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[ E] BE: BB i UL N i A rhAR bR 22 R GEIIE L BB 1) 73 BT i RGBT M BT T 58 i e 4%
PG B PPAl A R T o ABIESE B BYTE TR TR AR 20 2% 1Y logistic [H1 A ARY TR0 e S5 gg g #1732 ) AT A 71k o
Frik: BUBPEICEE 201245 1 A 2 2018 4F 12 H & F AR ERY) AE SN TR Y 146 Bl . T3 #] E 83 T, Ik
Ji% 4 (contrast-enhanced T -weighted imaging, T ,WI+C) &4 14 I B8 X 35, B i 3D J&& %8R X (region of interest,
ROI); $2HUA1 PNEEAGRRE s R F dse /N Yo A0 48 136 43542 5 (least absolute shrinkage and selection operator, LASSO) .
G logistic [M1117 5 156 5 I Jo 8 o 2443 G pe A DG (A R AE 315518 41 245 53 (radiomics score, Rad-score); KA ER
logistic [H] J EAR 7 ik gy TINAEE AR s A2 305 B ERFIE (receiver operating characteristic, ROC)HZE AR Y (1) X 4368
J1, VEAG RS A ERZE T 1 F (area under the curve, AUC). 1| Hosmer-Lemeshow 6 56 i f AR 5 F0 ) Erf . 255 .
5 35 1 5 A5 e SO 98 s B A R AH DG I RAAIE X 5 AR 28 %) TN Jie o 90 9 B 439 11 Togistic RIS 1) ROC iy
Z8 AUC 10.919, EAMRLFIIXS \A‘éjj , HAIE AR ZE 24 Hosmer-Lemeshow K4, SRIAHHZE A0 2E F RG24 X (P=
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ABSTRACT Objective: Glioma is the most common intracranial primary tumor in central nervous
system. Glioma grading possesses important guiding significance for the selection of

clinical treatment and follow-up plan, and the assessment of prognosis. This study aims to
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explore the feasibility of logistic regression model based on radiomics to predict glioma
grading.

Methods: Retrospective analysis was performed on 146 glioma patients with confirmed
pathological diagnosis from January, 2012 to December, 2018. A total of 41 radiomics
features were extracted from contrast-enhanced T,-weighted imaging (T,WI+C) lesion by
manual segmentation. Least absolute shrinkage and selection operator (LASSO) was used
to select the most-predictive radiomics features for pathological grading and to calculate
radiomics score (Rad-score) of each patient. A logistic regression model was built to
explore the correlation between giloma grading and Rad-score. Receiver operating
characteristic (ROC) curve was performed to evaluate the model’s predictive ability with
area under the curve (AUC) for the evaluation index. Hosmer-Lemeshow test was used to
measure the model’s predictive accuracy.

Results: A total of 5 imaging features selected by LASSO were used to establish a logistic
regression model for predicting glioma grading. The model showed good discrimination
with AUC value of 0.919. Hosmer-Lemeshow test showed no significant difference
between the calibration curve and the ideal curve (P=0.808), indicating high predictive
accuracy of the model.

Conclusion: The logistic regression model using radiomics exhibits a relatively high
accuracy for predicting glioma grading, which may serve as a complementary tool for

preoperative prediction of giloma grading.

glioma; grading; least absolute shrinkage and selection operator; radiomics; logistic

