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Abstract
Objective  This study aimed to develop predictive models for postoperative recurrence and overall survival in 
patients with brain glioma (BG) by integrating preoperative contrast-enhanced MRI-derived delta habitat radiomics 
features with clinical characteristics.

Methods  In this retrospective study, preoperative contrast-enhanced MRI data and clinical records of 187 BG 
patients were analyzed. Patients were stratified into non-recurrence (n = 100) and recurrence (n = 87) cohorts based 
on postoperative outcomes. The dataset was randomly divided into training and test sets (7:3 ratio). Delta habitat 
radiomic features were extracted from intratumoral and peritumoral edema regions. A radiomic score (Radscore) 
was generated via LASSO regression with ten-fold cross-validation in the training cohort. Clinical variables (gender, 
IDH1 mutation, 1p19q co-deletion, MRI enhancement patterns) and radiomic features were compared between 
groups using χ² or Student’s t-tests. Multivariate logistic regression models incorporating significant predictors were 
developed. Model performance was evaluated using AUC comparisons (DeLong test), decision curve analysis (clinical 
utility), and validated via XGBoost machine learning. Nomograms were constructed to visualize recurrence and 
survival predictions.

Results  The training cohort revealed significant intergroup differences in gender, IDH1 mutation, 1p19q co-deletion, 
MRI enhancement patterns, and delta habitat radiomic scores (Radscore1/2, p < 0.05). The combined model 
(clinical + radiomic features) demonstrated superior predictive performance for recurrence [AUC 0.921 (95% CI 
0.861–0.961), OR 0.023, sensitivity: 87.18%, specificity: 82.03%] compared to clinical-only [AUC 0.802 (0.745–0.833), OR 
0.036] and radiomic-only [AUC 0.843 (0.769–0.900), OR 0.034] models (p < 0.05, DeLong test). Decision curve analysis 
confirmed greater clinical net benefit for the combined model. These findings were replicated in the test cohort. The 
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Introduction
Brain gliomas (BGs), the most prevalent primary intra-
cranial malignancies in adults, are characterized by 
aggressive biological behavior, high recurrence rates, 
and poor clinical outcomes. In China, the incidence of 
BG has risen to 5–8 cases per 100,000 population annu-
ally, driven by environmental factors, genetic mutations, 
and improved diagnostic capabilities [1–3]. Despite 
multimodal therapies—including maximal safe resec-
tion followed by radiotherapy and temozolomide-based 
chemotherapy—the prognosis remains dismal, with 
a median overall survival (OS) of 22.5 months and a 
five-year survival rate of merely 7.2%. Postoperative 
recurrence, a critical determinant of survival, imposes 
substantial psychological and socioeconomic burdens on 
patients due to repeated imaging surveillance and thera-
peutic interventions. Contrast-enhanced MRI (CE-MRI) 
remains the cornerstone for BG diagnosis and monitor-
ing. However, conventional MRI lacks the sensitivity to 
predict early recurrence or quantify tumor microenviron-
ment heterogeneity, which underpins therapeutic resis-
tance and progression [4–6]. Radiomics, an advanced 
computational tool, addresses this gap by extracting 
high-dimensional imaging features that reflect tumor 
biology beyond human visual perception. While exist-
ing radiomic studies have focused on static enhancement 
characteristics of tumors during specific imaging phases 
(e.g., Non-Contrast Phase, Arterial Phase, or Venous 
Phase), they often neglect peritumoral microenviron-
ment dynamics and temporal evolution of recurrence risk 
[7–9]. Unlike conventional static radiomics approaches 
that analyze single-timepoint enhancement patterns, our 
delta habitat radiomics framework dynamically quanti-
fies spatial-temporal heterogeneity across intratumoral 
and peritumoral habitats. This method captures micro-
environmental interactions critical for recurrence, a 
dimension overlooked in prior studies focused solely on 
tumor core features. By combining these features with 
clinicopathological variables, we aim to develop prognos-
tic tools to optimize postoperative management and per-
sonalized therapeutic strategies (Fig. 1).

