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Abstract: Objective: To build highly predictive performance models for glioma stratification with radiomics features 
from non-invasive MRI. Methods: T2-weighted fluid-attenuated inversion recovery (T2-FLAIR) imaging, diffusion-
weighted MRI and diffusion kurtosis imaging were retrospectively collected for 139 glioma cases (2 with grade I, 67 
with grade II, 36 with grade III and 34 with grade IV disease). Multi-parameter maps, including the apparent diffu-
sion coefficient (ADC), mean diffusion coefficient (Dmean), fractional anisotropy (FA), and mean kurtosis (MK), were 
co-registered to T2-FLAIR, and 431 radiomics features for each were extracted within manually segmented tumour 
regions. Partial correlation analysis revealed correlations between radiomics features and glioma stratification fac-
tors (tumour grades and Ki-67 LI). Predictive models were built with adjusted-imbalanced logistic regression. Re-
sults: MK radiomics features were more closely correlated with glioma stratification than other modalities analysed. 
The maximum R in MK was 0.52 for tumour grade and 0.56 for Ki-67 index (compared with 0.36 and 0.34 in FA, 
and 0.43 and 0.37 in ADC, and 0.48 and 0.42 in T2-FLAIR). The best predictive models for grade II vs. III, grade II 
vs. IV, low-grade vs. high-grade gliomas and positive vs. highly positive Ki-67 LI were obtained by combining multi-
parameter MR radiomics features with AUCs of 0.858, 0.966, 0.853 and 0.870, respectively. However, for grade 
III vs. IV gliomas, the model obtained from MK radiomics features achieved the highest AUC (0.947), with excellent 
sensitivity and specificity. Conclusion: Compared with the other modalities, MK showed closer correlations with 
tumour grade and Ki-67 LI. Combined radiomics models integrating multi-parameter MRI allow for the generation of 
highly predictive models for glioma stratification.
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Introduction

Glioma is the most common primary brain can-
cer with high malignancy, and causes great 
harm to a patient’s wellbeing, society, and the 
economy [1]. Surgical resection plus radio-/
chemotherapy following adjuvant chemothera-
py has greatly improved patient prognosis [2]. 
However, the survival prognosis is still not 
favourable. Although genetic markers play an 
important role in providing appropriate treat-
ment, the tumour grade and proliferation index 
are still generally used prognostic biomarkers 
for glioma stratification, treatment design and 
prognosis prediction [3, 4]. Different grade glio-

mas respond differently to treatment regimens, 
resulting in various survival times [5-7]. The 
Ki-67 labelling index (Ki-67 LI) correlates with 
tumour malignancy, and its prognostic value is 
independent of IDH status [8, 9]. An accurate 
determination of tumour malignancy and prolif-
eration is vital for designing treatment regi-
mens and adjusting treatment plans, especially 
for patients who failed isocitrate dehydroge-
nase (IDH) genotype testing. However, the 
stratification of glioma grades and proliferation 
activities mainly relies on post-surgical patho-
logical examination, which is time consuming 
and suffers from biases related to tissue sam-
ple selection or unexpected risks. Consequently, 
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robust and non-invasive biomarkers for glioma 
could facilitate clinical management and 
improve the patient hospitalization experience.

Functional and physiological MRI supplies  
metabolic and physiological information and 
reflects tumour pathophysiological stages [10]. 
Diffusion-weighted MR imaging (DWI) exhibits 
great superiority to anatomical MRI in imaging-
restricted water diffusion in brain diseases [11, 
12], and diffusion tensor imaging (DTI) has 
been used extensively to depict localization in 
relation to white matter tracts (infiltration, 
deflection) [13]. Diffusion kurtosis imaging 
(DKI) estimates the kurtosis of the water diffu-
sion probability distribution function [14]. The 
metrics of DKI include the mean diffusion coef-
ficient (Dmean), fractional anisotropy (FA), and 
mean kurtosis (MK). MK is regarded as a quan-
titative parameter evaluating the non-Gaussian 
distribution diffusion status, which is strongly 
linked to the cellular microstructure and pro-
vides additional information to resolve intra-
voxel fibre crossings [15]. Previous studies have 
demonstrated the feasibility of DKI metrics in 
glioma grading and proliferation prediction; 
however, the accuracies still need to be 
improved, especially for the differentiation of 
grade II vs. III gliomas and grade III vs. IV glio-
mas [15, 16].

Radiomics has emerged as a promising tool  
for the precise management of cancer patients 
via a large number of features extracted from 
medical images [17, 18]. Radiomics allows for 
signal or density changes to be captured in 
medical images that cannot be observed mere-
ly with the naked eye. Integrated by machine 
learning algorithms, high-dimensional radiomi- 
cs feature has resulted in highly predictive diag-
nostic prognostic models, providing valuable 
tools for precision medicine [19]. Numerous 
studies have demonstrated the advanced 
application value of this approach in differenti-
ating tumour stages, improving disease stratifi-
cation, predicting treatment responses and 
estimating patient prognosis [20-22]. For  
gliomas, radiomics models that predict histo-
logical grades, molecular features and progno-
ses have shown acceptable accuracies [23-
25]. However, few studies have focused on the 
application of DKI radiomics in stratifying 
gliomas.

Unlike T1 post-contrast enhancement (T1C), 
T2-weighted fluid-attenuated inversion recov-
ery (T2-FLAIR) imaging provides anatomical 
information without the administration of  
contrast agents. In this retrospective study, we 
aimed to explore and compare the different 
correlation patterns of radiomics features 
extracted from T2-FLAIR imaging, DWI and DKI 
with tumour grades and the Ki-67 labeling 
index (Ki-67 LI) and to build highly accurate 
non-invasive models using multi-parameter 
MRI radiomics for glioma stratification.

