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Original Article

The utility of multi-b-value diffusion and arterial spin labelling 
magnetic resonance imaging in gliomas grading and prediction of 
isocitrate dehydrogenase status
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Background: Although the possibilities for grading adult gliomas by conventional magnetic resonance 
imaging (MRI) are limited, several advanced techniques may be used in this respect. In this study, we 
evaluate the feasibility of multi-b-value diffusion MRI and arterial spin labelling (ASL) in grading gliomas 
and predicting their isocitrate dehydrogenase (IDH) molecular status.
Methods: Preoperative brain MRI including multi-b-value diffusion sequences and ASL was performed 
prospectively in patients with gliomas. Three-dimensional (3D) masks of tumours were semi-automatically 
segmented and multiple diffusion parameters and cerebral blood flow (CBF) maps calculated. Histogram 
analysis of all parameters was performed and the parameters’ diagnostic power to differentiate between high-
grade glioma (HGG) and low-grade glioma (LGG) as well as between IDH-mutated and IDH wild-type 
subgroups was evaluated by receiver operating characteristic (ROC) analysis and least absolute shrinkage and 
selection operator (LASSO) regression method.
Results: The study group included 107 patients (83 HGGs and 24 LGGs, 35 IDH-mutated and 72 IDH 
wild-type). Overall, 49 histogram diffusion and CBF parameters differed significantly between HGG and 
LGG subgroups and 42 parameters differed between IDH-mutated and wild-type subgroups. ROC analysis 
showed multi-b-diffusion parameters to be generally stronger predictors than were CBF parameters. Decision 
trees using 4 parameters selected by LASSO analysis achieved sensitivity of 0.988 and specificity 0.912 for 
differentiating HGG from LGG and sensitivity 0.857 and specificity 0.93 for predicting IDH status. 
Conclusions: Multi-b diffusion MRI and ASL may be valuable diagnostic tools for grading adult brain 
gliomas and predicting their IDH molecular status.

10767

	
^ ORCID: Tereza Kopřivová, 0000-0003-3820-2647; Marek Dostál, 0000-0003-1740-9227; Tomáš Jůza, 0000-0001-8038-1090; Václav 
Vybíhal, 0000-0002-5154-5591; Petra Ovesná, 0000-0002-3547-5896; Michal Kozubek, 0000-0001-7902-589X; Miloš Keřkovský, 0000-
0003-0587-9897. 

https://crossmark.crossref.org/dialog/?doi=10.21037/qims-2025-1182


Kopřivová et al. Multi-b DWI and ASL MRI for glioma grading & IDH prediction10752

© AME Publishing Company.   Quant Imaging Med Surg 2025;15(11):10751-10767 | https://dx.doi.org/10.21037/qims-2025-1182

Introduction

Differentiation between high-grade glioma (HGG) and 
low-grade glioma (LGG) by magnetic resonance imaging 
(MRI) is essential for choosing adequate therapy and for 
estimating a patient’s prognosis. However, the possibilities 
of conventional MRI methods in this application are 
somewhat limited. Although contrast enhancement of 
brain gliomas may be regarded as a sign of malignancy, in 
approximately one-third of cases contrast enhancement 
is not present (1). This fact may also be important in the 
follow-up of patients with surgically treated LGG, where 
malignant transformation of residual tumour may occur 
quite frequently and its detection is important for the 
choice of further treatment strategy (2). For these reasons, 
considerable effort has recently been devoted to the 
development of non-invasive advanced magnetic resonance 
(MR) imaging techniques useful for determining the grade 
of gliomas. One of the approaches intensively investigated 
consists in various techniques of MR perfusion imaging, 
whether these be methods using contrast agent application, 
such as dynamic susceptibility contrast (DSC) or dynamic 
contrast enhancement (DCE), or the non-contrast MR 
perfusion technique arterial spin labelling (ASL). Using 
these techniques, strong correlation of tumour vascularity 
with histological grade or molecular status of isocitrate 
dehydrogenase (IDH) gene mutation has been found (3,4). 
Another technique that is widely used to determine the 
degree of malignancy in gliomas is the diffusion-weighted 
imaging (DWI) method. A basic methodological approach 
can be taken that uses a monoexponential diffusivity model 
with determination of apparent diffusion coefficient (ADC) 
values. The application of this method is based on an 
assumption that highly cellular malignant tumours have 
relatively limited diffusivity, as has been demonstrated 
by several studies using the ADC parameter for grading  
gliomas (5). More advanced diffusion imaging data 
acquisition and analysis models, such as diffusion tensor 
imaging (DTI) or diffusion kurtosis imaging (DKI), also have 
been used for glioma grading, offering additional insight into 

the microstructure of the tumour tissue under investigation 
and using quantification with new parameters reflecting also 
diffusivity anisotropy (6,7). Another interesting approach 
to diffusion data analysis is intravoxel incoherent motion 
(IVIM). This technique, based on a biexponential model 
for the analysis of diffusion data measured with multiple 
b-factor values (multi-b), also reflects to some extent the 
tissue perfusion, where IVIM parameters have been shown 
to correlate with those of conventional MR perfusion 
imaging techniques such as DSC (8). Some attempts already 
have been made to use IVIM for glioma grading and 
achieved quite promising results, with perfusion fraction (f) 
and pseudo-diffusion (D*) parameters seeming to correlate 
with the histopathological grade (9,10). Limited number 
of studies comparing IVIM and ASL techniques suggest 
a higher diagnostic yield of perfusion parameters derived 
from diffusion data using the IVIM model in comparison 
to cerebral blood flow (CBF) values obtained through the 
ASL technique (10,11). However, there is relatively little 
work on this topic to date. The methods of the diffusion 
parameters analysis are various and the results not entirely 
uniform (12). Therefore, we believe this topic deserves 
further exploration. Furthermore, by including images with 
higher diffusion weighting, it is possible to characterize 
also the non-Gaussian behaviour of water diffusion 
through diffusion kurtosis, Thus, this study presents a 
comprehensive diffusion MRI technique combining IVIM 
and non-tensorial DKI that, in conjunction with three-
dimensional (3D) segmentation and histogram analysis, offer 
the potential for an evaluation of tumour diffusivity and 
perfusion characteristics. Compared to complex multi-shell 
diffusion sequences, this approach benefits from a shorter 
acquisition time, while the isotropic data obtained allow for 
the calculation of a range of potentially valuable parameters. 
The main aim of this work is to evaluate their potential for 
classifying brain gliomas according to their histopathological 
grade and IDH status and to compare the diagnostic yield 
of diffusion parameters with the better-established native 
perfusion imaging technique of ASL. We present this article 
in accordance with the STARD reporting checklist (available 
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at https://qims.amegroups.com/article/view/10.21037/qims-
2025-1182/rc).

