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Self-supervised learning (SSL) in computer vision has shown its potential to reduce reliance on labeled 
data. However, most studies focused on balanced, large, broad-domain datasets like ImageNet, 
whereas, in real-world medical applications, dataset size is typically limited. This study compares the 
performance of SSL versus supervised learning (SL) on small, imbalanced medical imaging datasets. 
We experimented with four binary classification tasks: age prediction and diagnosis of Alzheimer’s 
disease from brain magnetic resonance imaging scans, pneumonia from chest radiograms, and retinal 
diseases associated with choroidal neovascularization from optical coherence tomography with a 
mean size of training sets of 843 images, 771 images, 1,214 images, and 33,484 images, respectively. 
We tested various combinations of label availability and class frequency distribution, repeating the 
training with different random seeds to assess result uncertainty. In most experiments involving small 
training sets, SL outperformed the selected SSL paradigms, even when a limited portion of labeled 
data was available. Our findings highlight the importance of carefully selecting learning paradigms 
based on specific application requirements, which are influenced by factors such as training set size, 
label availability, and class frequency distribution.
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Artificial intelligence (AI) has shown significant promise in advancing healthcare1. Deep learning, a subset of 
machine learning, excels in tasks such as medical image analysis, diagnostic prediction, and treatment planning. 
Among deep learning models, convolutional neural networks (CNNs) are especially effective, achieving high 
accuracy in classification, detection, and segmentation tasks2. These models are predominantly trained using 
supervised learning (SL), which relies on labeled datasets3. A key advantage of deep learning over traditional 
machine learning approaches is its capacity to automatically learn task-relevant features from data3. This 
capability often leads to superior performance to traditional machine learning, especially in the analysis of 
imaging and textual data4. However, deep models trained with SL necessitate large volumes of labeled training 
data5, and the labeling process is generally costly and prone to errors6. This challenge is particularly pronounced 
in medical contexts, where expert data labeling is often highly time-consuming because each label may result 
from extensive data analysis7.

To mitigate these constraints, self-supervised learning (SSL)8 has emerged as a promising approach that 
reduces dependence on labeled data by leveraging the inherent structure and patterns within unlabeled data. 
This technique has recently gained significant attention in computer vision due to its ability to reduce the burden 
of manual annotation and enable more scalable and cost-effective AI solutions9. Although most research in 
this field focuses on evaluating the performance of the domain-agnostic SSL paradigm on large, natural, and 
balanced benchmark datasets such as ImageNet10 and CIFAR-1011, its applicability in more challenging scenarios 
remains underexplored. In particular, SSL has been shown to suffer performance degradation when dealing with 
imbalanced datasets12,13. This raises important questions about whether such a decline is more pronounced 
than for SL, especially when large amounts of data are unavailable. Furthermore, it is still unclear whether SSL 
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outperforms SL when applied to partially labeled, small datasets—particularly when the pre-training phase relies 
on the same dataset as the downstream task rather than leveraging large external datasets.

To better understand these limitations, in this study, we conducted a comparative analysis of randomly 
initialized models trained with both learning strategies on four binary medical imaging classification tasks: age 
prediction and diagnosis of Alzheimer’s disease from brain magnetic resonance imaging (MRI) scans, pneumonia 
from chest radiograms, and retinal diseases associated with choroidal neovascularization (CNV) from optical 
coherence tomography (OCT). For each dataset, we experimented with different learning strategies, described 
in Section “Materials and methods”, and combinations of label availability and class-frequency distribution. 
We repeated the pre-training and fine-tuning with different random seeds to estimate the uncertainty for all 
datasets. Details about the preprocessing and data augmentation, the model’s architecture, and the optimization 
techniques used in the experiments are described respectively in Sections “Preprocessing and data augmentation”, 
“Models’ architectures”, and “Models’ optimization”. As described in Section “Validation scheme”, when assuming 
100% label availability, the average training set size across experiments was 843 images for age prediction, 771 
images for Alzheimer’s diagnosis, 1,214 images for pneumonia diagnosis, and 33,484 images for diagnosis of 
retinal diseases associated with choroidal neovascularization. This relatively larger dataset was included to 
examine the influence of training set size on the performance of different learning paradigms. Hyperparameters 
and configuration settings are detailed in Section “Hyperparameters and configuration settings”, while Section 
“Validation scheme” describes the analysis of the results, which are presented in Section “Results”. Finally, 
Sections “Discussion”, “Limitations”, and “Conclusion” provide, respectively, a discussion of the results, the 
study’s limitations, and the conclusions.

Our contributions to the field of 2D medical imaging analysis tasks are multifaceted. First, we systematically 
compare SL and SSL in medical image classification, addressing key challenges such as class imbalance, limited 
data, and computational constraints—common issues in real-world medical settings. Additionally, we emphasize 
the importance of avoiding methodological bias by ensuring a fair comparison by equipping both SL and 
SSL approaches with identical data augmentations and training procedures. We also promote reproducibility 
through extensive repeated experiments complemented by rigorous statistical analyses. Finally, our study 
provides valuable insights for AI practitioners in the medical field, allowing them to determine when SSL may 
be a preferable alternative to SL based on the training set size, label availability, and class frequency distribution.

Related work
Supervised and self-supervised learning
SSL is an unsupervised learning approach that extracts meaningful information directly from data without 
relying on ground-truth labels, unlike weakly supervised learning, which typically incorporates partial labeling 
or auxiliary supervision14. By leveraging patterns and structures inherent in the data, SSL learns representations 
that can be effectively transferred to downstream tasks. In medical imaging, SSL has demonstrated superior 
performance over traditional SL when performing large-scale pre-training7. This advantage stems from its ability 
to capture rich feature representations without needing extensive labeled datasets, which are often costly and 
time-consuming to obtain in the medical domain. Among the various applications of SSL in medical imaging, 
classification and segmentation are the most actively explored15. While SSL has been successfully applied to 
classification tasks, which is the focus of our study, its impact on segmentation is also noteworthy. State-of-the-
art segmentation methods often integrate SSL with other learning paradigms, most commonly semi-supervised 
learning, to enhance performance, especially in scenarios with limited labeled data. This combination enables 
models to use both labeled and unlabeled images better, improving generalization and robustness in real-world 
medical applications16–24.

