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Abstract. Congenital heart disease (CHD) diagnosis and surgical plan-
ning often require patient-specific 3D anatomical models, but manual
segmentation is labor-intensive, particularly in complex anatomies. Al-
though deep-learning methods can automate this process, they are typ-
ically evaluated in-distribution, despite clinically relevant shifts in scan-
ner, protocol, institution, population, and imaging modality. We present,
to our knowledge, the first systematic evaluation of out-of-distribution
(OOD) generalization in CHD segmentation, using ImageCHD as a held-
out target cohort. We compare representative segmentation architectures
under combined CT and CMR training, CT-only training, self-supervised
pretraining, and limited target-domain adaptation. In-distribution per-
formance proves to be a poor indicator of cross-cohort robustness: nnU-
Net achieves the highest validation Dice (0.77) but falls to 0.51 on Im-
ageCHD, while SwinUNETR generalizes substantially better, reaching
0.67 Dice. MAE and JEPA pretraining provide only modest additional
benefit, suggesting that architecture contributes more to robustness than
the tested pretraining strategies in this setting. When limited target-
domain supervision is introduced, all SwinUNETR variants exceed 0.76
Dice with only 11 labeled ImageCHD cases. These findings demonstrate
that conventional in-distribution evaluation can obscure clinically impor-
tant generalization failures and support explicit cross-dataset testing as
a key component of CHD segmentation evaluation.

Keywords: Congenital heart disease · Medical image segmentation
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1 Introduction

Congenital heart disease (CHD) often requires patient-specific 3D anatomical un-
derstanding for diagnosis, surgical planning, and catheter-based treatment [10].
Cardiac CT and cardiovascular MR provide the necessary volumetric imaging,
but accurate segmentation of chambers and great vessels remains labor-intensive
in complex CHD anatomies [4, 3, 16]. Deep-learning methods for automatic seg-
mentation have advanced from U-Net-style models to graph-based, hybrid CNN-
attention, transformer-based, and self-supervised approaches [17, 19, 18, 11].

Despite strong reported results, existing CHD segmentation methods are
evaluated in-distribution, where training and test data share the same dataset,
modality, institution, and acquisition setting. Clinical deployment involves shifts
in scanner, protocol, institution, population, and modality. Prior clinical AI
systems, including IBM Watson for Oncology and Google Health’s diabetic-
retinopathy screening tool, illustrate that performance in curated settings does
not necessarily transfer across hospitals, workflows, countries, and patient pop-
ulations [12, 2]. Medical image segmentation models are similarly known to de-
grade under distribution shift [14, 13, 15]. CHD segmentation is especially vul-
nerable because CHD anatomy is heterogeneous and long-tailed: rare anatomies,
unusual combinations of defects, scanner-specific characteristics, and institution-
specific acquisition patterns may be poorly represented or absent in any single
training cohort [17, 8]. Yet existing CHD segmentation studies do not explicitly
benchmark out-of-distribution (OOD) generalization.

A related open question concerns modality. Prior CHD work largely treats
CT and CMR as separate settings, although both image the same underlying car-
diac anatomy through different acquisition processes. Whether joint CT/CMR
training improves OOD generalization remains untested. We therefore evaluate
multi-modal CT/CMR training alongside architecture and pretraining strategy.

We conduct, to our knowledge, the first systematic study of OOD generaliza-
tion for CHD segmentation. Using ImageCHD as a held-out target, we evaluate
nnU-Net [7], CardiacSeg [18], the layer-based hybrid encoder–decoder of Zhu et
al. [19], hereafter referred to as Zhu-Net for clarity, and SwinUNETR [5], trained
from scratch or with MAE-style [6] and JEPA-style [1] pretraining. We compare
combined CT+CMR training, CT-only training, and target-domain adaptation
with progressively added ImageCHD labels.

2 Methodology

We evaluate OOD generalization for CHD segmentation by systematically vary-
ing training cohort composition. We compare representative segmentation meth-
ods under three settings: multi-modal CT+CMR training, CT-only training, and
limited target-domain adaptation, while using ImageCHD as the primary held-
out target domain.

