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Radiomics based on multicontrast MRI can precisely differentiate
among glioma subtypes and predict tumour-proliferative behaviour

Changliang Su1
& Jingjing Jiang1

& Shun Zhang1
& Jingjing Shi1 & Kaibin Xu2,3

& Nanxi Shen1
& Jiaxuan Zhang1

& Li Li1 &

Lingyun Zhao1
& Ju Zhang1

& Yuanyuan Qin1
& Yong Liu2,3,4

& Wenzhen Zhu1

Received: 7 June 2018 /Revised: 27 July 2018 /Accepted: 3 August 2018 /Published online: 12 October 2018
# European Society of Radiology 2018

Abstract
Purpose To explore the feasibility and diagnostic performance of radiomics based on anatomical, diffusion and perfusionMRI in
differentiating among glioma subtypes and predicting tumour proliferation.
Methods 220 pathology-confirmed gliomas and ten contrasts were included in the retrospective analysis. After being registered
to T2FLAIR images and resampling to 1 mm3 isotropically, 431 radiomics features were extracted from each contrast map within
a semi-automatic defined tumour volume. For single-contrast and the combination of all contrasts, correlations between the
radiomics features and pathological biomarkers were revealed by partial correlation analysis, and multivariate models were built
to identify the best predictive models with adjusted 0.632+ bootstrap AUC.
Results In univariate analysis, both non-wavelet and wavelet radiomics features were correlated significantly with tumour
grade and the Ki-67 labelling index. The max R was 0.557 (p = 2.04E-14) in T1C for tumour grade and 0.395 (p = 2.33E-07)
in ADC for Ki-67. In the multivariate analysis, the combination of all-contrast radiomics features had the highest AUCs in
both differentiating among glioma subtypes and predicting proliferation compared with those in single-contrast images. For
low-/high-grade gliomas, the best AUC was 0.911. In differentiating among glioma subtypes, the best AUC was 0.896 for
grades II–III, 0.997 for grades II–IV, and 0.881 for grades III–IV. In predicting proliferation levels, multicontrast features
led to an AUC of 0.936.
Conclusion Multicontrast radiomics supplies complementary information on both geometric characters and molecular
biological traits, which correlated significantly with tumour grade and proliferation. Combining all-contrast radiomics
models might precisely predict glioma biological behaviour, which may be attributed to presurgical personal
diagnosis.
Key Points
• Multicontrast MRI radiomics features are significantly correlated with tumour grade and Ki-67 LI.
• Multimodality MRI provides independent but supplemental information in assessing glioma pathological behaviour.
• Combined multicontrast MRI radiomics can precisely predict glioma subtypes and proliferation levels.
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Abbreviations
ADC Apparent diffusion coefficient
ASL Arterial spin labelling imaging
CBF Cerebral blood flow
DWI Diffusion-weighted imaging
eADC Exponential apparent diffusion coefficient
FLAIR Fluid-attenuated inversion recovery
T1C Contrast-enhanced T1-weighted images
T2FSE T2-weighted fast-echo images
VOI Volume of interest

Introduction

Glioma is the most common neuroepithelial tumour of the
cerebral nervous system, and the prognoses of these lethal
brain cancers differ among gliomas due to their various bio-
logical tissue types. Among the numerous reported bio-
markers, histological grade and the Ki-67 labelling index
(Ki-67 LI) are two vital biological behaviour biomarkers.
Lower-grade gliomas (grade II and III gliomas) may respond
differently to the therapeutic schedule [1–3], progressing to
glioblastoma or remaining indolent for years. High-grade gli-
oma patients have a poor prognosis [4], although treated with
standardised regimens. Regarding proliferation biomarkers,
Ki-67 nuclear antigen is present only in proliferating cells,
making it a reliable avenue for rapidly evaluating the growth
fraction of normal and abnormal cells [5]. The overexpression
of Ki-67, as stated in numerous investigations, infers the poor
progression-free survival and overall survival of glioma pa-
tients, regardless of lesion region and pathological type [6, 7].
Hence, predicting presurgical histological grades and Ki-67 LI
with high accuracy may highlight tumour invasive growth
patterns, which might allow for a precise evaluation of tumour
biological behaviour and aid in clinical treatment decision
making for the precise management of glioma patients.

