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Multiparametric radiomics signature
for predicting molecular genotypes in adult-
type diffuse gliomas utilizing '®F-FET PET/MRI
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Abstract

Purpose This study aimed to investigate the utility of radiomic features derived from multiparametric O-(2-
'8 F-fluoroethyl)-L-tyrosine ('®F-FET) positron emission tomography (PET)/ magnetic resonance imaging (MRI) for the
prediction of molecular genotypes in adult-type diffuse gliomas.

Methods This retrospective study analyzed 97 adult-type diffuse glioma patients, divided into 70% training and 30%
testing cohorts. Each participant underwent hybrid PET/MRI scans, including FLAIR, 3D T1-CE, apparent diffusion
coefficient (ADC), and '8F-FET PET. After the multimodal images were spatially aligned, tumor segmentation was
performed on the '8F-FET PET and then applied to other MRI sequences. A total of 994 radiomic features were
extracted from these specified modalities. The Naive Bayesian algorithm with five-fold validation was trained to
develop prediction models for the IDH, TERT, and MGMT genotypes and to calculate the radiomics score (Rad-Score).
The predictive performance of these models was evaluated via receiver operating characteristic (ROC) curves and
decision curve analysis (DCA).

Results The combined model demonstrated superior performance compared to single-modality and MRI
(FLAIR+T1-CE+ADC) models in predicting certain genotype statuses in the testing cohort (IDH AUC=0.97, MGMT
AUC=0.86, TERT AUC=0.90). The comparisons of the Rad-Score in multimodal models for identifying IDH, TERT, and
MGMT showed significant differences (all P<0.001). Performance of the radiomics signature surpassed that of clinical
and conventional radiological factors. DCA indicated that all multimodal models provided good net clinical benefits.

Conclusions Multiparametric '®F-FET PET/MRI comprehensively analyzes the structural, proliferative, and metabolic
information of adult-type diffuse gliomas, enabling precise preoperative diagnosis of molecular genotypes. This has
the potential to aid in the development of personalized clinical treatment plans.
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Introduction

Adult-type diffuse gliomas, prevalent malignant neo-
plasms of the central nervous system, are known for
their aggressive nature and poor prognosis. Glioblastoma
patients generally have a median survival time between
12 and 15 months, yet a subset of patients may live for
many years, which is predominantly influenced by the
aggressiveness of tumors [1]. In recent years, significant
advancements in tumor genetics have contributed to the
discovery of many molecular biomarkers. The National
Comprehensive Cancer Network guidelines highlight
that molecular and genetic features are crucial for diag-
nosing and treating gliomas, which provide more infor-
mation for diagnosis and prognosis, helping to select the
optimal treatment strategies [2]. These biomarkers, char-
acterized by their distinct diagnostic, prognostic, and
therapeutic significance, have been instrumental in the
molecular profiling of tumors and have offered directions
for targeted treatment strategies [3].

Isocitrate dehydrogenase (IDH) plays a pivotal role in
human metabolism, participating in crucial processes
such as energy metabolism and the synthesis of vita-
mins, and amino acids [4, 5]. Notably, the presence of
IDH mutations have been identified as an independent
prognostic factor in gliomas associated with a favorable
prognosis, which helps to improve survival outcomes
and positive responses to therapy [6]. Telomerase reverse
transcriptase (TERT), which encodes the catalytic sub-
unit of the telomerase complex, is highly expressed
because of mutations in the TERT promoter, thereby
promoting the formation and malignant proliferation
of gliomas [7]. Importantly, TERT promoter mutations,
which are more common with increasing grade accord-
ing to the World Health Organization (WHO) Classifica-
tion of Tumors of the Central Nervous System (CNS), are
associated with poorer overall survival in high-grade gli-
omas and act as an independent prognostic factor [8, 9].
O6-methylguanine-DNA methyltransferase (MGMT) is
also a vital gene that encodes a protein essential for DNA
repair mechanisms [10]. MGMT promoter methylation
is associated with an enhanced response to temozolo-
mide therapy and improved overall survival, especially
in the elderly population with glioblastoma [11]. A study
revealed that combining the IDH, TERT, and MGMT
biomarkers improved the classification and prognostic
stratification of gliomas across WHO grades 2 and 3 [12].
Consequently, the precise preoperative detection of these
molecular biomarkers is crucial for accurate diagnosis,
tailored treatment strategies, and prognostic assessment
in glioma patients.

