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Abstract

Multi-sequence MRI is the standard for glioma assessment, but complete or contrast-
enhanced protocols are not always available (withheld gadolinium, low-field MRI, in-
complete archives). We asked whether tumor localization improves grade classification
from T2-weighted MRI alone. In this retrospective study of the BraTS2020 training co-
hort (369 patients; legacy labels 293 high-grade [HGG], 76 low-grade [LGG]), 74 patients
(15 LGG) were held out at the patient level for internal testing. A 2D U-Net trained in
five development folds supplied out-of-fold whole-tumor masks for training 3D CNN
classifiers; nnU-Net served as a segmentation benchmark. Classifiers received T2 alone or
T2 plus a mask, which at test time came from the 2D U-Net, nnU-Net, the ground truth
(oracle) or random noise. Analyses used five seeds, DeLong tests with Holm correction and
development-set cross-validation. Whole-tumor Dice was 0.807 (95% CI 0.773-0.840) for the
2D U-Net and 0.877 (0.857-0.895) for nnU-Net. The T2-only CNN reached an ROC-AUC
of 0.814 (95% CI 0.702-0.913). Mask-guided variants reached 0.677-0.742, none above T2-
only (Holm-adjusted p = 1.00 for all four confirmatory comparisons of informative masks).
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1. Introduction

Gliomas are the most common malignant primary tumors of the brain. In the United
States, the age-adjusted incidence of malignant brain and other central nervous system
(CNS) tumors is 6.89 per 100,000 population per year; gliomas account for 22.9% of all
primary CNS tumors, and glioblastoma alone for 51.5% of malignant ones [1]. The 2021
World Health Organization (WHO) classification assigns grades within molecularly defined
tumor types; IDH-mutant astrocytomas, for example, span CNS WHO grades 24, and IDH-
wildtype diffuse astrocytic gliomas with TERT promoter mutation, EGFR amplification
or combined chromosome 7 gain and 10 loss are classified as glioblastoma, grade 4, even
without high-grade histology [2]. The high-grade (HGG) versus low-grade (LGG) labels
distributed with BraTS2020 predate this framework and derive from histopathological
diagnoses of the contributing cohorts [3]; in this study they are treated as a legacy research
label and not as a surrogate for an integrated WHO 2021 diagnosis. A preoperative estimate
of tumor aggressiveness nevertheless bears on the urgency and extent of surgery and on
adjuvant planning [4,5].

Multi-sequence MRI (native T1, contrast-enhanced T1 [T1ce], T2 and FLAIR) is the
standard of care for preoperative glioma assessment, and T2 alone is not proposed here
as a substitute for it. T2-weighted images nevertheless carry grade-related information
of their own; the T2-FLAIR mismatch sign, for example, is a specific marker of IDH-
mutant astrocytoma [6]. Most deep-learning pipelines built on the multimodal Brain Tumor
Segmentation (BraTS) benchmark and on U-Net or nnU-Net architectures assume all four
co-registered sequences [3,7-9]. Convolutional networks can also grade gliomas from
conventional MRI [10], but reported performance is often inflated by evaluation against
binarized rather than official multi-class labels, by ground-truth segmentations reaching
the test set, and by the absence of strong baselines on identical patient splits [9,11,12].
Such leakage of information between training and test data is a recognized source of
over-optimistic results in machine-learning-based science [13].

There are, however, specific situations in which only non-contrast sequences are
available or reliable. Gadolinium-based contrast is used selectively: exposure during
pregnancy has been associated with stillbirth or neonatal death and with inflammatory
skin conditions in the child [14]; immediate allergic-like reactions occur in about 9 per
10,000 administrations [15]; gadolinium is retained in the brain after repeated doses, which
argues for restraint in patients who need many follow-up examinations [16]; and in acute
kidney injury or severe chronic kidney disease, the very low risk of nephrogenic systemic
fibrosis has to be weighed against the harm of delaying or withholding contrast [17].
Portable low-field (0.064 T) scanners used at the bedside of critically ill patients acquire
T1, T2, FLAIR and diffusion-weighted images without contrast and at lower signal-to-
noise ratios [18], and in retrospective or multi-institutional archives, sequences are often
missing or degraded by motion, which has motivated a dedicated line of missing-modality
methods [19]. T2 is usually among the retained sequences. For such settings it is useful
to know how much grade-related information a classifier can extract from T2 alone and
whether it extracts more when it is told where the tumor is.

Explicit tumor localization is a plausible way to obtain more. Imaging features associ-
ated with high grade, such as necrosis and heterogeneous signal, lie within the lesion, which
occupies a small part of the brain volume, and a classifier trained on a few hundred patients
may not learn to find them unaided. With all four sequences, Pereira et al. graded BraTS
2017 gliomas with a 3D CNN more accurately from an automatically segmented tumor
region than from the whole brain (accuracy 0.930 vs. 0.895) [20], and segmentation-derived
regions of interest have been used to guide CNN classification of MGMT promoter methy-
lation [21]. Without T1ce, however, the mask must itself be predicted from T2, on which
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the enhancing tumor, defined on T1ce [12], is not directly visible. Whether a T2-derived
mask still adds information to a T2-only classifier, and whether its effect depends on mask
quality, has to our knowledge not been examined. Two-stage designs of this kind also carry
a specific risk of optimistic evaluation: if the masks of training patients are predicted by
a segmentation network that was trained on the same patients, the classifier learns from
masks of better quality than those it receives at test time.

We therefore addressed three research questions (RQ), using the T2 channel of
BraTS2020 as a controlled test bed in which labels, preprocessing and patient split are
held fixed (Figure 1). RQ1: How accurately can the whole tumor and its sub-regions be
segmented from T2 alone by a 2D U-Net and by nnU-Net [9]? RQ2: Does a whole-tumor
mask, added as a second input channel, improve discrimination of the legacy HGG/LGG
label by a T2-only 3D CNN? RQ3: Does any effect depend on the quality of the mask, from
the 2D U-Net to nnU-Net to the reference segmentation? On the basis of the multi-sequence
results above, we expected the mask to improve discrimination and the improvement to
increase with mask quality. To prevent the train—test mismatch described above, classifiers
were trained with out-of-fold 2D U-Net masks; at test time, the mask channel was supplied
by the 2D U-Net, by nnU-Net or by the reference segmentation, with a random-noise
channel as negative control. Each condition was trained with five seeds and compared with
the T2-only model by paired tests with Holm correction, and the comparison was repeated
by cross-validation in the development set.