Methods

Patient selection 

The prospective single-centre study was approved by 
the Ethics Committee of the University Hospital Brno 
(No. 21-100620/EK), written informed consent was 
obtained from all participants. The study was conducted 
in accordance with the Declaration of Helsinki and its 
subsequent amendments. We enrolled 326 consecutive 
patients scheduled for surgery within the years 2019–2023 
for intracranial brain lesion with suspicion of brain tumour 
according to the previous imaging performed. Patients with 
prior history of brain tumour surgery were not included. 
For this study, we excluded patients whose biopsy result 
was other than glioma or who finally were not operated, as 
well as patients with significant motion artifacts on MRI 
or those whose examinations were incomplete. In the end,  
107 patients with histologically confirmed gliomas entered 
the MRI data analysis (Figure 1). 

MRI acquisition

The examinations were performed on a 1.5T MR device 
(Philips Ingenia, Best, Netherlands) with 20 channel head-
neck coil and gradient system with maximum amplitude 
33 mT/m and slew rate 120 T/m/s. The imaging protocol 
comprised DWI single-shot echo planar imaging (SS-EPI) 
sequence in axial plane using 10 different b values (0, 10, 
20, 30, 50, 100, 200, 500, 1,000, 2,000) and sequences for 
morphological evaluation, including non-contrast enhanced 
(CE) two-dimensional (2D) T1 fast field echo (FFE), 2D 
T2 turbo spin echo (TSE) in axial plane, CE 3D T1 TSE 
acquisition in axial plane, and 3D fluid attenuated inversion 
recovery (FLAIR) in sagittal plane. The same SS-EPI 
DWI sequence with only b=0 and opposite phase-encoding 
direction was acquired for susceptibility artefact correction. 
More detailed description of diffusion MRI sequence is 
shown in Table 1 and further details about morphological 
MRI sequences are shown in electronic supplementary 
material (Table S1).

For ASL acquisition, 3D GRASE sequence was acquired 
[repetition time (TR) =4,000 ms, echo time (TE) =13 ms] in 
normalized pseudo-continuous regime [pseudo-continuous 

Preoperative MRI examination in  
patients with intracranial tumours 

(n=326)

Non-glioma tumours, non-tumour 
lesions, histopathology not 

available (n=202)

Image artifacts or incomplete data
(n=17)

Patients with histopathologically-
confirmed gliomas

(n=124)

Patients with glioma included
(n=107)

High grade gliomas
(n=83)

Low grade gliomas
(n=24)

Figure 1 Flow diagram of the selection process. MRI, magnetic resonance imaging.

https://qims.amegroups.com/article/view/10.21037/qims-2025-1182/rc
https://qims.amegroups.com/article/view/10.21037/qims-2025-1182/rc
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ASL (pCASL)] as 9 dynamic scans with post label delay 
1,800 ms. Single 3D block covered whole brain with slice 
thickness 8 mm and in-plane resolution 3.75×3.75 mm2.

Morphological segmentation

All operations with the images were done by scripts from 
FSL library (14). All morphological images (T2, FLAIR, 
and T1) were registered into T1-CE space by linear 
rigid (6 degrees of freedom) algorithm (FLIRT) and skull 
striped by bet (15,16). All segmentations were performed 
by two board-certified radiologists with more than  
6 years’ experience (T.K. and T.J.) using a semi-automatic 
“classification” algorithm based on decision trees and 
active contour evolution implemented in ITK-SNAP 3.8.0 
software (17). The segmentation mask entering further 
processing covered both enhancing and non-enhancing 
parts of the tumour and the zone of surrounding oedema, 

if present; therefore, any necrotic areas were not excluded 
from the final volume of interest. All results were visually 
checked in ITK-SNAP interface and manually corrected 
when needed. 

Multi-b diffusion and ASL processing

Several pre-processing steps were made using scripts from 
FSL library. Susceptibility distortion correction was done 
by the “topup” algorithm followed by eddy current and 
movement artifacts correction by the “eddy” algorithm 
(18,19). Scull striping was done by “bet” algorithm and 
anatomical T2-weighted image was registered into b=0 
space by linear rigid (6 degrees of freedom) registration 
using the “FLIRT” algorithm. The binary masks of 
segmented tumours were registered into the DWI space by 
the same registration matrix as used for the T2-weighted 
image in the previous step. The first multi-b diffusion 
analysis was based on the IVIM model. For fitting of IVIM 
parameters [f, D*, and D (diffusion)], algorithms from the 
Diffusion in Python (DIPY) (20) library were used together 
with the optimization process method known as “variable 
projection”, which utilizes an MIX approach with bounds 
0–0.8 for f, 0–0.1 mm2/s for D*, and 0–0.01 mm2/s for D 
and all available b-values were used (21). Additional multi-b 
diffusion analysis was based on a diffusion kurtosis model 
wherein parameters of diffusion and kurtosis (K) were fitted 
by logarithmic fitting option in Medical Imaging Interaction 
Toolkit (MITK) software with boundaries from 0 to 3 
and smoothing sigma equal to 5 and all available b-values 
were used (22,23). For the subsequent statistics, only the 
diffusion parameter (D) calculated by IVIM model was used 
and not the one calculated by the diffusion kurtosis model. 
Examples of multi-b parameter maps and 3D volumes of 
interests (VOIs) in patients with gliomas are presented in 
Figures 2-4.

ASL normalization by proton density-weighted images 
as well as CBF maps were calculated automatically 
by hardware-related Philips software. ASL image was 
subsequently registered to DWI b=0 space by linear rigid 
(6 degrees of freedom) registration using the “FLIRT” 
algorithm. For the final analyses, the same binary 
segmentation masks as in multi-b analyses were used.

Statistical analysis

The subgroups were compared in terms of age and sex 
distribution by Student’s t-test and Chi-squared test, 

Table 1 Description of diffusion MRI sequence used in the study 
protocol

Parameter Value

FOV 23 cm × 23 cm

Slice thickness 3 mm

TR 4,500 ms

WFS 16.6 pix

acq.pix. 1.5 cm × 1.5 mm

Gap 1 mm

TE 99 ms

SENSE 2

Matrix 154×154

Number of slices 27

FatSat SPIR

Acquisition time 4:45

b-values [NSA] 0 [1], 10 [1], 20 [1], 30 [1], 50 [1], 100 [2], 
200 [2], 500 [3], 1,000 [3], 2,000 [6]

This table is reproduced from the publication (13): Kopřivová 
T, Keřkovský M, Jůza T, Vybíhal V, Rohan T, Kozubek M, et al.  
Possibil it ies of Using Multi-b-value Diffusion Magnetic 
Resonance Imaging for Classification of Brain Lesions. Acad 
Radiol 2024;31:261-72. acq.pix., acquisition pixel; FatSat, fat 
saturation; FOV, field of view; MRI, magnetic resonance imaging; 
NSA, number of signal averages; SENSE, sensitivity encoding; 
SPIR, spectral presaturation with inversion recovery; TE, echo 
time; TR, repetition time; WFS, water-fat separation.
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respectively.
We performed histogram analysis to evaluate all voxels 

belonging to the segmentation masks, calculating mean; 
median; standard deviation (SD); minimum; 5th, 25th, 75th, 
and 95th percentile values; as well as maximum, skewness, 
and kurtosis for all parameters of diffusion parameters (f, 
D*, D, fD*, and K) as well as for CBF values derived from 
ASL data. We also calculated volumes of the segmented 
tissues. Spearman correlation coefficients between CBF and 
fD* were calculated for all histogram parameters.

