R S B 2 22 19 SR, NGTDM 3% 12

2H R AR A 5 RURE B2 LR LR U L AR LB
A,

fl 5 A3 TR AE - Rl 4R A 5 2 1028 IR B8 4
FH G, HT e 3 TE e B AR 5 LA R 55 . 0 JE R AE
ST O3 AT VEAS A [ 23 100 2% T 1 19 R R0 AROHEL B E G 4
X B WA 2= i Hausdorff 14y JE 4k (fractal dimen-
sion, FD) AL 2 B, % B 4t e — PR A R E
SO JF B RORRRAE

4. FRAETEFE

TN AADRE R 4E R R RO DEAT B 4E S S 1R 2 TAE I
PP E S D WPRZ R AR e B . f A7 B R ALE
VEHETT 12 0 AR A2 5k 4 B 0 AR B BRSPS — O
A3 BRUE L LR X AR R AT . S A A T R A DG
R U I AP R SR 9 A% v R R G A A 3 2 T B
T 5 B2 A S 4 R 3R R R TUAR T AR AR AR L L R
A LASSO(least absolute shrinkage and se-
lection operator) Cox [A] I #58 BY | f% K AH 36 & /N U 42
( maximum relevance and minimum redundancy,
mRMR) . iF 4t #: 4F RE #H 264 (relevance in estima-
ting features, RELIEF). F & 4 4 #f 3 (principal
component analysis, PCA) %,

LASSO Cox [o] IS A5 5 , 2 5 5 FH 109 5 1k 8 4% J7 3k
2 S A R R TR I [ A R L
S0 B AR R Bt Ak 53 T v 4R R a0 1 0

mRMR G o 353 — 20 P R0 45 R AR 1 2 (6] 14 A
H {5 & (mutual information, MD) , X} %y A ) 45 fiF 3 17
He44 - R AL MILf/IME T S HE2 19 M -2 (8, AT
IR B B A I ROR

RELIEF & fig it oA T Y R AR B 96 07 i 2 —
HoOr g M4 e ve =z (B 0 X A3 #E AT HE 44 . 5 HoAt Jy vk
AH G RELIEF A DL %50 P74 5 A B AR ) FR 18 L OF
S R R WO A PR . RELIEF 5803k BB 08 A5 ) 45
fIE2Z [E] 1 1R SRIBEAR S, DA T B 7 ) b A 7 AR
KA .

PCA J& 44 24> 72 5 i i 20 1k 72 4 DLk % 4 /0 &
SR — TP Z 0G4 O 125 BIRE K AH OGP 5
5 QA SRR AR5 IF R F2 8053« & 3 B4 ] AH Bk <7
T S 04 3 4 =[] ] Ak oy — 4k Bl = 2 =5 (1]

5. FENT R

H AT A VEZ P08 5 2 B9 07 2 n] g T ar LT
SR A 2 AR 1 TIUI A S S AR, R AR 2 R S 2 i
k%5 F CAD . TERH ¥ @B, logistic [a] 45
T PRHC 1] B8 2 A7 5 N e s 0 HL o A e 6 40 5
T3 Ah s H RTI BIL A% o7 ) AR B GE A B AL AR AR (random
forest) \ I F i BEHL (SVM) | A T4 28 [ 45 (Artificial
neural networks, ANNs) , 2543 #ff (clustering analy-



ATz 2018 4 6 A% 33 %45 6 ] Radiol Practice,Jun 2018, Vol 33,No. 6 635

sis) . BB-1E 38 X I {iF (leave-one out cross validation,
LOOCV) | H2Z % (bootstrapping) .