Prior studies have also explored the performance of SSL in medical imaging classification. Wolf et al.25 
compared three contrastive methods, i.e., MoCo26, SwAV27, and BYOL28, and a masked autoencoder, SparK29. 
They pre-trained the models on 244,527 unlabeled CT slices extracted from lung CT scans of 1,010 patients, 
then fine-tuned with SL on different relatively small datasets from related domains: brain hemorrhages dataset 
they collected, the COVID-19 CT Classification Grand Challenge30, and the OrganSMNIST Challenge from 
MedMNIST31, with a training set of respectively 145, 425 and 13,952 images. They showed that all pre-training 
methods yielded significantly better results than training the model with a random initialization without pre-
training. Azizi et al.32 investigated the benefits of pre-training using natural images (ImageNet10) and unlabeled 
medical data. They evaluated this approach with a dermatology dataset33 for skin condition classification (12,306 
patients with one to six images per case) and a chest X-ray classification task34 with 14 possible outcomes (consisting 
of 224,316 radiographs from 65,240 patients). Both datasets exhibited significant class imbalance. Further studies 
extended this investigation7 to four additional medical tasks: diabetic macular edema classification (2,287,716 
fundus images from 308,507 patients), colorectal-cancer-survival prediction (4,496 stage II and III colorectal 
cancer cases, 36,841 slides), mammography classification (89,018 cases), and metastases detection (10,705 
cases and 29,018 slides). While these studies indicate that SSL outperforms SL despite imbalanced pre-training 
datasets, they do not systematically explore varying class frequency distributions. Assran et al. demonstrated that 
state-of-the-art SSL paradigms, including VICReg35, SwAV27, MSN36, and SimCLR37, inherently learn features 
that facilitate uniform clustering of data13. As a result, these paradigms are well-suited for balanced datasets such 
as ImageNet. However, their performance diminishes when pre-training on class-imbalanced data, highlighting 
a significant limitation in their application to diverse medical datasets.

However, despite being compromised by class imbalance, we question whether SSL performance still 
surpasses that of SL. In this context, Liu et al. revealed that MoCo v238 and SimSiam39 are more robust to class 
imbalance than SL representations—the performance gap between balanced and imbalanced pre-training 
with SSL was notably smaller compared to SL40. They evaluated class imbalance ratios of {1, 0.004, 0.0025} for 
ImageNet and {1, 0.1, 0.01} for CIFAR-10, and downsampling ratios of {0.75, 0.5, 0.25, 0.125} to create datasets 
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of varying sizes. The robustness of SL and SSL to class imbalance was compared by calculating the performance 
gap ∆SL, and ∆SSL, respectively, between models pre-trained on balanced versus imbalanced datasets of the 
same sizes under various configurations. They concluded that, under the conditions of their experiments, SSL is 
more robust to dataset imbalance:

	
∆SSL (N, r) ≜ ASSL (n, 1) − ASSL (n, r)

ASSL (n, 1) ≪ ∆SL (N, r) ≜ ASL (n, 1) − ASL (n, r)
ASL (n, 1)

� (1)

where N is the pre-training sample size, A is the accuracy, and r is the ratio between the probability of the rarest 
class and the most frequent class:

	
r =

minj∈[C] P (y = j)
maxj∈[C] P (y = j) ≤ 1� (2)

and P  is a pre-training distribution over Rd × [C], where Rd is the space of the input samples, and C is the set 
of classes.

To the best of our knowledge, the only study investigating the robustness of SSL to class imbalance in 
the medical field was conducted by Zhang et al.41. They examined robustness in a classification task for the 
lung nodule false positive reduction in the LUNA 2016 dataset42, where the positive class indicated a nodule’s 
presence. The paradigms used for pre-training were Model Genesis43 and PCRL44, compared with models “from-
scratch” without pre-training. They experimented with imbalance ratios of {0.025, 0.05, 0.075, 0.1, 0.15} and 
training sample size N of {5,000; 10,000; 150,000}. They observed that “SSL pre-training performs poorly (even 
worse than baseline) on extremely imbalanced and relatively balanced cases”. Nevertheless, they noted that SSL 
boosts the performance of rare classes. Their study focused on comparing SSL and SL but did not compare the 
paradigms with the performance on balanced cases (r = 1), and the training set was relatively large (N ≥ 5,000).

While our study shares certain similarities with the works cited in this section, it is complementary due to 
several key differences—some of which may appear individually in prior studies, but not all together. Whereas 
previous work has demonstrated the effectiveness of SSL using large unlabeled datasets for pre-training different 
from the one used for fine-tuning7,25,32,40,41, our study specifically investigates whether SSL can still offer 
benefits in more constrained scenarios, such as using the same dataset for both pre-training and fine-tuning. 
This approach has two possible implications: it could show that SSL remains effective even when limited to a 
single dataset, or it could further justify the time and effort required to leverage larger unlabeled datasets from 
other domains. In contrast to studies that compare only different SSL methods25, our primary focus was the 
comparison between SSL and SL. Additionally, although some works involve imbalanced datasets7,25,32, they did 
not explicitly design experiments to systematically assess the impact of class imbalance, or they did not focus on 
medical imaging40.

Self-contrastive learning
In our study, we focused on self-contrastive learning because it has been empirically shown to be usually 
more performant than other SSL paradigms when dealing with classification tasks in the medical field45,46. 
Self-contrastive learning leverages data augmentation to create variants of a single input sample using 
transformations that preserve semantics. These variant inputs form positive pairs, while unrelated samples 
are considered negative. The goal is to train a model to encode positive pair samples similarly, ignoring non-
semantic differences. Paradigms like SimCLR37 use negative pairs to prevent the model from encoding all inputs 
the same way, i.e., the “model collapse”47. SimCLR does not need a specialized architecture like AMDIM48 and 
CPC v249, or a memory bank like PIRL50, CMC51, or a dynamic dictionary like MoCo26. Differently, BYOL28 and 
DINO52 avoid collapse using self-distillation and asymmetric architectures, where the parameters of one branch 
are updated by the other’s exponential moving average.

However, our study focused on paradigms particularly well-suited for scenarios with constrained 
computational resources, ensuring their applicability in real-world medical settings. Some recent works show 
how the triplet loss can be used to avoid representation collapse while requiring smaller batch sizes and reduced 
computational power compared to SimCLR and other self-contrastive state-of-the-art paradigms53–55. To deal 
with the collapse, BarlowTwins56 and VICReg35 introduced a loss regularization term that eliminates the need 
for negative pairs. In particular, the VICReg loss function is defined as

	 l
(
Z, Z′) = λs

(
Z, Z′) + µ

[
v (Z) + v

(
Z′)]

+ β
[
c (Z) + c

(
Z′)]

� (3)

where Z = [z1,…,zb], and Z′ = [z′
1, . . . , z′

b] indicate the two batches of b embedding vectors, where b is the 
batch size, i.e., the output of the two branches of the siamese architecture. The invariance term s is the mean-
squared Euclidean distance between each pair of vectors embedding augmented versions of the same image Z 
and Z′, without any normalization:

	
s

(
Z, Z′) = 1

b

∑
i

zi − z′2
i2� (4)

The variance regularization term v is a hinge function on the standard deviation of the embeddings along 
the batch dimension, i.e., it is the term that eliminates the need for negative pairs to prevent the collapse by 
forcing variability of the sample representation within the batch. Finally, the covariance regularization term c 
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de-correlates the different dimensions of the embeddings, preventing them from encoding similar information. 
This term is not necessary to avoid collapse; it is instead thought to improve the results of the classification 
downstream task by maximizing the representation of information content. In practice, the VICReg loss function 
is a weighted average of an invariance, variance, and covariance term weighted by the hyperparameters λ, µ, and 
β. One fundamental difference between Barlow Twins and VICReg is that VICReg applies the covariance term 
to each branch separately, allowing the two branches to have different types of architectures.

In our study, we selected VICReg to investigate the robustness of self contrastive class imbalance compared 
to SL as it is better suited for scenarios with limited GPU RAM since, as discussed above, VICReg avoids model 
collapse through variance regularization rather than relying on negative pairs.

