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Abstract. The human genome is a set of humans’ nucleic acid sequences that are encoded as 

DNA in the human chromosome pairs. These are usually treated separately as the nuclear 

genome and the mitochondrial genome. Studying and understanding genetic systems has a great 

impact on health. Therefore, in the last few decades, the world has witnessed a great revolution 

in genetic engineering that aims to identify new phenomena and support mitigating the effect of 

diseases or even find ultimate solutions. The first step in studying genetics data is modelling this 

data and use some analysis approaches. The main problem of researchers is finding appropriate 

approaches for modelling their genetics data. This work comes to review the literature and 

present a variety of approaches used by researchers in modelling genetics data and genes 

interactions. This review tries to make it easy for researchers when adopting particular modelling 

approaches by presenting the state-of-the-art in terms of the dataset used, strengths, and 

limitations. 

 
Keywords. Biological Networks, Modelling Genetics, Genes, Protein, Interactions, Complex 

Networks 

1.  Introduction 

Genetics is the study of organisms’ genes and is considered one of the most growing fields in biology 

[1]. Recently, the genetics field has been significantly developed and caused a paradigm shift in our life. 

Studies in genetics proved that organisms’ (e.g., human, animals, or plants) genes have a direct impact 

on health and diseases [2][3]. Therefore, it is crucial to understand genes disorders and genes interactions 

aiming to mitigate diseases and maintain health. To this end, many approaches are available and can 

computerize complex genetics data into more understandable forms. These forms are called models that 

can be simulated and analysed using computer systems. Moreover, with the advent of new computer 

systems and applications, the analysis of such models has become more accurate and provide more 

reliable results [4]. 

38

Technium BioChemMed Vol. 2, Issue 4 pp.38-52 (2021)
ISSN: 2734-7990

www.techniumscience.com

mailto:1dhafar_un@uomosul.edu.iq


 

 

 

 

 

 

The classical approaches of the genetic systems are not easy to be implemented due to the complexity 

of genetics data as well as the cost and time consumed [5]. For this reason, modelling genetics systems 

using computer systems and computational theories is important to be performed if we look for accurate 

knowledge. 

Other approaches can also be used in modelling genetics data and genes interactions such as 

Mathematical and Statistical approaches [6][7][8]. Although these approaches provide accurate and 

reliable analysis, they still have a lack in providing sophisticated visualization. Furthermore, graphical 

modelling is currently considered one of the most attractive approaches for modelling genetics data [9]. 

These methods have the ability to provide advanced visualizations that enable researchers to look at 

their data from different aspects. As one of the newest methods that can model genetics data is Complex 

Networks [10]. This kind of data representation is based on the Graph Theory [11] that represent data 

objects as nodes that are connected by edges [12]. This kind of representation is powerful since genetic 

data objects have complex relations and interactions with each other. Therefore, complex networks 

approaches are widely used to model genetics data and especially genes interactions and protein 

interactions.  

Furthermore, strong modelling of genetic interactions in organisms could provide crucial insight into 

complex diseases because genetic interactions provide insight into how genotype connects to phenotype 

in an organism and is considered to be useful in understanding multidrug resistance in some diseases 

and other biological abnormalities [13]. 

According to the literature, there is a lack in providing comprehensive reviews that consider the issue 

of modelling genetics data and genes interactions. Hence, the contribution of this work, that is, it 

provides a comprehensive review of the state-of-the-art of modelling genetics data in a way that enables 

researchers to have a wider view of the current approaches and makes it easier to select the most 

appropriate one for their data. 

The rest of this paper is as follows: Section 2 illustrate the different approaches of modelling genes 

interactions. In section 3 discussions were made, and finally, some conclusions were explained in section 

4. 

