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Abstract—In today’s World Rare diseases are combinely affect 

over 300 million people; however, very poor information is 

available based on these types of conditions, especially about the 

molecular mechanisms behind rare phenotypes. In this paper, a 

novel analysis is presented in which multi-omics data—such as 

genomics, transcriptomics, epigenomics, proteomics, and 

metabolomics—are integrated using a meta-learning framework. 

By analyzing existing computational frameworks, several major 

challenges are detected, such as extreme class imbalance, cross-

cohort heterogeneity, and sparse labelling. To overcome these 

types of problems, a new novel framework called MetaOmics-RPD 

is proposed for the discovery of rare phenotypes. 

In this novel framework, few-shot learning, Model-Agnostic Meta-

Learning (MAML), and graph-based omics integration are used 

within a hierarchical Bayesian structure. Almost 112 case studies 

published between 2015 and 2025 are reviewed, and their datasets, 

evaluation methods, and experimental setups are examined and 

analysed thoroughly. Different kinds of open challenges are also 

focused on, such as interpretability, compatibility with federated 

learning, and multi-modal model integration. The main 

contributions of this work include a specialized meta-learning 

technique for imbalanced data and a Hierarchical Graph Neural 

Network (HGNN) for amalgamating features from different data types. The proposed method shows an 

improvement in AUROC scores of 12% to 27% compared to baseline models. The main purpose of this paper 

is to provide a basic reference guide for researchers in the field of systems biology, machine learning, and 

clinical genomics. 
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I. INTRODUCTION 

A rare disease is defined as a condition, or we can 

say a situation, that affects a very small group of 

people; according to the European Union, fewer 

than 1 in every 2,000 individuals are affected by 

this kind of disease. Although each disease is rare, 

a large global impact is created when they are 

considered together. Around 7,000 different rare 

diseases are detected, and in the world, more than 

300 million people are affected by them [1-6]. 

Overall, about 6–8% of the population is impacted, 

and in nearly 80% of cases, a genetic cause is 

involved [7]. However, a sufficient amount of data 

cannot be easily collected because a very small 

number of patients are available, and this creates a 

major problem for developing effective machine 

learning models. 

In recent years, a large amount of biological data 

has been generated through modern technologies 

and modern techniques [8]. Data are collected from 

genes, proteins, and other sources; these are known 

as omics data. When we have different types of 

data, such as genomics, transcriptomics, and 

proteomics, we can analyze them for a better 

understanding of these kinds of diseases; this 

process is called multi-omics amalgamation [9]. 

There are several challenges we have to face 

because of such complex data, imbalance in data, a 

very large number of variables, and a smaller 

amount of clinical information [10]. 

Meta-learning has been introduced as an important 

approach to resolving these kinds of problems. In 

this approach, models are trained in a way such that 

they are capable of learning how to learn, so that 

new types of problems can be solved with the help 

of a limited amount of data [11]. Although this 

approach has already been successfully applied in 

fields like image recognition and language 

processing, its impact on rare disease diagnosis is 

still at an early stage. 

In this study, a detailed review, or we can say a 

detailed analysis of meta-learning applications for 

rare disease diagnosis using multi-omics data has 

been presented. Different types of methods or 

techniques have been analyzed, major challenges 

have been detected, and a new novel framework 

called MetaOmics-RPD has been proposed to 

resolve these problems. With thisfuture research 

directions have been suggested also. The article has 

been organized into several sections, where topics 

such as data types, basic concepts of meta-learning, 

existing methods or techniques, the proposed 

model, and future research direction have been 

explained step by step. 

II. RELATED WORK 

A. Multi-Omics Methods for Rare Disease: 

Traditional computational approaches in 

rare disease genomics mainly focused on 

single-omics analyses, utilizing Whole-

Exome Sequencing (WES) pipelines. 

Variant prioritization tools—such as 

CADD [12], REVEL [13], and ClinPred 

[14]—were also applied to gain success in 

identifying disease-causing variants for 

Mendelian disorders. However, for 

complex rare diseases which involves 

oligogenic or environmental influences 

where variant analysis alone has proven 

insufficient [15]. While the ACMG/AMP 

guidelines provide a clinical framework 

for variant classification, they do not 

incorporate multi-omics signals [16]. 

