Machine Learning and Applied Artificial Intelligence

https://mlai-journal.com

Self-Supervised Pretraining and Sample Efficiency in
Medical Imaging Classification
Mabel Suen’

Department of Computer Science, School of Computing and Decision Sciences, Hang Seng University of Hong
Kong, Hong Kong, Hong Kong SAR, China

Corresponding author: mabel.suen@hsu.edu.hk

Abstract

The application of deep learning to medical imaging has transformed computational diagnostics, yet its
efficacy is severely bottlenecked by the requirement for massive volumes of meticulously annotated
datasets. Securing such expert annotations is prohibitively expensive, time-consuming, and prone to inter-
observer variability. Self-supervised learning has emerged as a promising paradigm to circumvent this
limitation by leveraging unlabelled data to learn robust, generalizable representations prior to fine-tuning on
limited labeled cohorts. This paper presents a comprehensive benchmark study evaluating the sample
efficiency and representational quality of various self-supervised pretraining architectures applied to diverse
medical imaging classification tasks. By systematically comparing contrastive frameworks, momentum-
based distillation paradigms, and non-contrastive methods against traditional supervised baselines
initialized via natural image datasets, this study elucidates the specific contexts in which self-supervised
representations excel. Extensive experiments are conducted across varying fractions of labeled data to
rigorously quantify sample efficiency gains. The findings demonstrate that self-supervised pretraining
significantly bridges the performance gap in extreme low-data regimes, frequently outperforming supervised
natural image pretraining while capturing domain-specific semantic features critical for medical diagnostics.
This research provides a foundational reference for deploying unsupervised representation learning in
clinical environments where annotated data remains exceedingly scarce.
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1. Introduction

1.1 Context and Motivation

The advent of deep learning architectures has precipitated a paradigm shift in the domain of medical image
analysis, enabling unprecedented advancements in tasks spanning classification, segmentation, and
anomaly detection. Convolutional neural networks and, more recently, vision transformers have
demonstrated the capacity to rival or even surpass human expert performance in specific diagnostic
scenarios. However, the quintessential architecture of these deep learning models relies heavily on the
supervised learning paradigm, which intrinsically demands vast quantities of meticulously annotated training
data. In the context of natural image processing, this requirement is frequently satisfied through
crowdsourcing platforms and ubiquitous internet data. Conversely, in the medical domain, the curation of
large-scale annotated datasets represents a formidable challenge. Medical image annotation necessitates
specialized domain expertise, typically requiring the time and effort of board-certified radiologists or
pathologists [1]. Furthermore, the annotation process is fraught with complexities such as inherent label
noise, inter-rater variability, and stringent privacy regulations that restrict the broad sharing of protected
health information. Consequently, the medical imaging community is confronted with a profound bottleneck:
the availability of raw, unlabelled imaging data generated by clinical routines is astronomical, yet the
proportion of this data that can be harnessed for supervised deep learning remains miniscule.

1.2 The Paradigm of Representation Learning
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To mitigate the dependency on exhaustive annotations, researchers have historically relied on transfer
learning, predominantly initializing network weights using models pretrained on massive natural image
datasets. While this strategy accelerates convergence and occasionally improves performance, the
fundamental disparities in statistical properties, morphological structures, and clinical significance between
natural images and medical scans limit its efficacy [2]. Medical images typically exhibit monochromatic or
false-color properties, high-frequency textural variations, and subtle, localized anomalies that bear no
semantic resemblance to the macroscopic objects found in natural image repositories. Recognition of this
domain shift has catalyzed the exploration of self-supervised learning, a subfield of unsupervised learning
wherein supervisory signals are autonomously generated from the intrinsic structure of the unlabelled data
itself. By formulating pretext tasks such as image inpainting, context restoration, or contrastive instance
discrimination, self-supervised learning compels the neural network to encode high-level semantic
representations [3]. When subsequently fine-tuned on a small target dataset with true clinical labels, these
pre-learned representations significantly enhance sample efficiency, theoretically allowing models to
achieve robust diagnostic performance with a fraction of the conventionally required annotated data.