 

2.  Modelling Genes Interactions 

 

2.1 Traditional Approaches 

In the early stages of the biology field, the gene-related analysis and modelling approaches were based 

on traditional and classical ways. For instance, researchers used clinical and experimental results for 

analysing most of the gene-related issues [14]. Nowadays, some researchers still use this kind of 

approach. The study of Marok et al. [15] in 2021 used clinical data to model and analyse drug-gene 

interactions. Their model was build using PK-Sim simulation software and feed with 67 cases. However, 

their approach had limitations related to the evaluation of the output of the software, which needs highly 

skilled and experienced workers. Another study performed by Schafer et al. [16] in 2019 used a time-

series-based approach for analysing genetic information of 8 autism patients. The main disadvantage of 

this approach was the difficulties in tracking the genetic temporal information of patients since it cannot 

be obtained regularly. However, the genetic data can be useful for future investigations. Regardless of 

the cost and the other limitations of the classical methods, they are considered reliable and provide 

credited and more trusted results. Furthermore, the traditional analysis of genetics data may become a 

step after applying pre-analysis to the data. In other words, an analysis may be applied before performing 

clinical experiments, which reduce the time and the cost consumed. 

 

2.2 Mathematical and Statistical Approaches 

Mathematical and statistical approaches for modelling genetics data was used by many researchers in 

the literature. This kind of method is considered to be more theoretical than its practical aspects. The 

distinguished work of Hansen et al. [17] in 2001 is a good example of this kind of approach. They 
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modelled genetics data in the form of a multilinear mathematical structure. Their proposed model was 

dynamic and able to analyse quantitative genetics data and understand experiments in a more 

comprehensive way. However, this approach may not be always suitable for biological data due to the 

nonlinear nature of this field’s data. On the other hand, statistical methods have also been involved in 

modelling genetics data. Two years later, a work performed by Wu et al. [18] used the interactions/multi-

way interactions and expressions among genes in the form of a Graphical Gaussian Model. The approach 

involved some clustering algorithms to extract model information aiming to rapidly explore genes 

relationships. The data used in their work was in the form of microarrays that needs special treatment 

by developers. However, this kind of approach needs further analysis by experts.  Many years later, in 

2014, the study of Patton et al. [19] used posterior probabilities to describe the relations among genome 

data. The authors believed that this kind of approach is considered an adequate tool for identifying 

uncategorized relations among genomes. However, these approaches are not always suitable for some 

kind of genetics data due to the variety of correlations among data objects. 

 

2.3 Network-Based Approaches 

Recent years have witnessed a great revolution in the use of network science approaches for modelling 

a different kinds of problems including genetics data [20][21]. For instance, the highly distinguished 

work of Barabasi et al. [22] in 2011 (Network Medicine) stated the main concepts for modelling 

biological networks and presented their main features. They described the basics that should be taken 

into considerations when modelling biological networks. The work also described the main models in 

network medicine including disease networks, disease-gene networks, gene-gene interactions networks, 

protein-protein interactions networks, and network pharmacology. Hence, this section presents a variety 

of approaches that model genetics problems into network models. For example, modelling gene-gene 

interactions can be formed as follows: 

Assume the following set of gene-gene interactions: 

#1: “Gene_1(Chromosome_X)” interacts with “Gene_2(Chromosome_X)” 

#2: “Gene_1(Chromosome_X)” interacts with “Gene_3(Chromosome_X)” 

#3: “Gene_1(Chromosome_X)” interacts with “Gene_1(Chromosome_Y)” 

#4: “Gene_2(Chromosome_X)” interacts with “Gene_1(Chromosome_20)” 

#5: “Gene_3(Chromosome_X)” interacts with “Gene_1(Chromosome_5)” 

#6: “Gene_1(Chromosome_X)” interacts with “Gene_1(Chromosome_20)” 

Then, the first step is to implement each gene as a node. After that, the edges are created based on 

the above-listed interactions (see Figure 1). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 1. An example illustrating how the gene-gene interactions network is generated. 
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2.3.1 Expression/Co-expression Networks 

Kanakoglo et al. [23] in 2020 modelled gene expressions in the form of a network with nodes and edges 

and called “Differential Gene Expression Analysis (DGAs)”. Their model was a protein-protein 

interactions network model, which means each protein (or the coded gene) is considered as a node, if 

there is an interaction between two proteins, an edge is created between them. The model was able to 

identify irradiated and non-irradiated cells.  The same modelling approach was also used by Liu et al. 