All parameters were compared between subgroups (HGG 
vs. LGG and IDH-mutated vs. IDH wild-type, respectively) 
using Mann-Whitney U-test with false discovery rate 
(FDR) correction for multiple testing. Receiver operating 
characteristic (ROC) analysis was performed to characterize 
observed parameters and set optimal thresholds for 
differentiation between the two subgroups. Odds ratio 
(OR) and 95% confidence interval were calculated for 
all thresholds by univariate logistic regression models. 
Least absolute shrinkage and selection operator (LASSO) 
regression method was used to regularize and select 
candidate variables from the multi-b dataset for subsequent 

multivariable analysis by classification trees. The decision 
tree was trained using the classification method with 10-fold 
cross-validation to estimate the model’s performance, which 
was evaluated based on sensitivity (true positive rate) and 
specificity (true negative rate). These analyses were done in 
R software (v4.3.2) using the grpreg v3.4.0, pROC v1.18.5, 
and rpart v4.1.21 packages. Significance level was set at 
P<0.05 for all statistical tests.

Results

The final study group included 107 patients with 
histologically confirmed gliomas, which were graded 
according to World Health Organization (WHO) 
classification and the presence of IDH mutation was 
established in all patients. Figure 1 shows the flow diagram 
of the patient’s selection process. Three IDH wild-type 
gliomas initially classified according to previous WHO 
classification as grade II were reclassified as grade 4 tumours 
to comply with WHO 2021 classification and thus included 
into the HGG subgroup. Finally, 83 patients formed HGG 
group (14 grade 3 and 69 grade 4) and 24 the LGG group 

A
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D

H

Figure 2 Example of the segmentation masks in patients with LGG and HGG. Examples of the segmentation masks in patients with low-
grade glioma (LGG, upper row) and with high-grade glioma (HGG, lower row) shown in axial (A,E), sagittal (B,F) and coronal (C,G) 
reconstructions of T1-weighted contrast-enhanced images and as 3D reconstructions (D,H). Patients and axial scans are the same as in 
Figures 3,4. The blue lines in the image correspond to the positions of the images in different planes. Voxels from these 3D volumes served 
as input data for all analytical steps. 3D, three-dimensional; HGG, high-grade glioma; LGG, low-grade glioma.
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(grade 2). Furthermore, the patients were divided according 
to their IDH status into an IDH-mutated (positive) group 
of 35 subjects and an IDH wild-type (negative) group of  
72 subjects. 

Table 2 shows further characteristics of the study group 
and distribution of the patients according to different 
histopathological characteristics.

Segmented volumes of tumours were significantly larger 
in HGG (82±60.8 mL) compared to LGG (45.8±59.9 mL)  
according to Mann-Whitney U-test (P=0.002). The 
volumes between IDH positive and negative groups did not 
differ significantly.

We found a statistically significant correlation between 
CBF and fD* for Q95 (ρ=0.311, P=0.001) and SD (ρ=0.391, 
P<0.001) parameters. Histogram parameters min and max 
were also statistically correlated, but both were affected by 
the high frequency of zero values in the case of CBF or by 
the upper limit of the IVIM fit, so these parameters appear 
not to be reliable.

In analysing histograms of individual diffusion imaging 

and ASL parameters, we found a total of 49 parameters 
that differed statistically significantly between subgroups 
of HGG and LGG patients, and for 48 of these parameters 
the differences were significant even after correction 
for multiple testing. Similarly, 42 parameters differed 
significantly between IDH positive and negative groups 
(36 after correction for multiple testing). Table 3 shows 
mean values for all multi-b diffusion parameters and ASL 
measured within the whole volume of lesions. The full set 
of histogram parameters can be found in Table S2.

Tables 4,5 show results of ROC analyses and linear 
regression demonstrating the power of the 10 most 
significant histogram parameters (sorted by the sum of 
sensitivity and specificity) to differentiate between LGG and 
HGG (Table 4) and between IDH-positive and -negative 
tumours (Table 5). 

As for ASL technique, a number of parameters were 
statistically significantly different between patient subgroups 
defined by tumour histopathologic grade or the presence of 
an IDH mutation (Table S2); however, only one parameter 
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Figure 3 Multi-b and ASL MRI examination in a patient with HGG. MRI examination in 62-year-old women with HGG (glioblastoma 
grade 4, IDH wild-type) located in medial rostral part of the right occipital lobe depicted as an enhancing mass in T1 weighted axial image 
(A). Maps of D—diffusion coefficient (B), D*—pseudo-diffusion (C), f—perfusion fraction (D), FLAIR image (E), CBF (f), fD* (G) and K 
(H) are shown. High signal intensity in FLAIR image and hyper-vascularized rim is well visible in ASL (CBF) image as well as in D* and fD* 
maps. Comparatively high values were observed also for f and K parameters. Map of D shows a spot of restricted diffusivity. Mean K and D* 
values measured within the tumour were 0.834 and 10,465 (10−6 mm2/s), respectively. ASL, arterial spin labelling; CBF, cerebral blood flow; 
FLAIR, fluid attenuated inversion recovery; HGG, high-grade glioma; IDH, isocitrate dehydrogenase; MRI, magnetic resonance imaging.

https://cdn.amegroups.cn/static/public/QIMS-2025-1182-Supplementary.pdf
https://cdn.amegroups.cn/static/public/QIMS-2025-1182-Supplementary.pdf
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Table 2 Descriptive characteristics of patient group

Variables
Overall  
(N=107)

WHO classification IDH mutation

LGG (N=24) HGG (N=83) P value IDH+ (N=35) IDH− (N=72) P value

Age (years), mean ± SD 59±13 46±14 63±11 <0.001† 47±13 65±10 <0.001†

Gender 0.913‡ 0.263‡

Women 59 11 37 13 35

Men 48 13 46 22 37
†, Mann-Whitney U-test; ‡, Pearson’s Chi-squared test. HGG, high grade glioma; IDH +/−, isocitrate dehydrogenase mutation positive/
negative; LGG, low grade glioma; SD, standard deviation; WHO, World Health Organization. 