Multi-omics amulgamation approaches for 

rare diseases have been introduced only 

recently. Haas et al. [17] integrated WES 

and RNA-seq data to detect patients with 

undiagnosed rare diseases; this study 

presented that expression outlier analysis 

can help to focus on certain disease-

causing variants that had previously been 

overlooked. Similarly, Kremer et al. [18] 

utilized transcriptomics that applied to 

blood samples that collected from patients 

with mitochondrial disorder that is used to 

identify disease-associated splicing 

abnormalities. A Bayesian multi-omics 

factor analysis framework named MOFA+ 

[19] was applied to a rare disease cohort to 

disentangle shared and specific sources of 

variation. But, due to its unsupervised 

nature, this approach was not considered 

https://ijcope.org/


International Journal of Creative and Open Research in Engineering and Management    

ISSN: 3108-1754 (Online) 

Volume 02 Issue 07 Jul-2026 | Impact Factor: 3.5 

 

© 2026 The Author(s). Published by IJCOPE Journal. Website: https://ijcope.org/                                                                                                  3 

 

 

optimal, and it has many limitations, 

among them, the main problem is that it is 

particularly problematic regarding the 

classification of rare phenotypes. Meng et 

al. [20] reviewed dimensionality reduction 

methods for multi-omics integration, yet 

these approaches are not capable of 

perfectly addressing the issue of class 

imbalance within the context of rare 

phenotypes. 

B. Machine Learning for Rare Phenotype 

Detection: 

Machine learning methods are used to 

identify rare phenotypes. Addressing the 

problem of class imbalance is essential 

when utilizing these methods. Classical 

resampling techniques, such as SMOTE 

[21] and ADASYN, have been applied—

specifically within the context of genomics 

data. However, their efficiency is not up to 

the mark in very high-dimensional spaces; 

in such scenarios, synthetic interpolation 

fails to generate biologically realistic 

samples [22]. Anomaly detection methods 

have also been utilized to detect rare 

phenotypic outliers [23], [24]; these 

include One-Class SVM, Isolation Forests, 

and Autoencoders. These Autoencoders 

are trained exclusively on common 

phenotypes. However, these methods do 

not give us effective outcomes for the 

limited number of labeled rare samples 

available. Also, they do not capitalize on 

information derived from related rare 

phenotypes. 

Deep learning approaches have also been 

adopted, including Graph Convolutional 

Networks [25-26], Variational 

Autoencoders, and Transformer 

architectures. These methods or 

techniques have been applied across 

various fields such as patient similarity 

networks, multi-omics imputation, and 

genomic sequence modeling [27]and have 

represented considerable promise. These 

methods usually work on large, labeled 

datasets or resources that are generally 

unavailable for rare phenotypes. As a 

result of this, researchers have explored the 

transfer of learning from large cohorts of 

common diseases to rare diseases [28]; 

however, a domain shift is frequently 

observed between common and rare 

phenotypes, which often causes the 

negative transfer. 

C. Meta-Learning in Biomedical Contexts: 

Meta-learning has been applied to 

biomedical tasks. These applications 

include drug response prediction [29], 

classification of clinical phenotypes from 

electronic health records [30], and single-

cell type identification [31]. Altae-Tran et 

al. [32] applied MAML for few-shot 

molecular property prediction; their work 

showed that meta-training within the 

chemical domain can enhance 

theefficiency of the learning process, and a 

speedup observed specifically for novel 

molecular tasks. More recently, Nguyen et 

al. [33] applied Prototypical Networks for 

the detection of rare cell types in single-

cell RNA-seq data, which demonstrates 

improvements in a 5-shot setting. More 

specifically, we can say that a 15–20% 

improvement was observed compared to 

standard classifiers. Qin et al. [34] 

proposed OmicsMAML to represent it as a 

fundamental adaptation of MAML for pan-

cancer subtype classification. However, 

this work did not address the specific 

challenges of multi-omics fusion for rare 

phenotypes, but it is not capable of 

resolving the issue of extreme class 

imbalance. To the best of our knowledge, 

no existing work has been found that 

combines multi-omics integration with 

meta-learning specifically for the 

discovery of rare phenotypes. Also, no 

explicit and perfect solutions have been 

provided for cross-modal heterogeneity, 

class imbalance, or federated constraints. 
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III. MULTI-OMICS DATA: MODALITIES, 

PROPERTIES, AND CHALLENGES 

A. Overview of Omics Modalities: The term 

'omics' refers to high-throughput 

measurement of an entire class of biological 

molecules. It has many layers where each 

layer is capable to capture distinct aspects of 

biological systems and disease states. Table I 

represent the primary omics modalities, their 

data types, key technologies, dimensionality, 

and relevance to rare disease relevance or 

research. 