[24] in 2020. They modelled gene expressions/co-expressions in the form of a network model. Their 

model was able to identify the hub genes, which enable researchers to understand and verifying genes. 

The limitations of their model were the small size of data, which leads to having 16 hub genes only. 

Practically, this kind of modelling needs to have huge datasets aiming to have more comprehensive 

network models that reflect reliable results. Care et al. [25] in 2019 used gene expressions and gene 

correlations in modelling genetics data. The authors aimed to investigate specific diseases using the 

modelled data. Their model was able to provide information that can be used in clinical experiments. 

The main issue in their approach was the ability to deal with multiple datasets in the same network 

model. Therefore, their model was only able to deal with small-scaled datasets. 

 

2.3.2 Correlations Networks 

Correlations in gene expressions/co-expression were also utilized in modelling genetics data in the 

literature. The work of Nayak et al. [26] in 2009 involved the correlations among gene co-expressions. 

The network was built using the correlation matrix among gene co-expressions. The goal of their model 

was to provide useful information about the relations between human genes and diseases. The model 

considered genes as nodes and the edges were created based on the correlations of the co-expression 

among genes. The main limitation of this kind of modelling is the accuracy of the correlations, which 

needs special attention by researchers.  Similarly, Michalopoulos et al. [27] in 2012 used the same 

modelling approach in [26] but with a large scale of data. They applied some clustering algorithms to 

extract the genes with similar co-expression that perform similar processes in the human body. Their 

developed model was efficient in distinguishing the genes of similar functions. Moreover, their model 

was also able to predict information about the human genes alongside their relations and functions. 

 

2.3.3 Gene-Gene (Protein-Protein) Interactions-Based Networks 

The recent trend in modelling genetics data is using network science approaches. A network model 

consists of nodes and edges, where nodes are genes and the edges are created if there is an interaction 

between two genes. The strategy of building network models may vary from one research to another.  

The work of Santibanez et al. [28] in 2020 used a specific method in modelling genetics data. They 

considered 3 types of interactions among genes, namely, protein-protein, protein-DNA (GRN), and 

protein-metabolite. This strategy is considered to be complex, but it is efficient in modelling genes since 

it includes a lot of information encoded in the network model. This information can be retrieved using 

network measurements (e.g., community detection, centrality metrics, clustering coefficient, etc.). In the 

same context, Doncheva et al. [29] in 2018 proposed a network model that was based on protein-protein 

interactions but with some differences in creating network edges. The authors followed a particular 

strategy when creating edges that were based on giving a confidence score to each pair of nodes and 

then determine the weight of the edges within the network. The work was performed using the Cytoscape 

network visualization tool and STRING dataset. The aim of the work was to ease the process of querying 

and retrieving information about diseases and their related genes using a specific GUI for users. Another 

distinguished work proposed by Goh et al. [30] in 2007 suggested an approach that was based on the 

concepts of the bipartite graph to generate a network model. The model consisted of two disjoint sets of 

nodes; the first included genetic disorders, while the second one included the diseases genes in the 

human genome as shown in Figure 2 [30]. Their approach is considered an important tool for visually 

distinguishing some facts about genes and disorders. However, the limitation of this tool was the 

incompleteness of the data, which limits the extraction of information from the network model.   
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Fig. 2. Generating a network model for genes disorders and diseases genes [30]. 

 

The bipartite graph approach is considered to be effective when having a complete set of data [31]. 