2. Background and Motivation

2.1 Challenges in Medical Image Annotation

The bottleneck of data annotation in clinical machine learning is multifaceted. Firstly, the financial and
temporal costs associated with expert annotation are substantial. Unlike drawing bounding boxes around
common objects, outlining a subtle neoplastic lesion in a multi-parametric magnetic resonance imaging scan
or identifying microscopic cellular atypia in histopathological whole slide images requires years of
specialized medical training [4]. Secondly, many clinical conditions exhibit high morphological heterogeneity,
leading to significant diagnostic ambiguity even among seasoned practitioners. This results in noisy ground
truth labels, which can profoundly degrade the optimization process of standard supervised learning
algorithms [5]. Moreover, rare pathologies inherently suffer from extreme class imbalance. A supervised
model trained on such skewed distributions often collapses into predicting the majority class, failing entirely
to detect the critical anomalies it was designed to identify. Because self-supervised learning operates
without reliance on clinical labels during the primary training phase, it circumvents these issues, learning
the underlying distribution of the healthy and pathological anatomical structures directly from the raw pixel
data.

2.2 The Concept of Sample Efficiency

Sampile efficiency refers to the ability of a machine learning algorithm to attain a desired level of predictive
performance utilizing a minimal number of training examples. In traditional deep learning theory,
generalization error is intrinsically linked to the size of the training dataset; as the number of independent
and identically distributed samples increases, the variance of the model decreases, leading to superior
generalization on unseen data [6]. However, when labeled data is artificially constrained, high-capacity
models rapidly memorize the training set, resulting in catastrophic overfitting. Improving sample efficiency
is therefore the holy grail of medical machine learning. Self-supervised pretraining optimizes sample
efficiency by establishing a highly informative initialization state in the high-dimensional parameter space.
Rather than initiating the optimization trajectory from a state of random entropy, the model begins with a
profound structural understanding of medical image features. Consequently, the limited labeled samples
are solely utilized to map these mature feature representations to the specific clinical categories, rather than
having to simultaneously learn basic edge detection, textural gradients, and complex morphological patterns
from scratch.

3. Literature Review

3.1 Evolution of Unsupervised and Self-Supervised Approaches

The trajectory of unsupervised learning in computer vision originally centered on generative modeling,
particularly utilizing autoencoders and generative adversarial networks to reconstruct input data or model
data distributions. Early attempts to apply these methods to medical imaging yielded representations that,
while capable of generating visually plausible images, often failed to capture the discriminative semantic
features necessary for downstream classification tasks [7]. The objective function of pixel-wise
reconstruction overly penalized high-frequency structural details that might be irrelevant to the actual clinical
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diagnosis, while potentially ignoring subtle topological variations that define a pathology [8]. The landscape
shifted dramatically with the introduction of discriminative self-supervised learning, particularly contrastive
learning. Contrastive approaches reframe the unsupervised problem by training networks to pull together
representations of augmented views of the same image while pushing apart representations from different
images [9]. This forces the network to learn invariant features that persist across lighting changes, rotations,
and spatial cropping, which are highly analogous to the robust features required for invariant diagnostic
classification.

3.2 Prior Benchmark Studies and Identified Gaps

While self-supervised learning has been extensively benchmarked in natural computer vision literature,
comprehensive studies tailored specifically to the nuances of medical imaging remain sparse. Existing
investigations have predominantly focused on narrow, single-modality applications, such as exclusively
analyzing chest radiographs or specifically targeting retinal fundus images [10]. These isolated studies
suggest that self-supervised pretraining outperforms supervised natural image pretraining, yet they fail to
provide a unified framework that evaluates diverse self-supervised architectures across multiple distinct
medical modalities and varying degrees of data scarcity. Furthermore, previous literature frequently
overlooks the intricate relationship between the choice of self-supervised objective function and the specific
data augmentation pipeline employed, which is a critical hyperparameter in medical applications where
aggressive augmentations can inadvertently destroy diagnostically relevant information. There remains a
critical need for a rigorous, standardized benchmark study that systematically dissects the sample efficiency
gains of modern self-supervised algorithms, providing actionable insights for researchers seeking to deploy
these techniques in highly constrained clinical data environments.

