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Abstract  
Genetic disorders pose a substantial challenge to public health due to their many facets 
and capacity to affect people throughout their lives. The emergence of high-throughput 
genomic technologies, and the growing availability of multi-omics datasets make the 
implementation of sophisticated techniques, including deep learning, possible for 
predicting and identifying genetic disorders at an early stage. This review paper focuses 
on sophisticated deep learning techniques and their application in the prediction of 
genetic disorders from multi-omics data. The review encompasses various deep learning 
designs, including convolutional, recurrent, and generative adversarial networks, as well 
as their use in genomics and related fields. Moreover, the review analyses how multi-
omics data is integrated to improve the accuracy of the predictive models using transfer 
learning, attention, and graph neural networks. This paper also describes successful cases 
of utilizing deep learning to predict various genetic disorders such as neurodegenerative 
disease, cancer predisposition syndromes, cardiovascular disorders, and several rare 
genetic conditions. Another contributed topic is the results of applying deep learning to 
general problems of multi-dimensional data integration, and the comparison of the 
results to approaches based on traditional machine learning. After discussing these deep 
learning models for genetic disorder prediction, the review demonstrates the necessity of 
deep evaluation, concerns of model interpretability, and the use and value of these models 
for aiding health decision making. The objective of this review is to assist researchers and 
clinicians wishing to personalize predictions and intervene early for patients with genetic 
disorders through the utilization of deep learning. 
 
Keywords: Genetic disorders, multi-omics, deep learning, convolutional neural networks, 
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1. Introduction 
Disorders due to genetics are developed due to an alteration in the structure of the 
person’s Deoxyribonucleic Acid (DNA). These changes, also known as mutations, could 
range anywhere from a single gene to multiple genes or entire chromosomes. Some 
genetic disorders are linked with the family pedigree, whereas, others develop on their 
own during a person’s lifetime. The severity of these disorders varies from minor to 
major and could influence different areas of a person’s overall health and development 
[1]. Genetic disorders are incredibly common worldwide, with each type displaying 
different features and facing different problems. Some common examples are Down 
syndrome, cystic fibrosis, and sickle cell anemia. These disorders can spread to any 
region of the body and may begin to show signs and symptoms at various points in a 
person’s life, whether it be before birth or during adulthood [2]. There are numerous 
reasons for the importance of comprehending genetic disorders. Most importantly, it 
assists in providing more accurate diagnoses and developing better treatment methods. 
Secondly, it helps to understand basic aspects of human physiology and disease. Finally, 
it helps in proving targeted therapeutic intervention based on the unique genetic 
composition of the individual [3]. 
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In contemporary medicine, reverse engineering the emergence of genetic problems is 
exceedingly critical. This affords the patient proper medical attention, which greatly 
optimizes the Outlook and living standards on their life. In some instances, the symptoms 
may not only be managed but also completely stifled or the disease progression may be 
significantly hindered [4]. Take certain metabolic abnormalities as an example: when 
these are diagnosed early and combined with specific dietary intake, they can avert 
severe growth disabilities or potentially fatal problems. Much like the proper vigilance 
tends to the life-threatening cancer predisposing conditions, proper care can also 
increase the life span [5]. Figure 1 illustrates the dividends of early discovery of disease 
upon patients. Besides, early forecasts allow for better preparation on the side of families 
and healthcare practitioners. It permits for advanced forms of genetic counseling which 
empower families to make sound choices on reproductive issues and health care that 
arises later on. From the standpoint of medical systems, it can be more focused with 
allocating scarce resources and dealing with the creation of specific level medicines [6]. 

