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Review of radiomic analysis and modeling tools
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Abstract: Radiomics is a noninvasive method of image analysis, and numerous studies have confirmed the research value of
radiomics in the tumor diagnosis, stage, treatment response prediction and prognosis. Herein the concept, analysis process
and current research status of radiomics are introduced, and the commonly used software for image segmentation and
feature extraction, and analysis and modeling tools are summarized. The characteristics of various software programs
available for radiomics research are described, offering a good opportunity and foundation for further application of
radiomics in clinical practice. With the further accumulation and standardization of medical image data, as well as the
development of artificial intelligence and deep learning, it will provide us with the new directions of radiomics.
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T 5L [H 21 2% (Radio-genomics ) 1Y i A&, faf 2%
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Lambin } Radiomics % X K “ % H A ah ik i 77 2064
Gt 1% 2E S ARG AL Ry e 4 AT A B RE R 2 ],
PEATA3 M o J5 22 Kumar 5% Radiomics it &
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Fig.1 Workflow of Radiomics
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i RS AH M . L, Radiomics BF 57 2 #1751
BB T2 AFFE 40, 5 B 45 B B 5 TR A,
AR T SE 7 42, Sl R TR) R ) e R 4 (S 1y A
F2 Vs
22 BREmENEERGEIERIKRE

I F R BHE 53 BT A9 Radiomics 5 32 % G B4

R T A% K . CT PET/CT F MRI Y414
AR AL CINEH)Z R P9 AAG R SE) A A
F Radiomics %73t o
2.3 ROIH & &l

TEARWCT K EPREL B2 5 5 5 1R B F
3l P A S A [ B0 BHRS SEA M 1 e Bl
1EH AT 53], J2& Radiomics 43 AT HH 8 S B 2L
— o AT T BEATERYT T & 52 (A Phillips
Pinnacle fil Varian Eclipse 55 ) |- F2/1/) il fy) ROI JE4 7
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com) ,ITK-SNAP (www.itksnap.org) , 3DSlicer (www.
slicer.org) il ImageJ (https://imagej.nih.gov/ij/) %52 H
4 A 8o E 4K FE Radiomics WF 58 145 3] T
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ANE 7 1) ASTE RUBE S B B AR AR SRR, B 12
I T Radiomics 437 337

P 1 AR AE R U Radiomics 23 BT B9AZ L, &
G Jr BRI AR BE AR D B . L3R TR AT BOE
AEFHRRAE BT RURRAE SRR A A B R 25 . H:
o, IBEX .CERR F1 MaZda #X/F 15 H EA EIE LA
1], 36 A WIS I, ISR RRAE i 2 1
PR B, nT Y et 2 . HA RS T A
Y AR B A I N G AT A LA AR i
PR A IR R Z 1 FRE . 7F Radiomics FRAF 2
Wt AR, O [ AR A BE A R AT Bl T 3R B fin 4
T4 1Y) Radiomics HF1IF .
2.5 FMlEEE By AL

AT Radiomics 43T B 5 55, , nI VR A2
WA R A B T, B A S DU T PR
2.5.1 $HEH)—EUEVEM PEAS S R 9T R TR AR
THE—F0rk , PR B A B R AU RRE(EL, 2
X} AE R IR SR A B A 4 . Parmar 55 FH R 4R
PP A “IRR” (PPAG 2 AT S ) R A X AN [] 2 1 2
1) ROLFTH I ARAAE i — B T T 3F 0 IR 17—
HERBUNT 0.8 FFIE
2.5 2 45 MEFM BN AN MR £ 3 HETH) Radiomics F#1iF
BRI B RS SR B T 7 O HRAE , S8R S i
FEA T A 25 Bk , NS B A 9 e ek
ME” A2 P BRGSO B2
Tk R XHERAE IR AT R 2, E B AT . D FRAE
B, 50 HT (PCA) 8 i 1F 38 A8 Bl A7 e AH MY
RAE AR H s e — 2 2R MR TGS AR |, B R B AT
A RE O BR R AE B 1 B ) T . Liu S5 DO ]
SPSS # {41 1) PCA 5 5% 3 F T W/T,W/DWI i 4t
PG B FRE LR A CREIEECE 53014 15 .18 F1 19) i
FTRRAEAMIR, 30 3 4> F2 B o3 ] 38 24 v 1) 2ot
B (4358 95.5%.93.5%F196.3%) . (2 FFfFEEFE,
3 e A SRR K TG O DL R OTU A A IE S BN & p
MER . Coroller %5 i F R X A4 A “mRMR” (/s
TUAR B e KM M) A X R E A T2 . Parmar
GO R LS T 14 FRRIE S 5 0 RN
2l i fiiJ (Non-Small Cell Lung Cancer, NSCLC) f
T 5 A8 TR0 4 BE , A& B L T Wilcoxon K5 56 %) /7 15 1%
PE R RE AE B A B 4E P B (stability=0.84+0.05,
AUC=0.65+0.02) .,
253 ##EFil 7F Radiomics 23 M1 , BA K &K r M1 1E:

FEANREAS B A SE A9 25 3, 3 T 2L iE a pL AR 2 2 A
PO A R AR A SRR AR A SN B AT
&R FEIE T B O RIEF G &0 H TR
P B . B Li SF Ml RIE S
“caret” AL HLAS ] A BL A 27 > Sk ey T AR
X AN [ 2 HY F) JFFIE 75 5325  Parmar 457 T R
AP HLER T 12 AL 2 B A X NSCLC 35 1y 7l
S BT, % BRBEALARARIE L (Radom Forest) B i
fHE 110 4% 5 (RSD=3.52%, AUC=0.66+0.03) , @
Weka 2 #7 78 2% P4 K & K %= (University of Waikato,
Hamilton, New Zealand) % T JAVA JF & [ 505 47 4
A AR T R I B AE F A T B T A
FH P ik B S AR 25 A AL, LA [ ) A
R R R A DR IR) R A S T 7 o Basu S YR
T CT ¥ Radiomics FF1iE , i B Weka #4 # T e 5K )
(Decision Tree ) F1SZF:5 [ S HL(SVM)ELEY | FILAIX 3
NSCLC 1 g/ 8598 5 Fan 55 i 1] Weka #4225
R [ AR DL T FL AR ) TR, B
SPSS Modeler j&— 3K By B2 I E A, D Rgi o
THEEABARIE R 0 A R . R A DL R
R OB AC AR S, SR A R ok B AR B R B 12
PR, PRt A S siine, B A FE Hirdmh e
W HI SO % . Zhu 55 ffi H SPSS Modeler f4 £ 1 3
FHUF 4 [ Radiomics FEAE Y SVM ASAY ST 2 fil
WRITHENE B2, @ B11 &5 MaZda Fe &1 ]
VAL BRI L 2R, filan . N Tf
2 M 4% (Artificial Neural Network, ANN) . K % it 45
(K-Nearest Neighbor, KNN) & 1k | K #J{H 2K E 7k
(K-means) . J= X % 2% (Agglomerative Hierarchical
Clustering, AHC) 5.7 FURH LR SR 25577 (Similarity-
based Clustering Method) ., Mayerhoefer %5 “'' {#i
B11 1) KNN il K-means .75 25 & MRISEAR 4 244
IR SR DX 53 JHFFUE 118 % e R 160 785958 o

B S A T AR T REAE 4 B /0N, 0 Tl
FHAN IS 2% YRR AR & AT 43 S AT, AN AE
K (TSR] i HL 7S ) 3 s B i i 10045 o
I, FSE LIS FH )2 W R AIE 8 2 (O e ) AN A Ay
J& Radiomics HY SCHE &, 5 ZAR B i SO R o0 i T
H.. Weka F1 SPSS Modeler j i 5% K H B A3 KB A
T, 38 R ZE 54 0, B g Bl i iF 58 A
AT DM RIE & - T i . ZESRZErtss
AL 2B 2 5 TR UME I TN, e 7] 75 1 4
Sy BT 5 @Ry i, X Radiomics 8% #E i — 4 IR
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3 Radiomics FEIlf& P& $ B9 Mz F