Previous studies have demonstrated that diffusion- and
perfusion-weighted MRI could offer supplemental diagnostic
information concerning non-invasive predictions of glioma
subtype and tumour proliferation [8–10]. In addition to the
advantages of no gadolinium administration, these techniques
could reflect the metabolism status of brain tumours at the
molecular level [11, 12]. However, these studies usually in-
clude only few parameters related to a certain contrast in MRI
images and may suffer from bias caused by the selection of
regions of interest [9, 13].

Since the conception of radiomics proposed in 2012 [14],
much attention has focused on its application in the manage-
ment of malignant cancer [15–18]. With numerous advanced,
quantitative, high-throughput features extracted from medical
images in the whole tumour volume, radiomics concepts have
been used to develop diagnostic, predictive and prognostic
models to support the development of personalised medicine

[16]. For example, radiomics has been widely reported in
predicting lymph node metastasis of colorectal cancer [19],
forecasting the lung metastases of soft-tissue sarcomas of the
extremities [20] and interpreting the gene-expression patterns
and prognoses of head and neck cancers [21]. Radiomics of-
fers a powerful and crucial approach for capturing intra-
tumoural heterogeneity via abundant features obtained from
radiological image data, which can potentially meet the de-
mands of individualised medicine [22]. Considering the het-
erogeneous nature of most cancers, combining multicontrast
MRI and radiomics may be critically important for diagnosing
and treating glioma.

To explore the diagnostic performance of radiomics based
on multicontrast MRI in differentiating among glioma sub-
types and proliferation-related molecular biological behav-
iour, we conducted a multicontrast MRI radiomics study in-
cluding 220 patients by a semi-automatic volume of interest
(VOI) extraction method. Predictive performances were ob-
tained and compared between both single-contrast and all-
contrast MRI.

Materials and methods

This retrospective study was approved by the institutional
ethics committee of the hospital performing the study and
followed the Declaration of Helsinki tenets. Examinations
were performed after informed consent was obtained. All data
were collected from October 2012 to April 2017.

Patients

MRI images were acquired using a 3.0-Tesla scanner
Discovery MR750 (GE Healthcare) with a 32-channel
head coil. To limit the potential effect of head motion,
patients were instructed not to move their heads during
the scan. Multicontrast MRI images, including anatomi-
cal, diffusion-weighted and perfusion-weighted images,
were acquired. Each image modality consisted of sever-
al contrasts. For instance, the anatomical images includ-
ed T2-weighted fast-echo images (T2FSE), T1-weighted
and T2-weighted fluid-attenuated inversion recovery
(FLAIR) images, and contrast-enhanced T1-weighted
images (T1C). Diffusion-weighted imaging (DWI) was
acquired with three diffusion-encoding directions and
two b-values (b = 0 and b = 1,000 s/mm2). Both the
original diffusion-weighted images and reconstructed ap-
parent diffusion coefficients (ADCs) and exponential ap-
parent diffusion coefficient (eADC) maps were obtained
in the following radiomics analysis. Perfusion-weighted
imaging was performed using a pseudo-continuous arte-
rial spin labell ing (ASL) sequence result ing in
perfusion-weighted images (PW map) and reference
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images, as well as cerebral blood flow (CBF) maps. The
main parameters of each sequence are listed in
Supplementary Table 1. The Ki-67 LI was obtained
using standard immunohistochemical staining procedures
in the post-operation samples.

In total, 220 glioma patients were included, and detailed
information regarding tumour grade and Ki-67 LI for each
contrast is summarised in Supplementary Table 1. Among
all patients, three cases were excluded for the diagnosis of
glial cell hyperplasia, and there were five cases of grade I,
90 of grade II, 61 of grade III and 61 of grade IV glioma
according to the 2007 WHO Classification of Tumours of
the Central Nervous System [23]. According to the classifica-
tion criteria of Beesley and Mclaren [24], Ki-67 LI was divid-
ed into four levels based on the percentage of positive stain-
ing: 0–5% for level 0, 6–25% for level 1, 26–50% for level 2
and < 50% for level 3. In this study, levels 0 and 1 were treated
as positive levels, and levels 2 and 3 were regarded as highly
positive levels.