TABLE I: Summary of Multi-Omics Modalities Relevant to 

Rare Phenotype Discovery 
 

Omics 

Layer 

Data 

Type 

Key 

Technology 

Dimension 

ality 

Rare 

Disease 

Relevance 

Genomics SNPs, 

CNVs, 

SVs 

WGS, WES, 

SNP Arrays 

~3×10⁹ 

sites 

Causal 

variant 

identificati 

on 

Transcripto 

mics 

mRNA, 

lncRNA, 

miRNA 

RNA-seq, 

scRNA-seq 

~20,000–

50,000 

genes 

Expression 

dysregulati 

on 

Epigenomi 

cs 

DNA 

methylat 

ion, 

Histone 

marks 

WGBS, ChIP- 

seq, ATAC-

seq 

~28M CpG 

sites 

Regulatory 

mechanis 

m 

discovery 

Proteomics Protein 

abundan 

ce, 

PTMs 

LC-MS/MS, 

Olink, 

SOMAscan 

~10,000–

20,000 

proteins 

Functional 

pathway 

disruption 

Metabolom 

ics 

Small 

molecul 

es, lipids 

NMR, GC-

MS, LC-MS 

~1,000–

100,000 

metabolites 

Metabolic 

pathway 

phenotypi 

ng 

Microbiomi 

cs 

Microbi 

al 

composi 

tion, 

function 

16S rRNA-seq, 

Metagenomics 

~10M 

microbial 

genes 

Environme 

ntal 

phenotype 

modifiers 

B. Multi-Omics Integration Strategies: Multi-

omics amulgamation methods are primarily 

classified into three parts [35]. In the early 

amulgamation (feature concatenation) 

approach, all omics features are mixed up 

before the model training to make a single 

unified dataset. Conceptually, this method is 

marked as simple, but it faces many challenges, 

such as the curse of dimensionality and 

modality imbalance problems. Larger omics 

layers are inclined to dominate the signal. The 

intermediate  amulgamation  (joint  learning) 

approach uses modality-specific encoders to 

learn latent representations from each 

individual modality. Subsequently, these 

representations are combined, preserving the 

statistical characteristics of each omics layer 

before doing the fusion. This approach utilizes 

deep learning techniques or methods such as 

Variational Autoencoders (VAEs), Graph 

Neural Networks (GNNs), and attention 

mechanisms [36]. In the late amulgamation 

(ensemble or decision fusion) approach where 

different models are trained for each individual 

omics layer, and each dataset is processed 

separately. Then the final decisions are merged 

using techniques such as voting, stacking, or 

Bayesian model averaging [37]. For the 

discovery of rare phenotypes, intermediate 

amulgamation is mostly preferred over the other 

two techniques because this approach facilitates 

modality-specific normalization, also it has the 

capability to handle the missing data within 

each modality, and allows them without any 

biological prior knowledge—such as protein-

protein interaction networks and gene ontology 

hierarchies—directly into the model 

architecture [38]. Limited sample availability in 

rare phenotype studies may arise some negative 

transfer effects across different categories of 

data modalities. So, the careful design of the 

fusion method is required, and the fusion 

technique must be properly optimised to gain 

high performance 

C. Specific Challenges for Rare Phenotype 

Discovery: Discovering rare phenotypes 

using multi-omics approaches suffers from 

various complex challenges. Along with the 

general problems related to identifying rare 

events, some additional problems are also 

detected. 

First, a high level of class imbalance is 

detected. In case of large number population 

cohorts—such as the UK Biobank—

different subtypes of rare diseases can be 

detected at very low frequency. Sometimes, 

this rate falls below 0.01%. As a result of 

this, even aggressive oversampling becomes 

insufficient without task-level augmentation 

[39]. 
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Second, rare phenotypes are generally 

defined by subtle molecular signatures. 

These molecular signatures are broadcasted 

into different omics layers simultaneously. 

As a result, single-omics techniques are 

considered inadequate [40]. Third, batch 

effects emerge as a significant issue. 

Technical variations are frequently observed 

across different cohorts and measurement 

platforms; these variations often obscure 

real biological signals. This problem is 

generally faced by concerned people at the 

time of aggregation of rare disease cohorts 

from multiple centers [41]. 

Fourth, another major problem is detected 

that is the problem of missing data. We can 

denoted that genomic and transcriptomic 

data may be present in many patient profiles, 

proteomic data is often missing. Under these 

circumstances, there is a recognized need for 

principled imputation strategies or 

architectures robust to missing modalities 

[42]. 

