medRxiv preprint doi: https://doi.org/10.1101/2025.04.29.25326682; this version posted April 30, 2025. The copyright holder for this preprint

(which was not certified by peer review) is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.
It is made available under a CC-BY-NC-ND 4.0 International license .

Anatomy-guided, modality-agnostic segmentation of

neuroimaging abnormalities

Diala Lteif™?, Divya Appapogu'?, Sarah A. Bargal®, Bryan A. Plummer’, and Vijaya B.

Kolachalama

1,24

1Department of Computer Science, Boston University, Boston, MA, USA
*Department of Medicine, Boston University Chobanian & Avedisian School of Medicine,
Boston, MA, USA
’Department of Computer Science, Georgetown University, Washington, DC, USA
*Faculty of Computing & Data Sciences, Boston University, Boston, MA, USA

Abstract

Magnetic resonance imaging (MRI) offers multiple sequences
that provide complementary views of brain anatomy and
pathology. However, real-world datasets often exhibit variabil-
ity in sequence availability due to clinical and logistical con-
straints. This variability complicates radiological interpreta-
tion and limits the generalizability of machine learning mod-
els that depend on consistent multimodal input. In this work,
we propose an anatomy-guided and modality-agnostic frame-
work for assessing disease-related abnormalities in brain MRI,
leveraging structural context to enhance robustness across di-
verse input configurations. We introduce a novel augmenta-
tion strategy, Region ModalMix, which integrates anatomical
priors during training to improve model performance when
some modalities are absent or variable. We conducted exten-
sive experiments on brain tumor segmentation using the Mul-
timodal Brain Tumor Segmentation Challenge (BraTS) 2020
dataset (n=369). The results demonstrate that our proposed
framework outperforms state-of-the-art methods on various
missing modality conditions, especially by an average 9.68 mm

reduction in 95"

percentile Hausdorff Distance and a 1.36% im-
provement in Dice Similarity Coefficient over baseline mod-
els with only one available modailty. Our method is model-
agnostic, training-compatible, and broadly applicable to multi-
modal neuroimaging pipelines, enabling more reliable abnor-

mality detection in settings with heterogeneous data availabil-

ity.

1 Introduction

Magnetic resonance imaging (MRI) is a corner-
stone of neuroradiology, offering multiple sequences
such as T1-weighted and fluid-attenuated inversion re-
covery (FLAIR) that provide complementary information
for assessing brain structure and pathology. These mul-
timodal sequences are critical for identifying and differ-
entiating conditions such as ischemic strokes, tumors,
and neurodegenerative disorders. However, in both clini-
cal and research settings, acquiring complete multimodal
MRI data is often constrained by time, cost, computa-
tional demands, and patient tolerance. As a result, many
datasets lack one or more sequences, limiting their di-
agnostic value and complicating the development of ro-
bust machine learning (ML) models [31] [15]. In clinical
environments, imaging protocols may be abbreviated to
prioritize urgent care, while in research, cohort studies
frequently include only a subset of modalities due to lo-
gistical or financial limitations. These gaps reduce the
utility of otherwise valuable datasets and pose a chal-
lenge for multimodal model training and deployment.
Nonetheless, developing methods that can leverage in-
complete imaging data could unlock the full potential of
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these datasets, advancing clinical applications and gen-
eralizable ML research in neuroimaging.

Traditional approaches to handling incomplete multi-
modal data typically train ML models on fully observed
datasets and simulate missingness only at evaluation
time [5] [28] 24, 27]. An alternative line of work aims to
synthesize missing sequences [7, 11} 25, 4], but such gen-
erative models often require large, fully-sampled datasets
and may not capture the full spectrum of clinical variabil-
ity. Moreover, many segmentation frameworks trained
on modality-complete inputs are brittle to missing se-
quences, resulting in performance degradation when ap-
plied to modality-incomplete data.

To address these limitations, we propose Region
ModalMix (RMM), a data augmentation strategy de-
signed to improve the robustness of state-of-the-art
brain tumor segmentation models even under condi-
tions of modality incompleteness. Our method leverages
anatomical priors in the form of parcellation maps to
guide the mixing of available modalities within prede-
fined brain regions. By augmenting the training process
with anatomically coherent, cross-modal representations
derived from the same subject, RMM promotes resilience
to missing modalities without requiring explicit impu-
tation or synthesis. This framework enhances model
generalizability, improves segmentation accuracy in in-
complete data scenarios, and expands the applicability of
high-performing ML models to real-world neuroimaging
datasets.