Other types of network modelling can be used such as Boolean Networks, which is a graph that 

represents the genes as nodes and the edges among them is driven by their regulatory interactions 

[32][33]. Here, the expressions of genes are represented in the form of 0 and 1. The expression of a gene 

is set to 1 if it is above the threshold, otherwise, it is 0. Moreover, Boolean Network models are 

considered simple to implement and have the ability to simulate dynamic models, which is desired in 

biology. Schwab et al. [34] in 2020 developed a Boolean Network model aiming to study the dynamic 

complex behaviour of genetics systems and reveal facts on the interactions among proteins and the 

overexpression to diseases such as cancers. Their model is demonstrated in Figure 3, which shows how 

a biological phenomenon can be modelled in the form of a network. However, the main limitation of 

this kind of modelling is the inability to imitate real biological systems due to the difficulties in matching 

the simulation timing parameters, which leads to having unreliable results. 

Another kind of approach called Gene Regularity Networks (GRNs) has been given a lot of attention 

in recent years for modelling genes data [35]. A GRN network consists of molecular regulators with 

interactions among them. GRNs have the ability to determine the functions of the cell through gene 

expression levels in the mRNA [36]. However, most of the GRNs approaches in the literature use limited 

labelled genes interactions in building genetics models, which leads to having unreliable results with no 

exploitation of the GRNs information. Hence, the study of Mignone et al. [37] in 2020 came to overcome 

the aforementioned limitations. They suggested a novel idea that involved unsupervised machine 

learning techniques on unlabeled interactions among genes. The approach was able to work in an 

unlabeled setting and can identify unknown functional relationships among genes. 

The use of mathematical tools under the control theory in analyzing protein-protein interactions was 

extensively studied by Vinayagam et al. [38] in 2016. The study aimed to identify disease-causing 

mutations, prioritizing cancer genes, and identifying disease genes and their drug targets. In the study, 

the authors represented proteins as nodes and a direct edge is created between two nodes if they interact 
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with each other and the direction is driven by the signal flow of the interacted proteins. The weight of 

the edges is controlled by the level of confidence in the predicted direction. The proposed model was 

able to deal with large-scale datasets. The main limitation of such models is that the true functional form 

of complex biological systems is not known.    

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 3. (A) a genetic phenomenon, (B) Boolean network model, (C) a complete dynamic network 

model [34] 

 

Furthermore, modelling genes expressions may lead to generate networks with a lot of false-positive 

relations (edges) [39]. This specific issue was investigated in the work of Pio et al. [40] in 2020. They 

proposed an approach based on the genes expressions that was able to utilize indirect relations among 

genes and overcome the aforementioned issue by removing these edges. The approach is also used to 

predict community structure accurately. The authors proved that their model was reliable and can work 

accurately even with the existence of noisy data. Figure 4 illustrates how the authors modelled their 

network [40]. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 4.  Network reconstruction based on gene expression data [40]. 

 

In the same of the above context, a study performed by Lim et al. [41] investigated the issue of 

suspected edges in protein-protein interactions networks. They used similar the previous strategies in 

modelling genetics data but they incorporated literature-curated and evolutionarily conserved 

interactions. Their modelling approach was successful in identifying novel protein-protein interactions. 

This means the traditional modelling of protein-protein interactions can be developed by embedding 

more features and information within the network model. For instance, the pathway of genes can be 
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involved in the analysis of genetics data. A biological pathway can be defined as a series of molecular 

actions that eventually lead to a change in cells [42]. Reyna et al. [43] in 2020 involved coding/non-

coding mutations of cancer genomes in developing a genetic model. They aimed to prioritize the rare 

(less frequently) mutations in protein-coding genes. Their model was able to identify new component 

that is frequently affected by non-coding and coding mutations. Figure 5 demonstrates the approach in 

details. In the same context, a study performed by Liu et al. [44] in 2010 investigated candidate genes 

that may cause rare diseases such as rare cancers (e.g., glioma). They involved genes interactions of a 

rare cancer and pathways in modelling a biological network. The study enabled researchers to 

understand the biological properties of genes and provide pathway maps for future investigations of rare 

cancers. The main limitation of this kind of modelling is the accuracy of the relationships among 

network genes since gene-gene interactions may be resulted from various cellular conditions. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 5. Pathways and network analysis modelling approach [43]. 

