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Abstract: Accurate delineation of brain tumor sub-regions on magnetic resonance imaging (MRI) underpins surgical
planning, radiotherapy targeting and response assessment, yet manual segmentation is slow and varies between raters. This
study presents NeuroLG-Seg, an attention-guided network that jointly learns local and global tumor features from super
resolved MRI. Recurrent residual convolutional blocks and UNet++-style dense nested skip pathways capture local
boundary detail across scales, a multi-head self-attention bottleneck models global context, and attention gates guide the
fusion of the two in the decoder. Input volumes are up-sampled from 1.0 mm to 0.5 mm isotropic resolution with a
pretrained enhanced deep super-resolution (EDSR) network, and six hyperparameters are selected by a Hybrid Tuatara
Numbat Algorithm (HTNA). On a 187-case held-out test split of the BraTS 2021 cohort (1,251 cases), NeuroLG-Seg
achieved Dice similarity coefficients of 0.924, 0.891 and 0.873 for the whole tumor (WT), tumor core (TC) and enhancing
tumor (ET), compared with 0.896, 0.855 and 0.827 for TransUNet, the strongest of five baselines trained under the same
protocol. It also reduced the ET 95th-percentile Hausdorff distance from 4.83 mm to 3.21 mm (Wilcoxon signed-rank test
with Bonferroni correction, p < 0.01). In a cumulative ablation, the local components accounted for about half of the 0.068
WT Dice gain over a U-Net baseline, while the global transformer bottleneck gave the largest single gain for the enhancing
tumor. On 262 TCGA-GBM cases, evaluated as an additional cross-dataset test, the model retained 97.5-98.3% of its
BraTS Dice scores. Comparison with self-configuring 3D pipelines and an explicit super-resolution ablation remain
necessary next steps.

Keywords: Brain tumor segmentation; local-global feature learning; super-resolution; transformer; attention gate;
metaheuristic hyperparameter optimization

I. INTRODUCTION
Primary brain and central nervous system tumors accounted for roughly 308,000 new cases worldwide in 2020 [1].
Glioblastoma, the most aggressive primary brain tumor, has a median survival of about 15 months even with maximal
resection, radiotherapy and temozolomide [2]. Because management is guided by tumor extent and sub-region
composition, the accurate and reproducible delineation of the tumor on MRI is central to surgical planning, radiotherapy
target definition and longitudinal response assessment [3].

Segmentation is difficult. Gliomas vary widely in shape, size and signal across the four routine sequences (T1, contrast-
enhanced T1 (T1Gd), T2 and T2-FLAIR); peritumoral edema blurs the boundary between infiltrated and healthy tissue; and
clinical acquisition protocols limit spatial resolution. Manual delineation is time-consuming, and in the multi-institutional
BRATS benchmark the agreement between expert raters, measured by Dice score, ranged from 74% to 85% [4].
Automated methods are therefore needed for consistent, scalable delineation.
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Deep learning has steadily raised segmentation accuracy. Fully convolutional networks [5] and the U-Net encoder—
decoder with skip connections [6] were extended to volumetric data [7], [8], to residual [9] and recurrent residual [10]
blocks, to dense nested skip pathways [11] and to attention gating [12]. More recently, hybrid convolution—transformer
models [13]-[15] have added global self-attention, and self-configuring pipelines such as nnU-Net [16] have become strong
general-purpose baselines.
Three questions remain comparatively under-explored. First, most segmentation networks are developed and evaluated at
native acquisition resolution, while deep MRI super-resolution (SR) [17], [18] is increasingly available as a preprocessing
step; how segmentation networks behave on SR-reconstructed inputs has received less attention. Second, the many
hyperparameters of hybrid encoder—decoder networks are usually set manually or by grid search, although automated
alternatives exist [19], [20]. Third, recurrent residual encoding, dense skip pathways, transformer attention and attention
gating are usually studied separately, and their combined and incremental contributions have, to our knowledge, rarely
been measured within a single controlled pipeline.
This study addresses these questions with NeuroLG-Seg, an attention-guided network for local—global feature learning
whose hyperparameters are selected by a Hybrid Tuatara—Numbat Algorithm (HTNA). The contributions are as follows:

¢ NeuroLG-Seg, an encoder—decoder architecture that learns local features with recurrent residual convolutional blocks
and dense nested skip pathways, models global context with a multi-head self-attention bottleneck, and uses attention
gates to guide decoding, trained end to end on SR-reconstructed MRI.
* A population-based hybrid search that alternates an exploration operator and an exploitation operator to tune six
hyperparameters, using a low-fidelity fitness (validation Dice after five epochs) to keep the search affordable.
e A controlled evaluation on BraTS 2021 against five baselines drawn from the architecture’s lineage, with a cumulative
ablation, paired non-parametric significance tests and an additional evaluation on TCGA-GBM.
e A transparent account of the search cost and of the limitations that bound the conclusions.
Section |l reviews related work, Section Il describes the data, architecture, optimizer and evaluation protocol, Section IV
reports the results, Section V discusses them, and Section VI concludes.
Il. RELATED WORK
A. Encoder-Decoder Networks for Brain Tumor Segmentation
Before deep learning, brain tumor segmentation relied on intensity thresholds, atlas registration and graph-based methods,
which were interpretable but sensitive to tumor heterogeneity and scanner variation [21]. Classical pipelines of this kind
remain in use; for example, median-filtered fuzzy c-means clustering followed by level-set evolution has been applied to
MRI cerebral tissue segmentation [22]. Fully convolutional networks [5] and U-Net [6] enabled end-to-end learning from
modest annotated datasets, and 3D U-Net [7] and V-Net [8] exploited inter-slice context. Residual learning [9] eased the
optimization of deep networks; R2U-Net [10] placed recurrent residual convolutions in each stage to refine features
iteratively without a proportional increase in parameters; and UNet++ [11] replaced plain skip connections with dense
nested sub-networks that narrow the semantic gap between encoder and decoder features and support deep supervision.
Convolutional neural networks have also been applied to image-level brain tumor detection from MRI, reporting high
classification accuracy [23], [24]; such detectors label whole images rather than delineating tumor sub-regions voxel by
voxel, which is the task addressed in this study.
B. Attention and Transformers
Attention U-Net [12] introduced trainable gates on the skip connections so that the decoder emphasizes relevant regions
and suppresses background. Attention-augmented U-Net variants have since been applied beyond the brain, for example
to liver segmentation in CT volumes [25]. Vision transformers [26] model global relationships through self-attention over
image patches. TransUNet [13] combined a convolutional encoder with a transformer to capture both local detail and
global context, Swin-Unet [14] used hierarchical shifted-window attention, and Swin UNETR [15] applied a Swin
transformer encoder to 3D brain tumor segmentation. nnU-Net [16] showed that a carefully self-configured U-Net
remains highly competitive, which makes it an important reference point for any new architecture.
C. Super-Resolution as Preprocessing
Deep SR progressed from shallow convolutional models [27] to deep residual networks such as EDSR [28] and to
adversarial approaches [29]. In MRI, ensemble learning with complementary priors [17] and self-supervised anti-aliasing
and super-resolution (SMORE) [18] recover detail from low-resolution acquisitions. Whether downstream segmentation
networks can exploit the added spatial detail, and whether SR artifacts harm them, has been examined much less.
D. Hyperparameter Optimization
Bayesian optimization [19] and random search [20] are established alternatives to manual tuning, and population-based
metaheuristics such as particle swarm optimization [30] and the grey wolf optimizer [31] are widely used because they
need no gradient information. Since no optimizer is best on every problem [32], hybrids that combine a broad exploration
operator with a focused exploitation operator are a common design. The HTNA used here draws its exploration and
exploitation operators from the Tuatara [33] and Numbat [34] optimization algorithms.
E. Summary
The literature provides each building block separately, but we found few reports that (i) combine recurrent residual
encoding, dense nested skips, a transformer bottleneck and attention gating in one network, (ii) tune such a network with
an automated population-based search, and (iii) train and evaluate it on SR-reconstructed MRI with a component-wise
ablation. This study contributes evidence on all three points within the controlled setting described below.
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I1l. MATERIALS AND METHODS

A. Datasets

1) BraT$S 2021: The BraTS 2021 segmentation cohort [4], [35], [36] used in this study comprised 1,251 adult glioma cases
with four co-registered structural MRl modalities: native T1-weighted (T1), post-contrast T1-weighted (T1Gd), T2-
weighted (T2), and T2-weighted fluid-attenuated inversion recovery (T2-FLAIR). The dataset provides manually
generated tumor annotations for the relevant tumor sub-regions, from which the whole tumor (WT), tumor core
(TC), and enhancing tumor (ET) regions were derived following the BraTS convention. The cases were partitioned at
the patient level into 876 training cases (70%), 188 validation cases (15%), and 187 test cases (15%). A fixed random
seed was used to ensure reproducibility of the patient-level split.