BraTS2020 training cohort: 369 patients
293 HGG / 76 LGG (legacy labels)
T2-weighted volume and official labels

stratified patient-level split (80:20)
¢ g 3
Development set Hold-out test set
295 patients (234 HGG / 61 LGG) ( %) 74 patients (59 HGG / 15 LGG)
| Stage 1: 2D U-Net, five fold models e
N model k trained on the four other folds pleullth
| F1 ' | F2 ‘ | F3 || F4 || F5 | »> (10% of them held out for tuning); o model or threshold selection
five stratified folds of 59 patients predicts fold k (out-of-fold) ~
\ J R
( ) ’//f b Test-set masks )
ffR_efler erllt(_:elmaslkz | ,/' nnU-Net (segmentation benchmark) N 2D U-Net: mean of the five
o h'c'la tm” "‘; as;t a ezs - > trainedon 236 andtunedon59 ~ fF----""~ fold models; nnU-Net;
L (whole tumor for Stage 2) AN development patients | reference mask (oracle only)
. S J RN Y,
> s N -7 . l
f ) Stage 2: 3D CNN grade classifier [ f . )
Out-of-fold 2D U-Net masks trained : 11295 devel t patient Hold-out evaluation
for all 295 patients; each ra";zc:: dain o chiﬁgrmfgir?ii |gn S segmentation vs official labels;
patient predicted by the model > none (T2 on{a) | out-of-fold 2D méqs;k e > HGG/LGG classification with
that did not see it (in-sample e mask};noise | in-sample 2D mask second channel: none, 2D U-Net,
masks: sensitivity model only) M : p nnU-Net, reference or noise
L ) + radiomics baseline (out-of-fold mask) L )
. Y . l J
Cross-validation inside the development set: Stage 2 (T2 only, out-of-fold mask) and radiomics training
retrained in the same five folds; each fold evaluated on its 59 held-out patients |  -----. prediction (inference)

Figure 1. Experimental design. The 369 BraTS2020 patients were split once at the patient level into a
development set (blue) and a hold-out test set (orange). Solid arrows connect each model with the
data it was trained on; dashed arrows show the data to which it was applied. The five Stage-1 2D
U-Net fold models supply out-of-fold masks for Stage-2 training and a five-model ensemble mask for
the test set; nnU-Net, trained on the development set, supplies an alternative test-set mask. Stage-2
3D CNNs were trained on all development patients with T2 alone or T2 plus a second channel and
evaluated once on the test set; cross-validation repeats Stage-2 training within the development folds.
Training settings of each model are given in Table 1.
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Table 1. Data used for training, tuning and testing of each model, with the main training settings
(patient numbers in parentheses). Folds are the five stratified folds of the 295-patient development set;
the test set (74 patients) was used only for the final evaluation. Channel 2, second input channel of
the 3D CNN; OOF, out-of-fold 2D U-Net mask; GT, ground-truth mask; CE, cross-entropy; Ir, learning
rate. Complete settings are given in Supplementary Table S1 and Supplementary Methods S2 and S3.

Model Training Data Tuning Testing Settings
Stage 1: 2D U-Net, 4 folds minus 10% 24 }A)a.tlents of jrhe Held-out .fold (59; OQF Dice + C%.Adamw,.lr
5-fold models (212 patients) training folds: Ir masks); test set (74; 1 x 10™°; batch 16;
schedule, checkpoint ensemble) 30 epochs
59 development )
nnU-Net 3d_fullres 236 dev.elopment patients; monitoring Test set (74) nnU-Net defaults;
patients 250 epochs
only
Stage 2: 3D CNN, 295 development Test set (74); channel 2: Focal loss; AdamW, Ir

hold-out (5 conditions

x 5 seeds)

patients; channel 2:
none, OOF, GT, noise or

2D ensemble, nnU-Net, 1 x 10~%; batch 4;
GT or noise 30 epochs

None; final epoch

in-sample mask

Stage 2: 3D CNN,
cross-validation
(2 conditions x 3 seeds)

4 folds (236 patients);
channel 2: none or OOF

None; final epoch Held-out fold (59) As hold-out

mask

Radiomics logistic

regression

patients or 4 folds; OOF None

295 development Test set (74) or held-out L2 (C =1); balanced

mask fold class weights

2. Materials and Methods
2.1. Study Design and Dataset

This retrospective study used the training cohort of the BraTS2020 challenge
(369 patients: 293 HGG, 76 LGG) [3,7,12]; its reporting follows the CLAIM 2024 check-
list [22] (Supplementary Materials). BraTS2020 consists of routine preoperative MRI exami-
nations acquired with different clinical protocols and scanners at multiple institutions and
distributed in de-identified form after co-registration to a common template, resampling
and skull stripping [12]. Of the 369 patients, 167 originate from The Cancer Genome Atlas
glioma collections of The Cancer Imaging Archive (TCGA/TCIA) [3], 129 from the Center
for Biomedical Image Computing and Analytics (CBICA, University of Pennsylvania),
30 from the BraTS 2013 data and 43 from other contributing institutions. All 369 patients
were included; none was excluded. The reference standard for segmentation was the official
BraT§ label map (necrotic/non-enhancing tumor, peritumoral edema, enhancing tumor),
segmented manually by one to four raters following a common protocol, approved by
experienced neuroradiologists and reviewed for consistency by a board-certified neuroradi-
ologist [12]; it is referred to below as the ground truth (GT). Individual rater annotations
and inter-rater agreement are not distributed. The reference standard for classification was
the HGG/LGG label distributed with BraTS2020, which derives from the histopathological
diagnoses of the contributing institutions (Section 1); HGG was coded as the positive class.

Patients were split once into a development set (n = 295; 234 HGG, 61 LGG) and a
hold-out test set for internal testing (n = 74; 59 HGG, 15 LGG) by a stratified patient-level
80:20 split (scikit-learn train_test_split, random_state = 42). Labels of the official BraTS2020
validation and test cohorts are not public, so no established labeled split was available;
the 80:20 ratio is conventional and left 15 LGG patients for testing, and the test-set size
was not determined by a power calculation. The two partitions were similar in source
(TCGA/TCIA 134/295 [45%] vs. 33/74 [45%]) and, among the 236 HGG patients for whom
age is distributed, in age (median 61.0 vs. 63.4 years; Mann—Whitney p = 0.28); sex is not
distributed with BraTS2020. The test set was not used for training, tuning, model selection,
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early stopping or threshold choice. The development set was divided into five stratified
folds (StratifiedKFold, shuffled, random_state = 42), which were used both for Stage-1
out-of-fold prediction and for cross-validation of Stage 2, so that the Stage-1 mask of a
validation patient always came from a model that had not seen that patient.

