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Background: Accurate preoperative prediction of gliomas is crucial for formulating personalized treatment 
decisions and assessing prognosis. With the release of the 2021 World Health Organization (WHO) 
classification of central nervous system tumors, molecular diagnostics have demonstrated even greater 
importance. Isocitrate dehydrogenase (IDH) is a significant marker for evaluating glioma prognosis, while 
the telomerase reverse tranase (TERT) promoter has a dual impact on glioma prognosis. In this study, we 
aimed to explore the application value of preoperative multi-parametric magnetic resonance imaging (MRI) 
radiomics in the prediction of IDH wildtype with TERT promoter mutation in glioma. 
Methods: Preoperative MRI images and genetic data of 415 glioma patients from three centers were 
retrospectively analyzed, of which 297 patients were categorized into training and test sets, and the remaining 
118 patients were classified into independent external test sets. A total of 3,591 radiomics features were 
extracted from the tumor region of interest (ROI) of T2 fluid-attenuated inversion recovery (T2-FLAIR), 
contrast-enhanced T1-weighted imaging (CE-T1WI), and apparent diffusion coefficient (ADC) MRI 
images. Feature selection was performed using the Pearson rank correlation coefficient and the least absolute 
shrinkage and selection operator (LASSO). Logistic regression was used to construct the imaging histology 
model and the clinical model, and the combined model was constructed. The models were evaluated by 
receiver operating characteristic (ROC) curves, area under the curve (AUC), sensitivity and specificity. 
Results: Radiomics models based on individual sequences and multiple-sequence fusion were constructed. 
The fused sequence model outperformed the single-sequence models, with AUC values of 0.954, 0.867, 
and 0.816 in the training set, test set, and external validation set, respectively. Age and grading, as reliable 
prognostic factors, were used to construct a clinical model. When radiomics features were added, a combined 
model was established. The combined model demonstrated the highest performance, with AUC values 
of 0.963, 0.905, and 0.823 in the training set, test set, and external validation set, respectively. Calibration 
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Introduction

Gliomas are the most common primary malignant tumors 
of the central nervous system (1). According to the 2021 
World Health Organization (WHO) classification of central 
nervous system tumors (2), isocitrate dehydrogenase (IDH) 
wildtype diffuse astrocytic glioma with a telomerase reverse 
tranase (TERT) promoter mutation can be diagnosed as 
glioblastoma (GBM), WHO grade 4, highlighting the 
critical role of molecular markers in the classification and 
treatment of gliomas. GBM is highly aggressive, with a high 
degree of malignancy and a high recurrence rate, and the 
median survival time is only 14–16 months (3). Notably, in 
patients with IDH-wildtype GBM, the occurrence rate of 
TERT mutations can reach 80% to 90% (4).

The IDH gene primarily includes IDH1 and IDH2, and 
mutations in these genes lead to altered metabolic enzyme 
function, resulting in the production of 2-hydroxyglutarate 
(2-HG). This metabolite can inhibit DNA and histone 
demethylases, leading to genomic and epigenetic changes 
that promote tumor initiation and progression (5-7). 
TERT is the catalytic subunit of telomerase, responsible 
for maintaining telomere length, thereby protecting 
chromosome ends during cell division (8). The two most 
common mutations in the TERT promoter are C228T and 
C250T, located upstream of the TERT ATG start site at 
−124 base pairs (bp) and −146 bp, respectively (chr5p15.33: 
1,295,228 C>T and 1,295,250 C>T) (9). TERT promoter 
mutations create new binding sites, increasing TERT gene 
expression, which in turn activates telomerase activity, 
extends the lifespan of tumor cells, and promotes their 
unlimited proliferation (10,11). Additionally, TERT 
promoter mutations are closely associated with tumor 
recurrence and treatment resistance, further worsening 
patient prognosis (12,13). IDH-wildtype gliomas are 
generally associated with greater aggressiveness and poorer 
prognosis, and TERT mutations further exacerbate these 

adverse prognostic features. Patients with such gliomas 
typically exhibit higher invasiveness and stronger drug 
resistance, making treatment more challenging. Research 
indicates that glioma patients with IDH-wildtype and 
TERT promoter mutations often have shorter progression-
free survival and overall survival (14-16). Therefore, 
early identification of glioma patients with IDH-wildtype 
with TERT promoter mutations is crucial for early 
comprehensive and individualized treatment.