Radiomics IJ DATR R & 41 29 AE = 27 52 A5 P B TR
JZRHAE, AT AR e G S e T IR R AE B
Mro FERIRRSHEIR YT IR R SE B rp , R EH LT
JUAN 5T B R FH o
3.1 EEREREMEX

Radiomics TA A 22 EEAZ IR RRIE 19 25 57 51
O PR B8 1 1 el A B DD AH OG o Lia A5 ] st
S3AT T 298 191 F- ARV 1 S Bl 764 fii i A8 % CT 1Y
Radiomics FEfiF 5 EGFR (58 7 A= & H 732 44 ) 28 A8 4R
BZEMKER, BIA 11 AFHIEE 5 EGFR 2748 i
FEHHI . Dang S5 HIFST K B 171 A 95 £E A Y MRT &L
FHRRAE B2 T ik $90 f RL- pS 3 AR A (HfEAf e ]
ik 81.3%) . Li%F" 5% T LI MRIZ A4 R ALY
MammaPrint , Oncotype Fl1 PAMS0 22 J& K K 22 48 2.
[B] 85 2%, ATPEAS Radiomics 78 T FL AR 9 &2 A& XU
R
3.2 PhEZE A EhIS B

Kamiya 55 3007 1 il 45 15 09 CT K 57 K
HEAE , & PRI (Kurtosis ) FIl 45 (Skewness) A DA X
A3 RPERDEMELESY . Yan 25 TF5T & BE CT RO QU
T2 A St R0 3 Ar , #6255 51 2 1R i 48 7 LA i
Jed 375 ) 240 60 0 s AR L S R B A e v L
B E (B2 0.00%~9.30% ) o Li %54 i
T W G 4R 52 AR SCARFAE 25 5 ANN FIKNN 4541
e 2 Bk T DL o AN [R) S R il i B e 4% o A
I 55 — 30 BfF 9% & T T.W il SPAIR T.W &l 14 114
Radiomics FFIEF4 L 73 AR, 6 BT 458 e A6 08
200 B g 64T WG 9 4325, & B F SPAIR T.W /Y
FHIE S, & ANN BIEAS 2 1 70 JE R R 5
3.3 PhEIGE RS B9

HER 0 IR A3 S F R B IR R B E
BT Lin ARS8 T 73 G SR R R CT 412
FEAE, R IS TEAN R T 433 (oo vs. Taw) FIN 34
(No N, N HIN) oA 3 25 5 0 4T H W%, Liang
AEINT 494 11 i B CT Radiomics FRAE#EA 72047, &
PR LASSO B3 326 H 1) 16 A FEAF T X B M 98 o
20 (1-11 vs. TII-TV) . Flechsig 25 Sf fili s 5 25 ik
ELEE 1 CT KB 157 BT 430, & B Ik B 45 1)
CT % FE{A (32.4 HU) AL REWR 45 (9.3 HU) ey, OF
H.20 HU AR R IX 43 KA AR b L 45 A B, Pk
H RT3 N 2R
3.4 PRy T S e A

R A A58 T PR 3 0 %) 3 A Y A

I PR3 1) 00 R T B, Liu 2570 %) 53 461 B AR 9 £ 3
FEREZ R ST (CRT) BiA T REIR I, R BLAIT
Bl T W/T,W/DWI 5214 11 Radiomics H:1E nT/E YT K
U A= AR i . Hou %1 & BRI AT HE 55 CT 1Y
Radiomics F#1iF 25 A ANN I SVM 5392 il 4 1500
BN CRTIFAL. Yip %500 T B B e
Z 8 Bh AR 7 (nCRT) Hif J& PET/CT HY Radiomics
FROE AR AL 595 BE 220597 RN I G &R, R IIRTT RS
TR 25 AL ] X 2 NR (TCZE % ) Fll CR (522580 ) ; 15
IR B R R I B e U A v K 0 A 8 A5 A A 0 35 K
JEE DX R A 38 A AR AR A BT X 43 PR (R 43 22 fif ) 1
CR. Coroller & M fili it 96 H & (n=182) 1R JT 1 1Y
CT HHEHL 6354 Radiomics 45AE , Hrb 35 ANERAE AT 75
WL AL 57 (DM) |, 12 Rk AT T A= 77 .- Giganti
ARSI 260 CT 1Y Radiomics B 1FE 7T V8 8 B 95 AR AT
T 04 T K -F~ , Kaplan-Meier Fl Cox 231 i 7~ , A 7
MFIE S EZ TG A X