regression
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1.2 MRIfE# 7%

% JH GE Signa HDx 3.0T 34 s AY & 8 i iE
S F AR 4V e P SR A RR A 19 1 i MIRT P-4+ 39 5 5K
P, JFAELE R Y N E 703 5 1) MRS 193K L
[ W, Wb R sk s s . D
T, AL A 4% (T,-weighted imaging, T,WI) ¥ 512 %4 .
55 i} 8] (time of repetition, TR)=4 480 ms, [0l i}
[i](time of echo, TE)=120 ms, JZ/£=5mm, JZ[[[Hi=
1.5mm, Z40=20, ¥ (field of view, FOV)=240 mmx
240 mm, FiFE=320x288. 2)Fli{ T, K 98 5k
2 L 1% (T,-fluid attenuated inversion recovery,
T,FLAIR)J¥ %1 &%k . TR=8 500 ms, TE=168 ms, %H
M=320x256, J=J5 . JZMHIE, JZE L FOV 5 T,WI—
B )AL T, INAUSA%R (T, -weighted imaging, T,WI)
J¥31 % % . TR=2000 ms, TE=24 ms, % [4=320x
224, FOV, R, ZEEE, 255 T,WI—2. 4)fH
o7 5% T, AL A4 (contrast enhancement T,-weighted
imaging, T,WI+C) /¥ % Z%(: TR=1 725 ms, TE=
24 ms, HFE=320x256, 2. R, 2L FOV
5T,WI—35,

1.3 BE&oHr
1.3.1 B 4§ Ao i b BS54 X 64 3R IR

EIER A v R 27 A B 8 R RS2 AR A RS A
W 15 R 4 (picture archiving and communication
systems, PACS). 3T MATLAB A4 & H A i
(graphic user interface, GUI) 3K B Ji kb &% 2% i [X
(region of interest, ROI). FHJGH 24 HA3FL LT
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KB 52 1% 41 2445 47 (radiomics score, Rad-score); #&
J& . JH Rad-score 5 Ji2 J51 964 14 95 B 43 G AT LA &R
logistic [l 4387, 15 24L& J5 (1 logistic [ 19 77 ##
HEN AR ORI AAL AR AR Ay R RO e TR ) A
B, JFARHE 24 5 i B30 R i T ) s T 00 AR 2% e 1
KT BB e O I R, /T B A A I 2 )
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FKH MATLAB 41t T H A T8 125017
G3 VS HTAEAS (30 R 5 G 95 53 A i 280 JE S 9
2H ARG e B 2 AR5 . R i 2E 7 R A R
TR S SR 41 18] #H 5C 22 % (inter-class correlation
coefficient, 1CC)TFA 2 44 = i il 37 4K LA i g8 ROI
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JH 52 38 & 58 VF 4 # 1E (receiver operating characteristic,
ROC)MIFALBIRI Y X 73 Be T, AL HE bR & T
If] FH (area under the curve, AUC). # H Hosmer-
Lemeshow Kz 56 24 ) Wi s v i £& -5 #UAR il 26 02 5 A7 7
FE5, AR EE A TR RO (A ME RN, P<0.05 A2
SRAG R L

24 R

2.1 —fEHEM

LG AR I8 4 146 491, Horp = 20 e e i
(R PONA) 7051, RGN R e £ 5 (R 4) 76
Bl B GONH SARGNAAEAES . AR Y 2
FRGTEEE L (B P>0.05, % 1),

1 REARRBSSRINRIEEENERER L
Tablel

grade glioma and low-grade glioma

Comparison of basic conditions between high-

20 51 n Ei%57s e
e Sk 70 29/41  20.5~70.2(50.3+12.7)
IRZE R4 76 30/46  19.7~73.3(44.2+11.3)
JSYEN 146 59/87  19.7~73.3(47.6+11.9)
FEIEEL
085 404040 39333228262422191511 520
0.80 - AT AR
0.75 F “..”...o ]| .-.?M.,..
o 070 F TG ;
2 oens **
< 065}
0.60 |
0.55F .
0.50

Logh A

1 LASSO El/3Z £ ik E
Figure 1 Feature selection using LASSO

2.2 —HMRIGER

2 4 845 I IR BT ROT 5215 1iF ICC 4 0.893~
0.967, #2724 B i 42 B ROT EL A %5 i 1) 4[] —
ok,

2.3 HHEMFIEGER

TEE 1A, B AR bR R 7R A5 ) &R B0 1Y X B
(logh), PABFRF/ R AUC, MR Iy £
BRI A RIS, T LB AR R B B
R, FREECE B LW M LR AUC fi K
FESXE IO P A FR 6 28 P AR R, A I R 2R 3R 7
B K AUC (LRl 38 1A% Fm o 152 i A v ) A
TR UE— 2500 . B LA AR DR s X L 9 2 8K
A LLAE AT A A R 11 [ s 0 — 52 (0 o o3, i A
AU RLREN