 
Figure 1: Impact of early detection on patient outcomes 

 
Multi-omics is the combination of two or more biological datasets and has advanced the 
understanding of living systems. This combination has changed the area of genetics and 
genomics as it offers a more integrated approach to biological processes [7]. Omics is a 
term used for the many biological fields that end with -omics such as genomics (study of 
genes), transcriptomics (study of RNA transcripts), proteomics (study of proteins), and 
metabolomics (study of metabolites). Each of the stated sciences focuses on a certain 
level of biological function [8]. By combining the different levels of data, omics provides 
the possibility of revealing intricate interrelations that would be missed if only one type 
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of data is considered. For instance, genomic data and matching proteomic data can be 
studied to explain how genetic differences determine the quantity and activity of 
proteins produced in an organism, which gives further detail into the understanding of 
diseases [9]. High-throughput technologies have greatly increased the ability to produce 
enormous amounts of multi-omics data. Unfortunately, integrating and interpreting 
these multi-omics data remains a major issue due to the complexity and diversity of the 
data [10]. 
With the aid of deep learning, the novel world of IoT systems can now extract information 
from the genome using artificial neural networks which analyze vast amounts of data 
through layers. Deep learning algorithms can cross mountains of biological data looking 
for certain sequences or even predicting certain outcomes. These algorithms can 
accurately analyze and predict multi-functional genomic applications like gene 
expression, calling variants, and protein structure mapping [12]. One of the key 
advantages of deep learning in genomics is automatic feature detection from raw 
untrained data without any advance preparations [13]. This feature can come in 
particularly handy when spacing with the proteins or even the DNA in question. 
Moreover, deep learning models also account for complex structures and sequential 
relationships contained within biological data, which more often than not get left out by 
conventional statistical models. This property enables deep learning to be the best choice 
for predicting variable important functional reasons or associating disease-related genes 
[14]. 
 
1.5. Scope and objectives of the review 
This comprehensive review seeks to understand the relationship between deep learning 
methods, genetic disorders, and multi-omics data. The main goal of the review is to try 
and explain how deep learning approaches are utilized on multi-omics data to solve and 
comprehend genetic disorders [15]. The review will start with a description of what 
multi-omics data is and the problems that come with its integration. We will proceed to 
explain the different forms of deep learning that have been successfully employed in 
genomics, particularly those used for multi-omics integration [16]. The review will 
describe several case studies on the application of these approaches in solving and 
elucidating various genetic disorders. We will measure the effectiveness of these 
methods against more conventional approaches and highlight the benefits and 
shortcomings [17]. Moreover, we will discuss the challenges facing the discipline, such as 
problems with data validity, model explanation, and other ethical issues [18]. Readers 
should be able to gauge the comprehensive approaches used for predicting genetic 
disorders using multi-omics data deep learning framework, alongside gaps for potential 
research focus in this area by the end of this review [19]. 
 

2. Multi-Omics Data in Genetic Disorder Prediction 
The advent of high-throughput technologies has enabled the collection of diverse types 
of omics data, which are crucial for understanding the complex biological underpinnings 
of genetic disorders. Multi-omics data integration, encompassing genomics, 
transcriptomics, proteomics, metabolomics, and epigenomics, provides a comprehensive 
view of biological processes and facilitates the prediction of genetic disorders. This 
section delves into the various types of omics data, the challenges associated with their 
integration, and the preprocessing and normalization techniques essential for effective 
analysis. 
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2.1. Types of Omics Data 
Genomics involves the comprehensive study of an organism's entire genome, including 
the sequencing and analysis of DNA. It provides insights into genetic variations, such as 
single nucleotide polymorphisms (SNPs) and copy number variations (CNVs), which are 
often implicated in genetic disorders. 
 
2.1.1. Genomics 
Genomic data serves as the foundational layer for understanding the hereditary aspects 
of diseases, enabling researchers to identify potential genetic markers associated with 
specific conditions Chung & Kang [10]. For instance, genomic analyses have been pivotal 
in identifying mutations linked to various cancers, thereby aiding in risk assessment and 
personalized treatment strategies [11]. 
 
2.1.2. Transcriptomics 
The study of transcriptomics centers on the RNA transcript produced by a particular 
genome in specified conditions or particular cell types. This discipline sheds light onto 
gene imprints which may be modified in a multitude of genetic aberrations. Researchers 
can discover altered genes and pathways controlling phenotypes of a disease by 
examining transcriptomic data [12]. For instance, the differential expression of mRNA 
and non-coding RNAs provided deep understanding of the mechanisms of schizophrenia 
and autism spectrum disorders [13]. The combination of transcriptomic and genomic 
information increases the knowledge of regulation of genes and their role in the 
pathology of diseases. 
 
