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Abstract. Glioblastoma contains several histological tissue patterns that
may coexist within the same tumour. Automated recognition of these
patterns in digitised histology could support scalable analysis of tumour
heterogeneity. In this work, a machine-learning approach was developed
and evaluated for automated multi-class classification of regions of in-
terest. Nine computational pathology foundation models were evaluated
using patient-level cross-validation. Virchow2 achieved the highest ac-
curacy, whereas GenBio-PathFM achieved the highest macro recall. A
classifier benchmark identified stochastic-gradient-descent logistic regres-
sion and ridge-based classification as efficient linear models for the ten-
class prediction task from foundation-model-derived embeddings. The
findings obtained further informed the development of a sub-feature
multi-model ensemble combining Virchow2, H-optimus-1, and GenBio-
PathFM. To potentially increase the robustness of the final ensemble, a
custom training-set diversification strategy was used. On the hidden val-
idation set, the proposed multi-model ensemble configuration achieved
an MCC of 0.893, a F1 score of 0.722, a recall of 0.729, and an accuracy
of 0.923, outperforming the challenge baseline strategy.

Keywords: Glioblastoma - Foundation models - Machine learning - En-
sembling - Multi-class classification

1 Introduction

The neuropathology of glioblastoma is characterised by spatial heterogeneity
[5]. Different regions within a single specimen may show cellular tumour oc-
curring alongside pseudopalisading or geographic necrosis, microvascular pro-
liferation, cortical or white-matter infiltration, leptomeningeal infiltration, and
macrophage- or lymphocyte-rich regions. The BraTS-Path challenge [1] defines
their recognition as a ten-class histology-patch classification task, including a
category for patches outside the nine specified regions of interest. One approach
to this task is to represent each histology tile using a pathology foundation
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model and train a machine-learning probe on the resulting embedding space.
Although such representations can transfer effectively across many histopathol-
ogy tasks, classification performance may still depend on the nature of the task
itself, the choice of the foundation model and the downstream classifier, partic-
ularly when class frequencies are imbalanced across sampled image regions and
patients. Prior work addressed this setting using class-balanced boosting models
trained on separate sub-feature partitions of the embedding and combined at the
prediction level [8]. Building on this idea, we developed a lightweight ensemble
based on linear classifiers, multiple pathology foundation models, and a custom
procedure for increasing downstream training diversity. Before defining the fi-
nal ensemble members and combination strategies, we systematically compared
foundation-model embedding spaces and machine-learning probes, and evaluated
sub-feature partitioning, data augmentation, and probability aggregation under
common patient-level validation.

2 Methods

The methodological workflow comprised the dataset characterisation, training-
data diversification via custom augmentations, patient-level internal evaluation,
and selection of foundation models, classifiers, and ensemble components.

2.1 Exploring the training dataset

The training set includes ten histopathological annotation classes: cellular tu-
mour (CT), pseudopalisading necrosis (PN), microvascular proliferation (MP),
geographic necrosis (NC), cortical infiltration (IC), white-matter infiltration
(WM), leptomeningeal infiltration (LI), dense macrophage regions (DM), lym-
phocyte presence (PL), and none of the above (NOTA). Class balance differs
across patches, slides, and patients (Figure 1). Patient-level evaluation was there-
fore used to ensure that patches from the same patient did not occur in both
training and validation sets, thereby reducing leakage from correlated within-
patient samples. DM, LI, and PL have lower patch-level representation, while
DM, LI, PL, and NOTA are represented by fewer slides or patients. NOTA is
represented by a large number of patches but by comparatively fewer patients,
indicating that patch count alone does not capture the breadth of independent
case representation. The patch spectra show within-class variation that may
arise from biological heterogeneity, technical effects, or annotation uncertainty.
These observed differences in class representation and visual appearance may be
relevant when evaluating downstream modelling approaches.
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Fig. 1. Training-set composition and patch diversity. (a) Class distributions across
patches, slides, and patients. (b) Within-class spectra ordered from largest to smallest
encoded patch size, used as a codec-dependent proxy for visual complexity and patch
diversity.

