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Abstract

Purpose
To compare the e�cacy of parameters from mono-, bi- and stretch-exponential diffusion weighted
imaging (DWI), diffusion tensor imaging (DTI), diffusion kurtosis imaging (DKI) and neurite orientation
dispersion and density imaging (NODDI) for prediction of IDH1 genotype and assessment of cell
proliferation in gliomas.

Methods
91 patients with pathologically con�rmed gliomas underwent DWI, multi-b-value DWI and DKI/NODDI on
3.0T MRI. The ROIs were manually placed to obtain measurements including apparent diffusion
coe�cient (ADC), slow ADC (D), fast ADC (D*), perfusion fraction (f), distributed diffusion coe�cient
(DDC), heterogeneity index (α), fractional anisotropy (FA), mean diffusivity (MD), mean kurtosis (MK),
orientation dispersion index (ODI) and intracellular volume fraction (ICVF).

Results
In LrGGs, IDH1 wild-type group showed signi�cantly lower ADC, D, f, DDC, α, MD and higher D*, MK, ODI
and ICVF values than IDH1-mutant group (P < 0.05). Among them, α has the highest AUC value (0.846). In
GBMs, no difference between IDH1-mutant and IDH1 wild-type group was found. For IDH1-mutant group,
all parameters, except for FA and D*, signi�cantly discriminated LrGGs from GBMs (P < 0.05). However,
for IDH1 wild-type group, only ADC and DDC statistically discriminated LrGGs from GBMs (P = 0.039 and
0.046, respectively). In addition, MK has maximal correlation coe�cient (r = 0.612, P < 0.001) and D* has
the minimal correlation coe�cient (r = 0.146, P = 0.176) with Ki-67 LI.

Conclusion
The α may be the most effective diffusion MRI marker for predicting IDH1 genotype in LrGGs, and MK
has shown great potential in assessing glioma cell proliferation.

Introduction
In 2016, the World Health Organization (WHO) classi�ed levels of Central Nervous System (CNS) tumors
based on molecular features, speci�cally the isocitrate dehydrogenase 1 (IDH1) genotype [1]. IDH1 is a
key enzyme involved in cellular metabolism, epigenetic regulation, redox and DNA repair, existing in the
cytoplasm and peroxisomes [2]. Many studies have indicated a better prognosis of IDH1-mutant gliomas
than IDH1 wild-type gliomas [3, 4]. Ye et al [5] found that IDH1 mutation causes a decrease in hypoxia-
inducible factor -1α (HIF-1α), which in turn leads to the inhibition of HIF-1α-mediated biological functions
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such as pro-angiogenesis, angiogenesis, migration and motility of endothelial cells. Therefore, accurate
identi�cation of glioma IDH1 genotype facilitates the formulation of treatment plans and assessment of
patient prognosis.

A nuclear protein, Ki-67, represents the proliferative activity of tumors and is closely associated with
tumor differentiation and in�ltration [6]. The higher Ki-67 LI indicates faster tumor growth and poorer
tissue differentiation. However, the cost of gene screening is high and not easy to broadly implemented
[7]. To obtain tumor pathology information and Ki-67 LI via surgery or pathological biopsy is not
applicable for all gliomas. Thus, an imaging approach to obtain anatomical details and tissue
characteristics is essential for clinic diagnosis.

Diffusion magnetic resonance imaging (dMRI) is a non-invasive method to re�ect microstructure
information of diffusion of water molecules. The conventional mono-exponential diffusion-weighted
imaging (DWI) re�ects water motion paths in vivo. Diffusion tensor imaging (DTI) indicates the integrity
of the white matter �ber tracts in the brain under the assumption of water random movements in
Gaussian distribution [8]. Since the complex cellular microenvironment in real organisms is limited by
organelles, cell membranes and extracellular gaps [9, 10], water moves in non-Gaussian distribution and
can be revealed by diffusion kurtosis imaging (DKI) [11]. DKI cannot re�ect the intrinsic biophysical
mechanisms such as the altered membrane permeability of axons, while neurite orientation dispersion
and density imaging (NODDI) re�ects a closer approximation to the real diffusion pattern of water
molecules in the tissue microenvironment via characterizing the three main tissue cavities in the
microstructural environment, namely, restricted diffusion of water within the neurite, hindered diffusion of
water outside the neurite, and free diffusion of water in the cerebrospinal �uid [12]. In addition, the bi-
exponential intravoxel incoherent motion (IVIM) imaging is able to separate the slow diffusive motion in
response to intra- and extracellular water molecules as intra-tissue diffusion from the fast diffusive
motion in response to intravascular water molecules as vascular perfusion [13], while the stretch-
exponential DWI is able to describe the tissue heterogeneity and the continuous distribution of water
molecules in the microstructure [14].

dMRI analyzed with different diffusion models re�ects the complexity of tumor microstructure. Till now,
few studies have been performed to compare the e�cacy of these diffusion models in terms of IDH1
genotype. The purpose of this study was to assess IDH1 genotype and cell proliferation using mono-
exponential, bi-exponential, stretch-exponential DWI, DTI, DKI and NODDI models.