2 Related work

Several studies have investigated unified models for
tasks such as brain tumor segmentation from incomplete
MRI modalities [28] 5} [2} [23} [19] (8} [14} [6} [26] [9]]. One line of
research focuses on multimodal fusion using various at-
tention mechanisms [J5}30}[12]). For instance, the Region-
aware Fusion Network (RFNet [5]) employed a 3D U-
Net [3] architecture with separate modality-specific con-
volutional encoders, a shared-weight decoder used for
regularization, and a late-stage fusion decoder utilizing
their proposed Region-aware Fusion Module (RFM). RFM
adaptively fuses available modal features based on tumor
regions (i.e., whole tumor (WT), tumor core (TC), and en-
hancing tumor (ET)), thereby augmenting segmentation

performance across various modality combinations.

Some approaches have adapted transformers for in-
complete multimodal learning [28] 24, [27]. The mul-
timodal medical transformer (mmFormer [28]) was the
first of those approaches to incorporate hybrid modality-
specific transformer-based encoders alongside a shared
modality-correlated transformer-based encoder, facilitat-
ing the learning of modality-specific and cross-modal
features. However, maintaining separate encoders for
each modality can incur computational overhead [27].
To address this, IMS?Trans [27] introduced a lightweight
architecture with a single encoder for all modalities,
reducing redundancy while effectively handling miss-
ing modalities. Similarly, TMFormer [29] merged avail-
able modalities into compact tokens, streamlining the
fusion process. While these proposed architectures
adopted vanilla pairwise self-attention, others (e.g.,
MZ?FTrans [24]) introduced alternative solutions using
modality-masked fusion strategies with learnable fusion
tokens and spatial weight attention, to adaptively re-
weight modalities for better fusion. Despite their ef-
ficiency, these methods do not take advantage of the
prior knowledge available for brain MRI datasets, which
could provide a wealth of insight into the training pro-
cess, yielding clinically relevant models. In our work, we
used the anatomical context of the human brain to learn
robust representations of incomplete multimodal data,
even when training data was incomplete. Our framework
was designed to be model-agnostic and offers flexibility
across various architectures.

Table 1: Summary of the BraTS 2020 brain tumor
segmentation dataset. This table summarizes partic-
ipant demographics and MRI acquisition details for the
dataset used in this study. The dataset is divided into
two tumor grade cohorts: high-grade gliomas (HGG) and
low-grade gliomas (LGG). The number of participants,
total MRIs across four modalities (T2, T1ce, T1, FLAIR),
and mean age with standard deviation are reported. Age
data for LGG cases was not available (N.A.).

Cohort Participants MRIs Age (y)
(group) n (%) n (T2T1ce,T1,F) meants.d.
HGG 293 1,172 61.224+11.87
LGG 76 304 N.A.
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Figure 1: Overview of our framework. We introduce Region ModalMix, a data augmentation strategy that lever-
ages approximately 100 brain parcellation masks to mix information across available MRI modalities (e.g., T1, T2,
FLAIR) within predefined anatomical regions. During training, we randomly sample regions and mix them across
modalities for the same subject, generating augmented inputs that are concatenated with the original data. These
samples are processed by either a set of modality-specific encoder { E, s }, where M denotes the set of modalities,
or a weight-shared encoder. The extracted features are passed through an intra-modality bottleneck and inter-
modality transformer backbone, followed by a decoder module D f,450r. To enhance representation learning under
missing modalities, we employ auxiliary regularization based on modality-specific predictions from D,..,. Note that
the intra-modality bottleneck may be either convolutional or transformer-based, depending on the architecture used.