Self-prediction and generative learning
Self-prediction and generative learning are another group of state-of-the-art SSL paradigms improving models’ 
performance in medical imaging classification tasks45. Both approaches rely on reconstructing the input; the key 
difference is that generative learning involves the reconstruction of the whole input, while self-prediction applies 
masking or augmentations and requires the model to reconstruct part of the input based on the contextual 
information. Generative models are typically based on autoencoders and, more recently, on Generative 
Adversarial Networks (GANs), and there are various successful applications in the medical field57–59.

Self-prediction was originally proposed in the field of Natural Language Processing (NLP)60, with the name 
Masked Language Modeling (MLM) approach by predicting missing words in a sentence. Similarly, when 
applied to predicting the missing portion of an image, the approach is called Masked Image Modeling (MIM)61. 
For this work, we selected the Masked Autoencoder (MAE) paradigm62, which employs a simple mean squared 
error loss between the reconstructed and original images in pixel space, due to its state-of-the-art performance 
and its suitability for training a Vision Transformer backbone with limited GPU RAM, thanks to its efficient 
masking strategy. Additionally, MAE is expected to be robust to class frequency imbalance, as it does not rely on 
explicitly computed mini-batch statistics13.

Materials and methods
This cross-sectional study utilized publicly available, de-identified datasets. Ethical approval and informed 
consent were obtained locally by the original investigators for each study. Additionally, data usage for ADNI 
complies with the guidelines and regulations established by the ADNI consortium (https://adni.loni.usc.edu/). 
All methods were conducted in accordance with relevant guidelines and regulations, including the Declaration 
of Helsinki.

Datasets
HEALTHY-LIFESPAN: meta-dataset of healthy subjects
We gathered T1-weighted brain MRI scans from 1,787 healthy individuals aged 5 to 87 years across 36 single-center 
datasets derived from various studies, including Autism Brain Imaging Data Exchange (ABIDE) I and II63–65, 
Information eXtraction from Images (IXI)66, 1000 Functional Connectomes Project (FCP)67, and Consortium 
for Reliability and Reproducibility (CoRR)68. Each dataset utilized the same scanner and acquisition protocol at a 
specific location (see Table S1 for details). ABIDE I and II contributed a total of 17 datasets, labeled with prefixes 
such as ABIDEI or ABIDEII followed by the collecting institution (e.g., ABIDEI-CALTECH, ABIDEII-BNI_1)69. 
For consistency, datasets like LEUVEN_1 and LEUVEN_2 were merged into ABIDEI-LEUVEN, UCLA_1 
and UCLA_2 into ABIDEI-UCLA, and UM_1 and UM_2 into ABIDEI-UM, based on identical acquisition 
parameters. Additionally, ABIDEII-KKI_1 data were divided into ABIDEII-KKI_8ch and ABIDEII-KKI_32ch 
due to different acquisition settings (8-channel or 32-channel phased-array head coil). The IXI study provided 
three datasets labeled with the prefix IXI followed by the institution’s name (e.g., IXI-Guys). From the 1000 FCP 
and CoRR studies, we utilized datasets such as the International Consortium for Brain Mapping (ICBM) and 
the Nathan Kline Institute - Rockland Sample Pediatric Multimodal Imaging Test-Retest Sample (NKI2). Each 
single-center dataset included baseline MRI scans of typically developing and aging brains (one per subject), 
along with age and sex information. Subjects were classified as having normal development and aging based 
on the absence of recognized neurological or psychiatric disorders. Table S1 outlines the characteristics of each 
single-center dataset. We aggregated these datasets into a meta-dataset named HEALTHY-LIFESPAN, covering 
the entire age range from 5 to 87 years.

To convert the age prediction task into a binary classification task, we used a threshold equal to 20 years (i.e., 
subjects with age ≤ 20 years defined the “children and adolescent” group, while subjects with age > 20 years were 
placed in the “adults and elders” category). The threshold has been chosen to obtain a balanced class distribution 
of 50%-50% and maximize the use of the data while imposing different class frequencies for the experiments 
with class-imbalanced configurations (see Section "Validation scheme").

ADNI: meta-dataset of patients with Alzheimer’s disease and cognitively normal controls
For this study, we used data from the public ADNI dataset, which can be freely accessed through the LONI 
Image and Data Archive (IDA) research data repository. We included the baseline and longitudinal data from 
all project phases (ADNI1, ADNI GO, ADNI2, ADNI3) and downloaded all T1-weighted MR images with 
the following characteristics: 3D acquisition type, Research Group equal to “AD” and “CN”, image descriptions 
included “MP-RAGE”, “MP- RAGE REPEAT”, “MP-RAGE SENSE2”, “Accelerated Sagittal MP-RAGE”, “Repeat 
Accelerated Sagittal MP-RAGE”, “MP-RAGE 24 FOV” and “MP-RAGE 24 FOV REPEAT”. This resulted in a 
total of 2,727 3D images (volumes) of 667 subjects (173 with AD and 494 CN, 298 males and 369 females, ages 
ranging from 51 to 96 years, mean age 76.30 years, standard deviation 6.98 years). We carefully reviewed the 
dataset and discarded three duplicate volumes and eight volumes corrupted by artifacts. As a result, we obtained 
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a final dataset consisting of 2,716 volumes (789 belonging to AD patients and 1,927 to CN subjects) to train and 
test the model (please refer to the Supplemental files for a detailed report of correspondent Image Data (IDs)).

PneumoniaMNIST: meta-dataset of patients with pneumonia and healthy controls
We conducted experiments using pediatric chest radiograms from the PneumoniaMNIST dataset, a subset of 
the publicly available MedMNIST+ meta-dataset70. PneumoniaMNIST comprises 5,856 images designed for the 
diagnosis of pneumonia (i.e., a binary classification task: pneumonia vs. healthy controls). The dataset is pre-split 
into training (4,708 samples), validation (524 samples), and test sets (624 samples), ensuring no data leakage 
by including all images of a subject within the same split. The original radiograms had variable sizes within 
(384 − 2,916) × (127 − 2,713) pixels. They were center-cropped with a window size of the length of the short edge 
and resized to 224 × 224 pixels. The chest X-ray images were selected from retrospective cohorts of pediatric (one 
to five years old) patients from Guangzhou Women and Children’s Medical Center, Guangzhou. All chest X-ray 
imaging was performed as part of patients’ routine clinical care. For further information on the source dataset, 
please refer to MedMNIST v231 and the original study71.

OCTMNIST: meta-dataset of patients with retinal diseases associated with choroidal neovascularization and 
healthy controls
We performed experiments with part of OCTMNIST—a benchmark medical imaging dataset consisting of OCT 
scans of the retina, categorized into multiple classes for automated diagnosis of retinal diseases associated with 
choroidal neovascularization. We considered only the two most frequent classes, i.e., “normal retina and retina 
with choroidal neurovascularization”. The selected subset is pre-split into training (79,510 samples), validation 
(8,835 samples), and test sets (500 samples), ensuring no data leakage by including all images of a subject within 
the same split. The source images had variable size, i.e., (384 − 1,536) × (277 − 512) pixels. They were center-
cropped with a window size of length of the short edge and resized to 224 × 224 pixels. The images were selected 
from retrospective cohorts of adult patients from the Shiley Eye Institute of the University of California San 
Diego, the California Retinal Research Foundation, Medical Center Ophthalmology Associates, the Shanghai 
First People’s Hospital, and Beijing Tongren Eye Center between July 1, 2013 and March 1, 2017. All OCT 
imaging was performed as part of patients’ routine clinical care. For further information on the source dataset, 
please refer to MedMNIST v231 and the original study71.