Materials and methods

After obtaining approval from the institutional 
ethics committee of the research hospital (eth-
ics approval number: TJ-IRB20190309), this 
retrospective study was performed in accor-
dance with the tenets outlined in the Declaration 
of Helsinki. All scans were performed between 
October 2013 and January 2016 in a single ter-
tiary hospital, and informed consent was 
waived.

Patients

A total of 146 glioma patients underwent an 
MRI scan on a 3.0 Tesla scanner (Discovery 
MR750, GE Healthcare) with a 32-channel 
head coil. The inclusion criteria were as follows: 
(1) histopathological examination confirmed 
glioma; and (2) intact T2-FLAIR imaging, DWI 
and DKI data. Six patients were excluded due 
to a lack of T2-FLAIR imaging and/or DWI data, 
and one was excluded due to incomplete DKI 
data. Ultimately, 139 patients with gliomas 
confirmed by histopathological examination 
were included, among whom two had grade I, 
67 had grade II, 36 had grade III, and 34  
had grade IV gliomas according to the 2016 
WHO Classification of Tumours of the Central 
Nervous System [26]. A total of 132 specimens 
were also subjected to immunohistopathologi-
cal staining to quantify the Ki-67 LI, in which a 
Ki-67 LI ≥15% was regarded as highly positive 
staining and a Ki-67 LI <15% was regarded as 
positive staining, considering the impact of 
Ki-67 LI on patient survival [27]. No significant 
differences in sex were observed among 
patients with grade II, III and IV gliomas (Table 
S1), and no significant differences in subtype 
were observed, except for grade II vs. IV glio-
mas (39.01±14.10 vs. 49.59±13.56, P =  
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0.001, Table S1). The study flowchart is sum-
marized in Figure 1.

Data acquisition

The MRI protocol included routine MRI, DWI 
and DKI, and scanning parameters are con- 
cisely summarized in Table S2. The routine MRI 
sequences included T2-weighted fast spin  
echo imaging (T2FSE), T1C, and T2-FLAIR, and 
all sequences covered the whole brain, with 20 
slices. A two-dimensional DWI sequence with 
three diffusion directions was implemented 
with two b values (0 and 1,000 s/mm2), and the 
DWI orientation was automatically copied from 
the routine MRI protocol. For DKI, the EPI-DWI 
sequence was implemented with two different 
b values (1,250 and 2,500 s/mm2) at 25 encod-
ing diffusion directions, and two non-diffusion-
weighted images (b = 0 s/mm2) were acquired. 
The total scanning duration was 5 minutes and 
45 seconds.

Data pre-processing

All routine MR images were co-registered to 
T2-FLAIR images in SPM (Wellcome Depart- 
ment of Imaging Neuroscience, London, UK; 
(http://www.fil.ion.ucl.ac.uk/spm/software/sp- 
m8/), and the diffusion-related parameters 
were co-registered to T2-FLAIR images via a B0 
map. After co-registration, all images were re-
sliced to isotropic 1 mm3 for radiomics feature 
extraction.

The scanned diffusional images were imple-
mented with eddy current correction and 
realignment in FSL (The Oxford Centre for 
Functional MRI of the Brain, London, UK 
(https://fsl.fmrib.ox.ac.uk/fsl/fslwiki/). After sk- 
ull stripping, parameters from DWI and DKI 
images were calculated. The apparent diffusion 
coefficient (ADC) was obtained with the follow-
ing equation: ADC = -ln (SIb1000/SIb0)/1000, in 
which SIb1000 and SIb0 represent the signal inten-
sities of images with b = 1,000 and 0 s/mm2, 
respectively. DKI parameters, i.e., conventional 
diffusion metrics (Dmean), DTI metrics (FA) and 
kurtosis metrics (MK), were estimated with a 
diffusion kurtosis estimator (DKE, https://www.
nitrc.org/projects/dke) using the constrained 
linear least squares-quadratic algorithm after 
smoothing [28]. To reduce the impact of noise 
and misregistration, DK images were smoothed 
using a Gaussian kernel.

Definition of tumour regions

Multi-modal MR images were employed to iden-
tify tumour regions, and a semi-automatic 
method based on the signal intensity threshold 
in tumour lesions was implemented to depict 
the tumour area, as introduced by Jiang et al. 
[15]. Tumour areas were mainly defined as 
areas with hyperintensity on T2-FLAIR and T1C 
images with contrast enhancement. With the 
aid of DWI, necrotic and cystic areas were 
avoided. The detailed steps and representative 
tumour regions are displayed in Figure S1. The 
obtained tumour areas were re-sliced to 1 mm3 
isotropically for radiomics feature extraction.

Radiomics features

Four categories of features as described by 
Hugo et al. [29] were extracted from T2-FLAIR 
images, ADC, Dmean, FA and MK maps with in-
house software implemented in the MATLAB 
platform (v13.0, MathWorks, Natick, MA, USA). 
These features were generally sorted as fol-
lows: (1) 14 histogram features; (2) 8 shape-/
size-based features; (3) 33 textural features; 
and (4) 376 wavelet features calculated after 
the signal wavelet transform with eight band-
widths [(histogram features + texture features) 
* 8]. Hence, a total of 2,155 features (5 maps 
* 431 features) were included for each patient.