2.2 Augmenting the training set to diversify the embedding space

Image augmentation was used to expand the range of representations available
during model training. Two augmentation schemes were used. The global scheme
targeted patient—class groups with low patch counts. Source patches from these
groups underwent stain transfer using donor patches from other patients and
classes, followed by rotations or reflections. The number of generated views de-
pended on the representation of the corresponding patient—class group. The local
scheme targeted classes with low representation within a given patient and slide.
Stain profiles were derived exclusively from the organiser-provided unlabelled
training set and summarised at slide level, thus no validation or test data were
used to estimate or sample these stain profiles. The global and local schemes gen-
erated 140,178 and 147,056 samples, respectively, yielding 287,234 augmented
samples per foundation-model embedding set.

Additional training samples were obtained from a publicly available database,
the Ivy Glioblastoma Atlas Project (IvyGAP) [9]. Regions corresponding to CT,
IC, MP, NC, and PN were sampled randomly and limited to 8,120 image patches
per class. IvyGAP augmentation was restricted to classes with sufficiently close
histological counterparts in its structural annotation ontology. To our knowledge,
the remaining BraTS-Path categories were not found to have sufficiently direct
IvyGAP annotations for reliable mapping. These external samples were used only
for downstream classifier fitting and were excluded from validation. A limitation
of this external augmentation is that [vyGAP supplementation was restricted to
five classes and comprised frozen-tissue samples, whereas the challenge data were
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derived from formalin-fixed paraffin-embedded tissue. Therefore, class-associated
source and tissue preparation effects cannot be excluded.

2.3 Internal evaluation protocol

Candidate methods were evaluated using five-fold patient-level cross-validation.
All samples from a given patient were assigned exclusively to either the training
or validation set within each fold, thereby preventing overlap between related
samples and providing an estimate of performance on previously unseen patients.
Class distributions were balanced across folds where permitted by patient-level
class support, and an identical fold structure was used for all methods to enable
direct comparison. Preprocessing and model fitting were performed indepen-
dently within each fold. Performance was assessed primarily using Matthews
correlation coefficient (MCC), macro-F1, macro recall, weighted one-vs-rest AU-
ROC, and accuracy. Results are reported as mean + standard deviation across
folds, together with pooled out-of-fold estimates and 95% confidence intervals
obtained by patient-cluster bootstrap resampling, with all samples from a patient
resampled jointly within their original validation fold. To ensure methodologi-
cal consistency and computational feasibility across the full set of comparative
experiments, this evaluation protocol was applied uniformly throughout.

2.4 Establishing the approach

The modelling approach was established sequentially through foundation-model
selection, probe selection, and score-level multi-model ensembling.

Selecting a foundation model for feature extraction Nine pathology
foundation models were evaluated as frozen feature extractors: Virchow2 [13],
GenBio-PathFM (6], H-optimus-1 [10], UNI2 [2], Prov-GigaPath [12], HO-mini
[3], NeuroFM [11], CONCH [7], and Phikon-v2 [4]. Each patch was independently
embedded using the corresponding pretrained checkpoint and model-specific
preprocessing. The resulting features were L2-normalised and evaluated using
identical patient-level folds and a stochastic-gradient-descent logistic regression
(SGD-LR) probe. This comparison isolated the effect of the foundation-model
representation from downstream classifier choice.