7E 1B Hr, A bR 2 s A5 5 R B 09 X 8K
(logh), PAEFRFRBAIMARIER R 5L, Mgk LTy
BT RN ZBOR 0 (AFIE R . B LB
WA K, MORAZ IR R B R M 0, FE 1 f5AR
HEVRI (I e Ze s SR 42 5 4R O FFAE ., IR,
i LASSO 7t logistic [7] 53 3L 0 e 75 2] 5 > fe b ¢
MR RE (3R 2), BcZX Rad-score )31 B A B X S
AARRHERY(E S H R B () SRR I

HEAER

Coefficients

A: Variation of AUC. The horizontal axis shows logh and the vertical axis shows the AUC. The numbers above the curve represent

the number of feature of nonzero coefficient. The left dotted line represents the feature number corresponding to the maximum AUC,

while the right dotted line represents that corresponding to 1 standard error of AUC. B: The shrinkage plot of coefficients. The

horizontal axis shows loghk and the vertical axis shows coefficient. The numbers above the curve represent the number of features

with nonzero coefficient.
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%2 LASSO ZJt logistic @3 5% %1% 5 2 A 221G 4H1E

Table 2 Radiomics features selected by LASSO binary logistic regression

2 TSR YESLAA TR YHHE EX
TR A A R IHCRI sum average SA 0.048
Vik variance 0.009
TR AR R B IR AE—Se gray-level non-uniformity GLN -0.015
RS X IR/ N R IR/NAE—Z Pk zone-size non-uniformity ZSN -0.092
R BUR 225 X HJEE contrast 0.116

2.4 Logistic [@]J31& 5

146 191 J12 J5 83 1Y Rad-score ¥ 4 [€] WL K] 2A
210Ky i BN I, S ARG I TR, REAR
- JI R 7 e JBE B 20 A A (L B S A 7 A8 35 Y Rad-
score, HifE ROC flik (K 2B), BA#MI{E R 2.914,
AUCE 5 0919, #USEE} 0.886, HF 5 JE 4 0921,
FH Rad-score 17 B[R £ logistic [PV E#EAR , LA R

wn

| — High-grade
=— Low-grade

Rad-score

1 918 29 40 51 62 73 84 95 107 120 133 143
Number of patient

2 Rad-score#7E & ROC fi%
Figure 2 Waterfall plot and ROC curve

A

G h a5 R AR B (RO 1, RGO 0), A
Rad-score [ 7 2 % & 1.584(P<0.0001), % B Rad-
score 5 ¢ BUIRE U0 1 F ARG . B L logistic [A1 5
HEER
. 1
1+exp (4.780-1.584 X Rad - score)

ot PRI FEA N R 0 I ST (A %

Sensitivity

o AUC=0.919

§ ; Cut-off=2.914

0.2 ¢ Sensitivity=0.886
gL Specificity=0.921

0.4 0.6 0.8 1.0
1-Specificity B

A: Waterfall plot of Rad-score. The vertical axis shows the value of Rad-score; red bars represent patients with actual high-grade
glioma; green bars represent patients with actual low-grade glioma; the transverse line represents the cut-off point in ROC curve.
Bars under the transverse line represent the predicted patients with low-grade glioma, bars above the transverse line represent the
predicted patients with high-grade glioma. B: ROC curve of Rad-score. The red point represents the sensitivity and specificity at the

cut-off point.

2.5 BB EIT 3 W NIRRT 2L, HEL TN IR HELE S BEAE

i o ST ST AT R B A A A iy i 0 e
TR FO AR (AL o O P U A 2R 5 S PR 6
SEAIAT, B AT TR R AL e A (A

/

RERY %) L FE A W 22, HIZE W &, Hosmer-
Lemeshow £ 56 25 I /8 22 % L4 1T 2 B L (P=
0.808).
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Predictive probability
B3 TR p R A i 2k
Figure 3 Calibration curve for the predictive model
The P value of Hosmer-Lemeshow test for calibration is 0.808,
showing no significant difference. This result indicates good
agreement between the predictive probability and the actual

probability.

