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Opinion
Genes are considered as segments of DNA that provide instructions for the production 

of specific proteins or RNA molecules. Genes can be related to one another in a variety of 
ways. These relationships can play important roles in the regulation of cellular processes and 
functions, as well as in the development and evolution of organisms. Gene relation refers to 
the relationship between two or more genes in terms of their function, location, or sequence 
similarity. In studying the expression and relationship of genes, researchers can get a sense of 
how gene-information is used to know cell functions and how changes in gene expression or 
regulation can lead to disease. As an example, co-expression analysis can help to determine 
gene-groups that are functionally related and may be involved in specific biological processes 
or diseases. Also, network analysis can be used to identify regulatory relationships between 
genes as well as to build gene regulation networks that control specific cellular processes. 
See also Allocco et al. [1], Elise et al. [2], Ruan et al. [3] & Song et al. [4], By interacting with 
each other, genes form a complicated network. The relationship between groups of genes 
with different functions can be represented as gene networks. Since the accessibility of the 
large gene expression data, several methods have been developed to analyze the gene-to-gene 
relationship. Copula approach is being used to study the relationship between the expression 
profiles of pairs of genes, since a copula is a multivariate model that can be used for explaining 
gene-gene dependence.

Copulas are mathematical functions that describe the dependence structures between 
random variables, while allowing for the specification of their marginal distributions 
separately. They can provide a way to model the dependency structure between variables 
without making assumptions about the underlying distribution of each variable. In other 
words, copulas separate the marginal distributions from the dependence structure, allowing 
for more flexibility in modeling. Sklar [5] showed that a copula exists for any multivariate 
distribution, such that the joint distribution equals the copula applied to the marginal 
distributions. Let X1, . . ., Xd be the random variables with joint distribution function H(x1, . . ., 
xd) with marginals F1(x1)=P(X1 x1),≤ . . .,Fd(xd)=P(Xd xd)≤. The relation between the copula and 
the joint distribution function of these random variables can be defined as 

H(x1, . . ., xd)=C(F1(x1), . . ., Fd(xd))=C(u1, . . ., ud)

Where U1=F1(x1), ..., Ud = Fd(xd), and C: [0,1]d [0,1] → is a d-variate copula.

Copulas can be used to model various types of dependence structures, such as positive 
or negative dependence, asymmetric dependence, or tail dependence. They can be easily 
extendible to use in the measurement of dependence structure of multiple genes. Recently, 
some studies demonstrated the usefulness and importance of copulas in gene expression 
analysis, providing a powerful tool for exploring dependence relationships between genes 
and identifying key drivers of disease progression. Kim [6] analyzed the gene interactions 
for two gene data sets through directional dependence by copula approach. Emura & Chen 
[7] proposed using copulas to model the dependence between censoring times. To address 
the issue of dependent censoring, they demonstrate the copula-based procedure for selecting 
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genes, developing a predictor, and validating the predictor using 
non-small-cell lung cancer data. Ray [8] studied a copula-based 
framework to model differential co-expression between gene pairs 
in two different conditions. Sun & Ding [9] proposed a novel class of 
copula-based semiparametric transformation models for bivariate 
data under general interval censoring.

The advantage of using copulas in gene relation analysis is 
that they provide a flexible and powerful way for modeling the 
complex dependence structure between genes, which can be 
difficult to capture using traditional correlation or regression-
based approaches. They can model nonlinear and non-monotonic 
dependency between genes. This is important in gene relation 
analysis, because the relationship between genes may not always be 
linear or monotonic. For example, the expression of one gene may 
only be related to the expression of another gene within a certain 
range of expression levels. Copulas can also be used to model the 
joint distribution of multiple genes, allowing researchers to identify 
groups of genes that are co-expressed or functionally related. By 
identifying these groups of genes, researchers can gain insight 
into the biological processes that are regulated by these genes, 
which can be useful for understanding the underlying mechanisms 
of disease. Overall, copulas in gene relation analysis can be used 
to identify co-expressed genes, construct gene networks, and 
investigate the relationship between gene expression and other 
variables of interest.
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