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Prediction of IDH1 gene mutation by a nomogram based on multiparametric
and multiregional MR images
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� Combination of clinical factors and radiomic features to construct models for predicting IDH1 gene mutations in glioma.
� Multiparametric and multiregional MR images were used to achieve more accurate prediction performance.
� The model performance with different regions of interest for different sequences was compared.
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A B S T R A C T

Objective: To investigate the value of a nomogram based on multiparametric and multiregional MR images to pre-
dict Isocitrate Dehydrogenase-1 (IDH1) gene mutations in glioma.
Data and methods: The authors performed a retrospective analysis of 110 MR images of surgically confirmed path-
ological gliomas; 33 patients with IDH1 gene Mutation (IDH1-M) and 77 patients with Wild-type IDH1 (IDH1-W)
were divided into training and validation sets in a 7:3 ratio. The clinical features were statistically analyzed using
SPSS and R software. Three glioma regions (rCET, rE, rNEC) were outlined using ITK-SNAP software and pro-
jected to four conventional sequences (T1, T2, Flair, T1C) for feature extraction using AI-Kit software. The
extracted features were screened using R software. A logistic regression model was established, and a nomogram
was generated using the selected clinical features. Eight models were developed based on different sequences and
ROIs, and Receiver Operating Characteristic (ROC) curves were used to evaluate the predictive efficacy. Decision
curve analysis was performed to assess the clinical usefulness.
Results: Age was selected with Radscore to construct the nomogram. The Model 1 AUC values based on four
sequences and three ROIs were the highest in these models, at 0.93 and 0.89, respectively. Decision curve analysis
indicated that the net benefit of model 1 was higher than that of the other models for most Pt-values.
Conclusion: A nomogram based on multiparametric and multiregional MR images can predict the mutation status
of the IDH1 gene accurately.
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Introduction

Gliomas are the most common primary malignant tumors of the
brain. In 2016, molecular typing was added to the World Health Organi-
zation classification of central nervous system tumors, and the 5th edi-
tion in 2021 further emphasized the importance of genetic and
molecular changes in the characterization of central nervous system
tumors.1,2 Isocitrate dehydrogenase-1 is an essential molecular bio-
marker for glioma and is expressed in two states: Wild-type (IDH1-W)
and Mutant (IDH1-M). Mutations in the IDH1 gene were the first detect-
able genetic alterations in glioblastomas, and the mutated IDH protein is
thought to have a relatively good prognosis by competitively inhibiting
participation in histone and DNA demethylation, thereby blocking cell
differentiation and reducing tumor cell proliferation.3-5 Accurate predic-
tion of glioma IDH1 mutation before treatment is of great significance to
guide individualized treatment and prognosis assessment, which has
become a research hotspot in radiogenomics in recent years.6 Since MR
images contain information related to the pathophysiology of tumors,
radiomics quantitatively analyzes image information, and high-through-
put extracts with minable high-dimensional features that provide addi-
tional information about the microvasculature and microstructure of
tumors which can be used to build statistical models.7-9 In previous stud-
ies that mostly involved individual sequences or individual regions of
interest, the characteristics of tumor heterogeneity were not fully and
completely reflected, and the accuracy needed to be improved.10-12 In
this study, the region of Contrast-Enhanced Tumor (rCET), the region of
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Necrosis (rNec), and the region of Edematous tumor (rE) were outlined
separately based on four MRI conventional sequences (T1, T2, FLAIR,
T1C) and the clinical features combined with nomogram signatures
were used to construct prediction models. A nomogram is a tool that
allows for quantitative and visual convergence of radiomic features and
clinical factors.13,14 It assigns a corresponding value to each risk factor
and generates a visual probability estimate that ultimately helps clini-
cians predict patient prognosis.15-17 The authors aimed to develop the
most clinically useful nomogram to accurately distinguish the muta-
tional status of IDH1.

