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Abstract. Low-field magnetic resonance imaging (MRI) can broaden
access to pediatric neuroimaging, but automatic segmentation remains
difficult because contrast is weak, signal-to-noise ratio is limited, and
several target structures are small. For LISA 2026 Task 2, we developed
a reproducible nnU-Net v2 pipeline for multi-structure segmentation of
pediatric brain T2 MRI. Following prior LISA work, we retained the
official left/right labels and evaluated residual-encoder models without
mirroring. A controlled three-way ablation showed that naive mirror-
ing reduced mean performance, whereas anatomy-aware mirroring with
explicit left/right label exchange recovered most of the loss and did not
differ clearly in Dice from no mirroring after paired multiplicity-adjusted
testing. No coarse global left /right swaps were detected. Five-fold cross-
validation on 79 training cases otherwise showed only minor differences
among a plain nnU-Net, standard ResEnc-M, and a cubic-patch ResEnc-
M. We therefore evaluated a heterogeneous ensemble that adds stronger
augmentation, supervised external pretraining, and self-supervised ini-
tialization. A hippocampus-only model, inspired by the specialist strat-
egy used in LISA 2025, was combined with the generalist ensemble
through explicit label-level merge rules. The deployable hippo-first merge
produced the numerically highest mean and hippocampal Dice scores
among the deployable specialist variants, whereas the generalist-only en-
semble remained better on the distance and volume metrics. After mul-
tiplicity adjustment the ensemble improvement was statistically signifi-
cant, whereas the specialist merge produced no detectable change. The
observed differences are small and metric-dependent. We consequently
present the method as an incremental, reproducible challenge pipeline
and do not claim that one configuration is uniformly superior.

Keywords: Low-field MRI - Pediatric brain segmentation - nnU-Net -
Residual encoder U-Net - Ensemble segmentation
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1 Introduction

Structural brain MRI is central to studying early neurodevelopment and de-
tecting deviations in anatomical maturation, yet high-field MRI systems remain
expensive, infrastructure-intensive, and unevenly distributed globally. Low-field
and ultra-low-field scanners, including portable 0.064 T systems, can reduce
cost and logistical barriers, which may make them particularly relevant in low-
resource clinical settings [TOJITJI]. The LISA challenge targets this setting by
focusing on quality assurance and segmentation of low-field pediatric brain MR
images [112].

The segmentation task is technically challenging for several reasons. Ultra-
low-field MR images have reduced signal-to-noise ratio and weaker tissue contrast
compared with standard 1.5 T or 3 T acquisitions [IO[TIT]. Pediatric brain
anatomy changes rapidly during early development, making direct transfer of
adult segmentation tools unreliable. The target structures include small bilateral
regions such as the hippocampi and caudate nuclei, where small boundary errors
strongly affect overlap and surface metrics. Finally, LISA-style labels may be
affected by the difficulty of propagating or refining high-field-derived anatomical
references in low-field image space, a limitation also discussed in prior LISA 2025
submissions [3/4].

In this work, we focus on a strong, reproducible challenge-style solution rather
than proposing a new architecture. nnU-Net remains a competitive and carefully
engineered framework for biomedical image segmentation [7], and recent valida-
tion studies have emphasized that strong baselines are essential before claiming
methodological improvements [§]. Prior LISA 2025 work similarly showed that
nnU-Net ResEnc-style baselines, combined with careful handling of data and
annotations, can be competitive for low-field pediatric brain segmentation [3J4].

Morshuis, Hein, and Baumgartner already evaluated a ResEnc baseline with-
out mirroring, a variant with symmetric labels and laterality restoration, and a
separate U-Net trained only on the hippocampus [3]. Our corresponding config-
uration and specialist experiment are directly inspired by that study. In contrast
to their symmetric-label branch, our models retain the official 11 foreground la-
bels throughout training. Our incremental contribution is to combine a related
specialist with a heterogeneous LISA 2026 generalist ensemble and compare ex-
plicit post-hoc merge rules.