4. Experimental Setup and Design

4.1 Selection of Datasets

To ensure the generalizability of our findings across disparate clinical scenarios, this benchmark
incorporates three distinct, large-scale medical imaging datasets representing varied anatomical regions,
imaging modalities, and diagnostic complexities. The primary dataset comprises a comprehensive collection
of anterior-posterior chest radiographs, encompassing multiple thoracic pathologies such as pneumonia,
cardiomegaly, and pleural effusion [11]. This dataset provides a quintessential example of high-resolution,
single-channel grayscale data where subtle textural and structural abnormalities are paramount. The second
dataset focuses on dermatoscopic images of pigmented skin lesions, representing a multi-class
classification problem crucial for melanoma detection [12]. Dermatoscopic images offer a unique challenge
due to their high color variance, diverse lesion morphologies, and the presence of occlusion artifacts such
as body hair or illumination glare. The third dataset consists of multi-parametric magnetic resonance imaging
scans of the brain, specifically targeting the classification of tumor subtypes [13]. This volumetric data
introduces the complexity of three-dimensional spatial relationships and varying contrast mechanisms,
necessitating a robust feature extraction pipeline capable of synthesizing multi-channel spatial information.

Table 1: Dataset Characteristics

Total Samples

Dataset Domain Imaging Modality Available Number of Classes Dimensionality
Chest Radiography X-Ray Grayscale 112120 14 Two Dimensional
Dermatology Optical RGB 25331 8 Two Dimensional
Neuro-Oncology Magnetic Resonance 41200 4 Three Dimensional

4.2 Data Augmentation and Preprocessing Pipelines

The success of self-supervised learning, particularly contrastive methodologies, is inextricably linked to the
design of the data augmentation pipeline used to generate disparate views of the same underlying instance.
Applying natural image augmentations naively to medical images often leads to the destruction of the
semantic content. For example, aggressive color jittering applied to a histopathology slide alters the very
staining characteristics that pathologists use to identify cellular structures, effectively transforming the
clinical meaning of the image. Consequently, our experimental design employs a meticulously curated
augmentation strategy tailored to each specific modality. For radiological images, we rely heavily on spatial
transformations such as random affine translations, localized elastic deformations, and subtle Gaussian
blurring, explicitly avoiding aggressive cropping that might entirely excise a localized pathological finding.
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For dermatoscopic images, morphological transformations such as random dihedral rotations and scaling
are combined with carefully constrained color constancy adjustments to simulate diverse clinical acquisition
environments without altering the fundamental pigmentation characteristics. All images are subjected to a
standardized normalization protocol, mapping pixel intensities to a zero-mean, unit-variance distribution
based on the global statistics of the respective training corpus.

5. Pretraining Methodologies Evaluated

5.1 Contrastive Instance Discrimination Architectures

Our benchmark rigorously evaluates several leading architectures in the self-supervised domain. The
foundational framework relies on a simple framework for contrastive learning of visual representations [14].
This architecture operates by passing two augmented views of an identical image through a shared encoder
network to extract dense representation vectors. These vectors are subsequently processed by a nonlinear
projection head. The optimization objective employs a normalized temperature-scaled cross-entropy loss
function, aiming to maximize the cosine similarity between the paired representations while simultaneously
minimizing the similarity against a large batch of negative samples drawn from entirely different images. The
requirement for massive batch sizes to ensure a sufficient number of negative samples presents a significant
computational hurdle. To address this, we also evaluate momentum-based contrastive learning paradigms
[15]. This approach decouples the batch size from the number of negative samples by utilizing a dynamic
dictionary maintained as a queue. A key innovation is the use of a momentum encoder, whose weights are
updated via an exponential moving average of the active query encoder, ensuring that the representations
stored in the dictionary remain highly consistent throughout the prolonged training process.
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Figure 1: Comprehensive Schematic of Self
5.2 Non-Contrastive and Distillation Methods