Materials and methods

Patient selection

The Ethics Committee of the hospital gave its approval to this retro-
spective investigation, and they waived the requirement of obtaining
consent. The Ethics Committee study protocol number is KY2022PJ184.
The study has been carried out in accordance with the STROBE State-
ment. Patients who met the following criteria from February 2016 to
June 2022 were collected for inclusion in this study: 1) Confirmed to
have glioma by postoperative immunohistochemistry; 2) Clinical fea-
tures and IDH1 immunohistochemistry results; 3) MR images performed
preoperatively with no obvious artifacts, including T1-weighted, T1-
weighted gadolinium contrast-enhanced, T2-weighted, and T2-weighted
FLAIR sequences (short for T1, T1C, T2, and FLAIR), which were avail-
able before treatment. The exclusion criteria were as follows: 1) A his-
tory of surgery or chemoradiation therapy; 2) Hemorrhage or
calcification in the tumor or a tumor without necrotic areas or with
weak enhancement. A total of 110 patients with glioma were enrolled,
of whom 62 were male and 48 were female; 33 cases involved IDH1
mutant and 77 IDH1 wild type. The patients were randomly divided into
a training group (77 cases, 21 IDH1-M type, 56 IDH1-W type) and a vali-
dation group (33 cases, 12 IDH1-M type, 21 IDH1-W type) according to
a 7:3 ratio.

Data Acquisition of MRI

All preoperative MRIs were performed on a 3.0 T MRI scanner (Dis-
covery, GE Healthcare, Milwaukee, WI, USA) with an eight-channel
head coil. 1) The conventional MRI scan sequence included the follow-
ing: a T1-weighted sequence (T1): TR1750 ms, TE24 ms, TI780 ms; a
T2-weighted sequence (T2): TR6240 ms, TE94 ms; a liquid attenuated
inversion recovery T2 sequence (FLAIR): TR8400 ms, TE150 ms matrix
288×224, FOV 240×240 mm, layer spacing 1 mm, layer thickness
4 mm, 24 scanned layers; 2) A TIWI-enhanced MRI sequence (T1C): a
cross-sectional T1WI sequence was scanned after injection of the con-
trast agent gadodiamide (GE Pharmaceuticals) at 0.2 mL/kg, with the
same parameters as the flat-scan TIWI sequence.

Selection of clinical characteristics

The clinical characteristics included sex, age, and seven tumor mor-
phological features, including midline deviation (yes or no), growth
across the midline (yes or no), tumor location (1 refers to left, right or
bilateral hemispheres; 2 refers to frontal, occipital, parietal, temporal or
other lobes), degree of enhancement (mild, obvious enhancement), bor-
der (clear or indistinct), and tumor size (maximum cross-sectional diam-
eter of the tumor, in mm units). Using SPSS 25.0 software, continuous
variables were first tested by the Kolmogorov-Smirnov test to evaluate
whether the data conformed to a normal distribution. Categorical data
that were normally distributed are expressed as the mean ± standard
deviation, based on an independent samples t-test or ANOVA; those not
satisfying this criterion are expressed as median or quartiles, as based on
the Mann-Whitney U test. Categorical variables were expressed as fre-
quencies, and the Chi-Square test or Fisher’s exact test was used. Clinical
2

features were screened in the training set, and univariate analysis was
conducted to identify clinical features that were significantly different
between the IDH1-M and IDH1-W groups in the training and validation
sets. Multivariate logistic regression analysis was then performed on the
training set to examine it for independent predictors.

Pre-processing, segmentation, and feature extraction of images

GE AI-Kit (Artificial Intelligence Kit, GE Healthcare, Chicago, IL,
USA; Version: 3.3) software was applied to perform image pre-process-
ing, such as coregistration using T1C images as a template, denoising,
intensity normalization, skull stripe, bias correction, and image resam-
pling to 1×1×1 mm isotropic voxels with linear interpolation.

The T1C images were outlined layer by layer by two neuroimaging
physicians on the open-source software ITK-SNAP (Version 3.4.0,
http://www.itksnap.org/) and reviewed by one senior neuroimaging
specialist to select the outlined ROI (region of interest, ROI). For each
patient, other MRI sequences were co-aligned with reference to T1C.
Three tumor ROIs were segmented, including the Contrast-Enhanced
area (rCET), Necrosis area (rNec), and Edema area (rE). The edema area
may include both peritumoral edema and any non-enhancing tumor, so
multiple sequences were compared to ensure the accuracy of the ROI.
Then, these three regional contours were mapped to each patient’s MRI
sequence and used for feature extraction.