Data preprocessing

The entire workflow of the analysis is briefly and precisely
summarised in Fig. 1. Ten contrasts – ADC, eADC, CBF, PW
map, b1000, b0, T1FLAIR, T2FLAIR, T2FSE and T1C – were
prepared, and the main detailed scanning parameters and cor-
responding demographical data are listed in Supplementary
Table 1.

All images were co-registered to the T2FLAIR image for
each subject through standard procedures in SPM8 (Wellcome
Department of Imaging Neuroscience, London, UK; http://
www.fil.ion.ucl.ac.uk/spm/software/spm8/). Specifically,
images from the anatomical modality, such as T1FLAIR,
T2FSE and T1C images, were directly co-registered to
T2FLAIR. For the diffusion modality, all metrics were co-
registered to T2FLAIR images after eddy current correction
in FSL (The Oxford Centre for Functional MRI of the Brain,
London, UK; https://fsl.fmrib.ox.ac.uk/fsl/fslwiki/ ). Finally,
the PW images were directly co-registered to T2FLAIR, while

Fig. 1 Work flowchart of the entire study. Step I. Multicontrast MRI
preprocessing. Multimodality MRI including anatomical MRI
(T1FLAIR, T2FSE, T1C, and T2FLAIR), diffusion-weighted MRI (B0,
B1000, ADC and eADC) and perfusion-weighted MRI (PW and CBF).
All images were registered to T2FLAIR and then resampled to 1 mm3

isotropically. Step II. Semi-automatic depicted VOIs and radiomics
feature extraction. VOIs were drawn by an experienced radiologist
using the semi-automatic method based on the image signal threshold,
and 431 radiomics features, including non-wavelet features and wavelet
features (extracted after wavelet transformed with bandwidth 1–8), were
extracted within VOIs. Step III. Univariate analysis.Radiomics features

of ten included contrasts were correlated with histological grades and Ki-
67 LI, and the correlations were precisely and visually displayed in cor-
relation matrix maps. Step IV. Multivariate analysis in single-contrast
and all MRI contrasts. The predictive performances of radiomics
models were tested in subtype gliomas (grade II-III, II-IV, III-IV, and
low/high grade glioma) and positive/highly positive Ki-67 LI, resulting
in 55 sub-analyses. In each sub-analysis, the features were reduced to 25
features using 0.632+ AUC bootstrap, and 1–10 models were obtained.
The final best models for predicting glioma subtypes and Ki-67 levels
were obtained by comparing those in single MRI contrast or combining
all contrasts
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the CBF maps were co-registered via PW maps. After regis-
tration, all maps were resampled to 1 mm3.

Definition of the volume of interest

To define the solid parts of the tumours, both anatomical im-
ages and b1000 maps were used to delineate the regions of
interest (ROIs). The volumes of interest (VOIs) were drawn
by an experienced radiologist (4 years of experience) using
semi-automatic methods as described previously [25], and
represen ta t ive cases for VOIs are d isp layed in
Supplementary Fig. 1. Necrotic, cystic and oedema areas were
carefully avoided to minimise mistaking them for the tumour
parenchyma. The drawn VOIs were then saved as masks for
all images to extract radiomics features.

Radiomics features

For each modality, radiomics feature extraction was conduct-
ed as previously described [21] to quantitatively describe tu-
mour characteristics, and each feature is defined in the
Supplemental materials. These features were generally sorted
into four groups: (i) first-order statistics features based on

tumour intensity (n = 14); (ii) non-texture features based on
shape and size (n = 8); (iii) texture features (n = 33); and (iv)
wavelet features [n = (first-order statistics features + texture
features) × 8]. Thus, 431 features were obtained. All calcula-
tion procedures were performed using the MATLAB
platform.

Statistical analysis

To understand the correlations between the radiomics features
extracted from each contrast with tumour grade and Ki-67 LI,
partial correlation analysis was applied in a univariate analy-
sis, and patients’ age and sex were treated as control variables.
The correlation analyses were conducted for each contrast,
retrospectively.