Currently, the detection of IDH and TERT mutations 
is primarily conducted using molecular biology techniques, 
including polymerase chain reaction (PCR), sequencing, 
and immunohistochemistry (17). These techniques offer 
high specificity and sensitivity but also have certain 
limitations. For example, these methods usually require 
invasive sampling, such as surgery or biopsy, and the 
processing is complex and time-consuming. Additionally, 
due to tumor heterogeneity, a single sample may not 
fully capture the molecular characteristics of the tumor. 
Radiomics, as an emerging technology, extracts and 
analyzes high-throughput data features from medical 
imaging, providing rich information about tumor biological 
behavior in a non-invasive manner. By combining radiomics 
with bioinformatics and machine learning algorithms, it is 
possible not only to reveal the morphological characteristics 
of tumors but also to reflect their molecular and genetic 
features (18,19).

Existing research has shown that radiomics has high 
accuracy in the diagnosis and classification of gliomas. 
However, studies on the application of radiomics in 
predicting IDH-wildtype gliomas with TERT promoter 
mutations are still relatively limited. This study aims to 
explore the potential value of radiomics in predicting IDH-
wildtype gliomas with TERT promoter mutations, with the 
expectation of constructing an effective radiomics model 
to provide reliable evidence for clinical decision-making, 

curves and decision curve analysis (DCA) indicated good calibration capability and clinical applicability. 
Conclusions: Radiomics based on preoperative MRI can effectively predict the molecular subtype of IDH 
wildtype gliomas with TERT promoter mutation.
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thereby improving the individualized treatment outcomes 
and prognosis management of glioma patients. We present 
this article in accordance with the TRIPOD+AI reporting 
checklist (available at https://qims.amegroups.com/article/
view/10.21037/qims-24-2192/rc).

Methods

The study was conducted in accordance with the 
Declaration of Helsinki and its subsequent amendments. It 
involved the First Hospital of Shanxi Medical University, 
Shanxi Provincial People’s Hospital, and Shanxi Bethune 
Hospital, all affiliated with Shanxi Medical University. The 
study was approved by the Institutional Review Board of 
Shanxi Medical University (Approval No. 2021-K-K073). 
All participating centers provided agreement for the use 
of retrospective data, and the requirement for individual 
informed consent was waived.

Patients

This study analyzed data from three different institutions: 
Shanxi Provincial People’s Hospital (Center 1), The First 
Hospital of Shanxi Medical University (Center 2), and 
Shanxi Bethune Hospital (Center 3). A total of 453 patients 

with pathologically confirmed gliomas were collected. The 
inclusion criteria were pathologically confirmed glioma 
patients; complete magnetic resonance imaging (MRI) 
image sequences, including T2 fluid-attenuated inversion 
recovery (T2-FLAIR), contrast-enhanced T1-weighted 
imaging (CE-T1WI) and apparent diffusion coefficient 
(ADC); available information on IDH and TERT mutation 
status; and available clinical characteristics, including gender 
and age. Exclusion criteria included images with severe 
artifacts; previous radiotherapy, stereotactic radiosurgery, or 
surgical treatment; and unknown IDH and TERT mutation 
status. Ultimately, 415 glioma patients were included in 
this study. Patients from The First Hospital of Shanxi 
Medical University and Shanxi Provincial People’s Hospital 
were randomly divided into a training set and a test set in 
a 7:3 ratio, while patients from Shanxi Provincial People’s 
Hospital served as an external validation set. The patient 
selection process is illustrated in Figure 1.

Equipment

The MRI data included CE-T1WI, T2-FLAIR sequences, 
and diffusion-weighted imaging (DWI), acquired using 
a 3.0T MRI system (GE, Octane; Siemens, Altea). Post-
contrast T1WI images were captured after intravenous 

Center 1 (n=60):
From 2015 to 2022 , pathologically 

confirmed astrocytoma patients

Center 2 (n=248):
From 2011 to 2022, pathologically 
confirmed astrocytoma patients

Exclusions (n=11):
•	 Severe imaging artifacts
•	 Previous treatment with 

surgery or other interventions
•	 Unknown IDH and TERT 

mutation status

Included patients (n=297)

Training set (n=207) Testing set (n=90)

IDH wild-type 
with TERT 

(n=60)

Non-IDH wild-
type with TERT 

(n=147)

IDH wild-type 
with TERT 

(n=16)