We evaluate PlainConvUNet, standard residual-encoder medium nnU-Net
(ResEnc-M), cubic 1283 patch size ResEnc-M, a DA5 augmentation variant,
and two pretraining/fine-tuning directions based on Baby Open Brains (BOB)
and OpenMind pretrained MAEs [BI12]. We additionally evaluate the hippocam-
pus specialist because the hippocampi are consistently the weakest labels. The
experiments compare three matched mirroring policies, individual ensemble com-
ponents, progressively larger ensembles, and alternative specialist merges.
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2 Data and Task

2.1 Challenge task

LISA 2026 Task 2 requires automatic segmentation of low-field pediatric brain
T2 MRI. According to the official challenge description, the target structures
are the bilateral hippocampi, lateral ventricles, caudate nuclei, putamen and
globus pallidus complex, and thalamus, together with the corpus callosum [I].
All experiments use the official segmentation masks, denoted _seg.nii.gz, as
the training target.

2.2 Training data and preprocessing state

The local training set contains 79 complete image—label pairs. For each case, the
input image is a combined isotropic low-field T2 volume, denoted _ciso.nii.gz,
and the official training target is the corresponding segmentation mask, denoted
_seg.nii.gz. A second mask type, _LF_seg.nii.gz, is available for the same
cases as an additional low-field-refined reference. We keep _LF_seg.nii.gz sep-
arate from the main training target to avoid mixing label definitions. This fol-
lows annotation-quality concerns raised in prior LISA work, where the choice
of high-field-derived versus low-field-refined labels can materially affect training
behavior [4].

All 79 cases have matching _ciso.nii.gz and _seg.nii.gz files after com-
bining the main Task 2 folder with the Task 2 Extra folder. All analyzed vol-
umes have 1.0 mm isotropic voxel spacing. The two observed image shapes are
(197,233,189) and (195,233, 159). Images are stored as floating-point data, and
the segmentation masks contain integer labels 0—-11.

3 Methods

3.1 nnU-Net conversion and baseline

We use nnU-Net v2 as the base framework because it automatically configures
preprocessing, normalization, patch size, network topology, training, validation,
and inference for biomedical segmentation tasks [7]. The dataset was converted
into a single-channel MRI dataset and normalized using z-score normalization.
The PlainConvUNet baseline uses the standard nnU-Net v2 3D full-resolution
setup with spacing [1.0,1.0, 1.0] mm, patch size [112, 160, 128], and batch size 2.
The model is trained with nnU-Net’s default supervised multi-class segmentation
objective, combining Dice and cross-entropy losses [9/7].

3.2 Residual-encoder and ensemble variants

Recent nnU-Net v2 presets include residual-encoder U-Net variants, motivated
by stronger feature extraction in 3D medical segmentation [§]. We evaluate
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residual-encoder medium plans (ResEnc-M) against the PlainConvUNet base-
line. The standard ResEnc-M plan keeps the automatically planned patch size
[112,160, 128], while the cubic ablation manually changes it to [128,128,128].
Both use the 3D full-resolution setting and batch size 2.

A design choice shared with the mirroring-free baseline of Morshuis et al.
is to disable mirroring during residual-encoder training [3]. The task contains
five bilateral label pairs: (1,2), (3,4), (5,6), (7,8), and (9,10). A left/right flip
applied without exchanging these class identities places left-labelled anatomy on
the opposite side of the augmented image. Morshuis et al. additionally investi-
gated symmetric labels followed by laterality restoration. We retain the official
labels and directly isolate mirroring in three otherwise matched standard-patch
ResEnc-M variants: no mirroring, standard nnU-Net mirroring without class ex-
change, and anatomy-aware mirroring. The anatomy-aware transform retains
nnU-Net’s default mirroring policy but exchanges all five label pairs whenever
a sampled flip includes the verified left/right axis; corpus-callosum label 11 re-
mains unchanged. All variants use the same five folds, checkpoint_best.pth,
and inference without test-time augmentation. The input NIfTT files use RAS
orientation and the plans use identity transpose_forward; consequently, phys-
ical left /right corresponds to nnU-Net spatial axis 2. A preflight check verified
this axis from all 79 masks and passed all 395 bilateral centroid-order checks.