In the multivariate analysis, an imbalanced-adjusted logis-
tic regression developed by Vallières and colleagues [20] was
employed to build the prediction models based on radiomics
features in each contrast MR image and the combination of all
MRI contrasts. For each classification model, the included
dataset was reduced to 25 features using 1,000 bootstrap train-
ing samples. Next, models combining one to ten radiomics
features were selected by maximising the area under the

Table 1 Univariate results of radiomic features with glioma grade and Ki-67 LI

Part 1. Shape- and size-based features

Tumour
grade

Features Area Volume Compactness1 Compactness2 Max3dDiam Spherical
Disprop

Sphericity Surf2VolRatio

R -0.046 -0.160 -0.199 -0.190 -0.118 0.254 -0.237 0.300

p-value 0.5042 0.0198 0.0037 0.0055 0.0869 0.0002 0.0005 9.05E-06

Ki-67
LI

R -0.097 -0.206 -0.248 -0.143 -0.143 0.172 -0.166 0.254

p-value 0.2162 0.0080 0.0014 0.0668 0.0676 0.0279 0.0336 0.0010

Part 2. Non-shape and non-size features

Tumour grade Ki-67 LI

Sequences Max R p-value Feature
number1#

Feature
number2##

Max R p-value Feature
number1#

Feature
Number2##

ADC 0.353 1.75E-07 228 18 0.395 2.33E-07 227 1

CBF 0.269 3.06E-04 107 0 0.286 3.40E-04 162 0

PW 0.285 6.66E-08 154 1 0.293 1.05E-04 142 0

T1C 0.557 2.04E-14 321 145 0.389 6.62E-06 275 6

T1FLAIR 0.425 3.78E-09 235 69 0.373 1.13E-05 193 1

T2FLAIR 0.342 1.94E-10 212 33 0.282 5.61E-05 204 0

T2FSE 0.429 2.23E-09 244 60 0.391 3.35E-06 212 1

b0 0.374 2.87E-08 246 61 0.338 1.05E-05 239 1

b1000 0.430 9.29E-11 313 94 0.367 1.75E-06 270 9

eADC 0.434 6.50E-11 303 103 0.369 1.60E-06 264 10

Nine features based on Shape and Size were separately correlated with tumour pathological biomarkers to avoid the repetitive correlation analysis in each
contrast (Part 1). Surf2VolRatio showed the most significant correlation with tumour grade and Ki-67 LI. The correlation results for non-shape and non-
size features were concisely concluded in Part 2. The maximum correlation coefficients, minimum p-value, number of p-values less than 0.05
(uncorrected) and number of p-values less than the Bonferroni correction p-value (pcorrected = 1.16e - 05) are summarised in Part 2 for each contrast

# represents the number of p-values < 0.05 (uncorrected)

## represents the number of p-values less than the Bonferroni correction p-value (pcorrected = 1.16e - 05)
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receiver-operating characteristic curve (AUC) 632+ metric [26]
within 1,000 bootstrap training and testing samples [26].
Finally, models with the best predictive properties were ac-
cepted as the final models, and AUCs, sensitivities and spec-
ificities were separately calculated.

Results

Univariate analysis

Radiomics features are significantly correlated with glioma
grade

Concerning the shape- and size-based features, Volume,
Compactness1, Compactness2, SphericalDisprop, Sphericity
and Surf2Volume correlated significantly with tumour grade
(p < 0.05, uncorrected), and the results are summarised in
Table 1 (part 1). As displayed in Fig. 2, features from different
contrast images were correlated with tumour grade based on
their own characteristics. Among these contrasts, T1C showed
the best performance, and the PW and CBF maps showed
relatively poor correlations with tumour grade, in accord with
the statistical details listed in Table 1 (part 2).

Radiomics features are significantly correlated with Ki-67 LI

Regarding the shape- and size-based features, Volume,
Compactness1, SphericalDisprop, Spherici ty and
Surf2Volume possessed significant correlations with tumour
type (p < 0.05, uncorrected), as observed for tumour grade and
in the statistical data (Table 1, part 1). As shown in Fig. 2,
features from DWI and its related parameters correlated more
strongly with Ki-67 LI than did other modalities, and
perfusion-weighted images and CBF exhibited relatively
weaker correlations with Ki-67 LI (Table 2, part 2).

