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Understanding the Integrated Gene Regulatory 
Networks for Hepatocellular Carcinoma
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Editorial
Hepatic cancer is a malignant tumor that begins in the cells of 

the liver. The leading cause is a viral infection with hepatitis B and 
hepatitis C. Hepatocellular carcinoma (HCC) has become the most 
common form of hepatic cancer. It is the fastest-growing cause of 
cancer deaths in the United States. HCC is also found to be associated 
with obesity, type 2 diabetes and fatty liver disease. To understand 
the gene expression regulation during HCC development, scientists 
have identified a few related transcription factors (TFs) and 
characterize their roles such as E2F1[1], Foxm1b [2] and hepatic 
nuclear factors [3]. However, these findings still cannot fully explain 
the underlying molecular mechanism during liver tumorigenesis. 
It is necessary to systematically study the global gene regulatory 
network (GRN) during HCC development.

The advancement of next-generation sequencing (NGS) 
technologies has enabled the rapid examination of the entire 
human genome. Many NGS applications have been developed to 
profile cells such as RNA-seq [4], ChIP-seq [5], ATAC-seq [6] etc. 
These allow scientists to study cells at different levels including 
genome, transcriptome, and epigenome. For instance, ChIP-seq and 
ATAC-seq data can be used to learn the chromatin states of certain 
biological processes by detecting regulatory elements in the genome 
and corresponding transcriptional regulators. Furthermore, 
recent developments in high-throughput single-cell technology 
provide the statistical power to study diverse population of tumor 
cells. This can greatly help scientists to understand intratumoral 
heterogeneity [7].

To take advantage of these high-throughput sequencing data, 
people from different fields have developed various sophisticated 
computational methods to reconstruct GRNs. A GRN is a collection 
of TFs that interact with their targets in the cell to govern gene 
expression. TFs are proteins that are involved in transcribing DNA 
to RNA by binding to specific DNA sequences such as enhancers 
and promoters. The interactions between TFs and their targets  

 
can be detected via various technologies including electrophoretic 
mobility shift assay, DNase footprinting assay, chromatin 
immunoprecipitation and yeast one-hybrid system. GRNs can also 
be computationally reconstructed through reverse engineering 
methods using gene expression profiling data. GRN serves as a 
“blueprint” of TF-target interactions, which can be used to generate 
novel biological hypotheses. An important aspect of this application 
is that GRNs represent statistically significant predictions of TF-
target interactions obtained from high throughput datasets. In this 
way, GRNs enable us to study regulatory relationship among genes 
and understand the underlying cellular processes in living cells. 
Gene expression data profiles generated from HCC patients can 
be used to construct GRN. Once corresponding GRNs are inferred, 
gene relationship can be understood using various network-based 
algorithms. For instance, hub genes in the GRNs are likely to play 
important roles in HCC development.

In addition to TF-target interactions, integrated GRNs can be 
also constructed with other types of interactions to obtain more 
biological insights. For instance, long noncoding RNAs (lncRNAs) 
and miRNAs can be integrated in GRNs using their expression 
profiles or genomic information. A few lncRNAs have been reported 
to be directly associated with tumorigenesis and cancer metastasis 
including H19, HOTAIR and HULC [8]. These lncRNAs have potential 
to contribute to activating WNT and TFG-β signaling pathways. 
For miRNAs, they are also likely to regulate key cancer-related 
pathways such as cell cycle control and DNA damage response 
[9]. Furthermore, mutational information and hyper-methylation 
of gene promoter regions identified in HCC patients can be 
incorporated into integrated networks to understand how upstream 
aberrant events cause downstream gene expression change [10]. 
By integrating various types of information, reconstructed GRNs 
will be more robust to reveal key transcriptional regulators for HCC 
study.
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With constructed GRNs, network-based algorithms can be 
used to identify key TFs, mutations, hyper-methylated regions 
with unique topological features. There are a few commonly 
used topological features such as degree, centrality and cluster 
coefficient. All of them denote different types of importance of 
nodes (genes, mutations etc.) in given networks. Usually, nodes 
with large topological values tend to play a more important 
role in tumorigenesis. Besides traditional network algorithms, 
machine learning based approaches can be also used to predict key 
transcriptional regulators. The basic idea of this machine learning 
approach is to do prediction with prior known information. First 
collect a list of mutations, TFs, genes, lncRNAs that are known to 
be associated with HCC. Next, find their topological features in 
corresponding integrated GRNs and train a classifier. Lastly, predict 
novel regulators using this trained classifier [11].
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