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Abstract. Glioma is the most common primary brain tumour, yet pa-
tients in Sub-Saharan Africa face survival outcomes far worse than those
in high-income settings, compounded by a severe shortage of neuro-
oncology expertise and imaging infrastructure. While deep learning mod-
els trained on Global North datasets achieve state-of-the-art performance,
their transferability to African clinical acquisitions remains unquanti-
fied. In this study, we benchmark three representative architectures—
3D U-Net, DynUNet, and Swin UNETR—trained on BraTS 2021 and
evaluated zero-shot on BraTS-Africa (n = 146). All three architectures
achieve in-domain mean Dice scores of 81.2-83.1%, with performance
drops (ADice) of 13.8-15.0 percentage point (pp) on BraTS-Africa (Dy-
nUNet zero-shot mean Dice: 69.0%, 95% CI: [67.8%, 70.2%)]). Stratify-
ing by pathology isolates disease shift from acquisition shift: glioma-only
subjects (n = 95), achieve 69.9% mean Dice (95% CI: [68.6%, 71.3%]), re-
ducing the domain gap to 10.3 pp, while non-glioma cases (n = 51) drop
to 63.7% (95% CI: [61.5%,65.9%)]). We further introduce a convention-
aware label-harmonization transform to resolve silent channel erasure
errors. These results provide an unassisted lower bound for direct deploy-
ment, motivating lightweight domain adaptation strategies in resource-
constrained settings.

Keywords: Glioma segmentation - Domain generalization - BraTS-
Africa - 3D U-Net - Swin UNETR - nnU-Net - Resource-constrained
settings
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1 Introduction

Gliomas are the most prevalent and lethal primary brain tumours worldwide,
with fewer than 20% of patients surviving beyond two years of diagnosis [29],
and this burden is distributed highly inequitably: glioma mortality fell by up
to 30% in the Global North between 1990-2016 while rising by an estimated
25% in Sub-Saharan Africa (SSA) over the same period [2]. This divergence is
driven by health-system factors rather than tumour biology: Ghana and Nigeria
have roughly one neurosurgeon per 2.4 million people [30], fewer than half of
African countries operate functional radiotherapy services [19], histopathologi-
cal confirmation is absent in up to 40% of reported Nigerian glioma cases [19],
and MRI/neuropathology services are unevenly distributed across the conti-
nent [22,19], even as new SSA cancer cases are projected to rise 70% by 2030 [30].

Automated MRI segmentation is one of the few interventions that scales
to this gap, with tumour-burden pipelines shown to match or exceed human
readers in large multi-centre studies [2]. Progress here has been driven for over
a decade by the Brain Tumor Segmentation (BraTS) challenge [20], which by
2021 comprised 2,040 studies drawn almost exclusively from North American and
Western European institutions [1]. The applicability of BraTS-trained models
to African populations was, until recently, simply untested [2,1] due to the lack
of available African dataset. Futhermore, Brain MRI acquired in SSA differs
systematically (1.5T scanners, heterogeneous protocols, more advanced disease
at presentation [1,22]), creating a domain gap that can silently degrade models
that appear state-of-the-art on Western benchmarks. To address the lack of
african cohort, the BraTS-Africa dataset [1] was released. Including African data
in training has already been shown to help [1], but the zero-shot domain gap of
standard architectures has not been systematically characterised across multiple
network families under a controlled protocol.

This paper presents a controlled, reproducible cross-domain benchmark es-
tablishing, for the first time under a multi-architecture protocol, the zero-shot
performance drop when standard glioma segmentation models trained on Global-
North data are applied to African clinical scans, and discusses the implica-
tions for designing lightweight, uncertainty-aware models suited to resource-
constrained deployment. Our contributions are: (1) a controlled, reproducible
cross-domain benchmark of three architecturally distinct networks, trained ex-
clusively on BraTS 2021 and evaluated both in-domain and zero-shot on BraTS-
Africa; (2) an explicit, convention-aware label-harmonisation layer unifying the
two datasets’ and (3) quantified evidence of a consistent 13.8-15.0 pp mean-Dice
domain gap across all three architectures, with TC and ET most affected.