The procedure is outlined in Algorithm/[i]

3 Methods

3.1 Study population and data processing

We conducted experiments on the task of modality-
incomplete brain tumor segmentation using the BraTS
2020 dataset. The cohort was compiled from 19 institu-
tions as part of the Multimodal Brain Tumor Segmen-
tation Challenge [17] and includes 369 subjects, each

with four MRI sequences: T1-weighted, T2-weighted, T1
contrast-enhanced (T1ce), and FLAIR. Voxel-wise anno-
tations are provided for three tumor subregions: nectoric
and non-enhancing tumor (NCR/NET), edema (ED), and
enhancing tumor (ET), enabling fine-grained segmenta-
tion of glioblastoma (HGG, n = 293) and lower-grade
glioma (LGG, n=76) cases. Demographic details of the
cohort are summarized in Table[ll
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The BraTS dataset was provided in NIFTI format fol-
lowing a series of preprocessing steps, including skull
stripping, co-registration to the SRI24 multi-channel
anatomical template [21]], and isotropic resampling to a
resolution of 1 x 1 x 1 mm>. We converted the data
into numpy format, removed non-brain regions, and nor-
malized each modality to zero mean and unit variance,
following protocols established by prior work [5]. Each
scan was parcellated using SynthSeg+ [1], yielding vol-
umetric labels for 99 distinct brain regions, along with
cerebrospinal fluid and background, resulting in a total of
101 parcellated regions. These anatomical parcellations
served as a foundation for our data augmentation strat-
egy (Supplementary Table[A1). Each multimodal sample
was represented as a 4D tensor of shape M x D x H x W,
where M is the number of modalities, and D, H, W rep-
resent the scan dimensions. The corresponding segmen-
tation maps Seg™ of size D x H x W were used to guide
the training of our models.

3.2 Modeling framework

We propose Region ModalMix (RMM), a novel data aug-
mentation strategy desgined to enhance brain tumor
segmentation performance in the presence of modality-
incomplete MRI. As illustrated in Figure [} our end-to-
end framework integrates RMM into a multimodal seg-
mentation pipeline to generate anatomically coherent
and modality-diverse training samples. RMM leverages
modality-specific brain parcellation maps to guide aug-
mentation at the region level. The implementation de-
tails of RMM are outlined in Algorithm (1} where B, M,
N, and R denote the batch size, the number of MRI
modalities, the size of the training dataset, and the total
number of brain regions (R = 99), respectively. The core
process of RMM, described in lines 3 to 11 of Algorithm
operates as follows: at each training iteration, a batch of
data (X,Y, Seg) is sampled from the training set, and
a series of spatial and structural transformations is ap-
plied. To maintain uniformity of transformations across
modalities and volumetric segmentations for the same
participant, we employed a seeded transformation func-
tion. This function ensures consistent random transfor-
mations by fixing the random generator seed in torch,
monai, and other relevant libraries. After applying the
transformations, RMM generates new data X by ran-

domly mixing brain regions along the modality dimen-
sion, i.e., the second tensor dimension. Using the Seg
tensors, for a given modality m, pixels corresponding to
an anatomical region r are replaced with those from the
same region r in a randomly sampled modality rm. An
example augmentation can be viewed in Figure [2| where
mixed regions in the sample augmented by our method
(b) are color-coded by their modality of origin. Notably,
the target segmentation labels Y are not altered, as the
mixing is performed across modalities of the same sub-
ject, and there is only one reference segmentation label
corresponding to each of the samples, regardless of their
multimodal nature.

Algorithm 1 Pseudocode for Region ModalMix

. i=N,m=M
Require: {(X[",Y;, Seg/™)} 21 2y
1: for each iteration do - My
. .. i=B,m=
2: Retrieve a training batch (X", Y;, Segi™),Z1 /")
>X; € RBX1IXMXHXW XD
> Segi c RBX1IXMxHXW XD

{XI",m e [1.M]} « {X[",m € [1.M]}

@

> Begin main
forr € [1..R] do
generate random modality index rm € [1..M]
form € [1..M] do
ridz™ < where(Seg™, )
ridz"™™ < where(Seg]™, )
X ridz™) = XI™[ridz"™)
end for
end for

Vi € [1..B]

2R Y TR

> End main

UGN

12: O, F = ModelForward(.X)
13: O, F = ModelForward(X)
14: L4 = ContrastiveLoss(F, f)
15: Liotal = Ltask + - Laus
16: Backward(Ltota1)