Preprocessing and data augmentation
MR image preprocessing for model’s training
We registered each T1-weighted volume from the HEALTHY-LIFESPAN or ADNI datasets to the MNI152 
standard template space with a voxel size of 1 mm3 using FSL72 (version 6.0). This registration process involved 
linear transformation with 9 degrees of freedom and trilinear interpolation using FSL’s FLIRT. After registration, 
the T1-weighted volumes had different data matrix sizes and voxel dimensions of 1 mm × 1 mm × 1 mm. To 
transform the field-of-view to a cubic shape with a data matrix size of 256 × 256 × 256 voxels, each registered 
volume was processed using Freesurfer’s mri_convert –conform73. Additionally, we adjusted the orientation of 
the volumes from Left-Inferior-Anterior (LIA) to Right-Anterior–Superior (RAS) to enhance visualization. Due 
to poor registration quality, we excluded 15 subjects from the HEALTHY-LIFESPAN meta-dataset. Next, we 
conducted skull stripping using FSL’s BET and extracted the central axial slice (corresponding to slice number 
127) from each registered and skull-stripped T1-weighted volume. These axial slices from each meta-dataset 
(HEALTHY-LIFESPAN or ADNI) were then concatenated into a single NIfTI volume with dimensions of 
256 × 256 × n, where n represents the total number of subjects in each meta-dataset.

Data augmentations
In the pre-training phase, we adopted data augmentations inspired by previous studies74,75 using parameter 
values set by visually observing their effect on the images to ensure that the semantics were preserved. Specifically, 
we applied cropping with output shape 224 × 224, isotropic scaling in the range (0.85, 1.15), translation in the 
range (− 5, 5) pixels in horizontal and vertical directions, rotation in the range (− 15, 15) degrees, random bias 
field artifact with maximum magnitude of polynomial coefficients sampled from the range (− 0.05, 0.05), change 
of contrast with the gamma correction with the ln of gamma sampled from the range (ln(0.85), ln(1.15))75 and 
additive gaussian noise with mean 0 and standard deviation 0.1.

In the fine-tuning phase, for the training set, we applied cropping with output shape 224 × 224, translation in 
the range (− 5, 5) pixels in horizontal and vertical directions, and rotation in the range (− 10, 10) degrees. For the 
test set, we applied only cropping with an output shape of 224 × 224.

Models’ architectures
For the sake of a fair comparison, the models pre-trained with SL and VICReg were implemented using the same 
architecture, differing only in the final layer. They were composed by a backbone, namely randomly initialized 
ResNet-3476 truncated after the last convolutional block (layer 4), with the output processed by an adaptive 
average pooling layer and flattened into a 512-dimensional feature vector followed by a projector, namely two 
consecutive randomly initialized linear layers. The first linear layer had 512 input nodes, the intermediate 1,024, 
and the number of output nodes depended on the paradigm’s loss: SL loss requires just one output node for the 
binary classification, while VICReg output dimension is arbitrary because the loss compares the output nodes of 
the two backbones, thus we kept it to the same dimension of the first linear layer as done by default in VICReg 
original study35. The model pre-trained with MAE was an asymmetric autoencoder composed of 12 standard 
Vision Transformer (ViT) blocks77 for the encoder and 4 for the decoder.
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The models’ architecture pre-trained with VICReg and MAE were implemented using the official code 
repository78,79. Thus, the exact same model architecture used in this study can be reproduced by setting the 
hyperparameters as described in Section “Hyperparameters and configuration settings”.

Models’ optimization
Pre-training optimization
Figure 1 schematizes the pre-training process of the models according to the SL, VICReg, and MAE paradigms. 
In SL, the pre-training objective is a binary classification task, distinguishing between the following class 
pairs for each dataset: ‘adults vs. children and adolescents’ (HEALTHY-LIFESPAN meta-dataset), ‘patients 
with Alzheimer’s disease vs. cognitively normal subjects’ (ADNI meta-dataset), ‘patients with pneumonia vs. 
healthy controls’ (PneumoniaMNIST dataset), and ‘patients with retinal diseases associated with choroidal 
neovascularization vs. healthy controls’ (OCTMNIST dataset). The pre-training loss function for SL was a 
weighted binary cross-entropy loss, where the weights are the inverse of the normalized classes’ frequency. The 
pre-training objectives for VICReg and MAE are described respectively in Sections “Self-contrastive learning” 
and “Self-prediction and generative learning”. The ResNet-34 models pre-trained with SL and VICReg were 
optimized following the VICReg official implementation78, while the ViT-based encoders pre-trained with MAE 
underwent optimization following its official implementation79. Additional details about the optimizer and 
hyperparameter choices are in Section “Hyperparameters and configuration settings”.

Fine-tuning optimization
For each pre-trained model, the encoder was extracted from the checkpoint corresponding to the epoch with 
the lowest training loss. The projector or decoder was then replaced with a randomly initialized linear head 
consisting of 512 input nodes for models based on the ResNet-34 backbone, 384 input nodes for models 
based on the ViT backbone, and a single output node. The fine-tuning objective for all models was a binary 
classification task, distinguishing between the following class pairs for each dataset: ‘adults vs. children and 
adolescents’ (HEALTHY-LIFESPAN meta-dataset), ‘patients with Alzheimer’s disease vs. cognitively normal 

Fig. 1.  Pre-training workflow for SL, VICReg, and MAE. T is the distribution of random transformations 
described in Section “Data augmentations”. During the pre-training, for each batch iteration, a set of 
transformations ti is sampled from Ti, where i is specific to the learning paradigm and applied to the batch 
of images. The figure emphasizes that only VICReg loss needs the batch to contain more than one image, and 
it shows brain MRI images as an example, but the same schema applies to chest radiograms or OCT images. 
(MAE, Masked Autoencoder; MRI, Magnetic Resonance Imaging; OCT, Optical Coherence Tomography; SL, 
Supervised Learning; VICReg, Variance-Invariance-Covariance Regularization).
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subjects’ (ADNI meta-dataset), ‘patients with pneumonia vs. healthy controls’ (PneumoniaMNIST dataset), and 
‘patients with retinal diseases associated with choroidal neovascularization vs. healthy controls’ (OCTMNIST 
dataset). We adopted a weighted binary cross-entropy loss, where the weights were the inverse of the normalized 
classes’ frequency. Figure 2 shows the fine-tuning of the models pre-trained with the different learning strategies.

