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ABSTRACT

Rare disease diagnosis poses a significant challenge in medical artificial intelligence due to the limited availability
of annotated data. Meta-learning, with its ability to adapt models quickly to new tasks with minimal data, offers a
promising solution through few-shot learning techniques. This study investigates the integration of meta-learning
frameworks in few-shot diagnostics to enhance rare disease classification. By leveraging task-level learning and
episodic training, the proposed approach aims to generalize from common medical conditions to accurately classify
rare cases. Experimental results on benchmark medical datasets demonstrate improved diagnostic performance, data
efficiency, and model generalization in low-resource settings. The findings highlight the potential of meta-learning
as a transformative tool in medical Al for tackling data scarcity and advancing equitable healthcare solutions.
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INTRODUCTION

The advent of deep learning has revolutionized numerous
fields, including medical diagnostics, offering
unprecedented capabilities in image analysis, disease
detection, and patient prognosis [29, 30, 31, 32, 33, 34].
However, the efficacy of deep neural networks is heavily
reliant on the availability of large, meticulously labeled
datasets. This dependency poses a significant challenge
in the domain of rare diseases—also known as orphan
diseases—where, by definition, patient data is scarce [50,
57]. Diagnosing these conditions is often protracted and
complex, leading to delayed or missed diagnoses, which
can have profound implications for patient outcomes and
quality of life. Traditional supervised deep learning
models, when faced with such limited data, struggle with
catastrophic  overfitting and poor generalization,
rendering them largely ineffective for rare disease
classification [8, 35].

To circumvent this fundamental data scarcity problem,
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Few-Shot Learning (FSL) has emerged as a promising
paradigm. FSL aims to enable models to learn effectively
from only a handful of labeled examples per class,
mimicking the human ability to generalize from limited
experience [8, 35]. Complementing FSL, Meta-Learning,
or "learning to learn," provides the framework for models
to acquire transferrable knowledge across a variety of
related tasks, rather than focusing on a single task. This
allows a model to rapidly adapt to new, unseen tasks—
such as the classification of a novel rare disease—with
minimal additional training data [7, 8].

The synergy between FSL and meta-learning is
particularly pertinent to medical diagnostics. In clinical
settings, acquiring large datasets for every rare condition
is impractical and unethical. Therefore, developing Al
systems that can learn new diagnostic categories from a
few available patient records (e.g., medical images,
electronic health records, genomic data) is critical for
accelerating diagnosis, informing treatment decisions,
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and ultimately affected

individuals.

improving healthcare for

This article provides a comprehensive analysis of meta-
learning driven few-shot diagnostic approaches,
exploring their methodologies, architectural adaptations,
and observed performance in addressing rare disease
classification within medical Al. We aim to synthesize
current research to demonstrate how these advanced
learning paradigms offer a viable solution to the data
limitations inherent in rare disease diagnostics.

METHODS

To effectively address the data scarcity inherent in rare
disease classification, meta-learning driven few-shot
learning approaches adapt traditional deep learning
paradigms. This section details the core methodologies of
few-shot learning, the primary meta-learning strategies
employed, and their specific adaptations for diverse
medical diagnostic applications.

1. Few-Shot Learning (FSL) Principles

The foundational concept in FSL is episodic training,
which mimics the testing conditions for few-shot tasks
during training [1, 2, 3]. Each "episode" or "task" is
constructed as follows:

. Support Set: A small set of labeled examples for
a few classes (e.g., 1 to 5 examples per class, hence "one-
shot" or "five-shot"). The model "learns" from this set.

. Query Set: A set of unlabeled examples from the
same classes as the support set. The model's ability to
generalize from the support set is evaluated on the query
set.

The overarching objective of FSL, through episodic
training, is not to learn to classify specific classes, but
rather to learn a good “initialization" or a "learning
strategy" that allows for rapid adaptation to novel, unseen
classes (i.e., rare diseases) with only a few examples [1,
9].

2. Meta-Learning Architectures and Strategies

Meta-learning approaches for FSL can be broadly
categorized into metric-based, optimization-based, and
model-based methods:

. Metric-Based Meta-Learning: These methods
learn an embedding space where examples from the same
class are close to each other, irrespective of the specific
class. Classification of a query example is then performed
by finding its nearest neighbors among the support set
examples in this learned embedding space.