17: end for

Unlike 3D MM-CutMix [27], which mixes cuboid
patches across participants and modalities, RMM pre-
serves anatomical plausibility by mixing only within the
spatial context of a single subject. As illustrated in Fig-
ure [2 3D MM-CutMix (a) introduces anatomically inco-
herent boundaries by stitching together unrelated vol-
umes, whereas RMM (b) maintains structural continu-
ity across regions. Once augmented, the mixed input is
concatenated with the original data and passed through
either a set of modality-specific encoders {E,,,cps} or
a shared encoder, depending on the model architec-
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ture. The encoded features are processed through
an intra-modality bottleneck (either convolutional or
transformer-based), followed by an inter-modality trans-
former module. A decoder head D40, then produces
the final segmentation output. To enhance model per-
formance under missing modality conditions, we incor-
porated an auxiliary regularization module with a cor-
responding loss term, £, defined differently based on
the underlying architecture. In models with modality-
specific encoders and a shared-weight decoder [[5128} [24],
L 4u Was used to ensure that each modality-specific en-
coder learned discriminative features, even in the ab-
sence of certain modalities. Specifically, it was computed
as:

ﬁauz = Z (ﬁDicc(Dreg(fm)ay)
meM

(1)
+ EWCE (D'r‘eg (-F7n)7 y)) )

where D,., denotes the shared-weight decoder used
for regularization, F,, is the feature representation ex-
tracted from the m-th modality-specific encoder, and y
is the segmentation label. In IMS?Trans [27], Lquz Was
implemented as a feature distillation loss via contrastive
learning to align individual modality features with their
mean feature representation. The overall training objec-
tive combined the primary task loss with the auxiliary
loss:

»Ctotal = L:task + L:au:ca (2)

where L, was tailored to the segmentation task, par-
ticularly defined as:

Etask = Eseg + £prm7 (3)
where L4 is the final segmentation loss and Ly, is
a deep supervision loss applied to intermediate outputs
of the fusion decoder, encouraging consistent predic-
tions across network depths. L., was computed as a
weighted combination of the Dice Similarity Coefficient
(DSC) [[18] and the Weighted Cross-Entropy (WCE) [22]]
loss functions. Additional details regarding the imple-
mentation can be found in the literature [5][28 24 [27]].

4 Experimental setup

4.1 Training and model settings

We evaluated our model on the task of brain tu-
mor segmentation, comparing it against benchmark
methods designed to handle modality-incomplete MRI
data: RFNet [5], mmFormer [28], M?FTrans [24], and
IMS?Trans [27]. Experiments were conducted on the
BraT$S 2020 dataset, adopted from the Brain Tumor Seg-
mentation (BraTS) Challenge [17], which includes four
MRI modalities: FLAIR, T1 contrast-enhanced (T1ce), T1-
weighted, and T2-weighted, available for every subject.
Following [5], we removed non-brain background re-
gions and normalized each modality to have zero mean
and unit variance. To ensure a fair comparison with
state-of-the-art models, we strictly followed the data split
protocol from [5][28]24,27], dividing the 369 subjects into
219 for training, 50 for validation, and 100 for testing. Al-
though BraTS 2020 is modality-complete, we simulated
missing modality scenarios during training by randomly
masking MRI sequences. Input volumes were randomly
cropped to 64 x 64 x 64 voxels and augmented with ran-
dom rotations, intensity shifts, and mirror flips.

All models were trained using a batch size of 2, an ini-
tial learning rate of 2e—4, and a weight decay of 1e—4 for
1000 epochs with 200 iterations per epoch. Training was
conducted on a single NVIDIA GPU with 48GB memory.
We used the AdamW [[16] optimizer under identical ex-
perimental conditions, with preserved latent dimension-
ality and parameter count across all models. Refer to Sup-
plementary Table |A2|for details about model settings.

4.2 Performance metrics

Evaluation metrics for segmentation included the Dice
Similarity Coefficient (DSC) [18]], also known as the F1-
score or Serensen-Dice index, and the 95% percentile
Hausdorff Distance (HD95) [10]. DSC measures the
global overlap between predicted and ground truth seg-
mentations, but is less sensitive to local errors. HD95
measures the 95" percentile of all the distances from a
point of one boundary to the closest point on the other
boundary. It complements DSC by capturing boundary-
based deviations while being robust to outlier voxels,
making it well-suited for medical image segmentation.
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Figure 2: Comparison of 3D MM-CutMix and Region ModalMix (RMM). Examples of augmented samples
generated by (a) 3D MM-CutMix and (b) our proposed RMM. 3D MM-CutMix combines cuboid patches from MRI
scans of different participants and modalities. In contrast, RMM operates on scans from a single participant across
multiple modalities, mixing anatomically defined regions to generate fine-grained, modality-aware augmentations.