Selecting machine-learning classifiers Following the foundation-model com-
parison, multiple machine-learning classifiers were evaluated on embeddings from
the selected representation space using the same patient-level cross-validation
protocol. Candidate probes were assessed according to predictive performance,
variation across folds, and computational efficiency. A subset of lightweight and
competitive classifiers was selected for the subsequent augmentation and ensem-
ble experiments.
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Sub-feature ensembling Embeddings were divided into contiguous blocks of
up to 768 dimensions, yielding four blocks for Virchow2 (2560 dimensions; final
block 256), two for H-optimus-1 (1536 dimensions), and six for GenBio-PathFM
(4608 dimensions). Thus, no embedding dimensions were omitted in the final en-
semble. The 768-dimensional width was chosen to limit the dimensionality of in-
dividual classifier fits while retaining multiple subspaces for higher-dimensional
embeddings. Contiguous blocks provided a deterministic partitioning scheme
without introducing an additional random feature-selection step. For each foun-
dation model, an SGD-LR and a Ridge head were fitted to every feature block.
SGD-LR contributed class probabilities, whereas Ridge decision-function values
were transformed by softmax to normalised class scores. Within each founda-
tion model, block-level scores were equally averaged. The resulting foundation-
level vectors were then equally combined and renormalised to obtain the final
ensemble-level score.

Decision calibration During model training, a stratified 10% subset of original
BraTS-Path training patches was reserved for decision calibration and excluded
from classifier fitting. Classes with support at or below the 35th percentile of
non-zero class counts received a fixed 1.10 score multiplier, and class-specific
thresholds were optimised on the calibration subset by a single coordinate-wise
search over 11 values from 0.05 to 2.00 to maximise macro-F1. At inference,
ensemble scores were divided by the learned thresholds, renormalised, and the
class with the highest adjusted score was assigned. Augmented BraTS-Path and
IvyGAP samples were used only for classifier fitting and not for calibration. The
same procedure was applied within each cross-validation training fold and when
fitting the final model.

Final ensemble training and test-set submission The final ensemble com-
bined sub-feature SGD-LR and Ridge classifiers across Virchow2, H-optimus-1,
and GenBio-PathFM, using the described training/calibration partitioning. At
inference, feature-space test-time augmentation generated 16 stochastic feature-
masking views per patch, each independently retaining 90% of the embedding
dimensions, with retained dimensions rescaled by 1/0.9. Ensemble outputs from
these views and the unmasked representation were averaged before applying the
calibrated decision rule.

3 Results

Foundation-model representations and classifiers were compared first, followed
by ablation of the multi-foundation ensemble and evaluation of the selected
configuration on the hidden validation set.

3.1 Foundation-model benchmark

The performance of the evaluated foundation-model embedding spaces under
the fixed evaluation protocol is reported in Table 1.
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Table 1. Foundation-model benchmark using unaugmented embeddings and a fixed
SGD log-loss probe.

Model MCC Macro-F1 Macro recall AUROC Accuracy
Virchow?2 0.715 + 0.064 0.523 + 0.067 0.538 + 0.081 0.948 + 0.031 0.774 + 0.055
0.718[0.645—0.772] 0.556 [0.490—0.583] 0.558 [0.503—0.601] 0.942[0.910—0.969] 0.775[0.709—0.828]

GenBio-PathFM 0.705 + 0.058 0.534 + 0.070 0.552 + 0.082 0.942 + 0.030 0.765 £ 0.050
0.706 [0.637—0.759] 0.558[0.487—0.587] 0.573[0.526—0.607] 0.938[0.906 —0.963] 0.765[0.701 —0.820]

H-optimus-1 0.695 + 0.054 0.502:&0.060 0.516 £ 0.050 0.939 £ 0.034 0.757 £ 0.050
0.699 [0.632—0.753] 0.533[0.465—0.571] 0.532[0.491—0.573] 0.935[0.900—0.965] 0.760[0.697—0.816]

UNI2 0.691 + 0.069 0.498 + 0.069 0.509 £ 0.070 0.941 £ 0.032 _ 0.754 £ 0.059
0.692[0.612—0.754] 0.513[0.447—0.554] 0.529 [0.486 —0.569] 0.935[0.901—0.964] 0.754[0.678—0.817]