Beyond the three base configurations, we evaluate complementary compo-
nents for ensembling. DA5 denotes a residual-encoder trainer with stronger spa-
tial/intensity augmentation and no mirroring. BOB denotes supervised external
pretraining/fine-tuning using Baby Open Brains, a dataset of manually curated
infant brain segmentations from 71 imaging visits across 51 participants [5].
SSL denotes self-supervised initialization and fine-tuning using the nnssl frame-
work, which provides 3D medical vision self-supervised learning code and MAE-
pretrained checkpoints from the OpenMind dataset [12].

3.3 Five-fold validation and final inference

All reported validation results are based on five-fold cross validation. Each case
is evaluated only by the fold model for which that case was held out during
training. Metrics are averaged over all 11 foreground labels for each case and
then summarized across cases using mean + sample standard deviation. We
report Dice similarity coefficient (DSC), Hausdorff distance (HD), 95th percentile
Hausdorft distance (HD95), average symmetric surface distance (ASSD), and
absolute relative volume error (RVE). DSC, HD, ASSD, and RVE are official
LISA segmentation metrics [1]; HD95 is additionally reported as a robust surface-
distance metric.

For the controlled mirroring ablation, the two planned paired DSC contrasts
compare no mirroring with standard mirroring and with anatomy-aware mirror-
ing. We use two-sided paired Wilcoxon signed-rank tests and control the family-
wise error rate across these contrasts with Holm correction. Effect estimates are
mean within-case DSC differences, with paired bias-corrected and accelerated
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(BCa) bootstrap 95% confidence intervals based on 100,000 bootstrapping iter-
ations. A separate laterality audit compares direct and left /right-swapped cor-
respondence across the five bilateral label pairs and flags a case when swapped
correspondence exceeds direct correspondence. The same paired framework is
applied to the ensemble and specialist comparisons, with Holm correction across
the four planned DSC contrasts and, separately, across the secondary metrics
within each contrast.

The generalist ensemble contains five components: standard ResEnc-M, cubic
1283 patch size ResEnc-M, DA5 ResEnc-M, BOB-fine-tuned cubic ResEnc-M,
and SSL-initialized ResEnc-M fine-tuning. During OOF evaluation, each com-
ponent predicts a case only with the fold for which that case was held out. The
code verifies that all generalists use the same 12-class map, exports their soft-
max arrays, and combines them with an equal-weight arithmetic mean using
nnUNetv2_ensemble; the final generalist label at voxel v is

1 M
:&(U) = arginax M Z pm,c(v)a (1)

m=1

where M = 5. Because nnU-Net resamples the network logits back to the orig-
inal image geometry before exporting the class posteriors, all components emit
arrays on the same voxel grid, which is what makes it possible to average compo-
nents whose plans differ in patch size and target spacing. No component, class,
or voxel weighting is applied and no temperature or logit calibration is used; ties
in the arg max are resolved toward the smallest label index, which makes the op-
eration deterministic. For challenge inference, each component first averages the
probabilities from its five fold checkpoints; the five component-level probability
arrays are then fused in the same way. Mirroring-based test-time augmentation
is disabled in both workflows. Each validation case is therefore the fusion of five
networks, none of which saw that case during training, whereas the submission
fuses all 5 x 5 = 25 generalist fold models; the reported out-of-fold figures thus
describe a strictly smaller ensemble than the submitted one.

Following the hippocampus-only experiment of Morshuis et al. [3], we train
an additional standard-patch ResEnc-M specialist on the same 79 cases and fold
splits. Labels 3-11 are mapped to background, yielding the classes background,
left hippocampus, and right hippocampus. The specialist uses 1 mm isotropic
spacing, patch size [112,160, 128], batch size 2, the default Dice—cross-entropy
objective, and no mirroring. Its three-class probabilities cannot be directly av-
eraged with the generalists’ 12-class probabilities, so it is incorporated after
argmax without label remapping because its hippocampus IDs 1 and 2 match
the generalist label map.