2) TCGA-GBM: An additional evaluation was performed using 262 glioblastoma cases from the TCGA-GBM collection
[37] of The Cancer Imaging Archive (TCIA) [38]. The cohort contains multi-parametric MRI acquired under
heterogeneous clinical imaging protocols. Tumor segmentation annotations associated with the TCGA-GBM/BraTS
resources [36], [39] were used as reference labels for evaluating the whole tumor (WT), tumor core (TC), and
enhancing tumor (ET) regions. Because TCGA-derived cases have contributed to BraTS datasets, complete patient-
level independence between this evaluation cohort and the BraTS 2021 development cohort could not be established
from the available metadata. Therefore, the TCGA-GBM experiment is treated as an additional cross-dataset
evaluation rather than an independent external validation.

B. Preprocessing and Super-Resolution

The BraTS 2021 segmentation data were provided as brain-extracted, co-registered multi-parametric MRI volumes;

therefore, skull stripping and spatial registration were not repeated for the BraTS cohort. Each subject contained four

aligned MRI modalities: T1, T1Gd, T2 and T2-FLAIR. Intensity normalization was performed independently for each
modality using z-score normalization over the non-background brain voxels, and the normalized volumes were then
passed to the super-resolution stage (Fig. 1). A pretrained enhanced deep super-resolution (EDSR) network [28] was used

as the super-resolution module. It increased the spatial sampling resolution by a factor of two, from 1.0 mm to 0.5 mm

isotropic, so that the segmentation network was trained and tested consistently on super-resolved inputs. Training-time

augmentation, applied to the training set only, comprised random axial rotations of up to 15°, horizontal and vertical flips,

elastic deformation, and additive Gaussian noise with a standard deviation sampled uniformly from [0, 0.1].

r r N\
BraTSs 2021 MRI : s . .
Intensity normalization Super-resolution
1,251 cases
|—> z-score per modality —_— | pretrained EDSR, =2
T1, T1Gd, T2, T2-FLAIR
over brain voxels 1.0 mm — 0.5 mm isotropic
brain-extracted, co-registered
4 J
Patient-level split Augmentation (training set)
train 876 (70%) rotation +15°, flips, NeuroLG-Seg
e —_—
validation 188 (15%) elastic deformation, training and evaluation
test 187 (15%) Gaussian noise

Fig.1 Preprocessing pipeline for BraTS 2021: per-modality z-score normalization of the brain-extracted, co-registered
volumes, EDSR super-resolution (x2, 1.0 mm to 0.5 mm isotropic), patient-level split into training (876), validation (188)
and test (187) cases, and training-set augmentation.

C. NeuroLG-Seg Architecture

NeuroLG-Seg combines a local pathway and a global pathway. In the local pathway, recurrent residual convolutions and
dense nested skip connections capture fine boundary detail at several scales; in the global pathway, a transformer
bottleneck models long-range context across the whole feature map; and attention gates guide how the two are fused in
the decoder. The network (Fig. 2) has four encoder—decoder levels with C, 2C, 4C and 8C feature channels, where the
base width C is one of the tuned hyperparameters (C = 48 in the final model, giving 48, 96, 192 and 384 channels). Each
encoder level applies a recurrent residual convolutional block (RRCB) followed by max pooling. Within an RRCB at level |,
a convolution with batch normalization and ReLU is unrolled over T = 2 recurrent steps [10]:

0. = RelU(W, = {2, + 0._,) + &), £=1,...T. 0, =10 (1)

and a residual shortcut gives the block output:
w =x; + 0Or )
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At the bottleneck, the encoded feature map is flattened into a sequence of feature tokens and processed by a transformer
module with eight-head self-attention, learnable positional embeddings that retain spatial information, and a feed-forward
sub-layer with GELU activation [13], [26]. This module captures long-range dependencies among spatially distributed
tumor features; its output is reshaped into the spatial domain and passed to the nested decoder pathway. Skip connections
follow the dense nested design of UNet++ [11]: intermediate nodes aggregate the features of all shallower nodes at the
same level and the up-sampled features from the level below before passing them to the decoder. At each decoder stage
an attention gate [12] computes a spatial coefficient a; for each location i from the skip feature x; and the up-sampled
decoder (gating) feature g;

c; = a(W, - RelU(Mg5; + Wex; + By) + b,) (3)

