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Abstract: 

Computational genomics has grown rapidly in recent years, largely driven by the widespread use of high-

throughput sequencing technologies. These advances now allow researchers to examine biological 

systems at a much larger scale than before. However, working with genomic data is still far from 

straightforward. Researchers continue to face several practical and methodological difficulties during 

analysis and interpretation. This review discusses the major challenges currently observed in 

computational genomics, including high dimensionality, data heterogeneity, noisy and incomplete data, 

computational burden, and concerns related to model interpretability and reproducibility. The discussion 

also highlights recent methodological trends that attempt to address these issues. The main objective of 

this review is to clearly outline the existing obstacles and to encourage the development of more reliable, 

efficient, and biologically meaningful computational solutions. 
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1. INTRODUCTION 

Computational genomics has expanded rapidly with the growth of high-throughput sequencing 

technologies, which now make genome-scale biological analysis routine (Shendure et al., 2017). Public 

repositories such as TCGA and GEO have further accelerated research by providing access to large 

volumes of genomic data. Because of this, computational methods have become an essential part of 

modern biological and medical research (Libbrecht & Noble, 2015). At the same time, the rapid increase 

in data volume and complexity has introduced several practical challenges that continue to affect research 

reliability (Stephens et al., 2015; Hasin et al., 2017). 

 

One major concern is the imbalance between the number of genomic features and the number of available 

samples. Many studies measure tens of thousands of genes from only a limited number of patients, which 

increases the risk of overfitting and unstable model performance (Libbrecht & Noble, 2015; Stephens et 

al., 2015). In real datasets, additional complications such as noise, batch effects, and missing values further 

distort the underlying biological signal if they are not handled carefully (Leek et al., 2010; Hasin et al., 

2017). 

 

A typical real-world example can be seen in hospital-based tumour prediction studies. A model trained 

using gene expression data from one medical centre may report high internal accuracy. However, when 

the same model is applied to data collected at another centre, the performance often drops noticeably. In 

many cases, the model has unintentionally learned dataset-specific noise instead of true biological patterns 

(Leek et al., 2010; Libbrecht & Noble, 2015). Situations like this clearly show the gap between 

experimental success and real clinical usability. 
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Given these ongoing concerns, it is important to carefully examine the core problems that continue to limit 

computational genomics workflows. This review therefore focuses on key contemporary challenges such 

as high dimensionality, data heterogeneity, data quality issues, computational scalability, and 

reproducibility (Shendure et al., 2017; Hasin et al., 2017). 

 

 
Figure 1. Challengers in Computational Genomics 

 

2. High Dimensionality of Genomic Data 

High dimensionality remains one of the most persistent difficulties in computational genomics. In many 

genomic studies, the number of measured variables—such as genes, SNPs, or methylation markers—is 

far greater than the number of available samples. As dimensionality increases, data points become sparse 

and reliable statistical estimation becomes more difficult (Libbrecht & Noble, 2015; Stephens et al., 2015). 

In practice, this often leads to overfitting, where models perform well on training data but fail to generalize 

to new samples. 

The issue is particularly evident in gene expression analysis. A typical cancer dataset may contain 

expression values for more than 20,000 genes but only a few hundred patient samples. Under such 

conditions, distance-based learning methods and conventional classifiers often lose discriminative power 

because many features contribute more noise than useful signal (Guyon & Elisseeff, 2003; Libbrecht & 

Noble, 2015). As a result, identifying truly informative biomarkers becomes challenging. 

To address this problem, researchers commonly use feature selection and dimensionality reduction 

techniques such as principal component analysis and LASSO-based methods. While these approaches 

improve model stability, they must be applied carefully. Excessive reduction may discard biologically 

meaningful information, whereas insufficient reduction leaves the model sensitive to noise (Guyon & 

Elisseeff, 2003; Saeys et al., 2007). Finding the right balance therefore remains an open research issue. 