Materials And Methods
Patient Population

This study was approved by local ethics committee and written informed consent was waived due to the
retrospective study design. Patients were included in the study if they met the following inclusion criteria:
(a) pathologically con�rmed primary gliomas; (b) preoperative DWI, multi-b-value DWI, and DKI/NODDI
acquisition were performed; (c) IDH1 genotype measured by genetic screening or immunohistochemistry
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was available. The following were exclusion criteria: (a) purely cystic gliomas; (b) lack of routine MRI
images. From July 2017 to December 2020, a total of 94 patients meeting the above inclusion criteria
were enrolled in the study. Two cases with purely cystic glioma and one lack of routine images were
excluded. In total, 91 patients were recruited into this study.

Image Data Acquisition

All MR images were performed on the a 3T MR system (Discovery MR750, GE Medical Systems,
Milwaukee, WI, USA) with a 32-channel head coil. Routine axial sequences include T1 �uid-attenuated
inversion recovery (T1 FLAIR), T2 fast spin echo (T2 FSE) and T2 �uid-attenuated inversion recovery (T2
FLAIR).

Three diffusion imaging data were obtained using spin-echo echo-planar imaging (SE-EPI) sequences
before the injection of contrast agents. The parameters of DWI are as follows: TR/TE = 3000/70 ms, NEX
= 1, matrix =160×160, slice thickness = 5 mm, slice spacing = 1.5 mm, FOV = 240×240 mm2, b = 0,
1000s/mm2, and acquisition time was 42 s. Multi-b-value DWI was performed with 20 b values (b = 0, 20,
50, 80, 100, 150, 200, 400, 600, 800, 1000, 1200, 1500, 2000, 2400, 2800, 3200, 3600, 4000 and 4500
s/mm2), TR/TE=3200/90.6 ms, matrix=160×160, slice thickness = 5 mm, spacing = 1.5 mm,
FOV=240×240 mm2, acquisition time was 5 min 52 s. DKI/NODDI was performed with 3 b values (b = 0,
1250, 2500 s/mm2) and 25 uniformly distributed directions for each nonzero b-value, TR/TE = 6500/85,
NEX = 1, matrix = 128×128, slice thickness = 3 mm, spacing = 0 mm, FOV = 240×240 mm2, acquisition
time was 5 min 45 s.

Image Processing and Regions of Interest Analysis

Mono-, bi- and stretch-exponential DWI, IVIM, DTI, DKI parametric maps were processed using GE
Advantage workstation (version 4.5). After brain extraction of images by MRIcron (Version 12 12 2012),
the NODDI parametric maps was processed using a MATLAB toolbox
(https://www.nitrc.org/projects/noddi_toolbox). The formulas of each dMRI model are in Online Resource
1.

All parametric maps and routine MR images were analyzed using ImageJ software (version 1.52a, NIH,
USA). Before drawing the regions of interest (ROIs), the size (256×256), number of slices (43) as well as
canvas size (240×240mm2) of T1-FLAIR, T2 FSE and all parameter maps were adjusted to ensure they
had the same image resolution, number of slices and FOV. Referring to T1-FLAIR and T2 FSE, regions of
interest (ROIs) (range, 25-38 pixels, mean size = 32.516 pixels) were placed on the tumor parenchyma
with the lowest mean signal intensity in ADC maps to avoid hemorrhage, calci�cation, edema, necrosis
and cystic lesions. Then, the ROIs on ADC maps were matched to other parameter maps to obtain
measurements for each patient.

Statistical Analysis
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For demographic characteristics, chi-square tests or R × C columnar tables and independent sample t-
tests were respectively used to test categorical variables and continuous variables. Interobserver
agreement was evaluated by intraclass correlation coe�cient (ICC). Mann-Whitney U test was used to
compare the differences of all parameters between glioma subtypes. Receiver operating characteristic
(ROC) curves were performed to evaluate the diagnostic e�cacy of each parameter. And area under the
curve (AUC) was compared by Z test. The correlation between each parameter and proliferation index
was calculated by Spearman correlation analysis. All statistical analyses were performed with SPSS
(Version 19.0.0, IBM, Armonk, NY, USA) and MedCalc (Version 15.8, MedCalc Software, Acacialaan,
Ostend, Belgium). P < 0.05 was considered to exist statistical signi�cance.