2.1.3. Proteomics 
Proteomics is the large-scale study of proteins, particularly their functions and 
structures. Given that proteins are the primary effectors of cellular functions, proteomic 
data is essential for understanding the biological mechanisms of genetic disorders. 
Proteomic analyses can identify post-translational modifications and protein-protein 
interactions that are crucial for cellular signaling pathways [14]. For instance, studies 
have shown that proteomic profiling can uncover biomarkers for early detection of 
diseases like Alzheimer's and various cancers, thus facilitating timely interventions [15]. 
The integration of proteomic data with genomic and transcriptomic information 
provides a multi-faceted view of the molecular landscape of diseases. 
 
2.1.4. Metabolomics 
The metabolomics field focuses on the analysis of metabolites in living organisms within 
biospecimen samples. It can tell how metabolism works and how it is modified in various 
diseases. This omics layer is useful for assessing the biochemical changes related to a 
certain genetic disorder or any disturbance [16]. For instance, metabolites patterns have 
been defined for diabetes and other cardiovascular disorders which aid in diagnosis and 
prognosis [17]. The combination of other omics layers with metabolomics fervently aids 
in appreciating the genetic, transcriptomic, and proteomic alterations concerning 
particular diseases. 
 
2.1.5. Epigenomics 
Epigenomics investigate the added chemical modifications on the DNA strands as well as 
the histone proteins that regulate the gene expression without changing the base DNA 
structure. For example, dye modification and acetylation of the histones serve as controls 
for many genes and can be affected by the environment [18]. Epigenomic alterations 
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were shown to be associated with several heritable conditions including malignancies 
and neurodevelopmental disorders. By combining epigenomic information with genomic 
and transcriptomic data, scientists can understand more about the regulation of the 
disease and its progression [19]. 
 
2.2. Integration Challenges of Multi-Omics Data 
Despite the potential benefits of integrating multi-omics data, several challenges hinder 
effective analysis. One significant challenge is the heterogeneity of data types, which 
often exhibit different distributions, scales, and measurement units. This variability 
complicates the integration process, as combining disparate data sources can lead to 
biased or misleading results [20]. Additionally, missing data is a common issue in multi-
omics studies, as not all samples may have complete information across all omics layers. 
This incompleteness can limit the statistical power of analyses and complicate the 
interpretation of results [21]. Furthermore, the computational complexity associated 
with analyzing large-scale multi-omics datasets necessitates the development of robust 
algorithms and frameworks capable of handling such intricacies [22]. 
 
2.3. Preprocessing and Normalization Techniques 
To address the challenges of multi-omics data integration, preprocessing and 
normalization techniques are essential. Preprocessing involves cleaning the data to 
remove noise and artifacts, ensuring that the datasets are suitable for analysis. Common 
preprocessing steps include quality control, filtering out low-quality samples, and 
correcting batch effects that may arise from variations in sample processing [23]. 
Normalization techniques are crucial for adjusting the data to account for systematic 
biases and differences in measurement scales across omics layers. Methods such as 
quantile normalization, log transformation, and variance stabilization are frequently 
employed to achieve comparability among datasets [24]. By applying these 
preprocessing and normalization techniques, researchers can enhance the reliability and 
interpretability of multi-omics analyses, ultimately leading to more accurate predictions 
of genetic disorders. By leveraging the strengths of genomics, transcriptomics, 
proteomics, metabolomics, and epigenomics, researchers can gain a comprehensive 
understanding of the molecular mechanisms underlying diseases. However, addressing 
the challenges associated with data integration and employing robust preprocessing 
techniques are critical for maximizing the potential of multi-omics studies in genetic 
disorder prediction. 
 

3. Deep Learning Approaches in Genomics 
Convolutional Neural Networks (CNNs) represent a specific deep learning architecture 
that has found extensive application in the field of genomics [25]. CNNs excel in 
identifying local patterns and features within sequential data, including DNA sequences 
[26]. Convolutional and pooling layers are employed to extract hierarchical features from 
the input data, rendering them effective for tasks such as predicting transcription factor 
binding, regulatory elements, and various genomic features from DNA sequences [27]. 
Figure 2 illustrates the publications related to deep learning methodologies in genomics 
throughout the years. 
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Figure 2: Publication over the Years 

 
3.1.2. Recurrent Neural Networks (RNNs) 
Recurrent Neural Networks (RNN's) are a different type of model that fall under deep 
learning, capable of handling sequential information like DNA and RNA sequences [28]. 
They can incorporate long-term dependencies in sequential data by keeping a hidden 
state that is updated on each time step [29]. Hence, they are suitable for performing DNA 
modification prediction, gene annotation, and metagenomics classification [30]. 
 