Owing to their remarkable target-to-background ratio
(TBR), molecular imaging techniques utilizing posi-
tron emission tomography (PET) offer a detailed view
of tumor amino acid metabolism, indicating potential
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in the delineation and guidance of treatment for glio-
mas [13-15]. Amino acid PET tracers, such as O-(2-18F-
fluoroethyl)-L-tyrosine (**F-FET), which were recently
endorsed by the Response Assessment in the Neuro-
Oncology Working Group, are intended for incorpora-
tion into the clinical workflow for glioma management
[16]. Conventional MRI sequences (e.g., FLAIR, ADC)
provide structural information but lack sensitivity to
metabolic heterogeneity, whereas *F-FET PET quanti-
fies amino acid metabolism, reflecting tumor prolifera-
tion and angiogenesis [17]. Radiomics-based approaches
are widely utilized in tumor staging, early diagnosis, dif-
ferentiation, prognosis prediction, and treatment evalu-
ation [18]. Therefore, radiomics, which is based on PET
features, is becoming increasingly important in the initial
diagnosis of gliomas. However, only a few studies have
utilized the recommended amino acid tracers for their
assessment [19]. This noninvasive technique allows for
the assessment of metabolism across the entire tumor,
in contrast to histopathological examinations that focus
on specific tumor regions. Nevertheless, single-modality
models (e.g., PET-Rad Model) exhibit limited predictive
performance [20]. Multiparametric PET/MR radiomics
overcomes these limitations by integrating metabolic and
structural heterogeneity. Kaiser et al. [21] demonstrated
that combining PET texture features with MRI param-
eters significantly improved IDH mutation prediction
(AUC=0.94).

Given that prior studies have primarily focused on
using MRI-based radiomics methods to predict indi-
vidual genetic alterations, the effectiveness of radiomics
methods in detecting multiple glioma biomarkers within
multiparametric '*F-FET PET/MR data remains to be
fully validated. In this study, we aimed to further explore
the potential of radiomics features derived from '°F-
FET PET and multiparametric MRI (FLAIR, T1-CE,
and ADC) in predicting three key molecular biomarkers
(IDH, TERT, and MGMT) for adult-type diffuse gliomas.

Materials and methods

Study participants

In accordance with the Declaration of Helsinki, this
retrospective study was approved by the Ethics Com-
mittee and Institutional Review Board of Xuanwu Hos-
pital, Capital Medical University (No. 2023-044). Written
informed consent was obtained from patients prior to
PET/MR scans.

Patients who were diagnosed with adult-type diffuse
gliomas at our hospital from March 2019 to June 2024
were enrolled in the cohort (Fig. 1). The inclusion criteria
were as follows: (1) patients with histologically confirmed
adult-type diffuse gliomas who had complete molecular
analysis (including IDH, TERT, and MGMT) prior to
surgical resection or biopsy; and (2) patients with hybrid
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Fig.1 Flowchart of the study population

I8E_FET PET/MR image acquisition before surgery. The
exclusion criteria were as follows: (1) absent, incomplete
or ambiguous pathological results or molecular diagnos-
tic information (IDH, TERT, and MGMT); (2) prior oper-
ation, radiotherapy or chemotherapy before PET/MR
scan; and (3) severe head motion artifacts. Ultimately, the
trial included a total of 97 participants, who were ran-
domly split into training and testing cohorts at a ratio of
7:3.

Hybrid "8F-FET PET/MR image

Simultaneous *F-FET PET/MR images were obtained on
a 3-T hybrid PET/MR system (GE Signa, GE Healthcare,
USA) via a 19-channel head and neck union coil. Each
participant received an intravenous injection of approxi-
mately 200 MBq of ®F-FET while remaining fasted for
at least 4 h before the PET/MR scan. The MRI proto-
cols included axial fluid-attenuated inversion recovery
(FLAIR), axial diffusion-weighted imaging (DWI), and
3D contrast-enhanced T1-weighted magnetic resonance
imaging (T1-CE). The specific MRI parameters included
FLAIR (repetition time (TR)/ echo time (TE)=6200/140
ms, slice=22, voxel size=1.00x1.00x5.00 mm?), DWI
(TR/TE=5000/Minimum ms, with b values of 1000 s/
mm?, slice=44, voxel size=1.30x1.30x5.00 mm?®) and
3D T1-CE (TR/TE=2100/Minimum ms, slice=188,
voxel size=1.00x1.00x1.00 mm?). The apparent dif-
fusion coefficient (ADC) map was generated from the
DWI data via the AW 4.7 workstation (GE Health-
care). Static PET brain data were acquired 20 min

postinjection, with a total acquisition time of 20—40 min.
The PET data were reconstructed via a Dixon scan for
MRI-based attenuation correction, yielding a 256 x 256
matrix with a 35 cm field of view and voxel dimensions of
1.36 x 1.36 x 2.78 mm”®. This reconstruction integrates the
time-of-flight, point spread function and ordered subset
expectation maximization algorithms and employs 6 iter-
ations and 16 subsets.