Non-IDH wild-
type with TERT 

(n=74)

Center 3 (n=145):
From 2017 to 2022, pathologically 
confirmed astrocytoma patients

Exclusions (n=27):
•	 Severe imaging artifacts
•	 Previous treatment 

with surgery or other 
interventions

•	 Unknown IDH and TERT 
mutation status

Included patients (n=118)

External validation set (n=118) 

IDH wild-type 
with TERT 

(n=54)

Non-IDH wild-
type with TERT 

(n=64)

Figure 1 Flow chart of patient selection. Center 1: Shanxi Provincial People’s Hospital; Center 2: The First Hospital of Shanxi Medical 
University; Center 3: Shanxi Bethune Hospital. IDH, isocitrate dehydrogenase; TERT, telomerase reverse transcriptase.
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injection of gadopentetate dimeglumine at a rate of 2 mL/s  
(0.2 mL/kg body weight) through the median cubital vein. 
ADC maps were automatically generated on the DWI 
workstation. The MRI sequence parameters are shown in 
Table 1.

IDH and TERT promoter detection

IDH1/2 mutations and TERT promoter mutations were 
analyzed in the pathology departments of the institutions 
using Sanger sequencing and next-generation sequencing.

Tumour region of interest (ROI) segmentation

Image segmentation was performed using ITK-SNAP 
software. To ensure the accuracy of ROI delineation, two 
radiologists with 10 and 15 years of experience manually 
segmented the images independently in a blinded manner. 
The final ROI was determined as the overlapping area of 
the segmentation results from the two radiologists and was 
validated by a senior radiologist with 20 years of experience. 
In order to evaluate the stability and repeatability of 
radiomics features, inter-rater analysis was performed based 
on the segmentation results of the first two radiologists, and 
the inter-group correlation coefficient (ICC) was used as a 
measure. The radiomics flow chart is shown in Figures 2,3.

MRI radiomics feature extraction

PyRadiomics (version 3.1.0) was used to extract radiomics 
features from the ROI. Detailed algorithms and feature 
descriptions can be found at (https://github.com/

Radiomics/pyradiomics). A total of 3,591 features (1,197×3) 
were extracted from the CE-T1WI, T2-FLAIR, and ADC 
sequences. The 1,197 features include 234 first-order 
features, 14 shape features, and 949 texture features. The 
texture features are composed of five matrices: Gray Level 
Co-occurrence Matrix (GLCM), Gray Level Dependence 
Matrix (GLDM), Gray Level Run Length Matrix 
(GLRLM), Gray Level Size Zone Matrix (GLSZM), and 
Neighboring Gray Tone Difference Matrix (NGTDM), 
with feature counts of 286, 182, 208, 208, and 65, 
respectively.

Feature selection and model development

First, the radiomics features were preprocessed as follows: 
to ensure the stability and robustness of the radiomics 
features, those with an ICC below 0.8 were removed; 
radiomics features were then normalized using Z-score 
transformation. Independent sample t-tests were conducted 
for preliminary feature screening, selecting significant 
features (P<0.05). Next, Pearson correlation analysis was 
used to eliminate redundant features with a correlation 
coefficient >0.9, retaining features with a higher linear 
correlation coefficient to the target parameter. Finally, key 
features were selected using least absolute shrinkage and 
selection operator (LASSO), with the optimal parameter λ 
determined through 10-fold cross-validation, and features 
with non-zero coefficients were selected.

The radiology model of the optimal feature subset was 
established by logistic regression, and the models of ADC, 
CE-T1WI, T2 FLAIR and three sequence fusion were 
established respectively. The radiology score (Radscore) of 
each patient was calculated according to the optimal model, 
and the efficacy of the model was evaluated by the area 
under the curve (AUC), accuracy, sensitivity and specificity.

Development of the clinical model

Clinical factors include age, gender and histological grade. 
Firstly, univariate regression analysis was used to screen 
out the characteristics with p value less than 0.05, and then 
multivariate analysis was performed to select statistically 
significant clinical factors, and the clinical model was 
constructed by logistic regression.