Figure 1 summarizes the evaluation pipeline. Models are trained on either
combined CT+CMR data, private CT data alone, or progressively expanded la-
beled ImageCHD subsets. Across these settings we compare four segmentation
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architectures and, for SwinUNETR, evaluate both training from scratch and en-
coder pretraining with Masked Auto-Encoding (MAE) [6] and Joint Embedding
Predictive Architecture (JEPA) [1]. Each model is fine-tuned end-to-end on la-
beled data, and performance is evaluated with Dice, HD95, and ASSD on both
in-distribution validation data and held-out OOD data.

Fig. 1: Overview of the OOD evaluation design. Models are trained under
CT+CMR, CT-only, and limited target-domain adaptation settings, then eval-
uated on held-out ImageCHD CT data using Dice, HD95, and ASSD.

2.1 Datasets for OOD Evaluation

We use three patient-level 3D cardiac imaging cohorts to simulate clinically
relevant shifts in modality, institution, scanner, and CHD case mix (Table 1). The
training data consist of a private contrast-enhanced CT cohort, 3D-Labs, and
the public HVSMR-2.0 CMR cohort [9]. ImageCHD, a public contrast-enhanced
CT cohort, is reserved as the held-out OOD target [17]. Across all cohorts,
segmentation is evaluated on the same six anatomical structures: left ventricle,
right ventricle, left atrium, right atrium, aorta, and pulmonary artery.

The 3D-Labs cohort provides a heterogeneous source domain, with multi-
vendor acquisition and 16 CHD phenotypes spanning conotruncal defects, ventriculo-
arterial discordance, outflow-tract obstruction, venous anomalies, and aortic arch
abnormalities. Multi-defect anatomy is common, most often involving DORV,
VSD, PS, and CCTGA. HVSMR-2.0 adds CMR cases with pre-operative and
post-operative CHD anatomy, allowing us to test whether multi-modal CT+CMR
training improves generalization beyond CT-only supervision.

We use ImageCHD as the primary OOD target because it is the most widely
used public CHD segmentation dataset and differs from 3D-Labs in acquisition
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Table 1: Cohorts used for OOD evaluation. Counts show Train/Val/OOD splits
for the multi-modal CT+CMR setting.
Cohort Mod. Source n Train/Val/OOD Dominant case-mix

3D-Labs (priv.) CT Multi-vendora 79 71 / 8 / – 16 phenotypesb

HVSMR-2.0 CMR Public 60 52 / 8 / – Pre-/post-op CHD
ImageCHD CT Publicc 110 – / – / 110 Septal (VSD, ASD)

aTertiary center; Philips, Siemens Healthineers, GE Healthcare. bMost frequent:
DORV, VSD, PS, CCTGA. cSiemens Biograph 64.

source, scanner setting, and diagnosis distribution. This design tests whether
models trained on a heterogeneous private CT cohort, with or without additional
CMR data, generalize to a distinct public CT cohort.

2.2 Segmentation Methods

We benchmark representative CHD segmentation methods spanning supervised
encoder-decoder models, task-specific cardiac architectures, transformer-based
segmentation, and self-supervised pretraining. The supervised models include
nnU-Net [7], a strong self-configuring medical segmentation baseline, and Zhu-
Net [19], a hybrid encoder-decoder model designed for CHD anatomy. We also
evaluate SwinUNETR [5], a U-shaped 3D segmentation network with a hierar-
chical Swin Transformer encoder and convolutional decoder, both trained from
scratch and initialized with self-supervised pretraining.

For self-supervised models, we evaluate CardiacSeg [18], SwinUNETR with
MAE pretraining, and SwinUNETR with JEPA pretraining. CardiacSeg is a
CHD-specific masked-pretrained model combining a ViT encoder, scaling feature
pyramid, and convolutional decoder. For SwinUNETR, MAE pretraining learns
by reconstructing masked voxel intensities [6], whereas JEPA predicts latent em-
beddings of masked regions using a context encoder, EMA target encoder, and
predictor network [1]. After pretraining, the auxiliary pretraining components
are discarded and the pretrained encoder initializes the downstream segmenta-
tion model for end-to-end fine-tuning.
Evaluation metrics and losses. Segmentation performance is evaluated using
the Dice similarity coefficient (Dice), 95th-percentile Hausdorff distance (HD95),
and average symmetric surface distance (ASSD). Dice measures volumetric over-
lap, while HD95 and ASSD measure boundary accuracy. HD95 and ASSD are
reported in millimetres, with lower values indicating better boundary accuracy.
Metrics are computed over foreground cardiac structures and reported on in-
distribution validation and held-out OOD test cohorts. All supervised segmen-
tation fine-tuning uses a Dice-based objective, with per-method details provided
in Section 3.1. For self-supervised pretraining, MAE minimizes mean-squared
error over masked voxel intensities, while JEPA minimizes mean-squared error
in latent embedding space.
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3 Experiments and Results