 

In biological networks, large-scale data is preferred since it can provide deep knowledge about the 

problem of interest [45]. Therefore, large-scale network models produce more accurate results. This is 

because network-based models depend on both; objects information and the relations among network 

objects. Large-scale network models can be built using large scale data or by combining more than one 

network model together in one giant component [46]. Besides, several network models can be analysed 
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together and extract facts based on the collective analysis of these models. This specific situation was 

performed by Huang et al. [47] in 2018. They analysed 21 gene-gene interactions network models 

together. The results showed many novel interactions in a more efficient performance compared to other 

network models. The study also proved that giant network models always provide better performance 

in identifying phenomena in genes or protein interactions.    

Network measurements can be powerful in analysing genetics data. Each network measurement can 

reflect a particular fact about a particular node of interest in the network. These measurements can be 

used in both network and node levels as follows: 

Network Level [48][49]: 

- Network Distribution: it shows the probability distribution of nodes degrees in the 

network. It can be considered as an indicator of the connectivity of network nodes 

(e.g., genes, protein, drug, disease, etc.). 

-  Average Degree: an indicator of the average connections of network nodes. 

- Average Path Length: it shows the average number of shortest steps among network 

pairs. 

- Diameter: the distance between the two farthest nodes within the network. 

- Density: reflects the number of potential edges within the network to the actual 

number of edges within the same network. 

Node Level [48][49]: 

- Clustering Coefficient: reflects the tendency of a node to cluster with other network 

nodes in a network. 

-  Closeness Centrality: reflects how close a node is to other network nodes. 

- Betweenness Centrality: shows how well-positioned a node is within the shortest 

paths of network nodes.  This measurement tells us how important a node’s position 

is in the flow of information in a network. 

- Eigen Centrality: reflects how well-connected a node is to the highly connected 

nodes within a network. 

The aforementioned measurements can play a significant role in analyzing genetics data since they 

deeply consider the relations among network nodes, which is of interest to researchers. In this regard, 

Miryala et al. [50] in 2021 utilized network measurements when analyzing their network of protein-

protein interactions. They involved average path length, clustering coefficient, closeness centrality, 

betweenness centrality, and degree centrality of nodes in investigating and analyzing the topological 

features of genes. Their study was able to provide new strategies against some types of infectious 

diseases. 

3.  Discussions 

As can be seen in the previous sections, genetics data can be modelled using a variety of approaches. 

The traditional approaches are based on classical clinical experiments that can be performed in 

laboratories and their results are considered more reliable but with high cost and time consumed. 

Usually, an experiment may be performed more than one time due to a lack of parameters or the use of 

the “trial and error” concept, which costs a lot. Therefore, researchers try to perform some analysis as a 

proactive step before performing experiments. These pre-analysis procedures are currently a trend in the 

literature since they provide researchers with most of the required knowledge before starting their 

experiments. The pre-analysis procedures can be performed by converting biological problems to 

computerized models. These models can be mathematical-based, statistical-based, network-based, or 

even a combination of them. It is always up to researchers when trying to model their problems. 

However, the literature presents a large number of approaches that support researchers and guide them 

to the best path. Hence, this work makes it easier for researchers when they decide to adopt particular 

approaches for their data. This work discussed most of the available approaches that are used in the 

literature for modelling genetics data. In addition to the description provided in the previous section, we 

summarize all the presented approaches in Table 1. The table provides information for readers about the 

45

Technium BioChemMed Vol. 2, Issue 4 pp.38-52 (2021)
ISSN: 2734-7990

www.techniumscience.com



 

 

 

 

 

 

approaches presented in terms of the dataset used, the main contribution of each approach, the 

limitations of the approach, and other information. 

 

Table 1. Summarizing the approaches presented in this work 
References Dataset Used Method Strengths Limitations 

Traditional Approaches 

Marok et al. 

(2021) [15] 

67 clinical studies 

data. 

https://github.com/O

pen-Systems-

Pharmacology  and 

used GetData Graph 

Digitizer 2.26.0.20. 

