BUNDELE, SARITAS, KARGI, CAL, TEZOREN, GHADERI, LENSCH: MEDICAL IMAGING 1

Evaluating Self-Supervised Learning in
Medical Imaging: A Systematic Investigation
of Robustness, Generalizability, and
Multi-Domain Impact

Valay Bundele* Institute for Computer Graphics
valaybundele@gmail.com University of Tuebingen
Karahan Saritag* Tuebingen, Germany
karahansaritas@gmail.com

Bora Kargi*

kargibora@gmail.com

Oguz Ata Cal*

ouzal@rocketmail.com

Kivang Tezéren*

kivanctezoren@gmail.com

Zohreh Ghaderi

zohreh.ghaderi@uni-tuebingen.de

Hendrik Lensch

hendrik.lensch@uni-tuebingen.de

Abstract

Self-supervised learning (SSL) has emerged as a promising paradigm in medical
imaging, addressing the chronic challenge of limited labeled data in healthcare settings.
While SSL has shown impressive results, existing studies in the medical domain are often
limited in scope, focusing on specific datasets or modalities, or evaluating only isolated
aspects of model performance. This fragmented evaluation approach poses a significant
challenge, as models deployed in critical medical settings must not only achieve high
accuracy but also demonstrate robust performance and generalizability across diverse
datasets and varying conditions. To bridge this gap, we conduct a rigorous investigation
into the design space of SSL for medical imaging, evaluating 8 major SSL methods across
11 real-world medical datasets. Our analysis spans three core dimensions: (1) in-domain
performance under varying label proportions (1%, 10%, and 100%), (2) cross-dataset
generalization, and (3) robustness to out-of-distribution (OOD) samples. Beyond em-
pirical evaluation, we further examine how initialization strategies, model architectures,
and multi-domain pre-training contribute to SSL’s success in medical imaging.
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1 Introduction

Medical image annotation is costly and labor-intensive due to the need for expert knowledge
[44, 50, 69, 85]. This annotation bottleneck limits the scalability of supervised learning in
healthcare, motivating the rise of self-supervised learning (SSL) as a powerful alternative.
SSL leverages large-scale unlabeled data to learn generalizable representations, enabling
downstream tasks with minimal labeled supervision [2, 7, 24, 27, 43, 45, 77].

While SSL has shown promise in improving classification with limited labels [15, 16, 17,
32, 86], its robustness and generalizability remain underexplored, particularly in the medi-
cal domain. Clinical deployment demands models that not only generalize across diverse
datasets and modalities but also recognize out-of-distribution (OOD) samples where predic-
tions should be withheld. Existing OOD studies in SSL mostly focus on natural images
[34, 40, 48, 53, 62], with limited work in the medical domain. Prior studies typically target
a single modality with supervised techniques [10], evaluate few SSL methods in one domain
[12], or focus on task-specific rather than general-purpose SSL [13].

To address these gaps, we conduct a systematic investigation into the SSL design space
in medical imaging, evaluating robustness and generalizability across diverse settings. We
assess various SSL methods for OOD detection, comparing the effectiveness of convolu-
tional networks with transformer-based architectures. Moreover, we perform cross-dataset
transfer evaluations to rigorously assess the generalizability of learned representations.

Transfer learning—initializing models with IMAGENET 1K pre-trained weights—is widely
used in medical imaging [23, 61, 63, 74]. These weights are either directly fine-tuned or used
to initialize SSL pre-training [24, 60]. We adopt the latter, enabling the model to adapt better
to the fine-grained medical data. Moreover, we analyze how IMAGENETI1K initialization
affects generalization and OOD performance, an underexplored aspect in prior work.

Recent work suggests that training on multiple domains improves model robustness, par-
ticularly in data-limited and OOD-prone medical scenarios [66, 81, 82]. Multi-domain train-
ing can leverage complementary information across datasets [18, 76], but the role of multi-
domain SSL remains underexplored. To address this, we investigate how multi-domain pre-
training influences generalization and robustness across methods and architectures.

To summarize, we explore the following key questions:

Q1. How does the SSL method, initialization strategy, and architecture affect in-domain
performance, generalizability, and robustness to OOD?

Q2. Which SSL methods and initializations perform best under limited labeled data?