2.2. Image Preprocessing

Only the T2-weighted volume was used. BraTS2020 volumes are co-registered, re-
sampled to 1 mm isotropic resolution and skull-stripped by the challenge organizers
(240 x 240 x 155 voxels); the T2 series were originally acquired as axial 2D sequences with
2—4 mm slice thickness [12], and per-patient acquisition parameters are not distributed.
Each volume was min—-max scaled to [0, 1]; no bias-field correction, inter-patient intensity
standardization or outlier removal was applied, and no image data were missing. Stage 1
used all 155 axial slices (240 x 240) of each patient. For Stage 2, the T2 volume and the
localization mask were resampled to 128 x 128 x 96 voxels by trilinear interpolation. The
Stage-1 2D U-Net was trained without augmentation; Stage-2 training used random flips
along both in-plane axes (p = 0.5 each) and multiplicative intensity scaling of the T2 channel
by a factor drawn from U(0.9, 1.1). No test-time augmentation was used for either model.
The identity of the T2 channel was verified for every converted file type (Supplementary
Methods S4; Supplementary Figure S3).

2.3. Stage 1: 2D U-Net Tumor Localization

Stage 1 was a single-channel 2D U-Net [8] with four 2 x 2 max-pooling levels (blocks
of two 3 x 3 convolutions with batch normalization and ReLU followed by spatial dropout
of 0.1; transposed-convolution up-sampling with skip connections; base width 32;7.76 M
parameters; Supplementary Figure S1) predicting the four official BraTS classes (back-
ground, necrotic/non-enhancing tumor, edema, enhancing tumor; label 4 remapped to
3) on axial slices. It was trained with 0.5-Dice + 0.5-cross-entropy loss, AdamW (learning
rate 1 x 1073, weight decay 1 x 10~*%), batch size 16, mixed precision and 30 epochs, with
ReduceLROnPlateau (factor 0.5, patience 3) on the loss of an inner validation (tuning)
subset. Weights were initialized with the PyTorch 2.7.1 (CUDA 11.8) defaults; no pretrained
weights were used. In each development fold, the model was fitted on the other four folds
minus a random 10% inner validation subset (212 fitting and 24 inner-validation patients),
and the checkpoint with the highest inner-validation mean Dice over whole tumor (WT;
labels 1-3), tumor core (TC; labels 1 and 3) and enhancing tumor (ET; label 3) was kept
(training curves in Supplementary Figure 54). This model predicted the 59 patients of
the held-out fold, yielding out-of-fold (OOF) label maps for all 295 development patients,
analogous to the out-of-fold predictions used in stacked generalization [23]. Test-set masks
were obtained by averaging the softmax outputs of the five fold models. To quantify how
much better masks are for patients that a model has seen, each development patient was
also predicted in-sample by a fold model whose fitting set contained that patient; these
masks were used only for the sensitivity model (v) in Section 2.4. Official BraTS2020 seg-
mentations were the reference for all patients except BraTS20_Training_355, for which no
official file was available in the downloaded archive, and the label map was rebuilt from
the HDF5 archive; rebuilt and official maps were voxel-identical in all 368 patients with
both (Supplementary Methods S1).

2.4. Stage 2: Mask-Guided 3D Grade Classification

The Stage-2 classifier was a 3D CNN (four blocks of 3 x 3 x 3 convolution, batch
normalization and ReLU with 32-256 filters, the first three followed by 2 x 2 X 2 max
pooling; adaptive average pooling to 4 x 4 X 4; fully connected layers of 512 and 128 units
with ReLU and dropout 0.5; 9.6 M parameters; PyTorch default initialization without
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pretraining; Supplementary Figure S52) with a 128 x 128 x 96 input of one channel (T2-only)
or two channels (T2 plus a binary WT mask). Conditions differed only in the second
channel: (i) T2-only; (ii) mask-guided, trained with Stage-1 OOF masks and tested with
the five-model ensemble masks; (iii) mask-guided, trained with ground-truth masks; (iv) a
random-mask control whose second channel was patient-fixed uniform noise in [0, 1]; and
(v) a sensitivity model trained with in-sample Stage-1 masks and tested with the ensemble
masks, which exposes the classifier to better masks in training than at test. To separate
the effect of mask quality from the effect of having a mask, models (ii) and (iii) were
also evaluated with the test-time channel replaced by nnU-Net masks (50- and 250-epoch
checkpoints; Section 2.5), by the 2D ensemble masks or by the ground-truth mask; ground
truth at test time is an oracle reference and is not available in deployment. All models used
class-weighted focal loss (v = 2; class weight n/(2:n_c)), AdamW (learning rate 1 X 1074,
weight decay 1 X 10~%), cosine annealing with warm restarts (To = 10, T_mult = 2), batch
size 4, mixed precision, shuffled (not class-balanced) sampling and 30 epochs. Training
length was fixed at 30 epochs without early stopping, and the final-epoch model was used;
no checkpoint was selected on validation or test data. Each condition was trained with
five seeds (42—-46), and the primary prediction is the seed-averaged probability of HGG,
thresholded at 0.5. Table 1 summarizes the training, tuning and test data and the training
settings of every model; all implemented settings are listed in Supplementary Table S1 and
Supplementary Methods S3.

2.5. nnlU-Net Segmentation Benchmark

nnU-Net v2 [9] (version 2.6.2; 3d_fullres configuration with default planning and
preprocessing; T2 as the only input channel; official multi-class labels) was trained on
the development set only, using nnU-Net’s default fold-0 split of the 295 development
patients (236 training, 59 validation). Because of the compute budget, training ran for
250 instead of the default 1000 epochs, and a snapshot at epoch 50 was kept as an under-
trained reference (Supplementary Methods S2). Both checkpoints, neither selected on
validation performance, predicted the 74 test patients with default test-time mirroring.
nnU-Net served as a segmentation benchmark for Stage 1 and as a higher-quality test-time
localization channel for Stage 2 (Section 2.4).