Development of the clinical-radiomics nomogram

A radiomics nomogram model was constructed using 

Table 1 MRI sequence parameters

Parameters T2-FLAIR CE-TIWI DWI

TR (ms) 8,002 8,200 5,000

TE (ms) 127.0 84.0 74.5

Layer thickness (mm) 6.0 6.0 6.0

Interlayer spacing (mm) 1.0 1.0 1.0

FOV (mm) 240×240 240×240 240×240

Matrices 256×256 256×256 256×256

CE-T1WI, contrast-enhanced T1-weighted imaging; DWI, 
diffusion-weighted imaging; FOV, field of view; MRI, magnetic 
resonance imaging; T2 FLAIR, T2 fluid-attenuated inversion 
recovery; TE, echo time; TR, repetition time.

https://github.com/Radiomics/pyradiomics
https://github.com/Radiomics/pyradiomics
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Figure 2 Radiomics analysis flow chart. (A) Image data acquisition includes CE-T1WI, T2 FLAIR, and ADC sequence. (B) Delineation of 
ROI. (C) Extraction of radiomics features, including first-order features, shape-based features, texture features, etc. (D) LASSO regression 
analysis was used to select meaningful features. (E) Construction of the model. ROC, calibration curve and DCA curve were performed for 
further statistical analysis. ADC, apparent diffusion coefficient; AUC, area under the curve; CE-T1WI, contrast-enhanced T1-weighted 
imaging; CI, confidence interval; DCA, decision curve analysis; LASSO, least absolute shrinkage and selection operator; MSE, mean squared 
error; ROC, receiver operating characteristic; ROI, region of interest; T2-FLAIR, T2 fluid-attenuated inversion recovery. 

Figure 3 A 68-year-old female patient diagnosed with an IDH-wildtype, WHO grade 4 glioma harboring a TERT promoter mutation. 
IDH, isocitrate dehydrogenase; TERT, telomerase reverse transcriptase; WHO, World Health Organization.
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multivariable logistic regression analysis, incorporating both 
radiomics scores and clinical variables. The performance of 
the prediction model was evaluated using AUC, accuracy, 
sensitivity, and specificity. The DeLong test was used 
to compare the performance of the receiver operating 
characteristic (ROC) curves. A calibration curve was utilized 
to assess the consistency between the predicted probabilities 
and observed outcomes at different risk levels. The Hosmer-
Lemeshow test was employed to evaluate the goodness of fit 
for all models. Decision curve analysis (DCA) was used to 
quantify the net benefit at different threshold probabilities.

Statistical analysis

Statistical analysis was performed using SPSS (version 27.0; 
IBM) and Python software (version 3.7.14). The Kruskal-
Wallis test was used for continuous variables, and the 
Chi-squared test was used for categorical variables. The 
effectiveness of the models was evaluated using metrics 
such as AUC, accuracy, sensitivity, and specificity. The 
DeLong test was used to compare the AUCs of the clinical, 
radiomics, and clinical-radiomics nomogram models. A P 
value of <0.05 was considered statistically significant.

Results

Basic clinical information of the patients

The clinical characteristics of the patients are shown in 
Table 2. A total of 415 patients were included in this study 
(including 130 cases of IDH wildtype with TERT promoter 
mutation), with 207 cases in the training set, 90 cases in 
the test set, and 118 cases in the external validation set. In 

the training cohort, there were 60 cases of IDH-wildtype 
gliomas with TERT promoter mutation and 147 cases of 
non-IDH-wildtype gliomas with TERT promoter mutation. 
In the test cohort, there were 16 cases of IDH-wildtype 
with TERT promoter mutation and 74 cases of non-IDH-
wildtype with TERT promoter mutation. In the external 
validation cohort, there were 54 cases of IDH-wildtype 
with TERT promoter mutation and 64 cases of non-IDH-
wildtype with TERT promoter mutation. There were no 
statistically significant differences between the three groups 
in terms of age, gender, or histological grade (P>0.05).

Radiomics feature selection and model construction

Out of the 3,591 extracted features, baseline analysis 
excluded 3,366 features. Further application of the optimal 
regularization weight λ (logλ =0.0295) resulted in the 
selection of only 21 features with non-zero coefficients 
(Figure 4). 

The three sequences of CE-T1WI, T2-FLAIR and 
ADC were used to construct the model respectively, and 
finally the combined model was constructed. The AUC 
values of the CE-T1WI, T2-FLAIR, ADC, and combined 
models in the training set were 0.878, 0.817, 0.839, and 
0.954, respectively. In the test set the AUC values were 
0.812, 0.734, 0.794, and 0.867, respectively. In the external 
validation set, the AUC values were 0.618, 0.606, 0.773, 
and 0.816, respectively. The combined model demonstrated 
the best performance, with an AUC of 0.816 in the external 
validation set and an accuracy of 0.805. The ROC curve, 
accuracy, sensitivity and specificity of the radiomics model 
are shown in Table 3 and Figure 5.