Methods
Study population
This retrospective cohort study included 234 patients 
with histopathologically confirmed BG treated at our 
institution between August 2015 and April 2023. Inclu-
sion criteria were: (1) Standard tumor resection (neu-
roendoscopic or open craniotomy) with postoperative 
BG diagnosis; (2) Preoperative CE-MRI within one 
month prior to surgery; (3) Completion of adjuvant 
radiotherapy and temozolomide chemotherapy; (4) 
Minimum three-year follow-up data. Exclusion crite-
ria comprised: (1) Poor MRI quality (motion artifacts, 
incomplete sequences); (2) Incomplete clinical/imaging 
records; (3) Prior glioma recurrence, concurrent malig-
nancies, or contraindications to MRI contrast agents; 
(4) Impaired liver or kidney function, or claustropho-
bia. After exclusions, 187 patients were analyzed. Based 
on Response Assessment in Neuro-Oncology (RANO) 
criteria, patients were stratified into non-recurrence 
(n = 100) and recurrence (n = 87) cohorts. The dataset was 
partitioned into training (70%) and test (30%) sets using 
time-stratified randomized sampling to mitigate tem-
poral bias (Fig.  2). Demographic and clinicopathologi-
cal variables included: Age, gender, WHO tumor grade 
(2021 CNS5 classification); Molecular markers: IDH1 
mutation, 1p19q co-deletion, MGMT promoter methyla-
tion (methylation-specific PCR), Ki-67 index (immuno-
histochemistry); Comorbidities: diabetes, hypertension; 
Lifestyle factors: smoking, alcohol use. Ethical Approval: 
The study protocol was approved by the Institutional 
Ethics Committee of Xiangyang No.1 People’s Hospital 
affiliated with Hubei University of Medicine (Approval 
No.: XYYYE20240011). Written informed consent was 
obtained from all participants or legal guardians [10–11].

MRI acquisition and radiomics workflow
Imaging Protocol: Preoperative cranial MRI was per-
formed using 3.0T scanners (Philips Ingenia and Sie-
mens MAGNETOM Vida) equipped with 8-channel head 
coils. The protocol included: Non-contrast sequences: 
Axial T1-weighted imaging (T1WI), T2-weighted imag-
ing (T2WI), T2 fluid-attenuated inversion recovery (T2 
FLAIR), diffusion-weighted imaging (DWI), and appar-
ent diffusion coefficient (ADC) mapping. Post-contrast 

survival nomogram incorporated IDH1 mutation status, gender, and Radscore1/2, with Kaplan-Meier analysis verifying 
their prognostic significance (p < 0.01).

Conclusion  Delta habitat radiomics derived from preoperative contrast-enhanced MRI may enhance the accuracy of 
postoperative recurrence and survival predictions in BG patients. The validated nomograms provide actionable tools 
for optimizing postoperative surveillance and personalized clinical decision-making.

Keywords  Delta habitat radiomics, Glioma prognosis, MRI radiomics, Machine learning, XGBoost, Contrast-enhanced 
MRI, Survival prediction
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sequences: T1WI with gadopentetate dimeglumine (0.1 
mmol/kg IV). Enhanced T1WI parameters: matrix size 
256 × 256, slice thickness 1/5  mm, field of view (FOV) 
240 × 240 mm², repetition time (TR) 1820 ms, echo time 
(TE) 30 ms, and 1 excitation. N4 bias correction and 
ComBat harmonization were applied to minimize scan-
ner variability. Intensity normalization used histogram 
matching to a reference scan, ensuring feature stabil-
ity across acquisition parameters. Region of Interest 
(ROI) Segmentation: Two blinded observers (a neuro-
radiologist with 12 years’ experience and an MR techni-
cian with 8 years’ experience) independently delineated 
ROIs on post-contrast T1WI images using 3D Slicer 
(v4.13): (1) Intratumoral region: Enhancing tumor core. 
(2) Peritumoral habitat: 3–12  mm margin surround-
ing the tumor, guided by CNS tumor imaging consen-
sus guidelines. Each observer performed segmentations 
twice to assess inter-/intra-rater reliability via intraclass 