Statistical analysis

To reveal correlations between radiomics fea-
tures and tumour grade and the Ki-67 LI, par-
tial correlation analysis was employed in the 
univariate analysis, in which age and sex were 
regarded as control variables. Significant P val-
ues (less than 0.05), FDR-corrected P values 
and Bonferroni-corrected P values (Pcorrected = 
1.93E-05) were calculated and compared with-
in different maps. False discovery rate correc-
tion was implemented with a linear step-up 
(LSU) procedure [30]. The differences in age 
and the Ki-67 LI were tested with one-way 
ANOVA, and post hoc analysis was performed 
with the least significant difference method. 
Differences in sex in glioma patients with differ-
ent grades were assessed using Fisher’s exact 
test.

An imbalanced-adjusted logistic regression 
method was utilized to build highly predictive 
linear regression models in the multivariate 
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Figure 1. Workflow chart of the radiomics analysis of T2FLAIR, DWI and DKI. I. Data information. A total of 139 patients were included in this comparative study. II. 
Data pre-processing. Diffusion images were realigned to the B0 map within FSL, and quantitative parameters including ADC, Dmean, FA and MK, were obtained. 
All images were co-registered to T2-FLAIR within SPM8 and then re-sliced to 1 mm3 isotropically. III. Feature extraction. A total of 431 features, including histogram 
features, shape- and size-based features, texture features and wavelet features, were extracted from each map. IV. Statistical analysis. The correlations between 
radiomics features and pathological characteristics were explored via univariate and multivariate analyses, and the best predictive models were obtained for each 
subgroup analysis. Five maps, i.e., T2-FLAIR, ADC, Dmean, FA and MK, were obtained.
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analysis for the differentiation of glioma sub-
types and Ki-67 LI. The multivariate analysis 
method has been reported by Vallières and col-
leagues, and a detailed description can be 
found in the related publication [31] and  
summarized briefly below. For the combina-
tions of features from each single parameter or 
all parameters, feature datasets were reduced 
to 25 features in 1,000 bootstrap samplings, 
as selected by maximizing the area under  
the receiver operating characteristic curve 
(AUC)632+ metric [32]. With imbalanced-adjust-
ed logistic regression, the selected features 
were used to build 1 to 10 models in each sub-
analysis, and the best predictive models with 
the highest AUC were selected from models 
1-10.

Results

The radiomics features obtained from MK 
demonstrated closer correlations with the 
tumour grade and proliferation index than did 
the other modalities

The P value of nearly half of the radiomics fea-
tures for each contrast was less than 0.05. 
Moreover, most of the features passed FDR 
correction, and some withstood strict Bon- 
ferroni correction (Table 1; Figure 2). All the 
maximum correlation coefficients in each map 
were above 0.4, except for that in the FA map 
(0.36, Table 1). For the Ki-67 LI, all correlation 
coefficients were greater than 0.3 (Table 1). In 
the comparison of multi-parameter maps, 
radiomics features from MK showed the clos-
est correlations with tumour grade and Ki-67 
LI.

The numbers of features correlating with 
tumour grade that had a P value less than  
0.05, PFDR corrected and PBonferroni corrected for MK, 
were 293, 247 and 56, respectively, which 
were notably higher than those for T2-FLAIR, 
ADC, Dmean and FA (Table 1). The maximum R 
of MK features that correlated with tumour 
grade was 0.52 (compared to 0.48 for T2- 
FLAIR, 0.43 for ADC, 0.48 for Dmean and 0.36 
for FA). For the Ki-67 LI, MK features showed 
distinct advantages in correlating with tumour 
biomarkers, and the number of significant 
radiomics features was greater than that in 
T2-FLAIR, ADC and FA (Table 1). The max R was 
0.56 for MK in the Ki-67 LI, 0.42 for T2-FLAIR, 

0.37 for ADC, 0.42 for Dmean, and 0.34 for FA. 
The detailed results are summarized in Table 1.

Models built with radiomics features from each 
map can be used to efficiently stratify gliomas 
and predict Ki-67 expression levels.

The AUCs of the models built separately with 
five contrast maps, i.e., T2-FLAIR, ADC, Dmean, 
FA and MK, ranged from 0.706 to 0.836 for dif-
ferentiating low-/high-grade gliomas and from 
0.75 to 0.865 for predicting positive and highly 
positive Ki-67 LI. Subsequent analysis revealed 
that the AUCs varied from 0.715 to 0.791 for 
differentiating grade II vs. grade III gliomas, 
0.882 to 0.947 for differentiating grade II vs. 
grade IV gliomas and 0.828 to 0.947 for differ-
entiating grade III vs. grade IV gliomas.

For the stratification of glioma subtypes, com-
parable accuracy was observed between 
T2-FLAIR, ADC, Dmean, FA and MK for differen-
tiating grade II vs. III gliomas (T2-FLAIR vs. ADC 
vs. Dmean vs. FA vs. MK: 0.724 vs. 0.745 vs. 
0.777 vs. 0.791 vs. 0.715) and for differentiat-
ing grade II vs. IV gliomas (T2-FLAIR vs. ADC  
vs. Dmean vs FA vs. MK: 0.932 vs. 0.911 vs. 
0.947 vs. 0.882 vs. 0.916). However, MK 
radiomics features exhibited outstanding diag-
nostic performance for differentiating grade III 
vs. IV gliomas compared with the other maps 
(T2-FLAIR vs. ADC vs. Dmean vs. FA vs. MK: 
0.830 vs. 0.845 vs. 0.828 vs. 0.829 vs. 0.947). 
This excellent differentiation accuracy implies  
a distinctive difference in the non-Gaussian  
diffusion status between grade III and IV glio-
mas. Moreover, the Dmean extracted from DKI 
exhibited a diagnostic performance similar to 
that of ADC. The detailed AUCs, sensitivity and 
specificity for each map in differentiating glio-
ma subtypes are listed in Tables S3 and S4.