In addition to traditional contrastive approaches, recent advancements have demonstrated that neural
networks can learn robust representations without the explicit need for negative sample pairs, mitigating the
risk of false negatives where visually dissimilar images actually share the same underlying but unknown
clinical pathology. We incorporate a methodology that bootstraps its own latent representations [16]. This
architecture utilizes two distinct neural networks referred to as the online and target networks. The online
network is tasked with predicting the target network representation of the same image under a different
augmented view. Crucially, to prevent the architecture from collapsing into a trivial constant solution, the
target network is never directly updated via backpropagation. Instead, its parameters are continuously
updated using an exponential moving average of the online network parameters. This asymmetric
architectural design, coupled with an additional predictor module in the online branch, forces the network to
learn rich, invariant features based solely on positive reinforcement. By comparing these non-contrastive
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methods against their contrastive counterparts, this study aims to ascertain which fundamental paradigm
aligns more closely with the structural and semantic realities of complex medical imaging datasets.

6. Sample Efficiency Analysis
6.1 Downstream Fine-Tuning Protocols

To empirically quantify sample efficiency, the representations learned during the extensive self-supervised
pretraining phase are subjected to a rigorous downstream evaluation using supervised fine-tuning. The pre-
trained convolutional or transformer backbone is frozen or minimally updated, and a randomly initialized
linear classification head is appended to the architecture [17]. We simulate varying degrees of data scarcity
by sub-sampling the available labeled training data into discrete, stratified fractions. Specifically, we conduct
fine-tuning experiments utilizing one percent, ten percent, fifty percent, and one hundred percent of the total
available clinical annotations. At the extreme one percent threshold, the model is exposed to only a handful
of examples per diagnostic category, replicating the highly constrained environments typical of emerging
diseases or novel imaging modalities. To ensure statistical reliability and mitigate the variance introduced
by the random sampling of the data subsets, each experimental condition is executed across multiple
independent ftrials utilizing different random seeds, and the aggregated mean and variance of the
performance metrics are recorded for comprehensive comparative analysis [18].

6.2 Evaluation Metrics and Statistical Validation

The evaluation of clinical classification models necessitates metrics that remain robust in the presence of
severe class imbalances, which are pervasive in medical datasets where healthy cases vastly outnumber
pathological instances. Accuracy alone is frequently deceptive; a model predicting solely the majority class
can achieve artificially high accuracy while possessing zero diagnostic utility. Therefore, our primary
evaluation metric is the macro-averaged Area Under the Receiver Operating Characteristic curve [19]. This
metric evaluates the trade-off between the true positive rate and the false positive rate across all possible
classification thresholds, providing a comprehensive measure of the discriminative capacity of the model
regardless of class distribution. Additionally, we report the F-measure to provide insights into the harmonic
mean of precision and recall. Throughout the sample efficiency analysis, the performance trajectory of the
self-supervised models is directly plotted against a baseline model initialized with standard natural image
weights and another baseline trained entirely from a random initialization state. Statistical significance
between the distinct pretraining methodologies is established through non-parametric rank sum testing to
ensure the validity of our comparative claims.

7. Results and Discussion

7.1 Performance in Extreme Low-Data Regimes

The empirical results generated by our benchmark unequivocally demonstrate the profound advantage of
self-supervised pretraining when operating under severe data constraints. In the experiments restricted to
utilizing merely one percent of the labeled clinical data, models initialized from a random state completely
failed to converge, frequently settling into degenerate solutions characterized by chance-level predictive
performance [20]. Similarly, models initialized with supervised natural image weights exhibited marginal
improvements but suffered from severe overfitting, memorizing the training subset while failing to generalize
to the validation cohort. Conversely, architectures initialized via domain-specific self-supervised pretraining
exhibited robust convergence and achieved surprisingly competitive diagnostic performance. For instance,
in the chest radiography task, momentum-based contrastive pretraining achieved an Area Under the
Receiver Operating Characteristic curve that substantially exceeded the natural image baseline by a wide
margin [21]. This indicates that the self-supervised phase successfully embedded a deep semantic
understanding of thoracic anatomy and fundamental radiological abnormalities, allowing the linear classifier
to rapidly associate these robust latent features with the specific pathology labels using minimal examples.