Following [5, 28 24, [27], the tumor regions (i.e.,
NCR/NET, ED, and ET), were aggregated into three tu-
mor classes for evaluation: whole tumor (WT), consist-
ing of all three regions, tumor core (TC), comprising
the NCR/NET and ET regions, and finally the ET region
as a separate class. Performance was evaluated on the
three tumor classes (i.e., WT, TC, and ET) as well as the
NCR/NET and ED regions. The models were tested on 15
different modality combinations and comparisons were
stratified by the number of missing modalities. For a
fair comparison, all models were evaluated at the 1000™
epoch.

5 Results

Quantitative results on the BraTS 2020 dataset are
summarized in Tables [2] and [3| showing average per-
formance improvements over state-of-the-art methods,
measured in HD95 (mm) and DSC (%) scores, respec-
tively, under varying degrees of modality incomplete-
ness. Across both HD95 (Table [2) and DSC (Table [3),
RMM vyielded consistent performance improvements,
particularly when integrated with the M?FTrans back-

bone [24]. For instance, M?FTrans [24] trained with
our method showed the largest average HD95 reduc-
tion in multiple subregions—including WT (—10.24 mm),
TC (—20.79 mm), and ET (—20.23 mm) with no miss-
ing modalities—and consistently strong improvements
under partial modality settings. These boundary-level
improvements were mirrored in DSC gains, where the
same model achieved the highest improvements in ET
(+8.88%) and TC (+4.58%) when all modalities were
available. These findings suggest that RMM not only en-
hances robustness in modality-incomplete scenarios but
also boosts model performance when full information is
available, likely due to its ability to promote better gen-
eralization via anatomically grounded augmentation.
Importantly, ET and NCR/NET are among the small-
est and most spatially complex tumor subregions, pos-
ing significant challenges for accurate segmentation. The
results in Tables [2] and [l demonstrate that our method
substantially improves HD95 and DSC in these regions
across models. For example, in ET, RMM integrated
with the M2FTrans [24] backbone achieved a —20.23 mm
HD95 improvement and a +8.88% DSC gain, while in
NCR/NET, we see consistent HD95 reductions and DSC
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Table 2: Performance gains (HD95, mm) of our
framework over state-of-the-art methods under
varying numbers of missing MRI modalities. This
table reports the average improvements in segmentation
accuracy, measured by the 95th percentile Hausdorff Dis-
tance (HD95), across different tissue types as the number
of missing modalities increases. Negative values indicate
improved performance (i.e., lower HD95) relative to the
original method. For each setting, the best-performing
improvement is shown in bold, and the second-best is
underlined, where applicable.

Table 3: Improvement in segmentation accuracy
(DSC, %) across varying levels of modality avail-
ability. This table summarizes the average gain in Dice
Similarity Coefficient (DSC) achieved by our framework
compared to several state-of-the-art models under dif-
ferent numbers of missing MRI modalities. Positive val-
ues indicate performance gains, measured in percentage
points. For each scenario, the highest improvement is
highlighted in bold and the second highest is underlined,
where applicable. Results are shown separately for differ-
ent tissue types.

‘ Compared method ‘ # of missing modalities

Type
| | 0 1 2 3
WT RENet [5] 111 -052 -1.58 -2.80
mmPFormer [28] -2.54 -5.42 -7.43 -7.56
MZ2FTrans [24] -10.24  -6.77 -486 -5.30
IMS?Trans [27] 003  -0.17 032 -1.76
IMS?Trans [27] w/3CM | -0.88 0.01 047 -0.69
TC RENet [5] 2022 220 -252 -2.87
mmFormer [28] 531 648 -687 -4.51
MZ?FTrans [24] -20.79 -14.86 -8.07 -9.68
IMS?Trans [27] 004  -0.12 -038 -2.13
IMS?Trans [27] w/3CM | -0.22  -0.78  0.07 -0.19
ET RENet [5] 089  -223 -1.86 -1.24
mmFormer [28] 442 -6.06 -4.52 -2.63
MZ2FTrans [24) -20.23 -13.40 -7.27 -7.92
IMS?Trans [27) 035  -0.02 -0.19 -1.08
IMS?Trans [27] w/ 3CM 019  -0.65 -030 -0.92
NCR/NET | RFNet [5] 0.43 0.15 0.05 -3.04
mmFormer [28] -2.68 -3.57 -492 -551
MZ2FTrans [24) -9.71  -7.94 -530 -6.06
IMS?Trans [27) 041  -0.62 -0.67 -1.16
IMS®Trans [27] w/3CM | -034  -127 021  0.12
ED RENet [5] 1.21 0.64 -0.74 -2.24
mmPFormer [28] -1.74  -3.07 -5.39 -7.04
M?FTrans [24] -3.07  -143 -115 -2.19
IMS2Trans [27] -0.25  -0.77  0.13  -1.40
IMS?Trans [27] w/3CM | -0.68  -0.53  0.05 -0.39

