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Anatomical imaging is the basis of the diagnosis and treatment response assessment of brain
tumors. Among the existing imaging techniques currently available in clinical practice, diffu-
sion-weighted imaging and perfusion imaging provide additional information. Recently, with
the increasing importance of evaluation of the genomic variation and heterogeneity of tumors,
clinical application of imaging techniques using radiomics and deep learning is expected. In
this review, we will describe recommendations for magnetic resonance imaging protocols fo-
cusing on anatomical images that are still important in the clinical application of brain tumor
imaging, and the basic principles of diffusion-weighted imaging and perfusion imaging among
the advanced imaging techniques, as well as their pathophysiological background and clinical
application. Finally, we will review the future perspectives of radiomics and deep learning ap-
plications in brain tumor imaging, which have been studied to a great extent due to the devel-
opment of computer technology.

Index terms Brain Neoplasm; Magnetic Resonance Imaging; Diffusion; Perfusion;
Machine Learning
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Fig. 1. Anon-enhancing infiltrative tumor portion in the peri-enhancing lesion on T2-weighted images helps
to distinguish a primary from a secondary central nervous system tumor.

A. A portion with T2 iso-to-low signal intensity extending to the cortex is shown in brain glioma (arrows indi-
cates nonenhancing tumor portion).

B. A finger-like projection edema surrounding the solid tumor portion is shown in a metastatic brain tumor
(arrow indicates edema without cortex extension).

FEA| Ho| FIcH
Aelo]EX 2016 MAEZ7|7HWHO) E-FHol| w2 2E HwE-2 [DH ¥lo|et 1p/19q 4
of wet 2742 4 St} WA wE(oligodendroglioma) IDH tﬂolﬁ} 1p/19q 4Alo] &
AR, 453 AAFA EZ(diffuse astrocytoma)- IDH Ho| g e 11 1p/19q 4412 9
ZZ Zoj|A YR o} T2/FLAIR Y %] (mismatch)E HolA| &=t o] 457} 1
TFA IDH R0 7}F SHEE AJ/GHAIEE2] 7Hs/g 0] e A+ AaHso] Qlof mile SnlEth &
EAS HojoF 3ht}3). A HA| 2 T2- 42 PA oA o] HA =
Hio] 53t ATHAEES HoH, & M2 T2 42 G oM BHE 1S4 E 29)7}
LAIR F/gollX & BIFe & A3t Y A] F2-2 A= 2 vif= E4o] )t} o] &4
© BIZHE = 22-46%2 TPt B9 52 Sol=2 Ho|m, P4 oS 7o] 1009%o]ck. 1t
T2 IDH ¥o]7} Q=(IDH-wild type) AAHEZ ol A= T2 FLAIR %] A710] THke]7] o
E=rhFig. 2) (4, 5).
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Fig. 2. T2/FLAIR mismatch sign.

A. Atumor in the left frontal lobe and insular cortex displays complete or near-complete and almost homo-
geneous hyperintense signal on T2-weighted images.

B. On T2-weighted FLAIR sequence, the tumor displays relatively hypointense signal, except for a hyperin-
tense peripheral rim. The patient was diagnosed with isocitrate dehydrogenase mutation, 1p/19q co-delet-
ed subtype of diffuse astrocytoma on pathology.

FLAIR = fluid attenuated inversion recovery
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Table 1. Summary of the Minimum and Recommended Protocols for Clinical Trial Imaging for Brain Glioma and Metastasis

Minimum Protocol Recommended Protocol
Glioma

Tesla 15Tor3.0T 30T
Pre-contrast 3D T1IWI, IR-GRE*, < 1.5 mm 3D T1IWI, IR-GRE*, 1 mm

2D FLAIR imaging, TSE or FSE, < 4 mm 2D FLAIR imaging, TSE or FSE, 3 mm

2D DWI, single-shot EPI, < 4 mm 2D DWI, EPI, 3 mm

2D T2WI, TSE or FSE, < 4 mm (either pre-or post-contrast) 2D T2WI, TSE or FSE, 3 mm (either pre-or post-contrast)
Post-contrast 3D T1WI, IR-GRE*, < 1.5 mm 3D T1WI, IR-GRE, 1 mm

Summary of differences
Brain metastasis

Tesla

Pre-contrast

Post-contrast

Summary of differences

Recommended protocol is obtained with 3.0 T, with thinner section, and with multi-shot EPI acquisition of DWI

15T 30T
Same as the minimum protocol of glioma 3D TIWI, TSET, 1 mm
2D FLAIR imaging, TSE or FSE, 3 mm
2D DWI, Single-shot EPI, 3 mm
2D T2WI, TSE or FSE, 3 mm (either pre-or post-contrast)
Same as the minimum protocol of glioma 3D TIWI, TSEt, 1 mm
Except 2D T1WI, TSE or SE, <4 mm Dynamic susceptibility contrast imaging, gradient-EPI,

