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Abstract
Background

Preoperative differentiation between glioblastoma (Gb) and solitary brain metastasis (SBM) is clinically important because
treatment planning and prognosis differ substantially. This study aimed to develop and externally test habitat-based radiomics
models using conventional morphologic MRI and multiple diffusion MRI techniques, and to assess whether multimodal fusion
improved diagnostic performance.

Methods

This retrospective two-center study included 253 patients with histologically confirmed Gb or SBM. Patients from Center A were
divided into a training set (n = 142) and an internal test set (n = 60), while patients from Center B formed an independent external
test set (n = 51). Radiomics features were extracted from tumor burden volume, peritumoral edema, and abnormal burden volume
(ABV). Imaging sources included conventional morphologic MRI, DWI, DTI, DKI, NODDI, and MAP-MRI. Single-modality and
multimodal fusion models were developed for each habitat. All data-dependent preprocessing, feature selection, imbalance
correction, classifier selection, and hyperparameter tuning were restricted to the training set. Discrimination was assessed using
the area under the receiver operating characteristic curve (AUC). External performance was primarily evaluated in the
unharmonized external test set, with ComBat harmonization performed separately as a domain-adaptation sensitivity analysis.
Calibration, Brier score, and decision curve analysis were assessed in the internal test set.

Results

Single-modality model performance varied across habitats, imaging sources, and test sets. Multimodal fusion models showed
higher observed internal-test AUCs than the corresponding best single-modality models across the three habitats. Among the
fusion models, the ABV fusion model achieved the highest observed AUC, reaching 0.940 (95% Cl, 0.884-0.996) in the internal
test set and 0.839 (95% Cl, 0.708-0.969) in the unharmonized external test set. In the ComBat-harmonized domain-adaptation
sensitivity analysis, the external-test AUC increased to 0.917 (95% Cl, 0.829-1.000). The ABV fusion model also had the lowest
Brier score among the evaluated ABV-based models and showed favorable net benefit on decision curve analysis.X

Conclusions

Habitat-based multimodal radiomics integrating conventional morphologic MRI and diffusion MRI showed potential for
differentiating Gb from SBM. In this dataset, the ABV fusion model showed the highest observed performance and may provide
adjunctive imaging-based support for preoperative diagnostic decision-making.

Introduction

Preoperative differentiation between glioblastoma (Gb) and solitary brain metastasis (SBM) remains a common and clinically
important challenge in neuro-oncology [1-3]. On conventional MRI, both entities may appear as a solitary contrast-enhancing
brain lesion with surrounding edema, yet their diagnostic work-up, surgical planning, adjuvant treatment strategies, and prognosis
differ substantially [4, 5]. Although histopathologic assessment remains the reference standard, reliable preoperative imaging-
based risk stratification may support multidisciplinary decision-making, particularly when the primary malignancy is unknown,
biopsy is delayed, or invasive procedures are considered high risk [6, 7]. These considerations have motivated the development of
noninvasive imaging models intended to complement, rather than replace, clinical and pathological evaluation.

Advanced diffusion MRI provides quantitative information on tissue microstructure that is not fully captured by conventional
morphologic MRI and has shown potential for differentiating Gb from SBM [8—10]. Diffusion-weighted imaging (DWI), diffusion
tensor imaging (DTI), diffusion kurtosis imaging (DKI), neurite orientation dispersion and density imaging (NODDI), and mean
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apparent propagator MRI (MAP-MRI) characterize complementary aspects of water diffusion, including cellularity, white matter
integrity, non-Gaussian diffusion behavior, and microstructural complexity [11-13]. Radiomics can further translate these imaging
characteristics into high-dimensional quantitative features for prediction model development [14, 15]. However, previous studies
have differed in imaging protocols, analyzed regions of interest, feature extraction strategies, and modeling approaches.
Consequently, the relative contribution of different diffusion-derived radiomics sources remains uncertain, particularly when
different tumor habitats are considered.