3.1 Implementation Details

All experiments use the cohort splits in Table 1. In the adaptation setting, labeled
ImageCHD cases are added in increments of 11 and evaluated on a fixed 22-
case holdout. Self-supervised models are pretrained only on the corresponding
training pool, with no external data. Zhu-Net, CardiacSeg, and the SwinUNETR
variants are implemented in PyTorch Lightning with MONAI and trained on a
single NVIDIA RTX 6000 Ada GPU with 48 GB memory, using 1283 inputs and
batch size 1.
Preprocessing. For Zhu-Net, CardiacSeg, and the SwinUNETR variants, vol-
umes are cropped to a cardiac ROI using trained binary blood-pool localizers
and z-score normalized over non-zero voxels. Zhu-Net and SwinUNETR preserve
the native anisotropic image spacing prior to resizing, whereas CardiacSeg fol-
lows its provided configuration and resamples images to isotropic (1,1,1) mm
spacing. All three methods then use 1283 inputs, with trilinear interpolation for
images and nearest-neighbor interpolation for labels.
nnU-Net configuration. nnU-Net receives the ROI-cropped volumes without
the fixed 1283 resizing applied to the other methods and independently con-
figures its preprocessing, architecture, training, and inference pipeline for each
training cohort. It selected anisotropic target spacings of (0.60, 0.525, 0.509) mm
for the combined 3D-Labs+HVSMR cohort and (0.50, 0.352, 0.352) mm for the
3D-Labs-only cohort. In both settings, nnU-Net used batch size 2 and sampled
1283 training patches from the full-resolution resampled volumes, followed by
sliding-window inference over the complete volumes.
Self-supervised pretraining. SwinUNETR variants pretrain a SwinViT back-
bone (feature_size = 48, one input channel) with MAE or JEPA. MAE uses
75% random masking and reconstructs masked voxel intensities; JEPA uses
40% contiguous block masking and predicts EMA target features. CardiacSeg
uses MAE-style pretraining of its ViT encoder with the same 75% mask ra-
tio as MAE-pretrained SwinUNETR, enabling a controlled comparison between
masked-pretrained architectures. All SwinUNETR pretraining uses AdamW for
200 epochs, while CardiacSeg uses 400; with learning rate 1.5 × 10−4, weight
decay 0.15, 10-epoch warmup, cosine decay to 10−6, and gradient clipping at
0.5.
Supervised training and fine-tuning. nnU-Net uses its default combined
Dice and cross-entropy loss, while Zhu-Net uses Dice loss. CardiacSeg and the
MAE- and JEPA-pretrained SwinUNETR variants initialize their encoders from
self-supervised pretraining and are fine-tuned end-to-end with no frozen layers,
whereas the scratch SwinUNETR is randomly initialized; CardiacSeg uses its
default combined Dice and cross-entropy loss, and SwinUNETR uses soft Dice
loss. All fine-tuning uses AdamW with learning rate 1×10−3, weight decay 10−4,
warmup-cosine scheduling, and gradient clipping at 1.0. Models are trained for
up to 200 epochs with early stopping on validation Dice using patience 20.
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Fig. 2: Segmentation performance for models trained on the combined CT+CMR
cohort, evaluated on the in-distribution HVSMR and 3D-Labs validation splits
and the out-of-distribution ImageCHD cohort. Bars show mean performance
across five independent seeds, and error bars indicate ± one standard deviation.

Repeated training and uncertainty reporting. Each model and training
condition is evaluated across five independent seeds. Results are reported as
mean ± standard deviation across runs, including the CHD-wise and structure-
wise analyses.