correlation coefficient (ICC > 0.75 threshold for stabil-
ity).Two staffs independently segmented ROIs. Intraclass 
correlation coefficients (ICC) for inter-/intra-observer 
agreement exceeded 0.85 for 94% of features. Discor-
dant segmentations (< 5%) were resolved by consensus. 
Radiomic Feature Extraction and Processing: (1) Pre-
processing: Isotropic resampling (1 × 1 × 1  mm³ vox-
els). Z-score normalization of feature values. (2) Feature 
extraction: 870 radiomic features per sequence, includ-
ing: First-order statistics, 3D shape descriptors. Texture 
matrices: gray-level co-occurrence matrix (GLCM), 
gray-level dependence matrix (GLDM), gray-level run-
length matrix (GLRLM), gray-level size zone matrix 
(GLSZM), neighborhood gray-tone difference matrix 
(NGTDM). Transformed features: Wavelet decomposi-
tions, Laplacian of Gaussian. (3) Delta habitat radiomics: 
Δ-features = (Enhanced feature value) − (Non-enhanced 
feature value). Radscore1: Peritumoral habitat (3–12 mm 

Fig. 1  According to Web of Science, recent research hotspots on glioma have focused on molecular mechanisms, radiotherapy and chemotherapy, and 
animal models. There were relatively rare reports on using delta habitat radiomics data derived from enhanced MR imaging to predict recurrence and 
overall survival
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margin). Radscore2: Intratumoral region (Fig.  3). Fea-
ture Selection: 1.Stability filtering: Retained features with 
ICC > 0.75. 2.Dimensionality reduction: Minimum redun-
dancy maximum relevance (MRMR) for initial selec-
tion. LASSO regression with 10-fold cross-validation (λ 
optimized via minimum mean squared error) to derive 
final radiomic signatures and corresponding radscores 
[12–13].

Statistical analysis
All analyses were performed using R software (version 
4.3.1; R Foundation for Statistical Computing). Feature 
selection and model development followed a staged 
approach: (1) Minimum Redundancy Maximum Rele-
vance (MRMR): Implemented via the `mRMRe` package 
to prioritize radiomic features with high discrimina-
tive power and low redundancy. (2) LASSO Regression: 
Applied using the `glmnet` package with 10-fold cross-
validation to optimize regularization (λ selected by 
minimum mean squared error), generating radiomic 

scores (Radscore1/2). Group Comparisons - Categori-
cal variables: Assessed by χ² or Fisher’s exact tests (cell 
counts < 5). Continuous variables: Normality evaluated 
via Shapiro-Wilk test; parametric comparisons used inde-
pendent t-tests, while nonparametric data employed Wil-
coxon rank-sum tests. Significance threshold: Two-tailed 
P < 0.05. Model Construction and Validation: 1.Training 
Cohort: Clinicopathological model: Clinically significant 
predictors (e.g., IDH1 status, 1p19q co-deletion). Imaging 
model: Radscore1 (peritumoral) and Radscore2 (intratu-
moral). Combined model: Integration of clinicopatholog-
ical and radiomic features. 2. Performance Metrics: ROC 
curves (`pROC` package) with DeLong test for AUC 
comparisons. Decision curve analysis (DCA) to quantify 
clinical utility across risk thresholds. XGBoost validation 
(Python 3.9, `xgboost` package; hyperparameters tuned 
via grid search). XGBoost was chosen for its robustness 
to class imbalance and ability to model non-linear inter-
actions. Moreover, its SHAP-based visualization of fea-
ture importance provides an excellent validation of the 

Fig. 2  Schematic diagram of case registration and grouping in this study
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predictive factors in the combined model, outperform-
ing those of the SVM and Random Forest models.3. Test 
Cohort: Model generalizability assessed using locked 
coefficients from the training phase. Nomogram Devel-
opment Multivariable logistic regression results were 
visualized as nomograms using the `rms` package, with 
calibration curves and Brier scores evaluating prediction 
accuracy [14, 15].

Results
Baseline characteristics
No significant differences were observed between recur-
rence and non-recurrence groups in age, Ki-67 expres-
sion, MGMT promoter methylation status, diabetes/
hypertension history, or smoking/alcohol use (P > 0.05; 

Tables  1 and 2). Significant intergroup disparities were 
identified in gender, IDH1 mutation status, 1p19q co-
deletion frequency, and MRI enhancement patterns 
(P < 0.05).