Combining multi-modal MR radiomics fea-
tures improves the diagnostic performance for 
glioma stratification, except the differentiation 
of grade III vs. IV gliomas in MK

The best predictive AUCs for differentiating 
low-/high-grade gliomas and positive/highly 
positive Ki-67 LI were obtained with the combi-
nation of all multi-parameter MRI radiomics 
features (AUCs: 0.853 and 0.87 retrospective-
ly, Figure 3 and Table S3). By combining the fea-
tures of all contrast maps, similar high differen-
tiation performances were also obtained in 
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differentiating grade II vs. IV 
gliomas and grade II vs. III glio-
mas, with AUCs ranging from 
0.858 to 0.966 (Figure 3 and 
Table S4). For grade III vs. IV 
gliomas, the best predictive 
models were obtained from 
MK radiomics features (AUC: 
0.947), and the combination  
of all multi-parameter MRI ra- 
diomics features resulted in an 
excellent AUC of 0.877. The 
best diagnostic models for dif-
ferentiating glioma subtypes 
are listed in Table 2, the corre-
sponding diagnostic perfor-
mances of the best predictive 
models are summarized in 
Tables S3 and S4, and the dif-
ferentiating effects of the best 
predictive models are dis-
played in Figures 4 and 5.

Discussion

By conducting a comparative 
study, we compared the differ-
ent correlation patterns of 
radiomics based on T2-FLAIR 
imaging, DWI and DKI with glio-
ma grade and tumour prolifera-
tion. MK radiomics showed 
closer and stronger correla-
tions with pathological profiles 
than T2-FLAIR, ADC and FA 
radiomics. The combination of 
multi-modal radiomics fea-
tures from T2-FLAIR imaging, 
DWI and DKI achieves highly 
accurate predictive models for 

Table 1. Correlations among radiomics features with tumour grade and Ki-67 LI

SeqName
Tumour Grade Ki-67 LI

P<0.05 P<Pfdr
a P<Pcorrected Max R P value P<0.05 P<Pfdr

b P<Pcorrected Max R P value

T2-FLAIR 230 152 11 0.48 3.54E-09 199 115 2 0.42 7.5E-06
ADC 203 138 9 0.43 1.42E-07 196 114 0 0.37 1E-04
Dmean 164 92 12 0.48 3.07E-09 167 67 5 0.42 1.18E-05
FA 199 105 1 0.36 1.74E-05 155 63 0 0.34 4.5E-04
MK 293 247 56 0.52 6.52E-11 272 210 25 0.56 7.55E-10
Note: The correlation analysis results of radiomics features with the tumour grade and Ki-67 LI were revealed with partial 
correlation analysis. Significant P values (less than 0.05), FDR-corrected P values and Bonferroni-corrected P values are listed 
above. Pfdr

a represents the P value threshold at 0.016 for the tumour grades, and Pfdr
b represents the P value threshold at 

0.013 for the Ki-67 LI.

Figure 2. Heat maps of correlation P values between non-shape-/size-
based features and tumour pathological biomarkers. The X axis on the bot-
tom lists the name of each contrast, and the X axis on the top displays 
nine catalogues of radiomics features in each contrast. Abbreviations: Non-
wf, non-wavelet features; Wf1-8, wavelet features calculated from wavelet 
bandwidths 1-8. The Y axis (left) shows feature names, and the colour bar 
of the P value range is shown on the right Y axis. Radiomics features from 
each contrast map correlated with the tumour grade (A) and Ki-67 LI (B) in 
different patterns, in which MK had the closest correlations with the two 
pathological biomarkers. For the colour bar, red represents a P value less 
than the Bonferroni corrected P value of 1.93E-05, blue represents P>0.05, 
and yellow represents a P value between the two.
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glioma stratification; however, the models 
obtained from MK radiomics achieved the high-
est diagnostic performance in differentiating 
grade III and IV gliomas.

The radiomics features from T2-FLAIR imaging, 
DWI and DKI correlated significantly with tu- 
mour grade and Ki-67 LI; however, the radio- 
mics features from MK showed closer correla-
tions than did the other modalities. The more 
malignant the tumour is, the more heteroge-
neous the intra-tumour lesion [33]. Radiomics 
features can be used to extensively measure 
changes in signals or parameters that occur 
during oncogenesis in brain cancer [34], wh- 
ich allows for a more accurate quantita- 
tive characterization of inter- and intra-tumour 
heterogeneity. With a three-dimensional vol-
ume of interest, radiomics methods contribute 
to the comprehensive evaluation of parameter 
changes in the whole tumour volume, which 
meets increasing demands for a thorough 
investigation of variations in tumour entities 
[35].

MK radiomics features significantly correlated 
with the tumour grade and Ki-67 LI with a pro-
found P value, indicating that MK could be a 
reliable and robust metric for revealing intra-
tumour heterogeneity. The subtypes of high-
grade gliomas share similar invasive growth 

subtypes. MK is strongly linked to the cellular 
microstructure and shows advantages for imag-
ing the brain microstructure [14, 39], making it 
valuable in differentiating grade III and IV 
gliomas.