The AI-Kit software performed image feature extraction for the MR
images, and 396 radiomics features were calculated from each ROI,
including intensity, morpho-logic, histogram, and textural parameters
such as Gray-Level Co-occurrence Matrix (GLCM), Gray-Level Size Zone
Matrix (GLSZM), Neighboring Gray Tone Difference Matrix (NGTDM),
and Gray-Level Run Length Matrix (GLRLM).

The above data were pre-processed, and all data were divided into
training and validation groups at a ratio of 7:3. Feature selection and
model construction was completed in R software (v.4.2.1; http://www.
Rproject.org). The minimum Redundancy Maximal Relevance (mRMR)
algorithm was performed using the “mRMRe” package. Least Absolute
Shrinkage and Selection Operator (LASSO) analysis was used to select
the non-zero coefficient features that were applied to the model for pre-
dicting IDH1 gene expression types, and these features were combined
with non-zero coefficients to construct a formula that was employed to
calculate Radscore for each glioma case. The Wilcoxon test was utilized
to compare the differences in Radscores across IDH1 gene status. The
interobserver agreement between two neuroradiologists on visual fea-
tures was assessed by the Intragroup Correlation Coefficient (ICC) in 30
randomly chosen patients. ICC scores greater than 0.85 was considered
satisfactory for the protocol.

Construction and assessment of predictive models

Radscore and the selected clinical predictors were included in the
multivariate logistic regression model using R software, and the com-
bined predictive models for predicting IDH1 gene expression types (i.e.,
the radiomics nomogram) were also established. The diagnostic efficacy
of the eight prediction models was evaluated by implementing ROC
curves using the following criteria: the diagnostic efficacy was low when
0.5 ≤ AUC < 0.7, moderate when 0.7 ≤ AUC < 0.9, and high when AUC
≥ 0.9. Calibration curves and the Hosmer-Lemeshow test were employed
to estimate the concordance between the predicted probabilities of the
model and the actual results. The model demonstrated excellent predic-
tion if the calibration curves had a good fit and a statistical significance
of p > 0.05. The authors set up eight prediction models based on differ-
ent sequences or different regions of interest. Model 1 represented the
combined model of all sequences and all ROIs, models 2‒5 were based
on T1, T2, FLAIR, and T1C, and models 6‒8 were based on rCET, rNec,
and rE, respectively. Each prediction model incorporated the screened
clinical features. Decision curves were applied to appraise the net bene-
fit of the clinical decision and to compare the clinical value of various
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prediction models. Predictive models provided clinical consequences on
the threshold probability basis from which the net benefits were
derived. All models were compared based on ROC and decision curve
analyses, from which the optimal model was selected.
Results

Clinical characteristics of the patients

Based on the data in the last column of Table 1, the p-values for all
characteristics are greater than 0.05, there were no significant differen-
ces in IDH1 gene status, WHO classification status, or clinical character-
istics between the training and validation groups (Table 1). According to
univariate logistic regression analysis, there was a significant difference
in age (p < 0.001) between the IDH1-M and IDH1-W groups in the train-
ing set. Features with p ≥ 0.05 were excluded. After multivariate logistic
regression analysis, age (p < 0.001) was still selected to construct the
predictive model.
Selection of radiomic features

The minimum Redundancy Maximal Relevance (mRMR) algorithm
was used to extract the most robust features in the training set from
4752 valid radiomic features in model 1, and then nonzero coefficients
chosen by LASSO as the optimal 7 features were utilized to establish the
radiomics model and Radscore formula (Table 2). The Radscore was cal-
culated for each patient in the training and validation group, and the
results showed that the Radsore of IDH1-M was lower than that of IDH1-
W, and the difference was statistically significant, as shown in the dia-
gram in the box figure (Fig. 1). Models 2‒5 were all constructed based
on 1189 radiomic features, and 9, 4, 6 and 6 non-zero coefficient fea-
tures were extracted, respectively (Table 2). The total number of radio-
mic features for models 6‒8 was 1595, and 6, 3 and 5, respectively
(Table 2). The 4,752 radiomic features extracted from these multiple-
segmented subregions were evaluated using the Intergroup Correlation
Table 1
Clinical and morphological features of patients in the training and validation gr

Variables Training group (n = 77)

IDH-M (n = 21) IDH-W (n =

Gradea 2 1 1
3 7 4
4 13 51

Gender Male 9 (42.9) 32 (57.1)
Female 12 (57.1) 24 (42.9)