Multivariate analysis

To explore the performance of radiomics features in separating
tumour grades, multivariate analysis was implemented [20].
Different MRI contrasts varied their classification perfor-
mances in grading gliomas and predicting tumour prolifera-
tion levels, and the AUCs, sensitivity and specificity of the
combined radiomics feature models for each sub-analysis are
listed in Table 2 for each contrast. Multicontrast radiomics
features allowed for the precise prediction of tumour patho-
logical features, and the integrated models with the best pre-
dictive performances are presented in Table 3 for each sub-
analysis. The best predictive combinations of the
multicontrast radiomics features from models 1–10 and their
classification effects are displayed in Figs. 3 and 4.

Tumour grading

In differentiating between low- and high-grade gliomas, the
AUCs were approximately 0.750 in CBF maps (sensitivity:
71.4%, specificity: 63.9%) and 0.846 in T1C (sensitivity:
75.9%, specificity: and 77.9%) in the single-MRI sequence
analysis. When the features from all contrasts of images were
combined, multicontrast MRI exhibited excellent perfor-
mance in differentiating between low- and high-grade gliomas
(AUC: 0.911; sensitivity: 85.2%; specificity: 85%) (Table 2,
Fig. 4a and b).

To further investigate radiomics features in classifying sub-
type gliomas, inter-grade multivariate analysis results were
obtained. The identical sequence may represent a reverse
manifestation in the classification of different tumour subtypes
(Table 2). In each single-MRI contrast differentiating between
grade II and grade III, the best AUC was observed in T2FSE
(AUC: 0.819; sensitivity: 71.5%; specificity: 74.5%). The
worst performance was observed in T1FLAIR images
(AUC: 0.692; sensitivity: 58%; specificity: 70.2%). The com-
bination of all-contrast MR images resulted in an AUC of
0.896 and obviously improved sensitivity (78.1%) and speci-
ficity (78.8%) (Table 2, Fig. 3a and b).

Regarding grade II and grade IV gliomas, all MRI se-
quences exhibited good diagnostic performance, and all
AUC values exceeded 0.8. The lowest AUC value of
0.813 was found in the CBF map (sensitivity: 69.4%; spec-
ificity: 74.7%), and the highest AUC value of 0.929 was
found in T1C (sensitivity: 83.3%; specificity: 85.6%). In the
combined radiomics features from all-contrast images, the
AUC was 0.997 (sensitivity: 97.6%; specificity: 97.6%)
(Table 2, Fig. 3c and d).

The AUCs of single-MRI contrast in predicting grade III
and grade IV gliomas ranged from 0.712 to 0.811. The
smallest AUC was evident in the b0 maps (sensitivity:
63.6%; specificity: 70.4%). The largest AUC 0.811 was ob-
served in T1FLAIR (sensitivity: 71.0%; specificity: 77.2%).
The models combining all radiomics features resulted in the
best performance (AUC: 0.881; sensitivity: 80.0%; specifici-
ty: 76.9%) (Table 2, Fig. 3e and f).

Tumour proliferation level

Similar to predicting tumour grade, radiomics features
based on multicontrast imaging were combined to build
models reflecting the levels of Ki-67 LI. In single-MRI
contrast analysis, the b0 map offered the smallest AUC of
0.745 (sensitivity: 77.0%; specificity: 46.0%), and
T2FLAIR manifested the largest AUC of 0.847 (sensitivity:
82.5%; specificity: 62.0%). The combination of the
multicontrast MRI radiomics features led to the best predic-
tive performance (AUC: 0.936; sensitivity: 80.0%; speci-
ficity: 87.6% separately) (Table 2, Fig. 4c and d).
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Discussion

This study demonstrated that radiomics features based on
multicontrast MRI can supply independent but complementa-
ry information, which correlates significantly with glioma
grade and Ki-67 LI. Moreover, models combining
multicontrast MR radiomics features were built in a multivar-
iate analysis, which could precisely predict glioma histologi-
cal features and biological behaviour. These models might

improve the prediction of glioma pathological behaviour and
might be beneficial to the development of individualised
medicine.