2.6. Secondary Analyses

Cross-validation. Stage 2 was also evaluated by five-fold cross-validation within the
development set, reusing the Stage-1 folds so that the masks of each validation fold were
out-of-fold. T2-only and mask-guided (OOF-mask) models were trained with three seeds
(42—-44) and the recipe of Section 2.4, and a logistic regression on five first-order features
of the T2 signal inside the 2D mask (volume, mean, standard deviation, maximum, 90th
percentile; standardized; balanced class weights) was fitted in the same folds. Interpretabil-
ity. Integrated Gradients [24] (zero baseline, 32-step right Riemann sum, target = HGG
logit; implemented in PyTorch) was computed for all 74 test patients with the seed-42
T2-only and mask-guided models. Attribution enrichment was defined as the fraction of
absolute T2-channel attribution inside the ground-truth WT divided by the WT fraction of
brain voxels, so that 1 indicates no spatial preference for the tumor. The attributions were
not validated against an independent reference and are interpreted descriptively. Timing.
Inference time per volume was measured on an otherwise idle NVIDIA RTX 5000 Ada
GPU for 19 test patients after one warm-up case, separately for reading and scaling, 2D
U-Net inference (single model and five-model ensemble) and resampling plus 3D CNN
inference; nnU-Net was timed from the difference between 10-case and 1-case runs to
exclude model loading.
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2.7. Statistical Analysis

Segmentation was scored per patient against the official multi-class labels with Dice
and the 95th-percentile Hausdorff distance (HD95, mm) for WT, TC and ET. Following
the BraTS convention, Dice = 1 and HD95 = 0 when both prediction and reference were
empty, and HD95 = 373.1 mm (image diagonal) when only one was empty. Classification
metrics were accuracy, balanced accuracy, sensitivity (HGG), specificity (LGG), weighted
F1, ROC-AUC and PR-AUC (average precision), with the Brier score as a summary of
calibration. PR-AUC is reported for both choices of positive class because its no-skill
value equals the prevalence of the positive class, 0.797 with HGG and 0.203 with LGG as
positive (score 1 — P(HGG)) [25]. Confidence intervals (95%) were obtained by patient-level
bootstrap with 2000 resamples, stratified by grade for classification metrics; segmentation
models were compared on the same test patients by the bootstrap of the paired mean
difference and by the Wilcoxon signed-rank test. Each condition was compared with T2-
only on the same test patients by the DeLong test for correlated ROC curves [26,27], by
paired bootstrap of the ROC-AUC and balanced-accuracy differences, and by the exact
McNemar test at the 0.5 threshold. The confirmatory family consisted of five comparisons
with T2-only (OOF-trained mask-guided model with 2D and with nnU-Net-250 test masks;
GT-trained model with ground-truth and with nnU-Net-250 test masks; random-mask
control), and Holm correction [28] was applied within this family; all other comparisons
are descriptive. Cross-validation results are summarized as the mean over folds with a
t-based 95% CI and as metrics of the pooled out-of-fold predictions, on which paired tests
were performed. Analyses used Python 3.13.9 with PyTorch 2.7.1 (CUDA 11.8), nnU-Net
2.6.2, NumPy 2.2.6, SciPy 1.15.2, scikit-learn 1.7.2 and nibabel 5.3.3.

2.8. Pipeline Verification

Each stage of the pipeline consumes the output of the previous one, so an error in one
stage propagates to the next without being visible in the final metrics. The following prop-
erties were therefore verified before the final analysis. (i) Sequence identity: the BraTS2020
HDFEFS5 archive stores the sequences in the order FLAIR, T1, Tlce, T2, and in the NIfTI
files converted from it, the file named *_T2 contains T1ce; the T2 volume was identified
from image contrast in every file type and used throughout (Supplementary Methods S4;
Supplementary Figure S3). (ii) Reference labels: Stage 1 and nnU-Net were trained and
evaluated on the official multi-class labels on axial slices, and the label map rebuilt from the
HDF5 archive was compared voxel-wise with the official files (Supplementary Methods S1).
(iif) Patient separation: the patient lists of all training, tuning and test sets were compared,
and no test patient entered the training of any model, including the segmentation net-
works that supply the masks. (iv) Model selection: no epoch, checkpoint, threshold or
hyperparameter was chosen on test data. (v) Class imbalance: imbalance was corrected
once through the loss weights; adding a class-balanced sampler to the weighted loss
shifted predictions toward LGG without improving ROC-AUC (Supplementary Table S5).
(vi) Cross-validation was confined to the development set. A preliminary version of this
pipeline, whose results were archived as version 1 of the Zenodo record, did not meet
these criteria: it used the T1ce file as T2, trained Stage 1 on binary necrotic-core masks on
non-axial slices, included test patients in segmentation training, selected the classifier epoch
on the test set, corrected class imbalance twice and cross-validated over all 369 patients.
Its results are superseded and are not used in this article; the corrections are listed in the
version history of the archive.
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2.9. Generative Al Use

ChatGPT 5.6 was used for code development/debugging. The authors take full
responsibility for the content of this paper.

3. Results
3.1. Segmentation Performance on Multi-Class Ground Truth

On the 74 test patients, the five-model 2D U-Net ensemble reached mean Dice of 0.807
(0.773-0.840) for WT, 0.595 (0.535-0.649) for TC and 0.378 (0.324-0.429) for ET, with a WT
HD95 of 11.5 (8.6-14.8) mm (Table 2; Figures 2 and 3). nnU-Net was better in every region:
0.849/0.707/0.450 after 50 epochs and 0.877/0.717 /0.466 after 250 epochs (WT HD95 6.0
(4.5-8.1) mm). The paired Dice differences between nnU-Net-250 and the 2D ensemble
were 0.069 (0.048-0.094) for WT, 0.122 (0.088-0.159) for TC and 0.088 (0.053-0.127) for ET
(Wilcoxon p < 0.001 for each). Out-of-fold Dice in the development set (0.797/0.586/0.358;
per-fold values in Supplementary Table S4) was close to the test-set values, so the masks
used to train Stage 2 resemble those it receives at test time. In-sample predictions for the
same development patients were markedly better (WT 0.864 vs. 0.797, TC 0.782 vs. 0.586,
ET 0.497 vs. 0.358; Wilcoxon p < 0.001 for each region), which quantifies the train-test
mismatch that in-sample masks introduce. ET was the weakest region for all models, as
expected without the T1lce sequence on which enhancement is defined.

Table 2. Hold-out segmentation from T2 alone (official multi-class BraTS labels). Mean Dice and mean
HDY95 (95th-percentile Hausdorff distance) with patient-level bootstrap 95% Cls (2000 resamples). ET
was absent in 6 test patients; ET HD95 means are dominated by the 373 mm penalty applied when
exactly one of prediction and reference is empty (medians 10.1, 5.8 and 5.6 mm for the three test-set
models). The last row gives the out-of-fold development-set masks used to train Stage 2. WT, whole
tumor; TC, tumor core; ET, enhancing tumor.