5 T o8 - X (4)
where o is the sigmoid function, z; is the gated skip feature passed to the decoder, and W_a, W_g, W_x, b_g and b_a are
learned 1x1 convolution weights and biases. A final 1x1 convolution with softmax produces a four-class map (background,
necrotic core, edema, enhancing tumor), and auxiliary deep-supervision outputs are attached to the intermediate decoder
nodes during training. Relative to a conventional U-Net, the recurrent residual blocks, dense nested decoder pathways
and transformer bottleneck add computational cost, which should be weighed against the accuracy gains reported in

Section IV.

Final 4-class map:

background, necrotic core,

edema, enhancing tumor

t
Super-resolved MRI (0.5 mm) 1x1 conv . softmax 1x1 conv ‘+ softmax Ix}_ c_onv‘+ softmax 1x1 c0|w_+ softmax
DS weight 0.1 DS weight 0.2 DS weight 0.3 DS weight 0.4
T1, T1Gd, T2, T2-FLAIR

Level 0
48 ch

Level 1
96 ch

Level 2
192 ch

Level 3

Local pathway:
384 ch Sk

RRCB encoder +
dense nested skips

[ Transformer bottleneck ]
8 N

-head MHSA + positional emb. + GELU FF.

Global pathway
O Encoder node: RRCB (T = 2) + residual shortcut === Up-sampling from the level below
O Nested decoder node (UNet++ dense fusion) ——— Skip connection (same level)
Attention gate on skip feature before fusion Dense skip from earlier same-level nodes
= Down-sampling (max pooling) ~  ====- Deep-supervision output (training only)

Fig.2 NeuroLG-Seg architecture. The local pathway (recurrent residual encoder and UNet++-style dense nested skips
with attention gates) and the global pathway (transformer bottleneck) are fused in the nested decoder; deep-supervision
outputs are used during training only.

D. Loss Function

Class imbalance was handled with a weighted combination of a soft Dice loss [8] and a focal cross-entropy loss [40]. With
piJ the predicted probability and gi[J the one-hot label of class k at voxel i, N voxels, K classes and a smoothing constant
&

; 1 2L ikl T £
boice = 1 = 2T T e ©
1 . "
L = _;Zf Zi(1 — pix)" G log pik (6)
L= 'jl-Dl'rs- Iu‘:u'n:* + A;‘omi I',‘-'r::-: (7)
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In the experiments, the soft Dice and focal cross-entropy terms were weighted equally, with A5 = 0.5 and Agyey = 0.5.
The focal focusing parameter was set to y = 2.0, and a smoothing constant ¢ = 10" ® was used for numerical stability.
Deep supervision was applied to the intermediate decoder outputs with normalized weights of 0.1, 0.2, 0.3 and 0.4 from
the shallowest to the final decoder output.
E. Hybrid Tuatara—_Numbat Hyperparameter Optimization
HTNA searched the six-dimensional space in Table I. A population of M = 30 candidates was initialized by Latin hypercube
sampling [41] for even coverage. In each iteration t, every candidate X; was moved by one of two operators (Fig. 3). The
exploration (Tuatara) operator moved the candidate with a step size s(t) that decreased as the search progressed:

K+ 1) = 5(t) +s(8) - v (Npeee — L(1) (8)

and the exploitation (Numbat) operator moved it toward the population best with a distance-normalized cooperative
step:

K(t+1) = 4(8) + ¢ - o= (©)
where r is a random vector sampled independently from U(0, 1) for each candidate and search dimension, ¢ = 0.5 is the
communication factor and d(:,-) is the Euclidean distance in the normalized search space. The step size decreased linearly
as s(t) = 1 — t/t,,, Where t is the current iteration and t,.,, = 25 is the maximum number of iterations. For each candidate,
one of the two operators was selected according to the switching probability p(t) = 1 — t/t.,, SO exploration was more
likely in early iterations and exploitation dominated as the search approached termination (Fig. 3). After each move,
candidates were clipped to the search bounds and integer hyperparameters were rounded. The fitness of a candidate was
its validation Dice score after five training epochs, which traded evaluation fidelity for computational cost.