3.2 Results

Figure 2 reports performance for models trained on the combined CT+CMR co-
hort, evaluated on both the in-distribution (ID) validation splits and the held-out
ImageCHD set. Two patterns stand out. First, the ID and ImageCHD perfor-
mance rankings differ substantially: nnU-Net attains the highest overall mean ID
Dice of 0.77 but decreases to 0.51 on ImageCHD. Zhu-Net shows the weakest Im-
ageCHD performance, reaching 0.15 Dice and the largest boundary errors among
the evaluated methods (HD95 98.3 mm, ASSD 39.6 mm), while nnU-Net reaches
an HD95 of 69.8 mm and an ASSD of 17.7 mm. Second, the SwinUNETR variants
achieve the sbtrongest ImageCHD performance among the evaluated methods.
SwinUNETR trained from scratch reaches 0.67 Dice with an HD95 of 42.7 mm
and an ASSD of 9.2 mm, while MAE- and JEPA-pretrained SwinUNETR reach
0.68 and 0.67 Dice, respectively. Under combined CT+CMR training, MAE and
JEPA pretraining therefore yield only marginal improvements over training Swi-
nUNETR from scratch.

Figure 3 examines whether the aggregate ImageCHD results are consistent
across CHD diagnoses. Performance varies across diagnostic groups, but the
relative advantage of the SwinUNETR variants is maintained across most repre-
sented conditions. The lowest performance is observed for some of the least rep-
resented and anatomically complex groups, although these comparisons should
be interpreted cautiously because several diagnoses contain only a small number
of cases.
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Fig. 3: CHD-wise Dice performance on the ImageCHD cohort for models trained
on the combined CT+CMR cohort. Bars show mean performance across five
independent seeds, and error bars indicate ± one standard deviation.
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Fig. 4: Qualitative comparison of segmentation predictions across the evaluated
methods on representative in-distribution HVSMR and 3D-Labs cases and an
out-of-distribution ImageCHD case.

Qualitative analysis. Figure 4 shows more coherent ImageCHD masks for
the SwinUNETR variants, whereas Zhu-Net, CardiacSeg, and nnU-Net exhibit
structure-level errors despite accurate predictions on the displayed in-distribution
cases.

Single-Modality Training: Private CT Cohort Only To measure the con-
tribution of multi-modal training, we train the same architectures using only
the private 3D-Labs CT cohort and evaluate OOD performance on ImageCHD.
This setting removes HVSMR-2.0 CMR from training while preserving the same
private CT training and validation split.

Figure 5 shows that removing HVSMR-2.0 reduces ImageCHD performance
across the evaluated methods, but the magnitude of the effect differs consider-
ably. SwinUNETR trained from scratch decreases from 0.67 to 0.64 Dice, while
MAE- and JEPA-pretrained SwinUNETR decrease from 0.68 to 0.63 and from
0.67 to 0.62, respectively. CardiacSeg decreases from 0.58 to 0.49 and Zhu-Net
from 0.15 to 0.14. The largest degradation occurs for nnU-Net, which decreases
from 0.51 to 0.36 Dice when the CMR cohort is removed.
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Fig. 5: Effect of removing the HVSMR-2.0 CMR cohort. Bars show mean perfor-
mance across five independent seeds, with error bars indicating ± one standard
deviation. Solid bars denote combined CT+CMR training and hatched bars de-
note 3D-Labs-only training. Results are reported on the in-distribution 3D-Labs
split and the out-of-distribution ImageCHD cohort.

Thus, among the evaluated methods, SwinUNETR retains the strongest Im-
ageCHD performance when training is restricted to the private CT cohort. More
broadly, the large variation in performance degradation after removing HVSMR-
2.0 shows that the contribution of joint CT/CMR training is strongly method-
dependent. However, these comparisons do not isolate architecture from other
differences between the evaluated models and training pipelines.
Structure-wise performance. Table 2 reports ImageCHD Dice separately
for the six anatomical structures under combined CT+CMR and 3D-Labs-only
training. The results reveal substantial variation across anatomical structures
and complement the aggregate evaluation in Figs. 2 and 5.

3.3 Target-Domain Sample Efficiency

To quantify target-domain sample efficiency, we progressively add labeled Im-
ageCHD cases to training in increments of 11 and evaluate on a fixed 22-case
ImageCHD holdout.