Method Dice WT Dice TC Dice ET H]()Iifn‘;VT H](Dn!:;")l"c HEE;ET
2D U-Net, five-fold 0.807 0.595 0.378
ensemble (test) (0773-0.840)  (0535-0.649)  (0.324-0429)  112(B6-148) 126 (105-149)  405(204-654) 74
nnU-Net 3d_fullres, 50 0.849 0.707 0.450
pachs (st 0820872 (0650758  (Oshosey 0265122 138(16250) 430089683 74
nnU-Net 3d_fullres, 0.877 0.717 0.466
250 epochs (test) (0.857-0.895)  (0.665-0.769)  (0.404-0527) ~ ©00@58DL)  83(68-100)  436(222-689) 74
2D U-Net, out-of-fold 0.797 0.586 0.358
(development) (0.778-0814)  (0560-0.614)  (0.333-0383) o7 (138-178)  246(19.1-31.2)  49.1(378-615) 295

The gap between the 2D ensemble and nnU-Net-250 was largest for TC (0.12) and ET
(0.09) and smallest for WT (0.07). Stage 2 uses only the WT mask, for which the average dif-
ference is small but concentrated in a subset of patients with poor 2D localization (Figure 3).

Median WT Dice was 0.877 for the 2D ensemble and 0.908 for nnU-Net-250, but the 2D
model had a longer lower tail: 9 test patients had WT Dice below 0.6, compared with 4 for
nnU-Net-50 and 1 for nnU-Net-250. These are the patients in whom a better localization
channel would be expected to matter most for Stage 2.

Figure 4a illustrates the overlap of the legacy classes in T2 appearance: the LGG
example (ID 274) contains labeled necrotic and enhancing components, whereas the HGG
example (ID 252) has a compact core with surrounding edema.
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Dice (official multi-class labels)

Hold-out segmentation on T2 only (n = 74); bars = mean, dots = patients

2D U-Net (5-fold ensemble) nnU-Net (50 epochs)  mmm nnU-Net (250 epochs)
. P 501: o ?‘HE . ,
AT A o 088 . \le 2

Whole tumor Tumor core Enhancing tumor

Figure 2. Regional Dice on the hold-out set (n = 74) for the 2D U-Net ensemble and nnU-Net after
50 and 250 epochs. Bars show means; dots show individual patients.

Per-patient whole-tumor agreement on the hold-out set (n = 74)
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Figure 3. Per-patient whole-tumor Dice (a) and HD95 ((b); logarithmic axis) on the hold-out set for
the 2D U-Net ensemble and nnU-Net after 50 and 250 epochs. Boxes show the interquartile range
with the median as a horizontal line and Tukey whiskers; gray dots are individual patients.

ID 274 is the worst-segmented test patient for the 2D ensemble (WT Dice 0.35), whereas
nnU-Net recovers most of the lesion (0.88); in ID 252, both models are close to the reference
(0.88 and 0.94) (Figure 4b).
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(a) (b)

ID 274 (LGG): T2, axial slice 89 ID 274: reference labels 2D U-Net ensemble (WT Dice 0.35) nnU-Net 250 epochs (WT Dice 0.88)

1D 252 (HGG): T2, axial slice 78 1D 252: reference labels 2D U-Net ensemble (WT Dice 0.88) nnU-Net 250 epochs (WT Dice 0.94)

NCR/NET Edema Enhancing tumor

Figure 4. Two hold-out patients, ID 274 (legacy LGG; axial slice 89) and ID 252 (legacy HGG,; slice 78),
each shown at the slice with the largest tumor area. (a) T2-weighted input and official multi-class
labels. (b) Predicted segmentations of the 2D U-Net five-model ensemble and of nnU-Net after
250 epochs, with the per-patient WT Dice in each panel title. Red, necrotic/non-enhancing tumor;
green, edema; blue, enhancing tumor. Display window: 1st-99th intensity percentiles.

3.2. Classification Performance

Table 3 and Figures 5-7 summarize hold-out classification. The T2-only 3D CNN had
the highest ROC-AUC of all conditions (0.814, 95% CI 0.702-0.913) and the highest balanced
accuracy (0.747). Adding the 2D U-Net mask lowered ROC-AUC to 0.714 (AAUC —0.099,
DeLong p = 0.339, Holm-adjusted p = 1.00) and balanced accuracy to 0.707. Accuracy was
higher with the mask (0.770 vs. 0.676) mainly because the mask-guided model predicted
HGG more often (sensitivity 0.814 vs. 0.627; specificity 0.600 vs. 0.867). The AAUC was
negative for each of the five seeds (range —0.177 to —0.068). The random-mask control fell
to chance (ROC-AUC 0.474; Holm-adjusted p < 0.001) and, after seed averaging, assigned
every patient to LGG. Training with in-sample instead of OOF masks gave ROC-AUC 0.728
and balanced accuracy 0.624, so neither mask source offered an advantage over T2-only.
The first-order radiomics baseline was worse than the T2-only CNN (ROC-AUC 0.664;
DeLong p = 0.041, descriptive).

Hold-out discrimination (n = 74; 59 HGG, 15 LGG); seed-averaged probabilities

(a) (b) (c)

ROC, positive class HGG Precision-recall, positive class HGG Precision-recall, positive class LGG
1.0 v 1.04 [ ~ — 1.0 —— T2 only (AP 0.571)
= = 5
= | -~ 9
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- ‘ 0.2 — mowuwase 0zl ]
: | +* = T2 only (AUC 0.814) : T2 + 2D U-Net mask (AP 0.884) :
[ T2 + 2D U-Net mask (AUC 0.714) GT-trained, nnU-Net mask at test (AP 0.911)
t = GT-trained, nnU-Net mask at test (AUC 0.742) no-skill = HGG prevalence 0.797
0.0+ 0.0 0.0
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
False-positive rate Recall (HGG) Recall (LGG)

Figure 5. Hold-out discrimination for the T2-only model, the mask-guided model with 2D U-Net
masks and the GT-trained model tested with nnU-Net-250 masks (seed-averaged probabilities).
(a) ROC curves with HGG as positive class; dashed line, chance (AUC 0.5). (b) Precision-recall with
HGG as positive class; dashed line, no-skill level 0.797. (c) Precision-recall with LGG as positive class;
dashed line, no-skill level 0.203.
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Table 3. Hold-out classification of the legacy BraTS2020 HGG/LGG label (n = 74; 59 HGG, 15 LGG).
Values are for seed-averaged predictions (five seeds; radiomics is a single deterministic model), with
stratified bootstrap 95% Cls for ROC-AUC. PR-AUC is given with HGG as positive class (no-skill
0.797) and with LGG as positive class (no-skill 0.203). Last column: AAUC versus T2-only with
DeLong p; for the five confirmatory comparisons, the Holm-adjusted p is given after the semicolon.
Mask sources are listed as training/test; GT, ground truth (oracle when used at test); OOF, out-of-fold.

