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Abstract. Rare diseases affect a small percentage of the population individually, but
collectively they impact millions of people worldwide and often remain difficult to diagnose
due to complex genetic and molecular mechanisms. The rapid advancement of high-
throughput sequencing technologies has enabled the generation of large-scale multi-omics
data, including genomics, transcriptomics, proteomics, and metabolomics, which provide
deeper insights into disease mechanisms. Therefore, researchers try to combine these
datasets to obtain a better understanding of disease. However, integration is difficult because
the data are large, complex, and very different from one another. In recent years, transformer
models have been increasingly used for multi-omics integration. These models are capable
of learning relationships between different omics layers and usually give better prediction
results than conventional machine learning methods. This review presents the important
transformer-based methods used for disease prediction and discusses their advantages in
handling complex biological data. Despite their better performance, transformer models still
face some challenges. Limited sample size, high computational requirements and poor
interpretability remain major issues. Hence, further research is required before these
methods can be applied effectively in clinical practice.
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1. INTRODUCTION

Rare diseases are difficult to diagnose because their symptoms often resemble common
disorders, leading to delayed or incorrect diagnosis [1]. Since many rare diseases involve
complex genetic interactions, multi-omics analysis [3] has become important. Transformer
models can capture complex relationships among genes, proteins, and metabolic pathways
[8]. With larger datasets and improved interpretability, transformer-based multi-omics
approaches could support earlier and more accurate rare-disease diagnosis.

2. PROBLEM STATEMENT

Diagnosing rare diseases is often difficult because these disorders usually involve several
biological changes at the same time. Modern sequencing technologies can now generate
large amounts of biological data. Researchers are able to collect genomic, transcriptomic,
proteomic and metabolomic information from the same patient. This problem becomes
bigger in rare diseases because only a small amount of patient data is available.



To solve this problem, researchers have started using transformer-based deep learning
models. These models can study many datasets together and can find patterns that normal
methods may not notice. They are especially useful for finding connections between genes,
proteins and other biological factors.

3. OBJECTIVES

1. To understand how multi-omics data helps in better diagnosis and understanding
of rare diseases.

2. To study the deep learning methods used for combining multi-omics data in
biomedical research.

3. To study transformer models and understand how they work with complex
biological data.

4. To understand how transformer models improve multi-omics data integration and
disease prediction.

5. To study the problems, limitations and future scope of transformer-based multi-
omics methods.

4. LITERATURE SURVEY

Paper 1: This paper was written by Shaza B. Zaghlool and Omneya Attallah in 2022. The
authors said that if only one dataset is studied, then some important part of the disease may
be missed.Because of that, they suggested deep learning. According to them, deep learning
can find patterns which are hard to see normally.

Paper 2: Jael Sanyanda Wekesa and Michael Kimwele wrote this paper in 2023. In this
paper, they talked about CNN, RNN and graph neural network. They felt these methods are
useful because they understand difficult data better than normal computer methods.

Paper 3: Flavio Sartori and his group wrote about cancer research in 2025. The authors said
that if doctors study gene data and clinical data together, then they can understand cancer in
a much better way.

Paper 4: This paper was written by Akshay Krishnan Pushparaj and Malarmathi
Muthukumar in 2026. The paper discussed variational autoencoders and graph neural
networks. The authors said that these methods can help in finding biomarkers and
understanding disease.

Paper 5: Jael Sanyanda Wekesa and Michael Kimwele again explained one important thing.
In the paper, they said that deep learning can help in disease prediction and treatment
planning. According to them, this method may become more useful in the future.

5. PROPOSED SYSTEM

The system collects gene, protein, and clinical data from medical databases and preprocesses
it to identify important features. The data is then integrated to capture relationships among
genes, proteins, and metabolic pathways. This combined data is analyzed by a transformer
model to identify hidden patterns and predict possible rare diseases from new patient data.



SYSTEM DESIGN
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Fig 5.1. System Architecture

The diagram in Fig. 1 shows three ways therefore, deep learning uses three methods: early
integration, intermediate integration and late integration.

5.1 Early Integration (Feature-Level Integration)

Early integration is the easiest method. In this approach, all the data from Omic 1, Omic 2
and Omic 3 is joined at the beginning itself.

5.2 Intermediate Integration (Representation-Level Integration)

Intermediate integration is a better and more advanced method. Here, each omics dataset is
first studied separately.

5.3 Late Integration (Decision-Level Integration)

Late integration works in a different way. In this method, every omics dataset is given to a
separate deep learning model.

6. EXPECTED OUTCOME

The proposed system is expected to help doctors diagnose rare diseases in a better way. Rare
diseases are difficult to identify because they involve many changes inside the body. If only
one type of data is used, such as genes or proteins, then some important information may be
missed. Therefore, the system studies genomics, transcriptomics, proteomics and
metabolomics together. This gives a more complete idea about the disease.

6.1 Improved Diagnostic Accuracy

The proposed system uses different types of biological data together, so it can find disease
patterns more clearly. Because of this, the chances of wrong diagnosis become less.

6.2 Effective Multi-Omics Data Integration

The proposed model joins all these datasets into one system. This helps in understanding
how different parts of the body are connected during a disease.

6.3 Identification of Important Biomarkers

By studying all the omics data together, the system may find which biomarkers are strongly
related to a rare disease. This can help doctors detect the disease earlier.
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6.4 Better Prediction Performance

It can focus on the most important information and ignore less useful data. Because of this,
the model may give more accurate predictions. During testing, the system is expected to
show better accuracy, precision, recall and F1-score.

6.5 Support for Precision Medicine

The system may also help in precision medicine. Precision medicine means giving treatment
according to the condition of a particular patient. Since the system studies many biological
details of the patient, it may help doctors choose the best treatment for that person.

7. CONCLUSION

The proposed system uses many kinds of biological data together. It studies genomics,
transcriptomics, proteomics and metabolomics in one place. This helps researchers and
doctors understand the disease in a better way. The transformer model is useful because it
can find connections between genes, proteins and other changes inside the body. These
connections are often difficult to find with normal methods. Because of this, the system may
help doctors detect rare diseases faster and more accurately. So, this method may become
useful in future healthcare. It can help doctors, researchers and hospitals understand rare
diseases in a better way.

8. FUTURE SCOPE

In future, the system can include more types of data. Along with gene and protein
information, researchers can also add medical images, patient history and other biological
data to improve diagnosis.

The system may also become better if more patient data is collected. Rare disease data is
usually less, so larger datasets from different hospitals and countries may help improve the
model.
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