gains across all levels of missingness. This indicates that
the anatomical focus of RMM helps improve spatial delin-
eation and volume estimation in fine-grained structures,
which are often underrepresented in standard training
settings.

To our knowledge, we are the first to provide detailed
performance evaluations for Edema (ED) and NCR/NET
in a modality-incomplete setup—regions typically omit-
ted from prior multimodal segmentation benchmarks.
Despite this, RMM achieves robust improvements in both
regions—e.g., mmFormer trained with RMM yielded a

‘ # of missing modalities

Type ‘ Compared method
| | 0 1 2 3
WT RENet [5] -0.93 -0.71 -0.88 -1.18
mmFormer [28] 033 078 1.09 136
M?FTrans [24] 1.74 131 1.02 0.44
IMS?Trans [27] -0.02 011 -0.04 -0.51
IMS?Trans [27] w/3CM | 0.82  0.64 0.23 -0.67
TC RFNet [5] 006 -032 -112 -3.13
mmFormer [28] 216 173 055 -2.30
M?FTrans [24] 458 3.00 136 -0.31
IMS?Trans [27] -0.67 0.06 -0.75 -4.28
IMS?Trans [27] w/3CM | 0.19 038 -0.84 -4.37
ET RFNet [5] 1.00 013 116 115
mmFormer [28] 6.24 242 075 -2.04
MZ2FTrans [24] 8.88 453 129 -0.88
IMS?Trans [27] 258 234 151 -1.03
IMS?Trans [27] w/3CM | 290 273 2.79 -1.02
NCR/NET | RFNet [5] -1.08 -1.70 -1.95 -251
mmFormer [28] 187 157 044 -0.90
M2FTrans [24] 191 152 0.98 0.20
IMS?Trans [27] 0.06 031 -072 -2.75
IMS?Trans [27] w/3CM | 056  0.28 -1.07 -3.11
ED RFNet [5] -0.72  -0.89 -1.08 -1.11
mmFormer [28] 0.83 072 0.82 126
MZ2FTrans [24] 0.99 0.77 049 -0.10
IMS?Trans [27] 043 038 033  0.06
IMS?Trans [27] w/3CM | 1.05 0.66 0.35 -0.18

—7.04 mm HD95 reduction and a +1.26% DSC gain in
ED under the most severe missingness condition. De-
tailed results in Supplementary Tables [A3] and [A4] fur-
ther corroborated these findings. Although the DSC
metric is known to be sensitive to structure size, topol-
ogy, and disconnectedness [20], especially for regions
like NCR/NET, RMM improved performance across mul-
tiple models (e.g., mmFormer [28] and M?FTrans [24])
on both NCR/NET and ED. As for HD95, a boundary-
aware metric that is more suitable for finer-grained struc-
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tures, our method showed substantial reductions in both
subregions across all backbones. This emphasizes our
method’s ability to generalize beyond the conventional
WT/TC/ET segmentation targets and extend to anatom-
ically diverse and clinically relevant subregions.

RMM also outperforms 3D MM-CutMix, which served
as the most relevant prior data augmentation method
proposed for brain tumor segmentation. Although 3CM
provides modest benefits as evident in Supplementary
Tables and RMM consistently achieved higher
improvements across both metrics (e.g., a 2.79% DSC
gain in ET with two missing modalities). Even models
with strong baseline performance, such as RFNet [[] (see
Supplementary Tables and [A4), showed measurable
benefit from RMM. While RFNet achieves competitive
HD95 scores without augmentation, training with RMM
consistently enhanced spatial boundary delineation, par-
ticularly in ET and TC, suggesting complementary effects
rather than redundancy with strong architectural priors.