Multicontrast radiomics can precisely predict tumour
pathological character

Analyses of a large amount of radiomics data revealed the
significant correlations among multicontrast MRI radiomics

Fig. 2 Heat maps of the correlation p-value between non-shape-/size-
based features and tumour grade and Ki-67 LI. The bottom X axis dis-
plays names of each contrast. The top X axis lists nine catalogues of
radiomics features in each contrast. No-wf represents non-wavelet fea-
tures, and Wf1-8 represents wavelet features based on wavelet band-
widths 1–8. The left Y axis shows radiomics feature names except for
shape-/size-based features, and the detailed abbreviations are listed in the
Supplementary materials. Red represents a p-value less than the

Bonferroni-corrected p-value (1.16e - 05), and white represents a p-value
greater than 0.05, while blue indicates a p-value for both. The heat map
(upper) displays the distribution of the p-values obtained from the corre-
lation analysis between multicontrast radiomics features with tumour
grades. The heat map (bottom) displays the distribution of the p-values
obtained from correlation analysis between multicontrast radiomics fea-
tures with Ki-67 LI. Different correlation patterns can be clearly observed
in each contrast
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features with pathological biomarkers, and effective and non-
invasive predictive models were built to classify different gli-
oma subtypes and predict proliferation levels. As reported in a
recent study [27], a relatively high predictive accuracy in
distinguishing between grade II and III gliomas can be obtain-
ed using only conventional MRI sequences, partly agreeing
with our results. However, compared with conventional MRI,
functional MRI sequences can noninvasively provide

supplementary quantitative biomarkers closely reflecting tu-
mour pathological processes. The diffusion modality mea-
sures the water diffusion of tumour tissue, and its signal in-
tensities reflect the restricted diffusion status, indicating the
tumour cell density in lesions [28, 29]. Moreover, the rapid
growth of tumour cells accompanied by the augmentation of
blood perfusion and perfusion-weighted MRI can map differ-
ent perfusion states in low- and high-grade gliomas [30, 31].

Table 2 Differentiation performance of multivariate models in sub-analysis

ADC CBF PW T1C T1FLAIR T2FLAIR T2FSE b0 b1000 eADC Total

Grade II vs. III AUC 0.81 0.72 0.74 0.76 0.69 0.77 0.82 0.76 0.75 0.77 0.90

Sen 0.67 0.60 0.63 0.58 0.58 0.66 0.72 0.63 0.65 0.66 0.78

Spec 0.75 0.68 0.70 0.80 0.70 0.73 0.74 0.74 0.72 0.72 0.79

Grade II vs. IV AUC 0.87 0.81 0.84 0.93 0.85 0.92 0.91 0.84 0.86 0.88 0.99

Sen 0.77 0.69 0.76 0.83 0.76 0.82 0.82 0.77 0.74 0.79 0.98

Spec 0.77 0.75 0.74 0.86 0.81 0.84 0.84 0.80 0.79 0.83 0.98

Grade III vs. IV AUC 0.74 0.80 0.79 0.74 0.81 0.75 0.77 0.71 0.76 0.78 0.88

Sen 0.69 0.76 0.69 0.71 0.71 0.68 0.68 0.64 0.62 0.67 0.80

Spec 0.65 0.70 0.72 0.65 0.77 0.71 0.70 0.70 0.72 0.72 0.77

Low-high grades AUC 0.82 0.75 0.76 0.85 0.78 0.82 0.84 0.76 0.82 0.82 0.91

Sen 0.76 0.71 0.73 0.76 0.75 0.77 0.79 0.74 0.72 0.76 0.85

Spec 0.71 0.64 0.69 0.78 0.67 0.75 0.75 0.67 0.73 0.67 0.82

Positive and highly positive Ki-67 LI AUC 0.82 0.83 0.82 0.82 0.76 0.85 0.77 0.75 0.80 0.80 0.94

Sen 0.81 0.82 0.81 0.81 0.79 0.83 0.77 0.77 0.79 0.78 0.80

Spec 0.64 0.55 0.55 0.60 0.42 0.62 0.48 0.46 0.55 0.54 0.88

For each sub-analysis, differentiations of the glioma subtypes (Grade II vs. III, Grade II vs. IV, and Grade III vs. IV) and Ki-67 LI levels (positive vs.
highly positive) were performed within the combinations of radiomics features from single contrast and all contrasts. The AUCs, sensitivities and
specificities are listed in the tables. Models obtained by combining all multicontrast radiomics features manifested the best predictive performance in
each sub-analysis. BSen^ represents sensitivity, and BSpec^ represents specificity (The smallest number of significant digits of the last two numbers was
not two)