Age (years) Age<35 3 (14.3) 7 (12.5)
36 ≤ Age < 50 14 (66.7) 6 (10.7)
51 ≤ Age < 65 4 (19.0) 24 (42.9)
Age > 66 0 (0.0) 19 (33.9)

Midline shift No 3 (14.3) 21 (37.5)
Yes 18 (85.7) 35 (62.5)

Cross midline growth No 20 (95.2) 47 (83.9)
Yes 1 (4.8) 47 (83.9)

Tumorlocationa Left hemisphere 8 (38.1) 30 (53.6)
Right hemisphere 12 (57.1) 20 (35.7)
Bilateral 1 (4.8) 6 (10.7)

Tumorlocation2 Frontal lobe 12 (57.1) 20 (35.7)
Occipital lobe 1 (4.8) 6 (10.7)
Parietal lobe 3 (14.3) 5 (8.9)
Temporal lobe and others 5 (23.8) 25 (44.6)

Enhancement degree Mild 5 (23.8) 4 (7.1)
Obvious 16 (76.2) 52 (92.9)

Border Clear 4 (19.0) 8 (14.3)
Indistinct 17 (81.0) 48 (85.7)

Tumor size (mm) Mean (SD) 44.5 (13.1) 45.5 (16.6
Radscore Median [iqr] 0.4 [0.0, 1.8] -2 [-2.6, -1

p < 0.05 was statistically significant.
a Grade is not used as a clinical feature for selection.
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Coefficient (ICC), and the ICCs of the features finally selected by each
model were all greater than 0.85 after the robustness assessment.
Development and performance of predictive models and the nomogram

During the construction of the predictive models, logistic regression
analysis identified Radscore and age as independent predictors, on the
basis of which a visualized nomogram was constructed (Fig. 2). Model 1
reached the highest AUC (training set, 0.93 [95% CI 0.86‒0.99]; valida-
tion set, 0.89 [95% CI 0.77‒1.00)]) (Fig. 3), with a sensitivity, specific-
ity, and accuracy of 0.81, 0.93, and 0.90 and 0.77, 0.90, and 0.85 in the
training and validation sets, respectively (Table 3). The calibration
curves of the nomogram (Fig. 2) showed good agreement between the
predictive possibility and observed outcomes of IDH1 mutations in both
the training and validation sets (p = 0.297 and 0.148, Hosmer-Leme-
show test). Decision curve analysis showed that the net benefit of the
combined model was higher than that of the other models for almost the
entire range of Pt-values (Fig. 3). The results and discussion may be pre-
sented separately, or in one combined section, and may optionally be
divided into headed subsections.
Discussion

In recent years, in-depth studies on the molecular structure of glio-
mas have revealed their unique genetic features and epigenetic manifes-
tations, and they have been classified into different molecular subtypes
accordingly. Epigenetics is associated with DNA methylation, and the
IDH1 gene induces demethylation;18 therefore, epigenetic regulation of
the IDH1 gene becomes a key biomarker for tumor classification and
plays a critical role in the evolution and biological expression of glio-
mas.19 Qi et al.20 found that overexpression of the IDH1-R132H muta-
tion in Glioma Stem Cells (GSCs) leads to reduced GSC proliferation,
migration, and invasion, induces apoptosis and improves GSC differenti-
ation. Notably, mutations at this locus occur in more than 80% of IDH1-
M gliomas; as a result, patients with IDH1-M gliomas generally have a
oups.

p Validation group (n = 33) p p

56) IDH-M (n = 12) IDH-W (n = 21)

1 0
3 3

* 8 18 * 0.296
14 (66.7) 7 (58.3)

0.388 7 (33.3) 5 (41.7) 0.918 0.425
0 (0.0) 1 (8.3)
3 (14.3) 3 (25.0)
12 (57.1) 6 (50.0)

<0.001 6 (28.6) 2 (16.7) 0.432 0.194
7 (33.3) 3 (25.0)

0.092 14 (66.7) 9 (75.0) 0.914 0.928
18 (85.7) 11 (91.7)

0.350 3 (14.3) 1 (8.3) 1.000 0.901
7 (33.3) 2 (16.7)
11 (52.4) 9 (75.0)

0.220 3 (14.3) 1 (8.3) 0.439 0.099
7 (33.3) 5 (41.7)
1 (4.8) 0 (0.0)
3 (14.3) 0 (0.0)

0.220 10 (47.6) 7 (58.3) 0.457 0.529
5 (23.8) 2 (16.7)

0.103 16 (76.2) 10 (83.3) 0.968 0.316
5 (23.8) 3 (25.0)

0.873 16 (76.2) 3 (25.0) 1.000 0.418
) 0.797 44.5 (15.3) 40.6 (13) 0.461 0.507
.6] <0.001 44.5 (15.3) 0.5 [-0.3, 0.6] <0.001 0.508



Table 2
Radiomic feature selection results of the prediction model.