The spatial habitat from which radiomics features are extracted is particularly relevant for distinguishing Gb from SBM. Features
extracted from the enhancing or necrotic tumor burden may reflect intratumoral heterogeneity, whereas features from peritumoral
edema may capture differences in tumor infiltration, vasogenic edema, or adjacent white matter disruption. A combined
abnormal burden region may provide a more comprehensive representation of both the lesion and surrounding abnormal tissue
[16, 17]. Because Gb and SBM may differ not only within the tumor core but also in their effects on the surrounding brain
parenchyma, comparing habitat-specific models may help clarify which spatial representation is most informative for imaging-
based differential diagnosis [18, 19].

In this retrospective two-center study, we developed and externally tested habitat-based radiomics models for differentiating Gb
from SBM using morphologic MRI (MMRI) and five diffusion MRI techniques. We compared single-modality models with
multimodal fusion models across three tumor habitats: tumor burden volume, peritumoral edema, and abnormal burden volume.
We also used Shapley Additive Explanations to summarize the contribution of selected features and improve model
interpretability. The aim of this study was to assess the relative contribution of multiple diffusion MRI-derived radiomics sources
within a unified machine-learning framework and to identify a compact, externally tested model that could provide adjunctive
support for preoperative diagnostic decision-making.

Materials and Methods

This retrospective study was approved by the institutional review boards of both participating institutions, and the requirement
for written informed consent was waived. The study was conducted in accordance with the Declaration of Helsinki.

Patients

Patients with histopathologically confirmed Gb or SBM from two medical centers were retrospectively included. Patients were
identified from Center A between December 2015 and December 2024 and from Center B between June 2018 and December
2024. Because the study period spanned the transition from the 2016 to the 2021 WHO classification of central nervous system
tumors, a prespecified harmonization protocol was used to recategorize eligible adult IDH-wildtype glioblastoma cases according
to the 2021 WHO criteria. Cases without sufficient histological or molecular evidence were excluded [20]. The inclusion and
exclusion criteria are shown in Fig. 1, and the mapping protocol is provided in Supplementary Material E1.

A total of 202 eligible patients from Center A were randomly divided at the patient level into a training set and an internal test set
at a 7:3 ratio. An additional 51 eligible patients from Center B were assigned to the external test set. The internal and external test
sets were used only for model evaluation and were not involved in model training, feature selection, classifier selection, or
hyperparameter tuning. Demographic and clinical characteristics are summarized in Table 1.
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Table 1
Clinical characteristics of patients in the training, internal test, and external test sets

Characteristic Training set (n = 142) Internal test set (n = 60) External test set (n = 51)

Gb SBM P Gb SBM P Gb SBM P
value value value

(n=101) (n=41) (n=43) (n=17) (n=36) (n=15)

Age, years

Mean + SD 52.5¢+ 55.7+ 0.156 57.0+ 58.8+ 0.566 55.3¢+ 62.1+ 0.060
11.6 12.4 10.6 10.6 11.4 10.9

Sex, n

Male (%) 58 (57.4) 23(56.1) 0.982 23(53.5) 10(58.8) 0.931 17 (47.2) 9(60.0) 0.600

Female (%) 43 (42.6) 18 (43.9) 20 (46.5) 7 (41.2) 19 (52.8) 6 (40.0)

Primary origin of

SBM, n

Lung, n

;(Ad)enocarcinoma 31 (75.6) 12 (68.8) 9 (60.0)

%

Squamous cell 1(2.4)

carcinoma(%)

Neuroendocrine 1(2.4) 2(12.6) 1(6.7)
carcinoma (%)

Small cell lun 1(2.4) 1(6.7)
carcinoma (%?