We evaluate two deployable label-level merges. For hippo-first, the special-
ist labels are written to an empty label map and protected; every voxel that
remains background is then filled from the generalist prediction. The resulting
hippocampus is the union of the specialist and generalist hippocampus extents.
For hippo-overwrite, the generalist hippocampus labels are first removed and
then replaced by the specialist labels, so the final hippocampus extent equals
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the specialist prediction. Writing S(v) for the specialist label and H = {1,2}
for the two hippocampal labels, both rules are voxel-wise, deterministic, and
parameter-free:

S(v) if S(v) € H,
if S(v) =0 and g(v) € H,
9(v) otherwise.

o

yow(U) =

(o) = {S(v) if S(v) € H,

1 4(v) otherwise,

(2)
No morphological operation, connected-component filtering, or other postpro-
cessing is applied at any point in the pipeline, and if a specialist prediction is
missing for a case the generalist prediction is passed through unchanged so that
no case is dropped from the evaluation. A validation-only signed-RVE oracle
additionally chooses between these rules using (Vyrea — Vit)/(Vyt +107°): a neg-
ative value selects hippo-first and a non-negative value selects hippo-overwrite.
Because this per-case decision requires the reference mask, it cannot be used for
hidden validation or test cases. The repository also uses the cohort-level mean
signed RVE only to recommend one fixed deployable strategy; the final candidate
uses this fixed hippo-first rule.

Three properties follow directly from eq. (2). Here, {S € H} denotes the set
of voxels v for which S(v) € H.

The hippo-first rule forms the union of specialist and generalist hippocam-
pal predictions, whereas hippo-overwrite replaces the generalist hippocampus
entirely. The two rules therefore differ only where the specialist predicts back-
ground and the generalist predicts hippocampus; non-hippocampal labels can
only lose voxels through the merge. Since the aggregate metrics average over all
eleven labels, we additionally report hippocampal DSC.

3.4 Reproducibility and implementation details

The pipeline was structured so that the same dataset conversion, preprocess-
ing, trainer class, plans file, and checkpoint choice can be reused for validation
and test inference. The raw nnU-Net dataset contains 79 training images in
imagesTr and 79 labels in labelsTr. We verified the dataset with nnU-Net’s
integrity check before training. The final OOF-ensemble and packaged inference
workflows use checkpoint_best.pth consistently for all included folds. Large
data artifacts, preprocessed arrays, checkpoints, and predictions were kept out-
side version control; only scripts, configuration files, evaluation code, and tabu-
lated results should be versioned. All supervised nnU-Net models were trained
on bwUniCluster 3.0 using one NVIDIA H100 GPU per fold, 8 CPU cores, and
64 GB RAM. A single PlainConvUNet fold required approximately 30 hours in
our setup, while a ResEnc-M fold required approximately 32 hours depending
on the configuration. The final ensemble consists of independently trained fold
models from the selected components.
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Table 1. Controlled mirroring ablation on the same 79 OOF cases and folds using
checkpoint_best.pth and no inference TTA. Values are mean (sample SD). Paired
contrasts are reported in the text.

Training policy DSC 1t HD | HD95 |

No mirroring 0.8026 (0.0652) 3.9307 (2.1826) 1.7994 (0.5530)
Standard mirroring 0.7926 (0.0725) 4.5419 (3.3944) 2.2866 (2.3879)
LR~swap mirroring 0.8008 (0.0640) 3.8731 (2.1948) 1.8372 (0.5515)

Training policy ASSD | RVE |

No mirroring 0.5245 (0.2087) 0.1212 (0.0555)
Standard mirroring 0.6139 (0.4396) 0.1409 (0.0652)
LR-swap mirroring 0.5331 (0.2071) 0.1297 (0.0613)

4 Experiments

We conduct the controlled mirroring ablation on 79 identical OOF cases with
the standard-patch ResEnc-M plan, compare Plain nnU-Net against the stan-
dard and cubic ResEnc-M variants, and extend the comparison to DA5, BOB
and SSL fine-tuning and to progressively larger ensembles. The hippocampus-
specialist ablation compares no specialist, hippo-first, hippo-overwrite, and the
validation-only signed-RVE oracle of Sect. the oracle is included to study
the two merge behaviors, not as a candidate for hidden-data inference. A further
ablation removes the five worst-performing training cases, but is treated only as
a diagnostic because its exclusion rule is derived from validation behavior and
can introduce selection bias.