Radiomic feature selection
Of 870 initially extracted radiomic features, 851 
(94.1%) demonstrated high interobserver repro-
ducibility (ICC > 0.75). Subsequent MRMR 
filtering and LASSO regression with 10-fold cross-
validation yielded two delta habitat radiomic signa-
tures: Radscore1 (peritumoral habitat): Incorporated 
10 features (e.g., Maximum2DDiameterColumn, Clus-
terShade, Imc1;). Radscore2(intratumoral region): 
Included 5 features(e.g., GrayLevelNonUniformity, 

Fig. 3  The flowchart for extracting and generating contrast-enhanced magnetic resonance radiomics(Delta habitat radscore) in this study
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SizeZoneNonUniformityNormalized; ). Both scores dif-
fered significantly between recurrence and non-recur-
rence cohorts (P < 0.05; Table 3).

Model performance
In the training cohort, the combined model (clinicopath-
ological + radiomic features) outperformed standalone 
models: Combined model: AUC 0.921 (95% CI 0.861–
0.961), sensitivity: 87.18%, specificity: 82.03%, Precision: 

80.30%, OR 0.023. VS. Clinicopathological model: AUC 
0.802 (0.745–0.833), OR 0.036. VS. Imaging model: AUC 
0.843 (0.769–0.900), OR 0.034 (Table 4; Fig. 4). XGBoost 
validation confirmed the combined model’s robust-
ness, while decision curve analysis demonstrated supe-
rior clinical net benefit across risk thresholds (Figs. 5, 6 
and 7). Test cohort validation replicated these findings: 
Combined model: AUC 0.891 (0.779–0.959), sensitivity: 
83.33%, specificity: 80.81%, Precision: 79.02%,OR 0.045. 

Table 1  Comparison results of clinical and imaging data between the two groups
Factors Normal group

(n = 100)
Recurrence group(n = 87) X2, Z or t value P

Hypertension history 18.24 ± 15.09 14.89 ± 13.59 1.58 0.12
Diabetes history 8.11 ± 3.86 9.76 ± 5.62 1.34 0.18
Smoking history 17.48 ± 15.49 18.81(0,28.12) 0.59 0.56
Drinking history 22.75 ± 20.39 27.50 ± 17.29 1.70 0.09
Age 55.13 ± 7.01 54.34 ± 7.97 0.72 0.48
MGMT promoter methylation 0.60 0.44
1(No) 73 59
2(Yes) 27 28
BMI 25.03(22.02,26.70) 24.53 ± 2.96 1.19 0.24
Tumor location 1.82 0.07
1(fronto-parietal lobe) 55 38
2(The temporal lobe and basal ganglia region) 23 20
3(Cerebellum and occipital lobe) 22 29
WHO grade 1.85 0.07
1 stage 61 41
2 stage 18 20
3 stage 21 26
Ki67 33.12 ± 17.34 38.19 ± 18.93 1.91 0.06
Surgical method 0.12 0.73
1(craniotomy) 76 68
2(Da Vinci + neuroendoscope) 24 19
Gender 35.03 < 0.05*
Male 84 37
Female 16 50
Radscore 1 0.44 ± 0.08 0.49 ± 0.06 4.95 < 0.05*
Radscore 2 0.38 ± 0.13 0.55 ± 0.15 8.18 < 0.05*
MR enhancement patterns 2.72 < 0.05*
1(Inflow type) 7 16
2(Plateau type) 25 26
3(Outflow type) 68 45
IDH1 mutation 7.53 0.01*
0(Yes) 67 41
1(No) 33 46
1p19q co-deletion 8.04 < 0.05*
0(Yes) 87 61
1(No) 13 26
Local tumor necrosis 1.47 0.22
0(No) 65 49
1(Yes) 35 38
PLR 142.28 ± 42.51 154.03 ± 51.53 1.71 0.09
NLR 3.68(2.39,3.95) 4.08 ± 1.51 1.84 0.07
P-value < 0.05* indicates statistical significance, with significant differences observed between the two groups in terms of gender, IDH1 mutations, 1p19q co-
deletion, Radscore 1/2, and enhancement patterns on contrast-enhanced MR imaging. PLR: Platelet to Lymphocyte Ratio, NLR: Neutrophil to Lymphocyte Ratio
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VS. Clinicopathological model: AUC 0.743 (0.609–0.850), 
OR 0.066. VS. Imaging model: AUC 0.827 (0.702–0.915), 
OR 0.056. The nomogram developed through the com-
bined model significantly streamlines the prediction 
workflow for BG recurrence.