Results
Patient characteristics and demographics

In this study, there were 42 patients with IDH1-mutant glioma and 49 patients with IDH1 wild-type glioma.
Patients with IDH1-mutant glioma (43.2±12.3 years) were younger than those with IDH1 wild-type glioma
(50.2±12.2 years) (P=0.008). There was a signi�cant difference of pathological grade distribution
between IDH1-mutant group and IDH1 wild-type group (P<0.001) (Table 1).

Interobserver Agreement

The interobserver agreement for DDC value was the highest (ICC: 0.970, P<0.001) and for D* value was
the lowest (ICC: 0.533, P=0.001). The interobserver agreement was also generally good for the ADC, D, f,
α, MD, MK, D, f and ICVF values (ICCs range 0.845-0.960, P<0.001). In addition, the inter-observer
agreement for FA and ODI value were relatively lower (ICC: 0.612, P<0.001; and 0.748, P<0.001,
respectively) (Online Resource 2).

Correlation of dMRI parameters with IDH1 genotype and grade

Fig. 1 shows the enhanced T1WI and dMRI parameter maps of typical IDH1-mutant and IDH1 wild-type
glioma patients. In LrGGs, IDH1 wild-type group showed signi�cantly lower ADC, D, f, DDC, α, and MD
values (P<0.05) and higher D*, MK, ODI and ICVF values (P <0.05) than IDH1-mutant group. However,
there was no signi�cant difference in FA value (P=0.827) between the two groups (Fig. 2). The AUC
values for ADC, D, f, DDC, α, MD and ICVF were signi�cantly greater than that for FA in the differentiation
of IDH1-mutant and wild-type groups (P <0.05). α had the highest AUC value which was signi�cantly
higher than that of D*(0.846 vs 0.696, P <0.05) (Fig. 3). For GBMs, no signi�cant difference of these
parameters was found between IDH1-mutant and IDH1 wild-type groups.

The comparison and ROC results of each parameter for distinguishing LrGGs and GBMs in the presence
of the same IDH1 genotype was showed in Online Resource 3. In IDH1-mutant group, all parameters of
dMRI, except FA and D*, can signi�cantly distinguish LrGGs from GBMs (P<0.05) with the AUC values
(range 0.794-0.916); among them, MK had the largest AUC value. In IDH1 wild-type group, only ADC and
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DDC were statistically different between LrGGs and GBMs (P=0.039 and P=0.046, respectively), with
lower AUC values (0.686 and 0.680, respectively).

Correlation between dMRI parameters and cell proliferation index

The expression of Ki-67 LI was detected by immunohistochemical staining in 87 patients in this study.
Fig. 4 shows the Spearman correlation between Ki-67 LI and dMRI parameters in gliomas. Signi�cant
positive correlation was found between Ki-67 LI and MK (r = 0.612, P < 0.001), ODI (r = 0.264, P = 0.014)
as well as ICVF (r =0.605, P < 0.001). In contrast, ADC, D, f, DDC, α and MD showed a signi�cant negative
correlation with Ki-67 LI (r = -0.561, P < 0.001; r = -0.594, P < 0.001; r = -0.524, P < 0.001; r = -0.576, P <
0.001; r = -0.499, P < 0.001; r = -0.599, P < 0.001, respectively). FA and D* had no signi�cant correlation
with Ki-67 LI (r = 0.182, P = 0.092; r = 0.146, P=0.176, respectively). MK has the maximal correlation
coe�cient and D* has the minimal.

Discussion
Our study showed dMRI is potentially valuable for prediction of IDH1 genotype in LrGGs, where α is the
most effective predictor of IDH1 mutation status. Also, dMRI parameters are promising in the assessment
of cell proliferation, especially maximal correlation coe�cient was found between MK and proliferation
index.

Radiological differences were found between IDH1-mutant and wild-type groups in LrGGs. We suspected
that IDH1 wild type existed in the LrGGs when more complex organizational structure, more abundant
microvasculature, higher cell density and more diffusion barriers appeared. However, none of the
parameters showed signi�cant differences in the identi�cation of IDH1-mutant and wild-type groups in
GBMs due to a single parameter with insu�cient ability to discriminating diffusion and perfusion
patterns of highly malignant and structurally complex. This hints us to further explore differences in the
GBM groups using a combination of multiple parameters in the future.