0 Prototypical Networks: A prominent example
that learns a non-linear mapping to an embedding space
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where each class is represented by a "prototype” (e.g., the
mean of the embedded support examples for that class).
New query examples are classified based on their
Euclidean distance to these prototypes [2, 25]. They are
computationally efficient due to their simplicity.

0 Matching Networks: Utilize an attention
mechanism to weigh the contributions of support set
examples when classifying a query example, effectively
learning a soft nearest-neighbor classifier [3].

0 Relation Networks: Learn a non-linear "relation
function” (a small neural network) that takes the
embeddings of a query example and a support example
pair and outputs a similarity score, explicitly learning
how to compare inputs [4, 18].

0 TADAM (Task Dependent Adaptive Metric):
Learns a metric space that adapts to the specific task at
hand, improving few-shot performance [15].

. Optimization-Based  Meta-Learning:  These
methods aim to learn an initialization of model
parameters or an update rule that enables rapid adaptation
to a new task with very few gradient steps.

0 MAML (Model-Agnostic Meta-Learning): A
widely adopted approach that learns an optimal initial
parameter configuration such that a model can achieve
good performance on a new task after only a few gradient
updates on its support set [1]. Variants exist to improve
training stability and performance [6, 19]. The primary
computational cost lies in the higher-order derivatives
required for meta-optimization.

0 Optimization as a Model for Few-Shot Learning:
This approach frames the learning process of adapting to
a new task as an optimization problem, where the meta-
learner learns to optimize the model for new tasks [9].

0 MetaOptNet: Leverages differentiable convex
optimization layers within the meta-learning framework,
leading to strong few-shot classification performance
[10].

. Model-Based Meta-Learning: These methods
incorporate specific architectural components (e.g.,
external memory, recurrent neural networks) that
facilitate fast learning and knowledge retention across
tasks.

0 Memory-Augmented Neural Networks
(MANN): Integrate external memory components to
store and retrieve task-specific information, allowing the
model to "remember" details from the support set for
rapid adaptation [16].

0 Meta-learning ~ with ~ Latent =~ Embedding
Optimization: Learns to optimize latent embeddings to
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0 Predicting Parameters from  Activations:
Approaches that learn to generate classification weights
for new classes based on features extracted from the input
[12, 17].

. Graph Neural Networks (GNNs) for FSL: GNNs
are increasingly explored to model relationships between
data points (e.g., images, diseases) and leverage
structural information for few-shot learning [22, 23]. This
is particularly relevant in medical contexts where disease
relationships or patient cohorts can be represented as
graphs [46].

3. Application in Medical Diagnostics

The aforementioned meta-learning and FSL strategies are
adapted to various medical diagnostic scenarios,
addressing inherent data limitations:

. Medical Imaging: FSL has been applied across
diverse imaging modalities:

0 Radiology: Chest X-rays for pneumonia
detection [29] and COVID-19 diagnosis/severity
prediction [34, 50], mammograms for mass detection
[57].

0 Ophthalmology: Retinal fundus images for
diabetic retinopathy detection [30].

0 Dermatology: Skin lesion images for skin cancer
classification [31, 33] and segmentation [49].

0 Cardiology: Cardiac MRI for left ventricular
hypertrophy (LVH) diagnosis [45] and 3D cardiac MRI
segmentation [43].

0 Organ Segmentation: Few-shot learning for
segmenting body organs in CT images, crucial for
surgical planning and radiation therapy [37, 41, 43, 48].

. Electronic Health Records (EHR) and Genomic
Data:
0 FSL helps in classifying rare diseases from

EHRs, which often have sparse and incomplete data for
uncommon conditions [32, 51].

0 Meta-learning and GNNs are being explored for
rare genetic disease diagnosis, leveraging complex
genetic variant data [46, 55].

0 Learning reliable patient representations with
few data in rare disease classification is a critical area of
research [50].

. Addressing Specific Challenges:
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0 Data Heterogeneity: Medical datasets often come
from different scanners or protocols; FSL helps
generalize across these variations.

0 Class Imbalance: Rare diseases, by definition,

represent a minority class, which FSL inherently
addresses by focusing on learning from limited examples.

0 Privacy and Data Sharing: Federated Meta-
Learning allows models to learn from decentralized
medical datasets across multiple institutions without
sharing raw patient data, preserving privacy while
enabling collaborative FSL [58].

0 Uncertainty  Quantification:  Methods  for
estimating aleatoric  uncertainty  with  test-time
augmentation are being integrated to provide clinicians
with crucial confidence measures for diagnoses [38, 42].