Hyperparameters and configuration settings
Systematic hyperparameter tuning is computationally intensive, particularly when working with imaging data. 
This challenge is even more pronounced in SSL, where the fine-tuning phase is required to access validation 
metrics on the downstream task. Moreover, when dealing with small datasets, hyperparameter tuning can lead to 
overfitting the validation set. As a result, it is not uncommon for studies in similar scenarios to set hyperparameters 
based on previous works rather than conducting systematic tuning41,80–85. In our study, we, therefore, initialized 
the hyperparameters and configuration settings based on the original studies that introduced the paradigms, as 
well as other applications in comparable scenarios35,62,76,77,86,87. We then closely monitored the training process 
to ensure stability.

Table 1 presents the configuration settings for SL and VICReg, while Table 2 reports those for MAE, which 
differ due to the models’ distinct backbones. The batch size for pre-training was set to 256 to ensure feasibility 
with constrained computational resources. During fine-tuning, the model backbone was frozen, allowing the 
batch size to be increased to 512. The model architecture and batch size were chosen to ensure that both pre-
training and fine-tuning required no more than 12  GB of GPU RAM. If a hyperparameter is not explicitly 
mentioned, it was set to its default value as specified in the original code repository78,79.

Fig. 2.  Fine-tuning workflow for the models pre-trained with SL, VICReg, and MAE. For all learning 
strategies, the encoder is extracted from the pre-trained model, while the projector is replaced with a randomly 
initialized linear layer (head). The encoder is frozen during the fine-tuning phase. T is the distribution of 
random transformations for the training set during the fine-tuning phase described in the data augmentation 
paragraph. A set of transformations t is sampled from T and applied to the batch images. The figure shows 
brain MRI images as an example, but the same schema applies to chest radiograms or OCT images. (MAE, 
Masked Autoencoder; MRI, Magnetic Resonance Imaging; OCT, Optical Coherence Tomography; SL, 
Supervised Learning; VICReg, Variance-Invariance-Covariance Regularization).
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Validation scheme
We compared SL and VICReg, both pre-trained and fine-tuned, across all the meta-datasets. In contrast, the 
MAE paradigm was evaluated only on the larger OCTMNIST dataset, where it was compared with SL and 
VICReg. This choice was motivated by the different backbone architectures: ViTs generally underperform 
compared to CNNs when trained on small datasets due to their weaker inductive biases, specifically in spatial 
relevance and diverse channel representation88.

We performed multiple runs of pre-training and fine-tuning using different random seeds controlling data 
splitting, random sampling, and stochastic processes of code execution. The number of random seeds was set to 
30 for experiments with the smaller meta-datasets (HEALTHY-LIFESPAN, ADNI, and PneumoniaMNIST), and 
to 5 for the larger meta-dataset OCTMNIST (33,484 training images and 7,872 test set images). This reduction 
was motivated by the expected lower variability in results and the high computational cost—pre-training a single 
paradigm on a single seed across all label percentages and class frequency distributions required approximately 

MAE configuration Pre-training value Fine-tuning value

Optimizer AdamW (0.9, 0.95) SGD

Base learning rate 1.5 × 10−4 0.001

Weight decay 0.05 1.0 × 10−6

Max epochs 300 80

Min epochs 150 40

Batch size 256 512

Learning rate schedule Cosine annealing Cosine annealing

Warmup epochs 20 20

Early stopping tolerance 0 0

Early stopping patience 15 10

Batch size 256 512

Masking ratio 0.75 –

Patch size 16 16

Encoder depth 12 12

Encoder attention heads 6 6

Encoder MLP expansion ratio 4 4

Encoder patch embedding dimension 128 –

Decoder depth 4 –

Decoder attention heads 16 –

Decoder MLP expansion rate 4 –

Table 2.  Configuration settings for MAE. MAE, Masked Autoencoder; MLP, Multi-Layer Perceptron; SGD, 
Stochastic Gradient Descent.

 

SL & VICReg configuration Pre-training value Fine-tuning value

Optimizer LARS SGD

Base learning rate 0.05 0.001

Weight decay 1.0 × 10−6 1.0 × 10−6

Max epochs 1000 (OCTMNIST: 50) 500 (OCTMNIST: 20)

Min epochs 500 (OCTMNIST: 15) 200 (OCTMNIST: 10)

Batch size 256 512

Learning rate schedule Cosine annealing Cosine annealing

Warmup epochs 10 20

Early stopping tolerance 0 0

Early stopping patience 150 50 (OCTMNIST:5)

Invariance coefficient λ (VICReg) 25 –

Variance coefficient µ (VICReg) 25 –

Covariance coefficient β (VICReg) 1 –

Table 1.  Configuration settings for SL and VICReg across all datasets. Since the OCTMNIST dataset is 
significantly larger than the others, the number of epochs was reduced, as indicated in parentheses. LARS, 
Layer-wise Adaptive Rate Scaling; SGD, Stochastic Gradient Descent; SL, Supervised Learning; VICReg, 
Variance-Invariance-Covariance Regularization.
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10 days on a single NVIDIA A100 GPU. Experiments were conducted for each combination of label availability 
(100%, 10%, and 5% for all datasets, with an additional 1% for OCTMNIST) and class frequency distribution 
([10–90]%, [30–70]%, [50–50]% [70–30]% and [90–10]%). For each experiment, label availability and class 
frequency distribution were determined by randomly sampling subjects from the training set. In SSL paradigms, 
the reduced label availability assumption only affected the fine-tuning phase, as pre-training does not require 
labels. The training and test set sizes remained constant for each dataset across different class frequency 
combinations within the same random seed.

For the HEALTHY-LIFESPAN and ADNI meta-datasets, we used bootstrap resampling to split the data 
into training and test sets89. In each experiment, the training set was generated by sampling subjects with 
replacement, ensuring that the total number of subjects in the training set (some of which repeated) remained 
the same as the entire dataset. The test set for each iteration comprised the subjects not included in the training 
set (out-of-bag samples). When assuming 100% label availability, for the HEALTHY-LIFESPAN meta-dataset, 
the training set had a mean of 843 images (minimum 824, maximum 862, standard deviation 12), and the test 
set had a mean of 617 images (minimum 580, maximum 656, standard deviation 21). For ADNI, the training set 
had a mean of 771 images (minimum 644, maximum 982, standard deviation 68), and the test set had a mean of 
570 images (minimum 406, maximum 740, standard deviation 74).

For the PneumoniaMNIST and OCTMNIST datasets, which are publicly available with predefined training, 
validation, and test splits, we adopted a different validation scheme to prevent data leakage and assess model 
performance variability. The original training set was used, with variability introduced through different random 
samplings to achieve the desired class frequency distribution and label percentage. When assuming 100% label 
availability, the training set included 1,214 images for PneumoniaMNIST and 33,484 for OCTMNIST. The 
test set, whose size was kept constant, was obtained by random sampling with replacement from the original 
validation and test sets. The test set mean size was 752 images (minimum 708, maximum 806, standard deviation 
25) for PneumoniaMNIST and 7,872 images (minimum 7,766, maximum 7,986, standard deviation 83) for 
OCTMNIST.

To ensure an easily interpretable performance evaluation, the test sets of each experiment were balanced 
by randomly sampling subjects from the majority class to achieve a 50%-50% class distribution. We highlight 
that, for all datasets, we paid particular attention to preventing data leakage by design. Specifically, within each 
experiment, all images of a subject were allocated to the same set (either training or test). Additionally, data 
standardization was applied to both the training and test sets using the mean and standard deviation derived 
solely from the training set.