The combination of multi-modal radiomics  
features can be used to build precise models 
for predicting the tumour grade and prolifera-
tion capability of tumour cells, allowing for the 
precise stratification of glioma subtypes. Multi-
parameter MRI reflects the water content, 
Gaussian distribution diffusion status, and 
non-Gaussian diffusion status in tumour 
lesions [39]. The predictive models obtained in 
our study for glioma stratification were totally 
non-invasive and not dependent on contrast-
enhanced MRI modalities, which are of vital 
clinical importance, especially for patients with 
impaired renal function. A previous meta-analy-
sis demonstrated the priority of MK in identify-
ing low-/high-grade gliomas, which was in 
accordance with some of our results [16]. 
Different from one published study in which 
DKI was employed to differentiate low-grade 
glioma and glioblastoma [40], we extended the 
application of DKI radiomics to differentiate 
glioma subtypes, i.e., predicting grade II, III and 
IV gliomas and different proliferation levels, 
and we achieved excellent diagnostic perfor-
mances with a relatively large patient cohort.

Figure 3. AUCs of the obtained predictive models in each subgroup analysis. 
The Y axis represents the AUC value, and the X axis value represents the 
subgroup analysis comparison. The AUCs of the models built with radiomics 
features from a single map and a combination of all five maps are displayed, 
and the best predictive performances were obtained when a combination 
of multi-modal radiomics features was used, except in differentiating grade 
III and IV gliomas with MK.

patterns, which makes it diffi-
cult to distinguish them merely 
by radiographic methods [1]; 
however, excellent diagnostic 
performances in differentiat-
ing grade III and IV gliomas 
were demonstrated in our 
study, especially for MK. High-
grade gliomas have an incr- 
eased cell density and a rapid 
growth rate, making their in 
vivo micro-structures complex; 
thus, free water diffusion is 
more likely than non-Gaussian 
diffusion. Although Gaussian 
distribution diffusion models 
such as DWI and DTI have 
demonstrated priority in stroke 
and gliomas [36-38], MK can 
be used to quantify the distinc-
tive non-Gaussian water diffu-
sion observed within glioma 
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Imbalanced-adjusted logistic regression com-
bining feature selection by maximizing the area 
under the receiver operating characteristic 
curve (AUC)632+ metric in 100 bootstrap training 
and testing samples was implemented in the 
multivariate analysis. The repeatability and 
robustness of this method have been proven by 
Zhou et al. [41], and a similar result was 
obtained in our previous research [42].  
Although no training/testing datasets from 
other research centres were included in our 
study, the obtained models were validated with-
in 1000× bootstrapping, which allowed us to 
estimate how the model would behave in a vali-
dation set. Moreover, the number of citations of 
this method, as proposed by Vallieres and col-
leagues [31], guarantees the robustness of this 
method. Considering the relatively acceptable 
scanning time of DKI and high predictive perfor-
mances of MK radiomics models, the imple-
mentation of multi-parameter MRI radiomics 
models integrating DKI radiomics in the clinic 
might be worthy of consideration and 
recommendation.

Limitations

Several limitations in our research should be 
noted. First, although high accuacies in the 
diagnostic performances in predicting glioma 
pathological profiles were achieved, the poten-
tial selection bias of tissue sample acquisition 
in surgical operation might have led to inaccu-
rate identification of glioma subtypes; a point-
to-point analysis might be much more demon-
strative. Second, considering the priority of  
DKI in detecting the microstructure of white 
matter in the brain and the fact that gliomas 

are derived from glial cells, a prospective study 
of DKI radiomics in predicting glioma subtypes 
will be more persuasive. Moreover, radiomics 
features can be more comprehensively  
reflect intra-tumoral heterogeneity, and the 
intra-tumoral heterogeneity is significantly cor-
related with the overall survival of glioma 
patients. Our results highlight the feasibility of 
exploring the potential correlations between 
T2-FLAIR, DWI and DKI radiomics and patient 
prognosis.

Conclusion

Our research demonstrates the feasibility of 
radiomics based on T2-FLAIR imaging, DWI  
and DKI in the precise prediction of glioma 
pathological features and highlights the closer 
correlations of MK radiomics with the tumour 
grade and Ki-67 LI. MK radiomics allows  
precise glioma stratification, especially for 
grade III and IV gliomas. The combination of 
T2-FLAIR imaging, DWI and DKI allows for an 
accurate identification of glioma subtypes; 
thus, an evaluation of tumour profiles with  
combined models integrating DKI radiomics is 
recommended for glioma management.
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X = [MK-wf4-energy; MK-wf1-mad; MK-wf2-rms; MK-wf2-std; MK-wf4-median; MK-wf1-var; MK-wf1-
std]

-62.44

Low vs High Grade β = [0.6669; 0.03001; -18.81; -0.6598; -1.728E-05; -0.0003503; -0.00389];
X = [Dmean-wf1-Autocorrelation; MK-nonwf-median; T2-FLAIR-wf4-IMC2; Dmean-wf1-Variance; MK-
nonwf-energy; Dmean-wf1-LRHGLE; T2-FLAIR-wf1-SRHGLE]

8.895

Positive vs Highly positive Ki-67 LI β = [-0.01476; 0.01075; 0.00642];
X = [Dmean-wf1-median; Dmean-wf1-rms; MK-nonwf-mean]

0.2698
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Figure 4. Models 1-10 and the best predictive models for differentiating grade II, III and IV gliomas. Diagnostic per-
formances of the best predictive model in each subgroup analysis (A and B for grade II vs. III gliomas, C and D for 
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DWI, Diffusion-weighted imaging; DTI, Diffusion 
tensor imaging; DKI, Diffusion kurtosis imag-
ing; LGG, Low-grade glioma; HGG, High-grade 
glioma; T2FSE, Transverse T2-weighted fast 

grade II vs. IV gliomas, and E and F for grade III vs. IV gliomas). The AUCs, sensitivities and specificities of models 
1-10 in each subgroup analysis are displayed in A, C and E. The best predictive models were obtained when a com-
bination of all maps was used (for grade II vs. III gliomas and grade II vs. IV gliomas) and MK radiomics (for grade 
III vs. IV gliomas). The corresponding predictive effect of each subgroup analysis is displayed on the right, in which 
high-grade gliomas are marked in blue, and low-grade gliomas are marked in red. The right side of the sigmoid 
maps exhibits excellent diagnostic performance with the best predictive models, and the left linear map displays 
the AUCs, sensitivities and specificities from models 1-10.