Table 2 Clinical data of the patients

Parameters Training set Test set External validation set P value

Age (years) 53.0 [42–63] 50.5 [40–61] 53.0 [44–62] 0.337

Gender 0.758

Male 118 (57.00) 50 (55.56) 62 (52.54)

Female 89 (43.00) 40 (44.44) 56 (47.46)

Grade 0.243

2 63 (30.43) 24 (26.67) 32 (27.12)

3 56 (27.05) 33 (36.67) 25 (21.19)

4 88 (42.51) 33 (36.67) 61 (51.69)

Data are presented as median [interquartile range] or n (%).



Wang et al. MRI radiomics for IDHwt-TERTp mut glioma10646

© AME Publishing Company.   Quant Imaging Med Surg 2025;15(11):10640-10653 | https://dx.doi.org/10.21037/qims-24-2192

0.2

0.1

0.0

−0.1

−0.2

−0.3

−0.4

10−3                   10−2                  10−1                   100

C
oe

ffi
ci

en
ts

Lambda (λ=0.0295)

0.8

0.7

0.6

0.5

0.4

0.3

0.2

0.1
10−3                   10−2                   10−1                    100

M
S

E

Lambda (λ=0.0295)

A B

Figure 4 LASSO feature selection. (A) Selection of tuning parameters (lambda) in the LASSO model using 10-fold cross-validation based 
on the minimum criteria. The MSE is plotted versus lambda, and a vertical dashed line is plotted at the optimal value. (B) LASSO coefficient 
curves for radiomics characterization. Coefficient profile plots were generated for the lambda sequence. A vertical line was placed at the 
value selected from the 10-fold cross-validation where the best lambda resulted in a non-zero coefficient. LASSO, least absolute shrinkage 
and selection operator; MSE, mean squared error.

Table 3 Performance of individual and combined sequences (ADC + T2 FLAIR + CE-T1WI) in the training set, test set and external validation set

Sequences Data set AUC (95% CI) ACC SEN SPE

ADC Training 0.839 (0.7802–0.8973) 0.802 0.917 0.599

Test 0.794 (0.6720–0.9158) 0.848 0.750 0.770

External validation 0.773 (0.6893–0.8558) 0.686 0.944 0.469

T2-FLAIR Training 0.817 (0.7542–0.8800) 0.763 0.667 0.803

Test 0.734 (0.6020–0.8605) 0.700 0.687 0.703

External validation 0.606 (0.5025–0.7104) 0.619 0.500 0.719

CE-T1WI Training 0.878 (0.8322–0.9236) 0.792 0.817 0.782

Test 0.812 (0.6792–0.9441) 0.844 0.625 0.892

External validation 0.618 (0.5163–0.7203) 0.602 0.481 0.703

Combined Training 0.954 (0.9270–0.9803) 0.884 0.917 0.871

Test 0.867 (0.7676–0.9672) 0.822 0.750 0.838

External validation 0.816 (0.7310–0.9004) 0.805 0.704 0.891

ACC, accuracy; ADC, apparent diffusion coefficient; AUC, area under the curve; CE-T1WI, contrast-enhanced T1-weighted imaging; CI, 
confidence interval; SEN, sensitivity; SPE, specificity; T2-FLAIR, T2 fluid-attenuated inversion recovery.

Construction of the clinical model

In the training cohort, univariate and multivariate 
regression analyses identified (Table 4) that age (P=0.032) 
and histological grade (P<0.001) were statistically 
significant, leading to the development of the clinical 
model. The AUC in the training set, test set, and external 
validation set was 0.802, 0.848, and 0.676.