5 Results

5.1 Controlled mirroring ablation

Table [I] reports the matched three-way ablation. Standard mirroring without
class exchange produced the weakest mean result on every metric. Relative to this
variant, no mirroring increased mean DSC by 0.0099 (paired BCa 95% CI [0.0048,
0.0195]; Holm-adjusted p = 0.0150). Anatomy-aware mirroring recovered most
of this loss. Its mean DSC was 0.0017 below no mirroring, with a confidence
interval spanning zero (no mirroring minus anatomy-aware mirroring: 95% CI
[—0.0012, 0.0047]; Holm-adjusted p = 0.1829). Thus, the experiment supports
avoiding naive mirroring, but does not establish a clear DSC difference between
no mirroring and anatomically correct label-swapping mirroring.

The orientation preflight passed all 395 reference-mask centroid-order checks
(79 cases times five bilateral pairs). In the prediction audit, swapped left/right
correspondence never exceeded direct correspondence for any of the 79 cases in
any variant. These checks found no coarse global left /right swap, although they
cannot exclude local boundary or class-assignment errors.
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Table 2. Overall OOF validation results, reported as mean (sample SD) over cases.
R, C, D, B, and S denote standard ResEnc-M, cubic ResEnc-M, DA5, BOB, and SSL,
respectively. DSC uses four decimals; other metrics use three to retain the LLNCS
body font without scaling.

Model DSC 1 HD | HD95 | ASSD | RVE |

Plain 8000 (.0651) 3.851 (2.193) 1.834 (.540) .533 (.209) .129 (.055)
R 8026 (.0652) 3.931 (2.183) 1.799 (.553) .525 (.209) .121 (.055)
C 8038 (.0659) 3.865 (2.120) 1.798 (.553) .523 (.213) .122 (.055)
B 8022 (.0668) 3.878 (2.139) 1.803 (.557) .526 (.216) .121 (.055)
D 8019 (.0644) 3.827 (2.091) 1.817 (.542) .528 (.208) .124 (.057)
S 8019 (.0651) 3.958 (2.158) 1.809 (.539) .528 (.206) .125 (.058)
B+C+Plain  .8056 (.0657) 3.809 (2.126) 1.772 (.547) .516 (.211) .120 (.054)
R+C 8051 (.0656) 3.804 (2.144) 1.779 (.546) .517 (.211) .121 (.054)
R+C+D 8059 (.0650) 3.796 (2.133) 1.776 (.537) .516 (.209) .122 (.055

R+C+D+B  .8064 (.0655) 3.785 (2.133) 1.769 (.536) .514 (.210) .121 (.054

(.055)
(.054)
All generalists .8066 (.0657) 3.774 (2.128) 1.768 (.535) .513 (.211) .121 (.055)
+ hippo-first .8071 (.0647) 3.861 (2.195) 1.779 (.551) .514 (.210) .124 (.059)

5.2 Overall ensemble comparison

Table [2 summarizes the internal model comparison. All base models are close:
cubic ResEnc-M improves DSC over Plain nnU-Net by only 0.0038, much smaller
than the case-level standard deviation of about 0.065. The generalist ensemble
yields the clearest numerical improvement over the individual models. Adding
the specialist with hippo-first raises mean DSC by only 0.0005; it is therefore
not presented as a uniformly better model.

