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A B S T R A C T

Maize is a critically important staple crop in the whole world, which has contributed to both economic security
and food in planting areas. The main target for researchers and breeding is the improvement of maize quality
and yield. The use of computational biology methods combined with multi-omics for selecting biomolecules of
interest for maize breeding has been receiving more attention. Moreover, the rapid growth of high-throughput
sequencing data provides the opportunity to explore biomolecules of interest at the molecular level in maize.
Furthermore, we constructed weighted networks for each of the omics and then integrated them into a final
fused weighted network based on a nonlinear combination method. We also analyzed the final fused network
and mined the orphan nodes, some of which were shown to be transcription factors that played a key role in
maize development. This study could help to improve maize production via insights at the multi-omics level and
provide a new perspective for maize researchers. All related data have been released at http://lab.malab.cn/∼jj/
maize.htm.

1. Introduction

Maize (Zea mays) is an important staple food in many regions of the
world with total production higher than other grain crops, such as
wheat or rice. Despite its status as a food staple in many areas, most
maize is used for animal feed and ethanol fuel. Maize is also an im-
portant model organism for plant development, physiology, and ge-
netics studies in addition to its economic value. The genome of maize is
approximately 2.4 gigabases, and the haploid chromosome number is
10 (Schnable et al., 2009; Zhang et al., 2009). Fig. 1 shows the 10
haploid chromosomes.

Maize is widely cultivated globally, thus it is necessary to explore
the factors that influence its production, such as disease tolerance,
drought, pests, and nutrition, as well as yield. Owing to the importance
of exploring these factors to reveal how they react at the biomolecular
level in maize through multi-omics, these issues have already in-
vestigated by some researchers. The DNA sequence data of the B73
maize genome is stored in GenBank, a consortium jointly established by
the Department of Energy, US National Science Foundation, and
Department of Agriculture in 2005. To study plant proteomics, protein

extraction, involving 2DE-based gel maps, proteomic analysis and MS
analysis, is required. Experimental data can reveal correlation between
phenotype and omics, such as proteomics, to some extent, but this
approach is expensive and often the role of biomolecules in the devel-
opment of maize is difficult to discern. Thus, it is feasible to examine
the biomolecule that influence maize production using one single
omics.

In this context, combining multi-omics data to study the biomole-
cules of maize is a challenge. We showed how current methods could be
successfully applied through omics technology to influence the yield of
maize. In this paper, we use multi-omics data to construct weighted
networks separately and integrated into one final fused network to
provide insight into maize development, which made the results more
reliable. We also analyzed the final fused network and mined the or-
phan nodes, some of which played a key role in maize development.
These results could provide a new perspective for maize breeding and
researchers.
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2. Materials and methods

The accessibility of diverse omics data and the rapid improvement
of analytical methods have enabled systems biology approaches to be
extended directly to crop plant systems. While a single technique may
be informative on its own, using multiple complementary approaches,
such as a systems biology approach integrating multi-omics data
(transcriptomic, metabolomic, genomic, and proteomic data) collected
from the same plant material, will strengthen the overall analysis. Here,
multi-omics technologies of each data type of maize were applied based
on the hypothesis that the separate datasets may lack some information
and their fusion may make the data more comprehensive (Fig. 2).

2.1. Genome

From a genetic standpoint, genome-wide association studies
(GWAS), which study genetic variation genome-wide among disparate
individuals, aim to elucidate genetic variants that are associated with a
trait. The first successful GWAS was reported in 2005 (Klein et al.,
2005; MacArthur et al., 2017; Visscher et al., 2012). Through the de-
velopment of high-throughput sequencing technology, the number of
publications on maize has increased over time. Along with the release

of the B73 reference genome of maize and its wide use, GWAS has
become a useful tool for effectively determining the relationships be-
tween genes and phenotypes (Schnable et al., 2009). The increase in the
number of publications associated with the key words “maize” and
“GWAS” is shown in Fig. 3.

Collections of gene expression profiles on the whole-genome scale
are useful for gene discovery and functional characterization in meta-
bolic pathways (Usadel et al., 2009; Marcotte et al., 1999), but these
genes are always in uncorrelated expression profiles (Liu et al., 2009).
Some studies have shown that the coregulatory pattern of two genes
may be affected by genetic variation or expression levels of a third gene
(Li et al., 2004, 2007; Li and Yuan, 2004; Li, 2002; Sun et al., 2008; Tai
et al., 2010).