Figure 4 Multi-b and ASL MRI examination in a patient with LGG. MRI examination in a 41-year-old man with diffuse astrocytoma 
(grade 2, IDH-mutated). The tumour located in the right frontal lobe in axial T1 weighted axial image (A) is hypointense with tiny spots of 
enhancements in central part. Maps of D—diffusion coefficient (B), D*—pseudo-diffusion (C), f—perfusion fraction (D), FLAIR image (E), 
CBF (F), fD* (G) and K (H) are shown. High signal intensity is seen in FLAIR image. The diffusivity of the tumour is high, as depicted on 
D map. Perfusion visible on CBF map is low, as are D*, fD*, and K values, as depicted on parametric maps, and f values are comparatively 
high. Mean K and D* values measured within the tumour were 0.452 and 4,817 (10−6 mm2/s), respectively. ASL, arterial spin labelling; CBF, 
cerebral blood flow; FLAIR, fluid attenuated inversion recovery; IDH, isocitrate dehydrogenase; LGG, low-grade glioma; MRI, magnetic 
resonance imaging.
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(95th percentile) figured among the top ten predictors in 
terms of differentiating IDH-positive from IDH-negative 
tumours with relatively lowest area under the curve (AUC) 
value (Table 5).

Figures 2-4 show examples of parametric maps and 3D 
VOIs in patients with HGG (Figure 3) and LGG (Figure 4).

Furthermore, decision trees for predicting histological 
grade and IDH mutation were developed. The sensitivity 
and specificity for differentiating HGG from LGG were 
0.988 and 0.912, respectively (Figure 5). The sensitivity 
and specificity for differentiating IDH-positive from IDH-
negative gliomas were 0.857 and 0.93, respectively (Figure 6). 
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Table 3 Mean values of all diffusion parameters measured within the whole pathology visible on MRI images

Parameter
WHO classification IDH mutation

LGG HGG q-value IDH+ IDH− q-value‡

f† 0.236 (0.062) 0.228 (0.041) 0.976 0.242 (0.058) 0.224 (0.038) 0.226

D (10−6 mm2/s) 1,041.9 (127.3) 903.1 (140.7) <0.001 1,020.4 (150) 892.3 (130.2) <0.001

D* (10−6 mm2/s) 5,929.1 (987.8) 8,532 (2,634.4) <0.001 6,826.3 (2,967.8) 8,493.6 (2,228.9) <0.001

fD* (10−6 mm2/s) 1278.5 (247) 1,837.5 (717.4) <0.001 1,548.5 (915.3) 1,791.7 (524.6) <0.001

K† 0.541 (0.07) 0.696 (0.107) <0.001 0.578 (0.111) 0.702 (0.102) <0.001

ASL (mL/100 g/min) 26.88 (7.87) 35.82 (27.22) 0.579 32.25 (25.66) 34.58 (24.08) 0.388

The values are presented as mean (standard deviation). †, dimensionless; ‡, Mann-Whitney U-test with false discovery rate correction for 
multiple testing. ASL, arterial spin labelling; HGG, high-grade glioma; IDH +/−, isocitrate dehydrogenase positive/negative; LGG, low grade 
glioma; MRI, magnetic resonance imaging; WHO, World Health Organization. 

Table 4 Ten most significant parameters for differentiation of LGG and HGG based on ROC results and regression analyses 

No.
Diffusion 

parameter
Histogram 
parameter 

Sensitivity Specificity Accuracy Threshold AUC P value 

1 D 5% 0.831 0.958 0.86 657 0.884 <0.001

2 K 95% 0.855 0.917 0.869 0.866 0.900 <0.001

3 fD* 95% 0.747 0.958 0.794 3,655.5 0.915 <0.001

4 K 75% 0.771 0.917 0.813 0.718 0.804 <0.001

5 D* 95% 0.687 1.000 0.757 21,395.5 0.907 <0.001

6 K Mean 0.807 0.875 0.822 0.607 0.901 <0.001

7 fD* 5% 0.867 0.792 0.850 415 0.870 <0.001

8 D 25% 0.735 0.917 0.776 815.5 0.867 <0.001

9 D* Mean 0.687 0.958 0.748 7,415.5 0.890 <0.001

10 fD* SD 0.892 0.750 0.860 1,127.5 0.881 <0.001

Threshold values of parameters D, D*, and fD* are given in (10−6 mm2/s). Parameter K is dimensionless. X%, percentile; AUC, area under 
the curve; HGG, high grade glioma; LGG, low grade glioma; ROC, receiver operating characteristic. 

Discussion

In this study, we validated the diagnostic yield of multi-b 
diffusion imaging and ASL techniques, representatives 
of Gd-contrast-free perfusion methods, in the question 
of glioma grading and prediction of molecular IDH 
status using histogram analysis. This revealed significant 
differences of several histogram parameters between the 
subgroups. 

If we look selectively at the mean values of individual 
parameters, which are the easiest to interpret, we see results 
fairly consistent with the literature data and assumptions 
based on histopathological correlations. Lower mean D 

values measured in HGG as well as in IDH-negative tumours 
compared to LGG and IDH-positive tumours, respectively, 
reflect overall cellularity and nuclear cytoplasmatic ratio (24). 
This fact is generally in line with previous published studies 
using quantitative ADC measurements for differentiating 
LGG from HGG (5,25). Also, the D parameter representing 
the diffusion coefficient without the non-Gaussian 
component has been found significantly higher in LGG 
compared to HGG in studies employing IVIM models 
for gliomas grading (26). Mean values of perfusion-related 
parameters D* and fD* were significantly higher in HGG 
compared to LGG due to higher vascularization of malignant 
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tumours, which is also in line with the review from Li  
et al. (26). However, Togao et al. did not find D* values to 
differ significantly between LGG and HGG (9). Conversely, 
they report larger f values in HGG compared to LGG, 
which is in contrast with our results not showing significantly 
different mean f values. This, however, is probably due to 
differences in the methodological approach, as in that work 
2D single-slice region of interest (ROI) analysis was used 
while placing 2D ROIs on the areas with the highest f-values. 
2D ROIs contain significantly fewer voxels than the 3D VOIs 
of the entire tumour used in our study, and placement of 
2D ROIs is substantially influenced by the rater responsible 
for positioning. This would be consistent with our finding 
where the maximum f value measured in the whole tumour 
volume was significantly higher in HGG compared to LGG 
(q=0.002). The methodology of the aforementioned study 
also includes additional differences that may explain the 
discrepancies in the results compared to our study. Data 
acquisition was performed on a 3T scanner, with variations 
in the diffusion sequence parameters (TR and TE), and a 
somewhat different set of measurements was chosen with 
various b-value settings (13 measurements, 0–1,000 s/mm²),  
which could independently influence the calculated 
parameters (27). Lastly, it should be noted that the sample 
size in that study was smaller than in ours (16 LGG and  
29 HGG), which may affect the statistical power of the 