3-5mm as needed to cover tumor

Compared with glioma imaging, metastasis imaging has additional post-contrast T1-weighted SE imaging
Ideal protocol for metastasis recommends TSE for all anatomic imaging

*For detailed information, please refer to reference (7) and reference (9). According to references, “IR-GRE is equivalent to magnetization pre-
pared rapid gradient-echo (MPRAGE; Siemens & Hitachi), inversion recovery spoiled gradient-echo (IR-SPGR or Fast SPGR with inversion acti-
vated or BRAVO; GE), or 3D turbo field echo (TFE; Philips), or 3D fast field echo (3D Fast FE; Toshiba).”

"For 3D T1-weighted TSE, acceptable sequences are VISTA (Philips), SPACE (Siemens), CUBE (GE), 3D MOX (Canon) or iso FSE (Hitachi).

D = dimensional, DWI = diffusion weighted imaging, EPI = echo planar imaging, FLAIR = fluid attenuated inversion recovery, FSE = fast spin
echo, IR-GRE = inversion-recovery gradient-recalled echo sequence, SE = spin echo, T = Tesla, TIWI = T1-weighted imaging, T2WI = T2-weight-
ed imaging, TSE = turbo spin echo

5 W7 I AFA FF AR AF, 2L o5 B9l B BE HEF A= WS Hot
A 31 RANO criteria®] 3HA1E EHsl7] fIto|det. of7loll= vt SAAS et 24 =2
EZ(minimum protocol) 2 g7t ofe} 7t 2HdtE]o] gl 33k WS 5w =
& EZ(recommended protocol) 2 U017 ¢l o™, Table 101 A 2|=|o] 9}

1.5 Tesla (°I5F T)U 3.0 T EFollA] EF 7hsotm 23ee A ABLES 2T AT 5

’d(isotropic) 32+ T1 324, 29574 A 22 T2 4297, 2957 # 24+ FLAIR 9%

J O,

F

P54 A 22 FA A2 Golth B ZREESL 3.0 TolA T 29 7hestal 2954 A
, 2954

& 9] X8| (inversion recovery)©] 3 S/ 32HY T1 = ARG G4
22+ FLAIR EJE Ao G4, P54 A 224 St B2 I, 2934 A 24 T2 4=
oJAto| LSHEIC %A T2 B H| Wl A

+ A, Bl 92 slice thickness® ZJ3Hh= 4, g4k 4= F/dl single-shot echo planar im-

aging®] old multi-shot2- ©]-&3Hh= 2fo]4do] .
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Fig. 3. A61-year-old male with recurrent glioblastoma who underwent anti-angiogenic therapy.

The internal very low ADC value (blue arrows) represents coagulation necrosis and the peripheral low ADC value (green circles) represents in-
creased tumor cellularity, indicating that the low ADC represents not only high cellularity, but also coagulation necrosis from the treatment.
The left two images are contrast-enhanced T1-weighted image and fluid attenuated inversion recovery image, showing infiltrative tumor por-
tion. The right two images are diffusion-weighted image (upper) and ADC images (lower).

ADC = apparent diffusion coefficient
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Fig. 4. A 40-year-old patient exhibiting high microvessel density and an uneven large vessel pattern on the
vessel size index on vessel architectural imaging (lower right side). The patient shows infitrative nonenhanc-
ing tumor on fluid-attenuated inversion recovery (left upper) and contrast-enhanced T1-weighted image
(right upper) and was diagnosed with molecular glioblastoma (isocitrate dehydrogenase-wild type low-
grade astrocytoma with epithelial growth factor receptor amplification) on pathology that progressed 50
days later.
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Fig. 5. Voxel-wise clustering method of ADC and rCBV map analysis to demonstrate spatial heterogeneity in
the glioblastoma post-treatment. Two subsequent images obtained after concurrent chemoradiotherapy
displays the three distinct regions exhibiting temporal changes, which are created based on the K-means
clustering method.

ADC = apparent diffusion coefficient, nCBV = normalized cerebral blood volume, rCBV = relative cerebral
blood volume
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Fig. 6. Common radiomic features of volume and shape describing morphology, a first-order feature describing intensity histogram using
first-order statistics, textural features describing a GLCM and GLRLM computing relationship between adjacent voxels, and wavelet transfor-
mation describing discrete wavelet transformation of a high-pass and low-pass filter.

GLCM = gray-level co-occurrence matrix, GLRLM = gray-level run-length matrix
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Fig. 7. Examples of deep learning-based automatic segmentation.
Most of the contrast-enhancing tumor portions were accurately segmented by deep learning (red) com-
pared with the reference human segmentation (green).
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