Performance metrics and statistical analysis
To evaluate the performance of each experiment on the test set, we employed the Receiving Operating 
Characteristics (ROC) and precision-recall (PR) curve for each downstream task. For every paradigm and 
scenario, we computed the mean value of the area under the ROC curve (ROC-AUC) and the precision-recall 
curve (PR-AUC) across the experiments with different random seeds. For datasets with 30 experiment repetitions, 
we also computed the 2.5th and 97.5th percentiles. The ROC-AUC measures a model’s ability to distinguish 
between classes by plotting the true positive rate (TPR) against the false positive rate (FPR) at varying decision 
thresholds. It evaluates the overall ranking performance of the model, with an AUC of 1 indicating perfect 
classification and 0.5 reflecting random guessing. In contrast, the PR-AUC focuses on the trade-off between 
precision (the proportion of true positive predictions among all positive predictions) and recall (the proportion 
of correctly identified positives) across thresholds.

To achieve the goals of this study, we conducted a thorough statistical analysis with two primary aims, i.e., to 
evaluate and compare 1) the performance of SSL vs. SL and 2) the robustness of SSL and SL to class frequency 
imbalance. For the first aim, we assessed the performance under identical configurations of label availability 
and class imbalance. For each configuration, i.e., a combination of learning strategy, dataset, label availability 
assumption, and class frequency distribution of the training set, we performed multiple experiments, each 
controlled by a different random seed. For all datasets, each configuration was evaluated across 30 experiments 
(pre-training and fine-tuning), except for OCTMNIST, where only 5 experiments were conducted. For each 
experiment, we calculated the ROC-AUC and PR-AUC on the test set, which was balanced (50–50% class 
frequency). We compared the metric scores of the learning strategies using a two-tailed paired t-test when both 
metric scores were normally distributed or a Wilcoxon signed-rank test otherwise.

For the second aim, for each dataset, learning strategy, and label availability, we compared the metrics scores 
on the test set across the multiple experiments performed with imbalanced class distributions against those with 
a balanced training set (50%-50%). We applied a two-tailed paired t-test when metric scores were normally 
distributed or a Wilcoxon signed-rank test otherwise.

All the p-values were adjusted with Bonferroni correction to control for the inflation of type I error rates 
related to multiple comparisons.

Additional details
The source code for the losses, the models’ architectures, the optimizers, and the schedulers were taken from the 
VICReg repository78 and MAE repository79 and integrated within a single framework for comparison with SL. 
The experiments were run on two NVIDIA A100-PCIE-40 GB in approximately 60 days.

Declaration of generative AI and AI-assisted technologies in the writing process
During the preparation of this work, the authors used ChatGPT to rephrase some sentences. After using this 
tool/service, the authors reviewed and edited the content as needed and took full responsibility for the content 
of the publication.
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Results
For experiments with 30 random seeds, Tables S3 and S4 present the results of the normality test on ROC-AUC 
and PR-AUC distributions, respectively, for each dataset, learning strategy, and configuration.

Figures  3, 4, 5, and 6 represent the mean performance and variability (where applicable) of the learning 
paradigms on the test sets. The colored dots indicate the mean metric score (reported on the y-axis) across 
multiple experiments with the same configuration varying the random seed. The shaded regions represent the 
variability in performance, specifically bound by the 2.5th percentile (lower limit of the region) and the 97.5th 
percentile (upper limit of the region) of the metric scores on the test set across the multiple experiments with 
the same configuration varying the random seed. The wider the shaded region, the larger the variability of the 
evaluation metric scores. Detailed results and the statistical analysis results (where applicable) are reported in 
Tables S5, S6, S7, and S8 for the ROC-AUC and in Tables S9, S10, S11, and S12 for the PR-AUC.

Figures 7, 8, 9, and 10 illustrate the robustness of the learning paradigms to class imbalance. For each dataset, 
learning strategy, and level of label availability, we plotted the test set metric scores obtained with imbalanced 
class distributions and those obtained with a balanced training set (50–50%) to highlight their difference. Each 
colored bar represents the mean metric value on the test set across repeated experiments. Detailed results and 
statistical analysis results (where applicable) are reported in Tables S13, S14, S15, and S16 for the ROC-AUC and 
in Tables S17, S18, S19, and S20 for the PR-AUC.

The findings indicate no significant discrepancies between the ROC-AUC and PR-AUC metrics. In terms of 
absolute performance, SL generally outperforms SSL across all datasets and settings, except for the OCTMNIST 
experiments with a 1% label percentage, where SSL surpasses SL by a considerable margin. This performance gap 
is particularly pronounced for MAE in this configuration when the training dataset is balanced. Additionally, 
MAE outperforms VICReg when fewer labels are available.

When analyzing robustness to class imbalance, we observe for all paradigms a greater decrease in 
performance when the training set has a lower frequency of negative class (healthy subjects or “children and 
adolescent” subjects for the HEALTHY-LIFESPAN meta-dataset), especially for the class frequency 10–90%. 
Such a strong imbalance causes a sharper drop in SSL performance compared to SL, particularly in ADNI 
and PneumoniaMNIST datasets. Besides the experiments with the ADNI dataset, SL methods exhibit greater 
robustness to class imbalance than SSL in most settings.

The results highlight that for both SL and SSL, but particularly for VICReg, the performance varies 
substantially in repeated runs with different random seeds.