Figure 6 shows that the SwinUNETR variants provide the strongest low-label
performance among the evaluated methods on the fixed ImageCHD holdout.
The MAE- and JEPA-pretrained variants achieve the highest zero-shot Dice,
and all SwinUNETR variants exceed 0.76 Dice after adding only 11 labeled
ImageCHD cases. Zhu-Net and nnU-Net show large gains after the first set
of target-domain labels but do not consistently match the SwinUNETR vari-
ants across the evaluated sample range. CardiacSeg improves more gradually
and approaches the SwinUNETR variants at higher label counts but does not
surpass the best-performing variant. Within this ImageCHD adaptation experi-
ment, SwinUNETR therefore provides the strongest low-label performance, while
the benefit of self-supervised pretraining is concentrated primarily in the zero-
shot regime.
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Table 2: Per-structure Dice on the ImageCHD OOD cohort (mean ± SD across
five seeds). Overall denotes the mean across the six anatomical structures.
Method LV RV LA RA Ao PA Overall

Combined CT+CMR training
Zhu-Net .08 ± .05 .02 ± .01 .06 ± .02 .14 ± .05 .37 ± .02 .21 ± .04 .15
nnU-Net .57 ± .02 .38 ± .04 .54 ± .04 .53 ± .02 .61 ± .15 .42 ± .03 .51
CardiacSeg .58 ± .02 .55 ± .02 .65 ± .01 .63 ± .01 .62 ± .00 .44 ± .02 .58
SwinUNETR .70 ± .03 .63 ± .02 .74 ± .02 .70 ± .04 .68 ± .01 .54 ± .03 .67
MAE-Swin .70 ± .02 .64 ± .02 .75 ± .02 .72 ± .03 .69 ± .03 .56 ± .01 .68
JEPA-Swin .67 ± .02 .64 ± .03 .75 ± .01 .72 ± .03 .68 ± .03 .55 ± .01 .67
3D-Labs-only training
Zhu-Net .07 ± .04 .03 ± .03 .08 ± .03 .10 ± .01 .34 ± .04 .24 ± .05 .14
nnU-Net .32 ± .05 .29 ± .07 .43 ± .02 .39 ± .04 .38 ± .14 .32 ± .06 .36
CardiacSeg .43 ± .03 .48 ± .04 .59 ± .02 .54 ± .02 .55 ± .01 .38 ± .02 .49
SwinUNETR .66 ± .02 .58 ± .02 .70 ± .05 .70 ± .04 .65 ± .02 .53 ± .01 .64
MAE-Swin .67 ± .03 .57 ± .04 .72 ± .02 .67 ± .07 .65 ± .02 .52 ± .04 .63
JEPA-Swin .63 ± .02 .53 ± .05 .70 ± .05 .69 ± .02 .64 ± .02 .50 ± .05 .62

Taken together, the combined-cohort, CT-only, and target-domain adap-
tation experiments identify the SwinUNETR variants as the strongest evalu-
ated methods across the studied ImageCHD settings. SwinUNETR trained from
scratch remains competitive with its MAE- and JEPA-pretrained variants, show-
ing that the tested self-supervised initializations provide only limited additional
gains. These results do not establish architecture as the causal source of the
observed performance differences or demonstrate that the same model ranking
will hold across other OOD cohorts.
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Fig. 6: Target-domain sample-efficiency analysis on ImageCHD. Labeled Im-
ageCHD cases are added in increments of 11 while performance is evaluated
on a fixed 22-case OOD holdout (N=0 is zero-shot).
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3.4 Interpreting the SwinUNETR Effect

SwinUNETR’s stronger ImageCHD performance may stem from its hierarchical
shifted-window Transformer encoder, which integrates local and cross-window
spatial context, together with a convolutional decoder that preserves anatomical
detail. MAE and JEPA provide only modest gains, likely because pretraining is
limited to the same relatively small source cohort without external unlabelled
data; their advantage is most evident in the zero-shot regime and diminishes
once target-domain labels are introduced.