Table 3 Best predictive performance models for each sub-analysis

Sub-analysis β and X β0

Grade II vs. III β = [2.901; -31.2; -0.01166; -2.158; -28.88; 0.004227];
X = [T2FSE--wf1-skewness; PW--wf4-SRLGLE; T1FLAIR--wf1-HGLRE; eADC--non_wf-skewness;

T2FLAIR--wf2-IMC2; T2FLAIR--wf1- HGLRE];

32.65.

Grade II vs. IV β = [-0.08116; 101; 19.74; -6.571];
X = [T2FLAIR--wf1-median; T1C--non_wf-IMC1; PW--wf1-SRLGLE; eADC--wf1-kurtosis];

91.85.

Grade III vs. IV β = [-55.46; -0.0003968; 4.497; -0.0003204; 40.87; 14.13];
X = [T1FLAIR--non_wf-Homogeneity1; b0--wf4-LRHGLE; T2FLAIR--wf1-skewness; b0--wf1-ClusterProminence;

b0--wf1-Correlation; PW--non_wf-SRLGLE];

8.046.

Low vs. high grade β = [-0.004046; -10.87; 5.775; -1.24; -0.01203; 0.004149];
X = [ADC--wf1-SumVariance; b0--wf2-Correlation; PW--wf1-SRLGLE; eADC--wf1-kurtosis; T2FLAIR--wf1-median;

T1C--wf1-std];

16.75.

Positive vs. highly
positive Ki-67 LI

β = [3.063; -70.86; 0.0103; 0.0001565; -0.01035; -0.03349];
X = [T1C--wf1-LRLGLE; T1FLAIR--wf2-Correlation; T1C--wf1-median; ADC--non_wf-ClusterProminence;

T1FLAIR--wf2-range; T1C--wf1-mad];

20.83.

The models were expressed as g(x) = β * X + β0, where β is the vector of coefficients for each contained radiomics features and X is the vector
containing features from multicontrast radiomics. β0 is the coefficient for the linear logistic model. In the models obtained from each sub-analysis,
multicontrast radiomics features, non-wavelet or wavelet features contribute to the highly accurate predictions of tumour pathological features
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Thus, diffusion- and perfusion-weighted MRI can provide
supplemental information for depicting the heterogeneity of
gliomas at different stages [32].

Conventional MRI, diffusion MRI and perfusion MRI re-
flect different aspects of gliomas, allowing for the prediction
of glioma character with relatively high accuracy, as obtained
in each contrast sub-analysis. However, the predictive perfor-
mances of each contrast in differentiating the tumour subtypes
and proliferation levels were unsatisfactory. Although the

significance levels of the correlations between radiomics fea-
tures based on PWI with pathological biomarkers were lower
than those of other modalities in the univariate analyses,
perfusion-related radiomics features were still integrated into
the best predictive multivariate models. Combined analysis of
all multicontrast radiomics features leads to a thorough and
accurate understanding and evaluation of glioma biological
behaviour and to distinct classification improvement com-
pared with previous studies on glioma grading [27, 33, 34].

Fig. 3 Differentiating effect maps and models in differentiating between
glioma subtypes. a, b Grade II-III gliomas; c, d grade II-IV gliomas; e, f
grade III-IV gliomas. a, c, e Predictive performance of models 1–10
combining multicontrast radiomics features in predicting differentiating
between subtypes of grade II vs. III, grade II vs. IV and grade III vs. IV.

The AUCs, sensitivities and specificities are displayed for each model. b,
d, f The sigmoid maps display the classification effects of the best pre-
dictive performance, in which higher-grade gliomas (b, d, f) are marked
in blue, and their probabilities can be obtained at the left Y axis
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Radiomics features from different MR contrasts can supply
distinctive but complementary information in reflecting tu-
mour character, and those combinations allow for a compre-
hensive evaluation of glioma biological behaviour.