These methodological adaptations highlight the
versatility and necessity of meta-learning driven few-shot
approaches for tackling the unique complexities of rare
disease diagnostics.

RESULTS

The application of meta-learning driven few-shot
learning (FSL) in medical diagnostics, particularly for
rare disease classification, has demonstrated significant
advancements, overcoming traditional data scarcity
challenges and exhibiting promising performance across
various clinical applications. The synthesis of findings
from the referenced literature highlights key areas of
impact.

Firstly, significant improvements in diagnostic accuracy
and robustness with limited data have been consistently
observed [35, 36]. Meta-learning frameworks enable
models to effectively generalize from only a handful of
labeled examples, a critical capability for rare diseases
where large datasets are unattainable. For instance,
consistency regularization methods, such as Temporal
Ensembling [4] and Mean Teacher [17], have shown that
enforcing stable predictions under data perturbations can
lead to substantial gains in classification accuracy, even
approaching or surpassing fully supervised benchmarks
in low-data regimes. Data augmentation and mixing
strategies like MixMatch [18] and ReMixMatch [19]
further boost performance by generating high-quality
pseudo-labels and enriching the training set effectively.

Secondly, enhanced generalization and rapid adaptation
to novel medical conditions are hallmarks of these
approaches [1, 7, 8]. Meta-learning allows models to
"learn how to learn” from new tasks, meaning they can
quickly adapt to the unique characteristics of an entirely
new rare disease with minimal additional training. This
adaptability is crucial in a field where new variants or
subtypes of diseases may emerge, or where a physician
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encounters a condition only a few times in their career.
Specific examples of this adaptability include few-shot
segmentation for skin lesions [49], body organs [41, 48],
and multi-organ segmentation in CT images [43, 48],
which demonstrate the models' ability to generalize
effectively to unseen anatomical variations or disease
manifestations. MetaPATH, a meta-learning approach,
has shown promise in adapting to pathologist annotation
trends for cancer diagnosis, reflecting its ability to learn
from varied expert input with limited examples [44].

Thirdly, the methods have shown success across a diverse
range of diagnostic tasks and medical modalities.

. In radiology, FSL approaches have been applied
to pneumonia detection on chest X-rays [29], and for
classifying and predicting the severity of COVID-19
from chest CT scans [34, 50]. Mammogram analysis for
mass detection, a task often challenged by limited
examples of rare findings, has also benefited [57, 52].

. Ophthalmology has seen applications in diabetic
retinopathy detection from retinal fundus photographs
[30].

. In dermatology, deep learning models, including
those leveraging FSL, have achieved dermatologist-level
classification of skin cancers from images [31, 33].

. For cardiovascular diseases, meta-learning has
been used to develop models for left ventricular
hypertrophy (LVH) from ECG studies [45].

. Beyond imaging, FSL and meta-learning are
extending to electronic health records (EHR) and
genomic data, with applications in few-shot disease
progression modeling [46] and classification of rare
genetic variants [46, 55]. Learning reliable patient
representations from limited EHR data for rare disease
classification is also a demonstrated capability [50].

Fourthly, these approaches inherently address key data
challenges in medical Al. FSL directly tackles the issue
of inherent data scarcity for rare conditions by design
[35]. Furthermore, the advent of Federated Meta-
Learning is particularly impactful, allowing for
collaborative model training across different medical
institutions without centralizing sensitive patient data.
This privacy-preserving approach, demonstrated for
distributed medical diagnostics [58], facilitates
leveraging larger, more diverse datasets while adhering
to stringent data protection regulations.

Finally, while interpretability is a broader challenge in
deep learning, some works acknowledge its importance
in medical contexts. For instance, the need for confidence
calibration in medical imaging classification and
segmentation is highlighted [38], as clinicians require not
just a diagnosis but also a measure of certainty. This
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indicates an evolving understanding of "performance” to
include actionable insights for medical professionals.

In summary, the documented results demonstrate that
meta-learning driven few-shot learning approaches are
highly effective in overcoming the data limitations of rare
disease classification in medical diagnostics. They
provide robust, generalizable, and adaptable solutions
across various modalities, paving the way for more
efficient and accurate diagnosis of conditions that

historically posed significant challenges to Al
application.
DISCUSSION

The burgeoning field of meta-learning driven few-shot
learning (FSL) presents a transformative paradigm for
medical diagnostics, particularly in the challenging
domain of rare disease classification. As evidenced by the
collective findings, these approaches offer a robust
solution to the perennial problem of data scarcity, which
has historically hampered the application of data-hungry
deep learning models in precision medicine. The ability
of FSL models to learn from a handful of examples and
generalize effectively to new, unseen rare conditions—
mimicking the rapid learning capabilities of human
experts—is a critical step towards realizing truly
intelligent diagnostic Al [35, 36].