IV. META-LEARNING: FOUNDATIONS 

AND TAXONOMY 

A. Problem Formulation: 

In generalized supervised learning, a 

model θ is trained on a dataset D = {(xᵢ, 

yᵢ)} to minimize the expected loss. That is, 

the main aim is for the model to accurately 

learn the relationship between inputs and 

outputs and to minimize the error rate. But, 

in case of meta-learning, the learner 

operates on a distribution of tasks denoted 

as p(T), where each task Tᵢ is represented 

in the form {Sᵢ, Qᵢ}. Where, Sᵢ is the 

support set which is analogous to the 

training data for the task and Qᵢ is the query 

set which is analogous to the test data for 

the task [43]. The main objective of meta-

learning is to generate initial parameters or 

learning strategies that helps the model to 

adapt rapidly to any new task Tₙₑw 

sampled from p(T), utilizing only a few 

examples from its support set Sₙₑw. This 

paradigm is known as few-shot learning, 

where "K-shot, N-way" means that K 

examples are provided for each of N 

distinct classes. In the context of 

discovering rare phenotypes, a task Tᵢ is 

defined such that it consists of K samples 

from a specific rare phenotype Rᵢ and K·r 

samples from non-rare controls (where r 

>> 1 denotes the imbalance ratio) and it 

serves the purpose to identify the samples 

belonging to the rare phenotype within the 

query set Qᵢaccurately. The meta-training 

distribution p(T) is composed of tasks that 

involve diverse and related rare 

phenotypesas well as varying imbalance 

ratios. This guarentees that the meta-

learner acquires robust adaptation 

strategies a priori, and also make it capable 

to operate rapidly and effectively when it 

encounters novel rare phenotypes [43]. 

B. Taxonomy of Meta-Learning 

approaches: 

Meta-learning methods can be broadly 

categorized into three groups [44]. The 

first category consists of optimization-

based methods. These methods learn an 

initial parameter set θ₀ or an optimization 

algorithm to make the model capable to 

perform rapid gradient-based adaptation. 

MAML [1] and its various variantssuch as 

FOMAML, ANIL [4], and Meta-SGDare 

examples of this domain. These methods 

are model-agnostic. But they are 

computationally expensive due to their 

dependency on second-order gradients. 

The second category consists of metric-

based methods. These methods learn an 

embedding space within which task 

adaptation reduces to nearest-neighbor 

classification. Prototypical Networks [2], 

Matching Networks [3], and Relation 

Networks comes under this category. 

These methods are computationally 

efficient andit is capable to handle class 

imbalance because of their prototype-

based representations. 

The third category consists of model-based 

methods. These methods use recurrent 

networks or external memory to encode 

the context of a task and also generate 
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predictions based on thatspecific 

information. Memory-Augmented Neural 

Networks (MANNs) and SNAIL are two 

very vital examples of this class. These 

methods provide strong performance in 

sequential task settings. But their 

performance may be degraded in case of 

handling high-dimensional omics inputs. 

Table II compares leading meta-learning 

methods across dimensions critical for 

multi-omics rare phenotype applications. 

 
TABLE II: Comparison of Meta-Learning Methods for 

Multi-Omics Rare Phenotype Applications 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

C. Task Construction for Omics Data: 

Task construction represents a crucial part, 

but here it is not a fully explored design 

choice. The central question here is: how 

should episodes for meta-training be 

defined based on omics data? In traditional 

image-based few-shot learning, tasks are 

typically constructed by sampling N 

classes from a large set of labelled data. 

The scenario differs somewhat in the 

context of multi-omics-based rare 

diseases. Several strategies or techniques 

have been proposed to address this. 

First, in the Phenotype-as-Task approach, 

each disease subtype or phenotype is 

treated as a separate meta-learning task. 

This is an intuitive and straightforward 

method. But it has some drawbacks, that is 

it significantly reduces the total number of 

available tasks. 

Second, in the Cross-Cohort Episodic 

Training approach where support and 

query sets are collected from different 

cohorts that measure the same phenotype 

and tasks are constructed in this manner. 

This approach makes the meta-learner 

more robust against batch effects [45]. 

Third, the Augmented Synthetic Task 

approach, which uses generative models 

such as VAEs and GANsto generate 

realistic samples of rare phenotypes. The 

main aim of this approach is to broaden the 

task distribution [46]. 

Fourth, the Pathway-Guided Task 

Partitioning approach, which creates 

different task groups based on biological 

pathway membership. This helps the meta-

learner to utilizethe existing knowledge of 

the biological framework. [47]. 

IV. PROPOSED FRAMEWORK: 

METAOMICS-RPD 

A. Framework Overview: 

We propose MetaOmics-RPD (Meta-

Learning for Omics-based Rare Phenotype 

Discovery)—a novel end-to-end 

framework. This framework is capable of 

jointly processing heterogeneous multi-

omics data. It uses graph-structured 

representations to fulfil a contrastive meta-

learning objective. The framework 

consists of five distinct modules. The first 

is a modality-specific encoder. The second 

is a Heterogeneous Graph Neural Network 

(HGNN), which uses cross-modal fusion. 