. . Balanced ROC-AUC PR-AUC
Model (Mask: Training/Test) Accuracy Acc. ©5% CI) HGG+/LGG+ AAUC (p; Holm p)
T2-only 3D CNN 0.676 0.747 0.814 (0.702-0.913) 0.946/0.571 reference
Mask-guided: 2D OOF/2D 0.770 0.707 0.714 (0.547-0.866) 0.884/0.402 —0.099 (p = 0339;
ensemble 1.00)
Mask-guided: 2D —0.101 (p = 0.371;
OOF /nnU-Net-250 0.743 0.715 0.713 (0.542-0.871) 0.880/0.417 1.00)
Mask-guided: 2D OOF/GT 0.784 0.715 0.686 (0.498-0.852) 0.860/0.379 —0.128 (p = 0.280)
Mask-guided: GT/GT (oracle) 0.743 0.615 0.714 (0.550-0.861) 0.893/0.385 _0'0991 %’0; 0.333;
Mask-guided: —0.071 (p = 0.469;
GT/nnU.Net-250 0.757 0.723 0.742 (0.588-0.879) 0.911/0.473 1.00)
Mask-guided: 2D _
in-sample/2D ensemble 0.757 0.624 0.728 (0.581-0.863) 0.906/0.450 —0.086 (p = 0.273)
Random-mask control 0.203 0.500 0.474 (0.307-0.639) 0.780/0.212 _0'3i%(50:)0'001;
Radiomics logistic regression _
(2D mask) 0.473 0.620 0.664 (0.515-0.807) 0.864/0.295 —0.149 (p = 0.041)
Hold-out ablation: bars = seed-averaged prediction with stratified bootstrap 95% Cl; dots = individual seeds
(a) (b)
1.0 1.0 1
o 0.75 071
0.8 .08
o .. 0.47 £ .
2061 806 o]%
) o — 3 050
8 e g
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T2 only T2 + 2D U-Net T2 + noise T2 + GT mask  Radiomics LR T2 only T2 + 2D U-Net T2 + noise T2 + GT mask  Radiomics LR
mask (control) (oracle) (2D mask) mask (control) (oracle) (2D mask)

Figure 6. Hold-out ablation: ROC-AUC (a) and balanced accuracy (b) of the seed-averaged prediction
with stratified bootstrap 95% CI; dots show the five individual seeds; dotted line, chance level.

With HGG as the positive class, the no-skill level of PR-AUC is the HGG prevalence
(59/74 = 0.797), so the values of 0.946 (T2-only) and 0.884 (mask-guided) are moderate
gains over chance. With LGG as positive (no-skill 0.203), PR-AUC was 0.571 for T2-only
and 0.402 for the mask-guided model (Figure 5b,c). The LGG-positive curve is the more
informative one here, because recognition of the minority class is where the models differ.

At the 0.5 threshold, the T2-only model classified 37 of 59 HGG and 13 of 15 LGG test
patients correctly, the mask-guided model 48 and 9; the two models agreed on 53 patients
(43 correct, 10 incorrect). Most errors of the T2-only model were HGG patients predicted as
LGG (22 of 24). These patients had larger tumors than correctly classified HGG patients
(median ground-truth WT volume, including edema, 158 vs. 66 mL; Mann-Whitney
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Hold-out ROC-AUC (seed-averaged, 95% Cl)

1.0

p = 0.001), in the range of the test LGG patients (median 117 mL), whereas their 2D U-Net
WT Dice did not differ (median 0.89 vs. 0.87; p = 0.495). The same volume pattern held
for the mask-guided model (170 vs. 65 mL; p < 0.001). Misclassified HGG patients came
more often from the TCGA /TCIA collections (11/22 vs. 9/37 correctly classified; Fisher
p = 0.053). Calibration was similar for the two models (Brier score 0.199 for T2-only and
0.217 for the mask-guided model).

0.9 A1

2D U-Net nnU-Net nnU-Net
ensemble 50 ep 250 ep GT
= T2 only (95% CI band) ={ )= T2 + mask, trained with OOF 2D masks

T2 + uniform-noise channel (AUC 0.47) -.— T2 + mask, trained with GT masks

0.8

0.7 4

0.6

0.5 A

0.4

0.80

0.85 0.90 0.95 1.00

Mean whole-tumor Dice of the test-time localization channel (hold-out, n = 74)

Figure 7. Hold-out ROC-AUC as a function of the quality of the test-time localization channel (mean
WT Dice of the 2D ensemble, nnU-Net-50, nnU-Net-250 and ground truth) for models trained with
OOF 2D masks (orange) and with ground-truth masks (green). Error bars, bootstrap 95% CI; blue
line and band, T2-only estimate and 95% CI; dotted line, random-mask control.

The seed-level results in Figure 6 show that the ranking does not depend on one favor-
able seed: per-seed ROC-AUC ranged from 0.789 to 0.825 for T2-only, from 0.647 to 0.738 for
the mask-guided model and from 0.664 to 0.782 for the GT-trained oracle (Supplementary
Table S3). The random-mask control shows that an uninformative second channel is
harmful; the informative channels, however, did not add discrimination over T2 alone.

Figure 7 addresses whether grading depends on localization quality. Raising mask
quality from WT Dice 0.81 (2D ensemble) to 0.88 (nnU-Net-250) and 1.0 (ground truth) did
not raise ROC-AUC for the model trained on OOF masks (0.714, 0.713 and 0.686). The
GT-trained model reached its highest value with nnU-Net-250 masks (0.742) and 0.714 with
ground truth, still below T2-only (AAUC —0.071 and —0.099; Holm-adjusted p = 1.00 for
both). Within the range of localization quality tested, improving the segmentation mask
did not improve grading performance. Even when ground-truth masks were provided,
the mask-guided models did not exceed the T2-only model in point-estimate ROC-AUC.
The mask channel was not ignored: it received about half of the attribution in the mask-
guided model (Section 3.4). Taken together, these findings suggest that, within the tested
architecture and mask-concatenation strategy, neither improved localization quality nor
the addition of an informative spatial prior provided measurable benefit over T2 alone.
However, the confidence intervals remain compatible with smaller effects and do not
exclude potential benefit from localization information under other architectures or fusion
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strategies. In contrast, an uninformative second channel (random-mask control, ROC-AUC
0.474) was harmful.

3.3. Cross-Validation Robustness

Five-fold cross-validation within the development set (n = 295; Figure 8; Supplementary
Table S2) reproduced the hold-out ranking. Fold-mean ROC-AUC was 0.782 (95% CI
0.701-0.862) for T2-only, 0.707 (0.607-0.806) for the mask-guided model with OOF masks
and 0.641 (0.528-0.754) for radiomics; balanced accuracy was 0.704, 0.672 and 0.600. The
mask-guided model was below T2-only in four of five folds, and on the pooled out-of-fold
predictions its ROC-AUC was 0.715 versus 0.770 (AAUC —0.054, 95% CI —0.132 to 0.023;
DeLong p = 0.169). Radiomics was worse than T2-only (AAUC —0.139; p = 0.002).