3.1.3. Long Short-Term Memory (LSTM) networks 
Long Short-Term Memory (LSTM) networks are a specific type of RNN that are designed 
to better handle long-term dependencies in sequential data [31]. LSTM networks 
introduce gating mechanisms that allow the model to selectively remember and forget 
information, improving their ability to capture long-range contextual information in 
genomic sequences [32]. 
 
3.1.4. Autoencoders 
Autoencoders are a type of neural network that can learn efficient data representations 
in an unsupervised manner. In genomics, autoencoders have been used to learn low-
dimensional embeddings of DNA sequences that capture higher-order sequence features, 
which can then be used as input to other deep learning models [33]. 
 
3.1.5. Generative Adversarial Networks (GANs) 
Generative Adversarial Networks (GANs) are a deep learning framework that can be used 
to generate synthetic data, such as DNA sequences. In genomics, GANs have been 
explored for tasks like predicting 3D genome folding from DNA sequence [34]. 
 
3.2. Transfer learning in genomics 
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The adopted approach of transfer learning, which consists of implementing a model 
trained on one task to enhance the results of a similar task, has proven rather effective 
within genomics. By employing models that were pre-trained on large genomic datasets, 
researchers were able to reach the best performance for many genomic prediction tasks, 
even when the available training data was scant [35]. 
 
3.3. Interpretability and explainability in deep learning models 
With the growing implementation of deep learning models in the field of genomics, the 
issue of making these models interpretable and explainable is critical in providing 
biological insights. Some attempts such as attention, saliency maps, and layer 
visualization have been employed to decipher workings of deep learning models in 
genomic applications [36]. Figure 3 illustrates how machine learning methods perform 
accuracy predictions compared to ordinary ones with greater success. 

 
Figure 3: Prediction Accuracy, Traditional vs MultiOmics vs Deep Learning 

 
4. Deep Learning Models for Multi-Omics Integration 

 
4.1. Multi-modal deep learning architectures 
Deep learning models have shown great potential in integrating multi-omics data by 
leveraging their ability to capture complex non-linear relationships. Approaches like 
autoencoders and graph neural networks (GNNs) have been particularly effective at 
fusing multi-omics data and learning comprehensive representations of biological 
systems [37]. 
 



 

Int. J.Adv.Sig.Img.Sci, Vol. 11, No. 6s, 2025 

 

932 
 

4.2. Attention mechanisms for multi-omics data 
Deep learning models are trained with an attention mechanism to capture relationships 
from different data types across various omics domains. During multi-omics integration 
tasks, attention-based deep learning models focus on the most pertinent features and 
relationships, leading to superior performance of the model [38]. 
 
4.3. Graph neural networks for biological network integration 
Graph neural networks (GNNs) have emerged as a powerful tool for integrating multi-
omics data by modeling the complex relationships between different molecular entities 
as a graph structure [14], [15]. GNNs can effectively capture the topological information 
of biological networks and leverage it to make more accurate predictions [39]. 
 
4.4. Ensemble methods combining multiple deep learning models 
Ensemble methods that combine the predictions of multiple deep learning models have 
been shown to improve the performance of multi-omics integration tasks. By leveraging 
the complementary strengths of different architectures and learning strategies, 
ensemble approaches can achieve more robust and accurate results compared to single 
models [40]. 
 

5. Applications in Genetic Disorder Prediction 
 
5.1. Case studies of successful predictions 
 
5.1.1. Neurodegenerative disorders 
Models based on deep learning techniques are emerging as a powerful option for 
predicting and detecting various neurodegenerative disorders like Alzheimer’s and 
Parkinson’s diseases [41], [42], [43]. They have been able to use neuroimaging, genetics, 
and other clinical data to achieve high accuracy not only in differentiation of patients 
from healthy controls but also between various subtypes of neurodegenerative diseases 
[44], [45]. 
 
5.1.2. Cancer predisposition syndromes 
The technique of deep learning has been utilized in the forecasting of the genetic cancer 
predisposition syndromes, particularly focus on the breast and ovarian cancer (HBOC) 
syndrome [46]. These models have proven that, through genomic analysis, they can 
pinpoint individuals at increased likelihood for certain cancer types and facilitate early 
intervention and more individualized prevention methods [47]. 
 