Previous studies have demonstrated the ability of conventional DWI and DTI to distinguish IDH-mutant
gliomas from IDH wild-type gliomas[15, 16]. In our study, ADC and MD values of IDH1 wild-type group
were signi�cantly lower than that of IDH1-mutant group in LrGGs. FA showed ineffective prediction on
IDH1 genotype, possibly due to the high heterogeneity in FA values for the solid component of the tumor,
which is consistent with the results of Tan et al [17].

Many studies have found that DKI has better e�cacy in identifying molecular subtypes of gliomas [18,
19]. A DKI parameter MK re�ects the complexity of the tissue microenvironment under the assumption of
non-Gaussian distribution in the organism. Similar to the results reported by Zhao et al [20], our �nding
showed MK effectively discriminated IDH1-mutant group from wild-type group in LrGGs.

ODI and ICVF computed based on the NODDI model represent neurite dispersion characteristics and
neurite density, respectively. Since both neuronal density and directional dispersion affect FA value [21],
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our results showed both ODI and ICVF signi�cantly distinguished IDH1-mutant group from IDH1 wild-type
group in LrGGs. IDH1 wild-type gliomas may be more proliferative and aggressive due to more complex
microstructure and higher dispersion of neurites and thus possess higher ODI and ICVF values. Zhao et
al. [22] reported that the mean ICVF was signi�cantly higher in GBMs with IDH1 mutation than that
without IDH1 mutation. However, only 4 cases of IDH1-mutant GBMs were collected in their study, the
�ndings still need to be con�rmed even different to ours.

The IVIM model was proposed by Le Bihan et al [23], where D represents the diffusion movement of water
molecules inside and outside the cell, D* re�ects the blood perfusion of the microcirculation, and f
represents the abundance of capillaries in the tissue. In the current study, the performance of D was
slightly better than that of ADC in identifying the mutation status of IDH1 genotype in LrGGs perhaps due
to D eliminates the in�uence of perfusion and more accurately re�ects the diffusion and movement of
water molecules. The D* value of IDH1 wild-type group is higher than that of IDH1-mutant group in LrGGs,
indicating that IDH1 wild-type glioma has more abundant blood perfusion. However, interobserver
agreement and the AUC value of D* was low even it had signi�cant difference in the identi�cation of IDH1
mutation status in LrGGs. The instability of the parameters may lead to a limited application of D* in
glioma IDH1 genotype prediction. Furthermore, f value is higher in IDH1mutant gliomas, inconsistent with
Wang et al [24]. The same contradictory results exist in studies of glioma grading, where f values are
higher in low-grade gliomas than in high-grade gliomas [25]. Le Bihan et al. [26] suggested that the IVIM
model is sensitive to �uid �ow distributed within any voxel, not just blood �ow. More relatively
unrestricted water molecules outside the IDH1-mutant glioma cells may have contributed to the increase
of f values. Alternatively, these differences may be due to different IVIM model parameters, �tting
methods, and ROI plotting methods [27].

The stretched-exponential DWI model showed excellent e�cacy in IDH1 genotype discrimination in our
study, and α was able to distinguish IDH1 mutation status in LrGGs with the largest AUC value and high
sensitivity and speci�city. Lower α values indicate that the diffusion of water molecules in the tissue was
inhomogeneous, and the heterogeneity of the tissue was higher[28]. We speculate that the
microenvironment of IDH1 wild-type glioma is more complicated, such as cell swelling and vascular
proliferation, so it exhibits greater heterogeneity of intra-voxel diffusion.

In this study, the six diffusion models all provide at least one parameter with effective prediction
performance on the IDH1 genotype of LrGGs. This is of great clinical importance for the prediction of
IDH1 wild-type LrGGs, which have a malignant clinical course despite being pathologically relatively inert
alterations. Therefore, accurate and non-invasive prediction of the IDH1 genotype in LrGGs allows for
timely treatment planning to impede malignant transformation of the disease.