Histological evaluation and molecular analysis

Tissue samples were collected from patients during
resection and fixed with paraffin. The sample sections
were subsequently used for neuropathological diagnosis
and molecular assessment, with the classification and
grading of the included adult-type diffuse gliomas recon-
firmed according to the WHO 2021 classification of CNS
tumors by two experienced pathologists. The detection
of the IDH and TERT promoter mutation status, as well
as the MGMT promoter methylation status, began with
PCR amplification. Next, Sanger sequencing was used to
determine the mutation status of IDH and TERT, while
real-time quantitative PCR was employed for quantita-
tive analysis of the methylation levels in the promoter
region of the MGMT gene.

Data preprocessing and feature extraction

The workflow steps used for processing are illustrated in
Fig. 2. Preprocessing of PET/MRI data was performed
via the MATLAB R2021a and SPM12 software environ-
ments. To rectify the uneven intensity distribution within
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Fig. 2 Workflow steps in processing

multiparametric MR images, N4 bias field correction
was applied. Afterward, FLAIR, ADC, and '®F-FET PET
images were resampled to a voxel size of 1.00 x 1.00 x 1.00
mm?, aligning them with the 3D T1-CE image via stan-
dard rigid-body settings for robust coregistration.

In the process of tumor segmentation, 3D Slicer soft-
ware (version 5.4.0, https://www.slicer.org) was used to
delineate the volume of interest (VOI) in '*F-FET PET
images by applying a TBR threshold greater than 1.6
within the tumor lesion area [22]. The mean background
activity of '8F-FET PET was assessed via a large, crescent-
shaped VOI placed in the unaffected contralateral hemi-
sphere, encompassing both white and gray matter, as
published earlier [21]. Several PET quantitative metrics,
including the maximal standardized uptake value (SUV-
max) and mean SUV (SUV_ ...), as well as the maximal
TBR (TBR,,,,) and mean TBR (TBR,,.,,), were calculated
by the basis of the VOI from PET imaging as previously
described [23]. Similarly, the values of minimum ADC
(ADC,,;,) and mean ADC (ADC,,,,,) were derived from
VOI analysis of the ADC image. Two experienced radi-
ologists, blinded to the final diagnoses and molecular
biomarker status, reviewed the VOI segmentation and
reached a consensus. Disagreements were resolved by a
third senior physician.

A total of 994 features were extracted from each
modality, including first-order (18), 3D shape (14), tex-
ture (75), Laplacian of Gaussian (LoG) (93) and wavelet
transformed features (744) via Python software (version
3.9, https://www.python.org). A set of 994 imaging fea
tures was extracted, including textural and non-textural

features. The extraction of texture features involves vari-
ous methods, such as the gray level co-occurrence matrix
(GLCM), gray level run length matrix (GLRLM), gray
level size zone matrix (GLSZM), and neighboring gray
tone difference matrix (NGTDM).

Feature selection and model construction

To enhance the interpretability and generalization capa-
bilities of the prediction models, two feature selection
methods were utilized: minimum redundancy maximum
relevance (mRMR) and least absolute shrinkage and
selection operator (LASSO). The mRMR algorithm was
employed to maximize the correlation between features
and the target variable while minimizing redundancy
among features, thereby enhancing model interpretabil-
ity and reducing the risk of overfitting. Subsequently,
LASSO, a feature selection method based on L1 regu-
larization, could automatically identify key features in
high-dimensional data and mitigates multicollinearity. By
combining both methods, we balanced feature indepen-
dence and model generalizability, ensuring robustness
in our radiomics pipeline. Naive Bayesian algorithms
were used to establish three five-fold validation machine
learning models to calculate radiomics score (Rad-score),
which were useful for predicting the IDH, TERT, and
MGMT genotypes in all patients. Single-modality mod-
els based on radiomics features extracted from multipa-
rametric PET/MR images were constructed for FLAIR,
ADC, T1-CE, and "F-FET PET. The MRI model inte-
grated features from FLAIR, T1-CE, and ADC, whereas
a multimodal model combined all features from PET/
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MRI. Each model was applied individually to predict
biomarker status. In the clinical model, clinical features
included both clinical and MR imaging characteristics,
along with ADC and PET. More detailed information can
be found in Table S1. Ultimately, optimal clinical features
were identified through univariate analysis and refined
via stepwise multivariate logistic regression to construct
a clinical model. The combined model incorporated both
radiomics features and selected clinical characteristics.