4 Radiomics H Il BIHk X

JL4E Radiomics 15 MR 2 Wr L0 101 L K F 5 7 THT
BAEEMAE, (AR SR TER A A i R H Z i
AFEE Z 8RR . O AR RIS G &EAEINS
BRIV F R Ty T = S — A, B[R — ik
£, TR ) A T S (B R A AR R DL R B
SR 225 WA X RRIE T 7 A VA AR e e
(@ Radiomics R %2 5 7 VTR AL I RRAE , X FAT
Ay S A AT R T 2 — S R RN A v 1) A R B 45 A
%o T Radiomics 75 P& 5 SUSUT JRE A4 I 8] 7 L, 72
ISy anib s IS (150 = AN 57 D WM& v e e e T BRI
BRI AT A AOBRAE P RS IR S EOR [F G
2 [F]— b A A5 R R AR 22 7
I, ##37. Radiomics & Z 3L, #y5 Radiomics )53 #T
TR TR A R, B HT, Radiomics [
A5 248 T 2 1l JOU P - B, A A 90 435 SR 75 B
SRR Z TP RIS TERF AR S . X TR 225
Bh 2 A 1E , d 2 Radiomics [1] I R %
R EZIRT . @ 76T KRR SCHER I8 B A B
Radiomics FF1IE YA E P2 5 S, {1145 Rasiomics F
TR AT RN, PG T HE— 20 R . ik, J
A7 B A1 £ 42 Radiomics ¢ fIE T 28 & 19 AE W22 % 3L,
AR AR IR N 2, A REHE S Radiomics HY 5T
NHFIIEBY -

5 REERE

Radiomics B Rl A B& 2452 A% MR R T T 40U Ao
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RRGEZ — AT Radiomics FIHES T
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IZER ST N 51 AT 38 S AR SCPGE BGR N T AN [R)
AR S, S Radiomics 7E I IR - 4 3#E— 45 o7 45
HET R A SHLAISE BRI Al . [W]RY, Radiomics 1T
Il — R AN PRI PG . AR, Bl B2 252 15 5 s
B E— 20 B FbR AL, LA RN T A RE FIGR 2= )
1Y % Ji& , ¥4 24 Radiomics $5 5 BT 9 77 W] o

(5% 30Hik]

[1] LIMKIN E, SUN R, DERCLE L, et al. Promises and challenges for
the implementation of computational medical imaging (radiomics) in
oncology[ J]. Ann Oncol, 2017, 28(6): 1191-1206.

[2] SCRIVENER M, DE JONG E E, VAN TIMMEREN ] E, et al.
Radiomics applied to lung cancer: a review|[J]. Transl Cancer Res,
2016, 5(4): 398-409.

[3] LAMBIN P, RIOS-VELAZQUEZ E, LEIJENAAR R, et al.
Radiomics: extracting more information from medical images
using advanced feature analysis [J]. Eur J Cancer, 2012, 48(4):
441-446.

[4] KUMAR YV, GU Y, BASU S, et al. Radiomics: the process and the
challenges[J]. Magn Reson Imaging, 2012, 30(9): 1234-1248.

[5] ey, BB, #iE ik, F . A F G R AR R[T]. P4
&% 4 &, 2015, 95(7): 553-556.

SU H F, ZHOU G F, XIE C M, et al. Rise and development of
radiomics [J]. National Medical Journal of China, 2015, 95(7):
553-556.

[6] DOROSHOW J H, KUMMAR S. Translational research in
oncology-10 years of progress and future prospects[J ]. Nat Rev
Clin Oncol, 2014, 11(11): 649-662.

