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ABSTRACT

Background: Glioma management depends on molecular profiling, particularly
Isocitrate Dehydrogenase (IDH) status, but requires invasive biopsy. Radiomics
applied to Magnetic Resonance Imaging (MRI) offers a non-invasive alternative,
though translation is hindered by variability in segmentation, limited external
validation, and lack of interpretability.

Objective: We aimed to develop and validate an interpretable radiomics
pipeline for non-invasive IDH classification across MRI data.

Material and Methods: Inthis retrospective study, we assembled 1117 preop-
erative MRI scans from three public cohorts: The Cancer Genome Atlas (TCGA),
the University of California San Francisco Preoperative Diffuse Glioma MRI
(UCSF-PDGM), and the Erasmus Glioma Database (EGD). Tumor subregions
were segmented using BrainSegFounder model. From the segmented regions, we
extracted approximately 1900 PyRadiomics features per patient. Boruta selection
was applied, followed by classification with k-nearest neighbors (kNN), Light
Gradient Boosting Machine (LightGBM), and Logistic Regression (LR). Model
interpretability was evaluated using Shapley Additive Explanations (SHAP).

Results: All classifiers achieved strong internal performance. On the external
EGD test set, kNN provided the most balanced generalization (area under the
receiver operating characteristic curve [AUC]=0.94, Matthews correlation coef-
ficient [MCC]=0.74), whereas LR maximized sensitivity (0.93). On the TCGA
test set, LR provided the best overall balance (AUC=0.91, MCC=0.68), and
LightGBM achieved the highest specificity (0.94). SHAP analysis highlighted
texture features derived from post-contrast T1-weighted images as key predictors.

Conclusion: Our pipeline achieves high IDH classification performance with
full automation, cross-site generalizability, and transparency. These findings
support its potential for clinical application in non-invasive glioma genotyping.
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Introduction
liomas are highly aggressive and het-
Gerogeneous primary brain tumors.
Accurate molecular and histopatho-
logical profiling, particularly determination of
Isocitrate Dehydrogenase (IDH) mutation sta-
tus, is central to patient management [1]. IDH
status carries critical prognostic and therapeu-
tic significance. For instance, IDH-mutant gli-
omas generally have slower progression and
better outcomes compared to IDH-wildtype
tumors [2,3]. Invasive biopsy and genetic test-
ing remain the reference standard, yet these
procedures are invasive, vulnerable to sam-
pling error, and carry procedural risk. Such
limitations have motivated growing interest in
non-invasive, imaging-based approaches [4].
Radiomics provides one such avenue by
converting routine Magnetic Resonance Imag-
ing (MRI) scans into high-dimensional quanti-
tative features [5]. These features can capture
subtle variations in tumor intensity, texture,
and morphology that correlate with molecular
status [6]. While previous studies have applied
radiomics to glioma genotyping, findings re-
main inconsistent [7,8]. Radiomics workflows
comprise lesion segmentation, feature extrac-
tion and selection, and predictive modeling [9].
Among these steps, segmentation is a major
bottleneck. Most prior studies have relied on
manual or semi-automatic tumor delineation,
which is labor-intensive and subject to con-
siderable inter-observer variability [10-12].
Differences in how tumors are contoured can
significantly influence extracted features and
subsequent model outputs, thereby undermin-
ing the reproducibility of radiomic biomark-
ers [13]. Automated segmentation methods
can mitigate these issues by improving con-
sistency and reducing the burden of manual
delineation [10]. However, prior works did
not implement robust automated approaches
across heterogeneous, multicenter MRI scans,
thereby limiting the generalizability of their
findings [11,12,14].
Limited external

validation represents

another important issue. Many studies achieve
strong performance on internal cross-valida-
tion but fail to generalize to unseen cohorts
[7,15-18]. A recent systematic review reported
that fewer than 30 percent of radiomics stud-
ies included an independent external valida-
tion cohort [7], and another review found that
only 2 of 11 studies did so [8]. Without ex-
ternal testing, results risk overfitting to site-
specific imaging characteristics. Furthermore,
interpretability remains a persistent challenge.
Both handcrafted radiomics and deep learning
(DL) models are often criticized because their
complex feature representations are not easily
understandable to clinicians. This opacity can
reduce trust in model outputs and ultimately
hinder their integration into clinical practice
[18,19].