BEBLRRAR « o B T LA 27 ) v — A 80 3l 1 Dok
RIAE S IR R R S IR 57 X — AR
FLT NI 7E1%T7 1 IR — AL P st JF H.
BEIEGI AP YR BEPLAL . BT A Yt S Bl 1 25
Ji X A BRRAR SR AT S50 L I 2 e e AR ) — A
PoR LT S

SVM.: & —Fi S5 it T CAD 147 B B Al 4%
5 2] BB B ) 0 B B R S W S AN s vy
ST R I TR TE CAD B8 Ab A I rh A % 1
FUA Ty g TR AT

ANN s s 2 B ALAS 7 ) O i 2 — WAl ] T 2k
TSR B R = 058 . 6 B 24 [ 4% (Convolu-
tional Neural Network, CNN) J&—Fh 4575k (19 71 151 #f &2
WO 2%, ] T2 2 B e 0 5 hh AR 9 AT 454 00 R B8R
(53 )2 2 B 3 23X A 3 5 e B R B Y USRI
CNN JHBR T X5 [ 45 71 b 35 R REAE 36 #5 r ARBPE . i
J5 e MRT S = [ 0 5 i A9 0 1) v 2 006 JHG At 93 00
FRAI

R4 JB F T Wi B 43 35 Cunsupervised classi-
fiers)  HouPRE Al 2 08 R AR & 20 21 A6 0 4 Y 5 i v 6
LR G B 22 A2 EAT 3 Hr s B AR TEAR LY
BEAth E s AR B Ok AT o 2k, U 2K (consensus
clusterin) &% T T K 4E 19 R 28 70 Hr . A il R 3L 0
RN LA 440 DMFIE A B G 2 | p U0 i 13 N
TURFFIER R,

LOOCV - J2& il T P4 30 58 1IE A9 d5 6 1T A 2 AR L o
H*jackknife” . ZEEER T — AN EAE A T LAk
Hop A ot 2 T 00 2R 540 5 X o AR TR A K
LOOCV A H 8 & A1 45 54> B il R — K

Fl 283% (bootstrapping) « f i fif B4k 2 ALK & H
ZEREA G R R — RV EE CRAALE . 45530 51
ik B B S h BEHLIE R0 B A A 2R
AR, % R AR AL TR B 2 ORI L DE A 4 KR
AUC 5 CT{A /434 o AT AT LAPEAR FRAE A A0 5 1

FHEAFHRETH

Bl A UE BT Y 4 R R L T AR R AR LY
WFIE B ARG 22 PR AR IBURR AIE S A8 1 5 32 F B 30
A Z R WA RIS 2 BT H RS AR 20 5 B 57 1 5
RO dE AN AR DG 30 D) G — A AR
HEFIHE R » S AR A 4 0 — Bk ™ A VA Y
WFoR 4, 2017 4£ 10 A .7 Nature Reviews Clinical
Oncology |- % 3 iy 3C % v §2 3 52 18 4 2 Jot & 3% 43
(radiomics quality score, RQS) M H br D™, M 5

B FRATIR 22 PP AL 2 A8 19 LA B AR AR BT 15215
Hoaiise. RQS LA 16 AIUH &I H T 7 ¥4
2~3 Ak I, I3 R 2 Ak B AT 5 2> 36 )
RQS i % TN 45 4 e A5 J7 TG A8 o 22 320 A7 4 T A
5 WA B8 B AT 0 o AR S 20 i 22+ BT 412 i 19100 45
RIS HIME . SCE PR IR . HAT RQS AT IFELR AT T
Or IR UBHEAT AR AL A BTSN aE T RQS B34

AR A F T I B Bk AR

FAAR AL i 4 T 28 B B B SR LR I PRI 11 12
WT 7 RO T e 19105 A R R AR T — 2 R
TG HFMRRA — LR BRFA R, TAERBE DA
A e G ) T

1. ATEEE

A A M S A [ LT AR [ 9 2% P FOR 42 S 80
T R BE I A, I 38 a0 - R I A b 2R AT TR
i B ] — B RERB IR AR E
B, 7 AR [ LR 2 B0 8 R A 3l o ) 3RS i 1%
A AT R (— B 0. 9) L AR L2
M 2R G5 8 S F0 B R ) i 0 Y B AR M el R e v
R

Xt F CT. 5@t L 17 & AR F 2R CT 3K HU
K % AP B 1% 41 2% 45 AE 18] 19 2% 5 B - Mackin
ST IR A A IR A AR S5 5 TR — & B AR AR L
AR AT AR R A S
A A R Y A A A R R R A e T
BHZE WA S P, 7F PET-CT/MR H, 2084
1IF 32 A [R) SR 2 A58 2 L 3 A B0 X T 2 B0 1) 5 T
BRI 5 AR U B T U I G A B g g
J B RN DA B B B K NS