2.2. Transcriptome

The transcriptome is the overall set of transcripts in a particular
biological context. To explore the development of maize by defining
mRNAs and their abundance in tissues or organs is essential. A previous
study revealed that combining the transcriptome and gene expression,
91 transcription factors that were important during seed development
stages were identified (Chen et al., 2014). Moreover, mRNA clusters in

Fig. 1. The chromosomes of Zea mays (AGPv4). The lengths of the bars represent the chromosome lengths and the numbers are corresponding to the chromosome
number.

Fig. 2. Graphical representation of each omics in maize.
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the embryo and main endosperm cell types in maize were discovered by
applying RNA-Seq technology (Zhan et al., 2015). The above efforts
revealed that certain mRNAs in maize had key roles during seed de-
velopment stages.

Another critical factor regulating gene expression in plants is
miRNA, which binds to target gene transcripts and inhibits the trans-
lation of transcripts or degrades the transcripts, and we can construct a
network of ceRNAs, shared miRNA recognition elements, to identify
mRNA-associated pathways for maize seed development.

2.3. Proteome

Proteins have a key role in gene function and directly participate in
cellular development and metabolism; thus, derived proteomics can be
a useful omics measurement (Gong and Wang, 2013). The accuracy of
proteomics used in describing the diversity of protein is increasing
(Smith et al., 2013; Schluter et al., 2009). Conventionally, high-re-
solution two-dimensional polyacrylamide gel electrophoresis (2-DE)
has been used to investigate the role of proteins with proteomics
(Balsamo et al., 2011; Zolla et al., 2008; Vidal et al., 2015; Coll et al.,
2011). In recent years, there is a new technology called isobaric tag for
relative and absolute quantitation (iTRAQ), which has replaced 2-DE,
because it identifies more proteins with more reliable quantitative in-
formation and is appropriate for multiple samples (Karp et al., 2010;
Schulze and Usadel, 2010; Zi et al., 2013; Ma et al., 2014; Ross et al.,
2004; Peng et al., 2003; Washburn et al., 2001).

Proteomic analyses is widely used in describing the response of
plants to abiotic stresses (Wu and Wang, 2016); for example, the pro-
teins of Arabidopsis thaliana rosette leaves were affected by heat stress
treatments or short-term cold (Rocco et al., 2013). Maize is more sen-
sitive to salt stress than other crops (Cui et al., 2015), so improving the
salt tolerance of maize is important for breeding to increase its yield.

2.4. Phenomics

The phenotype of an individual is closely related to its genotype and
can be affected by environment during its lifetime. Owing to their
changing environment, plants have unique mechanisms to respond to
abiotic and biotic stress (Bohnert et al., 1995). Artificial selection,
which was based on the plant phenotype, keeping the seeds that had
better adaptability to complex environments producing high-yield
varieties for breeding (Ghalambor et al., 2015; Pigliucci, 2005).

In modern plant breeding, phenotyping is the one of the major

bottlenecks, which can be solved in two ways. First, the plant breeders
identify lines of interest having the greatest stress tolerance or highest
yield in a given environment by analyzing the phenotypes of a large
number of lines. Second, the breeders identify the genome region
having deleterious or beneficial alleles based on detailed data from
combining genotypes and phenotypes from different plants.

For decades, the breeders tried to identify genes related to climate
adaptation or phenotypic variation by exploring genetic markers (Liu
et al., 2015; Meyer and Purugganan, 2013; Hufford et al., 2012). As a
result, the mutation or insertion of transposable elements may be as-
sociated with environmental adaptation of maize. Inserting a transpo-
sable element in the regulatory region of the tb1 gene affected branch
growth and gene expression (Studer et al., 2011). The insertion of
transposable element could inhibit the expression of ZmCCT, leading to
reduce photoperiod sensitivity and allowing maize to adapt to long-day
environments (Yang et al., 2013). The insertion of a miniature trans-
posable element upstream of Vgt1, which is a known gene regulating
the flowering time, strongly influenced the early flowering of maize
(Castelletti et al., 2014). The above studies on insertion of transposable
elements in maize revealed that insertion of transposable elements
could influence the phenotype.