Q3. Does multi-domain training enhance the in-domain performance, robustness and
generalizability of SSL techniques?

By addressing these questions, we aim to provide a clearer understanding of SSL’s po-
tential in building reliable, generalizable models for real-world medical applications.

2 Related Work

SSL in Medical Imaging While SSL has been extensively benchmarked on natural images
[21, 30, 59], evaluations in medical domain remain limited. Doerrich et al. [24] focused on
IMAGENETI1K pre-trained encoders without domain-specific fine-tuning. Kang et al. [45]
showed SSL’s advantage over supervised baselines in pathology, while Afzal et al. [3] eval-
uated several SSL methods for multi-view chest X-ray classification, but focused on a single
modality. Huang et al. [43] compared SSL and semi-supervised methods on four medical
datasets, without assessing robustness or generalizability. In contrast, we provide a compre-
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hensive evaluation across several medical datasets, focusing on multi-domain performance,
robustness, generalizability, and adaptability to limited labeled data.

Out-of-Distribution Detection SSL has shown promise for OOD detection in natural im-
ages [40, 53, 62]. In medical domain, prior work mainly relies on supervised training [64],
investigates only task-specific SSL methods [14] or evaluates only a few SSL methods on a
single modality [70]. To our knowledge, no prior work has systematically examined several
SSL methods for OOD detection in medical domain, across diverse architectures, initializa-
tions and pretraining strategies, a gap we address.

Generalizability Generalization across domains is critical in medical imaging. Previous
studies [28, 52, 79] offer partial views, often constrained to specific modalities or a few
SSL methods. Azizi et al. [8] assess generalizability to OOD shifts from devices or clin-
ical demographics. DiRA [36] introduces a collaborative learning strategy and evaluates
generalization but focuses solely on the proposed method. In contrast, we present a sys-
tematic cross-dataset evaluation, analyzing the effects of initializations, architectures, and
multi-domain training to provide a comprehensive assessment of generalization.

Transfer Learning Transfer from IMAGENET1K remains common in medical imaging [8,
60, 73, 74]. Although the in-domain benefits of continual pre-training where IMAGENET1K
weights are used to initialize SSL pretraining are known [41, 61], its OOD detection and
generalizability impact is underexplored. In this work, we investigate whether continued pre-
training improves both generalizability and OOD detection performance. Moreover, we are
the first to explore self-supervised IMAGENET1K initialization for SSL in medical imaging.

3 Methodology

Representation Learning Methods We consider the following eight discriminative SSL
methods: SimCLR [16], DINO [15], BYOL [31], ReSSL [86], MoCo v3 [17], NNCLR
[26], VICREG [9], and Barlow Twins [83] which are explained briefly in Appendix B. A
comprehensive survey by Huang et al. [42] highlights SimCLR, MoCo, and BYOL as the
most frequently adopted SSL frameworks in medical imaging research. We include the other
methods to make our study more comprehensive.

Tasks and Datasets The datasets utilized in this study are derived from MedMNIST [80],
which was introduced to standardize research on medical imaging tasks. Its design enables
reproducible, controlled and rapid evaluations. It has been widely adopted in medical SSL
[43, 65]. To maintain our focus on multiclass classification and ordinal regression, we ex-
clude ChestMNIST from our analysis, as it only offers multi-label classification. Our exper-
iments span 11 MedMNIST+ datasets, additional information is provided in Appendix A.

Architectures For our study, we use ResNet-50 [37] with approximately 25 million pa-
rameters and ViT-Small [25] with approximately 22 million parameters to ensure a fair com-
parison. We exclude other models like ViT-Tiny and ViT-Base due to their significantly
different parameter counts of 5.7 million and 86 million, respectively.

Pre-training We employed solo-learn library [21] with some modifications for pre-
training, OOD detection and linear evaluation. Our implementation details are provided in
Appendix C.1, and code will be released after acceptance. In total, we focus on five different
pre-training schemes: supervised training with (1) random initialization and (2) supervised
IMAGENETI1K initialization; self-supervised pre-training with (3) random initialization, (4)
supervised IMAGENET1K, and (5) self-supervised IMAGENET K initializations.
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Linear Evaluation We assess the quality of SSL encoders via linear probing, training
logistic regression classifiers on frozen features [31, 38, 49]. To reflect realistic medical
settings, we evaluate low-shot performance using 1% and 10% labeled data, following Caron
et al. [15]. We report accuracy and AUC scores. Full details are in Appendix C.3 and C.4.

