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Predictive value of multi-sequence MRI radiomics fusion model for glioma grading
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Abstract: Objective To explore the value of multi-sequence MRI radiomics signatures and fusion model for the prediction of
glioma grading. Methods The data of glioma patients who were pathologically confirmed and underwent MR examination in
Meizhou People's Hospital from January 2016 to June 2021 were retrospectively analyzed. The original multi-sequence MR
images in DICOM format were imported into ITK-SNAP software for VOI delineation. After extracting radiomics signatures
with GE A.K analysis software, ANOVA+Mann Whitney, Spearman correlation analysis and LASSO model were used for
feature screening. Logistic regression (LR) algorithm was selected to build a single sequence model, while LR, LDA and
SVM were adopted to establish fusion sequence models. The prediction performances of different models were evaluated
using the receiver operating characteristic curve, and the area under the curve (AUC) was calculated. Results A total of 150
patients were enrolled in the study, including 41 in low-grade glioma group and 109 in high-grade glioma group. There was
no significant difference in gender and age between LGG group and HGG group (P>0.05). Five optimal feature sets were
obtained, and there were 15, 31, 25, 12, 4 and 44 features in T, WI feature set, T,WI feature set, Flair feature set, DWI feature
set, T,C, and fusion sequence set. The AUC of MRI radiomics-based prediction models of T,WI, T,WI, Flair, DWI and T,C
was 0.7190, 0.769 5, 0.741 0, 0.721 9 and 0.815 7 on the training set, and 0.6514, 0.7114, 0.6102, 0.747 0 and 0.754 5 on the
test set, respectively. The AUC of the fusion models established with LR, LDA and SVM was 0.9524, 0.894 8 and 0.928 6 on
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the training set, and 0.767 0, 0.688 1 and 0.704 5 on the test set, respectively. Conclusion Among the single sequence models

based on multi-sequence MRI radiomics, T,C single sequence prediction model has the highest efficiency in glioma grading.

Compared with single sequence prediction model, multi-sequence fusion prediction model has higher diagnostic efficiency,

and the fusion model established with LR shows higher prediction efficiency than the fusion models established with LDA

and SVM.
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Table 1 Prediction performances of different sequential models
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Figure 1 Scheme of radiomics processing

ARG IR KBS TR L 27 ) 7 A R 4 ot 434
BWIRRE = A S, FE RS T AR S LR
LR AUCH JC I8 /& Ik 45 18 2 M 4R 1 v T
LDA K SVM B3k A5 R | H w5 FAT — By 51 15 0
R BB AE ARV 5E & A B TR A P 2T RF
PLER 7 2 B A I2 WU e =5 T SVM 1 Logistics AL &%
SR RL HRR A AR R R T SVM LR 22 2
R X 43I 91 5 o 4 00 e T 88 P9 %8R 8 T LAD I
Logistics fll#s 27 S BEAY . iR F 57 5 A HIF 58 45 SR A7
TE2 5, A I DR AT BE g LRI S — il )™ LRk o]
VAT, Wb 2 52745 o S (L URK , A g — T T I
I T ABIE ST B0 A AT

AW IEAETE SR BRI 8 56, ASBIF T A K- 980 J&1 /K o
DX [ MR 524G 2 27 R AE 99 A F0000 102 S5 968 5 9 1) A 5
s LR, T BB A A 1 BB B, R SR T RE T
B il 5 LR 0 T RRE 5 26 =, AR SERE AR B/,
HE—2 Z b EIIE

25 PR, FE T 2551 MR SAAG 20 2 FRAT 00 205

FURLHY rpr T, C 4P 31 T ASS 50 %o Jie 988 0 2 sk
A fo i 5 AHAE T B0 271 T AR AR | 45 4] ik i 0 A5
REA W S i Wik bE , B3t F LR A M E el &
FERIES LDA 53k S SVM 43k b 2 1) il A5 4 80 (g 7
HH R A TR AL AE

[&% 30k ]

(1] #hdb, REEEX, AR, 5. $BESMRE Z 52 W 5H i 19
SR [T]. R 2 &, 2019, 35(9): 1379-1383.

Lin K, Ci Dan WJ, Qi Y, et al. Quantitative and qualitative assessment
of multimodal MR in grading brain gliomas[J ]. Journal of Practical
Radiology, 2019, 35(9): 1379-1383.

(2] #FE, BE, FEH, 5. 2021 FER T ALL PR Z RGN

25 S Ea Ay BL MR ], b BILRAY 2R m A &, 2021,
21(9): 764-768.
Yang XJ, Chen H, Li JB, et al. Integrated and layered diagnoses in the
2021 WHO classification of tumors of the central nervous system
(fifth edition)[J]. Chinese Journal of Contemporary Neurology and
Neurosurgery, 2021, 21(9): 764-768.

[3] Wesseling P, Capper D. WHO 2016 classification of gliomas[J].
Neuropathol Appl Neurobiol, 2018, 44(2): 139-150.

[4] Yan LF, Zhi Y. Perfusion, diffusion, or brain tumor barrier integrity:
which represents the glioma features best? [J]. Cancer Manag Res,
2019, 11: 9989-10000.



5 , . MR

- 549 -

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

[6] Peeken JC, Bernhofer M, Wiestler B, et al. Radiomics in
radiooncology-challenging the medical physicist [J]. Phys Med,
2018, 48: 27-36.

(7] F, EAH, @i, & 5T P4 MRIB A F AR 5] 24 1
fili K 5 R AR B, S AAU S 4 &, 2021, 37(10): 1578-1582.
Han'Y, Cui GB, Nan HY, et al. Radiomics model based on plain MRI
for distinguishing solitary brain inflammation from atypical gliomalJ].
Journal of Practical Radiology, 2021, 37(10): 1578-1582.