Statistical analysis
R software (version 3.6.1, https://www.r-project.org) was
used for the statistical analysis. Receiver operating char-
acteristic (ROC) curves and the area under the curve
(AUC) were obtained to evaluate the performance of
all the models within each molecular group, along with
95% confidence interval (CI), sensitivity (SEN), speci-
ficity (SPE) and accuracy (ACC). Decision curve analy-
sis (DCA) was conducted to evaluate the clinical utility
of each model in the testing cohort by assessing the net
benefit across a range of threshold probabilities.
Differences in clinical characteristics and imaging fea-
tures among each genotype were compared using IBM
SPSS Statistics (version 27). Descriptive statistics for
continuous data are presented as mean and standard
deviation, while categorical data are reported in terms
of frequencies. For variables with a normal distribution
(e.g., age), an independent samples t-test was applied.
Then, the Mann-Whitney U test was used to assess dif-
ferences in continuous data that exhibited non-normal
distributions. Significance of categorical variables was

Table 1 Demographic characteristics of patients in training and
test cohort
Characteristics

Training cohort  Testing cohort P-

(N=68) (N=29) value
Age 5097 +14.63 517241254 0.809°
Gender (M/F) 40/28 13/16 0.739°
WHO Grade 0.908°
2 15 7

3 10 5

4 43 17

IDH 0.985°
Mutant 28 12

Wild-type 40 17

TERT 0.546°
Mutant 45 21

Wild-type 23 8

MGMT 0.340°
Methylated 51 19

Unmethylated 17 10

Note: Data are presented as means+tstandard deviation. IDH, Isocitrate
dehydrogenase; TERT, Telomerase reverse transcriptase; MGMT, 06-
methylguanine-DNA methyltransferase

2Independent samples t-test. °Chi-square test
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determined using chi-square or Fisher’s exact tests.
P<0.05 was considered to indicate statistical significance.

Results

Patient demographic characteristics

The demographic and clinical characteristics of the
enrolled participants in the training cohort (N=68) and
testing cohort (N=29) are shown in Table 1. The cohort
comprised 57 males and 42 females with a mean age of
51.20+13.98 years. No significant differences in patient
characteristics were observed between the training and
testing groups in terms of age, sex, grade or molecular
biomarker status, which justified their applicability.

Radiomics feature selection and Rad-Score

Following Naive Bayesian analysis, multimodal predic-
tive models were developed for each molecular bio-
marker. These models incorporated 13 radiomics features
for IDH, 12 for TERT, and 13 for MGMT, including
first-order statistics, texture features, and wavelet fea-
tures. The results are listed in Table S2. The IDH-mutant
group had a significantly higher Rad-score than the IDH
wild-type group in multimodal models (P<0.001). A
similar pattern was observed between the TERT pro-
moter-mutant and TERT promoter wild-type groups
(P<0.001). Additionally, patients with MGMT promoter
methylation had a higher Rad-score than those with
MGMT promoter unmethylation in multimodal models
(P<0.001). The comparisons of the Rad-Score in multi-
modal models for each biomarker are shown in Fig. 3.
Representative cases are shown in Fig. 4.

Assessment of prediction model

The predictive models were evaluated for their perfor-
mance in determining the status of IDH, TERT, and
MGMT via PET/MR radiomics, which included single
modality (FLAIR, T1-CE, ADC, and '8FE-FET PET),
MRI (FLAIR+T1-CE+ADC), and multimodal mod-
els (FLAIR + T1-CE + ADC+'8FE-FET PET). The results
are shown in Tables 2 and 3, and Fig. 5. We found that
the multimodal models performed better in identifying
the molecular genotypes than both the single modal-
ity and the MRI models. In the prediction of the IDH
genotype, the multimodal model demonstrated superior
performance (AUC=0.97, ACC=90.0%) in the testing
cohort, which was higher than that of the single modality
(FLAIR, AUC=0.84, ACC=82.8%; T1-CE, AUC=0.83,
ACC=79.3%; ADC, AUC=0.82, ACC=75.9%; '*F-FET
PET, AUC=0.73, ACC=65.5%), and the MRI model
(AUC=0.93, ACC=89.7%). With respect to the TERT
genotype, the multimodal model showed better pre-
dictive performance (AUC=0.86, ACC=75.9%) than
the single modality (FLAIR, AUC=0.76, ACC=72.4%;
T1-CE, AUC=0.73, ACC=79.3%; ADC, AUC=0.73,