Generalizability To assess generalizability, we conduct cross-dataset experiments using
our dataset collection, D = {Dy,...,D;;}. We pre-train each SSL method on a dataset D;
and evaluate its transferability by training a linear classifier on frozen features on all other
datasets, D\ D;. This process is repeated for each D; in D to cover all cross-dataset pairs.

OOD Detection We evaluate various SSL methods for distinguishing between ID and
OOD samples, focusing on backbone architectures, pre-training strategies, and multi-domain
learning. We follow the approach defined in [51], where feature representations f(x) € R
are assumed to follow a class-conditional multivariate Gaussian, with parameters estimated
from the ID training data Pip (i.e., samples used to train the encoder). For each class c,
the Mahalanobis distance is computed as Dy (x,¢) = /(f(x) — ) T~ (f(x) — ) and the
confidence score is given by S(x) = — min, Dy (x, ).

Samples are considered OOD if they originate from a different dataset or subset (denoted
as Poop) than the one used for training. OOD detection performance is evaluated using
threshold-independent metrics such as AUROC and AUPR. Further details are in Appendix.

Multi-Domain Learning We examine the impact of multi-domain learning by comparing
models trained on single-domain MedMNIST datasets with those trained on two combina-
tions. The first combination, named Organ{A,C,S} merges the OrganAMNIST, OrganCM-
NIST and OrganSMNIST datasets to represent a single-modality scenario. The second com-
bination, referred to as Organ{A,S }PnePath, includes OrganAMNIST (CT), OrganSMNIST
(CT), PathMNIST (Colon Pathology), and PneumoniaMNIST (Chest X-Ray), allowing us to
assess the effect of combining different modalities. We then train SSL methods from scratch
on these combined datasets to assess how dataset combination affects performance.

4 Experiments & Results

In this section, we analyze the in-domain (ID) performance, robustness to OOD samples, and
generalizability of the SSL methods. For clarity in certain figures where direct comparisons
between the SSL methods are not essential, we display results for a representative subset of
five methods, with complete results available in the Appendix for reference.

4.1 In-Domain Performance

We evaluate in-domain performance by pre-training ResNet-50 with each SSL method and
training a linear classifier on frozen features. MoCo v3 achieves the highest accuracy on 5 of
11 datasets, followed closely by BYOL and SimCLR. Notably, SSL outperforms supervised
learning on 7 of 11 datasets when both use random initialization (Appendix D.1).

We then analyze the impact of supervised IMAGENET 1K initialization. As shown in Fig-
ure 1, IMAGENETIK initialization consistently boosts in-domain performance, with DINO
and BYOL showing the largest gains. This trend is consistent across methods (Appendix D.1).

Figure 2 highlights the accuracy gap between ResNet-50 and ViT (ACCgrnso — ACCyit)
under both random and IMAGENET 1K initialization. ResNet-50 generally outperforms ViT,
but the gap narrows with IMAGENETI1K initialization. This is likely due to diminishing
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gains at higher accuracy and the improved data efficiency of transformers when initialized
with large-scale pre-training [4, 6, 25].

Expanding on our in-domain performance eval-
uation, we also examine how the architectures per-

form under different levels of label availability. Table | «= " * O 1
1 presents accuracy drops for various SSL methods W ey e
when reducing label availability from 100% to 1% L L T

in random initialization setting. ResNet-50 not only <
shows better performance in the fully labeled (100%)
scenario, as shown in Figure 2, but also exhibits »
consistently lower average performance drops across
nearly all methods. This indicates that ResNet-
50 maintains more robust performance compared to
ViT-Small even under severe label scarcity. A simi-
lar pattern can also be observed across other methods
and in IMAGENETI1K initialization setting in Ap-
pendix D.1, highlighting that transformers generally require more labeled data [77, 87].
Moreover, Figure 3(a) presents a bar chart
comparing mean test accuracies of ResNet-
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Figure 1: Performanc€ comparison
of random (unfilled) vs. imagenet

(filled) init. using ResNet-50.