Discussion
One of the key challenges in medical imaging is the limited availability of large, well-annotated datasets due to 
privacy policies and data-sharing restrictions. These limitations contribute to the prevalence of small, imbalanced 
datasets, making the evaluation of SSL methods particularly relevant in such a scenario. In clinical practice, privacy 
regulations such as GDPR90 and HIPAA91 impose strict controls on patient data usage, leading to fragmented 
datasets across institutions. This limited data availability further amplifies the challenge of developing AI models, 
particularly for SSL techniques that typically rely on large-scale datasets for pre-training to extract meaningful 
representations. As observed in our experiments, SSL paradigms struggle to achieve competitive performance 
in 2D medical imaging classification when faced with small datasets and constrained computational resources. 
The objectives of this study were to evaluate and compare the performance and robustness to class frequency 
imbalance of SSL vs. SL under identical configurations of label availability and class frequency distribution. Our 
findings revealed several important insights into the behavior and robustness of these learning paradigms. We 
emphasize that while the literature has demonstrated the great potential of SSL when large datasets and high-
end computational resources are available for pre-training7, our study focuses on a setting where only a small 
dataset for the task of interest is available, and experiments are conducted under constrained computational 
resources. Across all tasks, the selected SSL paradigms did not outperform SL in terms of absolute performance 
or robustness to class imbalance, even when label availability was limited. The only exception was observed 
in the OCTMNIST experiments, where SSL surpassed SL. Notably, OCTMNIST is significantly larger (~ 30 k 
samples) compared to the other three datasets used in this study (~ 1 k samples), reinforcing the hypothesis that 
SSL is a preferable choice over SL only when a large partly labeled dataset is available. Importantly, SSL does not 
require labeled data for pre-training, which distinguishes it from SL and makes it especially appealing in medical 
imaging, where labels are often difficult or expensive to obtain. In our experiments, the same dataset was used 
for both SSL pre-training and SL fine-tuning. While this provides a controlled comparison, it does not fully 
exploit SSL’s strengths. An advantageous scenario would involve using different, large, unlabeled datasets from a 
similar domain for pre-training—something that SL could not leverage. Therefore, our findings can be seen as a 
conservative estimate of SSL’s effectiveness. We noticed in our experiments that the largest drops in performance 
for both SL and SSL were observed when the negative class (healthy subjects for the diagnosis tasks and “children 
and adolescents” for the age prediction task) was poorly represented. This suggests that the heterogeneity of 
the negative class might be higher than the heterogeneity among the patients, suggesting the need for more 
samples to allow the model to learn their variability. This trend is particularly relevant in medical imaging, 
where acquiring data from healthy subjects is typically easier than obtaining patient data. Therefore, this finding 
may justify efforts to expand datasets with negative cases. Regarding the robustness to class imbalance, several 
solutions have been proposed in the literature to improve the performance of SSL, such as reformulating the loss 
to prefer power-law distributed features13, weighting samples inversely correlated with the frequency of their 
corresponding class using kernel density estimation on the representations even without access to labels40, or 
clustering-based hard negative mining12. However, although these approaches might increase the robustness to 
class imbalance while increasing the workflow complexity and computational resource requirements, they are 
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Fig. 3.  Analysis of the performance of SL and VICReg. Each row corresponds to experiments conducted 
on a medical imaging dataset. Colored dots represent the mean ROC-AUC scores on the test set across 
30 experiments, while shaded regions indicate score variability. The x-axis ticks denote the percentage 
composition of negative and positive classes in the training set during both pre-training and fine-tuning. 
The positive class is defined as follows for each dataset: adults and elders (HEALTHY-LIFESPAN), patients 
diagnosed with Alzheimer’s disease (ADNI), and patients diagnosed with pneumonia (PneumoniaMNIST). 
For example, an x-tick of 10–90% means that the training set comprised 10% healthy controls and 90% patients 
diagnosed with a disease (or “children or adolescents” and adults). Results of the statistical comparison 
between SL and VICReg are summarized using significance symbols: *indicates p-value < 0.05, **indicates p-
value < 0.01, and ***indicates p-value < 0.001.
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Fig. 4.  Analysis of the performance of SL and VICReg. Each row corresponds to experiments conducted 
on a medical imaging dataset. Colored dots represent the mean PR-AUC scores on the test set across 
30 experiments, while shaded regions indicate score variability. The x-axis ticks denote the percentage 
composition of negative and positive classes in the training set during both pre-training and fine-tuning. 
The positive class is defined as follows for each dataset: adults and elders (HEALTHY-LIFESPAN), patients 
diagnosed with Alzheimer’s disease (ADNI), and patients diagnosed with pneumonia (PneumoniaMNIST). 
For example, an x-tick of 10–90% means that the training set comprised 10% healthy controls and 90% patients 
diagnosed with a disease (or “children or adolescents” and adults). Results of the statistical comparison 
between SL and VICReg are summarized using significance symbols: *indicates p-value < 0.05, **indicates p-
value < 0.01, and ***indicates p-value < 0.001.
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not solutions to improve the performance in the balanced case. We believe that future works should focus on 
developing tailored SSL paradigms that exploit prior knowledge about the specific medical dataset of interest 
rather than relying on general-purpose SSL paradigms to improve simultaneously performance and robustness 
to class imbalance.

The observed superior performance of SL compared to the selected SSL paradigms in our study may stem 
from multiple factors, including dataset size and key methodological choices made to ensure a fair comparison 
between the learning paradigms. Unlike many studies in the literature, our SL models underwent a two-stage 
training process, with pre-training followed by fine-tuning while replacing the projector, mirroring the training 
dynamics typically used in SSL. Additionally, to mitigate the impact of class imbalance, SL was equipped with 
a weighted loss function based on the inverse of class frequency, allowing it to better leverage the available 
labeled data, which is its main advantage over SSL. Crucially, the SL paradigm was equipped with the same 
data augmentations as the SSL paradigm. This is a key aspect of ensuring a fair comparison, as it allows SL to 
operate under conditions that optimize its performance. These design choices likely influenced the observed 
performance differences, highlighting the importance of methodological rigor in comparative studies of SL and 
SSL.

Beyond performance and robustness to class imbalance, we emphasize that all paradigms—particularly 
VICReg—exhibited considerable variability across runs with different random seeds. This underscores the 
necessity of conducting repeated experiments before drawing any conclusions. The high variability in the 
performance of SSL, raises concerns about its reliability in clinical settings, where consistency is crucial. Our 
findings reinforce the importance of methodological rigor and repeated experimentation in evaluating SSL for 
medical applications.

Fig. 6.  Analysis of the performance of SL, VICReg, and MAE on the OCTMNIST dataset. Colored dots 
represent the mean PR-AUC scores on the test set across five experiments, while shaded regions indicate score 
variability. The x-axis ticks denote the percentage composition of negative and positive classes in the training 
set during both pre-training and fine-tuning. For example, an x-tick of 10–90% means that the training set 
comprised 10% healthy controls and 90% patients with choroidal neovascularization.

 

Fig. 5.  Analysis of the performance of SL, VICReg, and MAE on the OCTMNIST dataset. Colored dots 
represent the mean ROC-AUC scores on the test set across five experiments, while shaded regions indicate 
score variability. The x-axis ticks denote the percentage composition of negative and positive classes in the 
training set during both pre-training and fine-tuning. For example, an x-tick of 10–90% means that the 
training set comprised 10% healthy controls and 90% patients with choroidal neovascularization.
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Fig. 7.  Analysis of the robustness of SL and VICReg to class imbalance. Each row corresponds to experiments 
conducted on a medical imaging dataset. Each bar represents the mean ROC-AUC score on the test set across 
30 experiments. The x-axis ticks denote the percentage composition of negative and positive classes in the 
training set during both pre-training and fine-tuning. The positive class is defined as follows for each dataset: 
adults and elders (HEALTHY-LIFESPAN), patients diagnosed with Alzheimer’s disease (ADNI), and patients 
diagnosed with pneumonia (PneumoniaMNIST). For example, an x-tick of 10–90% means that the training 
set comprised 10% healthy controls and 90% patients diagnosed with a disease (or “children or adolescents” 
and adults). Results of the statistical comparison between SL and VICReg are summarized using significance 
symbols: *indicates p-value < 0.05, **indicates p-value < 0.01, and ***indicates p-value < 0.001.
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Fig. 8.  Analysis of the robustness of SL and VICReg to class imbalance. Each row corresponds to experiments 
conducted on a medical imaging dataset. Each bar represents the mean PR-AUC score on the test set across 30 
experiments. The x-axis ticks denote the percentage composition of negative and positive classes in the training 
set during both pre-training and fine-tuning. The positive class is defined as follows for each dataset: adults and 
elders (HEALTHY-LIFESPAN), patients diagnosed with Alzheimer’s disease (ADNI), and patients diagnosed 
with pneumonia (PneumoniaMNIST). For example, an x-tick of 10–90% means that the training set comprised 
10% healthy controls and 90% patients diagnosed with a disease (or “children or adolescents” and adults). 
Results of the statistical comparison between SL and VICReg are summarized using significance symbols: 
*indicates p-value < 0.05, **indicates p-value < 0.01, and ***indicates p-value < 0.001.
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Additionally, while data augmentations are not essential for SL, they serve as enhancements to improve 
model performance. In contrast, self-contrastive learning fundamentally depends on these transformations to 
extract meaningful representations from unlabeled data, making it less suited for scenarios with constrained 
computational resources compared to SL. SSL methods like VICReg and MAE have been shown in original 
studies to perform better with larger batch sizes. However, these requirements significantly increase 
computational demands, potentially limiting the feasibility of SSL implementation in resource-constrained 
healthcare settings. The poor performance of SSL in the considered scenarios –except for experiments with the 
larger OCTMNIST dataset—suggests that current SSL paradigms are not well-suited for medical imaging tasks 
when the training dataset is limited to approximately 1 k samples and computational resources are constrained. 
However, while our work focused on evaluating SSL in a constrained setting and ensuring a fair comparison 
with SL, we acknowledge that the observed performance gaps would likely be significantly reduced—or even 
reversed—when fully leveraging the potential of SSL through pre-training on large unlabeled datasets from 
similar or even unrelated domains, as demonstrated in previous studies7,25.