Table I - HTNA Search Space and the Configuration Selected for the Final Model

Hyperparameter Range Sampling Selected
Learning rate 1x107° - 1x1072 Log-uniform 3.2x107*
Dropout rate 0.1-05 Uniform 0.28
Encoder base filters, C 16 - 64 Integer 48
Transformer heads 4-16 Integer 8
Attention-gate intermediate channels 8-64 Integer 32
Batch size 4-16 Integer 8

Population M = 30 (Latin hypercube initialization); fitness = validation Dice after five epochs.

Start

.

( Initialize M = 30 candidates h
\{Ldlin hypercube sampling over search space, Table I) )

) L

|' Evaluate fitness: validation DSC

\_ after 5 training (-pi)(]'ﬁ per candidate )
-
l Update population best X,
. i J
Draw u~ U(0,1)
u<p(t)?
yes noe no,t - t+1
~ g P )
Tuatara phase (exploration) ( Numbat phase (exploitation)
Eq. (8), step size s(1) decreasing | Eq. (9), distance-weighted move toward X, Y.

,,\/\/,\

( Clip to search bounds;

|\\ round integer hyperparameters

Return best configuration;
train full model for 300 epochs

!

End

Fig.3 Workflow of the Hybrid Tuatara—Numbat Algorithm (HTNA) used to select the hyperparameters in Table I.
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F. Training and Evaluation

The configuration selected by HTNA was used to train the full network from scratch for 300 epochs on an NVIDIA A100
(80 GB) GPU with PyTorch 2.1, using the Adam optimizer [42] and a cosine-annealing learning-rate schedule [43] with a
ten-epoch linear warm-up. Segmentation quality was measured with the Dice similarity coefficient (DSC), the intersection
over union (loU), sensitivity and the 95th-percentile Hausdorff distance (HD95) [44]. With P and G the predicted and
ground-truth voxel sets and dP, G their boundaries:

DSE — M, = |PnG|, Smii'ivii'_}? = = . (10)
7l + & P gl TR+ FN
HD95 = max{Fs d(p.0G): p & 8P, Py d(g.0P): g & 8G} (11)

where P00 denotes the 95th percentile of the point-to-surface distances. Metrics were computed per case and averaged
over the test set. Differences between the proposed model and each baseline were tested with the two-sided Wilcoxon
signed-rank test on per-case scores [45], with Bonferroni correction for multiple comparisons at a = 0.05. For a
controlled comparison, all baseline models were re-implemented within the same PyTorch framework and trained using
the identical patient-level train/validation/test partition. The same super-resolution preprocessing, intensity normalization,
data augmentation, loss formulation, and 300-epoch training schedule were applied to all models. Model-specific
architectural settings followed their original formulations, while the remaining training conditions were kept unchanged
wherever applicable. This protocol ensures that performance differences reflect the segmentation architectures rather
than differences in preprocessing or evaluation.

IV. RESULTS
A. Comparison with Baselines on BraTS 2021
Table Il and Figs. 4-5 compare the proposed model with five baselines on the BraTS 2021 test split. The proposed model
achieved DSC values of 0.924 (WT), 0.891 (TC) and 0.873 (ET). Relative to TransUNet, the strongest baseline, this is an
absolute gain of 2.8, 3.6 and 4.6 percentage points (relative gains of 3.1%, 4.2% and 5.6%). The gain therefore grows from
the whole tumor to the enhancing tumor, the smallest and most irregular sub-region. The ET HD95 fell from 4.83 mm to
3.21 mm, a reduction of 1.62 mm (34%), and the ET loU rose from 0.711 to 0.776. All differences were statistically
significant (Wilcoxon signed-rank test, Bonferroni-corrected p < 0.01).