 

3. Data Heterogeneity and Integration 

A further complication arises from the heterogeneous nature of modern biological data. Current studies 

often involve multiple data types, including gene expression, DNA methylation, copy number variation, 

and clinical records. Each of these sources is generated using different technologies and preprocessing 

pipelines, which makes direct comparison and integration challenging (Hasin et al., 2017; Ritchie et al., 

2015). Differences in scale, distribution, and measurement noise can introduce bias if datasets are 

combined without careful normalization. 

The problem becomes more visible in multi-omics research, where the goal is to obtain a unified biological 

view from diverse data layers. For example, gene expression data are typically continuous, while mutation 

data are sparse and categorical. Simply merging such datasets may lead to models that are dominated by 

one data type while ignoring others. In addition, missing values across modalities further complicate 

integration and may reduce statistical power (Hasin et al., 2017; Bersanelli et al., 2016). 
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Several strategies have been proposed to address heterogeneity, including early fusion, late fusion, and 

network-based integration methods. While these approaches have shown promise in specific applications, 

no single framework consistently performs well across different biological problems. Many methods also 

struggle to preserve biological interpretability after integration (Ritchie et al., 2015; Bersanelli et al., 

2016). Therefore, developing robust and biologically meaningful multi-omics integration techniques 

remains an active area of research in computational genomics. 

 

4. Noise, Missing Data, and Data Quality 

Genomic datasets are often affected by noise and incomplete measurements, which can significantly 

influence downstream analysis. Sources of noise include sequencing errors, sample contamination, and 

variability introduced during laboratory processing. In addition, batch effects—systematic differences 

caused by variations in experimental conditions—can create artificial patterns that mislead statistical 

models (Leek et al., 2010; Risso et al., 2014). If these issues are not properly addressed, models may 

capture technical artifacts instead of true biological signals. 

Missing data present another common difficulty. In many genomic studies, certain genes or samples 

contain incomplete measurements due to low sequencing depth, cost limitations, or sample degradation. 

Simple approaches such as mean imputation are easy to apply but often fail to preserve the underlying 

biological structure of the data. More advanced imputation methods improve performance but may 

introduce their own assumptions and biases (Troyanskaya et al., 2001; Wei et al., 2018). The challenge is 

not only to fill missing values but to do so without distorting meaningful variation. 

Although normalization, batch correction, and imputation techniques are widely used, there is still no 

universal solution that works well across all genomic platforms. Overcorrection may remove real 

biological differences, while under correction leaves residual noise in the data. Maintaining a balance 

between data cleaning and signal preservation therefore remains a critical concern in computational 

genomics research (Leek et al., 2010; Risso et al., 2014). 

 

5. Computational Complexity and Scalability 

The rapid growth of genomic data has created serious computational demands for storage, processing, and 

model training. Whole-genome sequencing and large-scale multi-omics studies routinely generate 

terabytes of data, making traditional single-machine analysis impractical. Many classical algorithms were 

originally designed for smaller datasets and do not scale efficiently to current data volumes (Stephens et 

al., 2015; Libbrecht & Noble, 2015). As a result, researchers often face long processing times and high 

memory requirements when working with modern genomic pipelines. 

The situation becomes even more demanding when deep learning methods are applied to genomic 

problems. Training complex neural networks requires substantial computational resources, including high-

performance GPUs and large memory capacity. Research groups without access to such infrastructure 

may struggle to reproduce published results or deploy models in real-world settings (Angermueller et al., 

2016; Stephens et al., 2015). This creates a practical gap between methodological advances and their 

widespread adoption. 

To address scalability issues, several strategies have been explored, including parallel computing, 

distributed frameworks, and cloud-based genomic analysis platforms. While these approaches improve 

efficiency, they also introduce new concerns related to cost, data transfer overhead, and system 

complexity. Moreover, not all genomic workflows are easily parallelizable. Therefore, designing 

computationally efficient and resource-aware algorithms remains an important research priority in 

computational genomics (Libbrecht & Noble, 2015; Angermueller et al., 2016). 