2 Previous Work

Deep learning for brain tumour segmentation. Brain tumour segmenta-
tion has progressed from handcrafted features to fully convolutional models with
U-Net [26] and its 3D extension [7], produced a step change in performance [18],
later extended with attention gates [23] and residual connections [12]. Self-
configuring frameworks such as nnU-Net and transformer-based architectures
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such as Swin UNETR [11] ] have since pushed performance further, establishing
the current state of the art on BraTS benchmarks. Across this work, a persis-
tent weakness is generalisation: models strong on their training distribution are
known to degrade under different scanners, protocols, or populations [18,4].

Domain shift, adaptation, generalization, and uncertainty. Domain shift
is widely recognised as the principal barrier to clinical translation of medical
imaging models [10,24]. Adaptation methods reduce source/target mismatch us-
ing target-domain data, via adversarial domain-invariant features or GAN-based
translation [10], while federated learning avoids centralising sensitive multi-
institutional data [6], relevant where SSA institutions are wary of data-sharing
constraints. Domain generalization instead trains for unseen domains without
target-domain data, via randomisation, augmentation, meta-learning, or domain-
agnostic normalisation [24]; both require transparent acquisition reporting and
external validation across distinct cohorts [24], the standard this benchmark
meets by separating in-domain and zero-shot evaluation. Reliable RCS deploy-
ment further requires models to communicate when they are unreliable: aleatoric
(data) and epistemic (model) uncertainty are both relevant to glioma segmen-
tation [31], and voxel-wise uncertainty maps can flag low-confidence regions for
review, though estimates require validation under controlled distribution shift
before clinical trust is warranted [31,13].

The African data gap. Before BraTS-Africa [1], no glioma segmentation
dataset was publicly available from an SSA population, so generalizability claims
to African scans were untested. Volumetric tumour-burden estimates, informing
radiation planning, surgical decisions, and response monitoring, are clinically
important yet rarely a primary evaluation metric [25], motivating our use of
Dice and boundary-sensitive HD95 (Sec. 3.5). The literature thus offers ma-
ture segmentation backbones, a developed domain-shift toolkit, and a case for
uncertainty-aware evaluation, but no controlled benchmark has compared mul-
tiple standard 3D architectures, trained identically on Global-North data and
evaluated zero-shot on BraTS-Africa under one protocol.

Table 1. Dataset summary. Only the enhancing-tumour (ET) integer label differs
between cohorts.

BraT$S 2021 Task 1 [3] BraTS-Africa [1]

Subjects 1,251 146 (95 glioma, 51 other CNS)
Acquisition sites North America / Europe Multi-site, Nigeria

Field strength 1.5T-3T 1.5T

Modalities T1, Tlce, T2, FLAIR T1, Tlce, T2, FLAIR

ET integer label 4 3

3 Methodology

3.1 Datasets, label harmonisation, and splitting

Experiments were conducted using the BraT$S 2021 task 1 (mixed 1.5T/3T) and
the BraTS-Africa dataset, (1.5T;table 1) summarises the two cohorts. Both pro-
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vide four co-registered, skull-stripped MRI sequences (T1, Tlce, T2, FLAIR) and
voxel-wise labels for necrotic core (NCR, 1), oedema (ED, 2), and GD-enhancing
tumour (ET), but BraTS 2021 [3] encodes ET as label 4 while BraTS-Africa [1]
uses label 3. This Project trains exclusively on BraT$S 2021, split 70/15/15 into
train/validation/test. BraTS-Africa is reserved in full as an independent zero-
shot evaluation cohort.

3.2 Label harmonisation

Both are mapped to the three standard, overlapping BraTS subregions, whole
tumour (WT = NCR U ED U ET), tumour core (TC = NCR U ET), and ET,
via a custom MONAI MapTransform (ConvertBraTSLabelsd) that reads a per-
subject label_convention field and applies the correct ET label accordingly,
guarding against a documented failure mode of MONAI’s built-in converter,
which hard-codes the BraTS 2021 convention and silently zeroes the ET channel
for unmodified BraTS-Africa subjects.