Table Il - Segmentation Performance on the BraTS 2021 Test Split

Model WT DSC TC DSC ET DSC ET loU ET HD95 (mm) ET Sensitivity
U-Net [6] 0.856 0.801 0.762 0.618 7.21 0.831
R2U-Net [10] 0.871 0.819 0.783 0.643 6.54 0.849
Attention U-Net [12] 0.882 0.836 0.801 0.672 5.88 0.861
UNet++ [11] 0.894 0.852 0.822 0.703 5.12 0.874
TransUNet [13] 0.896 0.855 0.827 0.711 4.83 0.879
Proposed 0.924 0.891 0.873 0.776 3.21 0.912

WT, whole tumor; TC, tumor core; ET, enhancing tumor. loU and sensitivity are reported for the enhancing tumor. Best
values are in bold.

W Whole tumor s Tumor core ms  Enhancing tumor

0.95 -
0.924

£ 0.90 -+ 0.891
E 0.873
=
S 0.85 -
2
£
E 0.80
W
g
8 0.75 1

0.70 +— — — —

U-Net R2U-Net Attention U-Net++ TransUNet Proposed
U-Net

Fig 4 Dice similarity coefficient of each model for the whole tumor, tumor core and enhancing tumor on the BraTS 2021
test split; values for the proposed model are labeled (all values in Table I1).
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(b)

U-Net 7.21
R2U-Net
Attn U-Net
U-Net++

TransUNet

0.776

Proposed

r Li T T

T r
0 2 4 6 8 0.55

T T T T T
0.60 065 070  0.75 0.80

ET HD95 (mm) — lower is better ET IoU — higher is better

Fig.5 Enhancing-tumor boundary and overlap metrics on the BraTS 2021 test split: (a) HD95 in mm (lower is better); (b)
loU (higher is better).
B. Ablation Study
Table 11l and Fig. 6 report a cumulative ablation in which components are added one at a time to a U-Net baseline. In WT
DSC, the recurrent residual blocks added 1.9 percentage points, the dense skip pathways 1.6, the transformer bottleneck
1.2, the attention gates 0.8 and HTNA tuning 0.9. For the enhancing tumor the pattern differs: the transformer bottleneck
gave the largest single gain (2.7 points, from 0.804 to 0.831) and the largest single HD95 reduction (0.75 mm). Each
addition was statistically significant (p < 0.01). Taken together, the components raised WT DSC by 6.8 points and ET DSC
by 11.1 points over the baseline, and reduced ET HD95 from 7.21 mm to 3.21 mm. Because the components were added
cumulatively in a fixed order, each increment is conditional on the components already present, and the ablation does not
show what would be lost by removing any single component from the full model.

Table 11l - Cumulative Ablation on the BraTS 2021 Test Split

Configuration WT DSC ET DSC ET HD95 (mm) A WT DSC (points)
Baseline U-Net 0.856 0.762 7.21 —
+ Recurrent residual blocks 0.875 0.783 6.44 +1.9
+ Dense skip pathways 0.891 0.804 5.67 +1.6
+ Transformer bottleneck 0.903 0.831 4,92 +1.2
+ Attention gates 0.911 0.848 431 +0.8
+ HTNA hyperparameters 0.920 0.861 3.74 +0.9
+ Deep supervision (Full model) 0.924 0.873 321 +0.4
0.924
0.925 4
= 0.900 -+
o
o
£ 0.875 _
§ 0.856 0.873
> 0.850 -
5
= 0.825 -
E
< 0.800 -
g
0
0.775 - =@ Whole tumor DSC
0.750 4 0762 =@ Enhancing tumor DSC
] I I I ] 1 ]
Baseline + RRCB + Dense + Transformer + Attention + HTNA Full
U-Net skips bottleneck gates model

Fig.6 Cumulative ablation: whole-tumor and enhancing-tumor DSC as each component is added (values in Table 111).
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C. Hyperparameter Optimization