[7] LAMBIN P, RTH L, DEIST T M, et al. Radiomics: the bridge between
medical imaging and personalized medicine[J]. Nat Rev Clin Oncol,
2017, 14(12): 749-762.

[8] REF, ELE, T, F
=26 &, 2017(10): 173-176.
WUY P, WU WG, LINY S, et al. Rise and application of radiomics
[J]. Journal of Medical Forum, 2017(10): 173-176.

[9] COROLLER T P, GROSSMANN P, HOU Y, et al. CT-based radiomic
signature predicts distant metastasis in lung adenocarcinoma [J].
Radiother Oncol, 2015, 114(3): 345-350.

[10] HOU Z, REN W, LI S S, et al. Radiomic analysis in  contrast-

enhanced CT: predict treatment response to chemoradio

SRR SR B B R[] Bk

therapy in esophageal carcinomal[ J ]. Oncotarget, 2017, 8(61): 104444-
104454.

[11] COROLLER T P, AGRAWAL V, NARAYAN YV, et al. Radiomic
phenotype features predict pathological response in non-small cell
lung cancer[ J]. Radiother Oncol, 2016, 119(3): 480-486.

[12] KICKINGEREDER P, BURTH S, WICK A, et al. Radiomic profiling
of glioblastoma: identifying an imaging predictor of patient survival
with improved performance over established clinical and radiologic
risk models[J |. Radiology, 2016, 280(3): 880-889.

[13] PARMAR C, VELAZQUEZ E R, LEIJENAAR R, et al. Robust
radiomics feature quantification using semiautomatic volumetric
segmentation[J ]. PLoS One, 2014, 9(7): ¢102107.

[14] MACKIN D, FAVE X, ZHANG L, et al. Measuring CT scanner

variability of radiomics features[ J ]. Invest Radiol, 2015, 50(11): 757-
765.

[15] PENA E, OJIAKU M, INACIO J R, et al. Can CT and MR shape and
textural features differentiate benign versus malignant pleural plesions?
[J]. Acad Radiol, 2017, 24(10): 1277-1287.

[16] WANG G, HE L, YUAN C, et al. Pretreatment MR imaging radiomics
signatures for response prediction to induction chemotherapy in
patients with nasopharyngeal carcinoma[J]. Eur J Radiol, 2018, 98:
100-106.

[17] QIU Q, DUAN J, GONG G, et al. Reproducibility of radiomic features
with GrowCut and GraphCut semiautomatic tumor segmentation in
hepatocellular carcinoma[ J . Transl Cancer Res, 2017, 6(5): 940-948.

(18] o, 70 &, #hik, 5 . HGAF PRERIFFRE[T]. TEE
FREAAK, 2017, 33(12) 1792-1796.

XIE K, SUN H F, LIN T, et al. Research progresses in feature
extraction of radiomics [J]. Chinese Journal of Medical Imaging
Technology, 2017, 33(12): 1792-1796.

[19] GANESHAN B, MILES K A, YOUNG R C, et al. Texture analysis in
non-contrast enhanced CT: impact of malignancy on texture in
apparently disease-free areas of the liver[J]. Eur J Radiol, 2009, 70(1):
101-110.

[20] ZHANG L, FRIED D V, FAVE X J, et al. IBEX: an open infrastructure
software platform to facilitate collaborative work in radiomics[J].
Med Phys, 2015, 42(3): 1341-1353.

[21] ZHANG B, OUYANG F, GU D, et al. Advanced nasopharyngeal
carcinoma: pre-treatment prediction of progression based on multi-
parametric MRI radiomics[J ]. Oncotarget, 2017, 8(42): 72457-72465.

[22] VAN ROSSUM P S, FRIED D V, ZHANG L, et al. The incremental
value of subjective and quantitative assessment of “F-FDG PET for
the prediction of pathologic complete response to preoperative
chemoradiotherapy in esophageal cancer[J]. J Nucl Med, 2016, 57(5):
691-700.