5.1.3. Cardiovascular genetic disorders 
Deep learning approaches have been employed in the prediction of genetic 
cardiovascular disorders, including familial hypercholesterolemia and 
cardiomyopathies. These models have shown the potential to improve the accuracy of 
genetic risk assessment and facilitate the implementation of preventive measures for 
individuals with a genetic predisposition to these conditions [48]. 
 
5.1.4. Rare genetic diseases 
For rare genetic diseases, deep learning models have been utilized to assist in the 
diagnosis and management of these conditions. By leveraging genomic data, such as gene 
expression profiles and sequence information, these models have been able to identify 
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disease-associated patterns and facilitate the development of personalized treatment 
strategies [49]. 
 
5.2. Comparison with traditional machine learning approaches 
While traditional machine learning methods have been widely used in genetic disorder 
prediction, deep learning models have demonstrated superior performance in many 
cases.  Deep learning's ability to automatically extract and learn complex features from 
raw data, as well as its capacity to handle large and diverse datasets, have contributed to 
its advantages over traditional approaches. 
 
5.3. Performance metrics and evaluation strategies 
The efficacy of deep learning models on predicting genetic disorders was evaluated using 
parameters such as accuracy, sensitivity, specificity, and area under the receiver 
operating characteristic curve (ROC) [50]. Cross-validation, independent test sets, and 
benchmark datasets were strategies used to make the models to ensure that they are 
robust and generalizable [51]. Figure 4 depicts the distribution of different types of 
practices in genetic disorder prediction. Applicants to cancer genetics made up 
approximately 35 percent of the total, compared to 25 percent for applicants pursuing 
genetics of neurological disorders. Other genetic disorders like cardiovascular and 
metabolic diseases account for 20 percent and 15 percent respectively. 

 
Figure 4: Applications in Genetic Disorder Prediction 

 
6. Challenges and Limitations 

 
6.1. Data quality and standardization issues 
One of the key challenges in applying deep learning to genomics is the quality and 
standardization of the available data. Genomic datasets can be highly heterogeneous, 
with variations in data formats, experimental protocols, and annotation standards across 
different studies and sources. This lack of data standardization can hinder the effective 
integration and analysis of multi-omics data using deep learning models [52]. 
 
6.2. Computational resources and scalability 
The training and deployment of deep learning models for genomic applications can be 
computationally intensive, requiring significant hardware resources, such as high-
performance GPUs and large memory capacities. As the size and complexity of genomic 
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datasets continue to grow, the scalability of deep learning approaches becomes a critical 
concern, particularly for real-time or large-scale applications [53]. 
 
6.3. Overfitting and generalization 
When there’s a lack of training information, deep learning models are likely to overfit. In 
this situation, the model is able to successfully predict information from the training data, 
but is unable to make predictions on new data. Addressing overfitting and enhancing the 
generalization capabilities of deep learning models, particularly in genomics, is an active 
research area. Regularization, data augmentation, and ensemble methods are some of the 
techniques being studied [54]. 
 
6.4. Ethical considerations and privacy concerns 
The application of deep learning in genomics poses significant ethical and privacy 
challenges, especially on how to manage sensitive individual genetic data. Researchers 
have to make sure that appropriate measures are taken to protect the data, and that the 
creation and implementation of deep learning models observe ethical standards and 
legal frameworks. 
 
6.5. Interpretability of complex models 
Interpreting and understanding deep learning models is complex due to their 
sophisticated design and high parameter count. This lack of interpretability poses a 
challenge for the deployment of deep learning in genomics, particularly for clinical 
decision-making and biological reasoning where explanation is fundamental. There are 
attempts to create deep learning models that are more interpretable and techniques that 
can provide better explanations of their predictions. Table 1 summaries the challenges 
and limitation of the existing approaches for genetic disorder prediction using deep 
learning techniques.  
 

Table 1: summary of the challenges and limitations 
Challenge/ 
Limitation 

Description References 

Data 
Heterogeneity 

Multi-omics data (e.g., genomic, transcriptomic, 
epigenomic) have different data types, scales, and 
distributions, making integration and joint analysis 

challenging. 