Development of the clinical-radiomics nomogram

Figure 6 shows a radiomics nomogram combining radiomics 
and clinical variables to comprehensively predict TERT 
promoter mutation in IDH wildtype glioma patients. 
The nomogram (Figure 6A) and its clinical utility analysis 
(Figure 6B,6C) are presented. The performance of the 
clinical model and the nomogram model is shown in 
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Table 5. The results show that the nomogram model has 
higher diagnostic efficiency than the single model in the 
training set, test set and external validation set. The AUC 
of the nomogram was 0.963 [95% confidence interval 
(CI): 0.9369–0.9890] in the training set, 0.905 (95% CI: 
0.8364–0.9727) in the test set, and 0.823 (95% CI: 0.7402–
0.9062) in the external validation set. The ROC curve of 
the radiomics model, clinical model, and nomogram is 
shown in Figure 7. The DeLong test showed that the AUC 
value of the nomogram model was significantly higher 
than that of the clinical model (P<0.05), The integrated 
radiomics model showed no significant association (P=0.15). 
Comparing the predicted results with the actual results, 
the calibration curve of the nomogram showed that the 
radiomic prediction of IDH wildtype with TERT mutation 
subtype was in good agreement with the actual pathological 
results. The Hosmer-Lemeshow test further verified the 
goodness of fit of the training set (P=0.463). On the other 
hand, the DCA of the nomogram is represented by drawing 
the threshold probability on the x-axis and drawing the net 
income on the y-axis (Figure 6B,6C).

Discussion

Gliomas are a heterogeneous group of tumors that originate 
from cells of the central nervous system. Due to their diverse 
clinical behavior and complex molecular underpinnings, 
they present significant challenges. With the development 
of pathological detection techniques, particularly 
advancements in next-generation sequencing and DNA 
methylation profiling, the pathological mechanisms of 
gliomas are gradually becoming clearer. An increasing 
number of molecular markers have been shown to be 
associated with the development, progression, and prognosis 
of gliomas. Accurate characterization and classification of 
gliomas are crucial for guiding treatment decisions and 
predicting patient outcomes (20,21). Notably, the release 
of the 2021 WHO classification guidelines (2) has brought 
profound changes to the field of glioma classification (22). 
The core of this classification is molecular markers, further 
underscoring the importance of molecular subtyping. IDH 
is an important marker for assessing prognosis, with TERT 
promoter mutations showing opposite effects in IDH-

Figure 5 ROC curve of three separate sequences and combined sequences in the training set, test set and external validation set. (A) The 
training set; (B) the test set; (C) the external validation set. ADC, apparent diffusion coefficient; AUC, area under the curve; CE-T1WI, 
contrast-enhanced T1-weighted imaging; CI, confidence interval; ROC, receiver operating characteristic; T2-FLAIR, T2 fluid-attenuated 
inversion recovery.
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Combined AUC: 0.816 (95% CI 0.731–0.900)
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Table 4 Univariate and multivariate analysis of IDH wild type with TERT promoter mutation

Variables
Univariate regression analysis Multivariate regression analysis

OR 95% CI P value OR 95% CI P value

Age 1.037 1.012–1.062 0.003 1.027 1.002–1.053 0.032

Gender 1.200 0.656–2.193 0.555 2.305 1.489–3.570 <0.001

Grade 2.503 1.630–3.843 <0.001 – – –

CI, confidence interval; IDH, isocitrate dehydrogenase; OR, odds ratio; TERT, telomerase reverse transcriptase.
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Figure 6 Nomogram (A), decision curve (B) and calibration curve (C). The decision curve shows that the nomogram has the highest net 
income in most threshold probability ranges. The calibration curve determined by the Hosmer-Lemeshow test further verified the goodness 
of fit (training set P=0.463). DCA, decision curve analysis.
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Table 5 Discriminant performance of clinical models and nomogram models in the training set, test set and external validation set

Model Data set AUC (95% CI) ACC SEN SPE

Clinic Training 0.802 (0.7421–0.8616) 0.802 0.917 0.599

Test 0.848 (0.7599–0.9352) 0.848 0.750 0.770

External validation 0.676 (0.5782–0.7739) 0.661 0.611 0.703

Nomogram Training 0.963 (0.9369–0.9890) 0.918 0.933 0.912

Test 0.905 (0.8364–0.9727) 0.822 0.875 0.811

External validation 0.823 (0.7402–0.9062) 0.805 0.704 0.891

ACC, accuracy; AUC, area under the curve; CI, confidence interval; SEN, sensitivity; SPE, specificity.