The model involved 

Pharmacokinetic (PBPK) 

model of bupropion 

including its DDI-

relevant metabolites, and 

also involved clinical 

drug-gene interaction 

(DGI) and DDI data. 

The model is flexible in 

simulating various DDGI 

scenarios. 

Metabolizers 

receiving the 

CYP2B6 inducer 

rifampicin, should 

be carefully 

evaluated in 

clinical studies 

before considering 

it in the model. 

Schafer  et 

al. (2019) 

[16] 

A total of 8 patients 

with idiopathic 

autism spectrum 

disorder (ASD) and 

five unaffected 

individuals. 

A time-series approach 

was developed to track 

the cortico-neuronal 

development. 

The approach was useful for 

future mechanistic 

investigations that try to find 

the convergence of genetic 

variants that contribute to 

ASD risk. 

- 

Mathematical and Statistical Modelling 

Hansen  et 

al. (2001) 

[17] 

A variety of 

quantitative genetic 

data 

The model captures 

directly epistatic effects 

measurable in a reference 

genotype. 

Has many useful 

mathematical properties and 

can represent epistatic effects 

of any order and on multiple 

phenotypic traits. 

The multilinear 

model may be 

rejected by 

Biologically 

significant non-

linearity. 

Wu et al. 

(2003) [18] 

Sets of genes in gene 

expression data 

collected by 

microarrays. 

Graphical Gaussian 

model and log-linear 

model. 

The approach complements 

the typical clustering 

approaches that are used to 

analyze microarray data. 

The model 

requires further 

research, such as 

how to better deal 

with sparse data 

when either 

structural zero 

cells are present or 

if it contains many 

small cell values. 

Patton,et al. 

(2014) [19] 

A set of Arabidopsis 

thaliana gene 

expression data and 

seven sets of 

simulated data. 

They used posterior 

probabilities for network 

features that are based on 

multiple hierarchical 

replications. 

Provides a very useful tool to 

the biological community to 

help identify potential 

unrecognized relationships in 

genome-wide transcript 

abundance datasets. 

Higher signal 

partial correlation 

may impact the 

model. 

Expression-Co-Expression Network Modelling 

Kanakoglou 

et al. (2020) 

[23] 

ENA datasets The model is based on a 

Differential Gene 

Expression Analysis 

(DGEA). 

 

The model is able to 

investigate the effects of high 

dose ionizing radiation on 

healthy human tissue using 

quantitative analysis of gene 

expression. 

An incorrect base 

call may affect the 

results of the 

model. 
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Liu et al. 

(2020) [24] 

6 unprocessed 

datasets for gene 

expression profiles 

from  the Gene 

Expression Omnibus 

(GEO, 

http://www.ncbi.nlm

.nih.gov/geo/) 

including: GSE6004, 

GSE58545, 

GSE27155, 

GSE53157, 

GSE60542, and 

GSE33630. 

The use of gene co-

expression network. 

The first model that studies 

PTC using a combination of 

RRA and WGCNA. The 

model also provides new 

insights into current 

diagnosis and pathogenesis 

for PTC. 

More studies are 

needed to validate 

these research 

results that may be 

biased due to the 

small sample 

sizes. 

Care et al. 

(2019) [25] 

The Cancer Genome 

Atlas (TCGA), 

cancer samples for 

(BRCA, CRC). 

4.  Gene Correlation 

Network Analysis 

(PGCNA). 

 

The model provides an 

approach to extract useful 

networks that can be 

effectively applied to diverse 

clinical and experimental 

datasets. 

The model may 

have an issue 

when having 

large-scale data. 

Correlations/Co-Expression Network Modelling 

Nayak et al. 

(2009) [26] 

Catalogue of 

Published Genome-

Wide Association 

Studies 

(http://www.genome

.gov/26525384) 

(http://www.ncbi.nl

m.nih.gov/pubmed/ 

Entrez Gene 

information bases 

(http:// 

www.ncbi.nlm.nih.g

ov/locales/entrez 

The model used 

correlations in expression 

levels of more than 8.5 

million human gene pairs 

in immortalized B cells to 

infer gene co-expression 

networks. 