Prov-GigaPath X 0.@81 + 0.08.3 0.509 £ 0.071 i 0.513 £ 0.062 i 0.938 + 0.0_36 0'7.4.4 + 0,0ZG
0.681 [0.605—0.746] 0.514 [0.448—0.571] 0.532[0.490—0.574] 0.932[0.897—0.961] 0.744[0.667—0.813]

HO-mini ) 0.653 £ 0.071 0.487‘ +0.077 . 0'49.2. + 0.081 0.930 £ 0.040 0.7_23 + 0.061
0.654 [0.580—0.715] 0.497 [0.426 —0.540] 0.506 [0.466 —0.555] 0.923[0.883—0.955] 0.723[0.652—0.787]

NeuroFM . 0.652 £ 0.077 0.476 £ 0.087 U.4Z§l8 + 0.082 0.923 + 0.042 0.7_24_ + 0.065
0.653 [0.574—0.714] 0.493 [0.420—0.541] 0.502[0.462—0.553] 0.918[0.880—0.951] 0.723[0.646 —0.788]

CONCH ) U.ﬁéll[)iU.‘U()"l 0.482 + 0.068 U.498i0.0_74 . 0.930 £ 0.033 0'7.12i0'0.49
0.641[0.569—0.696]  0.510[0.437—0.545]  0.527[0.474—0.565]  0.926 [0.890—0.952]  0.711[0.642—0.768]

Phikon-v2 0.627 £ 0.077 0.450 £ 0.071 0.456_ +0.072 0.91‘9 + 0.044 0.7\()3\ + 0.063
0.474[0.407—0.510]  0.482[0.436—0.521]  0.912[0.867—0.949]  0.703[0.616—0.779]

0.629[0.537—0.702]

Virchow?2 achieved the highest point estimates for MCC, AUROC, and accu-
racy, whereas GenBio-PathFM achieved the highest macro-F1 and macro recall.
However, the confidence intervals of the leading models overlapped. H-optimus-
1 and UNI2 formed a closely matched second tier. The remaining models per-
formed consistently below this leading group.

3.2 Evaluating machine learning classifiers

Linear and non-linear classifiers were first compared using Virchow2 embeddings
(Table 2).

Table 2. Classifier comparison using Virchow2 embeddings. SGD-LR used log loss
with o = 3x107°, and Ridge used o = 10 with the least-squares QR (LSQR) solver.
Multilayer perceptron (MLP) used one 256-unit hidden layer, and XGBoost used 50
trees with maximum depth 4.

Classifier MCC Macro-F1 Macro recall AUROC Accuracy
SGD-LR 0.715 + 0.064 0.523 £ 0.067 0.538 £ 0.081 0.948 + 0.031 0.774 + 0.055
0.718[0.645—-0.772]  0.556 [0.490—0.583]  0.558 [0.503—0.601] 0.942[0.910—0.969] 0.775[0.709—0.828]

Ridge 0.700 + 0.047 0.550 + 0.039 0.560 + 0.059 0.938 £ 0.031 0.759 £ 0.044
0.705[0.636—0.754] 0.579[0.523—0.595] 0.578[0.533—0.609]  0.936 [0.904—0.960]  0.762[0.702—0.813]

MLP 0.681 + 0.082 0.494 £ 0.080 0.510 £ 0.077 0.934 £ 0.036 0.747 £ 0.073
0.685[0.618—0.743]  0.524[0.451—0.565]  0.523[0.483—0.581]  0.930[0.899—0.956]  0.750 [0.682—0.813]

XGBoost 0.688 + 0.070 0.511 £ 0.070 0.523 £ 0.074 0.938 £ 0.033 0.752 £ 0.062

0.692[0.617—0.748]  0.539[0.474—0.570]  0.539[0.486—0.580]  0.937[0.908—0.961]  0.754 [0.687—0.811]

SGD-LR achieved the highest point estimates for MCC, AUROC, and ac-
curacy, whereas Ridge achieved the highest macro-F1 and macro recall. The
non-linear MLP and XGBoost classifiers did not provide a clear advantage
over the linear approaches across the evaluated metrics, suggesting that the
foundation-model embedding space was already amenable to relatively simple
decision boundaries. Confidence intervals nevertheless overlapped across classi-
fiers, indicating that the observed differences should be interpreted cautiously.
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The complementary performance profiles of SGD-LR and Ridge, together with
their computational efficiency, motivated their combination in the subsequent
ensemble experiments.