Poorly 1(2.4) 1(6.7)
differentiated

carcinoma (%)

Stomach, n

?d)enocarcinoma 1(2.4) 0 1(6.7)
%

Kidney, n

Clear cell 3(7.3) 1(6.2) 2(13.2)
carcinoma (%)

Uterus, n

Endometrial 1(2.4) 1(6.2)
carcinoma (%)

tJn)known site, n 1(2.4) 1(6.2)
%

Percentages may not sum to 100 due to rounding. Gb, glioblastoma; SBM, solitary brain metastasis; SD, standard deviation

MRI Acquisition and Image Preprocessing

MRI examinations were performed on 3.0-T scanners at both centers. Center A used a MAGNETOM Prisma scanner, and Center B
used a MAGNETOM Skyra scanner (Siemens Healthineers, Erlangen, Germany). The MRI protocol included morphologic MRI
(MMRI) and diffusion MRI. MMRI sequences included T1-weighted imaging, T2-weighted imaging, fluid-attenuated inversion
recovery, and contrast-enhanced T1-weighted imaging. Center A used three-dimensional contrast-enhanced T1-weighted
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magnetization-prepared rapid gradient-echo imaging, whereas Center B used a three-dimensional CE-T1-weighted sequence.
Detailed acquisition parameters are provided in Supplementary Material E2 and Supplementary Tables S1 and S2.

Diffusion MRI data were processed using in-house software, NeuDiLab, built on the open-source DIPY toolbox, to generate the
following parametric maps: DWI metrics, apparent diffusion coefficient (ADC); DTI metrics, including fractional anisotropy (FA),
mean diffusivity (MD), axial diffusivity (AD), and radial diffusivity (RD); DKI metrics, including mean kurtosis (MK), axial kurtosis
(AK), radial kurtosis (RK), FA, MD, AD, and RD; NODDI metrics, including intracellular volume fraction (ICVF), isotropic volume
fraction (ISOVF), and orientation dispersion index (ODI); and MAP-MRI metrics, including return-to-plane probability (RTPP),
return-to-origin probability (RTOP), return-to-axis probability (RTAP), mean squared displacement (MSD), g-space inverse variance
(QIV), non-Gaussianity (NG), axial non-Gaussianity (NGAXx), and radial non-Gaussianity (NGRad) [17, 18]. The study workflow is
shown in Fig. 2. All MMRI sequences and diffusion-derived parametric maps were coregistered to FLAIR images using ITK-SNAP
version 3.8.0.

Tumor Habitat Segmentation

Three volumes of interest (VOIs) were defined to represent different tumor habitats: tumor burden volume (TBV; VOI 1), which
included necrosis and solid tumor; peritumoral edema (VOI 2); and abnormal burden volume (ABV; VOI 3), defined as the union of
VOI 1 and VOI 2.

Initial masks were generated automatically using an nnU-Net model trained on the BraTS 2020 dataset [21]. The segmentation
results were reviewed and manually refined by two radiologists with 5 and 10 years of experience. Disagreements were resolved
by consensus, and the final consensus masks were used for radiomics feature extraction.

Radiomics Feature Extraction and Model Development

Radiomics feature extraction was performed using Feature Explorer version 0.6.0 [22]. First-order and texture features were
extracted from each habitat for each MRI sequence or parametric map. Texture features included gray-level co-occurrence matrix,
gray-level run-length matrix, gray-level size zone matrix, gray-level dependence matrix, and neighboring gray-tone difference
matrix features. Eight wavelet-transformed images were also generated. For each VOI and MRI sequence or parametric map, 837
radiomics features were extracted. The feature categories are listed in Supplementary Table S3.

The primary modeling task was binary classification of Gb versus SBM. Model development was restricted to the training set. For
each tumor habitat, baseline models were developed separately for six imaging sources: MMRI, DWI, DTI, DKI, NODDI, and MAP-
MRI. Multimodal fusion models were then constructed by combining features from two to six imaging sources. Each model was
limited to four features; the rationale for this feature limit relative to sample size is provided in Supplementary Material E3.

Each candidate modeling pipeline consisted of class-imbalance correction, feature normalization, redundancy reduction, feature
selection, and classifier training [23]. Class imbalance correction was performed only within the training data. Normalization
methods included min-max scaling, z-score standardization, and mean normalization. Redundant features were removed using
Pearson correlation analysis. Candidate feature selection methods included analysis of variance, the Kruskal-Wallis test,
recursive feature elimination, and Relief. Candidate classifiers included support vector machine, logistic regression, and L1-
regularized logistic regression.