 

6. Model Interpretability and Biological Validation 

In computational genomics, achieving high predictive accuracy is not enough on its own. Researchers and 

clinicians also need to understand the biological reasoning behind model predictions. Many advanced 
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machine learning and deep learning models operate as black boxes, providing limited insight into which 

genomic features drive the final decision (Libbrecht & Noble, 2015; Angermueller et al., 2016). This lack 

of transparency reduces trust, especially in clinical settings where decisions may influence patient care. 

The challenge becomes more serious when models identify statistical patterns that are difficult to map 

back to known biological pathways. For instance, a classifier may successfully distinguish between tumor 

and normal samples but fail to highlight the specific genes responsible for the prediction. Without clear 

biological validation, such results have limited practical value and may not generalize across independent 

studies (Ritchie et al., 2015; Libbrecht & Noble, 2015). 

To improve interpretability, researchers have explored feature importance analysis, attention mechanisms, 

and post hoc explanation methods. While these techniques provide partial insight, translating 

mathematical importance scores into meaningful biological knowledge still requires careful domain 

expertise. Bridging the gap between predictive performance and biological understanding therefore 

remains an ongoing challenge in computational genomics (Angermueller et al., 2016; Ritchie et al., 2015). 

 

7. Reproducibility and Standardization Issues 

Reproducibility has become a significant concern in computational genomics, particularly as analytical 

pipelines grow more complex. Many published studies report strong predictive performance, yet 

independent researchers often struggle to reproduce the same results. Small differences in preprocessing 

steps, parameter settings, or dataset versions can lead to noticeable variation in outcomes (Ioannidis et al., 

2009; Libbrecht & Noble, 2015). This lack of consistency reduces confidence in reported findings and 

slows practical translation. 

One common reason for poor reproducibility is incomplete methodological reporting. In some studies, 

details about data cleaning, normalization, feature selection, or model tuning are either briefly described 

or omitted entirely. In addition, code and processed datasets are not always publicly available, making 

exact replication difficult (Peng, 2011; Sandve et al., 2013). Without transparent workflows, even well-

designed models can be hard to validate across research groups. 

Efforts are underway to improve standardization through open data repositories, shared benchmarking 

datasets, and reproducible research practices. Tools such as workflow containers and version-controlled 

pipelines have helped improve consistency across studies. However, reproducibility in computational 

genomics still depends heavily on careful documentation, open sharing, and rigorous validation across 

independent cohorts (Sandve et al., 2013; Peng, 2011). 

 

8. Ethical and Privacy Concerns 

As genomic data become more widely collected and shared, ethical and privacy issues have gained serious 

attention. Unlike many other biomedical datasets, genomic information is deeply personal and can 

potentially reveal sensitive details about an individual and their family members. Even when identifiers 

such as names are removed, there remains a risk that individuals can be re-identified through advanced 

data linkage methods (Gymrek et al., 2013; Erlich & Narayanan, 2014). This creates ongoing tension 

between open scientific collaboration and the need to protect participant privacy. 

Another concern relates to informed consent and data ownership. Many genomic datasets are reused across 

multiple studies, sometimes years after the original data collection. Participants may not always be fully 

aware of how broadly their data could be shared or analyzed in the future. In addition, differences in 

national regulations and institutional policies make international data sharing more complex (Erlich & 

Narayanan, 2014; Shabani & Borry, 2015). These factors require researchers to follow careful governance 

and ethical review procedures. 

To address these risks, several privacy-preserving strategies have been proposed, including controlled-

access databases, secure multiparty computation, and federated learning approaches. While these methods 

help reduce direct exposure of raw genomic data, they also introduce technical complexity and may limit 
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analytical flexibility. Balancing data accessibility with strong privacy protection therefore remains an 

ongoing challenge in computational genomics research (Gymrek et al., 2013; Shabani & Borry, 2015). 