3.5 Limitations

ImageCHD is dominated by septal defects such as VSD and ASD, whereas the
private source cohort contains a greater proportion of complex CHDs, including
DORV; the findings therefore reflect this specific source-target shift. For methods
using the common pipeline, resizing volumes to 1283 may reduce fine anatomical
detail, while broader hyperparameter tuning could further improve performance.
The observed advantage of SwinUNETR should therefore be interpreted within
the evaluated datasets and experimental settings.

4 Conclusion

We present a systematic OOD evaluation of CHD segmentation across repre-
sentative models, multi-modal training settings, and self-supervised pretraining
strategies, using ImageCHD as a held-out target cohort. Across the evaluated
methods, in-distribution validation ranking does not align with performance
on ImageCHD: nnU-Net achieves the highest combined validation Dice but de-
creases substantially on the held-out cohort. The SwinUNETR variants achieve
the strongest ImageCHD performance and target-domain sample efficiency, in-
cluding when SwinUNETR is trained from scratch. MAE and JEPA pretraining
provide only modest additional gains under combined CT+CMR training and
no improvement over scratch SwinUNETR in the CT-only experiment. Joint
CT/CMR training improves ImageCHD transfer for most of the evaluated meth-
ods, although the magnitude of this effect differs considerably between models.
These findings demonstrate the importance of complementing in-distribution
validation with explicit cross-dataset evaluation and identify SwinUNETR as
the strongest evaluated model for the studied transfer to ImageCHD. Evalua-
tion on additional target cohorts and more controlled comparisons are required
before attributing these findings conclusively to architecture or extending them
to CHD segmentation under distribution shift more broadly.

Acknowledgments. This work was supported by the Patrick J McGovern Foun-
dation.

Disclosure of Interests. The authors have no competing interests to declare that
are relevant to the content of this article.



Evaluating OOD Generalization in CHD Segmentation 11

References

1. Assran, M., Duval, Q., Misra, I., Bojanowski, P., Vincent, P., Rabbat, M., Le-
Cun, Y., Ballas, N.: Self-supervised learning from images with a joint-embedding
predictive architecture. arXiv preprint arXiv:2301.08243 (2023)

2. Beede, E., Baylor, E., Hersch, F., Iurchenko, A., Wilcox, L., Ruamviboonsuk, P.,
Vardoulakis, L.M.: A human-centered evaluation of a deep learning system de-
ployed in clinics for the detection of diabetic retinopathy. In: Proceedings of the
2020 CHI Conference on Human Factors in Computing Systems. pp. 1–12. Associ-
ation for Computing Machinery (2020). https://doi.org/10.1145/3313831.3376718

3. Byrne, N., Velasco Forte, M., Tandon, A., Valverde, I., Hussain, T.: A
systematic review of image segmentation methodology, used in the addi-
tive manufacture of patient-specific 3D printed models of the cardiovas-
cular system. JRSM Cardiovascular Disease 5, 2048004016645467 (2016).
https://doi.org/10.1177/2048004016645467

4. Goo, H.W., Park, S.J., Yoo, S.J.: Advanced medical use of three-dimensional imag-
ing in congenital heart disease: Augmented reality, mixed reality, virtual reality, and
three-dimensional printing. Korean Journal of Radiology 21(2), 133–145 (2020).
https://doi.org/10.3348/kjr.2019.0625

5. Hatamizadeh, A., Nath, V., Tang, Y., Yang, D., Roth, H., Xu, D.: Swin UN-
ETR: Swin transformers for semantic segmentation of brain tumors in MRI images
(2022), https://arxiv.org/abs/2201.01266

6. He, K., Chen, X., Xie, S., Li, Y., Dollár, P., Girshick, R.: Masked autoencoders are
scalable vision learners. In: Proceedings of the IEEE/CVF Conference on Com-
puter Vision and Pattern Recognition. pp. 15979–15988 (2022)

7. Isensee, F., Jaeger, P.F., Kohl, S.A.A., Petersen, J., Maier-Hein, K.H.: nnU-Net:
a self-configuring method for deep learning-based biomedical image segmentation.
Nature Methods 18(2), 203–211 (Feb 2021). https://doi.org/10.1038/s41592-020-
01008-z, https://doi.org/10.1038/s41592-020-01008-z