N
W
SR

Architecture Performance Comparison by Method

Ploodmnist M. 50 across different label availability settings
reastnnit M 7 (1%, 10%, and 100%), highlighting the ef-
it NG fects of IMAGENET1K versus random initial-
pgmi . Am 1 . ization. The results show that models initial-
N Al o ized with IMAGENETIK weights consistently
. . l\5 " . outperform their randomly initialized counter-
T xreo “ parts, especially under label-scarce conditions.
ssuemnist VAT This finding underscores the value of pre-trained
dermamnist ®on)| weights in boosting model performance when

0 5 10 15
Accuracy Difference (ResNet-50 - ViT)

20

labeled data is limited. Notably, with IMA-

GENETI1K initialization, DINO excels in label-
scarce scenarios, though it is slightly outper-
formed by BYOL at the 100% label level. On
the other hand, MoCo v3 shows promising re-
sults across most of the label percentages in
the random initialization setting, slightly losing
only to NNCLR at the 1% label level. A similar
trend for ViTs is shown in Appendix D.1.

Next, we examine the impact of using self-supervised IMAGENET1K initialization, as
opposed to supervised IMAGENET1K initialization, on in-domain performance using MoCo
v3, SimCLR, BYOL, and DINO. A paired t-test comparing the two initializations across all
datasets and methods, using normalized accuracies to account for varying dataset difficulty
levels, revealed no statistically significant difference in performance (t(43) = 1.167, p =
0.2496, mean normalized difference = 0.260, 95% CI: [-0.190, 0.70c]). Individual accuracy
scores are in Appendix D.1.

Finally, we examine the impact of multi-domain training on in-domain performance. As
shown in Figure 3(b), pre-training on a multi-domain dataset consisting of similar domains,
(Organ{A,C,S}) with random initialization (green bars) outperforms training on constituent
single-domain datasets with random initialization (blue bars). Furthermore, it achieves per-

Figure 2: Performance difference
between ResNet-50 and ViT across SSL
methods and initialization strategies.
Dark and light colors indicate random
and ImageNet initialization, respectively.
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Table 1: Accuracy drops from 100% to 1% label availability across datasets (random init).
Larger drops are highlighted in red, emphasizing higher sensitivity to limited labeled data.

SimCLR DINO BYOL ReSSL MoCo v3
RN50 ViT | RN50 ViT | RN50 ViT | RN50 ViT | RN50 ViT
Path 291 010 | 024 122 | 110 160 | 238 022 | -0.12 150
Derma 454 793 | 190 656 | 1.68 451 | 554 841 | 3.00 547
OCT 924 562 | 056 608 | -224 752 | 216 1076 | 420  8.18
Pneumonia -0.13  9.84 | -2.85 022 | 0.06 221 | -3.07 372 | 045 -0.67
Retina 450  9.65 | 330 585 | -0.85 190 | 040 7.00 | 470  0.60
Breast 7.82 372 | 051 000 | 013 000 | 077 115 | 6.54 090
Blood 334 1301 | 1234 1457 | 845 1743 | 992 1391 | 628 12.04
Tissue 6.66 637 | 745 504 | 7.10 869 | 576 658 | 7.8 1020
OrganA 940 910 | 872 1173 | 942 699 | 7.36 800 | 6.17  4.63
OrganC 1145 16,95 | 23.87 1693 | 1881 1509 | 2032 1623 | 1436 11.20
Organ$S 13.83 1571 | 21.52  20.16 | 1677 1538 | 20.13  22.46 | 21.66 18.33
Average 669 892 | 705 803 | 549 699 | 612 895 | 676 658

Counts 5 6 | 4 7] s 6 | 2 10| 6 5

Average ResNet-50 Performance Across Datasets

=z

Effect of Multimodal Training Across Datasets

—

7

£ e )
m | [ 77079 %29%%%%,
Nl W 9
e v 7
B R
) v v
e 9
@y, e Wl
1% 10% 100%
Label Availabilit

N BYOL SimCLR DINO l?;rlow Twins NNCLR

B MoCo v3 M ReSSL VICReg WM ImageNet init. [ZZ Random init. BN Random Init Imagenet Init MBS OrganACS WM OrganASPNepath

a b
Figure 3: (a) Mear(l gest accuracy across datasets at 1%, 10%, and 10(0‘)70 label availability,
comparing IMAGENET1K and random (hatched) initialization using ResNet-50 (b) Mean
ID performance of SSL methods (ResNet-50), trained on single-domain datasets with
different initialization strategies and multi-domain datasets with random initialization.

formance comparable to single-domain training with IMAGENET 1 K-initialization (light or-
ange). In contrast, combining datasets from diverse domains in Organ{A,S }PnePath does
not significantly improve accuracy, and may even result in poorer performance. These find-
ings suggest that multi-domain pretraining is beneficial when domains of combined datasets
are similar whereas combining diverse domains may not benefit in-domain performance.