Figure 5. Models 1-10 and the best predictive models for differentiating low-/high-grade gliomas and the Ki-67 LI. 
The combination of all contrast maps resulted in the best predictive models for predicting low-/high-grade gliomas 
and the Ki-67 LI. A and C show the AUCs, sensitivities and specificities of models 1-10, while B and D display the 
predictive effect of the best predictive models in differentiating tumour types, in which high-grade gliomas and the 
higher Ki-67 LI are marked in blue and low-grade gliomas are marked in red.
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diffusion coefficient; MK, Mean kurtosis.
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Supplementary Abbreviations for Figure 2 and Table 4

The abbreviations for names of radiomics features were listed as below: energy, kurtosis, maximum, 
mean, mad, median, minimum, range, rms, skewness, std, entropy, uniformity, var, Autocorrelation, 
Cluster Prominence, Cluster Shade, Cluster Tendency, Contrast, Correlation, Difference Entropy, 
Dissimilarity, Energy, Entropy, Homogeneity1, Homogeneity2, IMC1, IMC2, IDMN, IDN, Inverse Variance, 
Maximum Probability, Sum Average, Sum Entropy, Sum Variance, Variance, Short Run Emphasis, Long 
Run Emphasis, GLNU, RLNU, Run Percentage, LGLRE, HGLRE, SRLGLE, SRHGLE, LRLGLE, LRHGLE. The 
full name and detailed definition for each radiomics feature can be found in the supplementary materi-
als listed in the following legends.

Definition of the used radiomics features

The present study used the same radiomics features as the previous study (Aerts et al., 2014). For read-
ability, we have attached definitions of each feature below.

Briefly, radiomics features were divided into (i) first-order statistics; (ii) shape- and size-based features; 
(iii) textural features; and (iv) wavelet features.

(i) First-order statistics

Feature names Definition
Energy ( )X i 2

i

N
/

Entropy
( ) ( )P i log P i2

1i

Nt

=
/

Kurtosis

(
1

( ( ) ) )

1
( ( ) )

N X i
_
X

N X i
_
X

2
1

2

4
1

i
N

i
N

-

-

=

=

/

/

Maximum The maximum intensity value of X
Mean 1

( )N X i
i

N
/

Mean absolute deviation The mean of the absolute deviations of all voxel intensities around the mean inten-
sity value.

Median The median intensity value of X
Minimum The minimum intensity value of X
Range The range of intensity values of X
Root mean square (RMS) ( )

N
X i 2i

N/

Skewness

1
( ( ) )

1
( ( ) )

N X i
_
X

N X i
_
X

2
1

3

3
1

i
N

i
N

-

-

=

=

b l/

/

Standard deviation
1
1

( ( ) )
N

X i
_
X( )2

1i

N 1
2

-
-

=
/

Uniformity ( )P i 2
1i

Nl

=
/

Variance
1
1

( ( ) )
N

X i
_
X 2

1i

N

-
-

=
/

Note: 
_
x  is the mean of χ. First-order statistics describe the distribution of voxel intensities within volume of interests (VOIs) in 

each contrast image.
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(ii) Shape and size based features

Names Definition
Compactness 1

A

V
3
2

r

Compactness 2
36

A
V
3

2

r

Maximum 3D diameter The largest pairwise Euclidean distance, between voxels on the surface of the 
tumour volume

Spherical disproportion
4 R
A
2

r

Sphericity
6
A
V3

1
3
2

r ] g

Surface area
2
1
a b a c1 i i i ii

N
#=

/

Surface to volume ratio
V
A

Volume The volume (V) of the tumour is determined by counting the number of pixels in the 
tumour region and multiplying this value by the voxel size

Note: V denotes the volume, and A denotes the surface area of the VOI. The surface area is calculated by triangulation (i.e., 
dividing the surface into connected triangles), where N is the total number of triangles covering the surface and a, b and c are 
edge vectors of the triangles. Shape- and size-based features describe the three-dimensional size and shape of VOI.

(iii) Textural features

Textural features, calculated from gray level co-occurrence (GLCM) (Haralick et al., 1973) and gray level 
run-length (GLRLM) (Galloway, 1975) texture matrices, describe patterns or the spatial distribution of 
voxel intensities in VOIs.

(a) Grey level co-occurrence matrix-based features

A GLCM is defined as P (i, j; δ, α), a matrix with size Ng × Ng describing the second-order joint probability 
function of an image, where the (i, j)th element represents the number of times the combination of 
intensity levels i and j occurs in two pixels in the image, which are separated by a distance of δ pixels in 
direction α, and Ng is the number of discrete gray level intensities.

Distance δ was set to 1, and direction α was set to each of the 13 directions in three dimensions, yield-
ing a total of 13 gray-level co-occurrence matrices for each 3D image. From these gray level co-occur-
rence matrices, several textural features are derived. Each 3D gray level co-occurrence-based feature 
was then calculated as the mean of the feature calculations for each of the 13 directions.