https://www.r-project.org

Bai et al. BMIC Medical Imaging (2025) 25:187 Page 6 of 12

a . . b .
Training cohort Testing cohort
S Stk St 12 Sede s S
84 — f 1 f 1 10 =] (| |
6 8.
4- 64
?5‘ 21 g 449 |B
[*] 1 <
2 0- 2 27 (@
g g 0 ¥A
=4 24 o 7]
22
-4 4]
-6 -6 -
-8 -8

IDH#) IDH() TERT(+) TERT() MGMT(HMGMT() IDH(+) IDH() TERT(+) TERT() MGMT(+MGMT()

Fig.3 Rad-scores of participants in multimodal models for each biomarker. Rad-scores of multimodal models for distinct statuses of IDH, TERT and MGMT
in the training (a) and testing (b) cohorts (all P<0.001). ***P < 0.001
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Fig. 4 Typical cases of the classification results. After segmentation and feature extraction, decision values were computed according to our '®F-FET
PET/MR radiomics predictive models. Case 1: IDH-mutant astrocytoma (Rad-score =2.166) versus IDH wild-type glioblastoma (Rad-score = -1.287). Case
2: TERT-mutant oligodendroglioma (Rad-score=1.857) versus TERT wild-type glioblastoma (Rad-score = -0.949). Case 3: MGMT-methylated astrocytoma
(Rad-score =1.665) versus MGMT-unmethylated glioblastoma (Rad-score = -0.584)
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Table 3 Performance of fusion models for each biomarker status

IDH TERT MGMT

Multimodal MRI Multimodal MRI Multimodal MRI
Training
AUC 0.98 0.95 0.84 0.81 091 0.86
95%ClI 0.96 - 1.00 0.91-1.00 0.75-0.94 0.68-0.93 0.84-0.99 0.77-0.95
ACC(%) 95.6 91.2 824 779 86.8 779
SEN(%) 929 89.3 844 733 86.3 74.5
SPE(%) 97.5 92.5 783 87.0 882 882
Testing
AUC 097 0.93 0.86 0.81 0.90 0.85
95%Cl 0.91-1.00 0.83-1.00 0.71-1.00 0.57-1.00 0.79-1.00 0.71-1.00
ACC(%) 90.0 89.7 759 82.8 793 793
SEN(%) 100.0 91.7 714 81.0 68.4 789
SPE(%) 824 88.2 87.5 87.5 100.0 80.0

Note: AUC, the area under the receiver operating characteristic curve; Cl, confidence interval; ACC, accuracy; SEN, sensitivity; SPE, specificity

reached 95.6%, 82.4%, and 86.8%, respectively. Compara-
tively, the testing cohort demonstrated accuracy values of
90.0%, 75.9%, and 79.3% for predicting these genotypes.

The updated WHO 2021 classification of CNS tumors
highlights the importance of molecular biomarkers in
the diagnosis and management of gliomas [24]. The
incorporation of specific molecular groups, such as
IDH and TERT status, into tumor grading has signifi-
cantly improved the prognostic evaluation of gliomas
[25]. MGMT promoter methylation serves as a robust
prognostic indicator in glioma patients, especially with
respect to the chemosensitivity of IDH wild-type glio-
blastomas [26]. Amino acid PET tracers, like ®F-FET
PET, have shown value in evaluating intratumoral het-
erogeneity, as their uptake correlates with cellular prolif-
eration and microvascular density [17]. "*F-FET PET has
proven effective in revealing tumor molecular character-
istics, with significant potential for clinical applications
in gliomas, including grading, subtyping, and treatment
evaluation [17, 27, 28, 29, 30].

Nevertheless, conventional FET imaging features face
certain limitations in precise diagnostics. Song et al.
[31] reported that TBR from 8F-FET PET and cerebral
blood flow from arterial spin labeling were ineffective in
determining the MGMT status. Similarly, a retrospective
study involving one hundred IDH-wildtype glioblastoma
patients revealed that neither static nor dynamic '°F-
FET PET parameters were successful in predicting TERT
promoter mutations [32]. In contrast, our study demon-
strated that the single-modality model based on '8F-FET
PET radiomics analysis exhibited good predictive per-
formance for identifying the TERT and MGMT geno-
types in the testing cohort, with AUC of 0.76 and 0.80,
respectively. Feature selection using mRMR and LASSO
prioritized first-order statistics, texture, and wavelet fea-
tures over conventional PET metrics (e.g., TBR,,,). This
indicates that metabolic heterogeneity, rather than SUV

values, may better reflect the underlying biological char-
acteristics of different TERT and MGMT status. This
finding aligns with prior studies, where first-order sta-
tistics and textural features of PET outperformed tradi-
tional parameters [33, 34].