Model Model 1 Model 2 (T1) Model 3 (T2) Model 4 (FLAIR) Model 5 (T1C)

Number of selected
features

7 9 4 5 6

Individual features T1rCET-LargeAreaEmphasis T1rCET-LargeAreaEmphasis T2rCET-GLCMEntropy_angle45_offset1 FLAIRrCET-HaralickCorrelation_
angle135_offset7

T1CrCET-ShortRunHighGreyLevelEmphasis_
AllDirection_offset7_SD

T1rNec-LargeAreaEmphasis T1rCET-GLCMEntropy_angle90_offset4 T2rCET-GLCMEntropy_angle90_offset7 FLAIRrCET-InverseDifferenceMoment_
angle135_offset4

T1CrNec-GLCMEntropy_angle90_offset7

T2rCET-GLCMEntropy_angle45_
offset1

T1rCET-GLCMEntropy_AllDirection_offset1 T2rCET-HaralickCorrelation_angle0_offset7 FLAIRrCET-ShortRunLowGreyLevelEmphasis_
angle45_offset4

T1CrNec-ShortRunLowGreyLevelEmphasis_
angle0_offset4

FLAIRrCET-InverseDifferenceMoment_
angle135_offset4

T1rCET-InverseDifferenceMoment_
AllDirection_offset7_SD

T2rCET-ShortRunLowGreyLevelEmphasis_
angle0_offset1

FLAIRrCET-GLCMEntropy_
angle90_offset4

T1CrNec-LowGreyLevelRunEmphasis_
AllDirection_offset4_SD

FLAIRrCET-HaralickCorrelation_
angle135_offset7

T1rE-ShortRunLowGreyLevelEmphasis_
angle45_offset4

FLAIRrCET-InverseDifferenceMoment_
angle135_offset7

T1CrNec-GLCMEntropy_AllDirection_offset4_SD

FLAIRrCET-ShortRunLowGreyLevelEmphasis_
angle45_offset4

T1rNec-LargeAreaEmphasis T1CrNec-InverseDifferenceMoment_
AllDirection_offset7_SD

T1CrNec-ShortRunLowGreyLevelEmphasis_
angle0_offset4

T1rNec-Inertia_angle45_offset4

T1rNec-GLCMEnergy_AllDirection_offset7_SD
T1rNec-MinIntensity

The best-performance
feature

FLAIRrCET-InverseDifferenceMoment_
angle135_offset4

T1rCET-GLCMEntropy_angle90_offset4 T2rCET-HaralickCorrelation_angle0_offset7 FLAIRrCET-InverseDifferenceMoment_
angle135_offset4

T1CrNec-GLCMEntropy_angle90_offset7

Maximum coefficient 0.899 -0.62 -0.934 0.414 -0.593

Model Model 6 (rCET) Model 7 (rE) Model 8 (rNEC)

Number of selected features 6 3 5
Individual features T1rCET-GLCMEntropy_angle90_offset4 T2rE-ClusterProminence_angle45_offset7 T1rNec-MinIntensity

T2rCET-ShortRunLowGreyLevelEmphasis_angle0_offset1 FLAIRrE-GLCMEntropy_angle135_offset7 T1CrNec-ShortRunLowGreyLevelEmphasis_angle0_offset4
T2rCET-GLCMEntropy_angle45_offset1 T1CrE-GLCMEntropy_AllDirection_offset1_SD T1CrNec-GLCMEntropy_angle90_offset7
FLAIRrCET-HaralickCorrelation_angle135_offset7 T1CrNec-LowGreyLevelRunEmphasis_AllDirection_offset4_SD
FLAIRrCET-ShortRunLowGreyLevelEmphasis_angle45_offset4 T1CrNec-InverseDifferenceMoment_AllDirection_offset7_SD
FLAIRrCET-InverseDifferenceMoment_angle135_offset4