Five-fold cross-validation in the development set (n = 295); mean of folds with t-based 95% Cl; dots = folds (seed-averaged)

0.78

T2 only

(b)
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Figure 8. Five-fold cross-validation within the development set (n = 295): (a) ROC-AUC and
(b) balanced accuracy. Bars, mean over folds with t-based 95% CI; dots, individual folds (CNN
predictions averaged over three seeds).

Hold-out evaluation and cross-validation therefore agree in direction. ROC-AUC
values were slightly lower in cross-validation, where each Stage-2 model was trained on
236 rather than 295 patients.

3.4. Interpretability

Integrated Gradients did not show tumor-focused attribution (Figure 9). The share of
absolute T2-channel attribution inside the ground-truth WT was smaller than the WT share
of brain volume in most patients: median enrichment 0.63 (IQR 0.54-0.82) for T2-only and
0.48 (0.37-0.69) for the mask-guided model, with enrichment above 1 in 15% and 7% of
patients. In the mask-guided model, about half of the total attribution (median 51%) fell on
the mask channel itself. Both classifiers therefore draw on T2 appearance across the brain
rather than on tumor voxels specifically.

3.5. Computational Performance

On an idle RTX 5000 Ada GPU (19 test volumes), reading and scaling a T2 volume
took 0.16 4+ 0.01 s, one 2D U-Net 0.45 4+ 0.03 s (five-model ensemble 1.28 + 0.03 s) and
resampling plus 3D CNN classification 0.15 £ 0.01 s; the T2-only classifier thus needs
about 0.3 s per volume including reading. nnU-Net-250 inference with default test-time
mirroring took about 2.9 s per case. These are model-inference times on preprocessed BraTS
volumes. They exclude DICOM conversion, co-registration, skull stripping and reporting,
which dominate end-to-end processing in clinical practice, and they do not demonstrate
clinical feasibility.
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(d) All test patients (n = 74)

(a) (b) (c)

|IG|, T2 only |IG|, T2 + 2D U-Net mask |IG|, T2 + 2D U-Net mask
(ID 252, HGG) (ID 252, HGG) (ID 274, LGG)

(|IG| share / volume share)

Attribution enrichment in WT

T2 only T2 + 2D mask

Figure 9. Integrated Gradients: absolute attribution to the T2 channel (smoothed for display; cyan,
ground-truth WT contour) for (a) the T2-only and (b) the mask-guided model in ID 252 (HGG) and
(c) the mask-guided model in ID 274 (LGG); (d) attribution enrichment in WT for all 74 test patients
(1 =no spatial preference; logarithmic axis). (a—c) grayscale, T2 slice; purple-to-yellow overlay,
absolute attribution (higher = yellow); cyan, ground-truth WT contour. (d) boxes, interquartile
range with median (horizontal line) and Tukey whiskers; gray dots, individual patients; dashed line,
enrichment = 1 (no spatial preference for the tumor); logarithmic axis.

4. Discussion

The main result is negative. On the T2 channel of BraTS2020, a 3D CNN given only the
T2 volume discriminated the legacy HGG/LGG label better, in point estimate, than every
mask-guided variant tested, including one trained and tested with ground-truth masks,
and cross-validation in the development set gave the same ranking. No difference between
an informative mask condition and T2-only was significant after Holm correction, so the
data do not show that localization guidance is harmful; with five seeds and two evaluation
protocols, they do show that it does not help in this setting. This differs from the multi-
sequence study of Pereira et al., in which grading from an automatically segmented tumor
region was more accurate than grading from the whole brain [20]; that design cropped the
input to the tumor region instead of adding a mask channel, and it included T1ce, on which
enhancement and the necrotic core are delineated. In two-stage designs, the source of the
training masks also matters: in-sample masks of the development patients were markedly
better than out-of-fold masks (WT Dice 0.864 vs. 0.797), so a classifier trained on them sees
better masks in training than at test. Here, this mismatch did not change the conclusion
(ROC-AUC 0.728 with in-sample masks), but out-of-fold masks are needed for training and
test inputs to come from the same distribution.

Several explanations for the absent benefit are compatible with the data, and none
was tested directly. The Integrated Gradients analysis indicates that the T2-only network
does not rely mainly on tumor voxels, so a channel that marks the tumor adds little that
the network does not already use, while it doubles the input size for a training set of
295 patients (61 LGG). The binary WT mask also encodes tumor extent and shape, which
overlap considerably between the legacy classes (compare IDs 274 and 252 in Figure 4a),
and it discards the graded T2 signal inside the lesion. Designs that use the mask to crop
or weight the T2 input, rather than appending it as a channel, may behave differently and
remain to be tested.

The clinical settings in which T2-only analysis is relevant are restricted (Section 1):
withheld gadolinium, bedside low-field imaging, and incomplete or degraded archival
examinations. The present data address these settings only indirectly, because BraTS2020
consists of preprocessed high-field examinations from which the T2 volume was extracted;
performance on native low-field or motion-degraded T2 is likely to be lower and has to be
measured on such data. What the study provides is an estimate of the grade-related signal
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available to a T2-only model under controlled conditions (ROC-AUC 0.81 on hold-out and
0.77-0.78 in cross-validation) and evidence that tumor masks, even ground-truth masks, do
not raise it.

From T2 alone, WT Dice was 0.81 for the 2D ensemble and 0.88 for nnU-Net, close
to the WT Dice of multi-sequence U-Net models but clearly below them for TC and ET
(Table 4), as expected when the sequence that defines enhancement is missing. The T2 Dice
of 0.79 reported by Montaha et al. [29] is not directly comparable, because it refers to a
binary tumor mask on the middle axial slice of each volume rather than to a volumetric WT
mask. For whole-tumor localization, a 2D U-Net therefore gives a usable approximation in
about 1.3 s per volume (ensemble), whereas nnU-Net is preferable whenever sub-regional
delineation matters.

Table 4 places these results next to representative U-Net studies on BraTS data; differ-
ences in tumor regions, input sequences and evaluation protocols preclude a direct ranking.
A recent review of U-Net-based brain tumor segmentation identifies computational effi-
ciency, generalization across sites and scanners, interpretability and clinical validation as
open requirements for clinical use [30]. The present study examines only some of these, on
public research data, and does not establish readiness for routine clinical use, which would
require validation on non-BraTS MRI acquired and preprocessed in routine practice.

Table 4. Comparison with representative U-Net-based glioma segmentation studies on BraTS data. Tu-
mor regions, input sequences and evaluation protocols differ, so the table provides context rather than
a ranking. Values for this study are hold-out results on the 74-patient test set. ED, peritumoral edema.