Let:

P(i, j) is the co-occurrence matrix for an arbitrary δ and α

Ng is the number of discrete intensity levels in the image

μ is the mean of P(i, j)

Px(i) = 1j
Ng
=

/ P(i, j) is the marginal row probabilities

Py(i) = 1i
Ng
=
/ P(i, j) is the marginal column probabilities

ux is the mean of px,
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uy is the mean of py,

δx is the standard deviation of px,

δy is the standard deviation of py,

px+y(k) = 
11 j

N

i

N gg

==
//  P(i, j), i+j = k, k = 2, 3, ..., 2Ng,

px-y(k) = 
11 j

N

i

N gg

==
//  P(i, j), |i-j| = k, k = 0, 1, ..., Ng-1,

HX = - 1i
Ng
=
/ px(i) log2 [px(i)] is the entropy of px,

HY = - 1i
Ng
=
/ py(i) log2 [py(i)] is the entropy of py,

H = - 1i
Ng
=
/

1j
Ng
=

/ P(i, j) log2 [P(i, j)] is the entropy of P(i, j),

HXY1 = - 1i
Ng
=
/

1j
Ng
=

/ P(i, j) log(px(i)py(i)),

HXY2 = -
11 j

N

i

N gg

==
//  px(i)py(i) log(px(i)py(i)),

Name Definition

Autocorrelation ij
11 j

N

i

N gg

==
// P (i, j)

Cluster prominence ij
11 j

N

i

N gg

==
// [i+j-μx (i)-μy (j)]

4 P (i, j)

Cluster shade ij
11 j

N

i

N gg

==
// [i+j-μx (i)-μy (j)]

3 P (i, j)

Cluster tendency ij
11 j

N

i

N gg

==
// [i+j-μx (i)-μy (j)]

2 P (i, j)

Contrast ij
11 j

N

i

N gg

==
// |i-j|2 P (i, j)

Correlation

x y

i jP (i, j)

(i) (j)

ij (i) (j)
gg

j 1
N

i 1
N -

v v

n n==
//

Difference entropy P
g 1

x y
i 0

N -

-
=
/ (i) log2 [Px-y(i)]

Dissimilarity ij
11 j

N

i

N gg

==
// |i-j|P (i, j)

Energy ij
11 j

N

i

N gg

==
// P (i, j)2

Entropy (H) ij
11 j

N

i

N gg

==
// P (i, j) log2 P (i, j)

Homogeneity 1
1

P (i, j)

i j11 j

N

i

N gg

+ -==
//

Homogeneity 2

1

P (i, j)

i j
2

11 j

N

i

N gg

+ -==
//

Informational measure of correlation 1 (IMC1) 1
max HX, HY
HXY HXY-
" ,
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Informational measure of correlation 2 (IMC2) 1 e 2 2HXY HXY- - -^ h

Inverse difference moment normalized (IDMN)

1 ( )

P (i, j)

N
i j| |
2

211 j

N

i

N gg

+
-==

//

Inverse difference normalized (IDN)

1 ( )

P (i, j)

N
i j| |11 j

N

i

N gg

+
-==

//

Inverse variance P (i, j)

i j

gg

2
11 j

N

i

N

-==
// , i≠j

Maximum probability max{P (i, j)}

Sum average [iP (i)]X Y
2

2

i

Ng
- +
=
/

Sum entropy
P

g

2

2

x y
i

N
- +
=
/ (i) log2 [Px+y(i)]

Sum variance ( )i SE
g

2

2

2

i

N
-

=
/ Px+y(i)

Variance ij
11 j

N

i

N gg

==
// (i-μ)2 P (i, j)

(b) Gray level run-length matrix-based features

Run length metrics quantify gray level runs in an image. A gray level run is defined as the length in num-
ber of pixels of consecutive pixels that have the same gray level value. In a gray level run length matrix 
p(i, j|θ), the (i, j)th element describes the number of times j a gray level i appears consecutively in the 
direction specified by θ, and Ng is the number of discrete gray level intensities.

The GLRL matrix was computed for every of the 13 directions in three dimensions, from which the tex-
tural features below were derived. Each 3D GLRL feature was then calculated as the mean of the fea-
ture values for each of the 13 directions.

Let:

p(i, j|θ) is the (I, j) th entry in the given run-length matrix p for a direction θ,

Ng the number of discrete intensity values in the image,

Nr the number of different run lengths,

Np the number of voxels in the image.

Name Definition
Short Run Emphasis (SRE)
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(iv) Wavelet features

The wavelet transform decouples textural information by decomposing the original image at low and 
high frequencies. In our study, a “near symmetric” wavelet (sym4) was applied to the original MR images 
with a similar schematic, as described in a previous study (Aerts et al., 2014). Briefly, a discrete, one-
level and undecimated three-dimensional wavelet transform was applied to the VOI of each MR contrast 
image, which decomposes the original image into 8 decompositions.