3.3 Preprocessing and augmentation

In the two datasets both datasets pass through an identical MONAI pipeline
(Fig. 1): reorientation to RAS, resampling to isotropic 1 mm? spacing, intensity
clipping at [0.5, 99.5] pct, per-channel z-score normalisation (I’ = 1_7“), and
foreground-aware crop/pad to 1283, the standard nnU-Net default for BraTS [15].
Per-channel Z-score normalization standardizes contrast scales between the mixed
1.5T/3T training set and 1.5T test scans. Bias-field correction is omitted, already
applied upstream by both providers. For training only, we apply foreground-
biased random cropping (p=0.80 centred on tumour voxels, which occupy 1-4%
of brain volume), random flips, mild rotation (£15°, p=0.20), Gaussian noise,
and random intensity scale/shift — the latter simulating scanner-to-scanner con-
trast variation relevant to cross-domain evaluation. Validation/test transforms
omit all stochastic augmentation.

3.4 Network architectures

Three architectures, spanning the dominant convolutional and transformer-based
design families in current BraTS§S literature, are compared under an identical
protocol (Figs. 2-4). All three take the same 4 x 1282 input and produce a
3 x 1283 multi-label sigmoid output (one channel per subregion), rather than
softmax, since WT/TC/ET are nested and not mutually exclusive.

3D U-Net [7] (Fig. 2) is a five-level residual encoder—decoder, channels
(32,64,128,256,512), stride-2 down-/up-sampling, two residual units [12] per
level, PReLU, batch norm, dropout p=0.10.

DynUNet [15] (Fig. 3) follows the nnU-Net template: identical channel pro-
gression with residual blocks and deep supervision, via auxiliary 1x1x1 heads
at the two decoder stages nearest the output (k=1, 2), supervised against down-
sampled ground truth and combined with the main output via weights w;,=2"%.
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BraTS 2021 Task 1 BraTS-Africa
n=1,251 subjects n=146 (95 glioma, 51 other CNS)
North America / Europe, 1.5T-3T multi-site Nigeria, 1.5T
ET = label 4 ET = label 3

' '

Shared MONAI preprocessing: orient (RAS) — resample 1 mm? iso.
— ConvertBraTSLabelsd (convention-aware WT/TC/ET)
— clip [0.5,99.5] pct — z-score — crop/pad 128%

Test (15%) Held out entirely
n~187 Zero-shot eval, n=146

Train 3 architectures independently on
BraTS 2021 train/val:
3D U-Net DynUNet Swin UNETR
AdamW + cosine LR, DiceCE (+ deep
supervision for DynUNet), AMP, 300 ep., batch=2

!

Train (70%) Val (15%)
nABT6 n~188

In-domain Domain-shift (zero-shot)
BraTS 2021 test BraTS-Africa
n~187 n=146

\ Dice & HD95 per subregion (WT, TC, ET) — Section 4 ]

Fig. 1. End-to-end Phase 1 pipeline: identical, label-convention-aware preprocessing
for both datasets; BraT$S 2021 train/val/test (70/15/15); BraTS-Africa withheld in
full as zero-shot domain-shift evaluation.

Swin UNETR [11] (Fig. 4) replaces the convolutional encoder with a hier-
archical Swin Transformer: 23 patch embedding (48 ch.), four windowed/shifted-
window self-attention stages (window 73) with channel-doubling patch merging,
and a convolutional decoder with multi-stage skips. Gradient checkpointing keeps
training within a single GPU’s VRAM budget at batch size 2.

. . . N Y
Input Enc1 Enc2 Enc3 Enc4 Output
ax128% P P k p - Dec 4 Dec 3 Dec 2 Dec 1 o
S e IS e I A e ot 20 B 256 ch 128 ch Gach —>| Bch ||
(T1,Thee, 128 g G e DS o 16° o] s12eh 8 G 5 pem S ny| (WT.TCET)
T2FLAIR) 2xResConv 2xResConv | *** | 2xResConv 2xResConv g * & C 3 sigmoid

Dashed: skip connections (concatenation). PReLU activation, BatchNorm, dropout p=0.10 at every block.

Fig.2. 3D U-Net (MONAI UNet). Five-level residual encoder-decoder, channels
(32,64,128,256,512), stride-2 down-/up-sampling, concatenative skips; 3-channel sig-
moid output.
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Enc2
Input e 64 ch

64
Res Blk

Ground-truth label downsampled by nearest-neighbour interpolation to match p at each level

Fig. 3. DynUNet (MONAI DynUNet, nnU-Net-inspired). Deep supervision: auxiliary
1x1x1 heads at Dec2 (k=1, half-res) and Dec3 (k=2, quarter-res), combined with the
main output via w,=2"% (normalised), following the nnU-Net schedule [15].