mutant and IDH-wildtype gliomas. IDH-wildtype gliomas 
with TERT promoter mutations have the worst prognosis 
and lower survival rates (23). Therefore, early and accurate 
identification is crucial for guiding patient treatment. The 
treatment of IDH-wildtype gliomas with TERT promoter 
mutations typically requires comprehensive therapy. Studies 
have shown that temozolomide (TMZ) chemotherapy 

provides no clinical benefit for patients with this type of 
glioma (24), making the decision to use TMZ treatment 
still controversial. Since TERT promoter mutations lead to 
abnormal increases in telomerase activity, targeted therapies 
against telomerase have become a key focus of research (25). 
Immunotherapy has been shown to benefit glioma patients 
with TERT mutations (26). Recent studies indicate that 
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Figure 7 ROC curve of radiomics model, clinical model and nomogram model. (A) The training set; (B) the test set; (C) the external 
validation set. The nomogram model has the highest efficiency. The AUC of the training set is 0.963, the test set is 0.905, and the external 
validation set is 0.823. AUC, area under the curve; CI, confidence interval; ROC, receiver operating characteristic.

IMPDH inhibition can reduce TERT expression and, when 
combined with other chemotherapeutic agents, improve 
patient survival (27).

This study aims to evaluate the predictive value of 
MRI radiomics in identifying IDH-wildtype gliomas 
with TERT promoter mutations. Our results indicate 
that radiomics has significant potential in distinguishing 
IDH-wildtype gliomas with TERT promoter mutations, 
offering a non-invasive method to assist clinical decision-
making. Additionally, by incorporating clinical factors, we 
developed a clinical-radiomics nomogram, which further 
enhanced predictive performance, with an AUC of 0.956 
in the training cohort, 0.905 in the internal test cohort, 
and 0.823 in the external validation cohort. Furthermore, 
DCA demonstrated the clinical utility of the nomogram. 
Radiomics, as a non-invasive method, has been widely 
applied in the diagnosis, grading, and prognosis of gliomas 
(28-30). Recent studies have shown that radiomics is 
highly effective in predicting the status of IDH and TERT 
promoter mutations in gliomas. Liang et al. (31) used 
multiparametric MRI radiomics to predict IDH genotype, 
achieving AUC values of 0.974 and 0.872 in the training 
and validation cohorts, respectively, outperforming 
traditional clinical models. Wang’s radiomics model based 
on DCE-MRI and DWI has the potential to improve the 
prediction of IDH1 mutations in gliomas (32); Li et al. (33) 
developed a radiomics nomogram that aids in predicting 
TERT promoter mutations in GBM, with an AUC of 
0.906 in the training set. Furthermore, with the increasing 
research on molecular markers, there is a growing interest 
in using radiomics to predict multiple molecular subtypes 
simultaneously. Wang et al. (34) combined CE-T1WI, 

ADC, and FLAIR sequences, using the automated machine 
learning algorithm TPOT to train a diagnostic model 
for detecting IDH-mutant and TERT promoter-mutant 
(IDHmut pTERTmut) gliomas, achieving an AUC of 0.971 
and a sensitivity of 0.833 in the test set. However, there are 
few studies on the prediction of IDH wildtype with TERT 
promoter mutation.

In this study, 3,591 imaging features were extracted 
from CE-T1WI, T2 FLAIR, and ADC sequences, 
including shape, texture, and wavelet features, which 
demonstrated high accuracy in distinguishing different 
genetic mutation types in gliomas. Shape features reflect 
the geometric properties of the tumor, texture features 
provide information on the internal heterogeneity of the 
tumor tissue, and wavelet features capture image variations 
at different scales. In our study, texture features contributed 
the most, likely because they make up the largest proportion 
of radiomics features. Additionally, texture features contain 
more microstructural information, which better reflects 
the heterogeneous growth and invasion patterns of gliomas 
(35,36). We also constructed models for each of the 
three sequences individually, with the CE-T1WI model 
performing the best, achieving an AUC of 0.878 in the 
training set. Previous studies have shown that (37) when 
predicting IDH mutation status in gliomas using MRI 
radiomics models based on multiple sequences, the CE-
T1WI sequence also performed the best, with an average 
AUC of 0.846 and an average accuracy of 0.792.