DA5, BOB, and SSL do not justify separate claims as standalone improve-
ments, but the heterogeneous generalist ensemble is numerically stronger than
the individual components. It has better HD, HD95, ASSD, and RVE than hippo-
first. We retain hippo-first as the deployable specialist candidate only because
it has the highest numerical mean DSC and hippocampal DSC among deploy-
able variants. This is an overlap-oriented preference, not dominance across met-
rics. Paired case-level testing supports the ensemble effect but not the specialist
merge. Relative to the plain baseline, the generalist ensemble increased mean
DSC by 0.0066 (paired BCa 95% CI [0.0034, 0.0098]; Holm-adjusted p < 0.0001)
and improved every reported metric (adjusted p < 0.0014); relative to the cubic
ResEnc-M variant, the strongest single model, it increased mean DSC by 0.0029
(95% CI [0.0016, 0.0042]; adjusted p < 0.0001), with HD, HD95, and ASSD also
better (adjusted p < 0.01) and RVE unchanged (adjusted p = 0.43). Adding the
specialist changed nothing detectable: hippo-first differed from the generalist
ensemble by 0.0005 mean DSC (95% CI [—0.0002, 0.0017]; adjusted p = 0.284)
and 0.0027 hippocampal DSC (95% CI [—0.0013, 0.0091]; adjusted p = 0.278),
while hippo-overwrite was significantly worse on both (adjusted p = 0.0057 and
p = 0.0063). The ensemble gains are therefore small yet systematic, whereas
hippo-first is retained on numerical grounds alone.
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Table 3. Hippocampus-specialist merge ablation, reported as mean (sample SD) over
79 cases. DSChippo averages the left and right hippocampus labels. The signed-RVE
oracle uses the reference mask and is validation-only.

Variant DSC 1t HD | HD95 |

No specialist 0.8066 (0.0657) 3.7744 (2.1280) 1.7683 (0.5347)
Hippo-first 0.8071 (0.0647) 3.8612 (2.1946) 1.7788 (0.5508)
Hippo-overwrite 0.8049 (0.0651)  3.8865 (2.1830)  1.7929 (0.5485)

Signed-RVE oracle 0.8072 (0.0646) 3.8580 (2.1946) 1.7138 (0.5080)

Variant ASSD | RVE | DSChippo T
No specialist 0.5126 (0.2105) 0.1211 (0.0546) 0.6762 (0.1704)
Hippo-first 0.5143 (0.2099)  0.1242 (0.0587)  0.6789 (0.1631

)
Hippo-overwrite 0.5169 (0.2108)  0.1218 (0.0518)  0.6666 (0.1634)
Signed-RVE oracle  0.5615 (0.2170)  0.1235 (0.0566) 0.6794 (0.1630)

5.3 Hippocampus-specialist merge ablation

Table |3 compares the generalist ensemble against the specialist merges. Hippo-
first is numerically higher than no specialist by 0.0005 DSC and 0.0027 hip-
pocampal DSC, but is worse on HD, HD95, ASSD, and RVE. The signed-RVE
oracle is marginally higher on DSC and hippocampal DSC and lower on HD95,
but it substantially worsens ASSD and requires a reference mask for each deci-
sion. It is therefore not a deployable submission method.

5.4 Per-structure final ensemble performance

Table [d] reports per-label metrics for the selected hippo-first final ensemble. Hip-
pocampi remain the weakest labels by DSC and RVE even after specialist merg-
ing, while thalamus, lentiform nuclei, and caudate nuclei are more stable, con-
sistent with their larger size and higher contrast.

5.5 Failure analysis

The lowest mean Dice cases are consistent across configurations. In previous full-
data single-model analyses, LISA 0021, LISA 0001, LISA 0037, LISA 0005,
and LISA 0033 repeatedly appeared among the hardest cases, and LISA 0021
was the hardest case for all evaluated full-data models. This repeated pattern
suggests that errors are concentrated in specific cases and structures rather than
arising only from random training noise. Prior LISA work has shown that an-
notation drift and label curation can strongly influence training and evaluation
[4].
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Table 4. Per-structure metrics of hippo-first, reported as mean (sample SD) over 79
cases.