[23] HUNTER L A, CHEN Y P, ZHANG L, et al. NSCLC tumor shrinkage
prediction using quantitative image features[J ]. Comput Med Imaging
Graph, 2016, 49: 29-36.

[24] ZHANG Z, YANG J, HO A, et al. A predictive model for
distinguishing radiation necrosis from tumour progression after
gamma knife radiosurgery based on radiomic features from MR
images| J]. Eur Radiol, 2018, 28(8): 3570-3571.

[25] WONG A J, KANWAR A, MOHAMED A S, et al. Radiomics in head
and neck cancer: from exploration to application[J]. Transl Cancer
Res, 2016, 5(4): 371-382.

[26] SZCZYPINSKI P M, STRZELECKI M, MATERKA A, et al. MaZda-
a software package for image texture analysis[ J]. Comput Methods
Programs Biomed, 2009, 94(1): 66-76.

[27] JIM V G, FEDOROV A, PARMAR C, et al. Computational radiomics
system to decode the radiographic phenotype[ J]. Cancer Res, 2017,
77(21): el104.

[28] APTE A, WANG Y, DEASY J. SU-E-I-66: radiomics and image
registration updates for the computational environment for
radiotherapy research (CERR)[J]. Med Phys, 2014, 41(6): 145.

[29] APTE A, VEERARAGHAVAN H, OH I, et al. SU-E-J-253: the
radiomics toolbox in the computational environment for radiological
research (CERR)[J]. Med Phys, 2015, 42(6): 3324.

[30] CARNEIRO G, OAKDEN- RAYNER L, BRADLEY A P, et al.
Automated 5-year mortality prediction using deep learning and
radiomics features from chest computed tomography [C]. IEEE
International Symposium on Biomedical Imaging, 2016: 130-134.

[31] AL-KADI O S, WATSON D. Texture analysis of aggressive and
nonaggressive lung tumor CE CT images[J ]. IEEE Trans Biomed Eng,



b

598 XN, 4 SARA A SR T HER A

- 1049 -

2008, 55(7): 1822-1830.

[32] LAWS K I. Textured image segmentation| R |. University of Southern
California Los Angeles Image Processing INST, 1980.

[33] ZACHARAKI E I, WANG S, CHAWLA 8, et al. Classification of
brain tumor type and grade using MRI texture and shape in a
machine learning scheme [J]. Magn Reson Med, 2009, 62(6):
1609-1618.

[34] LI Z, MAO Y, LI H, et al. Differentiating brain metastases from
different pathological types of lung cancers using texture analysis of
T, postcontrast MR[J ]. Magn Reson Med, 2015, 76(5): 1410-1419.

[35] LI Z, MAO Y, HUANG W, et al. Texture-based classification of
different single liver lesion based on SPAIR T,W MRI images|J].
BMC Med Imaging, 2017, 17(1): 42.

[36] LIU J, MAOYY, LI Z, et al. Use of texture analysis based on contrast-
enhanced MRI to predict treatment response to chemoradiotherapy in
nasopharyngeal carcinoma[J]. J Magn Reson Imaging, 2016, 44(2):
445-455.

[37] PARMAR C, GROSSMANN P, BUSSINK J, et al. Machine learning
methods for quantitative radiomic biomarkers[J]. Sci Rep, 2015, 5:
13087.

[38] BASU S, HALL L O, GOLDGOF D B, et al. Developing a classifier
model for lung tumors in CT-scan images|C |. Systems, Man, and
Cybernetics (SMC), 2011 IEEE International Conference, 2011: 1306-
1312.

[39] FAN M, LI H, WANG S, et al. Radiomic analysis reveals DCE-MRI
features for prediction of molecular subtypes of breast cancer[J].
PLoS One, 2017, 12(2): e0171683.

[40] ZHU B, LUO W, LI B, et al. The development and evaluation of a
computerized diagnosis scheme for pneumoconiosis on digital chest
radiographs|J |. Biomed Eng Online, 2014, 13(1): 141.