SRR T AR A TAE AR T B R P R
— s BV 22 4R BURY R AR RTRE RO T 2 B A X T
TR REA NS EE M B X T BE S S 8EE R
AR—FE KR A, W90 R T B0 2 1 43
H B UL 5 2 (0] 01 2 5 P e o HLRE I A (R E )h J2 A
. WA BT 45 R BoR . T 3D-Slicer #fFF &, X
FAK A B4y g CT 404 il g 11 43 1) EE T 20 ) 1
14 X 35 T A A

2. FEAS

SR AL S OB AR B 72 4, 3 L A R AE KR
o ¥ R R R AR 4L R T B . HOAT . i 2 AR
Y12 IE K 2/ NREAR B IR 5 I RE A R AR A i
7 A 1IN B S 2 A VKR TR 00 o Aty S O 18k B 40
AR

3. it S8R E

K ZHCGEAGR A 22058 I B A 80 7 BA S 5 v A



636 ATz 2018 45 6 A% 33 %45 6 ] Radiol Practice,Jun 2018, Vol 33,No. 6

B FE T Y AT RS AT & PEA R . HET. HA
— AN X AR A E R AT T AN R IE . £
HC P AR 800 19 3 5 T LA o A S DR B dl 128 ) fie ke T
S8 I AT A D A0 g ) R R RO R . T2 SR R
VR 38 S AR 2 2 Bl P o i I 6 55 0 i D7 T T A
P8 B8 B0 A T T AR L 2 A TR TR R 4 A A
RHI3HT .

4. FrifEfl

W R ZROEARH =008 R 2 A
TS AU 1) 25 b 31 4 07 58 ok A AS [R] 36 12 R 119 41 4
Ao FRATTIN Dy 7 238 3 4714 05 58 % Bl B0 3k 1) s o
A AR iy A KB 1) A8 S JE L L HOR: 2 P I E
DL AN o M S A8 AL 2 W 58 0T Bl € o — A 5
I IR RQS b il =A% 4B L LLSE BUAR e AL, AT 32
EEUES

SE K

[1] Kotrotsou A,Zinn PO, Colen RR. Radiomics in brain tumors:an e-
merging technique for characterization of tumor environment[ ] ].
Magnetic Resonance Imaging Clinics of North America, 2016, 24
(4):719-729.

[2] Parekh V,Jacobs MA. Radiomics: a new application from estab-
lished techniques[ ] ]. Expert review of Precision Medicine and
Drug Development,2016,1(2):207-226.

[3] Gillies RJ, Kinahan PE, Hricak H. Radiomics; images are more
than pictures, they are data[ J]. Radiology,2016,278(2) :563-577.

[4] Giesel FL, Schneider F, Kratochwil C, et al. Correlation between
SUVmax and CT radiomic analysis using lymph node density in
PET/CT-based lymph node staging[ J]. ] Nuclear Medicine: Offi-
cial Publication, Society of Nuclear Medicine,2017,58(2) :282-287.

[5] Aerts HJ, Velazquez ER, Leijenaar RT, et al. Decoding tumour
phenotype by noninvasive imaging using a quantitative radiomics
approach[ J]. Nature Communications, 2014, 5; 4006. DOI; 10.
1038/ncomms5006. PMID 24892406

[6] Mattonen SA,Palma DA, Johnson C,et al. Detection of local canc-
er recurrence after stereotactic ablative radiation therapy for lung
cancer: physician performance versus radiomic assessment[]]. In-
ternational J Radiation Oncology, Biology, Physics, 2016, 94(5) .
1121-1128.

[7] Mattonen SA, Tetar S,Palma DA, et al. Imaging texture analysis
for automated prediction of lung cancer recurrence after stereotac-
tic radiotherapy [ J]. ] Medical Imaging ( Bellingham, Wash),
2015,2(4) :041010.