To reduce the risk of data leakage, all data-dependent preprocessing and model-development steps were fitted within the training
data only. During five-fold cross-validation, class imbalance correction, normalization, redundancy reduction, feature selection,
and classifier training were repeated within each training fold. The held-out fold was used only for performance estimation. After
the optimal pipeline had been selected based on cross-validation performance in the training set, the final model was refitted on
the full training set and applied without further modification to the internal and external test sets.

Inter-Center Harmonization and Domain-Adaptation Analysis
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Because the two centers used different scanners and diffusion acquisition schemes, inter-center variability was considered a
predefined methodological issue [24]. Each final model was first evaluated in the external test set without harmonization. As a
sensitivity analysis, ComBat harmonization was then applied to align the external cohort with the internal reference distribution,
and model evaluation was repeated.

ComBat harmonization was performed using in-house software, nnFAE, based on scikit-learn version 1.4 and PyRadiomics
version 3.0.1. Because this procedure used cohort-level information from the external site, the ComBat-harmonized analysis was
interpreted as a domain-adaptation sensitivity analysis rather than as fully independent external validation. Both unharmonized
and ComBat-harmonized external test results were reported.

Model Evaluation and Statistical Analysis

The final locked models were evaluated in the internal and external test sets. Discrimination was assessed using the area under
the receiver operating characteristic curve, sensitivity, specificity, accuracy. Ninety-five percent confidence intervals were
calculated for AUCs. Differences in AUCs between models were compared using the DelLong test. Statistical analyses were
performed using MedCalc version 20.0.15. Two-sided P values less than 0.05 were considered statistically significant.

Calibration curves were used to compare predicted probabilities with observed outcomes [25]. The Brier score was calculated as
the mean squared difference between the predicted probability and the binary outcome, with lower values indicating better
probabilistic accuracy [26]. Calibration was assessed in the internal test set for the ABV fusion model and selected ABV-based
single-modality models. These comparators included the ABVY MMRI model, representing conventional morphologic imaging, and
the ABV NODDI and ABV MAP-MRI models, representing advanced diffusion MRI models with distinct microstructural
information. This analysis was intended to evaluate the probabilistic performance of the fusion model relative to clinically and
technically relevant single-modality alternatives.

Clinical utility was assessed in the internal test set using decision curve analysis [27]. Net benefit was calculated across a range
of threshold probabilities. The ABV fusion model was compared with the same ABV-based single-modality comparators and with
two default strategies: treating all patients as Gb and treating no patients as Gb. This analysis was used to assess whether the
fusion model provided greater net benefit than selected imaging-model comparators across plausible decision thresholds.

Model Interpretation

Shapley Additive Explanations were used to summarize the contribution of selected radiomics features to model predictions [28].
SHAP feature importance bar plots and summary plots were generated for the final selected fusion model. These analyses were
used to improve model transparency and to describe the relative contribution and direction of effect of imaging-derived features
in model predictions.

Results

Patient Characteristics

A total of 253 patients were included, comprising 180 patients with Gb and 73 patients with SBM. The Center A cohort was
divided into a training set of 142 patients and an internal test set of 60 patients. The independent Center B cohort included 51
patients and served as the external test set. The training set included 101 patients with Gb and 41 with SBM, the internal test set
included 43 patients with Gb and 17 with SBM, and the external test set included 36 patients with Gb and 15 with SBM. Within
each dataset, age and sex did not differ significantly between patients with Gb and those with SBM (all P > 0.05; Table 1).

Performance of Single-Modality Baseline Models

The performance of the single-modality baseline models varied across tumor habitats and imaging sources (Table 2). In the
tumor burden volume (TBV), internal-test AUCs ranged from 0.722 to 0.907. The NODDI model had the highest internal-test AUC
in this habitat (AUC, 0.907; 95% CI, 0.833-0.981), whereas the highest external-test AUC among the TBV baseline models was
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observed for the DTI model (AUC, 0.822; 95% Cl, 0.673-0.971). In the peritumoral edema habitat, internal-test AUCs ranged from
0.679 to 0.816. The DTI model had the highest internal-test AUC (AUC, 0.816; 95% CI, 0.691-0.941), and the MAP-MRI model had
the highest external-test AUC (AUC, 0.780; 95% Cl, 0.622-0.938). In the abnormal burden volume (ABV), internal-test AUCs

ranged from 0.757 to 0.847. The NODDI model had the highest internal-test AUC (AUC, 0.847; 95% Cl, 0.748-0.945), whereas the
MAP-MRI model had the highest external-test AUC (AUC, 0.880; 95% Cl, 0.779-0.980).