2.5. Data collection

The protein-protein interaction data for maize was downloaded in
latest version of STRING. The gene interaction data, mRNA interaction
data and the regulation association were obtained from Walleye et al.
and can be downloaded from our website. For phenomics, profiles
spanning the vegetative and reproductive stages of maize development
as well as text mining in PubMed were used to validate genetic varia-
tion associated with phenotypes that influenced maize yield.

2.6. Construction of weighted network

One gene can be analyzed through its interactions with other genes,
forming a co-expression pattern (for example, if they are involved in the
same biological process), and this analysis can be extended to maize.
The co-expression interactions can be visualized graphically as a
weighted network, in which the nodes represent genes and link edges
reflect the associations between genes. For each omics network, nodes
stand for genes (mRNAs or proteins) and the weighted edges represent
pairwise similarities, which can also be represented as a graph of G =
(V, E). The vertices V stand for nodes and E corresponds to edges. The
n×n adjacency matrix W of each network for W(i, j) indicates the
weight between nodes.

To calculate the weighted matrix for each omics data type, it is
essential to define a normalized similarity matrix to measure the si-
milarities of nodes. The normalized similarity matrix is = −P D W1 ,
where D represents a diagonal matrix in which the element

= ∑D(i, i) W(i, j)j , therefore ∑ =P(i, j) 1j . Self-similarities existing in
this computation may lead to a numerical instability, so the preferred
normalization process is performed as follows:
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Fig. 3. Increasing number of publications on maize GWAS since the release of
the B73 reference genome. The number of publications is represented by the
number of maize kernels and the statistics are from the NCBI, obtained by
searching PubMed using the terms “maize” and “genome-wide association
study.”
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2.7. Integration of weighted networks into one final fused network

With the development of sequencing technology, more data types
can be used to effectively integrate the corresponding weighted net-
works into one fused network based on network iteration. The final
fused network captures both shared and complementary information
from multiple data sources, offering insight into how informative each
data type is. Given four different data types, adjacency matrices W(v)

are constructed for the vth observation, =v 1,2,3,4. P(v) as well as S(v) are
achieved from formulas (1) and (2), respectively.

For each omics weighted matrix, the final fused matrix and the
iteratively updated process are determined as follows:
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where +Pt 1
(v) represents the status matrix of every omics after t iteration

steps. The process updates the status matrices every step and then
generates four matrices of the same type, interchanging diffusion at the
same time. After t iteration steps, the final status matrix is calculated as
follows:

=
∑

=P
P

4
,v 1,2,3,4(c) v t

(v)

3. Results

3.1. Multi-omics analysis and multi-omics information network

Using computational biology methods combined with multi-omics
for selecting biomolecules of interest for maize breeding is receiving
increased attention (Prioul et al., 2008). For example, in genomics and
phenomics, variation analyses of one phenotype of maize is used to
understand how genotype controls phenotype, thereby increasing or
decreasing yields. Plant phenomics analysis is more challenging than
genomics owing to the variety of phenotypes throughout the life of a
plant.

Predicting the functional roles of individual genes using one omics
approach is biased in biology. Thus, we collected the transcriptome,
genome, and phenome interaction information of maize and then used
these different omics interaction data to generate corresponding net-
works (Fig. 4). The gene regulatory network (GRN) was generated by
using transcriptome interaction data (Krouk et al., 2013; Gardner and
Faith, 2005; Bar-Joseph et al., 2003; De Smet and Marchal, 2010), and
the co-expression network (van Noort et al., 2003; Stuart et al., 2003;
Horvath and Dong, 2008) was generated by using genome interaction
data. There was an assumption that mRNA measurements could be used
as a proxy for measurements of protein abundance. However, there
were only weak positive correlations between mRNAs and proteins
(Schwanhausser et al., 2011; Vogel et al., 2010; Ghaemmaghami et al.,
2003; Baerenfaller et al., 2008; Ghazalpour et al., 2011; Ponnala et al.,
2014; Walley et al., 2013; Washburn et al., 2003), which showed that
the interaction network built on genome data alone would be enhanced

by adding transcriptome and phenome data.
For gene function, proteins were key players and were directly in-

volved in cellular development and metabolism. The proteins acted not
only as catalysts but also participated in intracellular regulatory pro-
cesses, for instance, transcriptional regulation and signal transduction.
Despite specific functions being assigned to proteins, they often re-
mained inactive because they needed to undergo certain modification
processes. Cooperation between proteins are called protein–protein
interactions (PPI). Here, we combined the PPI network constructed
from the information on maize with the above omics network for more
comprehensive information on interactions.