Let L and H represent a low-pass and a high-pass (i.e., a wavelet) function, and the wavelet decomposi-
tions of images (X) can be labelled as XLLL, XLLH, XLHL, XLHH, XHLL, XHLH, XHHL and XHHH. For example, XLLL is 
then interpreted as the high-pass sub band, resulting from directional filtering with a low-pass filter 
along the x-direction, a low-pas filter along the y-direction and a high-pass filter along the z-direction and 
is constructed as:

XLLL (i, j, k) = 
HLL

r 1

N

q 1

N

p 1

N

===
///  L (p) L (q) H (r) X (i+p, j+q, k+r)

where NL is the length of filter L and NH is the length of filter H. The other decompositions are construct-
ed in a similar manner, applying their respective ordering of low- or high-pass filtering in the x-, y- and 
z-directions. Since the applied wavelet decomposition is undecimated, the size of each decomposition 
is equal to the original image, and each decomposition is shift invariant. Because of these properties, 
the original tumour delineation of the gross tumour volume can be applied directly to the decomposi-
tions after wavelet transform. For each decomposition, we computed the first-order statistics and the 
textural features as described above.
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Table S1. The demographic characteristics of the included gliomas
Grade II gliomas  

(n = 67)
Grade III gliomas  

(n = 36)
Grade IV gliomas  

(n = 34)
Statistical 

parameters P Value

Age 39.01±14.10 43.97±14.07 49.59±13.56 F = 4.66 0.004
Sex
    Male 38 19 22 χ2 = 1.06 0.589
    Female 29 17 12
Ki-67 LI 3.97±4.55 14.78±12.47 37.62±22.56 F = 55.36 <0.0001
Note: Two grade I gliomas were not listed above. The differences in age and Ki-67 index were evaluated with one-way ANOVA, 
post hoc analysis was performed with the least significant difference method, and the differences in sex compositions in differ-
ent grade gliomas were analysed with Fisher exact test.

Table S2. The scanning parameters of T2FLAIR, DWI and DKI
SeqName FOV (mm2) ST (mm) SG (mm) Matrix Slices B-value TE (ms) TR (ms)
DKI 256 3.0 0.0 128×128 43 0, 1,250 and 2,500 76.1 6,500
DWI 240 5.0 1.5 160×160 20 1,000 65.5 3,000
T2-FLAIR 240 5.0 1.5 512×512 20 NA 106.6 8,000
T1C 240 5.0 1.5 512×512 20 NA 26.3 2,009.3
T2FSE 240 5.0 1.5 512×512 20 NA 106.4 4,644
T1 240 5.0 1.5 512×512 20 NA 23.4 2,992.3
Abbreviations: SeqName = Sequence name; FOV = Field of view; ST = Slice thickness; SG = Slice gap; Matrix represents acqui-
sition matrix; TE = Echo time; TR = Repetition time; NA = Not applicable.

Figure S1. Representative cases for the definition of volume of interest in anatomical images. Note: Two represen-
tative cases of low-grade gliomas and high-grade gliomas are displayed above to clarify the definition of volume of 
interest (VOI). With the help of a semi-automatic method based on the threshold of MRI signal intensities, three-
dimensional VOIs were segmented first according to signal intensities mainly on T2FLAIR and contrast-enhanced 
T1-weighted images to depict the general location of the tumour. Then, the obtained tumour areas were adjusted by 
an experienced radiologist. Moreover, diffusion weighted images, i.e., b1000 map was used to avoid necrotic and 
cystic areas. The three-dimensional VOIs were carefully drawn on the tumour parenchyma with all anatomical im-
ages and diffusion images to reduce the interference of necrotic and cystic areas and haemorrhage.
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Table S3. The diagnostic performance of different contrast maps in differentiating low-high grade 
gliomas and different Ki-67 indexes

SeqName
Low- vs. High-grade gliomas Positive vs. Highly positive Ki-67

AUC Sen Spec AUC Sen Spec
ADC 0.828±0.002 0.791±0.004 0.75±0.004 0.843±0.004 0.739±0.006 0.788±0.004
Dmean 0.836±0.002 0.804±0.004 0.733±0.004 0.865±0.003 0.747±0.006 0.759±0.004
FA 0.706±0.003 0.63±0.005 0.66±0.005 0.75±0.005 0.61±0.008 0.736±0.005
T2FLAIR 0.797±0.003 0.703±0.005 0.736±0.005 0.811±0.003 0.723±0.007 0.766±0.004
MK 0.797±0.002 0.738±0.005 0.67±0.004 0.855±0.003 0.736±0.007 0.802±0.004
Total 0.853±0.002 0.762±0.004 0.747±0.004 0.87±0.003 0.743±0.006 0.788±0.004
Note: SeqName represents the name of each contrast map. AUC represents the area under curve. Sen represents sensitivity 
and Spec represents specificity for each sub-analysis.
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Table S4. The diagnostic performances of different contrast maps in differentiating sub-grade gliomas

SeqName
Grade II vs. III Grade II vs. IV Grade III vs. IV

AUC Sen Spec AUC Sen Spec AUC Sen Spec
ADC 0.745±0.005 0.56±0.008 0.699±0.005 0.911±0.003 0.804±0.007 0.842±0.003 0.845±0.004 0.741±0.006 0.764±0.006
Dmean 0.777±0.005 0.68±0.007 0.721±0.005 0.947±0.002 0.875±0.00 0.874±0.004 0.828±0.004 0.744±0.006 0.764±0.006
FA 0.791±0.004 0.71±0.008 0.74±0.004 0.882±0.004 0.745±0.007 0.839±0.004 0.829±0.004 0.731±0.007 0.768±0.006
T2FLAIR 0.724±0.004 0.63±0.007 0.7±0.004 0.932±0.002 0.829±0.006 0.87±0.003 0.83±0.004 0.743±0.006 0.738±0.006
MK 0.715±0.004 0.46±0.008 0.725±0.007 0.916±0.002 0.803±0.006 0.862±0.004 0.947±0.003 0.857±0.006 0.872±0.005
Total 0.858±0.003 0.73±0.008 0.819±0.004 0.966±0.002 0.887±0.006 0.906±0.003 0.877±0.003 0.816±0.006 0.803±0.005
Note: SeqName represents the name of each contrast map. AUC represents the area under curve. Sen represents sensitivity and Spec represents specificity for each sub-analysis.