[41] MAYERHOEFER M E, SCHIMA W, TRATTNIG S, et al. Texture-
based classification of focal liver lesions on MRI at 3.0 Tesla: a
feasibility study in cysts and hemangiomas [J]. J Magn Reson
Imaging, 2010, 32(2): 352-359.

[42] LIUY, KIM J, BALAGURUNATHAN Y, et al. Radiomic features are
associated with EGFR mutation status in lung adenocarcinomas|J].
Clin Lung Cancer, 2016, 17(5): 441-448.

[43] DANG M, LYSACK J T, WU T, et al. MRI texture analysis predicts
p53 status in head and neck squamous cell carcinomalJ]. AJNR Am
J Neuroradiol, 2015, 36(1): 166-170.

[44] LI H, ZHU Y, BURNSIDE E S, et al. MR imaging radiomics
signatures for predicting the risk of breast cancer recurrence as
given by research versions of MammaPrint, Oncotype DX, and
PAMS0 gene assays[ J . Radiology, 2016, 281(2): 152110.

[45] KAMIYA A, MURAYAMA S, KAMIYA H, et al. Kurtosis and

skewness assessments of solid lung nodule density histograms:
differentiating malignant from benign nodules on CT[J ]. Jpn J Radiol,
2014, 32(1): 14.

[46] YAN L, LIU Z, WANG G, et al. Angiomyolipoma with minimal fat:
differentiation from clear cell renal cell carcinoma and papillary renal
cell carcinoma by texture analysis on CT images[J]. Acad Radiol,
2015, 22(9): 1115-1121.

[47] 170, R, B4k, 5 . B F AR RAT ¥ o ARtk
[7]. PGB ER 52 E, 2018, 38(3): 236-240.

HOU Z, LI S S, YAN J, et al. Progress on application of radiomics in
radiotherapy of esophageal cancer[J . Chinese Journal of Radiological
Medicine and Protection, 2018, 38(3): 236-240.

[48] LIU S, ZHENG H, PAN X, et al. Texture analysis of CT imaging for
assessment of esophageal squamous cancer aggressiveness [J]. J
Thorac Dis, 2017, 3(2): 4724-4732.

[49] LIANG C, HUANG Y, HE L, et al. The development and validation
of a CT-based radiomics signature for the preoperative discrimination
of stage I-II and stage I1I-1V colorectal cancer[ J |. Oncotarget, 2016,
7(21): 31401-31412.

[50] FLECHSIG P, KRATOCHWIL C, SCHWARTZ L H, et al. Quantitative
volumetric CT-histogram analysis in N-staging of “F-FDG-equivocal
patients with lung cancer[ J]. ] Nucl Med, 2014, 55(4): 559-564.

[51] YIP S S, COROLLER T P, SANFORD N N, et al. Relationship
between the temporal changes in positron- emission- tomography-
imaging-based textural features and pathologic response and survival
in esophageal cancer patients| J |. Front Oncol, 2016, 6: 72.

[52] COROLLER T P, GROSSMANN P, HOU Y, et al. CT-based radiomic
signature predicts distant metastasis in lung adenocarcinoma [J].
Radiother Oncol, 2015, 114(3): 345-350.

[53] GIGANTI F, ANTUNES S, SALERNO A, et al. Gastric cancer: texture
analysis from multidetector computed tomography as a potential
preoperative prognostic biomarker[J]. Eur Radiol, 2017, 27(5): 1831-
1839.

[54] HE L, HUANG Y, MA Z, et al. Effects of contrast-enhancement,
reconstruction slice thickness and convolution kernel on the diagnostic
performance of radiomics signature in solitary pulmonary nodule[J].
Sci Rep, 2016, 6: 34921.

[55] FAVE X, COOK M, FREDERICK A, et al. Preliminary investigation
into sources of uncertainty in quantitative imaging features [J].
Comput Med Imaging Graph, 2015, 44: 54-61.

[56] YANG J, ZHANG L, FAVE X J, et al. Uncertainty analysis of
quantitative imaging features extracted from contrast-enhanced CT in
lung tumors[J |. Comput Med Imaging Graph, 2015, 48: 1-8.

(%% B 24)