In our study, we included three clinical factors: age, 
gender, and histological grade. Through univariate and 
multivariate analyses, gender was found to have a P value 
greater than 0.05, indicating no statistical significance, while 



Wang et al. MRI radiomics for IDHwt-TERTp mut glioma10650

© AME Publishing Company.   Quant Imaging Med Surg 2025;15(11):10640-10653 | https://dx.doi.org/10.21037/qims-24-2192

age and histological grade were statistically significant. 
This suggests that age and histological grade have an 
impact on the prognosis of gliomas. Previous studies have 
also indicated that (38,39) age and grade are independent 
prognostic factors affecting the survival of glioma patients, 
corroborating our findings. Older age tends to have a 
poor prognosis, which may be related to the decline of the 
immune system, the decrease of treatment tolerance and 
the increase of tumor invasion. At the same time, the higher 
the grade, the higher the malignancy of the tumor and the 
worse the prognosis. Therefore, this study constructed a 
clinical model based on age and grade. The AUC in the 
training set was 0.802, which was lower than the AUC 
value of the imaging model, indicating that the prediction 
efficiency of the imaging model was better than that of the 
clinical model. This may be because the radiomics model 
can capture the potential tumor heterogeneity features from 
MRI images, including texture features and microscopic 
pathological information inside the tumor, which may 
not be fully reflected in traditional clinical grading and 
age indicators. However, the clinical model still has some 
practical value. Age and grade are routinely available 
basic information in clinical practice, and their predictive 
ability can be used as a baseline assessment tool. Although 
the radiomics model performs better, the fusion model 
combining clinical factors and imaging features may further 
improve the predictive ability. Therefore, in the follow-up 
analysis of this study, we combined Radscore and clinical 
variables to construct a nomogram model that can be used 
to guide clinical decision-making.

In addition, this study combined age, grade and 
radiomics model Radscore to construct a clinical image 
nomogram model. The results show that the model has 
the highest prediction efficiency, which is better than the 
single image model and the clinical model. Through the 
DeLong test, the predictive power of the nomogram model 
was higher than that of the clinical model (P<0.05), and the 
image combined model also had good predictive power, 
which was also better than the clinical model (P<0.05). 
There was no statistical significance between the nomogram 
model and the image combined model (P=0.15), indicating 
that the predictive power of the two models was similar. 
Previous studies have also supported that the combination 
of radiomics and clinical factors can improve the predictive 
efficacy of the model. This is consistent with our study. The 
AUC value of the nomogram model in the training set is 
0.963, which is higher than that of the image joint model 
(AUC is 0.954). However, the improvement effect of this 

study is not very significant. The possible reason is that 
the efficiency of the image fusion model is already high. 
Although it has been improved after adding clinical factors, 
the improvement effect is small. It may also be that the 
clinical factors included in this study are too few, and the 
value of the model is limited. In order to further evaluate 
the clinical practicability of the nomogram model, DCA was 
drawn in this study to compare the net benefits of different 
models under different threshold probabilities. The results 
show that the nomogram model shows a high net benefit 
in all reasonable decision threshold ranges, which further 
proves its value in assisting clinical decision-making. 
Compared with single imaging model or clinical model, 
nomogram model provides more accurate individualized 
prediction ability, which is helpful to optimize preoperative 
risk assessment and treatment decision-making.

There are some limitations in this study. First, it is a 
retrospective study, and the sequences used are common 
ones—CE-T1WI, T2 FLAIR, and ADC—without 
including advanced MRI techniques such as perfusion-
weighted imaging (PWI) and arterial spin labeling (ASL). 
Future research could benefit from incorporating functional 
sequences to enhance the extraction of tumor information. 
Second, the collection of clinical factors was insufficient, 
and patient prognosis was not analyzed. This study only 
included age, gender, and histological grade as factors; 
more clinical factors should be collected to improve the 
performance of the clinical model. In the construction of 
the final radiomics-clinical combined model, the radiomics 
model and clinical model should complement each other to 
further enhance the predictive performance of the combined 
model. Third, for the construction of the imaging model, 
only the logistic regression model was used. To further 
evaluate and improve predictive performance, it is necessary 
to analyze and compare the predictive performance of 
various models.

Conclusions

In conclusion, this study developed a radiomics model based 
on preoperative MRI to predict the molecular subtype 
of gliomas characterized by IDH-wildtype and TERT 
promoter mutations. The results demonstrated that the 
model has good predictive performance. By incorporating 
independent clinical risk factors, the nomogram model 
further improved the predictive accuracy to some extent. 
This model can provide valuable assistance in the precise 
preoperative molecular subtype diagnosis, prognosis 
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prediction, and treatment planning of glioma patients.
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