analyses. 
Shen et al. demonstrated a significant decrease in D 

values and an increase in fD* values in HGG compared 
to LGG, with the parameter fD* being reported as the 
strongest predictor of glioma histological grade, evidenced 
by the highest AUC (11). Our findings are consistent with 
this, as the 95th percentile of the fD* parameter and the 
5th percentile of the D parameter emerge as the two most 
significant IVIM predictors of glioma grade based on ROC 
analysis. Additionally, the 5th percentile of D serves as 
the baseline for differentiating between HGG and LGG 
within the classification tree. This correlation makes sense 
considering that in the aforementioned study, the ROI was 
placed on regions with low D values and high f and D* 
values, which may approximately correspond to the values 
identified through histogram analysis. A comprehensive 
interpretation of the additional histogram parameters is 
quite challenging due to their large number; however, in 
most cases, the percentile values exhibit similar behavior to 
the mean values. Notably, frequent significant differences in 
the parameters of SD, skewness, and kurtosis are observed, 
reflecting structural heterogeneity within the tumor tissue 
(Table S2).

Upon closer examination of the data published to date, 
we can see that the results are not generally uniform. A 
meta-analysis by Luo et al. summarizing the results of  

Table 5 Ten most significant parameters for differentiation of IDH-positive and IDH‑negative gliomas based on ROC results and regression 
analyses 

No.
Diffusion 

parameter
Histogram 
parameter

Sensitivity Specificity Accuracy Threshold AUC P value

1 K 75% 0.800 0.819 0.813 0.718 0.837 <0.001 

2 D 5% 0.743 0.847 0.813 657 0.772 <0.001 

3 D 25% 0.800 0.778 0.785 815.5 0.822 <0.001 

4 K Mean 0.743 0.833 0.804 0.613 0.837 <0.001 

5 K 95% 0.714 0.861 0.813 0.872 0.809 <0.001 

6 D* Mean 0.800 0.708 0.738 7,415.5 0.802 <0.001 

7 fD* 95% 0.771 0.764 0.766 3,655.5 0.793 <0.001 

8 K 5% 0.971 0.528 0.673 0.42 0.777 <0.001 

9 CBF 95% 0.914 0.528 0.654 60.6 0.675 <0.001 

10 D* Skewness 0.886 0.542 0.654 3.105 0.751 <0.001 

Threshold values of parameters D, D*, and fD* are given in (10−6 mm2/s), parameter ASL (CBF) is given in mL/100 g min, and parameter 
K is dimensionless. X%, percentile; ASL, arterial spin labelling; AUC, area under the curve; CBF, cerebral blood flow; IDH, isocitrate 
dehydrogenase; ROC, receiver operating characteristic.

https://cdn.amegroups.cn/static/public/QIMS-2025-1182-Supplementary.pdf
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6 papers examining 252 tumours identified f as the parameter 
with the highest pooled specificity and sensitivity (sensitivity 
89%, specificity 88%) (12). However, a meta-analysis by Li 
et al. including 9 papers examining a total of 318 gliomas 
reported that the f parameter did not differ significantly 
between LGGs and HGGs in the tumour parenchyma (26). 
Both these meta-analyses also identify possible reasons 
for the equivocal and often divergent results. In every 
case, differences in methodology can be mentioned, as the 
different numbers of b-values used, as well as their different 
distributions, have been shown significantly to affect the 
values of the IVIM parameters obtained (28). 

Higher perfusion of HGG has been found in the past by 
a number of studies using conventional perfusion imaging 
techniques, such as DSC imaging, where relative cerebral 
blood volume measurements correlated with the glioma 
grades and histological findings of increased vascularity of 
gliomas (29,30). It has been shown that the various IVIM 
parameters can be related to DSC parameters such as blood 

volume, mean transit time, and blood flow (8). 
The two perfusion methods we investigated, IVIM 

and ASL, have several advantages over conventional 
DSC techniques, which could support their wider use in 
routine practice. Although contrast-enhanced T1 weighted 
sequences are a routine part of the diagnostic MRI protocol 
for patients with brain gliomas, the application of contrast 
agents via injector in two doses for extracellular space 
presaturation, as required by DSC (31), is not necessary. 
The described diffusion-based technique is therefore 
advantageous in terms of simpler technical implementation, 
reduced costs, and decreased risk of potential complications, 
such as paravenous contrast administration during high-
rate injections. Moreover, contrast perfusion techniques 
require sufficient temporal resolution, which often comes 
at the expense of spatial resolution, signal-to-noise ratio, 
or anatomical coverage. Another advantage of multi-b 
technique is the ability to quantify additional diffusion 
parameters, including commonly used ADC values, 
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Figure 5 Result of HGG vs. LGG decision tree analysis. The second line in each box (e.g. 0.78 0.22) is actual proportion of patients with 
HGG or LGG in each subgroup according to the combination of selected factors; x%, percentage of patients in each subgroup given by 
combination of factors (sum of percentages in each layer gives 100%). D(5Q), 5th percentile of D; fD*(SD), standard deviation of fD*; 
K(SD), standard deviation of K; D*(Median), median of D*. HGG, high-grade glioma; LGG, low-grade glioma.
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which would require an additional separate acquisition of 
diffusion-weighted sequence (8).

In the diagnostic protocol, we included the ASL 
technique to enable direct comparison of the diagnostic 
yield of this method with diffusion multi-b imaging within 
the specific methodology of this study. ASL is a perfusion 
MRI technique that uses arterial water as an endogenous 
tracer for perfusion imaging. It has been widely used 
in studies of glioma grading by quantification of CBF 
(32,33). However, ASL exhibits a strong dependence on 
transit time and might underestimate the tumour blood 
flow with slow blood flowing due to tortuous vessels in 
the process of angiogenesis (34). Few published papers 
use both IVIM and ASL techniques for grading gliomas. 
Shen et al. reported a higher AUC value (0.979) of the fD* 
parameter for differentiating LGG from HGG compared 

to CBF quantified by ASL (0.899) (11). Similarly, Lin et al. 
demonstrated a higher diagnostic yield of IVIM parameters 
compared to ASL (10). Our findings are consistent with 
these conclusions. Although we found significant differences 
between HGG and LGG in several histogram parameters 
of CBF, none of them is among the ten strongest predictors 
according to the sums of their sensitivity and specificity to 
distinguish between those subgroups. Thus, considering 
also its better spatial resolution, multi-b diffusion technique 
seems to be a more suitable method for glioma grading.

According to theoretical assumptions, the CBF parameter 
should generally correlate with the fD* parameter. Although 
we did not in our analysis observe significant correlation 
between the mean values of these parameters, we did 
demonstrate a significant correlation for the 95th percentile 
of these parameters (i.e., high values of perfusion measured 
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Figure 6 Differentiation of IDH-positive from IDH-negative tumours according to the decision tree analysis. The second line in each 
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within whole tumours). The SDs of CBF and fD* were also 
significantly correlated between these parameters. In fact, 
the SD of fD* proved to be a significant predictor also for 
subgroup differentiation and was significantly higher in 
HGG compared to LGG as an expression of higher tissue 
perfusion heterogeneity.