[8] Li H.Zhu Y,Burnside ES,et al. MR imaging radiomics signatures
for predicting the risk of breast cancer recurrence as given by re-
search versions of mammaPrint, oncotype DX, and PAM50 gene
assays[J 7. Radiology,2016.281(2) ; 382-391,

[9] Gnep K,Fargeas A, Gutierrez-Carvajal RE, et al. Haralick textural
features on Ty-weighted MRI are associated with biochemical re-
currence following radiotherapy for peripheral zone prostate cancer[J].
J Magnetic Resonance Imaging: JMRI,2017,45(1);103-117.

[10] Wu W,Parmar C,Grossmann P,et al. Exploratory study to iden-

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

tify radiomics classifiers for lung cancer histology[ ] ]. Frontiers
in Oncology,2016,6(71) :1-11.
Lian C, Ruan S, Denoeux T, et al. Selecting radiomic features
from FDG-PET images for cancer treatment outcome prediction
[J7. Medical Image Analysis,2016,32:257-268. DOI: 10, 1016/;.
media. 2016. 05. 007. PMID. 27236221
Yang D, Rao G, Martinez J, et al. Evaluation of tumor-derived
MRI-texture features for discrimination of molecular subtypes
and prediction of 12-month survival status in glioblastomal ] ].
Medical Physics,2015,42(11) :6725-6735.
Huang YQ, Liang CH,He L,et al. Development and validation of
a radiomics nomogram for preoperative prediction of lymph node
metastasis in colorectal cancer[ J]. J Clinical oncology: Official J
the American Society of Clinical Oncology,2016,34 (18):2157-
2164.
Ypsolantis PP, Siddique M, Sohn HM, et al. Predicting response
to neoadjuvant chemotherapy with PET imaging using convolu-
tional neural networks[J]. PloS One,2015,10(9) :e0137036.
Paimar C, Leijenaar RT, Grossmann P, et al. Radiomic feature
clusters and prognostic signatures specific for Lung and Head &
Neck cancer[J]. Scientific Reports, 2015, 5 (11044). DOI. 10.
1038/srepl11044. PMID . PMC4937496
Collins GS,Reitsma JB, Altman DG, et al. Transparent reporting
of a multivariable prediction model for individual prognosis or di-
agnosis ( TRIPOD) ; the TRIPOD statement[]]. Br J Surgery.
2015,102(3) :148-158.
Lambin P, Leijenaar RTH, Deist TM, et al. Radiomics: the bridge
between medical imaging and personalized medicine[ ]J]. Nature
Reviews Clinical Oncology,2017,14(12) :749-762.
ARPRNE T A A BURE 25 AR 4L 0 W DR R T 9 L 1. O 2
SZHE,2017.32(12) :1233-1214.
Hatt M, Tixier F, Pierce L, et al. Characterization of PET/CT
images using texture analysis: the past, the present any future?
[J]. Eur J Nuclear Medicine and Molecular Imaging, 2017, 44
(1):151-165.
Mackin D, Fave X, Zhang L, et al. Measuring computed tomo-
graphy scanner variability of radiomics features[ J]. Investigative
Radiology,2015,50(11) :757-765.
Kim H, Park CM, Lee M, et al. Impact of reconstruction algo-
rithms on CT radiomic features of pulmonary tumors:analysis of
intra- and inter-reader variability and inter-reconstruction algo-
rithm variability[ ] ]. PloS One,2016,11(10) :e0164924.
Desseroit MC, Tixier F, Weber WA, et al. Reliability of PET/CT
shape and heterogeneity features in functional and morphologic
components of non-small cell lung cancer tumors:a repeatability
analysis in a prospective multicenter cohort[J]. ] Nuclear Medi-
cine,2017,58(3) :406-411.
Rios Velazquez E, Aerts H],Gu Y, et al. A semiautomatic CT-
based ensemble segmentation of lung tumors: comparison with
oncologists delineations and with the surgical specimen[]]. Ra-
diotherapy and Oncology,2012,105(2):167-173.
Napel S, Giger M. Special section guest editorial: radiomics and
imaging genomics: quantitative imaging for precision medicine
[J]. ] Medical Imaging (Bellingham, Wash),2015,2(4) ;041001.
ClcFig H 1 :2018-01-02 &[] H 11 :2018-04-08)



