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Introduction Methodology
 While self-supervised learning (SSL) has shown impressive results in medical imaging, existing  SSL methods: SImCLR, DINO, BYOL, ReSSL, MoCo v3, NNCLR, VICREG, and Barlow Twins.
studies are often limited in scope:  Eleven medical datasets utilized in this study are derived from MedMNIST.
o focusing on specific datasets or modalities. * Five different pre-training schemes:
o evaluating only isolated aspects of model performance. ¢ SuperViSEd training with (1) random initia|izati0n, (2) SuperVised IMAGENETIK init

* self-supervised pre-training with (3) random initialization, (4) supervised
IMAGENET1K, and (5) self-supervised IMAGENET1K initializations.
 Generalizability is assessed by conducting cross-dataset experiments using the dataset collection.
e (OOD detection is done using Mahalanobis distance.
 For multi-domain learning, we use two combinations, namely,

 Poses asignificant challenge, as models deployed in critical medical settings must also show
robust performance and generalizability across diverse datasets and varying conditions.

 Conduct a rigorous investigation of SSL for medical imaging, evaluating 8 major SSL methods
across 11 real-world medical datasets, spanning three core dimensions:

o in-domain performance under varying label proportions (1%, 10%, and 100%).  Organ{A,C,S}: OrganAMNIST, OrganCMNIST and OrganSMNIST datasets.
o cross-dataset generalization.  Organ{A,S}PnePath: OrganAMNIST (CT), OrganSMNIST (CT), PathMNIST (Colon
o robustness to out-of-distribution (OOD) samples. Pathology), and PneumoniaMNIST (Chest X-Ray).

* Beyond empirical evaluation, we further examine how initialization strategies, model
architectures, and multi-domain pre-training contribute to SSLU’s success in medical imaging.

In-Domain Performance

* Evaluate in-domain performance by pre-training ResNet-50 or ViT-small with each SSL method. e SSL outperforms supervised learning on 7 of 11 datasets when both use random initialization.
* MoCo v3 achieves the highest accuracy on 5 of 11 datasets, followed closely by BYOL, SimCLR.

Architecture Performance Comparison by Method

Accuracy Differences Average ResNet-50 Performance Across Datasets Effect of Multimodal Training Across Datasets
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Out-of-Distribution Detection

e Evaluate OOD performance by designating one of the datasets as in-distribution (ID) and the others as out-of-distribution (OOD), yielding 110 tests (11 x 10) per method.
 Each SSL encoder is pre-trained on ID dataset and assessed to identify OOD samples from other datasets.
* NNCLR shows the highest OOD detection performance with ResNet-50 while MoCo v3 shows highest performance with ViT-small.

Distribution of OOD Detection AUROC Scores AUROC Score Difference : Multi-Domain vs Single-Domain
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Generalizability
* Assess transferability of SSL representations via cross-dataset evaluations.  ACCiDrepresents accuracy when training and testing are performed on the same dataset, and
e Specifically, we first pre-train the encoder on one dataset (source) and then train a linear classifier ACCtransfer denotes accuracy when model is pre-trained on a different dataset.
on each of the remaining datasets individually (target), using a frozen encoder.  To evaluate impact of IMAGENET1K init, we conducted paired t-tests for each test dataset
* Generalizability is measured by relative accuracy drop: across all cross-dataset training combinations including the in-domain setting.
AACC — ACCngC%CCtransfer % 100 * SimCLR, MoCo v3 excel in generalization while models pre-trained on Path or Organ{C,S}MNIST
- S 1D show lowest accuracy drops, suggesting they offer most transferable representations.
* For each source dataset, we report average accuracy drop, revealing how well learned
representations generalize and which datasets yield the most transferable features.
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Accuracy Difference (ResNet - ViT)

Test Dataset

Conclusion

 While ResNet-50 excels in in-domain tasks, ViT-Small shows superior performance in OOD
detection. When trained with IMAGENET1K init, ViT-Small outperforms ResNet-50 in most cross-
domain tasks.

 Models trained on heterogeneous datasets (Organ{A,S}PnePath) show better OOD detection;
Organ{A,C,S} improves in-domain and generalization, but this trend breaks for Organ{A,S}PnePath.

 MoCov3 performs best on 5/11 in-domain datasets and shows minimal drops on 4/11 cross-
domain datasets. It also performs competitively in OOD detection.

 Medical SSL pretraining (initialized from ImageNet1K) outperforms random initialization for
in-domain and cross-domain tasks but not consistently for OOD detection.
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