3.3 Ensemble design and ablations

To assess the effect of individual design choices on ensemble performance, we
performed a stepwise ablation of the main foundation-model combinations, clas-
sifier heads, decision calibration, training augmentation, feature partitioning,
and test-time augmentation (Table 3). Having established the final ensemble
configuration, we next examined its class-specific behaviour using pooled out-of-
fold predictions (Table 4). As the final step, the selected ensemble was evaluated
on the organiser-provided hidden validation set (Table 5).

Table 3. Ablation of ensemble composition, decision calibration, training augmenta-
tion, feature partitioning, and test-time augmentation. VHG denotes the combination
of Virchow2, H-optimus-1, and GenBio-PathFM embeddings. SR signifies the combined
SGD-LR and Ridge classifier heads. C768-D and R768-D denote contiguous and ran-
dom 768-dimensional feature blocks, respectively, full-D denotes the full embedding of
each foundation model. TTA denotes feature-masking test-time augmentation.

Configuration Train aug. Mcc Macro-F1 Macro recall AUROC Accuracy
Virchow2-SGD-LR 0.699 + 0.083 0.527 4 0.080 0.554 % 0.106 0.950 + 0.027 0.757 + 0.076
(C768-D, arg max) 0.697[0.627—0.754] 0.537[0.474-0.585] 0.559[0.511—0.626] 0.946 [0.916—0.969] 0.757 [0.688—0.817]
VHG-SGD-LR 0.727 4 0.061 0.547 4 0.072 0.572 4 0.098 0.955 + 0.025 0.782 + 0.053
(C768-D, arg max) 0.7280.664—0.778] 0.570 [0.505—0.603] 0.579[0.533—0.643] 0.950 [0.923—0.974] 0.782 [0.722—0.835]
VHG-SR - 0.729 + 0.057 0.553 4 0.068 0.579 + 0.097 0.954 + 0,027 0.785 + 0.049
(C768-D, arg max) 0.731[0.666—0.780] 0.581 [0.515—0.608] 0.588[0.537—0.645] 0.950[0.922-0.972] 0.784 [0.725—0.835]
VHG-SR - 0.733 % 0.060 0.538 + 0.061 0.539 + 0.066 0.947 + 0.032 0.789 + 0.051
(C768-D, calibrated) 0.735[0.666—0.786] 0.564 [0.501—0.593] 0.552[0.501—0.588] 0.941[0.909—0.968] 0.789 [0.725—0.840]
VHG-SR Local4Global 0.741 % 0.059 0.547 4 0.080 0.557 + 0.095 0.952 + 0.030 0.795 + 0.050
(C768-D, calibrated) ocalGlobal 6 7430.680-0.793] 0.578[0.519-0.612] 0.568 [0.522—0.624] 0.948[0.919—0.972] 0.795 [0.736—0.845]
VHG-SR IyGAP 0.731 + 0.060 0.536 & 0.062 0.538 4 0.067 0.948 + 0,028 0.787 + 0.050
(C768-D, calibrated) Y 0.733[0.665—0.785] 0.562 [0.501—0.591] 0.551[0.501—0.589] 0.940 [0.908—0.968] 0.787 [0.725—0.840]
VHG-SR IvyGAP + 0.740 + 0.058 0.546 4 0.079 0.556 + 0.094 0.952 + 0.029 0.794 + 0.049
(C768-D, calibrated)  Local+Global 0.742[0.675—0.793] 0.576 [0.515—0.611] 0.567[0.519—0.624] 0.946 [0.916—0.971] 0.794 [0.733~0.845]
VHG-SR IvyGAP 0.744 % 0.058 0.550 4 0.081 0.560 + 0.096 0.952 + 0.030 0.797 + 0.048
(R768-D, calibrated)  Local | Global 0.745[0.681—0.795] 0.579 [0.526-0.612] 0.569[0.528—0.629] 0.947[0.917—0.973] 0.797 [0.737—0.846]
VHG-SR IvyGAP + 0.745 % 0.059 0.549 + 0.075 0.560 + 0.096 0.949 + 0.035 0.798 + 0.051
(full-D, calibrated) Local+Global 0.748 [0.685—0.797] 0.582[0.522-0.614] 0.572[0.522—0.632] 0.945[0.913-0.973] 0.799 [0.741—0.848]
VHG-SR IvyGAP | 0.740 + 0.058 0.545 4 0.079 0.555 + 0.093 0.952 + 0.030 0.795 + 0.049