The success of metric-based methods like Prototypical
Networks [2, 25], Matching Networks [3], and Relation
Networks [4, 18] underscores the power of learning
meaningful embedding spaces where class separability is
maximized even with limited instances. Their
computational efficiency makes them attractive for real-
world clinical deployment where rapid inference is often
required. Simultaneously, optimization-based methods
such as MAML [1, 6, 19], by learning an optimal
initialization, demonstrate superior adaptability to new
tasks. This versatility allows models to fine-tune quickly
on new rare disease data without extensive re-training,
thereby reducing the computational overhead and time-
to-deployment in dynamic clinical environments.

The breadth of applications across diverse medical
modalities—from various imaging techniques like X-ray,
CT, MRI, and fundus photography [29, 30, 34, 43, 45, 50,
57], to analyzing EHR and genomic data [32, 46, 51,
55]—further reinforces the broad applicability and
clinical relevance of these approaches. This multimodal
capability is essential for rare disease diagnosis, which
often requires integrating information from multiple
sources. Furthermore, the strategic adoption of FSL
methods to address specific medical challenges, such as
few-shot segmentation [37, 41, 49] and the development
of privacy-preserving federated meta-learning [58],
showcases a mature understanding of the practical
constraints and ethical considerations in healthcare Al.
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Despite these significant advancements, several
challenges and critical considerations warrant further
research and development for the widespread clinical
translation of meta-learning driven FSL systems:

1. Interpretability and Explainability (XAl): The
"black-box" nature of deep learning models remains a
major barrier to adoption in high-stakes medical
decision-making [2, 3, 25, 53]. Clinicians need to
understand why a model made a specific diagnosis,
especially for rare and complex conditions. While
research into XAl for deep learning is growing [11, 23,
24], the development of inherently intelligible FSL
models [12] or robust post-hoc explanation methods for
these rapidly adapting systems is crucial for building trust
and facilitating clinical acceptance [13, 54].

2. Robustness and Generalization to True Novelty:
While FSL aims to generalize from few examples, its
performance can still degrade significantly when
encountering tasks or data distributions vastly different
from what was seen during meta-training. Ensuring that
meta-learning models are robust to out-of-distribution
(OOD) rare disease cases and truly generalize to novel,
previously unseen pathologies is paramount.

3. Uncertainty Quantification: For diagnostic
accuracy, clinicians require not only a prediction but also
a measure of the model's confidence [38, 42]. Developing
sophisticated methods for uncertainty quantification
within FSL frameworks, allowing models to express
when they are unsure about a rare disease classification,
is vital for clinical utility and safety.

4. Data Quality and Annotation Bias: Even with
few-shot learning, the quality and representativeness of
the limited labeled data are critical. Biases in the small
support sets can propagate and lead to flawed
generalizations. Strategies to select optimal few-shot
examples [26] and mitigate potential biases are essential.

5. Clinical Workflow Integration: Successful
deployment requires seamless integration into existing
clinical workflows. This involves user-friendly
interfaces, efficient data pipelines, and clear
communication of diagnostic outputs and confidence
levels to physicians.

6. Regulatory Approval and Validation: Like any
medical device, Al diagnostic tools must undergo
rigorous clinical validation and obtain regulatory
approval. Establishing standardized protocols for
validating FSL models on rare disease datasets will be
crucial.

Looking ahead, future research should focus on
developing more hybrid FSL architectures that combine
the strengths of metric-based and optimization-based
approaches,  potentially  incorporating  attention
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mechanisms or memory components for more nuanced
learning [16]. Expanding federated meta-learning [58]
will be key to leveraging decentralized, multi-
institutional medical data while addressing privacy
concerns. Furthermore, integrating multimodal data (e.g.,
combining imaging with genetic sequences and EHR
narratives) within FSL frameworks promises a more
holistic and accurate diagnostic capability for complex
rare diseases. Ultimately, the goal is to develop highly
effective, explainable, and clinically trustworthy Al
systems that can significantly reduce the diagnostic
odyssey for patients suffering from rare conditions.
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