4.2 Out-of-Distribution Detection

We evaluate OOD detection 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 the ID dataset and assessed for its ability to identify
OOD samples. Figure 4(a) shows AUROC distributions for OOD detection using randomly
initialized ResNet-50 backbones. NNCLR and MoCo v3 achieve the highest scores, sug-
gesting that they are particularly effective in learning representations that differentiate ID
from OOD samples. With a ViT-Small backbone, MoCo v3 showed strong OOD detection
performance, which aligns with expectations as it was originally developed for ViT archi-
tecture. Detailed analysis of effect of backbone choice on each method and in-distribution,
OOD pairs (Pp, Poop) can be found in Appendix D.2.2.

In our experimental setup, the choice of backbone architecture played a crucial role
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in OOD detection performance. Specifically, models using ViT-Small consistently outper-
formed those using ResNet-50, as shown in Figure 4(b). This observation aligns with prior
research, such as [29, 84], which demonstrated that Transformer-based architectures like ViT
generally excel in OOD detection tasks. Furthermore, this trend held across all evaluated
SSL methods, suggesting that the improved AUROC scores result from the ViT backbone
itself rather than any specific SSL method.

Distribution of OOD Detection AUROC Scores
0.93 0.91 0.90 0.89 0.89 0.88 0.86 0.8

5 5
1.0 .
& 8
E# K AUROCResnet - 50 ~ AUROCir - sman (Random Init.)
0.8 o ~
8 - 0.1
8
06 . ., ] [ [ 1| [
. 2 00420116 T 20:03/310:09 t
s £ I »o.o1|xo.zo 0:06,£0.13 L ook oy 0508
0.4 -0.09+0.21 ‘ J Lo ool l {
. -0.1 ’ {
-0.2
0.0
3 o o N\ - N © o N o N . .
WOF goo® (R0 gqo® O\:a‘\m‘“““ﬁ s o0 I
o

AUROC Score

AAUROC Diff

0.2

a b
Figure 4: (a) AUR(O)C distributions for ResNet-50 models (random i;i)t). Black dots show
individual (Pip, Poop) AUROC scores, and the mean AUROC score for each method is
shown above. (b) Mean AUROC differences between ResNet-50 and ViT-Small across all
(Pip, Poop) pairs. Negative values favor ViT-Small. All differences are statistically
significant (p < 0.05), demonstrating a clear overall advantage of ViT-Small models.

We observe that the impact of initialization on OOD detection varies depending on back-
bone, SSL method, and in-domain data Pip. Generally, for smaller datasets such as BreastM-
NIST, RetinaMNIST, and DermaMNIST, models initialized with IMAGENET1K weights
demonstrate improved performance. For the ResNet-50 backbone, SSL methods such as
SimCLR, ReSSL, MoCo v3, and VICReg enhanced OOD detection performance with ran-
dom initialization. In the case of ViT-Small backbone models, although differences in OOD
detection scores were less pronounced, there was still a noticeable tendency for models to
favor random initialization, with VICReg showing the strongest preference.

Moreover, initializing models with self-supervised IMAGENETI1K weights led to sig-
nificant differences in AUROC scores compared to starting with supervised IMAGENETIK
weights for several datasets. In particular, significant negative differences (i.e., lower AU-
ROC with self-supervised initialization) were observed for BreastMNIST (AAUC = —0.12,
95% CI: £0.18), PathMNIST (AAUC = —0.09, 95% CI: £0.13), and RetinaMNIST (AAUC =
—0.03, 95% CI: +0.09). Conversely, significant positive differences (i.e., higher AUROC
with self-supervised initialization) were found for PneumoniaMNIST (AAUC = 0.08, 95%
CI: £0.15) and TissueMNIST (AAUC = 0.08, 95% CI: £0.19). Detailed information about
initialization preferences for each SSL method and backbone are in Appendix D.2.3.