Survival analysis
Kaplan-Meier analysis identified IDH1 mutation sta-
tus, gender, and Radscore1/2 (P < 0.05) as independent 
prognostic factors for overall survival. The survival 

nomogram integrating these predictors demonstrated 
clinically meaningful calibration (Brier score 0.13) and 
discrimination (C-index 0.81) (Table 5; Figs. 8, 9 and 10).

Discussion
The diagnostic accuracy of brain gliomas (BG) has sig-
nificantly improved with the widespread adoption of 
advanced CT and MRI screening technologies, enabling 
timely clinical interventions and substantially enhancing 
patients’ quality of life compared to previous decades. 

Table 2  Results of logistic regression analysis for predicting BG recurrence based on clinicopathological data from two groups, 
*P < 0.05
Clinicopathological model Univariate analysis Multivariate analysis
factors P Hazard ratio P Hazard ratio
Hypertension history 0.18 0.98(0.96–1.01)
Diabetes history 0.45 1.01(0.97–1.05)
Smoking history 0.57 1.01(0.98–1.03)
Drinking history 0.08 1.02(0.99–1.04)
Age 0.11 0.96(0.92–1.01)
MGMT promoter methylation 0.76 1.12(0.53–2.41)
BMI 0.09 0.89(0.79–1.02)
Tumor location 0.12 1.36(0.92–2.02)
WHO grade 0.11 1.38(0.93–2.06)
Ki67 0.09 1.02(0.99–1.04)
Surgical method 0.55 1.19(0.67–2.10)
Gender < 0.05* 9.91(4.25–23.11) < 0.05* 15.96(5.85–43.49)
IDH1 mutation 0.03* 2.12(1.05–4.28) < 0.05* 4.45(1.73–11.42)
1p19q co-deletion 0.03* 2.51(1.06–5.97) 0.04* 3.08(1.07–8.91)
Local tumor necrosis 0.61 1.20(0.60–2.40)
PLR 0.12 1.01(0.99–1.10)
NLR 0.22 1.16(0.92–1.46)
P-value < 0.05* indicates statistical significance, In clinicopathological model, multivariate analysis has confirmed that gender, IDH1 mutation and 1p19q co-deletion 
were independent predictors of BG recurrence.PLR: Platelet to Lymphocyte Ratio, NLR: Neutrophil to Lymphocyte Ratio

Table 3  Results of logistic regression analysis for predicting BG recurrence based on imaging data from two groups, *P < 0.05
Imaging Model Univariate analysis Multivariate analysis
factors P Hazard ratio P Hazard ratio
Radscore 1 < 0.05* 3.73(1.95–7.13) < 0.05* 2.57(1.27–5.19)
Radscore 2 < 0.05* 2.15(1.64–2.81) < 0.05* 1.95(1.48–2.58)
MR enhancement patterns 0.04* 1.65(1.01–2.69)
P-value < 0.05* indicates statistical significance, In imaging model, multivariate analysis has confirmed that Radscore 1, and Radscore 2 were independent predictors 
of BG recurrence