To address these challenges, we developed
an explainabe radiomics pipeline for non-in-
vasive IDH classification on heterogeneous
MRI data. We employed BrainSegFounder, a
SWIN-UNETR-based architecture pretrained
on more than 41000 brain MRIs, for automat-
ed tumor segmentation [20]. This approach
provided consistent, reproducible segmen-
tations and stabilized subsequent radiomics
analyses across multi-institutional datasets.
We then compared three widely used Machine
Learning (ML) classifiers, k-nearest neighbor
(kNN) [21], Light Gradient-Boosting Machine
(LightGBM) [22], and logistic regression
(LR) [23]. These methods span complemen-
tary families: ensemble learners (LightGBM),
Linear Models (LR), and distance-based ap-
proaches (kNN). For interpretability, we ap-
plied SHapley Additive exPlanations (SHAP)
to provide global and instance-level insights
into model decisions [24]. Finally, we curated
a multi-institutional cohort of 1117 preopera-
tive glioma MRIs, of which 628 were used for
external validation. Together, this framework
integrates robust automatic segmentation, in-
terpretable machine learning, and multicenter
external validation, advancing radiomics
toward clinically reliable glioma genotyping.
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Material and Methods

Patient Population

This was a retrospective, multicenter ob-
servational diagnostic-modeling study with
external validation. Because we used only
publicly available, fully anonymized data, no
institutional review board approval was re-
quired. We studied preoperative MRI scans
from 1736 glioma patients (WHO grades
2-4) across three public cohorts: The Cancer
Genome Atlas (TCGA; including the TCGA-
LGG and TCGA-GBM collections; ~2006—
2013) [25], the University of California San
Francisco Preoperative Diffuse Glioma MRI
(UCSF-PDGM; 2015-2021) [26], and the
Erasmus Glioma Database (EGD; 2008-2018)
dataset [27]. Patients were included if IDH
status was known and all four MRI modalities,
T1-weighted (T1), post-contrast T1-weighted
(T1C), T2-weighted (T2), and Fluid-Attenu-
ated Inversion Recovery (FLAIR), were avail-
able. We evaluated two experimental setups
(Table 1). In scenario A, TCGA and UCSF-
PDGM were used for training and internal
validation, with EGD as the external test set.
In scenario B, EGD and UCSF-PDGM were
used for training and internal validation, with
TCGA as the external test set.
Image Preprocessing and Tumor
Segmentation

Raw MR images were only available for the
TCGA dataset, which we processed using the
Integrative Imaging Informatics for Cancer
Research: Workflow Automation for Neuro-
oncology (I3CR-WANO) framework [28].
For the other cohorts, we relied on the prepro-
cessed data. All datasets, either preprocessed
by I3CR-WANO or supplied preprocessed,
were standardized through a common pipe-
line: registration to a shared anatomical space
with 1x1x1 mm?3 voxels, bias-field correction,
and skull stripping. As this was a retrospec-
tive study, acquisition protocols varied across
centers. To maintain real-world variability, we

did not exclude cases based on protocol differ-
ences or image quality. We further applied Z-
score normalization of image intensities (cen-
tering to zero mean, unit variance) to mitigate
inter-scanner and acquisition-protocol varia-
tion. MRI signal amplitudes differ substantial-
ly across scanners and protocols, which can
introduce ‘batch effects’ and obscure the un-
derlying biology. Z-score standardization en-
sures that intensity-based features reflect con-
sistent, biologically relevant variation rather
than variation introduced by scanner-specific
scaling, thereby improving feature robustness
and model reliability [29,30].

Expert tumor masks were not consistently
available (Table 1). We therefore used the
BrainSegFounder-Tiny model (SWIN-UNE-
TR backbone) [20], originally self-supervised
on UK Biobank data (41400 healthy brain
MRIs) [31] and BraTS 2021 [32], and fine-
tuned for tumor segmentation (stage 3). For
this work, we further fine-tuned the stage 3
weights on UCSF-PDGM, restricting train-
ing to cases with all four preoperative mo-
dalities, expert masks, and no overlap with the
BraTS 2021 training set. Model fine-tuning
was carried out on a single A100 GPU (32 GB
memory) with a batch size of 2 and a learn-
ing rate of 1x107*. To prevent overfitting and
enhance training stability, early stopping with
a patience of 15 epochs was employed to op-
timize the Dice loss. The model outputs three
nested subregions: Enhancing Tumor (ET),
peritumoral Edema (ED), and the Necrotic/
Non-Enhancing Core (NCR/NET).