IDH mutation is the key molecular alteration in the 
genesis of gliomas (35). It has been discovered that gliomas 
with IDH mutation are more sensitive to chemoradiation 
and exhibit better prognosis compared to IDH wild-type 
tumours (36). Therefore, together with histopathological 
grading, knowing the status of IDH mutation of gliomas 
is critical for prognosis and, eventually, personalized 
treatment of patients (37). In our study, we demonstrated 
the importance of the investigated techniques for 
differentiating IDH positive and IDH negative tumours. 
One of the histograms ASL parameters (95th percentile of 
CBF) was among the ten most promising predictors, but 
the parameters derived from multi-b imaging proved to be 
stronger here as well.

To date, very limited work has been published based 
upon use of the IVIM diffusivity model to predict the IDH 
molecular status of gliomas. One such work is that of Yu  
et al., who demonstrate lower relative D and relative D* 
values in IDH mutant gliomas in line with our findings, 
although that study used a different methodological 
approach based on ROIs and with relativization to 
contralateral normal brain white matter (38).

Adding high values of b-factors to the diffusion sequence 
allowed us to calculate the non-tensorial diffusivity kurtosis 
parameter (K), which is roughly comparable to the mean 
kurtosis (MK) parameter calculated from multi-shell 
diffusion technique of DKI (13). Some papers focused 
on prostate analyses (39), ischemic stroke (40), and brain 
tumours (41) report strong correlation between MK 
and K as well as MD and D parameters, respectively. It 
has been reported that the MK parameter is associated 
with histological complexity of the examined tissue, with 
structurally complex tissues showing higher MK values 
compared to less complex tissues (42). In correlation with 
this assumption, our results demonstrate significantly 
increased values of the mean K parameter in HGG and 
IDH-negative tumours compared to LGG and IDH 
positive tumours, respectively, and several other histogram 
K parameters are among the most significant predictors 
for differentiation of individual subgroups. Specifically, 
the 95th percentile of the K parameter is the second most 
powerful predictor of tumour histological grade according 

to ROC analysis, while the 75th percentile of K is the 
strongest predictor of the presence of IDH mutation, 
with this parameter also used at the foundational level of 
the classification tree. Our results are also in line with a 
number of studies using DKI imaging for the purpose of 
glioma grading, and there has been a general consensus 
across studies that increasing glioma grade correlates with 
increasing MK values (43,44). Hempel et al., in their study 
evaluating DKI technique for distinguishing IDH-mutant 
and IDH-wildtype gliomas, employed an image data 
analysis method involving 3D segmentation and histogram 
parameter assessment similar to our study. They found 
that higher percentile values of the MK parameter (50th, 
75th, and 90th) demonstrate slightly better diagnostic 
performance than the mean MK value (45). An analogous 
observation can be drawn to our results, where the 75th 
percentile value of the K parameter shows somewhat 
higher accuracy (0.813) than the mean K value (0.804) 
for predicting IDH mutation, although the AUC values 
are roughly similar in our study (0.837). The significant 
variations of the K parameter, which approximately 
correspond to the behaviour of the MK parameter in 
previous studies, indicate the potential utility of this non-
tensorial parameter similarly to conventional multi-
shell DKI imaging, whose disadvantage compared to our 
technique is the more time-consuming data acquisition 
process. We believe that the integration of isotropic 
diffusion data over a wide range of b factors offering the 
possibility of quantifying both IVIM and K parameters 
into a single non-tensorial multi-b sequence acquired in an 
acceptable scanning time is desirable for the possibility of 
this method’s practical application in future. 

To identify those areas from which to analyse the multi-b 
diffusion data, we used semi-automatic segmentation of 3D 
masks of the tumours including the zone of peritumoral 
“oedema” surrounding the enhancing tumour core in 
HGG-appearing tumours, as it is known that this tissue 
might contain a tumour infiltration (46). 

Previous studies utilizing the IVIM method for 
glioma classification have employed 2D ROI placement 
in various tumour regions, and it must be noted that the 
methodological approaches are quite heterogeneous. 
Some authors favor placing ROIs in areas with low D 
values or high f or D* values visible on parametric maps 
(9,11), while in the work of Federau et al. (47), ROIs 
are positioned in solid tumour regions with the highest 
signal on DWI (b1000) images or with low ADC values. 
However, other approaches based solely on structural 
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images for ROI placement have also been described; for 
example, Wang et al. placed ROIs in the enhancing regions 
on post-contrast T1 images or in the central part of T2 
hyperintense zones in cases of non-enhancing tumors (48). 
Additionally, some studies utilize histogram analysis of 
IVIM parameters. However, the histograms were calculated 
from manually placed 2D ROIs on a single scan across 
the tumor’s maximum cross-section in T2 images (49) or 
from ROIs defined on CBF maps derived from ASL data, 
followed by registration with DWI data (10). We believe 
that 3D segmentation together with analysis of histograms, 
as used in our study, could provide more comprehensive 
and robust results than would analysis of manually placed 
2D ROIs (50). To our knowledge, none of the previous 
studies investigating the application of IVIM for glioma 
classification employ this methodology; similar approaches 
can only be found in some publications utilising DKI, e.g., 
by Hempel et al. (45,51). Techniques based on placing an 
ROI in a specific area selected a priori (e.g., the highest f 
value) may overlook important information, such as tumour 
heterogeneity. This is illustrated by our results of decision 
trees, which incorporate SD and kurtosis histogram 
parameters reflecting the heterogeneity of diffusion and 
contribute significantly to the classification accuracy. 
A more detailed evaluation of the impact of different 
methodological approaches to imaging data analysis on the 
diagnostic yield of multi-b diffusion technique could be a 
subject of future research.

Due to its rather sizeable time demands, however, the 
use of 3D segmentation of the entire tumour volume may 
also represent one of the limitations of the methodology 
of this work. Nevertheless, we consider it appropriate to 
use this method at this still relatively early stage of research 
on this topic in order to verify the behaviour of individual 
parameters depending on the structure of tumour tissue and 
to test the overall diagnostic yield. The use of this method in 
practice could be aided in future by incorporating automated 
segmentation techniques or fully automated classification 
algorithms using artificial intelligence methods.