The best-performance feature FLAIRrCET-InverseDifferenceMoment_angle135_offset4 T2rE-ClusterProminence_angle45_offset7 T1CrNec-GLCMEntropy_angle90_offset7
Maximum coefficient 0.595 -0.476 -0.48
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Figure 1. Comparison of the Radscore box plots under different labels for Model 1. The left side is the training cohort, and the right side is the validation cohort, and
the p-values are less than 0.05, indicating that Radscore in the two cohorts were different under different labels.
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better prognosis.21-23 Su et al.10,14,16,24 found that the mean age of
patients with IDH1-M glioma was lower than that of patients with IDH1-
W glioma. In the present study, the age feature also showed strong pre-
dictive strength, implying that the nomogram incorporating the age fea-
ture would have better predictive power.14,25 Accordingly, the present
study added age to the column line graph with the expectation of
improving its predictive power.

Yu et al.26 examined the imaging histology of IDH1 gene mutation in
grade II gliomas and included glioma grade as an important feature in
the study, constructing an imaging histology model with an AUC value
of 0.86. However, the glioma grade needed to be obtained patholog-
ically after surgery or biopsy, and because this study was based on non-
invasive imaging histology, the glioma grade was not included as a clini-
cal feature.
Figure 2. Flowchar

5

As mentioned earlier, the authors employed four conventional MRI
sequences and out-lined three different regions of interest, and then
combined the clinical features with the Radscore signature to build eight
separate models. Among the models 2‒5, and 3 and 5 (T2 and T1C
sequences) having the highest AUC, the gliomas often had neo-vasculari-
zation within them, which can be accompanied locally by blood-brain
barrier disruption. This information can usually be shown in the T1C
sequence,14,27 which can show both the general border of the tumor and
be used to assess the aggressiveness of the tumor. For this reason, in sev-
eral previous studies, MR images based on T1C sequences were mostly
used.28-30 In contrast, in model 1, three of the seven extracted radiomic
features were from FLAIR sequences, and the sum of the absolute values
of the feature coefficients reached the highest value of approximately
2.227, followed by T1C sequences at approximately 0.865. The absolute
t of this study.



Figure 3. When comparing the eight models, the authors found that Model 1 achieved better performance compared to the other seven models, both in the decision
curve and in the ROC curve analysis.
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value of the feature coefficient can be regarded as the importance of a
feature for predicting the risk of mutations in the IDH1 gene, and the
larger the absolute value, the more significant the effect on the classifi-
cation. In previous studies on glioma,28,31,32 researchers found that fea-
tures from FLAIR sequences also showed good performance for
glioblastoma. FLAIR and T2 can provide critical information about peri-
tumoral edema, which is considered an essential biological behavior of
gliomas, whose main components are tumor cells and branching
capillaries, with a higher cell density indicative of a greater
malignancy.33,34 These two sequences also showed a strong predictive
power in the present research.

Some relevant studies were based on sketching the overall glioma
region when constructing radiomic models to predict IDH1 gene
mutations.26,35 According to the present study, tumor rCET, rNEC and
rE had significant differences in information about cell density, micro-
vascular proliferation, and local microenvironment, and extracting the
radiomic features of different ROIs separately can better quantify the
comprehensive information of tumors and characterize the heterogene-
ity of gliomas. In models 6‒8, the highest AUC value was reached in
model 6, and the highest characteristic coefficient of CET was matched
in model 1. The rCET is the region with the highest tumor cell density,
more active growth, and more pronounced heterogeneity, so the
Table 3
A performance summary of models.

Model Train group

AUCa (95% CI) Accuracy (%) Sensitivity (%) Specificit

Model 1 0.93 (0.86‒0.99) 89.6 81.0 92.9
Model 2 (T1) 0.87 (0.78‒0.95) 85.7 85.7 85.7
Model 3 (T2) 0.91 (0.84‒0.97) 81.8 100.0 75.0
Model 4 (FLAIR) 0.90 (0.82‒0.98) 88.3 85.7 89.3
Model 5 (T1C) 0.91 (0.84‒0.98) 84.4 95.2 80.4
Model 6 (rCET) 0.90 (0.83‒0.98) 84.4 85.7 83.9
Model 7 (rE) 0.89 (0.80‒0.97) 87.0 81.0 89.3
Model 8 (rNEC) 0.88 (0.80‒0.96) 80.5 95.2 75.0