Radiomics Pipeline

Figure 1 summarizes our radiomics work-
flow. Radiomic features were extracted from
each segmented subregion with PyRadiomics
[33]. Feature families included first-order
statistics, shape descriptors, and texture met-
rics derived from Gray-Level Run-Length
Matrix (GLRLM), Gray-Level Co-Occur-
rence Matrix (GLCM), gray-Level Size Zone
Matrix (GLSZM), Neighboring Gray-Tone
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Table 1: Patient characteristics, availability of conventional MRI sequences, expert tumor
segmentation labels, and exclusion criteria across TCGA, UCSF-PDGM, and EGD datasets. Class

distributions for molecular and histological grades are reported as counts and percentages.

Datasets TCGA (n=461) UCSF-PDGM (n=501) EGD (n=470)
2 47 (22%) 56 (11%) 119 (16%)
Grade 3 59 (28%) 43 (9%) 78 (11%)
4 107 (50%) 390 (80%) 474 (66%)
Unknown 0 0 48 (7%)
Mutated 89 (42%) 103 (21%) 139 (20%)
IDH Status  Wildtype 124 (58%) 386 (79%) 276 (38%)
Unknown 0 0 304 (42%)
MRI Modalities (T1, T1C, T2, FLAIR) (T1, T1C, T2, FLAIR) (T1, T1C, T2, FLAIR)
Expert ZeagsnI::ntatlon Not available All labels available Only WT region available

*Missing preoperative
MRI sequences (n=221)

*Missing molecular
pathological markers
(n=14)

Exclusion Criteria

Failed in preprocessing
(n=13)

Scenario Training + Internal
Dataset A Validation(n=213)
Utilization Scenario

External Testing (n=213)

the same patient (n=6)

*Follow-up images of  *Missing molecular patho-

logical markers (n=3)

*Overlap with the
TCGA dataset (n=6)

*Failed in preprocessing
(n=52)

Training + Internal

o External Testing (n=415)
Validation (n=489)

Training + Internal
Validation (n=489)

Training + Internal
Validation (n=415)

TCGA: The Cancer Genome Atlas, MRI: Magnetic Resonance Imaging, UCSF-PDGM: University of California San Francisco
Preoperative Diffuse Glioma MRI, EGD: Erasmus Glioma Database, T1: T1-weighted, T1C: Post-contrast T1-weighted, T2: T2-

weighted, FLAIR: Fluid-Attenuated Inversion Recovery, IDH, Isocitrate Dehydrogenase, WT: Whole Tumor

Difference Matrix (NGTDM), and Gray-Level
Dependence Matrix (GLDM). Per patient, this
yielded around 1900 features. We assessed
features from individual subregions, combined
subregions and across sequences. We applied
Boruta feature selection [34] to identify robust
predictors. The algorithm introduces random
“shadow” features and retains only real fea-
tures that consistently outperform them. We
then applied SHAP [24], a model-agnostic in-
terpretability method, to estimate the contribu-
tion of each feature. SHAP assigns values that
represent how much each feature influences

the model’s predictions, leading to the over-
all output to be interpreted as the sum of these
contributions.
Evaluation and Statistical
Analysis

No class weighting or resampling was used.
All models were trained on the observed class
frequencies. Model performance was assessed
using balanced Accuracy (ACC), area under
the receiver-operating characteristic Curve
(AUC), sensitivity (SEN), specificity (SPE),
Fl-score (F1), and Matthews correlation
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Figure 1: Overview of the proposed radiomics workflow.
(kNN: k-Nearest Neighbor, LightGBM: Light Gradient-Boosting Machine, LR: Logistic Regression)

coefficient (MCC). ACC reflects the propor-
tion of correctly classified samples across
classes, while AUC measures the ability of
the model to discriminate between positive
and negative cases across thresholds. F1 pro-
vides a harmonic balance between precision
and recall, whereas MCC, ranging from —1 to
+1, offers a more robust measure under class
imbalance.

Normality was assessed with the Shapiro—
Wilk test. Normally distributed measures were
compared using one-way ANOVA with post-
hoc pairwise tests (P-value<0.05), and non-
normal data were analyzed with the Kruskal—
Wallis test followed by pairwise Wilcoxon
comparisons. All analyses were performed in
R (v4.4.1) using the rstatix package.

Results

Following data curation, cases with miss-
ing preoperative scans (n=221), incomplete
pathology records (n=17), duplicate follow-
up scans from the same patients (n=6), cohort
overlap (n=6), and failed preprocessing (n=65)
were excluded. The final cohort comprised
1117 patients, including 331 with IDH-mutant
and 786 with IDH-wildtype gliomas (Table 1).