Table 2

Performance of single-modality baseline models in the internal and external test sets

VOl

TBV

Peritumoral
edema

ABV

Model

MMRI

DWI

DTI

DKI

NODDI

MAP-

MRI

MMRI

DWiI

DTI

DKI

NODDI

MAP-

MRI

MMRI

DWI

DTI

DKI

NODDI

MAP-
MRI

Internal test set

Sen Spe

0.767  0.824
0.744  0.824
0.674  0.882
0.698 0.824
0.791 0.941
0.442  0.941
0.744  0.765
0.763 0.706
0.721 0.882
0.698 0.765
0.744  0.882
0.861 0.765
0.884  0.706
0.861 0.647
0.767  0.882
0.721 0.941
0.651 0.941
0.791 0.882

Acc

0.783

0.767

0.733

0.733

0.833

0.583

0.750

0.747

0.767

0.718

0.783

0.833

0.833

0.800

0.800

0.783

0.733

0.817

AUC (95% CI)

0.773 (0.617-
0.928)

0.762 (0.618-
0.906)

0.792 (0.655-
0.929)

0.791 (0.667~-
0.914)

0.907 (0.833-
0.981)

0.722 (0.582-
0.863)

0.755 (0.603-
0.908)

0.679 (0.524-
0.833)

0.816 (0.691-
0.941)

0.740 (0.607-
0.873)

0.803 (0.677-
0.930)

0.799 (0.652-
0.946)

0.836 (0.727-
0.945)

0.757 (0.611-
0.901)

0.837 (0.737-
0.937)

0.833 (0.733-
0.933)

0.847 (0.748-
0.945)

0.839 (0.715-
0.962)

External test set

Sen Spe

0.806  0.733
0.639 0.800
0917  0.667
0.722  0.800
0.639 0.867
0.611 0.800
0.889 0.600
0.750 0.667
0.600 0.838
0.889 0.533
0.833 0.600
0917  0.667
0.778 0.800
0.417 1.000
0.694  0.933
0.722  0.933
0917  0.667
0.889 0.800

Acc

0.784

0.686

0.843

0.745

0.706

0.667

0.804

0.725

0.784

0.784

0.765

0.843

0.784

0.588

0.765

0.784

0.843

0.863

AUC (95% CI)

0.767 (0.624-
0.908)

0.691 (0.529-
0.852)

0.822 (0.673-
0.971)

0.811 (0.686-
0.935)

0.809 (0.686-
0.932)

0.732 (0.570-
0.893)

0.707 (0.518-
0.896)

0.662 (0.504-
0.820)

0.772 (0.637-
0.907)

0.728 (0.569-
0.887)

0.732 (0.560-
0.904)

0.780 (0.622-
0.938)

0.850 (0.740-
0.960)

0.741 (0.598-
0.884)

0.824 (0.709-
0.939)

0.818 (0.702-
0.935)

0.815 (0.677-
0.953)

0.880 (0.779-
0.980)

Sen, Sensitivity; Spe, specificity; Acc, accuracy; AUC, area under the receiver operating characteristic curve; Cl, confidence
interval; TBV, tumor burden volume; ABV, abnormal burden volume.
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Overall, no single imaging source consistently achieved the highest AUC across all habitats and test sets. Key steps in the
radiomics workflow and the four selected features for the baseline models are provided in Supplementary Table S4.

Performance of Multimodal Fusion Models

The selected multimodal fusion models for each habitat are summarized in Table 3, and the corresponding ROC curves are
shown in Fig. 3.