HTNA selected a learning rate of 3.2x10" * , a dropout rate of 0.28, a base width of C = 48 filters and eight transformer
heads (Table I). With this configuration, the model reached 90% of its peak validation DSC by epoch 85, compared with
epoch 124 for the manually tuned configuration, about 31% fewer epochs (Fig. 7). The training and validation curves
tracked each other closely, with a loss difference below 0.02 throughout training. The search itself took about 340 GPU-
hours.
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Fig 7 (a) Training and validation DSC of the HTNA-selected configuration and validation DSC of the manually tuned
configuration over 300 epochs; dotted lines mark the epochs at which each reaches 90% of its peak validation DSC (85
and 124). (b) Training and validation loss of the HTNA-selected configuration.
D. Additional Evaluation on TCGA-GBM
On the 262 TCGA-GBM cases, the model trained on BraTS achieved DSC values of 0.907 (WT), 0.876 (TC) and 0.851
(ET), that is 98.2%, 98.3% and 97.5% of its BraTS test scores (absolute decreases of 1.7, 1.5 and 2.2 points). The largest
decrease was for the enhancing tumor, which is consistent with that sub-region being the most sensitive to differences in
contrast-enhanced acquisition.
V. DISCUSSION
A. Interpretation of the Gains
The ablation suggests that the local and global components of NeuroLG-Seg address different weaknesses. The recurrent
residual blocks and dense skip pathways together contributed about half of the WT improvement (3.5 of 6.8 points),
consistent with their role in preserving and refining local, multi-scale detail that successive pooling would otherwise
discard [10], [11]. The transformer bottleneck contributed the largest single gain for the enhancing tumor in both DSC
and HD95, consistent with the value of global context for a sub-region whose appearance depends on its relation to the
surrounding necrosis and edema [13]. The attention gates gave a further, smaller gain, in line with their role in suppressing
irrelevant activations [12]. HTNA added 0.9 points of WT DSC and faster convergence; given its cost of about 340 GPU-
hours, its value relative to cheaper search strategies [19], [20] remains to be established.
B. Relation to Prior Work
The five baselines were chosen from the architecture’s own lineage (U-Net, R2U-Net, Attention U-Net, UNet++ and
TransUNet), which makes them well suited to isolating the effect of each component but does not establish state-of-the-
art performance. Strong 3D pipelines such as nnU-Net [16] and Swin UNETR [15] were not included, and because the
test set is an internal split of the BraTS 2021 training data, the scores are not directly comparable with challenge
leaderboard results [35]. The claims of this study are therefore limited to improvement within this controlled comparison.
C. Role of Super-Resolution
All models in this study were trained and evaluated on SR-reconstructed inputs, so the experiments show how the
architecture performs on SR data but do not isolate the effect of SR itself. SR can also introduce plausible but spurious fine
structure at lesion boundaries, particularly where the SR network was trained on data unlike the target domain [18], [29].
A direct comparison of the same model trained on native-resolution and SR inputs is needed before any conclusion about
the benefit of SR can be drawn.
D. Limitations
« The comparison does not include self-configuring or 3D transformer baselines such as nnU-Net and Swin UNETR.
¢ Results come from a single internal split; variability across random seeds or folds is not yet reported.
< The effect of SR preprocessing is not isolated, and SR may introduce artifacts at lesion boundaries.
« The ablation is cumulative and order-dependent, so it does not measure the contribution of each component to the
full model.
e HTNA required about 340 GPU-hours and has not been compared with random search or standard optimizers under
an equal budget.
e BraTS 2021 and TCGA-GBM are dominated by high-grade gliomas scanned at 1.5 T or 3 T in academic centers;
generalization to low-grade gliomas, meningiomas, pediatric tumors and community-hospital scanners is untested.
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* No prospective clinical evaluation has been performed, so the effect on surgical or radiotherapy outcomes is unknown.
E. Future Work
Future work should add nnU-Net and Swin UNETR baselines, report results across seeds or folds, isolate the effect of SR
with a native-resolution control, and compare HTNA with random search and Bayesian optimization at equal cost. Jointly
optimizing the SR and segmentation networks, so that segmentation errors guide reconstruction, is a natural extension, as
are federated training across institutions and prospective evaluation against radiologist consensus.

VI. CONCLUSION
This paper presented NeuroLG-Seg, an attention-guided local-global network that combines recurrent residual encoding,
dense nested skip pathways, a transformer bottleneck and attention-gated decoding, tuned with a hybrid metaheuristic and
trained on super-resolved MRI. On the BraTS 2021 test split it reached DSC values of 0.924, 0.891 and 0.873 for the
whole tumor, tumor core and enhancing tumor, and an enhancing-tumor HD95 of 3.21 mm, improving significantly on five
baselines from its lineage. The cumulative ablation indicates that each component adds accuracy, with the transformer
bottleneck mattering most for the enhancing tumor. Performance was largely retained on TCGA-GBM. Comparison with
nnU-Net-class pipelines, a super-resolution ablation, multi-seed reporting and prospective clinical evaluation are the next
steps toward establishing the method’s practical value.
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