Table 4  Results of logistic regression analysis for predicting BG recurrence based on clinicopathological imaging data from two 
groups, *P < 0.05
Combined Model Univariate analysis Multivariate analysis
factors P Hazard ratio P Hazard ratio
Gender < 0.05* 9.91(4.25–23.11) < 0.05* 45.32(9.53-215.53)
IDH1 mutation 0.03* 2.12(1.05–4.28) < 0.05* 7.19(1.98–26.06)
1p19q co-deletion 0.03* 2.51(1.06–5.97)
Radscore 1 < 0.05* 3.73(1.95–7.13) < 0.05* 6.22(2.29–16.89)
Radscore 2 < 0.05* 2.15(1.64–2.81) < 0.05* 1.81(1.25–2.60)
MR enhancement patterns 0.04* 1.65(1.01–2.69)
P-value < 0.05* indicates statistical significance, In combined model, multivariate analysis has confirmed that gender, IDH1 mutation and Radscore 1/2 were 
independent predictors of BG recurrence
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Nevertheless, BG remains one of the most prevalent 
intracranial malignancies, accounting for up to 50% of 
primary brain tumors, and is generally associated with 
poor prognosis. While the etiology of BG remains con-
troversial within the medical community, accumulat-
ing evidence suggests strong correlations with genetic 
mutations, environmental pollution, and electromagnetic 
radiation. Notably, BG incidence shows no significant 
demographic disparities across populations [16, 17]. Cur-
rent therapeutic strategies for BG include craniotomy, 

Da Vinci robotic-assisted neuroendoscopic minimally 
invasive surgery, radiotherapy, chemotherapy, and tar-
geted therapies. These approaches aim to maximize 
tumor resection while controlling neoplastic growth and 
dissemination. However, BG exhibits marked heteroge-
neity, resulting in interpatient variability in tumor char-
acteristics, progression rates, and treatment responses. 
Consequently, many patients face recurrence risks post-
treatment, with recurrent tumors being more refractory 
to management, incurring higher costs, and exposing 

Fig. 5  The decision curve in this study confirmed that the combined model had a higher clinical net benefit in both the training set (left) and the test 
set (right)

 

Fig. 4  All models in this study were compared using DeLong’s curve, and the combined model demonstrated strong predictive performance in both the 
training set (left figure) and the test set (right figure)
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Table 5  Univariate and multivariate Cox regression analysis of clinical and radiomic predictors for BG survival
Factors Classification All HR (univariable) HR (multivariable)
Gender Male 121 (64.7) - -

Female 66 (35.3) 3.17 (2.06–4.87, p < 0.001) 3.33 (2.08–5.33, p < 0.001)
IDH1mutation Yes 108 (57.8) - -

No 79 (42.2) 1.59 (1.04–2.42, p = 0.031) 2.47 (1.58–3.87, p < 0.001)
Radscore1 Mean (SD) 0.5 (0.1) 4414.94 (115.88-168210.91, p < 0.001) 756.32 (21.15-27043.48, p < 0.001)
Radscore2 Mean (SD) 0.5 (0.2) 180.13 (43.64-743.56, p < 0.001) 71.19 (16.88-300.21, p < 0.001)
P-value < 0.05* indicates statistical significance, both univariate and multivariate Cox regression analyses confirmed that gender, IDH1 mutation, Radscore 1, and 
Radscore 2 serve as independent risk factors for survival outcomes in brain glioma (BG) patients (p < 0.001)

Fig. 7  The SHAP values output by the XGBoost algorithm model confirmed that factors such as gender, IDH1 mutation, Radscore 1, and Radscore 2 were 
important influencers for predicting BG recurrence, which was consistent with our research. Red represents lower values, while yellow represents higher 
values

 

Fig. 6  The nomogram (left figure) and calibration curve (right figure) developed based on the combined model had achieved good benefits in clinically 
predicting BG recurrence
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patients to additional mortality from extensive radio-
therapy. This underscores the critical need for biomark-
ers enabling early prediction of postoperative recurrence.
Our study focused on peritumoral habitats—regions sur-
rounding the resection cavity where recurrence is most 
frequent—by extracting preoperative radiomic features 
from both the tumor core and its periphery (3–12  mm 
margin). We developed a predictive model for 3-year 
postoperative recurrence, providing a framework for per-
sonalized treatment planning and prognostic stratifica-
tion [18, 19].