Structure DSC 1t HD | HDO95 | ASSD | RVE |

Hippocampus L .672 (.178) 4.694 (6.735) 2.259 (1.200) .720 (.556) .219 (.272)
Hippocampus R .686 (.166) 3.603 (1.619) 2.243 (1.299) .690 (.477) .239 (.301)
Ventricle L 802 (.089) 4.306 (2.017) 1.811 (1.025) .414 (.214) .111 (.087)
Ventricle R 787 (.085) 4.666 (2.326) 1.917 (1.078) .441 (.211) .114 (.082)
Caudate L 833 (.078) 3.202 (1.494) 1.527 (.790) .437 (.230) .115 (.091)
Caudate R 830 (.066) 3.167 (1.239) 1.560 (.731) .453 (.214) .097 (.087)
Lentiform L .858 (.054) 4.682 (15.215) 1.800 (.725) .575 (.275) .104 (.083)
Lentiform R .856 (.049) 2.987 (.811) 1.831 (.698) .568 (.240) .119 (.097)
Thalamus L .898 (.043) 3.056 (4.162) 1.576 (.648) .485 (.233) .095 (.086)
Thalamus R .900 (.043) 3.378 (5.931) 1.566 (.654) .476 (.239) .081 (.070)
Corpus callosum .757 (.108) 4.732 (10.297) 1.477 (.666) .398 (.177) .072 (.059)

6 Discussion

The main finding is that model-family differences are small, while complemen-
tary ensembling provides the most useful measured improvement. Plain nnU-Net
already reaches 0.8000 mean DSC, and both residual-encoder variants improve
the aggregate only slightly. This agrees with the broader nnU-Net literature:
carefully validated baselines often close much of the performance gap, and small
changes should not be overinterpreted without rigorous validation [78]. For this
reason, the paper frames the method as a robust challenge pipeline rather than
a novel segmentation architecture.

Laterality remains an important design constraint rather than a novel con-
tribution. Morshuis et al. previously examined both a mirroring-free ResEnc
baseline and symmetric labels with laterality restoration, and their work also
motivated our hippocampus specialist [3]. Our controlled ablation clarifies the
corresponding design choice while retaining the official labels. Under the matched
setup, naive standard mirroring was inferior to no mirroring, whereas exchanging
class identities for a verified left /right flip recovered most of the mean DSC loss.
The paired analysis found no clear DSC difference between anatomy-aware mir-
roring and no mirroring. Moreover, the audit detected no coarse global left /right
swaps in any variant. The lower performance of naive mirroring may therefore
reflect inconsistent augmented supervision or more local errors rather than fre-
quent whole-case label reversal. We use no mirroring as the simpler final policy,
not because it was shown to be superior to anatomically correct mirroring.

BOB and SSL are treated as complementary rather than standalone improve-
ments. BOB supplies curated infant segmentations, but differs from LISA in age,
field strength, and label coverage [5]. OpenMind pretraining likewise introduces
a modality and acquisition-domain gap [12]. Neither fine-tuned model is superior
alone; their role is to diversify the generalist ensemble.
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Limitations. Hippo-first is numerically higher on mean and hippocampal DSC,
but the generalist ensemble remains better on HD, HD95, ASSD, and RVE;
the reference-dependent signed-RVE oracle is not deployable. The 0.0005 DSC
specialist difference is not statistically detectable (Holm-adjusted p = 0.284),
so hippo-first is retained on numerical grounds only. The mirroring ablation
is limited to one ResEnc-M configuration, internal OOF data, and two DSC
contrasts, and its swap audit cannot exclude local errors. No hidden test result
is reported. The filtered 74-case ablation is excluded because its rule was derived
from validation performance, and _LF_seg.nii.gz masks remain unused.

Future work. The mirroring ablation should be replicated across ensemble com-
ponents and hidden data. Further work should inspect weak hippocampal cases
and compare _seg.nii.gz with _LF_seg.nii.gz; any data-exclusion rule must
be justified independently of validation performance.

7 Conclusion

We developed a reproducible residual nnU-Net ensemble for LISA 2026 Task 2.
Naive mirroring reduced mean performance, while anatomy-aware label exchange
recovered most of the loss and did not differ clearly in DSC from no mirroring.
The generalist ensemble was numerically strongest on most metrics; hippo-first
traded slightly higher overlap for worse distance and volume metrics. These
prior-work-inspired choices are pragmatic, reproducible trade-offs rather than
novel or uniformly superior methods.
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