In the first scenario, model performance
was evaluated with five-fold cross-validation
on the TCGA and UCSF-PDGM cohorts
and independently tested on the EGD cohort
(Table 2). In internal validation, all mod-
els demonstrated high AUC values (>0.90).
LightGBM delivered the strongest overall
performance, reaching an AUC of 0.94+0.05
and MCC of 0.72+0.11, while LR achieved
the highest sensitivity (0.83+0.09). On the
external EGD test set, KNN achieved the top
AUC (0.94+0.01), with LightGBM close be-
hind (0.924+0.01). LR again maximized sensi-
tivity (0.93+0.02) but at the cost of specificity
(0.76+0.05). Among all models, kNN dem-
onstrated the best overall balance, achieving
the highest Fl-score (0.83+0.01) and MCC
(0.74+0.02). The confusion matrices for the
EGD cohort are shown in Figure 2A.

In scenario B, UCSF-PDGM and EGD
were used for training and validation, with
TCGA serving as the independent test set
(Table 3). In internal validation, LightGBM
achieved the highest specificity (0.97+0.02),
while LR demonstrated the highest sensitivity
(0.86+0.05). On the TCGA test set, LR showed
the most balanced generalization performance

J Biomed Phys Eng
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Table 2: Meanz*standard deviation of evaluation metrics for prediction models across 5-fold
cross-validation and external test cohort. The datasets include TCGA (The Cancer Genome At-
las), UCSF-PDGM (University of California San Francisco Preoperative Diffuse Glioma MRI), and
EGD. The TCGA and UCSF-PDGM were used for training and cross-validation, and EGD served
as external validation set (Scenario A). The best-performing mean values are highlighted in
bold. Symbols denote statistically significant differences (P<0.05). Asterisks (*) indicate a signifi-
cant difference from kNN, (#) indicate a significant difference from LightGBM, and daggers (1)

denote a significant difference from LR.

Dataset Metrics Model
kNN LightGBM LR
ACC 0.84+0.04 0.84+0.04 0.87+0.03
SEN 0.72+0.15 0.71£0.13 0.83+0.09
Internal Validation SPE 0.95+0.02 0.96+0.01# 0.90+0.04
F1 0.77£0.10 0.78+0.10 0.78+0.05
MCC 0.70+0.12 0.72+0.11 0.70+0.07
AUC 0.92+0.05 0.94+0.05 0.93+0.03
ACC 0.88+0.01 0.84+0.01 0.85+0.03
SEN 0.87+0.02 0.7940.03t 0.93+0.02
EGD SPE 0.89+0.02 0.89+0.01¢ 0.76+0.05*
F1 0.83+0.01 0.79+0.03 0.77+0.04
MCC 0.74%0.02 0.69+0.04 0.65+0.06
AUC 0.94+0.01 0.92+0.01 0.90+0.02

EGD: Erasmus Glioma Database, ACC: Accuracy, SEN: Sensitivity, SPE: Specificity, MCC: Matthews Correlation Coefficient,
AUC: Area Under The Curve, kNN: k-Nearest Neighbor, LightGBM: Light Gradient-Boosting Machine, LR: Logistic Regression

(ACC: 0.85+0.01; MCC: 0.68+0.03; AUC:
0.91+0.01). kNN remained competitive (ACC:
0.82+0.01; MCC: 0.67+0.01), and LightGBM
maintained the highest specificity (0.94+0.01)
but with lower sensitivity (0.69+0.03). The
corresponding confusion matrices for the
TCGA cohort are shown in Figure 2B.

To probe feature contributions, we per-
formed SHAP analyses. In the EGD cohort
(Figure 3A), the highest-impact predic-
tors were T1C-derived texture descriptors,
GLRLM and GLSZM, together with T1C
first-order total energy. Additional contribu-
tors included T1C GLSZM, TIC first-order
Skewness, FLAIR NGTDM coarseness, and
whole-tumor T2 GLCM. In the TCGA cohort
(Figure 3B), SHAP again highlighted the pre-
dominance of T1C features, GLSZM, GLCM,

and first-order statistics (median/mean and
total energy), with complementary effects
from whole-tumor shape sphericity, T1 root
mean squared, T2 10th-percentile intensity,
and FLAIR coarseness.