The third is a Hierarchical Bayesian Meta-

Prior. The fourth is a dual-level contrastive 

meta-learning objective, and the fifth one 

is a Federated Adaptation Layer. Figure 1 

(Architecture Diagram; see inline details) 

represents the complete pipeline. 

B. Novelty Contribution 1: Dual-Level 

Contrastive Meta-Learning Objective 

Traditional few-shot learning methods, 

such as Prototypical Loss, operate at the 

task level and optimize the embedding 

distances between support prototypes and 

Method/Techniques Category Support 

for 

Imbalance 

Omics 

Adaptability 

Computational 

Cost 

MAML [1] Optimization-

based 

Moderate High High (O(n²)) 

Prototypical Nets [2] Metric-based High Moderate Low 

Matching Nets [3] Metric-based Moderate Moderate Moderate 

ANIL [4] Optimization-

based 

Moderate High Moderate 

FEAT [5] Transformer-based High High High 

MetaOmics-RPD-

Proposed Model 

Contrastive+Graph Very High Very High Moderate-High 
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query samples. These methods also face 

some challenges when applied to the 

discovery of extremely imbalanced and 

rare phenotypes. First, when the query set 

contains a preponderance of common-

class samples, the task-level objective fails 

to prevent the encoder from collapsing the 

representations of the rare classes. Second, 

the intra-class variation inherent within 

rare phenotypes, which particularly arising 

from genetic heterogeneity that is not 

explicitly modeled. 

To solve these issues, we propose a dual-

level contrastive objective formulated as: 

L_meta = L_task + λ₁·L_intra + λ₂·L_inter. 

Here, L_task represents the standard 

episodic cross-entropy loss. L_intra is an 

intra-class  contrastive  loss which is 

computed exclusively over the support 

samples of rare phenotypes. It is useful for 

capturing the internal diversity within the 

rare classes. L_inter is an inter-class 

contrastive loss that maximizes the margin 

between the embeddings of rare and 

common phenotypes within  a hyper 

spherical   embedding   space, then 

facilitating their distinct separation. λ₁ and 

λ₂ serve as weighting hyperparameters. At 

the time of the meta-training phase, these 

are adaptively determined by using meta-

gradients and are balanced based on the 

observed degree of prototype collapse 

under the rare classes. 

For a set of rare phenotype samples {zᵢ} 

within a given episode, the intra-class loss 

is denoted by cosine similarity in 

conjunction with a temperature parameter 

τ. For this loss, rare-class samples are 

capable of forming a cohesive and diverse 

cluster, rather than collapsing into a single 

point. This is particularly important 

because samples with rare phenotypes 

often exhibit genetic variation andcapable 

to preserve that diversity for efficient and 

accurate discovery. 

C. Novelty Contribution 2: Heterogeneous 

Graph Neural Network (HGNN) 

We represent the multi-omics profile of 

each patient as a node within a 

heterogeneous graph. This graph is 

denoted as G = (V, E, φ, ψ), where V is the 

set of patient nodes, and E is the set of 

edges. The type of each edge depends on 

various omics modalitiessuch as genomic 

similarity, transcriptomic relationships, or 

proteomic co-expression. The function φ 

relates each node to a feature vector. This 

vector encapsulates information from all 

omics modalities collectively. The 

function ψ connects each edge with its 

corresponding omics modality. 

The HGNN model uses a type-specific 

message-passing mechanism where each 

type of relationship is considered 

independently. Different computations are 

performed for each relationship type, 

specifically genomic, transcriptomic, 

proteomic, epigenomic, and metabolomic. 

A node collects and combines information 

from its neighboring nodes, which is 

further transformed using a weight matrix. 

This information is subsequently 

combined using an AGG function, and this 

combination can be either mean-based or 

attention-based. Finally, information from 

all relationship types is combined to 

generate the ultimate node representation. 

Cross-modal attention is used to construct 

this final representation to determine the 

relative importance of the various 

relationships. A weight is assigned to each 

relationship type by using a softmax 

function. This process utilizes a task-level 

context vectorwhich is derived from the 

support set. If data for a specific modality 

is missing, then this approach naturally 

downweights its importance, thereby 

partially solving the problem of missing 

data. The entire process is differentiable 

and allows it to amalgamate smoothly with 

meta-learning frameworks. 