Although this study is methodological, its findings may have potential implications for clinical practice. By 
identifying the most effective learning paradigm based on data availability and characteristics, researchers can 
streamline the development of clinical tools. In the literature, a common approach is to leverage a foundation 
model pre-trained with SSL on a large dataset before fine-tuning it on the dataset of interest. However, this 
strategy has notable drawbacks: it can be susceptible to domain shift—especially if a suitable foundation model 
is unavailable for the specific domain—and is computationally expensive. In this study, we demonstrate that 
in the considered scenarios, although an AI practitioner might be inclined to use SSL for pre-training on the 
available portion of data, SL could still be the more effective choice. While acknowledging the immense potential 
of SSL, we aim to highlight its limitations and encourage research toward more cost-effective and specialized 
approaches in this field. Specifically, we suggest that SSL could be made more efficient by integrating prior 
knowledge of the medical data of interest into its learning paradigm.

Limitations
This study has several limitations. First, we selected hyperparameters based on previous works and did not 
perform systematic hyperparameter tuning. Since SSL typically involves more hyperparameters than SL, 
its performance might improve with careful optimization. However, hyperparameter tuning is inherently 
challenging when working with relatively small datasets. Second, using larger batch sizes or additional data 
augmentations could potentially enhance SSL performance more than SL. However, implementing either of 

Fig. 9.  Analysis of the robustness of SL, VICReg, and MAE to class imbalance on the OCTMNIST dataset. 
Each bar represents the mean ROC-AUC score on the test set across five experiments. The x-axis ticks denote 
the percentage composition of negative and positive classes in the training set during both pre-training and 
fine-tuning. For example, an x-tick of 10–90% means that the training set comprised 10% healthy controls and 
90% patients with choroidal neovascularization.
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these approaches is often impractical when computational resources are limited, such as when using a few state-
of-the-art high-performance GPUs. Third, our findings may not fully generalize to other imaging modalities, 
medical tasks, or SSL approaches beyond those evaluated. As performance can vary across tasks, data types, 
and SSL paradigms, further studies are needed to assess the broader applicability of our conclusions. Fourth, 
we evaluated SSL using the same dataset for both pre-training and fine-tuning, aiming to test its effectiveness 
without relying on large unlabeled datasets from related domains, which have been shown in previous studies to 
improve performance25. Finally, we did not evaluate the impact of these methods in a clinical setting, as it was 
beyond the scope of this study.

Conclusion
In conclusion, while SSL holds promise for reducing dependency on labeled data, the paradigms evaluated in 
this study did not outperform SL in terms of performance and robustness to class imbalance when applied to 
the considered relatively small and imbalanced medical datasets for 2D medical imaging classification tasks. SSL 
consistently outperformed SL only when a substantially larger training dataset (~ 30k samples) was available; 
however, its robustness to class imbalance remained limited. These findings emphasize the need for careful 
evaluation of learning paradigms based on specific application requirements, which depend on factors such as 
training set size, label availability, and class frequency distribution.

Data availability
The brain MR T1-weighted images analyzed during the current study are available in the following online re-
positories: Autism Brain Imaging Data Exchange (ABIDE), https://fcon​_1000.projec​ts.nitrc.org​/indi/abide​/63. 
Information eXtraction from Images (IXI) study, https://brain-development.org/ixi-dataset66. 1000 Functional 
Connectomes Project (FCP) – ICBM dataset, https://fcon​_1000.projec​ts.nitrc.org​/fcpClassic​/FcpTable.html67. 
Consortium for Reliability and Reproducibility (CoRR) - NKI 2 - Nathan Kline Institute (Milham), ​h​t​t​p​s​:​​/​/​f​c​o​
n​​_​1​0​0​0​.​​p​r​o​j​e​​c​t​s​.​n​i​t​r​c​.​o​r​g​/​i​n​d​i​/​C​o​R​R​/​h​t​m​l​/​i​n​d​e​x​.​h​t​m​l​​​6​8​​​. Alzheimer’s Disease Neuroimaging Initiative (ADNI) 
dataset, https://www.adni.loni.usc.edu/92. The chest radiograms (PneumoniaMNIST) and optical ​c​o​h​e​r​e​n​c​e to-
mography (OCTMNIST) images analyzed in this study are available in the MedMNIST + repository at https://
www.​github.com/M​edMNIST/MedM​NIST/blob/m​ain/on_medmnist_plus.md70.

Code availability
The source code used for this study is publicly available in a GitHub repository at ​h​t​t​p​s​:​​/​/​g​i​t​h​​u​b​.​c​o​m​​/​a​i​f​o​​r​m​e​

Fig. 10.  Analysis of the robustness of SL, VICReg, and MAE to class imbalance on the OCTMNIST dataset. 
Each bar represents the mean PR-AUC score on the test set across five experiments. The x-axis ticks denote the 
percentage composition of negative and positive classes in the training set during both pre-training and fine-
tuning. For example, an x-tick of 10–90% means that the training set comprised 10% healthy controls and 90% 
patients with choroidal neovascularization.
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d​r​e​s​e​a​r​c​h​/​m​e​d​i​c​a​l​-​i​m​a​g​i​n​g​-​S​S​L​-​v​s​-​S​L​. The versions of the software, libraries, and toolkits used in our study 
are listed below Programming language: Python 3.10.13. Python packages: pytorch 2.0.0 = py3.10_cuda11.8_
cudnn8.7.0_0, torchvision0.15.0 = py310_cu118, nibabel 5.1.0, torchio 0.19.2, scikit-learn 1.3.0, scipy 1.11.2, 
numpy 1.25.2. Neuroimaging software: FreeSurfer 7.1.1 for all T1-weighted images except for those belonging 
to ICBM and NKI2 datasets (FreeSurfer 5.3) and ABIDE I (FreeSurfer 5.1), fractalbrain toolkit 1.0.
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