Figure B| presents qualitative comparisons under miss-
ing modality settings, where M?FTrans trained with
RMM generated more anatomically consistent segmen-
tations. DSC scores for the three tumor regions were in-
cluded within the coronal slices corresponding to each
prediction, while the sagittal views displayed DSC scores
for the NCR/NET and ED subregions. RMM consistently
produced higher DSC scores for NCR/NET, a class known
for subtle intensity differences and structural complexity,
demonstrating its effectiveness in learning fine-grained
anatomical priors.

Finally, we compared models trained with RMM to
state-of-the-art methods trained on larger regions of in-
terest (ROI=80) in Supplementary Table Despite us-
ing a smaller ROI (64), our method achieved competitive
performance with the state-of-the-art across all subre-
gions. These findings are particularly relevant in clin-
ical settings where computational and time constraints
limit the size of processable image volumes, reinforc-
ing the value of our proposed framework in resource-
constrained environments.

6 Discussion

This study presents a flexible image segmentation frame-
work that robustly handles missing MRI sequences dur-

ing training and inference. Central to our framework is
Region ModalMix (RMM), a novel augmentation strategy
that leverages brain parcellation masks to mix informa-
tion across modalities within anatomical regions. In so
doing, RMM enhances the model’s ability to learn spa-
tially coherent, modality-agnostic features that general-
ize across a wide range of missing data scenarios.

Our segmentation results demonstrate that RMM con-
sistently outperforms existing augmentation methods
such as 3D MM-CutMix [27]] across different metrics,
especially in the enhancing tumor and necrotic/non-
enhancing tumor regions. These regions are clinically
important but challenging to delineate due to their small
size and heterogeneous appearance [13]. Notably, RMM
achieved marked gains in boundary precision, indicat-
ing better anatomical fidelity, which is a key attribute
for real-world deployment where segmentation errors at
the margins can influence treatment decisions. Further-
more, RMM improved segmentation performance with-
out requiring increased input volume size, making it
computationally efficient and suitable for deployment in
environments with limited resources. Our approach is
also agnostic to architectural choices, with significant
performance boosts across diverse backbones, including
transformer-based (e.g., mmFormer, IMS?Trans) and hy-
brid models.

Our framework has some limitations. First, RMM
currently relies on pre-computed anatomical parcella-
tions, which may not be equally accurate across popu-
lations (e.g., pediatric or atypical brain anatomies). Sec-
ond, while we evaluated our framework across mul-
tiple backbones, we focused on the task of brain tu-
mor segmentation from a limited set of MRI sequences
(i.e., T1, Tlce, T2, FLAIR), but other modalities such as
diffusion-weighted imaging and susceptibility-weighted
imaging, were not explored due to data availability con-
straints. Including these additional modalities in future
work would provide a more comprehensive assessment
of the framework’s scalability and utility. Third, the aug-
mentations are static and do not adapt to task-specific
features or pathologies. Finally, while we simulate miss-
ing modalities, further validation on large-scale prospec-
tive datasets with naturally missing data is needed to
confirm external validity.

In conclusion, our proposed anatomically guided,
modality-agnostic augmentation strategy is designed to
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improve robustness and generalizability in multimodal
brain MRI analysis. By structurally mixing anatomical
regions across modalities, our approach enables deep
learning models to maintain high performance even
when key MRI sequences are missing. Through com-
prehensive evaluation on brain tumor segmentation, we
demonstrated that our method improves segmentation
accuracy and predictive reliability across diverse input
configurations and model backbones. Our framework
also demonstrated better volumetric overlap and bound-
ary precision on smaller structures. These findings high-
light the promise of anatomy-aware training as a founda-
tion for developing clinically resilient neuroimaging Al
systems capable of working effectively in real-world, het-
erogeneous data environments.
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Figure 3: Qualitative segmentation comparison across modality combinations on BraTS 2020. Visualization
of tumor segmentation results using M?FTrans [24] with and without our proposed augmentation strategy under
15 different MRI modality combinations. Each column represents a unique subset of available modalities. For each
setting, we display the model’s predictions alongside ground truth segmentations, overlaid on FLAIR slices in axial,
coronal, and sagittal views. Tumor subregions are color-coded: necrotic/non-enhancing tumor (NCR/NET) in red,
edema (ED) in green, and enhancing tumor (ET) in blue. DSC scores (%) for each tumor region are shown within the
corresponding coronal slice. Sagittal views also include region-specific DSC scores for finer-grained evaluation.
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