Compared to conventional multi-omics 

fusion models, HGNN offers several 

significant   advantages.   The   most 

important advantage among these is its 
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ability to preserve the intrinsic structure of 

each individual modality. Secondly, it can 

adapt itself according to the support set of 

each episode by using task-conditioned 

attention. Thirdly, biological prior 

knowledge can be directly incorporated 

into the graph without any architectural 

modifications. Also, protein-protein 

interactions or metabolite-enzyme 

connections can be added as new edges. 

Thus, HGNN is a flexible and powerful 

method. 

D. Hierarchical Bayesian Meta-Prior 

A major challenge in applying meta-

learning to rare diseases is the less 

avaiability of meta-training tasks. Often, 

the number of distinct rare phenotypes 

accompanied by labeled multi-omics data 

falls below 100. When the number of tasks 

is limited, traditional meta-learning 

approaches face an increased risk of 

overfitting at the meta-level. To solve this 

problem, we impose a hierarchical 

Bayesian prior on the meta-parameters θ. 

This prior is formulated as: p(θ) = ∫ 

p(θ|φ)p(φ)dφ. Here, φ denotes a 

hyperprior, which is represented based on 

biological pathway structures. We 

represent this meta-prior as a matrix-

variate Gaussian, and its covariance 

structure mirrors the topology of the 

KEGG pathway hierarchy. As a result of 

this, meta-parameters associated with 

functionally related genes are able to share 

statistical strength. This biologically 

informed regularization is very much 

crucial when there is a smaller number of 

tasks. It provides a systematic and 

principled approach for incorporating 

domain knowledge into the meta-learning 

framework. 

E. Federated Adaptation Layer 

Data regarding patients with rare diseases 

is often distributed across multiple centers. 

This data cannot be centralized in a single 

location because of the regulatory 

constraints, such as GDPR and HIPAA. To 

overcome  this  problem,  we  have 

incorporated a federated adaptation layer 

into the MetaOmics-RPD model. This 

layer performs task adaptation locally at 

each participating center. Also, the 

gradient updates received from each center 

are combined with each other. A Gaussian 

mechanism or technique is used at the time 

of this aggregation process. Through this 

mechanism, differential privacy noise 

accompanied by an ε-DP guarantee is 

introduced. 

The main aim of federated meta-learning is 

to minimize the loss functions across all 

participating centers. Here, k denotes each 

individual participating center, n_k 

represents the volume of data at the k-th 

center and N represents the total volume of 

data. We have theoretically represented 

that by considering some general 

assumptions, this method converges at a 

rate of O(1/√(KT)). Here, K represents the 

total number of centres, and T denotes the 

number of communication rounds. This 

convergence rate is equivalent, up to a 

constant factor, to the convergence rate of 

non-federated MAML. 

V. BENCHMARKS, EVALUATION, AND 

EXPERIMENTAL PROTOCOL 

A. Benchmark Datasets: 

Table III summarizes key benchmark 

datasets for evaluating multi-omics rare 

phenotype discovery methods. 

 

 

 

 

 

 
TABLE III: Benchmark 

Datasets for Multi-Omics Rare 

Phenotype Discovery 
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B. Evaluation Metrics: 

Traditional classification metrics, such as 

accuracy, are not always suitable for 

examining rare phenotypes efficiently because 

of the inflation of the majority class. For this 

reason, specific metrics should be used to 

ensure accurate or efficient evaluation. First, 

AUROC (Area Under the Receiver Operating 

Characteristic Curve) is a preferred primary 

metric as it is threshold-independent and 

provides robust results in the presence of class 

imbalance. Second, AUPRC (Area Under the 

Precision-Recall Curve) gives a more accurate 

reflection of the minority class's performance 

within highly imbalanced datasets. Third, F1-

rare can be utilized, wherein the F1 score is 

calculated exclusively for the rare phenotype 

class. Fourth, MCC (Matthews Correlation 

Coefficient) offers a balanced measure, even 

when the classes are highly disproportionate. 

Fifth, in the case of clinical applications, it is 

crucial to evaluate the model's calibration 

using ECE (Expected Calibration Error). 

Furthermore, the detection of rare phenotypes 

may exhibit high variability. Therefore, to 

ensure reliable results, it is preferable to report 

confidence intervals derived through repeated 

stratified cross-validation or bootstrap 

resampling. 

C. Performance Comparison: 

Table IV presents a comparative 

performance analysis across six 

representative methods. It is examined on 

a simulated benchmark constructed from 

TCGA multi-omics data with synthetic 

rare phenotype injection at 5% prevalence 

(5-shot, 2-way episodes). All methods use 

identical preprocessing and the same held-

out test partition. 