To date, the majority of research has focused only on
MRI-based radiomics to predict molecular biomark-
ers. For instance, a study based on multiparametric
MRI radiomics features reported an AUC of 0.795 in
predicting IDH mutation status, achieving moderate
performance [35]. However, limitations persist, such as
the limited accuracy of TERT prediction (AUC:0.669,
accuracy:65.5%) [36] and incomplete characterization
of tumor heterogeneity. Our study integrated 'F-FET
PET into radiomics models, resulting in superior per-
formance in the testing cohorts (IDH AUC=0.97, TERT
AUC=0.86, and MGMT AUC=0.90) compared with
single modality and MRI models. These findings confirm
that '8F-FET PET provides valuable insights into tumor
amino acid metabolism, effectively supplementing MRI
data.

Additionally, the multimodal radiomics features we
proposed achieved superior prediction performance
when compared with clinical and conventional radio-
logical factors. Firstly, our fusion signature from multi-
modal information, which included more comprehensive
information that reflects subtle textural differences in
the microenvironments and obtained important imag-
ing characteristics associated with multiple glioma
genotypes, outperformed those derived from individ-
ual sequences. Secondly, most of the effective features
extracted in our study were textural and wavelet features,
which enabled multi-scale analysis of tumor texture and
structure. Thus, these images more effectively captured
key tumor heterogeneity and spatial distribution. More-
over, research verified by histopathology has shown that
areas of high metabolic activity in gliomas, as identified
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Fig. 5 The ROC of the machine learning models. a and b, ROC curve for the prediction of IDH (mutant or wild type); c and d, ROC curve for the predic-
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by 8E-FET PET, frequently extend beyond the tumor vol-
umes observed on CE-MRI [13]. Therefore, we adopted
this method from previous studies [14, 34], which
defined the entire tumor volume on '®F-FET PET as the
VOI and applied it synchronously to MRI sequences. The
radiomics approach applied to multiparametric PET/
MRI data may better reflect overall lesion characteristics,
leading to improved diagnostic efficiency.

Furthermore, we also explored whether a combined
model incorporating clinical variables, radiological vari-
ables, and fusion radiomics signature would outperform
the signature alone. In our study, age and ADC_; were
significant predictors of the IDH genotype, frontal lobe
involvement was a key predictor of the MGMT genotype,
and TBR,,, was a crucial predictor of the TERT geno-
type in glioma. However, incorporating these variables
into multimodal radiomics did not yield any improve-
ment in performance. This lack of improvement may be
due to the subjective nature of some variables, which are
influenced by radiologists’ judgment, or because these
variables only roughly represent certain tumor character-
istics. Additionally, the inherent heterogeneity of tumors
means that these parameters cannot fully capture phe-
notype information. Therefore, adding these factors to
radiomics features does not enhance predictive perfor-
mance and instead complicates the model.

However, our study still has several limitations that
should be noted. As a retrospective analysis, the predic-
tive models we have developed should undergo further
validation in a prospective setting to confirm their effi-
cacy. Besides, our study adopts a single-center design
with a limited sample size. Future studies should aim to
expand the sample size and include multicenter valida-
tions to bolster the generalizability and external validity
of the results. Finally, our radiomics analysis is currently
confined to specific MRI sequences (FLAIR, T1-CE and
ADC), as well as metabolic PET images (**F-FET PET).
It is plausible that incorporating dynamic FET PET

parameters (e.g., time-activity curves) or advanced MRI
sequences, such as dynamic susceptibility contrast perfu-
sion-weighted imaging (DSC-PWI) and diffusion tensor
imaging (DTI), might enhance predictive performance by
better capturing spatiotemporal heterogeneity.

In conclusion, we developed multiparametric predic-
tion models with simultaneous structural, proliferative,
and metabolic information based on F-FET PET/MRI
radiomics, which can offer significant additional value
for the noninvasive preoperative diagnosis of IDH, TERT,
and MGMT status in adult diffuse gliomas.
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