(C768-D, calib.+ TTA) Local|Global 0.742[0.677—0.792] 0.576[0.517—0.609] 0.566[0.520—0.620] 0.946[0.916—0.972] 0.794 [0.735—0.844]

The largest improvement in internal performance was observed after combin-
ing the three foundation-model representations, whereas subsequent components
produced smaller changes. Decision calibration slightly increased MCC and ac-
curacy at the expense of macro-F1 and macro recall, while augmentation, alter-
native feature partitions, IvyGAP supplementation, and feature-masking TTA
yielded broadly similar performance with overlapping confidence intervals. Given
the relatively marginal differences observed among feature-partitioning strate-
gies, contiguous 768-dimensional blocks were retained as a deterministic and
computationally efficient configuration that limited the dimensionality of indi-
vidual classifier fits. Feature-masking TTA was retained as an inference-time
robustness measure, although it produced no material improvement in internal
cross-validation.
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Table 4. Per-class evaluation of the selected VHG-SR configuration (C768-D, cali-
brated + TTA, IvyGAP + local + global training augmentation) using pooled out-of-
fold predictions. Panel (a) reports the row-normalised confusion matrix as proportions
in [0,1], with shared row labels denoting ground-truth classes and matrix columns
denoting predicted classes. Panel (b) reports class-specific precision, recall, and F1.
Diagonal confusion-matrix entries are shown in bold.

(a) Row-normalised confusion matrix (b) Per-class metrics

CT DM IC LI MP NC PL PN WM NOTA Prec. Recall F1

CT 0.916 0.000 0.007 0.004 0.018 0.005 0.000 0.028 0.021 0.000 0.772 0.916 0.838
DM 0.149 0.249 0.003 0.014 0.031 0.160 0.041 0.242 0.102 0.008 0.681 0.249 0.365
IC 0.054 0.000 0.860 0.001 0.003 0.001 0.000 0.003 0.076 0.002 0.877 0.860 0.868

LI 0.783 0.040 0.001 0.015 0.062 0.020 0.001 0.077 0.000 0.000 0.131 0.015 0.027
MP 0.388 0.000 0.015 0.014 0.342 0.037 0.000 0.158 0.045 0.000 0.625 0.342 0.442
NC 0.002 0.001 0.000 0.000 0.003 0.941 0.007 0.046 0.000 0.000 0.906 0.941 0.923
PL 0.226 0.072 0.000 0.201 0.036 0.388 0.037 0.039 0.000 0.000 0.010 0.037 0.016
PN 0.110 0.011 0.002 0.001 0.021 0.134 0.000 0.717 0.004 0.001 0.660 0.717 0.687
WM 0.199 0.000 0.151 0.001 0.011 0.019 0.000 0.012 0.589 0.018 0.678 0.589 0.630
NOTA 0.000 0.000 0.000 0.002 0.000 0.001 0.000 0.000 0.000 0.996 0.935 0.996 0.964

Class-specific performance of the selected configuration is reported in Table 4.
Observed per-class performance varied across classes. Classification performance
was highest for CT, IC, NC, and NOTA, whereas DM, LI, and PL were more
difficult. LI was most often misclassified as CT, while PL was most often mis-
classified as NC or CT.