Table 2: Performance Evaluation Across Different Label Fractions

Pretraining 1 Percent Labels 10 Percent Labels 50 Percent Labels 100 Percent Labels
Methodology AUC AUC AUC AUC
Random Initialization 5 54, 0.615 0.742 0.811
Baseline
Natural Image 0.584 0.732 0.825 0.864
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Pretraining 1 Percent Labels 10 Percent Labels 50 Percent Labels 100 Percent Labels

Methodology AUC AUC AUC AUC
Supervised Transfer

Contrastive Instance

RN 0.725 0.810 0.865 0.880
Discrimination
Momentum
Contrastive 0.741 0.822 0.871 0.885
Framework
Non-Contrastive 0.738 0.820 0.869 0.882
Bootstrapping

7.2 Convergence Dynamics and Architectural Comparisons

As the fraction of available labeled data increases from one percent to one hundred percent, the
performance gap between the varied initialization strategies progressively narrows. However, even at full
data availability, the self-supervised models consistently demonstrate a higher upper bound of performance
and faster optimization convergence compared to traditional supervised transfer learning. When dissecting
the comparative efficacy of the different self-supervised architectures, momentum-based contrastive
learning consistently exhibited the highest stability and peak performance across all three medical imaging
modalities evaluated. The utilization of a large, consistent dictionary of negative representations proved
particularly vital for maintaining feature discrimination in highly homogeneous datasets, such as magnetic
resonance imaging, where inter-subject variance is often smaller than intra-subject pathological variance.
Non-contrastive methodologies vyielded highly competitive results, closely trailing the momentum
approaches, and offer the substantial benefit of reduced computational overhead by eliminating the
necessity for negative sample processing. These findings confirm that while all self-supervised methods
vastly improve sample efficiency, the architectural choice must be carefully calibrated to the computational
resources and specific morphological characteristics of the target medical domain.

8. Conclusion and Future Directions

8.1 Summary of Benchmark Findings

This study provides a rigorous, large-scale empirical evaluation of self-supervised representation learning
as a mechanism for enhancing sample efficiency in medical imaging classification. Through extensive
benchmarking across diverse modalities including radiography, dermatology, and neuro-oncology, we have
established that domain-specific self-supervised pretraining fundamentally alters the learning trajectory in
low-data regimes. By leveraging the intrinsic structures of unannotated medical images, these architectures
formulate dense, generalizable latent representations that require only a fraction of traditional labeled data
to achieve high clinical utility. The comparative analysis reveals that while natural image transfer learning
struggles with extreme domain shift, self-supervised methods consistently avert catastrophic overfitting and
elevate baseline performance across all tested data availability thresholds. Momentum-based contrastive
methodologies currently represent the optimal architectural paradigm for maximizing diagnostic
discriminability, provided that the data augmentation pipelines are meticulously engineered to preserve
critical clinical semantics.

8.2 Implications for Clinical Deployment and Further Research

The implications of these findings for the future of computational medicine are substantial. By drastically
reducing the reliance on exhaustive expert annotations, self-supervised learning significantly lowers the
barrier to entry for developing highly specialized diagnostic models for rare diseases, localized clinical
populations, and novel imaging technologies where massive annotated datasets will never materialize.
Future research trajectories must focus on extending these methodologies beyond purely two-dimensional
classification tasks to encompass dense prediction challenges such as three-dimensional volumetric
segmentation and multi-modal data fusion, integrating imaging data with electronic health records and
genomic profiles [22]. Furthermore, deep theoretical investigations are required to unravel the precise
mechanisms through which self-supervised objective functions encode domain-invariant clinical knowledge.
As computational constraints are continuously addressed and algorithms become increasingly refined, self-
supervised representation learning is poised to become the foundational backbone for the next generation
of artificially intelligent medical diagnostic systems.
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