AUROC Score Difference : Multi-Domain vs Single-Domain Lastly, we COmpare OOD detection per-
Organ{A,S}PnePath Organ{A,C,S} 1 ]
— Orabem) formance between models trained on multi-
—_— . domain datasets versus their constituent single-
= domain datasets. Figure 5 shows that for

]

all SSL methods, Organ{A,S }PnePath consis-

tently improves AUROC scores across most

(Organs, Tissue)

-

—

:I . . .

—— T o (Pip,Poop) pairs, with the exception of a
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erally decreases OOD detection performance
across most (Pip,Poop) pairs, particularly for
models trained with MoCo v3, SimCLR, and
ReSSL. These findings demonstrate that a multi-
domain dataset with greater domain diversity
(Organ{A,S }PnePath) provides a more substan-
tial OOD detection performance boost com-
pared to a more homogeneous multi-domain
dataset (Organ{A,C,S}).

4.3 Generalizability

In this section, we assess transferability of SSL representations via cross-dataset evaluations.
Specifically, we first pre-train the encoder on one dataset and then train a linear classifier on
each of the remaining datasets individually, using a frozen encoder. Generalizability is mea-
sured by relative accuracy drop: AACC = ACCID;C%(I:]S““““ x 100, where ACCjp represents
accuracy when training and testing are performed on the same dataset, and ACCypgfer de-
notes accuracy when model is pre-trained on a different dataset. For each source dataset,
we report average drop (AACC) across all target datasets, revealing how well learned repre-
sentations generalize and which datasets yield the most transferable features. Table 2 shows
that SimCLR and MoCo v3 excel in generalization, with both achieving the lowest accuracy
drops in 4 datasets. Notably, models pre-trained on Path or Organ{C,S}MNIST show the
lowest accuracy drops, suggesting these datasets offer the most transferable representations.

We further examine the impact
of supervised IMAGENETI1K initial-
ization on model generalizability. To
evaluate the overall impact of IMA-

Table 2: Average accuracy drop (%) relative to

in-domain ResNet-50 (random init), across all

targets. Lowest accuracy drops shown in green.
| Accuracy Drop Aacc (%)

Source | SImCLR | MoCov3 | Badow | NNCLR | Ress.  GENETIK initialization compared to
Path 6441575 | 638is9 | 332458 | 68064 | 10.10475¢ random initialization, we conducted
Derma 11161700 | 16062555 | 13324577 | 19.81c1060 | 140821036 .

ocT 141800 | 862110 | 805.am | 1140mses | 1287560 PDaired t-tests for each test dataset
Pneumonia | 11.46.74 9774873 17.521923 10.4047.40 14.96.1529 - T i
Retina 13734582 | 13962505 | 315551410 | 27841386 | 16.14.026 acrf)ss a.11 CI‘OS'S datase.:t tralnlng combl
Breast 12.6057.84 | 23.1611143 | 184651014 | 39.06117.18 | 43.0011846 NALIONS lncludlng the in-domain settlng
Blood 11550047 | 937ugs53 | 337811605 | 11144750 | 12.041540 . .

Tissue 00950 | 770000 | 886.ss | 9.09im | 1257.,. Where test and train splits come from
OrganA 10.144808 | 6.244750 7174653 5.62458.09 7.97 4756 _
OrganC 61245092 | 5541773 7154625 6224622 6.81+7.00 the same _da_taset. The result§ demon
OrganS | 568700 | 660637 | 70lies | 602:01n | 87362  strate statistically significant improve-