We also investigated the prediction of glioma grading by dMRI under the same IDH1 genotype. Generally
speaking, high-grade gliomas tend to be more heterogeneous, as our �ndings. However, IDH1 wild-type
LrGGs and GBMs showed only statistically different ADC and DDC. Some studies have found that even in
patients with IDH wild-type LrGG, tumors exhibit high levels of aggressiveness, with overall survival times
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similar to those of IDH wild-type GBM[29, 30]. This may explain our results, probably because the similar
high heterogeneity and aggressiveness of IDH1 wild-type gliomas, resulting in most parameters that do
not differ signi�cantly between LrGGs and GBMs both with wild-type IDH1. In a word, with the increase of
pathological grade, the tumor microstructure is more complex, with higher cell density and more disturbed
water molecule movement, but IDH1 gene phenotype will affect the development of gliomas at a
microscopic point of view. Compared with previous pathological grading studies[28], our study combined
the pathological grading of gliomas with molecular phenotypes, which contributes to a more
comprehensive understanding of the characteristics and microstructure of gliomas.

Nuclear protein Ki-67 is associated with cell proliferation speci�cally expressed in tumor cells [31, 32]. As
the malignancy of the tumor increases, the blood supply becomes more abundant, the number of cells
increases, malignant biological behavior ensues, such as hemorrhage and necrosis, and
neovascularization forms further [33, 34]. And these aforementioned alterations can affect the complexity
and heterogeneity of tumor microstructure, when cellular gaps are smaller, water molecules diffusion is
more restricted and movement is more disturbed. Zhang et al. [35] found MK and D have considerable
potential to predict the degree of proliferation in diffuse astrocytomas. This is similar to our �ndings,
where MK has maximal correlation coe�cient with cell proliferation index. However, no signi�cant
correlation was found between FA and Ki-67 LI, which may be because the level of cell proliferation in
response to Ki-67 only affects the size of the diffusion and not the pattern of diffusion routes. No
signi�cant correlation was also found between D* and Ki-67 LI. We speculate that D* re�ects more
perfusion-related information and is not sensitive enough to changes in cell proliferation.

Our study had some limitations. First, the sample size of this study was small and it was a single-center
study. Future multicenter studies with large sample sizes are needed to validate the results of this study.
Secondly, only one molecule, IDH1, was considered in this study, but many other molecules status such
as 1p/19q codeletion and O6-methylguanine-DNA methyltransferase promoter methylation also play an
important role in the development of gliomas, which needs to be further investigated. Finally, we
performed 2D ROI placement at the tumor parenchyma site with the lowest ADC value, which may ignore
the overall tumor condition.

Conclusion
α may be the most promising dMRI marker for predicting IDH1 mutation status in LrGGs, and MK may be
the most potential dMRI marker in assessing cell proliferation. The dMRI can effectively re�ect
microstructural changes caused by molecular differences and provide useful additional information for
clinical treatment.
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Tables
Table 1 Patient characteristics and demographics

Characteristics IDH1-Mut IDH1-WT P-value

No. of patients 42 49 NA
Age (mean±SD, years) 43.2±12.3 50.2±12.2 0.008**

Sex (F/M) 22/20 21/28 0.405

Pathological grading
(II/ III/ IV)

19/13/10 8/7/34 <0.001***

Note: ∗∗ = P< 0.01, ∗∗∗ = P<0.001. F, female; M, male; Mut, mutant; WT, wild-type. NA, not applicable.
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Figures

Figure 1

Images 1a–1l correspond to a 38-year-old female with a IDH1-mutant grade III glioma in the left frontal
lobe. The ADC, MD, D, f, and DDC, as well as α maps show increased values in the solid part of the tumor,
while D*, MK, ODI and ICVF maps show decreased values. Images 2a–2l correspond to a 59-year-old
female with a IDH1 wild-type grade III glioma in the right basal ganglia. The ADC, MD, D, f, and DDC, as
well as α maps show decreased values in the solid part of the tumor, while D*, MK, ODI and ICVF maps
show increased values. ADC, D, D*, and DDC as well as MD are in units of 10-3 mm2/sec.
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Figure 2

Box and whisker plots of dMRI-derived parameter in LrGGs and GBMs strati�ed according to IDH1
genotype. Boxes represent the median ± quartiles, with whiskers extending to the maximum and
minimum values. ADC, D, D*, and DDC as well as MD are in units of 10-3 mm2/sec. ∗ = P<0.05, ∗∗ = P<
0.01, ∗∗∗ = P<0.001. Mut, mutant; WT, wild-type; LrGG, lower-grade glioma; GBM, glioblastoma.
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Figure 3

ROC curves of each parameter for distinguishing mutant and wild-type IDH1 in LrGGs.

Figure 4
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Scatter diagrams demonstrating the correlation between Ki-67 LI and each parameter. And r represents
the Spearman correlation coe�cient.
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