Table 3
Performance of the multimodal fusion models
Habitat Fusion model Evaluation set AUC (95% CI)  Sensitivity  Specificity Accuracy
TBV MMRI + DWI + DKI + Internal test 0.912(0.813-  0.907 0.941 0.917
NODDI + MAP-MRI 1.000)
TBV MMRI + DWI + DKI + External test, 0.818 0.833 0.733 0.804
NODDI + MAP-MRI unharmonized (0.683-
0.952)
TBV MMRI + DWI + DKI + External test, ComBat- 0.874 0.917 0.800 0.882
NODDI + MAP-MRI harmonized (0.750-
0.998)
Peritumoral MMRI + DWI + MAP- Internal test 0.907 (0.794-  0.861 0.941 0.883
edema MRI 1.000)
Peritumoral MMRI + DWI + MAP- External test, 0.781 0.694 0.733 0.705
edema MRI unharmonized (0.640-
0.923)
Peritumoral MMRI + DWI + MAP- External test, ComBat- 0.865 0.833 0.800 0.824
edema MRI harmonized (0.753-
0.976)
ABV MMRI +DWI+NODDI Internal test 0.940 0.930 0.824 0.900
+ MAP-MRI (0.884-
0.996)
ABV MMRI+DWI+NODDI  External test, 0.839 0.916 0.733 0.862
+MAP-MRI unharmonized (0.708-
0.969)
ABV MMRI +DWI+NODDI  External test, ComBat- 0.917 (0.829- 0.889 0.867 0.882
+ MAP-MRI harmonized 1.000)

In the TBV, the selected fusion model combined MMRI, DWI, DKI, NODDI, and MAP-MRI features. This model achieved an internal-
test AUC of 0.912 (95% Cl, 0.813-1.000), with sensitivity of 0.907, specificity of 0.941, and accuracy of 0.917. In the external test

set before harmonization, the AUC was 0.818 (95% Cl, 0.683-0.952). In the ComBat-harmonized sensitivity analysis, the AUC was
0.874 (95% Cl, 0.750-0.998).

For the peritumoral edema habitat, the selected fusion model combined MMRI, DWI, and MAP-MRI features. The internal-test AUC
was 0.907 (95% CI, 0.794-1.000), with sensitivity of 0.861, specificity of 0.941, and accuracy of 0.883. In the external test set
before harmonization, the AUC was 0.781 (95% Cl, 0.640-0.923). In the ComBat-harmonized sensitivity analysis, the AUC was
0.865 (95% Cl, 0.753-0.976).

For the ABV, the selected fusion model combined MMRI, DWI, NODDI, and MAP-MRI features. This model had the highest
numerical AUC among the three habitat-based fusion models in the internal test set, with an AUC of 0.940 (95% CI, 0.884-0.996),
sensitivity of 0.930, specificity of 0.824, and accuracy of 0.900. In the external test set before harmonization, the AUC was 0.839
(95% CI, 0.708-0.969). In the ComBat-harmonized sensitivity analysis, the AUC was 0.917 (95% Cl, 0.829-1.000).

In the internal test set, DeLong testing showed no statistically significant difference between the ABV fusion model and either the
TBV fusion model (P = 0.12) or the peritumoral edema fusion model (P = 0.080), although the ABV fusion model had the highest
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numerical AUC (Supplementary Table S5). Detailed fusion-model results and selected features are provided in Supplementary
Tables S6-S8.

Calibration, Clinical Utility, and Model Interpretation

Calibration and clinical utility were evaluated in the internal test set (Fig. 4). Among the ABV-based models evaluated, the ABV
fusion model had the lowest Brier score, indicating better probabilistic accuracy than the selected single-modality comparators
(Fig. 4A). Calibration curves showed some deviation from the ideal line for all models; however, the ABV fusion model generally
showed closer agreement between predicted probabilities and observed outcomes than the comparator models (Fig. 4B).

Decision curve analysis showed that the ABV fusion model provided greater net benefit than the treat-none strategy across the
evaluated threshold probabilities and generally outperformed the selected ABV-based single-modality comparators over most of
the threshold range (Fig. 4C). The difference was most apparent at intermediate-to-high threshold probabilities, whereas the net
benefit of different strategies was similar at very low thresholds.