The co-expression networks 

were offered information on 

the role of human genes in 

disease and normal 

processes. 

Some genes were 

paired randomly 

as opposed to 

being paired based 

on correlation 

patterns. 

Michalopou

los et al. 

(2012) [27] 

Affymetrix's Human 

Genome U133 Plus 

2.0 Array Chip, 

Simple Omnibus 

Format in Text 

(SOFT). 

Human Gene Correlation 

Analysis (HGCA) (co-

expression-based). 

The model was a powerful 

tool for discovering genes 

associated with similar 

functions based on their co-

expression patterns. 

- 

Gene-Gene/Protein-Protein Interactions Networks Modelling 

Santibáñe et 

al. (2020) 

[28] 

Gene Expression 

Omnibus, 

https://www.ncbi.nl

m.nih.gov/bioproject

/, and EcoCyc, 

https://ecocyc.org/ 

Developing software 

(Atlas) that converts 

genome graphs and gene 

regulatory, interaction 

and metabolic networks 

into dynamic models. 

Their model can evaluate 

silico modifications, such as 

gene knockouts. The model 

also could be applied to the 

dynamic modelling of natural 

and synthetic networks of 

any bacteria. 

Gene regulatory 

networks are static 

models, and 

dynamic models 

are difficult to 

obtain due to their 

size, complexity, 

stochastic 

dynamics and 

interactions with 

other cell 

processes. 
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Doncheva et 

al. (2018) 

[29] 

STRING database. The model is based on a 

protein-protein 

interactions network and 

developed in the form of 

software. 

The app in this research 

supported several types of 

queries to retrieve 

information using the 

Cytoscape tool. 

Issues in 

visualizing the 

MS-based 

proteomics data. 

Another issue is 

related to data on 

post-translational 

modifications. 

Goh et al. 

(2007) [30] 

The list of disease 

genes, disorders and 

associations between 

them, from Online 

Mendelian 

Inheritance in Man 

(OMIM). 

The model used the 

concepts of a bipartite 

graph. 

The model offers a rapid 

visual reference of the 

genetic links between 

disorders and disease genes. 

The 

incompleteness of 

the OMIM and 

some noise in the 

data. 

Schwab et 

al(2020) 

[34] 

This article used 

application examples 

and guidelines to 

work with Boolean 

network models. 

Boolean Networks 

modelling. 

The network model was used 

to uncover regulatory 

interactions leading to 

protein overexpression in 

cancers. 

There is an issue 

related to 

matching the 

timing of the 

model to the real 

biological system, 

which may lead to 

unrealistic results. 

Mignone  et 

al. (2020) 

[37] 

Gene Expression 

Omnibus (GEO) 

(www.ncbi.nlm.nih.

gov/geo/), this 

adopted the dataset 

includes 6 different 

organs (liver, brain, 

lung, heart, marrow, 

skin, and bone). 

The model is based on a 

transfer learning 

approach. 

The model was able to 

exploit the knowledge about 

a source GRN to improve the 

reconstruction of a target 

regulatory network, it was 

also able to exploit a large 

number of unlabeled 

examples. 

Limitations when 

big data is 

involved. 

Vinayagam 

et al. (2016) 

[38] 

Dataset S2 

Dataset S1 

Dataset S4 

http://www.pnas.org  

" 

Atlas Program 

(TCGA) 

https://www.cancer.

gov 

The model characterized 

the structural 

controllability of a large 

directed human PPI 

network. 

This network model allowed 

the classification of proteins 

as “indispensable”, “neutral”, 

or “dispensable” and the 

ability to identify drug targets 

and new disease genes. 

The lack of 

information on the 

true functional 

form of the 

underlying 

dynamics of a 

complex 

biological 

network makes it 

more difficult for 

this kind of model 

to obtain accurate 

results. 

Pio et al. 

(2020) [40] 

SynTReN and 

DREAM5 datasets. 