ments (p < 0.05) across all datasets,
with PneumoniaMNIST showing the most modest relative gain (1.88 +-3.28%) and OCTM-
NIST exhibiting the largest improvement (13.22 4+ 25.59%) when we switch from random
weights to IMAGENET1K initialization. Detailed results are in Appendix D.3. While pre-
vious studies have raised concerns about the efficacy of transfer learning from natural to
medical images due to significant distributional differences [67], our findings show that con-
tinual pre-training [35, 73] improves both in-domain performance and generalization.
ResNet-50 outperformed ViT-Small in most in-domain settings (8/11 datasets with ran-
dom and 9/11 with IMAGENETI1K initialization). However, as Figure 7 demonstrates, the
performance gap between these architectures narrows considerably when assessing gener-
alization rather than in-domain performance. Notably, with IMAGENETI1K initialization,
ViT-S actually surpasses ResNet-50 on 8/11 datasets, reversing the previous trend. This
suggests that ViT-S benefits more from transfer learning when applied to new datasets.
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Finally, we evaluate generalizability of representa-
tions learned through multi-domain training. Figure 6
shows that cross-dataset performance of models trained
on Organ{A,C,S} is better than those trained on their in-
dividual constituents, suggesting that multi-domain train-
ing within a single modality may act as a regularizer.
However, this benefit does not hold for mixed-modality
combinations (Organ{A,S }PnePath), showing that multi-
domain benefits are modality-dependent (Appendix D.3).

Figure 6: Normalized
cross-dataset evaluation matrix
showing averaged accuracies

5 Discussion & Conclusion over eight SSL methods.

We have conducted a comprehensive evaluation of popu-

lar SSL methods in medical imaging, addressing a crucial

gap in understanding how these methods perform across diverse medical tasks. Based on our
results and analysis, we offer the following recommendations for practitioners:

Which self-supervised method to choose? MoCo
v3 demonstrates remarkable versatility in medical
imaging tasks when trained from scratch, achieving
superior performance in 5/11 datasets for in-domain

Architecture Performance Comparison (In-domain vs. Generalizability)

bloodmnist LS

breastmnist

pathmnist =

7 tasks and maintaining minimal accuracy drops in

. o> 4/11 datasets for cross-domain generalization. It also

/!'\ —o shows competitive performance in OOD detection.

< D ,,‘f/ However, the effectiveness of certain SSL meth-
o ol ods is significantly influenced by initialization strat-

T ot egy. Notably, DINO and BYOL transform from be-
' . . ing among the lowest performers to achieving com-
Figure 7: Performance differential petitive in-domain results when initialized with IM-

between ResNet-50 and ViT-S AGENET1K weights, with DINO particularly ex-
(averaged over methods) for both ID  ¢eling with ViT.

and cross-dataset evaluations using

different initializations. Should we start self-supervised pre-training

with supervised IMAGENET1K weights? Self-
supervised pretraining on medical images, initialized with IMAGENET1K weights, signif-
icantly outperforms random initialization for in-domain downstream tasks, mirroring estab-
lished benefits previously observed in supervised learning setting [74]. Despite concerns that
supervised pre-training might yield less general representations [54, 68], IMAGENET1K ini-
tialization enhances both in-domain and cross-dataset performance. However, this advantage
does not consistently extend to OOD detection, as IMAGENETIK initialization degrades
performance for certain backbone and model combinations. Overall, supervised and self-
supervised IMAGENET 1K initialization offer comparable performance for in-domain accu-
racy and OOD detection with no clear advantage for either.

Which model architecture is better? Choosing between these architectures involves key
trade-offs: While ResNet-50 excels in in-domain classification (outperforming ViT-Small in
8/11 datasets when trained from scratch and 9/11 with IMAGENET1K initialization), ViT-
Small demonstrates superior performance in OOD detection. Interestingly, when trained
with IMAGENET1K initialization and evaluated on generalization tasks, ViT-Small reverses
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the in-domain trend, surpassing ResNet-50 in 8/11 datasets. However, ViT shows greater
sensitivity to label scarcity, with performance dropping more steeply when training data is
limited. IMAGENETI1K initialization reduces the performance gap between architectures,
though these fundamental trade-offs remain.

Is multi-domain SSL effective? Dataset composition plays a crucial role in model perfor-
mance. Models trained on heterogeneous datasets (Organ{A,S}PnePath) demonstrated su-
perior OOD detection, achieving higher AUROC scores than those trained on homogeneous
(Organ{A,C,S}) or single-domain datasets. While Organ{A,C,S} improves in-domain ac-
curacy and generalization over individual Organ datasets, this pattern does not hold for the
more diverse Organ{A,S }PnePath.

Extended Evaluation of Key Findings: We conducted a series of short experiments using
bigger architectures, higher resolution images, and an additional dataset AIROGS [22]. The
results (in Appendix G) confirm that our key findings consistently hold across these settings.
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