SHAP analysis was performed for the final selected fusion model, which corresponded to the ABV fusion model (Fig. 5). The
most influential features were ODI_wavelet-HLL_firstorder_InterquartileRange, Flair_original_glszm_ZoneEntropy,
CET1_original_glcm_DifferenceEntropy, and NGAx_wavelet-LLL_glszm_GrayLevelNonUniformityNormalized (Fig. 5A). In the SHAP
summary plot, lower values of the ODI and FLAIR features tended to increase the model output for Gb, whereas higher values of
the CET1 and NGAXx features tended to increase the model output for Gb (Fig. 5B). These findings indicate that the final selected
fusion model used information from both diffusion-derived and morphology-derived habitat features.

Discussion

In this retrospective multicenter study of 253 patients, we developed habitat-based multimodal radiomics models to differentiate
glioblastoma (Gb) from solitary brain metastasis (SBM) using morphologic MRI and multiple diffusion MRI techniques. The
performance of the single-modality models varied across tumor habitats, imaging sources, and test sets, suggesting that no
single imaging source provided consistently optimal discrimination. By contrast, the multimodal fusion models showed stronger
overall performance. Among them, the ABV fusion model achieved the highest numerical AUC, with an AUC of 0.940 in the
internal test set and 0.839 in the external test set before harmonization. In the ComBat-harmonized sensitivity analysis, the
external AUC increased to 0.917. The ABV fusion model also showed favorable calibration and decision-curve findings in the
internal test set. These results suggest that habitat-based multimodal MRI radiomics may provide useful imaging-derived
information for the preoperative differentiation of Gb and SBM.

The comparison across tumor habitats was a key component of this study. Gb and SBM may show substantial overlap on
conventional MRI, particularly when both present as solitary enhancing masses with necrosis and surrounding edema [29, 30].
However, the enhancing tumor, peritumoral region, and combined abnormal burden may reflect different aspects of tumor-related
imaging heterogeneity [6, 31]. By evaluating TBV, peritumoral edema, and ABV in parallel, this study examined whether radiomics
performance varied according to the spatial definition of the lesion. The good performance observed across the habitat-based
fusion models suggests that different lesion definitions can capture diagnostically relevant information. The ABV fusion model
may have benefited from incorporating information from both the enhancing lesion and the surrounding abnormal signal, which
could have contributed to its higher numerical performance in this dataset.

The multimodal fusion strategy was another important aspect of the proposed approach. Morphologic MRI provides information
on macroscopic tumor appearance, contrast enhancement, necrosis, and edema, whereas diffusion MRI reflects water diffusion
and tissue microstructural characteristics [9, 32]. Across habitats, the single-modality model with the highest AUC was not
consistent between the internal and external test sets. This finding suggests that individual imaging sources may capture only
part of the discriminative information needed to differentiate Gb from SBM. By combining selected features from morphologic
MRI and diffusion-derived parameter maps, the fusion models may have incorporated complementary imaging information that
was not fully represented by any single modality alone [33, 34].
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External testing showed lower AUCs before harmonization than in the ComBat-harmonized sensitivity analysis, which is
consistent with the known sensitivity of radiomics features to scanner-, acquisition-, and center-related variation [24, 35]. In this
study, the unharmonized external test set was used as the primary assessment of external model performance, whereas the
ComBat-harmonized analysis was used as a sensitivity analysis to explore the potential influence of center-related feature
variation. The improved external AUCs after ComBat harmonization suggest that part of the performance decrease in the
independent cohort may have been related to technical heterogeneity across centers.

Calibration and clinical utility analyses provided additional information beyond discrimination. In the internal test set, the ABV
fusion model had the lowest Brier score among the evaluated ABV-based models, indicating better probabilistic accuracy than
the selected single-modality comparators. Calibration curves showed some deviation from the ideal line for all models, but the
ABV fusion model generally showed closer agreement between predicted probabilities and observed outcomes. Decision curve
analysis showed that the ABV fusion model provided greater net benefit than the treat-none strategy and generally outperformed
the selected ABV-based single-modality comparators across much of the evaluated threshold range.

