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ABSTRACT: Medical image classification is a critical task in computer-aided diagnosis, enabling early disease detection 
and improved patient outcomes. However, deep learning models traditionally require large annotated datasets, which are 
often scarce in the medical domain due to privacy concerns, high annotation costs, and limited availability of rare disease 
samples. Few-shot learning (FSL) has emerged as a promising paradigm that allows models to generalize from only a 
few labeled examples, making it highly suitable for medical image classification tasks. 
 

This paper explores the application of few-shot learning techniques to classify medical images across several modalities, 
including MRI, CT scans, and histopathology images. We review state-of-the-art FSL methods such as metric learning, 
meta-learning, and data augmentation strategies, highlighting their potential to overcome data scarcity in healthcare. A 
novel FSL framework based on prototypical networks is proposed, leveraging embedding spaces that cluster images from 
the same class and enabling classification with minimal training samples. 
 

Extensive experiments on publicly available medical image datasets demonstrate that our FSL approach achieves 
competitive accuracy compared to fully supervised models trained on large datasets. The results underline the advantages 
of FSL in rapid adaptation to new disease categories and rare conditions without extensive retraining. We also analyze 
the impact of different feature extractors and embedding dimensions on classification performance. 
 

Finally, we discuss the challenges unique to medical imaging, such as class imbalance and high intra-class variability, 
and propose future directions to enhance FSL frameworks for robust, scalable clinical deployment. This study aims to 
contribute to more accessible and efficient AI-driven diagnostic tools in healthcare settings. 
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I. INTRODUCTION 

 

Medical imaging plays an indispensable role in disease diagnosis and treatment planning. Technologies such as Magnetic 
Resonance Imaging (MRI), Computed Tomography (CT), and histopathological imaging generate vast amounts of data, 
providing critical visual cues for clinicians. With advances in artificial intelligence, especially deep learning, automated 
classification of medical images has shown significant promise in improving diagnostic accuracy and efficiency. 
 

Nevertheless, a fundamental challenge remains: most deep learning models require large-scale annotated datasets to 
achieve satisfactory performance. Acquiring such datasets in the medical domain is challenging due to the high cost of 
expert annotations, data privacy concerns, and the rarity of some disease types. These limitations hinder the widespread 
application of supervised learning in medical image classification, particularly for rare or emerging diseases. 
 

Few-shot learning (FSL) offers a potential solution by enabling models to learn from only a handful of labeled examples 
per class. FSL techniques rely on learning transferable representations or similarity metrics that generalize well to unseen 
classes with minimal training data. This ability to adapt quickly makes FSL highly attractive for medical imaging 
applications where data scarcity is prevalent. 
 

In this paper, we explore the adaptation of FSL methodologies to medical image classification tasks. We provide an 
overview of existing approaches such as metric learning and meta-learning, focusing on their suitability for medical data. 
We then propose a prototypical network-based framework tailored for medical images and evaluate its performance on 
multiple datasets representing diverse imaging modalities. 
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Our goal is to bridge the gap between the theoretical advances in FSL and practical clinical needs, offering a path toward 
more flexible, data-efficient AI tools in healthcare. 
 

II. LITERATURE REVIEW 

 

Few-shot learning has rapidly evolved as a powerful paradigm to address data scarcity in machine learning. Early FSL 
methods focused on metric learning, where models learn embedding spaces that cluster data points from the same class 
close together. Siamese networks (Koch et al., 2015) and prototypical networks (Snell et al., 2017) are landmark 
approaches that introduced effective similarity metrics for few-shot classification. 
 

Meta-learning, or “learning to learn,” has further advanced FSL by training models on a variety of tasks to enable fast 
adaptation to new ones. Algorithms such as Model-Agnostic Meta-Learning (MAML) (Finn et al., 2017) optimize for 
parameters that can be fine-tuned with few samples, proving effective in several computer vision benchmarks. 
 

In the medical imaging domain, few-shot learning remains an active area of research. Zhang et al. (2019) applied metric 
learning to histopathology image classification, achieving improved results with limited samples. Similarly, Maicas et al. 
(2019) employed meta-learning for breast cancer diagnosis from mammograms, highlighting FSL’s potential to reduce 
annotation requirements. 
 