Instance-level SHAP force plots (Figure
3C and 3D) on the EGD cohort further il-
lustrate how individual features influenced
predictions. In Figure 3C, a correctly classi-
fied IDH-mutant case shows the score rising
sharply above the base value (from 0.23 to
0.87), driven by strong positive contributions
from T1C-derived texture and intensity de-
scriptors, such as GLSZM, GLRLM, and first-
order total energy and skewness. Conversely,
Figure 3D depicts an IDH wild-type case,
where dominant blue contributions lower
the score to 0.03, with T1C texture features

J Biomed Phys Eng
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eeeeeeeeeeeeee

LightGBM LR

Figure 2: Confusion matrices of the six classifiers on external testing: (A) EGD cohort and (B)

TCGA cohort.

(EGD: Erasmus Glioma Database, TCGA: The Cancer Genome Atlas, kNN: k-Nearest Neigh-
bor, LightGBM: Light Gradient-Boosting Machine, LR: Logistic Regression, WT: Wildtype, MT:

Mutant)

(GLRLM short-run high gray-level empha-
sis, GLSZM low-gray-level zone emphasis,
and GLSZM gray-level non-uniformity) and
shape sphericity collectively suppressing the
probability despite minor positive effects from
first-order Total Energy.

Discussion

Our results demonstrate that an integrat-
ed, explainable radiomics pipeline can non-
invasively predict IDH mutation status in
gliomas with high accuracy, even across het-
erogeneous, multicenter MRI data. Using a
robust automated segmentation and a multi-
modal feature approach, we achieved high
performance (AUC ~0.90-0.94), which is
comparable to the best-reported values in the
radiomics literature [7,8,19]. All three ML
classifiers showed strong internal validation
results and, importantly, maintained high per-
formance on independent external datasets. In
particular, kNN provided the most balanced
generalization on the EGD cohort, while
LR model maximized performance on the
TCGA test set. Our external test AUC (~0.94)

surpasses that of some prior multicenter
radiomics studies (AUC ~0.82-0.86), high-
lighting the strength of our pipeline in cap-
turing the IDH-specific imaging phenotype.
This level of performance is also comparable
to recent multi-task or foundation-based DL
studies for IDH prediction [35-39]. Thus, with
careful design, conventional radiomics cou-
pled with modern segmentation can achieve
accuracy rivaling more complex DL models,
while offering greater transparency.

Our findings both confirm and extend ob-
servations from earlier radiomics studies. The
recent systematic review and meta-analysis
of DL-based radiomics reported pooled AUC
of 0.89 for IDH prediction [7]. This analysis
identified segmentation strategy and DL inte-
gration depth as major sources of heterogene-
ity and over-optimistic results when external
validation was limited. Our framework was
designed to address these issues. First, in-
stead of relying on variable manual masks,
we used BrainSegFounder [20], a state-of-
the-art SWIN-UNETR model pretrained on
more than 41000 MRI cases, to automatically

J Biomed Phys Eng
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Table 3: Meantstandard deviation of evaluation metrics for prediction models across 5-fold
cross-validation and external test cohort. The datasets include TCGA, UCSF-PDGM (University
of California San Francisco Preoperative Diffuse Glioma MRI), and EGD (Erasmus Glioma Da-
tabase). The EGD and UCSF-PDGM were used for training and cross-validation (Scenario B).
The best-performing mean values are highlighted in bold. Symbols represent statistically signifi-
cant differences (P<0.05). Asterisks (*) indicate a significant difference from kNN , (#) indicate a
significant difference from LightGBM, and daggers (1) denote a significant difference from LR.

Dataset Metrics Model
kNN LightGBM LR

ACC 0.85+0.02 0.86+0.02 0.89+0.02

SEN 0.75£0.09 0.74£0.08 0.86+0.05
Internal Validation SPE 0.94+0.02 0.97+0.02 0.91£0.02#
F1 0.78+0.04 0.80+0.05 0.82+0.03

MCC 0.71%0.05 0.750.07 0.7520.04

AUC 0.92+0.02 0.94+0.02 0.94+0.02

ACC 0.82+0.01 0.82+0.02 0.85+0.01

SEN 0.72+0.02 0.69+0.031 0.82+0.04*
SPE 0.92+0.01 0.94+0.01 0.87+0.02#

TCGA F1 0.79+0.01 0.77+0.02 0.8140.02
MCC 0.67+0.01 0.66+0.03 0.68+0.03

AUC 0.88+0.01 0.90+£0.01 0.91£0.01

TCGA: The Cancer Genome Atlas, ACC: Accuracy, SEN: Sensitivity, SPE: Specificity, MCC: Matthews Correlation Coefficient,
AUC: Area Under The Curve, kKNN: k-Nearest Neighbor, LightGBM: Light Gradient-Boosting Machine, LR: Logistic Regression