[54] 

Small Sample 
Size 

Many genetic disorder studies have limited sample 
sizes, which can lead to overfitting and poor 
generalization of deep learning models. 

[55] 

Interpretability 

Deep learning models are often considered "black 
boxes", making it difficult to understand the 
underlying biological mechanisms driving the 

predictions. 

[56] 

Genetic Overlap 

Genetic disorders often exhibit substantial overlap 
and pleiotropy, which can complicate the 

development of disorder-specific prediction 
models. 

[57] 

Missing 
Heritability 

The "missing heritability" problem, where the 
observed genetic variants explain only a fraction of 
the estimated heritability, limits the predictive 

power of genetic models. 

[58] 
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Validation and 
Evaluation 

Robust validation and evaluation strategies, such 
as the use of independent test sets and 

standardized performance metrics, are crucial but 
often lacking in genetic disorder prediction 

studies. 

[59] 

Translational 
Challenges 

Translating deep learning-based genetic disorder 
prediction models into clinical practice faces 
challenges related to interpretability, cost-
effectiveness, and ethical considerations. 

[60] 

 
7. Future Directions 

 
7.1. Emerging deep learning architectures for multi-omics 
As the field of deep learning in genomics continues to evolve, researchers are exploring 
novel neural network architectures that can more effectively integrate and model the 
complex relationships within multi-omics data Heo et al. approaches like hierarchical 
integration, graph neural networks, and multi-view factorization autoencoders have 
shown promise in capturing the intricate connections between different data modalities 
[59]. 
 
7.2. Integration of clinical and environmental data 
In a bid to improve the accuracy and clinical utility of deep learning models in genomics, 
there is increasing focus on combining clinical and environmental data such as age, 
gender, medical history, and even lifestyle together with multi-omics data. This approach 
has the potential to refine, and make more accurate, the predictions made regarding the 
risk of diseases, prognosis, and response to treatment [60]. 
 
7.3. Federated learning for collaborative research 
The adoption of federated learning, a distributed machine learning technique that allows 
for collaborative model training without the need to share sensitive data, could enable 
the development of deep learning models for genomics while addressing privacy 
concerns. This approach can facilitate the pooling of data and resources across multiple 
institutions, leading to more robust and generalizable models. 
 
7.4. Real-time prediction and monitoring systems 
As deep learning models become more accurate and efficient, there is an opportunity to 
develop real-time prediction and monitoring systems for genetic disorders and other 
health conditions. These systems could leverage streaming data from wearable devices, 
electronic health records, and continuous genomic monitoring to provide timely insights 
and personalized interventions. 
 
7.5. Personalized medicine and treatment optimization 
The application of deep learning in genomics could enable revolutionary advances in 
personalized medicine through strategies that treat the patient based on their genetic 
makeup, characteristics of disease, and response to therapy. Deep learning models have 
the capability of discovering new biomarkers, predicting the results of treatment, and 
optimizing dosages and combinations of drugs for better results in patients. 
 

8. Conclusion 
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This review has explored the different ways that deep learning has been used in 
genomics. It has also provided an overview of some of the state-of-the-art architectures 
in deep learning, which include CNNs, RNNs, and LSTM networks, billing their 
application in genomic data as their ability to extract intricate patterns and features from 
the data. The review has noted the successful use of deep models for prediction of DNA 
changes, gene annotation, and metagenomics classification. Finally, the review has 
discussed the possibilities of transfer learning and multi-omics data fusion using 
attention mechanisms and graph neural networks. These innovations have shown how 
deep learning can utilize multiple data sources to give impressive results in almost all 
tasks that involve the prediction of genetic disorders. The ability to implement deep 
learning successfully in genomics on the other hand brings hope to the entire field of 
genetic disorders investigations and clinical applications. More importantly, the accurate 
predictions, early diagnosis, and enhance targeted treatment approaches that these 
models will provide will greatly change the healthcare outcomes of the patients and the 
methods used for treating them. The analysis mentions examples that concern the use of 
deep learning for spotting neurodegenerative disorders, cancer predisposition 
syndromes, cardiovascular genetic disorders, and some rare genetic diseases. These 
innovations stand to markedly improve the accuracy and effectiveness of diagnosing, 
managing, and treating deep-seated genetic disorders, providing more effective solutions 
for the patients. 
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