Despite that this study utilizes one of the largest datasets 
in the field overall, the relatively small group of LGG 
patients is undoubtedly a limitation. It may limit the power 
of the statistical analyses and is the reason why we refrained 
from using a smaller validation set within the classification 
trees, relying instead on cross-validation to estimate model 
performance. To enhance the robustness and reliability of 
our findings, multiple complementary statistical methods 
were employed, including logistic regression and ROC 

analysis to assess predictive performance, as well as 
LASSO regression for variable selection, and classification 
trees with 10-fold cross-validation to verify classification 
accuracy. This multimethod approach allowed us to validate 
results from different perspectives and reduce the risk 
of model overfitting or instability. In any case, a smaller 
representation of LGGs is unavoidable in a prospective 
single-centre study due to their generally lower incidence 
or postponed surgical treatment. Furthermore, the 
heterogeneity of the methods used is also a limit of this 
study from the perspective of interpretation and clinical 
impact of the results. The calculated parameters may not 
be entirely reproducible and comparable to those from 
other studies due to the impacts of differences in the 
setting of acquisition parameters, especially the number 
and distribution of b values (27). The differences in data 
postprocessing, namely application of different curve-fitting 
models for diffusion data, generally have significant impacts 
on a method’s capability to differentiate between different 
tissues and lesions (52). Therefore, it may be challenging to 
conduct multicentre studies in future, as these would need 
to deal also with the issue of standardizing methods of data 
acquisition and analysis to ensure consistent results.

Final ly,  our study protocol  did not encompass 
conventional DSC perfusion MRI, as we focused on 
alternative Gd-contrast-free perfusion methods. The direct 
correlation of this modality with IVIM parameters might 
further elucidate and support the findings and may be a 
subject of further studies.

Conclusions

We have shown that both multi-b diffusion imaging 
and ASL techniques in combination with the analysis of 
histograms of individual parameters may be useful for 
differentiating LGG and HGG and for predicting IDH 
mutation and that multi-b diffusion-derived parameters 
appear to be more powerful predictors than is CBF 
calculated from ASL. Further research should focus on the 
reproducibility issues of individual diffusion data acquisition 
and analysis techniques. The results presented may also 
provide a basis for future research using advanced machine 
learning techniques that could help to implement these 
techniques in clinical practice.
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Table S1 Parameters of MRI sequences

Parameters T1 T2 Multi-b pCASL FLAIR CE T1 CE

Type FFE TSE SS-EPI 3D GRASE 3D TSE 3D TSE

Orientation Axial Axial Axial Axial Sagittal Axial

FOV 230*200*160 230*200*160 230*230*108 240*240*120 250*183*250 250*250*180

Acq. Vox. 0.9*1.1*4 1.0*1.1*4 1.5*1.5*3 3.75*3.75*8 1.15*1.14*1.15 1*1*1.1

Rec. Vox./Gap 0.9*0.9*4/1 0.9*0.9*4/1 1*1*3/1 3*3*7/0 1*0.57*1/0 0.5*0.5*0.55/0

Phase direction RL RL AP AP AP RL

TR/TE/TI 220/1.9/– 7000/110/– 4500/99/– 4000/13/– 4800/301/1660 600/29/–

TF No 23 No 27 171 20

SENSE No No 2 No 2.6*2 3*1

FatSat No No SPIR SPIR SPIR SPIR

Averages 1 1 1/1/1/1/1/2/2/3/3/6 1 2 2

Others No No 0/10/20/30/50/100/200/
500/1000/2000

9 &1800 ms & 
normalized

No No

Acq.time 0:41 0:56 4:44 5:13 4:53 5:17

FOV and voxel size are in AP*RL*FH order. pCASL, pseudo-continuous arterial spin labeling; FLAIR, fluid attenuated inversion recovery; 
CE, contrast enhanced; FFE, fast field echo; TSE, turbo spin echo; SS-EPI, single shot echoplanar imaging; GRASE, gradient and spin 
echo; FOV, field of view (mm); Acq. Vox., acquisition voxel size (mm); Rec. Vox., reconstructed voxel size (mm); TR, repetition time 
(ms); TE, echo time (ms); TI, inversion time (ms); TF, turbo factor; SENSE, Sensitivity encoding; FatSat, fat saturation; SPIR, spectral 
presaturation with inversion recovery; Acq.time, acquisition time; Others-multi-b, b-values; Others-pCASL, number of dynamics & post 
label delay (ms) & normalization by proton density weighted scan. 

Supplementary



Table S2 Mean (standard deviation) values of all parameters and q-values between groups 

Parameter Histogram
WHO clasification IDH mutation

LGG HGG q-value IDH+ IDH- q-value

ASL [ml/100g/min] Minimum 4.05 (4.97) 2.22 (6.03) <0.001 2.79 (4.5) 2.55 (6.41) 0.063

25% 18.92 (7.5) 19.3 (16.8) 0.159 20.57 (15.02) 18.55 (15.32) 0.255

Median 25.61 (8) 31.92 (26.11) 0.889 30.48 (24.49) 30.51 (23.05) 0.987

75% 33.65 (8.85) 47.98 (37.22) 0.333 41.91 (35.04) 46.15 (32.95) 0.259

Maximum 82.84 (56.31) 160.48 (148.99) <0.001 123.45 (139.68) 152.6 (136.46) 0.001

Mean 26.88 (7.87) 35.82 (27.22) 0.579 32.25 (25.66) 34.58 (24.08) 0.388

SD 11 (3.29) 22.25 (18.12) <0.001 15.79 (15.52) 21.64 (17.01) <0.001

5% 11.48 (7.06) 8.24 (9.56) 0.007 10.16 (7.46) 8.38 (9.84) 0.059

95% 45.94 (10.66) 76.96 (58.46) 0.006 59.83 (52.05) 74.95 (53.51) 0.007

Skewness 0.71 (1.02) 1.11 (0.81) 0.004 0.78 (0.87) 1.13 (0.86) 0.023

Kurtosis 2.16 (9) 2.69 (4.44) 0.01 2.04 (7.48) 2.83 (4.7) 0.08

D 10−6 [mm2/s] Minimum 349.63 (160.96) 194.19 (164.5) <0.001 270.51 (184.55) 208.9 (168.55) 0.148

25% 909.38 (109.29) 736.87 (111.22) <0.001 871.57 (128.72) 728.89 (106.16) <0.001

Median 1039.83 (135.88) 876.4 (139.69) <0.001 1010.77 (153.83) 865.56 (131.13) <0.001

75% 1170.88 (155.3) 1033.39 (196.44) <0.001 1159.54 (206.52) 1017.89 (173.94) <0.001

Maximum 2141.38 (640.13) 2773.47 (1578.48) 0.066 2544.91 (1057.29) 2673.88 (1604.47) 0.807

Mean 1041.92 (127.34) 903.11 (140.7) <0.001 1020.43 (150.02) 892.35 (130.19) <0.001