8. Kong, F., Stocker, S., Choi, P.S., Ma, M., Ennis, D.B., Marsden, A.L.: SDF4CHD:
Generative modeling of cardiac anatomies with congenital heart defects. Medical
Image Analysis 97, 103293 (2024). https://doi.org/10.1016/j.media.2024.103293

9. Pace, D.F., Contreras, H.T.M., Romanowicz, J., Ghelani, S., Rahaman, I., Zhang,
Y., Gao, P., Jubair, M.I., Yeh, T., Golland, P., Geva, T., Ghelani, S., Powell,
A.J., Moghari, M.H.: HVSMR-2.0: A 3D cardiovascular MR dataset for whole-
heart segmentation in congenital heart disease. Scientific Data 11(1), 721 (2024).
https://doi.org/10.1038/s41597-024-03469-9

10. Pace, D.F., Dalca, A.V., Brosch, T., Geva, T., Powell, A.J., Weese, J.,
Moghari, M.H., Golland, P.: Learned iterative segmentation of highly vari-
able anatomy from limited data: Applications to whole heart segmenta-
tion for congenital heart disease. Medical Image Analysis 80, 102469 (2022).
https://doi.org/10.1016/j.media.2022.102469

11. Qayyum, A., Mazher, M., Niederer, S.A.: CardioSeqM: A scalable and context-
aware model for unified heart segmentation from volumetric cardiac data.
In: Comprehensive Analysis and Computing of Real-World Medical Images.
Lecture Notes in Computer Science, vol. 16257, pp. 68–78. Springer (2026).
https://doi.org/10.1007/978-3-032-16271-7_7

12. Ross, C., Swetlitz, I.: IBM pitched Watson as a revolution in cancer care. it’s
nowhere close. STAT (Sep 2017), https://www.statnews.com/2017/09/05/watson-
ibm-cancer/



12 A. Vijesh et al.

13. Sanner, A., González, C., Mukhopadhyay, A.: How reliable are out-of-distribution
generalization methods for medical image segmentation? In: Pattern Recognition.
Lecture Notes in Computer Science, vol. 13024, pp. 604–617. Springer (2021).
https://doi.org/10.1007/978-3-030-92659-5_39

14. Torpmann-Hagen, B., Thambawita, V., Glette, K., Halvorsen, P., Riegler, M.A.:
Segmentation consistency training: Out-of-distribution generalization for medical
image segmentation. In: 2022 IEEE International Symposium on Multimedia. pp.
42–49. IEEE (2022)

15. Vasiliuk, A., Frolova, D., Belyaev, M., Shirokikh, B.: Limitations of out-of-
distribution detection in 3D medical image segmentation. Journal of Imaging 9(9),
191 (2023). https://doi.org/10.3390/jimaging9090191

16. Xu, X., Wang, T., Zeng, D., Shi, Y., Jia, Q., Yuan, H., Huang, M., Zhuang, J.:
Accurate congenital heart disease model generation for 3D printing. In: 2019 IEEE
International Workshop on Signal Processing Systems (SiPS). pp. 127–130. IEEE
(2019). https://doi.org/10.1109/SiPS47522.2019.9020624

17. Xu, X., Wang, T., Zhuang, J., Yuan, H., Huang, M., Cen, J., Jia, Q., Dong, Y.,
Shi, Y.: ImageCHD: A 3D computed tomography image dataset for classification
of congenital heart disease. In: Medical Image Computing and Computer Assisted
Intervention – MICCAI 2020. Lecture Notes in Computer Science, vol. 12264, pp.
77–87. Springer (2020). https://doi.org/10.1007/978-3-030-59719-1_8

18. Ye, Z., Zheng, H., Zhang, T.: CardiacSeg: Customized pre-training volumetric
transformer with scaling pyramid for 3D cardiac segmentation. In: Statistical At-
lases and Computational Models of the Heart. Regular and CMRxRecon Chal-
lenge Papers. pp. 3–14. Lecture Notes in Computer Science, Springer (2024).
https://doi.org/10.1007/978-3-031-52448-6_1

19. Zhu, Y., Li, H., Cao, B., Huang, K., Liu, J.: A novel hybrid layer-based encoder–
decoder framework for 3D segmentation in congenital heart disease. Scientific Re-
ports 15, 11891 (2025). https://doi.org/10.1038/s41598-025-96251-9