Table 5. Hidden-validation performance of the proposed multi-foundation ensemble
compared with the organiser-provided baseline. VHG-SR denotes the combination
of Virchow2, H-optimus-1, and GenBio-PathFM embeddings with sub-feature SGD
logistic-regression and Ridge classifiers. Both VHG-SR configurations used identical
test-time augmentation settings.

Configuration MCC F1 Recall AUROC Accuracy
Organiser baseline 0.689 0.400 0.458 0.871 0.771
VHG-SR + Local Aug. 0.882 0.675 0.662 0.948 0.915
VHG-SR + IvyGAP+Local+Global Aug. 0.893 0.722 0.729 0.952 0.923

The selected ensemble was evaluated on the organiser-provided hidden val-
idation set (Table 5). Both VHG-SR configurations compared favourably with
the organiser-provided baseline across the reported metrics. The configuration
including IvyGAP and extended augmentation achieved higher hidden-validation
point estimates, especially for macro-F1 and macro recall. Only aggregate met-
rics were returned for the hidden validation set. Sample-level reference labels
were unavailable, which precluded estimation of confidence intervals.
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4 Discussion

This study demonstrates that heterogeneous glioblastoma tissue patterns can be
classified effectively using frozen pathology foundation-model embeddings and
lightweight linear classifiers. This finding is consistent with broader evidence that
large self-supervised pathology models provide transferable representations for
downstream histology tasks. However, the observed differences among foundation
models indicate that representation quality remains task dependent. Virchow2
achieved the highest MCC, AUROC, and accuracy, whereas GenBio-PathFM ob-
tained the best macro-F1 and macro recall, suggesting that models with similar
overall performance may encode complementary information relevant to minor-
ity or morphologically heterogeneous classes.

SGD logistic regression and Ridge-based classification also showed comple-
mentary behaviour. SGD-LR favoured overall agreement and accuracy, whereas
Ridge produced higher macro-F1 and macro recall. Combining the two classi-
fiers therefore reduced dependence on a single optimisation objective and was
intended to support recognition across classes with unequal representation.

Training-data diversification produced modest changes in internal perfor-
mance, while [IvyGAP supplementation and feature-masking TTA provided lit-
tle additional improvement under cross-validation. The configuration including
IvyGAP achieved higher point estimates on the hidden validation set, although
this difference cannot be attributed to IvyGAP alone. External neuropathology
data may nevertheless broaden the relevant embedding space, although differ-
ences in annotation definitions, tissue processing, and acquisition protocols may
also introduce domain mismatch.

Model and ensemble selection relied on the same cross-validation framework,
without nested cross-validation, and may therefore have produced optimistic in-
ternal estimates. This limitation is partly mitigated by evaluation of the selected
system on the organiser-provided hidden validation set, which was independent
of the internal cross-validation used for model and ensemble development and
therefore provided a separate assessment of potential generalisation. The higher
hidden-validation MCC observed may partly reflect training on nearly the full
development set, although differences in case composition or difficulty may also
have contributed, precluding direct investigation of this discrepancy.

The limited patient-level representation of some classes during training might
also reduce confidence in class-specific performance estimates. Despite these con-
straints, the results show that complementary foundation-model representations,
simple linear classifiers, and targeted data diversification might provide an ef-
fective and computationally efficient framework for classifying heterogeneous
glioblastoma tissue patterns.

Code availability

Code supporting the experiments reported in this study is publicly available at
github.com /polejowska/neuropath-fml.
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