Sy Y b
Dec Dec Dec Dec Output
192ch 9 ch ach 8 ch 3x128"
w0 x| mb || e [t a8t [ | sigmo d

s
Dec
Stage 4 Bottleneck
384 ch 768 ch, 4 2350 | oy
£ [ x

nput
axazet | 2% patch

Fig. 4. Swin UNETR: hierarchical Swin Transformer encoder (4 shifted-window stages,
patch 23, feature__size=48) with a convolutional decoder and multi-stage skips [11,28].

3.5 Loss function and hyperparameter selection

All architectures are trained with a compound Dice and cross-entropy loss func-
tion (DiceCE) [27], batch-wise (batch=True) for stability at small batch size,
equally weighted (Agice = Ace = 1) following nnU-Net [15]; sigmoid is applied in-
side the loss, so all networks output raw logits. For DynUNet, DiceCE is wrapped
in a deep-supervision module (Fig. 3) computing a 2~ *-weighted sum over the
main and two auxiliary outputs. Optimisation uses AdamW [17] (Ir = 1074,
wd = 107°) with cosine-annealing decay [16] to 10~ over 300 epochs, gradient
clipping at 1.0, and AMP [21] throughout, batch size 2 for all three architec-
tures. Validation runs every 10 epochs; the checkpoint with the highest mean
validation Dice (WT/TC/ET) is retained, consistent with the BraTS primary
ranking metric [4]. At evaluation, two complementary metrics are computed
per subregion via MONAT’s DiceMetric and HausdorffDistanceMetric: Dice
similarity (DSC= 2|P N G|/(|P| + |G|)) [8] for volumetric overlap, and 95th-
percentile Hausdorff distance (HD95) for boundary agreement, robust to isolated
mis-predictions [14], the standard secondary and primary BraTS metrics [20,4].
Predictions are binarised at threshold 0.5; values are reported NaN-safe so sub-
regions absent from a subject do not contaminate the aggregate.

3.6 Compute resources and inference protocol

This work was trained on Narval, a GPU cluster operated by the Digital Re-
search Alliance of Canada (Ecole de technologie supérieure, Montréal) [9]. Each
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job requests a single NVIDIA A100-40GB GPU under PyTorch/MONAI [5];
because compute nodes have no internet access, the orchestration script ap-
plies two small version-specific patches at job start: a NumPy ptp() fix in
monai.data.utils and a 32-bit MAX_SEED overflow fix in MONAI’s transform-
compose module. Each architecture trains independently (one A100, batch 2,
300 epochs), so the three runs can be distributed across separate single-GPU
jobs rather than requiring multi-GPU parallelism.

Because 128 input size matches the training input, inference uses a single
forward pass per preprocessed volume rather than sliding-window aggregation.
The implications of this single-crop inference strategy are considered when in-
terpreting the relatively lower WT Dice observed on the in-domain test set.

4 Results

Table 2. Performance comparison on in-domain BraTS 2021 (n ~ 187) and zero-shot
BraTS-Africa (n = 146) with 95% Cls and pathology stratification.

Metric / Sub-Cohort 3D U-Net DynUNet Swin UNETR
BraT$S 2021 (In-Domain Baseline, n ~ 187)

Dice WT (%) 1t 66.8 67.1 67.3

Dice TC (%) 1 90.5 90.3 90.5

Dice ET (%) 1 87.4 87.9

88.2 .
HD95 WT / TC / ET (mm) | 8.6/49 /44 88/54/43 83/6.0/45
BraTS-Africa Zero-Shot (Full Cohort, n = 146)

Dice WT [95% CI] 1 59.0 [56.8, 61.2] 60.6 [58.4, 62.8] 59.7 [57.5, 61.9]
Dice TC [95% CI] 1 72.9 [70.9, 74.9] 73.9 [71.9, 75.9] 72.3 [70.2, 74.4]
Dice ET [95% CI] 1 71.7 [69.4, 74.0] 69.0 [66.7, 71.3] 68.9 [66.5, 71.2]
HD95 WT / TC / ET (mm) | 17.9 / 18.2 / 10.6 15.4 / 14.2 / 9.4 16.8 / 15.9 / 12.3
BraTS-Africa Stratification (Mean Dice [95% CI])