[8] Chen W, Liu B, Peng S, et al. Computer-aided grading of gliomas
combining automatic segmentation and radiomics[J]. Int J Biomed
Imaging, 2018, 2018: 2512037.

[9] Tian Q, Yan LF, Zhang X, et al. Radiomics strategy for glioma grading
using texture features from multiparametric MRI[ J]. J Magn Reson
Imaging, 2018, 48(6): 1518-1528.

[10] Zhang X, Yan LF, Hu YC, et al. Optimizing a machine learning based
glioma grading system using multi-parametric MRI histogram and
texture features| J ]. Oncotarget, 2017, 8(29): 47816-47830.

[11] Vamvakas A, Williams SC, Theodorou K, et al. Imaging biomarker
analysis of advanced multiparametric MRI for glioma grading[J].
Phys Med, 2019, 60: 188-198.

[12] 427, 14, 34, 5. APT . ASL & DCE-MRI /& & J% 5 2~ 254 W P
R[] F B ESFHEE R E, 2022,39(3): 321-327.

Cheng X, Wang J, Wang R, et al. Application of APT, ASL and DCE-
MRI in glioma grading[J]. Chinese Journal of Medical Physics, 2022,
39(3): 321-327.

[13] BE#23%, AT0e3L, AR4A, & MRIZE R % 5] IDH-1 £ % A1 55 9 A A 4%
MREA IR [T]. P B B S &, 2020, 37(11): 1384-1388.
Xue CQ, Ke XA, Deng J, et al. MRI signs in differentiation of
IDH-1 mutant type and wild type of lower-grade gliomas[ J]. Chinese
Journal of Medical Physics, 2020, 37(11): 1384-1388.

[14] Cauio M, Panara V, Tortora D, et al. Data-driven grading of brain
gliomas: a multiparametric MR imaging study[ J]. Radiology, 2014,
272(2): 494-503.

[15] Choi YS, Kim DW, Lee SK, et al. The added prognostic value of
preoperative dynamic contrast-enhanced MRI histogram analysis in
patients with glioblastoma: analysis of overall and progression-free
survival[J]. AINR Am J Neuroradiol, 2015, 36(12): 2235-2241.

[16] Jia ZZ, Gu HM, Zhou XJ, et al. The assessment of immature micro-
vascular density in brain gliomas with dynamic contrast-enhanced
magnetic resonance imaging[ J |. Eur J Radiol, 2015, 84(9): 1805-1809.

[17] Li-Chun HK, Chen CY, Lo CM. Quantitative glioma grading using

transformed gray-scale invariant textures of MRI[J]. Comput Biol
Med, 2017, 83: 102-108.

(18] M A &R, ¥ A&, £48, . K T 4% ADC B LB 45 4257 F A
B I]. P EEFBBEIEK, 2019, 35(7): 976-980.

Mei DD, Luo Y, Gong JS, et al. Whole tumor ADC-derived texture
features in grading of brain glioma[J]. Chinese Journal of Medical
Imaging Technology, 2019, 35(7): 976-980.

(197 04, FiR 2, 2§ %, 5 33k MRUH LS 2 & 230 fR 7% IDH1
S A F g e ALY L AR S A E, 2020, 54(5): 445-449.
Liu N, Sui QL, Liu XJ, et al. The value of contrast enhanced MRI
radiomics in predicting the IDH1 genotype in high-grade gliomas[J].
Chinese Journal of Radiology, 2020, 54(5): 445-449.

[20] BAE4L, ZRAE, TR, 5. MR T,WIHE 5% A0S /25 7] F 1
BRI 5 T A e AL T . 92 R AR5 3 2 &, 2019, 35(6): 857-860.
Qu YM, Wang XL, Yu H, et al. The value of whole tumor texture
analysis of contrast enhanced T, WI in differentiating cystic glioma
from brain abscess|J]. Journal of Practical Radiology, 2019, 35(6):
857-860.

[21] Hsieh KL, Tsai RJ, Teng YC, et al. Effect of a computer-aided
diagnosis system on radiologists' performance in grading gliomas with
MRI[J]. PLoS One, 2017, 12(2): e0171342.

(22] R, 30V, BAESR, 5 . kT HARLL 5 0y IR 7 5 5 ik [
AL S 2 &, 2017, 51(12): 902-905.

Wu YP, Liu B, Gu JQ, et al. A glioma grading method based on
radiomics[J]. Chinese Journal of Radiology, 2017, 51(12): 902-905.

[23] Qin JB, Liu Z, Zhang H, et al. Grading of gliomas by using radiomic
features on multiple magnetic resonance imaging (MRI) sequences[J].
Med Sci Monit, 2017, 23: 2168-2178.

[24] ke, R Mth, ZEM, F . AT HHMRIE R4 R FH 5 5 4%
TR R AR AT B 6 2 [T ], BE3EIR AR, 2020, 11(1): 55-59.
Mu JH, Zhang YW, Wu ZG, et al. Application of different imaging
omics models based on conventional MRI images in preoperative
grading of glioma [J]. Chinese Journal of Magnetic Resonance
Imaging, 2020, 11(1): 55-59.

[25] SFARAT, B e, 23876, F . T MR BRSO A0 S AUE 5 5]

AR e FE SRR G ok 9 R [T s R B F AR % &, 2020,
31(12): 858-861.
Huang YY, Gao XC, Wang YH, et al. Machine-learning in grading of
gliomas based on magnetic resonance image features and texture
features[ J . Journal of China Clinic Medical Imaging, 2020, 31(12):
858-861.