 
TABLE IV: Comparative Performance on Simulated Rare 

Phenotype Benchmark (5-shot, 5% Prevalence) 

 
Model AUROC 

(%) 

AUPRC 

(%) 

F1- 

Rare 

(%) 

MCC Training 

Epochs 

Random 

Forest + 

PCA 

61.3 ± 

2.1 

44.7 ± 

3.2 

38.9 

± 2.8 

0.31 N/A 

MoFA+ 

(Omics 

Fusion) 

67.8 ± 

1.9 

51.2 ± 

2.7 

46.1 

± 3.1 

0.40 N/A 

MAML (5- 
shot) 

72.4 ± 
2.5 

58.3 ± 
3.0 

52.7 
± 2.9 

0.47 150 

Prototypical 

Nets + 

SMOTE 

74.9 ± 

2.0 

62.1 ± 

2.4 

55.8 

± 2.2 

0.51 200 

OmicsVAE 
+ MAML 

77.2 ± 
1.7 

65.4 ± 
2.1 

59.3 
± 2.0 

0.55 250 

MetaOmics-

RPD 

(Proposed) 

87.6 ± 

1.2 

78.9 ± 

1.6 

73.4 

± 1.8 

0.69 180 

The proposed MetaOmics-RPD 

framework achieves 87.6% AUROC, 

representing a 12.7 percentage-point 

improvement over the best existing 

baseline (OmicsVAE + MAML) and a 

26.3 point improvement over the classical 

Random Forest baseline. The 

improvement is particularly pronounced in 

AUPRC (78.9% vs. 65.4%) and F1-Rare 

(73.4% vs. 59.3%). It reflects the dual-

level contrastive objective's effectiveness, 

which is useful for preserving rare-class 
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representation quality. The MCC of 0.69 

versus 0.55 indicates substantially 

improved balanced classification even 

under extreme imbalance. 

VI. OPEN CHALLENGES AND FUTURE 

DIRECTIONS 

A. Summary of Challenges: 

Our novel framework provides promising 

improvements, although it faces some 

open challenges. Table V demonstrates 

key challenges along with their root causes 

and the proposed MetaOmics-RPD 

solutions. 

TABLE V: Key Challenges in Multi-Omics Meta-Learning 

for Rare Phenotype Discovery 

 
Challenge Cause MetaOmics-RPD 

Solution 

Extreme class 

imbalance[6], 

[14], [28] 

Rare phenotypes: <1% 

prevalence; few 

annotated samples 

Dual-level contrastive 

meta-learning; 

episode-aware 

SMOTE 

Multi-modal 

heterogeneity[9], 

[17], [32] 

Different data 

distributions, missing 

modalities, batch 

effects 

Heterogeneous GNN 

with modality-

specific encoders; 

cross-modal attention 

High 

dimensionality vs 

low N [7], [22] 

p >> n setting; risk of 

overfitting in task 

adaptation 

Sparse meta-

regularization; task- 

adaptive feature 

selection 

Interpretability 

deficit [35], [41] 

Black-box meta-

learners; clinical 

adoption barriers 

Attention 

visualization; 

pathway-level 

explanations via GNN 
masking 

Data privacy & 

federation [44], 

[51,52] 

Patient data cannot be 

centralized; regulatory 

constraints 

Federated meta-

learning with 

differential privacy 

guarantees 

Negative transfer 

[8], [19] 

Unrelated source tasks 

degrade rare class 

performance 

Task-similarity 

gating; hierarchical 

task clustering 

B. Interpretability and Clinical 

Translation: 

Black-box meta-learners encounter 

significant challenges when applied in 

clinical settings. Particularly in the case of 

rare diseases, it is crucial for clinical 

geneticists to clearly understand how a 

model arrives at its decisions. They need to 

identify which genomic variants, 

expression patterns, or metabolic 

signatures contribute to the classification 

of rare phenotypes [53]. Gradient-based 

saliency maps such as Grad CAM and 

Integrated Gradients have been used in 

omics models [54]. However, the extent of 

their effectiveness within episodic meta-

learning settings remains largely 

unexplored. This is because, in such 

settings, the model's parameters undergo 

changes with each task adaptation. As a 

result of this, there is a requirement for 

post-hoc interpretability methods that 

remain stable across these task 

adaptations. This remains a significant 

open area of research. Our proposed 

MetaOmics-RPD framework offers a 

partial solution to this problem. It focuses 

attention visualization at the cross-modal 

HGNN layer, so that it enables biologically 

interpretable pathway-level attributions. 

C. Foundation Models for Multi-Omics: 

Large-scale foundation models, such as 

Nucleotide Transformer [55], scGPT [56], 

and Geneformer [57], are utilized on 

massive genomic datasets. These models 

provide rich pre-trained representations 

that can serve as a powerful starting point 

for meta-learning. But it has an unresolved 

challenge due to aligning these pre-trained 

genomic encoders with metabolomic, 

proteomic, and epigenomic modalities 

within a unified meta-learning framework. 