Key Determinants of Recurrence: Significant differ-
ences were observed between recurrent and non-recur-
rent cohorts in gender, IDH1 mutation status, 1p19q 
co-deletion, MRI enhancement patterns, and delta habi-
tat radiomic scores (Radscore1: peritumoral; Radscore2: 
intratumoral). These factors collectively influence recur-
rence risk through distinct mechanisms: (1) Sex Differ-
ences: In clinical practice, adjuvant chemoradiotherapy 
is a conventional treatment for patients with positive 
surgical margins on pathological examination after BG 
surgery. However, female patients demonstrated higher 

recurrence susceptibility in this study, potentially attrib-
utable to lower radiotherapy tolerance and increased 
postoperative complications (e.g., alopecia, neurofunc-
tional decline, immunosuppression), which may indi-
rectly exacerbate recurrence risks. (2) IDH1 Mutations: 
Wild-type IDH1 diffuse astrocytomas exhibit greater 
malignant transformation potential, chemoresistance, 
and poorer outcomes, whereas IDH1-mutant tumors cor-
relate with favorable temozolomide sensitivity and pro-
longed survival. (3) 1p19q Co-Deletion: This molecular 
hallmark of oligodendroglioma suppresses tumor growth 
kinetics and metastatic propensity, conferring a relatively 
indolent clinical course [20–23]. (4) MRI Enhancement 
Patterns: Inflow Pattern (Gradual Enhancement, benign/
well-differentiated tumors): Characterized by rapid sig-
nal intensity elevation followed by gradual stabilization. 
This reflects progressive blood flow increase within the 
lesion, typically associated with benign neoplasms. The 
sustained plateau suggests adequate vascular supply 
without significant contrast washout. Plateau Pattern 
(Persistent Enhancement, borderline/low-grade malig-
nancies): Demonstrates rapid signal peak attainment 

Fig. 8  KM analysis confirmed that IDH1 mutations, gender, and Delta habitat radscore1/2 were factors influencing BG survival
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Fig. 10  The nomogram for survival established based on these factors(IDH1 mutations, gender, and Radscore1/2 also holds certain clinical value

 

Fig. 9  The forest plot derived from Cox regression analysis demonstrated that both radscore1 and radscore2 in the BG cohort serve as significant predic-
tors of survival outcomes
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with subsequent maintenance of enhancement inten-
sity. This hemodynamic profile indicates both rich vas-
cularization and effective contrast retention, commonly 
observed in hypervascular benign tumors (e.g., hepato-
cellular adenoma) or borderline/low-grade malignant 
lesions (e.g., well-differentiated neuroendocrine tumors). 
Washout Pattern (Rapid Washout, high-grade aggres-
sive tumors): Exhibits swift signal amplification during 
arterial phase followed by precipitous decline in venous/
delayed phases. This “fast-in-fast-out” phenomenon cor-
relates with hypermetabolic malignancies demonstrating 
aggressive angiogenesis and enhanced interstitial per-
meability, typically seen in high-grade carcinomas (e.g., 
HCC, cholangiocarcinoma) and metastatic lesions. These 
enhancement patterns not only serve as critical diagnos-
tic classifiers for tumor characterization but also carry 
significant prognostic implications. The washout pattern 
particularly correlates with advanced histological grades, 
increased mitotic activity, and poorer clinical outcomes, 
while plateau-type enhancement often indicates indo-
lent biological behavior. Current evidence suggests these 
dynamic patterns reflect underlying tumor microvascular 
architecture and endothelial permeability characteristics, 
providing non-invasive biomarkers for both diagnostic 
classification and prognostic stratification [24, 25].

Radiomics, introduced by Lambin et al. in 2012, has 
emerged as a transformative tool in medical imag-
ing, enabling non-invasive, dynamic characterization 
of tumor biology by extracting high-dimensional fea-
tures from regions of interest (ROIs). In this study, we 
focused on contrast-enhanced T1-weighted imaging 
(CE-T1WI) to quantify intratumoral and peritumoral 
habitats in brain gliomas (BGs). Our methodology not 
only delineated hemodynamic changes and microenvi-
ronmental dynamics but also captured intrinsic tumor 
biology, demonstrating robust predictive power for 
postoperative recurrence. Guided by neuroimaging 
consensus protocols, ROIs were segmented along peri-
tumoral hyperintense regions (3–12 mm margins) on CE-
T1WI. Subsequent pixel resampling (1 × 1 × 1  mm³) and 
Z-score normalization minimized voxel size dependency 
and interindividual variability. Key radiomic features 
included Maximum2DDiameterColumn and Skew-
ness were integrated into radiomics scores (Radscore): 
Maximum2DDiameterColumn (reflecting the maximum 
3D pixel intensity) inversely correlated with recurrence 
risk (P < 0.05). Elevated values, potentially influenced by 
hemorrhage, necrosis, or vascular integrity, may indi-
cate less aggressive phenotypes. Skewness (measuring 
pixel value asymmetry) positively correlated with recur-
rence (P < 0.01). Higher skewness reflects increased tis-
sue heterogeneity, likely driven by disorganized cellular 
architecture and poor prognosis [26–28]. Intratumoral 
vs. Peritumoral Radiomics, Our dual-habitat analysis 