Study

Method Dataset Reported Dice Notes

Baid et al. 2020 [31]

3D U-Net BraT$ 2018 WT 0.88, TC 0.83, ET 0.75 T1, Tlce, T2 and FLAIR
(validation set)

2D U-Net, one model Binary tumor mask: 0.94 Single sequences; middle

Montaha et al. 2023 [29] per sequence BraT$ 2020 (T1),0.91 (FLAIR), 0.79 (T2)  axial slice only, 128 x 128
. ED 0.85, ET 0.70, TC

Tene-Hurtadoetal. 2D U-Net/Attention BraT$ 2020 0.74/ED 0.88, ET0.72,TC  T1, Tlce, T2 and FLAIR
2022 [32] U-Net 081
T2 only; grading

WT 0.81, TC 0.60, ET

. 2D U-Net ’ ' ROC-AUC 0.814 (T2-only

This study ensemble/nnU-Net BraT$S 2020 0.38/WT O.SEZ,;C 0.72, ET 3D CNN), not improved by

mask guidance

4.1. Limitations

Several limitations apply. First, the outcome is the legacy BraTS2020 HGG/LGG
label derived from pre-2021 histological diagnoses, which does not map onto WHO 2021
integrated diagnoses [2] (Section 1). Neither model can therefore be read as predicting a
contemporary diagnosis, and this limits clinical translation more than any performance
figure reported here. Second, all data come from one public cohort without external
testing, and BraTS volumes are centrally co-registered, skull-stripped and resampled, so
performance on routine or low-field clinical T2 is unknown [33]. Sex is not distributed
with BraTS2020 and age only for HGG patients, so performance could not be assessed in
demographic subgroups. Third, the test set contains only 15 LGG patients; bootstrap Cls
for ROC-AUC span about 0.2 to 0.35, and only large differences between conditions could
have been detected. The upper 95% confidence limits of AAUC for the four informative
confirmatory comparisons were 0.10-0.12, so a benefit of mask guidance larger than about
0.1 in ROC-AUC is unlikely, but smaller benefits or harms cannot be excluded. Fourth,
nnU-Net was trained for 250 rather than 1000 epochs on one fold, so its Dice values are
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a conservative estimate of nnU-Net performance on T2. Fifth, only one fusion strategy
(concatenation of a binary WT mask) and one classifier architecture were tested. Finally,
reported times cover model inference only.

4.2. Future Directions

Three directions follow. The T2-only grade signal should be measured on external
clinical data, ideally in the settings that motivate T2-only analysis (non-contrast and low-
field examinations), with calibration and uncertainty estimates [33]. Localization may
be more useful when it restricts or weights the image input, for example through tumor-
centered crops or attention mechanisms, than when appended as a channel; the out-of-fold
protocol used here can be applied to such designs [20,21]. Where sub-regional delineation
is needed, nnU-Net-class segmentation should be used [9]. Intraoperative applications,
such as integration with 5-aminolevulinic acid fluorescence guidance, are not supported by
the present data [34]. Finally, under the WHO 2021 framework, molecular targets such as
IDH status are more relevant prediction targets than the legacy grade label [35], and future
T2-based models should be developed on cohorts with integrated diagnoses.

5. Conclusions

On the T2 channel of BraTS2020, a single-channel 3D CNN discriminated the legacy
HGG/LGG label with a hold-out ROC-AUC of 0.81 (balanced accuracy 0.75). Adding a
tumor-localization channel did not improve discrimination, whether the mask came from
an out-of-fold 2D U-Net, from nnU-Net or from the ground truth, and cross-validation
in the development set gave the same ranking. T2-only segmentation reached WT Dice
0.81 with a 2D U-Net ensemble and 0.88 with nnU-Net. With a single public cohort, 15 LGG
test patients and a legacy outcome label, these results provide a baseline for T2-only grading
rather than a clinically usable tool.

Supplementary Materials: The following supporting information can be downloaded at https:
//www.mdpi.com/article/10.3390/jimaging12110533/s1: Supplementary Methods S1: Reference
labels; Supplementary Methods S2: nnU-Net training; Supplementary Methods S3: Classification
training and conditions; Supplementary Methods S4: Verification of the T2 channel; Table S1: Com-
putational parameters; Table S2: Per-fold results of five-fold cross-validation within the development
set (n = 295; folds identical to the Stage-1 folds). CNN predictions are averaged over three seeds
(42-44); radiomics is deterministic. Pooled OOF = metric of all 295 out-of-fold predictions; Table S3:
Hold-out ROC-AUC (n = 74) of each training seed and of the seed-averaged prediction for all Stage-2
conditions. Full metric sets with bootstrap Cls are in results/classification_stats.json of the Zenodo
archive (DOI 10.5281/zenod0.23050626); Table S4: Stage-1 2D U-Net segmentation by development
fold (out-of-fold predictions of the 59 held-out patients per fold), pooled OOF, in-sample predictions
for the same 295 patients, and the test-set ensemble. In-sample versus OOF: Wilcoxon signed-rank
p <0.001 for WT, TC and ET; Table S5: Sensitivity of the T2-only hold-out model to class-imbalance
handling (seeds 42—45; true T2; final epoch). All reported models correct imbalance once, through
the class-weighted loss; adding a class-balanced sampler shifts predictions toward LGG without
improving ROC-AUC. The test set contains 15 LGG patients; Figure S1: 2D U-Net encoder—decoder
architecture for slice-wise segmentation. The network has one T2 input channel and four output
classes; Figure S2: 3D CNN architecture for HGG/LGG classification (one input channel for T2-only,
two for mask-guided variants). Schematic only: volumes are resampled to 128 x 128 x 96 before
classification; labels such as ~240 x 240 x 155 in the drawing indicate native volume size; Figure S3:
Verification of the T2 channel in two patients (IDs 1 and 274): the same axial slice from each con-
verted file, labeled with the sequence identified from image contrast, and the official label. The file
*_FLAIR.nii.gz contains the T2 volume used in this study; *_T2.nii.gz contains the T1lce volume;
Figure S4: Stage-1 2D U-Net training in the five development folds: inner-validation mean Dice (WT,
TC, ET; left) and inner-validation loss (right). A transient drop near epoch 10 at the initial learning
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rate recovered after the plateau scheduler halved the learning rate; the retained checkpoints are those
with the highest inner-validation Dice (epochs 27, 22, 8, 8, 30 for folds 1-5); Figure S5: nnU-Net
(3d_fullres, T2 only) training on development fold 0 over 250 epochs, as logged by nnU-Net: training
and validation loss with pseudo-Dice (top), epoch duration (middle) and learning rate (bottom);
CLAIM 2024 checklist.
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