segment tumor subregions. This approach not
only reduced manual effort but also generated
consistent tumor masks, improving the stabil-
ity of downstream radiomic features. Second,
unlike previous studies that trained and tested
models on the same institutional data [7, 8],
we intentionally built training and test splits
across different centers and scanners. This
cross-site validation is essential to prevent
models from exploiting cohort-specific arti-
facts and ensures stronger generalizability.
Beyond raw performance, a major contribu-
tion of this work is the integration of explain-
ability via SHAP analysis. ML and DL models
have often been criticized as “black boxes,”
which hinders clinical trust and adoption
[18,19]. In our study, SHAP enabled us to ex-
amine the model’s decision process and iden-
tify the features that most strongly influenced

IDH predictions. Texture features from T1C,
particularly GLRLM and GLSZM, consistent-
ly emerged as the most important contributors.
This aligns with clinical radiology experi-
ence, IDH-wildtype gliomas (generally higher
grade) may exhibit more irregular, heteroge-
neous enhancement, whereas IDH-mutant tu-
mors (often lower grade) tend to show more
uniform or minimal enhancement [29]. These
explainable insights are valuable to both clini-
cians and researchers. They provide biological
plausibility to the model’s behavior and could
guide further hypothesis generation.

We acknowledge several limitations in our
study. First, as a retrospective study spanning
multiple scanners and protocols, acquisition
heterogeneity may still affect feature distri-
butions despite our harmonization. While we
chose not to exclude cases with lower quality

VIII \
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Figure 3: SHAP explanations for IDH prediction. (A) SHAP summary plot of the top ten features
influencing model predictions in the EGD cohort and (B) in the TCGA cohort. (C) SHAP force
plot illustrating a case correctly classified as IDH-mutant, and (D) a case correctly classified as

IDH—-wildtype.

(SHAP: Shapley Additive Explanations, IDH: isocitrate dehydrogenase, EGD: Erasmus Glioma Da-
tabase, TCGA: The Cancer Genome Atlas, NC: Necrotic Core, TC: Tumor Core, EC: Enhancing
Tumor Core, ED: Peritumoral Edema, WT: Wildtype, GT: Ground Truth, MT: Mutant)

or differing protocols (to maintain real-world
heterogeneity), this could introduce noise.
Second, our radiomic features were purely
imaging-based. We did not integrate clini-
cal factors or other biomarkers. In practice, a
physician would consider imaging alongside
patient data, and recent evidence indicates that
combining radiomics with clinical features
can improve predictive performance [8]. Ad-
ditionally, we focused solely on IDH mutation
classification. Downstream decisions, how-
ever, also depend on 1p/19q co-deletion status
and tumor grade (in IDH-mutants). An ideal
non-invasive tool would provide a full mo-
lecular profile. Lastly, while we did perform
external validation, prospective clinical vali-
dation is still needed [18]. A prospective study
would evaluate how our model performs on
new patients in real-time and whether its pre-
dictions can truly influence or improve clinical

decision-making. This step will be crucial for
regulatory approval and clinical uptake of any
artificial intelligence-driven diagnostic tool.

Conclusion

In this retrospective study, we developed
and validated a fully automated, explainable
radiomics pipeline for non-invasive predic-
tion of IDH mutation status in gliomas using
routine multiparametric MRI. Using a foun-
dation-based SWIN-UNETR model for tumor
segmentation, handcrafted radiomic features,
and three complementary ML classifiers, we
achieved consistently high performance across
internal datasets. The models also maintained
strong performance on independent test sets
from different institutions and scanners, high-
lighting the generalizability of the proposed
approach.

Beyond predictive accuracy, our framework
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provides transparent insights into model de-
cision-making. SHAP analyses consistently
highlighted texture and first-order features de-
rived from T1C images as dominant contribu-
tors to IDH classification. This interpretabil-
ity can facilitate clinician trust, enable quality
control of predictions, and support hypothesis
generation regarding imaging correlates of
glioma biology.

Our study addresses key barriers to the
clinical translation of radiomics in neuro-
oncology, including dependence on manual
segmentation, limited external validation, and
lack of model transparency. Important steps
remain before clinical deployment. Future
work should assess the value of integrating
clinical, histopathologic, and additional mo-
lecular markers, including 1p/19q co-deletion
and grade within IDH-mutant tumors. With
prospective evaluation, this approach has the
potential to support preoperative decision-
making, reduce reliance on invasive tissue
sampling, and contribute to more personalized
management of patients with glioma.
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