Causal and predictive 

Network model with 

community structure. 

The model can predict the 

existence of unseen edges in 

the network. It also allows 

limiting further 

investigations on few 

promising gene interactions. 

- 

Lim et al. 

(2006) [41] 

CGI-DCI 

http://www.cell.com

/cgi/content/full/125

/4/801/DC1/. 

Protein-protein 

interactions network 

based on inherited 

cerebellar ataxias. 

The model was able to 

uncover many previously 

unsuspected connections 

between the different ataxia-

causing proteins. 

It may have a high 

rate of false-

positive 

interactions. 
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Reyna et al. 

(2020) [43] 

ICGC/TCGA Pan-

Cancer Analysis of 

Whole Genomes 

(PCAWG) 

Consortium. 

A network model that is 

based on pathways, 

coding and non-coding 

cancer driver mutations. 

A new component of known 

cancer pathways that are 

recurrently affected by both 

coding and non-coding 

mutations is identified by this 

model. 

A large percentage 

of non-coding 

mutations in the 

cohort cannot be 

detected due to a 

lack of power, 

especially in 

cancer types with 

a limited number 

of patients. 

Another limitation 

was the limited 

availability of 

transcriptomic 

data. 

Liu et al. 

(2010) [44] 

The Genetic 

Association 

Database (allergies 

and infections) 

(http://geneticassoci

ationdb.nih.gov/). 

Gene-gene interaction 

network and pathways. 

Investigated the candidate 

genes that have been linked 

to many complex genetic 

disorders. Also, investigated 

gliomagenesis' biological 

properties and the pathway 

maps for the understanding 

of glioma disease. 

This study 

network may not 

represent the 

actual causal 

relationship 

between genes 

because many 

different gene-

gene interactions 

are resulting from 

various 

cellular/experime

ntal conditions. 

Vázquez et 

al. (2003) 

[51] 

Yeast PIN Protein-protein 

interaction network. 

The model was a first step in 

identifying the evolutionary 

dynamics leading to the 

development of protein 

functions and interactions. 

It takes a lot of 

runs to reveal the 

average behaviour 

behind statistical 

fluctuations 

because the model 

follows a random-

growth process. 

Huang et al. 

(2018) [47] 

21 human genome-

wide interaction 

networks 

Sparse composite 

network model with high 

efficiency and 

performance. 

An important benchmarking 

process of 21 molecular 

networks. 

- 

Miryala et 

al. (2021) 

[50] 

29P. mirabilis strains 

from the National 

Center for 

Biotechnology 

Information 

Genome. 

Network model with 

network science 

measurements. 

Provided a better 

understanding of the 

molecular basis of multidrug 

resistance mechanisms in 

P.mirabilis. 

- 

 

4.  Conclusions 

This work reviewed the literature in terms of the approaches used for modelling genetics data. Many 

methods and approaches have been adopted for modelling this kind of data. The paper started with the 

traditional approaches, then moved to mathematical and statistical modelling. Thereafter, the paper 

described the most popular approaches for modelling genetics data, which are network science 

approaches. This kind of approach was the focus of this work since it is currently considered an efficient 

way for genetic analytics. Network-based models have the ability to investigate the relations among 
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network objects and extract useful information that can be of benefit for genetics researches. Network 

modelling is not an easy task to perform since it needs a lot of attention when building a model (e.g., 

the accuracy of the data used and the strategy of creating nodes and edges). However, these models may 

have limitations due to a variety of reasons as discussed earlier. Therefore, when adopting a particular 

network model (e.g., Boolean model), the limitations of this kind should be considered as a step before 

adopting the approach. Also, the size of data should be considered because simulating large-scale data 

needs high-performance hardware that may not be available in some academic settings. Moreover, 

adopting a particular approach should take into consideration the availability and the ability of the 

software. Finally, we strongly believe that network science approaches are the most powerful tool for 

analysing genetics data especially when machine learning is involved (e.g., unsupervised learning). The 

use of such techniques will add a lot to the approach.     
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