revealed distinct biological insights: 1.Intratumoral 
Region(Radscore2): Features such as GrayLevelNonUni-
formity and SizeZoneNonUniformityNormalized quanti-
fied cellular heterogeneity, including treatment-resistant 
glioma stem cells and intratumoral microglia that drive 
tumor progression. 2. Peritumoral Habitat (Radscore1): 
Parameters like Maximum2DDiameterColumn and 
Skewness captured invasive traits, such as VEGF-driven 
angiogenesis and plasma leakage from disrupted cap-
illaries, fostering tumor cell infiltration. Delta habitat 
radiomics outperformed static models by integrating 
peritumoral invasiveness metrics (Radscore1) with intra-
tumoral heterogeneity (Radscore2). This dual-habitat 
approach improved predictive accuracy by 5.1–11.31% 
(AUC comparison:0.843.VS.0.802, 0.827.VS.0.743;) com-
pared to single-region models, aligning with recent 
evidence that tumor-host interface dynamics drive recur-
rence. These hypoxic, hypervascular microenvironments 
significantly contribute to recurrence [29, 30]. Model 
Performance, The combined model (integrating radiomic 
scores with clinical variables) achieved superior predic-
tive accuracy for recurrence (training AUC: 0.921; test 
AUC: 0.891), outperforming standalone clinicopathologi-
cal or imaging models. Decision curve analysis confirmed 
its enhanced clinical net benefit. Kaplan-Meier analysis 
further identified IDH1 mutations and Radscore1/2 as 
independent survival predictors (P < 0.01), validated by 
XGBoost machine learning. These findings align with 
evidence that IDH1-wildtype gliomas exhibit aggressive 
biology and temozolomide resistance [27, 29, 31].I have 
included a real-world example to validate the usefulness 
of the nomogram. It concerns an external patient, ID 
511, who is a female (44 points), with IDH1 wild-type (25 
points), a radscore1 of 0.5 (80 points), and a radscore2 of 
0.55 (30 points), totaling 179 points. The nomogram pre-
dicts a recurrence probability of > 0.9, which is consistent 
with the clinical outcome (recurrence after 17 months).

Limitations
While our study achieved methodological rigor, cer-
tain limitations warrant consideration. The restricted 
sample size precluded detection of significant MGMT 
methylation status differences between groups, despite 
observed variations in chemo-radiotherapy sensitivity. 
Future investigations should prioritize MGMT-strati-
fied cohort expansion to elucidate its prognostic impli-
cations. Although our machine learning framework 
demonstrated clinical utility, performance optimiza-
tion through advanced deep learning architectures and 
expanded clinical variable incorporation remains essen-
tial for enhanced predictive accuracy. Certainly, the lack 
of a certain proportion of external validation set poses 
a limitation in this study, which may affect the general-
ization performance of the model. In the future, we will 
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conduct multi-center research to enhance the predictive 
performance of the model.While data from multiple cam-
puses improved internal validity, true external validation 
requires multi-center cohorts. Our ongoing collaboration 
with 5 institutions will test generalizability across diverse 
populations and MRI vendors (Philips, GE, Siemens) [32, 
33].

Conclusion
Our delta habitat radiomics model, combining intratu-
moral/peritumoral biomarkers with clinicopathologi-
cal variables, provides a robust tool for early recurrence 
prediction (≤ 3 years post-surgery) and survival stratifica-
tion in BG patients. Key indicators included IDH1 muta-
tion status and Radscore1/2 offer actionable insights for 
personalized therapeutic strategies and postoperative 
surveillance. This paradigm advances precision neuro-
oncology, bridging the gap between imaging biomarkers 
and clinical decision-making.
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