Multicontrast radiomics might serve as a vital tool
for facilitating individualised medicine

Multicontrast MRI radiomics offers highly advanced quanti-
tative features, and highly predictive models integrate these
features and might facilitate the precise diagnosis of glioma
patients. High-dimensional features related to shape and size,
textural characteristics and properties [14] have been obtained
and cannot be captured visually, the number of which is far
greater than that reported in previous research based on only a
few radiological features. These features allow for a more
comprehensive assessment of distinct tumour heterogeneity
with VOIs of whole lesions. Using machine learningmethods,
high-throughput features were reduced, selected and com-
bined to build high-sensitivity and high-specificity predictive
models [15, 35]. Although the diagnosis of glioma mainly
depends on genetic mutation, for most patients diagnosed as

a not otherwise specified (NOS) type, tumour grade and Ki-67
LI remain generally useful diagnostic and prognostic bio-
markers. Our research provides evidence to support the appli-
cation of non-invasive presurgery predicting two vital patho-
logical biomarkers with multicontrast MRI radiomics. Given
the relatively low cost of implementing MRI scanning and
high accuracy in evaluating tumour subtypes, radiomics
methods might provide relatively trustworthy values for pre-
surgery treatment decisions, such as choosing craniotomy or
biopsy for lesions and non-invasive preoperative grading
evaluation.

The application of artificial intelligence in medicine is
highly developed. As demonstrated by Zhang’s team, artificial
intelligence exhibited high accuracy and abilities equivalent to
those of human experts in clinical diagnosis [18]. However,
challenges persist, such as increased diagnostic certainty [36].
The models proposed in our research contain features from all
included modalities, and both the non-wavelet features and
wavelet-transformed features obtained improved classifica-
tion performance in predicting glioma pathological behaviour.
It is reasonable that multicontrast MRI might provide vital
features to support the artificial intelligence system and thus

Fig. 4 Different effect maps and models in low-/high-grade gliomas and
positive/highly positive Ki-67 LI. a, b Low-/high-grade gliomas; c, d
positive/highly positive Ki-67 LI. a, c Predictive performance of models
1–10 combining multicontrast radiomics features in predicting low- and
high-grade gliomas and in differentiating between positive and highly

positive Ki-67 LI. The AUCs, sensitivities and specificities are displayed
for each model. b, d The sigmoid maps display the classification effects
of the best predictive performance, in which high-grade glioma (b) and
highly positive Li-67 LI level (d) are marked in blue, and their probabil-
ities can be obtained at the left Y axis
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acquire more stable and robust clinical diagnostic decisions.
Previous studies have proven that radiomics might be useful
in predicting molecular characteristics and informing the
targeted therapy and personalised treatment of gliomas [37,
38]. The combination of multicontrast MRI radiomics features
will find its role in the precise management of glioma patients
as a vital assisting tool and is worth looking into in the future.

Several limitations exist. First, although the predictive
performances of multicontrast MRI radiomics features
concerning glioma grade and proliferation were excellent,
a possible shortage exists is the incompleteness of all the
MR sequences in all the subjects. Moreover, due to the
different slice thicknesses among ASLs with anatomical
MRI and DWI, images were resampled to 1 mm3 with in-
terpolation, possibly producing bias in the quantitative cal-
culation of radiomics features owing to a smoothing effect.
Hence, the collection and evaluation of new glioma cases
with high-resolution images is warranted. Additionally, our
work may be partially recognised as a validation of the
work of Zhou et al [27] regarding the differentiation of
low-grade gliomas with conventional MRI radiomics. The
models based on multicontrast radiomics obtained in our
work remain to be validated regardless of their high predic-
tive performance.

In conclusion, using univariate and multivariate analyses,
we have provided reasonable evidence of radiomics based on
multicontrast MRI in assessing glioma pathological behav-
iour. The features based on diverse modalities are significantly
correlated with glioma pathological biomarkers. Disparate
MRI modalities can provide distinctive but supplemental in-
formation, and thus, combined models can obviously enhance
the accuracies of non-invasive presurgery glioma grading and
evaluate tumour proliferation. Integrating geometric, signal
and functional features based on multicontrast radiomics
might meet the demands of an individual diagnosis and may
serve a vital function in precision medicine.
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