a AUC, Means Area Under Curve; CI, Means Confidence Interval.
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contribution of this region to the predictive efficacy of IDH1 gene muta-
tion is greater than that of the other two regions. Most studies on glio-
mas point to a correlation between enhancing regions and prognosis.
For example, Baldock36 et al. demonstrated that IDH1-M was more
aggressive than IDH1-W in enhancing gliomas and developed a model of
tumor growth in order to provide better treatment alternatives. Moli-
naro37 et al. demonstrated the connection between maximal resection of
CE tumors and OS in patients with glioblastoma. These findings may
help to develop individualized strategies for surgery in patients with gli-
oma.

As mentioned above, different sequences and different regions of
interest can provide different information about the tumor interior,38-41

and the combined quantification of this information can achieve better
predictive results. Model 1 constructed in this study achieved AUC val-
ues of 0.91 and 0.86 in the training and test groups, respectively, with a
good fit of the calibration curve (p = 0.751, Hosmer-Lemeshow test),
indicating that its predictive ability was better than that of the other
models. The seven radiomic features selected in Model 1 included three
GLCM features, two GLRLM features, and two GLSZM features, which
are frequently used in radiomics and reflect the imaging information of
the tumor from the fine and uniform degree of the image to quantita-
tively describe the internal characteristics of the tumor. The sum of the
Validation group

y (%) AUC (95%CI) Accuracy (%) Sensitivity (%) Specificity (%)

0.89 (0.77‒1.00) 84.8 76.9 90.0
0.78 (0.57‒0.99) 78.8 77.8 79.2
0.79 (0.59‒0.98) 81.8 75.0 86.0
0.77 (0.60‒0.93) 69.7 60.0 73.9
0.78 (0.57‒0.98) 72.7 60.0 83.3
0.79 (0.63‒0.95) 72.7 63.6 77.2
0.67 (0.47‒0.87) 75.8 83.3 74.0
0.73 (0.53‒0.94) 69.7 57.1 78.9
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GLCM feature coefficients was 2.045, which is the statistic describing
the grayscale and texture complexity of the image. This feature can
reveal a linear correlation between the grayscale values and the respec-
tive voxels in the GLCM; the greater the correlation, the more homoge-
neous the values of the matrix elements. The reason for its higher
percentage may be that IDH1-M has a more homogeneous internal struc-
ture than IDH1-W, indicating that IDH1-M was less heterogeneous than
IDH1-W.14 The GLRLM features indicated the roughness of the texture
in the preset direction,16,42 and the sum of its feature coefficients was
1.462. The complementarity of multiple features under this type of tex-
tural parameter reflected the signal intensity and tumor inhomogeneity
in different regions of interest from different gray values and directions,
thus achieving a better model estimation effectiveness. The sum of the
GLSZM feature coefficients was 0.62. GLSZM was a measure of the distri-
bution of large area size zones, with a greater value indicative of larger
size zones and coarser texture.42 These radiomic features further
improved the predictive performance of model 1, and the decision curve
analysis revealed that the net clinical benefit of model 1 was superior to
that of the other models over a large range of Pt-values, demonstrating
its superiority for clinical application. Accordingly, this comprehensive
model based on four conventional sequences and three different ROIs of
MR images, combined with clinical features, was able to reflect the het-
erogeneity of gliomas more comprehensively and completely and may
have higher accuracy in predicting IDH1 gene status.

This study has some limitations. First, this was a single-center study,
the sample size was not large enough, and the efficiency and stability of
the model still need to be improved; the next step will be to increase the
sample size to continue the study. In addition, the overlap of various tis-
sue types cannot be avoided when outlining ROIs; for example, some
tumor tissues without enhancement may overlap with edema tissues,
which may have an impact on the results. Furthermore, the characteriza-
tion and measurement of MR image-related features depend on the
observer’s experience, which limits the accuracy and reproducibility of
the results.

Conclusions

In conclusion, a nomogram based on multiparametric, and multire-
gional MR images did provide better prediction of IDH1 gene mutations.
rCET showed better efficacy in these three regions of interest, while the
FLAIR sequence was comparable to the T1C sequence in four different
sequences, for which more validation should be performed.
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