 

9. Emerging Research Directions 

Recent work in computational genomics is increasingly focused on developing methods that can learn 

effectively from complex and limited labeled data. Self-supervised and transfer learning approaches are 

gaining attention because they allow models to extract useful representations from large unlabeled 

genomic datasets before fine-tuning on specific tasks. These strategies have shown promise in improving 

model robustness, particularly in settings where annotated biological data are scarce (Angermueller et al., 

2016; Min et al., 2017). At the same time, graph-based learning methods are being explored to better 

capture gene–gene and protein–protein interaction structures that are difficult to model using traditional 

techniques. 

Another important direction is the push toward more interpretable and clinically reliable models. 

Researchers are increasingly combining deep learning with biological network information to improve 

both predictive accuracy and biological relevance. In addition, multimodal learning frameworks that 

jointly analyze imaging, genomic, and clinical data are gaining momentum in precision medicine research 

(Ritchie et al., 2015; Hasin et al., 2017). These integrated approaches aim to move beyond isolated 

genomic analysis toward a more holistic understanding of disease mechanisms. 

There is also growing interest in resource-efficient and privacy-aware genomic analytics. Lightweight 

models, federated learning frameworks, and cloud-native genomic pipelines are being developed to make 

large-scale analysis more accessible to institutions with limited computational infrastructure. Although 

these emerging directions are promising, many methods are still in early stages of validation. Continued 

work on benchmarking, biological validation, and real-world deployment will be essential for translating 

these advances into routine genomic practice (Angermueller et al., 2016; Stephens et al., 2015). 

 

 
Figure 2. Functional overview of key challenges, enabling technologies, and emerging directions in 

computational genomics toward scalable and interpretable genomic solutions 

 

Literature Survey Table 

Authors 

(Year) 

Method Used Key Results Research Gap 
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Eraslan et al. 

(2020) 

Deep learning for 

genomic analysis 

(review) 

Showed deep learning 

improves prediction in 

regulatory genomics 

Limited interpretability 

and high data requirement 

Reel et al. 

(2021) 

Deep learning in 

precision medicine 

Demonstrated improved 

disease risk prediction 

Generalization across 

populations remains weak 

Min et al. 

(2021) 

Multi-omics 

integration with deep 

models 

Improved cancer 

classification accuracy 

High computational cost 

and data imbalance issues 

Gligorijević et 

al. (2021) 

Graph neural networks 

for biological 

networks 

Better modeling of protein 

interactions 

Limited validation on 

heterogeneous genomic 

data 

Ji et al. (2021) Self-supervised 

learning for genomics 

Reduced dependence on 

labeled data 

Still requires large 

pretraining datasets 

Lotfollahi et al. 

(2022) 

Transfer learning in 

single-cell genomics 

Improved cross-dataset 

performance 

Batch effect sensitivity 

persists 

Chen et al. 

(2022) 

Federated learning for 

genomic privacy 

Enabled distributed genomic 

model training 

Communication overhead 

and model drift issues 

Zhang et al. 

(2023) 

Multimodal deep 

learning for cancer 

prediction 

Achieved higher diagnostic 

accuracy 

Model interpretability 

remains limited 

Wang et al. 

(2023) 

Lightweight deep 

models for genomics 

Reduced computational 

requirements 

Slight drop in prediction 

performance 

Li et al. (2024) Explainable AI in 

genomics 

Improved feature-level 

biological insights 

Lack of standardized 

evaluation metrics 

 

The recent literature from 2020 onward shows a strong shift toward deep learning and advanced data 

integration in computational genomics. Several studies report that modern architectures such as graph 

neural networks and transformer-based models have improved predictive performance in tasks like protein 

function prediction and genomic sequence modeling (Gligorijević et al., 2021; Ji et al., 2021). Reviews of 

deep learning applications also note steady gains in regulatory genomics and disease prediction when 

compared with traditional machine learning methods (Eraslan et al., 2020; Reel et al., 2021). In parallel, 

multi-omics integration frameworks have gained attention for their ability to combine heterogeneous 

biological data and improve cancer classification outcomes (Min et al., 2021; Zhang et al., 2023). Transfer 

learning approaches in single-cell analysis further demonstrate better cross-dataset adaptability (Lotfollahi 

et al., 2022). 