Glioma (n = 95) 68.1 [66.8, 69.5] 69.9 [68.6, 71.3] 68.8 [67.4, 70.2]
Non-Glioma (n = 51) 61.8 [59.6, 64.0] 63.7 [61.5, 65.9] 62.4 [60.2, 64.6]
ADice Full Cohort —13.8 —14.1 —15.0
ADice Glioma Only —10.1 —10.3 —11.4

The code!® is implemented in PyTorch and MONALI [5]. All architectures per-
form comparably in-domain (mean Dice 81.6-81.9%). Lower in-domain WT Dice
(66.8-67.3%) reflects single-pass 1283 central cropping without sliding-window
aggregation. On zero-shot BraTS-Africa (n = 146), mean Dice decreases by
13.8-15.0 pp across models, primarily driven by TC and ET degradation (> 15
pp drops).

Pathology stratification isolates disease shift: glioma-only cases (n = 95) yield
higher zero-shot accuracy (DynUNet mean Dice 69.9%, 95% CI: [68.6%, 71.3%)),
narrowing its domain gap from 14.1 pp to 10.3 pp. Non-glioma cases (n = 51)
drop to 63.7% (95% CI: [61.5%, 65.9%)]), confirming non-glioma pathology adds
a ~ 6.2 pp penalty. DynUNet maintains the smallest overall gap and best HD95
(13.0mm), while Swin UNETR, shows the largest gap (15.0 pp); specific archi-

10" Available at https://github.com/abrahamsegun001/glioma-segmentation
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tectural drivers ( deep supervision vs. lack of pre-training) remain hypotheses
for future empirical validation.

5 Discussion

Observed patterns. The 13.8-15.0 pp mean-Dice drop across all three ar-
chitectures confirms a substantial and consistent domain gap when transferring
from BraT$S 2021 to BraTS-Africa. The persistence of this degradation across ar-
chitecturally distinct networks a convolutional baseline, a deep-supervised nnU-
Net-style network, and a CNN-Transformer hybrid argues that the gap is distri-
butional in nature rather than architecture-specific, and that architecture choice
alone cannot close it without incorporating African training data or explicit
adaptation. The HD95 results further underscore the clinical severity of this
gap: boundary errors of 15-18 mm on BraTS-Africa vs. 4-9 mm in-domain rep-
resent clinically meaningful differences in tumour boundary delineation relevant
to radiation field planning.

Label-convention pitfall. A notable engineering finding is that the BraTS-
Africa ET label convention (integer 3) differs from BraTS 2021 (integer 4).
An unmodified MONALI pipeline silently zeros the ET channel for African sub-
jects, masking the true domain gap and reporting artificially low ET Dice. Our
ConvertBraTSLabelsd transform guards against this and should be adopted by
any group combining both datasets.

Limitations. BraTS-Africa’s 146 subjects remain small relative to BraTS 2021;
results are appropriate for characterising the zero-shot gap but not for high-
confidence subgroup analysis. Histopathological confirmation is absent in a sub-
stantial fraction of SSA glioma cases [19], so ground truth reflects expert con-
sensus throughout. Phase 1 deliberately omits African data from training, a
methodological strength for measuring domain gap. So reported Dice/HD95 are
a lower bound on what Phase 2 can achieve in future work.

6 Conclusion and Impact in Resource-Constrained
Settings (RCS)

This benchmark is designed to directly inform deployment in the clinical set-
tings it studies. The ADice values in Table 2 quantify, for the first time under a
controlled, multi-architecture protocol, how much accuracy is lost when a model
trained only on Global-North data is deployed in an SSA clinical context without
adaptation. With fewer than half of African countries operating functional ra-
diotherapy infrastructure and neurosurgical capacity on the order of one special-
ist per several million people [19,30], a tool that silently mis-segments tumour
volume risks miscalibrating radiation-field planning or surgical referral [25], a
patient-safety question, not only a benchmark statistic.

From benchmarking to deployable, sustainable AI. Phase 1’s com-
parison is the empirical foundation for a Phase 2 model purpose-built for RCS
deployment: depthwise-separable convolutions for CPU-based inference, atten-
tion gates for boundary delineation on lower-resolution scans, and Monte Carlo
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Dropout for uncertainty maps flagging low-confidence predictions for review,
benchmarked against the GPU baselines established here (Sec. 3.6).
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