33t i
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G20 2411 logistic [m] =4S 7Y S50 52 58 43 AT EE A
AR T 5 Jo g % ) A Bl O 1%

AAIF5E i 1 Rad-score HE 37 logisitic [ AR 7Y K
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BT 1 AR5 R — 2508 UL . Tian Z55:R 48 153 49112 50
HARGON B oE 4241, = OB BEs 111 49 Y AR i
Z A MRI(ALHE T, WL, T,WI. T,WI+C. Zb{H K
BOMAUSAS . = ZEZh Ik A bR 10 T nAUR) #4752
QR 3 Mr, T R e B, 25 RERH . R
JEH T WIHC 75 SO R i o, PR 20
A 0 UM RE = TR T A, S5 AR A (T, WL

T,WI. TWIHC)., ¥ HUELA (2 b EVREUNBUSAZ) 1
T sk BE 34 v T AL (S A Bh ik A e bRie E T I
B, (HIE R A TR A AN A SR R . X
BB ESH H logistic Z2 N ZE M 404 & B . TR
A% (diffusion-weighted imaging, DWI)FFIHZEAY
FEAIE Percentile-75 X 151 . ARG e BT IR (112 BT A% e Fie
15 (AUC=0.7930), i iZ W58 7€ T,WIL ¥ 51 & T,WI+C
J7 91 v A B 1 5 8 o A DE I RRAE . ARBIFSE R
HT,WIHC [y 3 g R A 245 ., it LASSO —JT
logistic M1 572 i 156 15 152 o I8 o 2L 53 S e A DG I RRAIE
X ARG TR AT T, B BRI
(AUC=0.919), ¥iH# M MRI B4 &4 & LY
AR SHRHIE

ROI M EIuFEFshor . kA shaE . Ak
3R RAEE BRI AR A 343 % ROIT
) B T ek A N B Rk e R R R s (H
RTERERE T, REE WG ERERTK,
H 5 K B AR BRI 4T T 3 4 AT 2 H RS Y
T, AR 2 245G B4 [ 0 ST 2 1
IROI, P —2 EAETE LR ITHA%, X
RO HITIEAERT AR, (HREE R e, i
582

5 REAEIF 8 AN ST — A o — 2SSO AR AR 43 AT A
A, ASHFGEHE T e o i 3 R T, WIHC R EIE
T T E ek, HEEC 146 6] o 1 41 A AR %S
fiE, i3k LASSO — It logistic [MI AL R4S 1E, BE
o T a7 v B B2 WA 0 2R A R E
LASSO 7t logistic [ 97 /2 H FT 7EE0HE 1240 5 HA
3 H R N AR B — P AR R R A T ik ARG R
HILASSO —Jt logistic [P 515 i 1 4 5 AM4FAE, X 5
AR SIRATZ AR T A28 2% 1 B 2 i A
FRAF—3 . 7EZATAY N T A& M e o8, Fefi1H
PHFEAS ¢ K B0 A6 10 7 MRAAE, B3 7 MR —
NBEHY & B AT S 4R fE A BB AL A 1 R
IKEPE B K. BARAF ST LASSO [R1 )5 i i 4% i
RORT R, HABTHIA RS AR B A 2R BRIV X AL
), Mt —L it — %255 19 Rad-score, 2 &
THAREAS by e O e ST s (3

AT R ROC 2k i AUC R M v i £ 4 P A
S ] TEAG B A X g AR RO i SR ) A R RE
AUCHEIEIR 1, R BRERATF2 A58 4
AR S . RGO BT 1 AUC 4 0.919, K]
RERX . ARG I R B AR A i X 4y e s B
e i 4k 5 AR I 2wy & R, 2R/ P=
0.808), i WA AL TN A WE = 5 5L PR Ol 404200 o

SR ASIT 5 ) R ABE AR (7% T 55 R A AR N T e
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