 

At the same time, the surveyed studies repeatedly point out important limitations that still affect real-world 

deployment. Model interpretability remains a key concern, especially in clinical genomics, where 

explainable AI techniques are still evolving and lack standardized evaluation practices (Li et al., 2024; 

Eraslan et al., 2020). Many deep models also require substantial computational resources, creating barriers 

for smaller research groups (Angermueller et al., 2016; Wang et al., 2023). In addition, persistent issues 

such as batch effects, cross-population generalization, and data privacy continue to appear across multiple 

works, even in newer federated learning frameworks (Chen et al., 2022; Reel et al., 2021). Overall, the 

literature agrees that while modern methods have improved analytical power, further work is needed to 

make genomic models more scalable, interpretable, and robust. 

 

Computational genomics has moved forward rapidly in recent years, mainly because of advances in high-

throughput sequencing, machine learning, and large-scale data sharing. The literature clearly shows that 

traditional statistical methods alone are no longer sufficient to handle the volume and complexity of 
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modern genomic data. As a result, researchers have increasingly turned to advanced computational 

approaches to improve prediction accuracy, data integration, and biological discovery. 

Among the key technologies, deep learning has emerged as a dominant tool for modeling complex 

genomic patterns. Techniques such as convolutional neural networks, graph neural networks, and 

transformer-based models have shown strong performance in tasks like gene expression analysis, protein 

function prediction, and regulatory genomics. Self-supervised and transfer learning methods are also 

gaining attention because they help reduce the dependence on large labeled datasets, which are often 

difficult and expensive to obtain in genomics. 

Multi-omics data integration has become another major focus area. Modern studies aim to combine 

heterogeneous data sources—such as genomics, transcriptomics, and clinical information—to obtain a 

more complete view of biological systems. Fusion strategies, network-based learning, and multimodal 

deep models have demonstrated improved disease classification and risk prediction. However, the 

literature consistently points out that effective integration without losing biological meaning is still an 

open challenge. 

Recent work has also highlighted the importance of explainable artificial intelligence and privacy-

preserving computation. Explainable models are increasingly needed in clinical genomics, where 

understanding the biological basis of predictions is critical for trust and adoption. At the same time, 

federated learning and secure data-sharing frameworks are being explored to protect sensitive genomic 

information while still enabling collaborative research. 

Overall, the field is clearly shifting toward more scalable, interpretable, and data-efficient computational 

frameworks. While significant progress has been made, the surveyed studies agree that challenges related 

to high dimensionality, heterogeneity, computational cost, and reproducibility still limit real-world 

deployment. Continued research that combines methodological innovation with biological validation will 

be essential for the next phase of computational genomics. 

 

CONCLUSION 

Computational genomics has made remarkable progress with the support of advanced sequencing 

technologies and modern machine learning methods. However, the field continues to face several practical 

and methodological challenges that affect the reliability and real-world usability of genomic analysis. 

Issues such as high dimensionality, heterogeneous data sources, noise and missing values, computational 

burden, and limited model interpretability remain central concerns (Libbrecht & Noble, 2015; Stephens et 

al., 2015). These factors often lead to models that perform well in controlled settings but struggle to 

generalize across independent datasets. 

In addition, concerns related to reproducibility, data privacy, and ethical data sharing have become 

increasingly important as genomic datasets grow in size and accessibility. Addressing these challenges 

requires not only more efficient algorithms but also better data governance, transparent reporting practices, 

and stronger collaboration between computational scientists and domain experts Technical improvements 

alone are unlikely to solve these issues without careful experimental design and validation. 

Looking ahead, emerging approaches such as self-supervised learning, multimodal integration, and 

privacy-aware computation offer promising directions for the field. However, their success will depend 

on rigorous benchmarking and biological validation across diverse datasets. Continued effort toward 

scalable, interpretable, and reproducible genomic analysis will be essential for translating computational 

advances into meaningful clinical and biological impact  
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