SD 203.46 (55.01) 246.18 (103.99) 0.105 228.71 (90.32) 240.43 (99.98) 0.579

5% 715.33 (75.63) 569.37 (91.08) <0.001 669.23 (112.63) 569.49 (87.43) <0.001

95% 1372.29 (200.56) 1348.51 (334) 0.258 1393.74 (274.88) 1334.44 (323.53) 0.189

Skewness 4.96 (23.34) 36.98 (57.03) <0.001 19.31 (49.42) 34.89 (54.33) 0.002

Kurtosis 568.17 (2779.33) 4678.8 (10070.26) <0.001 2872.8 (9666.61) 4186.51 (8873.25) 0.076

D* 10−6 [mm2/s] Minimum 1258.83 (642.67) 1072.04 (714.5) 0.214 1033.37 (646.99) 1153.1 (726.18) 0.564

25% 3896.88 (439.44) 4427.94 (618.43) <0.001 4042.37 (629.86) 4438.35 (579.85) <0.001

Median 4535.54 (469.55) 5541.17 (2019.7) <0.001 5013.63 (2325.98) 5462.4 (1546.02) <0.001

75% 5671.08 (961.29) 9264.98 (4905.66) <0.001 6916.11 (5034.16) 9208.82 (4195.28) <0.001

Maximum 70734.04 (24855.06) 89059.78 (17786.83) <0.001 79425.49 (24301.61) 87634.54 (18665.7) 0.28

Mean 5929.13 (987.82) 8532.01 (2634.43) <0.001 6826.26 (2967.8) 8493.57 (2228.91) <0.001

SD 4852.42 (1261.22) 7682.23 (2123.24) <0.001 5828.49 (2466.28) 7640.08 (1954.54) <0.001

5% 3062.42 (408.41) 3493.22 (427.15) <0.001 3154.46 (446.28) 3514.29 (418.45) <0.001

95% 14237.79 (4241.66) 24718.59 (6940.06) <0.001 17654.66 (8271.84) 24658.85 (6420.15) <0.001

Skewness 4.99 (1.67) 4.76 (13.9) <0.001 4.53 (1.66) 4.96 (14.92) <0.001

Kurtosis 39.73 (29.41) 222.72 (1880.28) <0.001 33.38 (26.72) 253.76 (2018.87) <0.001

K Minimum -0.71 (1.66) -0.44 (1.41) 0.233 -0.47 (1.42) -0.52 (1.5) 0.856

25% 0.46 (0.06) 0.58 (0.1) <0.001 0.49 (0.1) 0.58 (0.09) <0.001

Median 0.54 (0.08) 0.69 (0.12) <0.001 0.57 (0.12) 0.69 (0.11) <0.001

75% 0.63 (0.09) 0.81 (0.13) <0.001 0.67 (0.13) 0.82 (0.12) <0.001

Maximum 1.39 (0.82) 1.95 (0.7) <0.001 1.62 (0.84) 1.92 (0.7) 0.004

Mean 0.54 (0.07) 0.7 (0.11) <0.001 0.58 (0.11) 0.7 (0.1) <0.001

SD 0.17 (0.04) 0.21 (0.05) 0.001 0.18 (0.04) 0.21 (0.06) 0.006

5% 0.26 (0.11) 0.4 (0.1) <0.001 0.3 (0.12) 0.4 (0.11) <0.001

95% 0.8 (0.1) 1.03 (0.16) <0.001 0.86 (0.15) 1.03 (0.16) <0.001

Skewness -1.23 (2.61) -0.41 (1.82) 0.032 -0.73 (2.32) -0.53 (1.9) 0.388

Kurtosis 18.46 (40.02) 11.51 (25.62) 0.976 14 (33.66) 12.61 (27.32) 0.641

f Minimum 0.01 (0.01) 0.01 (0.01) 0.534 0.01 (0.01) 0.01 (0.01) 0.076

25% 0.15 (0.04) 0.14 (0.02) 0.836 0.15 (0.04) 0.14 (0.02) 0.432

Median 0.22 (0.07) 0.21 (0.04) 0.602 0.23 (0.07) 0.2 (0.03) 0.1

75% 0.31 (0.09) 0.29 (0.07) 0.572 0.32 (0.09) 0.28 (0.06) 0.102

Maximum 0.64 (0.13) 0.73 (0.11) 0.002 0.69 (0.13) 0.72 (0.11) 0.388

Mean 0.24 (0.06) 0.23 (0.04) 0.976 0.24 (0.06) 0.22 (0.04) 0.226

SD 0.1 (0.03) 0.11 (0.03) 0.77 0.11 (0.03) 0.11 (0.03) 0.37

5% 0.1 (0.01) 0.11 (0.01) <0.001 0.1 (0.01) 0.11 (0.01) 0.021

95% 0.42 (0.1) 0.44 (0.1) 0.602 0.44 (0.1) 0.43 (0.1) 0.532

Skewness 0.63 (0.52) 1.1 (0.55) 0.003 0.74 (0.59) 1.12 (0.53) 0.005

Kurtosis 0.41 (1.53) 1.72 (2.43) 0.006 0.7 (1.93) 1.79 (2.42) 0.007

fD* 10−6 [mm2/s] Minimum 42.33 (38.84) 48.12 (59.35) 0.988 32.37 (35.59) 53.85 (61.69) 0.075

25% 704.88 (146.55) 823.53 (196.45) <0.001 778.29 (271.53) 805.97 (140.2) 0.037

Median 1067.54 (227.54) 1308.61 (454.05) <0.001 1228.71 (614.16) 1267.1 (298.33) 0.065

75% 1540.29 (292.47) 2146.2 (984.02) <0.001 1885.63 (1310.61) 2070.9 (639.01) 0.001

Maximum 19839.25 (17336.17) 41158.25 (23772.61) <0.001 31600.91 (25014.16) 38697.85 (23513.49) 0.102

Mean 1278.54 (246.97) 1837.53 (717.39) <0.001 1548.51 (915.31) 1791.69 (524.64) <0.001

SD 1068.96 (617.19) 1986.54 (1191.4) <0.001 1429.11 (1107.23) 1951.65 (1142.74) <0.001

5% 400.54 (45.73) 459.4 (60.86) <0.001 424.71 (75.97) 456.64 (52.56) <0.001

95% 2741.96 (647.13) 4912.9 (2312.16) <0.001 3599.46 (2649.86) 4827.74 (1919.07) <0.001

Skewness 31.3 (16.49) 46.45 (29.59) 0.024 34.74 (15.37) 47.1 (31.56) 0.113

Kurtosis 1296.08 (1282.18) 3122.91 (3577.66) 0.024 1507.4 (1195.97) 3299.28 (3800.04) 0.115

LGG, low-grade glioma; HGG, high-grade glioma; IDH+, isocitrate dehydrogenase positive; IDH–, IDH negative; X%, histogram percentile; SD, standard deviation; D, diffusion coefficient; D*, pseudo-diffusion 
coefficient; K, diffusion kurtosis; f, perfusion fraction; fD*, product of f and D*; WHO, World Health Organization.
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