SHAP analysis was used to interpret the final selected fusion model, which corresponded to the ABV fusion model. The most
influential features were derived from both morphologic MRI and diffusion MRI, including features from ODI, FLAIR, contrast-
enhanced T1-weighted imaging, and NGAx maps. This finding indicates that the model used information from multiple imaging
sources when generating predictions. The SHAP summary plot further showed that the direction and magnitude of feature
contributions varied across patients, reflecting the heterogeneous imaging presentation of Gb and SBM. These results should be
interpreted as model-level explanations rather than direct evidence of underlying biological mechanisms [36].

This study has several limitations. First, the retrospective design may have introduced selection bias. Second, although an
independent external test set was included, the external cohort was modest in size, which limited the precision of external
performance estimates. Third, radiomics features are sensitive to image acquisition, preprocessing, segmentation, and feature-
extraction settings. Although a standardized pipeline was used and ComBat harmonization was explored in a sensitivity analysis,
residual technical variability may remain. Fourth, calibration, decision curve analysis, and SHAP interpretation were performed in
the internal test set; further evaluation in larger external cohorts is warranted.

In conclusion, habitat-based multimodal radiomics using morphologic MRI and diffusion MRI provided useful information for
differentiating Gb from SBM. The ABV fusion model showed the highest numerical performance among the evaluated habitat-
based fusion models and demonstrated favorable calibration and decision-curve findings in the internal test set. These findings
support the potential value of ABV-based multimodal radiomics as an adjunctive approach for preoperative diagnostic decision
support, although further validation in larger multicenter cohorts is warranted.
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Figures

Inclusion

1) Patients aged 218 years old;
2) pathologically confirmed GB IDH-wildtype (WHO 2016), IDH-wildtype GB (WHO 2021), or SBM;

3) with pre-operative MRI.

Center A (n=304) CenterB (n=117)
December 2015 and December 2024 June 2018 and December 2024
Exclusion
1) Patients with a history of treatment before the MRI examination; (CenterA:n=35; CenterB:n=24)
2) Patients who underwent surgery more than 2 weeks after MRI; (CenterA:n=17;CenterB:n=7)

3) GB IDH-wildtype (WHO 2016) not meeting the mapping criteria to IDH-wildtype GB (WHO 2021); (CenterA:n=14;CenterB:n=13)
4) Lack of any of the following sequences: T2WI, Flair, T1WI, diffusion MRI, or 3D CE-T1 MPRAGE; (CenterA:n =30; CenterB:n=19)

5) Images with inadequate quality. (CenterA:n=6;CenterB:n=3)

Center A (n=202) CenterB (n=51)

Figure 1

Flow diagram of patient selection and cohort allocation.
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ROC analysis of the habitat-based multimodal fusion models. ROC curves are shown for the (A) TBV model, (B) peritumoral
edema model, and (C) ABV model. For each habitat, model performance is shown in the training set, internal test set, external
test set before ComBat harmonization, and external test set after ComBat harmonization.
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Figure 4

Calibration, Brier score, and decision-curve analysis of ABV-based models in the internal test set. (A) Brier scores for the ABV
fusion model and the ABV MMRI, ABVY MAP-MRI, and ABV NODDI models. Lower Brier scores indicate better overall probabilistic
performance. (B) Calibration curves comparing predicted probabilities with observed diagnostic outcomes. The dashed diagonal
line represents ideal calibration. (C) Decision-curve analysis showing net benefit across threshold probabilities for the ABV-based
models, with treat-all-as-Gb and treat-none strategies included as references.
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Figure 5

SHAP-based interpretation of the ABV fusion model. (A) SHAP bar plot showing the global importance of the selected radiomics
features in the ABV fusion model, ranked by mean absolute SHAP value. (B) SHAP summary plot showing the distribution and
direction of each feature’s contribution to model output across patients. Positive SHAP values indicate that a feature increases
the model output toward glioblastoma, whereas negative SHAP values indicate that a feature decreases the model output and
shifts the prediction toward solitary brain metastasis. Feature color indicates the original feature value, ranging from low to high.
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