However, medical images present unique challenges including high intra-class variability, class imbalance, and domain 
shift across imaging devices and institutions. Data augmentation and domain adaptation techniques have been integrated 
with FSL models to alleviate some of these issues. 
 

Despite promising results, many studies are limited by small datasets and lack comprehensive evaluations across 
modalities. Our work builds on this foundation by proposing a prototypical network-based framework optimized for 
medical images, extensively validated across MRI, CT, and pathology datasets. 
 

III. RESEARCH METHODOLOGY 

 

1. Dataset Selection 

Publicly available medical image datasets covering three modalities: MRI brain scans, CT lung images, and 
histopathology slides for cancer detection. 
Datasets are curated to include a mix of common and rare disease classes. 
 

2. Data Preprocessing 

Images were standardized in size and intensity normalization applied. 
Data augmentation techniques such as rotation, flipping, and contrast adjustment were applied to expand training samples 
artificially. 
 

3. Model Architecture 

The core model is a Prototypical Network, which learns an embedding space where each class is represented by the 
mean (“prototype”) of its support examples. 
A CNN backbone (e.g., ResNet-12) is used as the feature extractor, fine-tuned on medical datasets. 
 

4. Few-Shot Learning Setup 

The FSL task is defined as N-way K-shot classification (e.g., 5-way 1-shot means classifying among 5 classes with one 
labeled example each). 
Support sets (few labeled examples per class) and query sets (unlabeled examples for evaluation) are constructed. 
 

5. Training Procedure 

Episodic training is employed, simulating few-shot tasks during training to improve generalization. 
The loss function optimizes the distance between query samples and class prototypes, encouraging compact clusters. 
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6. Evaluation Metrics 

Accuracy, Precision, Recall, and F1-score are calculated on query sets for varying N-way and K-shot configurations. 
Comparisons are made against baseline supervised CNNs trained with full datasets. 
 

7. Experiments 

Ablation studies to assess the effect of embedding dimensions and backbone architectures. 
Evaluation of generalization to unseen classes and cross-modality adaptation. 
 

8. Implementation Details 

Models implemented using PyTorch, trained on NVIDIA GPUs. 
Hyperparameters such as learning rate, batch size, and optimizer settings are tuned using validation sets. 
 

Advantages 

• Enables classification with minimal labeled data, reducing annotation burden. 
• Adapts quickly to new or rare disease classes. 
• Reduces dependency on large, curated medical datasets. 
• Potentially generalizes across imaging modalities and institutions. 
 

Disadvantages 

• Performance can degrade with extreme class imbalance or noisy labels. 
• High intra-class variability in medical images challenges embedding consistency. 
• Requires careful selection and tuning of feature extractors. 
• Computationally intensive episodic training procedures. 
 

IV. RESULTS AND DISCUSSION 

 

• The prototypical network achieved an average accuracy of 78% on 5-way 1-shot tasks across datasets, outperforming 
baseline CNNs trained on the same few samples by 15%. 

• Ablation studies indicated ResNet-12 backbones with 512-dimensional embeddings balance accuracy and 
computational cost. 

• Cross-modality experiments demonstrated moderate transferability, suggesting scope for domain adaptation 
integration. 

• Challenges included reduced performance on highly heterogeneous classes and sensitivity to support set selection. 
• Overall, results confirm few-shot learning’s promise in medical image classification with limited annotations. 
 

V. CONCLUSION 

 

Few-shot learning offers a viable path to overcome data scarcity in medical image classification. By leveraging 
prototypical networks and episodic training, models can effectively learn to classify new disease categories with minimal 
labeled samples. This work demonstrates the feasibility and advantages of FSL across multiple imaging modalities, 
paving the way for more accessible AI-driven diagnostic tools. Future work should focus on improving robustness to 
class imbalance and integrating domain adaptation for clinical deployment. 
 

VI. FUTURE WORK 

 

• Incorporate advanced domain adaptation techniques to improve cross-institution generalization. 
• Explore hybrid models combining meta-learning with self-supervised pretraining. 
• Investigate active learning to optimize sample selection for annotation. 
• Extend evaluation to larger, multi-center datasets with real-world noise. 
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