Effectively amulgamating diverse omics 

data remains a non-trivial task. In the 

vision-language domain, cross-modal 

contrastive pre-training techniques such as 

CLIP [58] may provide a potential 

solution. In this approach, joint omics 

embeddings are initially pre-trained on 

large, unlabeled multi-omics datasets, 

followed by fine-tuning to align with meta-

learning objectives. 

D. Temporal Dynamics and Longitudinal 

Rare Phenotypes: 

Current multi-omics meta-learning 

approaches generally treat omics 

measurements as static snapshots; means, 

they do not account for changes occurring 

over time. Rare diseases often progress 

gradually. In these situation, molecular 

features evolve over time. Such changes 

are particularly evident in progressive 

disorders,  such  as  lysosomal  storage 
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disorders, rare neurodegenerative diseases, 

and rare pediatric cancers [59]. 

The amalgamation of temporal omics 

dynamics with multi-modal data, which is 

utilizing techniques such as recurrent 

meta-learners or continuous-time neural 

ODEs, remains an area that has not yet 

been fully explored. This field remains a 

largely uncharted area. Longitudinal rare 

disease registries such as the NORD 

(National Organization for Rare 

Disorders) dataset and the EJP-RD 

(European Joint Programme on Rare 

Diseases) Biobank Network are presenting 

new opportunities for research. These 

resources are capable of playing a vital role 

in the field of temporal rare phenotype 

meta-learning [60]. 

E. Standardization of Task Construction 

and Evaluation: 

Currently, there is no traditional or 

standard protocol within this field for 

constructing tasks in multi-omics meta-

learning. This lack of standardization 

results in a lack of uniformity across 

various research studies. The definition of 

support set composition differs across 

different studies. Similarly, strategies for 

query set sampling are applied differently 

in various research domains. 

Inconsistencies are also observed in the 

determination of the episode imbalance 

ratio. Due to these discrepancies, it is not 

preferrable to directly compare the results 

reported in different research papers. 

Therefore, we call for the establishment of 

a community-driven benchmark. This 

initiative could be analogous to the few-

shot learning evaluation frameworks found 

within the computer vision community. 

This benchmark should be particularly 

designed for the discovery of rare 

phenotypes in multi-omics data. It must 

utilize standardized or generalized 

preprocessing pipelines, specific protocols 

for task construction, and appropriate 

evaluation metrics. 

V. CONCLUSION 

This review depicts a comprehensive analysis of 

the emerging connections between multi-omics 

data amalgamation and meta-learning for the 

detection of rare phenotypes. Almost a total of 112 

research papers related with this field spanning the 

period from 2015 to 2025 were surveyed. Through 

the analysis of this kind of survey, the main 

methodological developments, datasets, and 

challenges within this field have been detected. It 

is explained that while existing meta-learning 

methods are considered promising but when we 

applied it to the unique problems inherent in the 

case of multi-omics-based rare phenotype analysis, 

it issuffering from significant performance 

deficiencies These kind of challenges include 

extreme class imbalance, cross-modal 

heterogeneity, high dimensionality, and data 

privacy constraints. 

Our proposed MetaOmics-RPD framework is 

introduced a novel framework in this field. It has 

two novel components: First is a dual-level 

contrastive meta-learning objective is incorporated 

to preserve the quality of representation of rare 

phenotype even when the extreme class imbalance 

is occured. Second is a heterogeneous graph neural 

network architecture is structured to produce 

principled multi-omics fusion through task-

conditioned cross-modal attention. Here we 

conducted Simulated benchmark evaluations to 

demonstrate a 12–27% improvement in AUROC, 

AUPRC, and F1-Rare scores compared to existing 

framework. The framework is further capable to 

incorporate a biologically informed hierarchical 

Bayesian meta-prior. Also, a federated adaptation 

layer has been amulgamated to ensure 

compatibility with multi-center rare disease 

registries. The integration of large-scale omics 

foundation methods, advanced interpretability 

methods, temporal dynamics modeling, and 

standardized evaluation benchmarks is considered 

as the future enhancement in this field. Rare 

diseases have long been neglected due to their 

inherent rarity; however, they have now been 

identified as a critical and impactful application 

domain at the intersection of machine learning and 

genomics. It is observed that this review will serve 
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as an aid in addressing unmet medical needs 

through principle-driven computational thoughts 

or innovation that acts as both a guide and a catalyst 

for researchers. 
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