3.2. Integration of maize data at four omics levels into a fused network

The four different omics data used here are from the work of
Walleye et al. and the STRING database. In Walleye et al.’s study, 23
tissues were collected from the B73 inbred line for profiling spanning
the vegetative and reproductive stages of maize development. The co-
expression among genes and mRNAs was evaluated by computing
Pearson correlations. Transcription factors (TFs) were defined using the
GRASSIUS transcription factor list, and the corresponding targets were
connected by their TFs in a ChIPseq assay. GRNs were constructed using
the GENIE3 algorithm.

Identifying potential candidates is important with the availability of
these rich datasets using integrative omics methods. Combining biolo-
gical data through normalized methods is simple, but it will attenuate
the low signal-to-noise ratio already present in each data type. The
common solution is to analyze each dataset independently and then
combine the data, but often the results from integration are inconsistent
making conclusions difficult. Prompted by the approach proposed by
Wang et al., we integrated different networks derived from various data
sources into a fused network. The main step involved is constructing a
weighted network for every omics dataset and then integrating these
weighted networks into one final fused network through nonlinear
combination approach. The final fused network captures multi-omics
information enhancing the ability to obtain insight into maize devel-
opment and selection of biomolecules of interest.

First, a network is created for each of the four types of data. The
normalization process and the computation of intimate connections
were based on the reasonable assumption that the nearest cluster si-
milarities are more credible than distant ones; thus, the weight of the
undirected neighbors were assigned by graph diffusion in the normal-
ization-weighted network. Hence, P represents each node having si-
milarities to all other nodes, while S represents each node only having
similarities to its directly connected neighbors in the weighted network.
The calculations started from the initial state matrix P while using the
directed neighbors matrix S in the fusion process, which facilitated both
the ability to capture the computational efficiency and the local struc-
ture of networks.

Next, four weighted networks are fused into one final weighted
network. In each network, we used a message passing theory as the
basis of the nonlinear method at every iteration step to make them si-
milar to each other. Then, they were fused into one weighted network

Fig. 4. The omics levels and the relationship among them in maize.
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after several iteration steps. The advantage of the integrative procedure
is that lower weighted edges in some networks are kept according to
how closely they connected to their neighbors in all weighted networks.
This nonlinearity fully considered the local structure of networks, while
merging the complementary and common information across networks.

After t= 150 iterations, we obtained a fused interaction network
from the weighted network for the four omics levels, as shown in Fig. 5.
In each network, the nodes and edges in the network are shown in
different colors corresponding to the different definitions. The pink
colored nodes are defined as TFs, while the others (i.e., gray) are not
TFs. In the weighted networks for the four omics levels, the color of
weighted edges of every network stands for the corresponding data
type. After the iteration process, the information of every edge in the
final weighted interaction network contained the four data types.

3.3. Network analysis

Owing to the fusion process, there are nodes that do not connect to
any other nodes in one or more data type network. These are called
orphan nodes, which are included in the final fused network because
they have relationships with their neighbors in the other data type
networks. Importantly, some of the orphan nodes were shown to be TFs
and play a key role in maize development. The orphan nodes of each
weighted network in the different data types are shown in Table 1.

A Gene Ontology (GO) annotation is a statement about the function
of a particular gene. The Gene Ontology defines all concepts associated
with gene functions (“GO terms”), as well as how these functions are
relevant to each other (“relations”). We obtained functional annotation
information of maize from the PPIM database. The number of GOs as-
sociated with the 17 TFs, which are also orphan nodes, is shown in
Fig. 6. GRMZM2G385622 is an orphan node in the gene and regulatory
network that is associated with the most GO terms. GRMZM2G149040,
GRMZM2G019446, GRMZM2G161009, and GRMZM2G180847 are
four TFs enriched for identical GO terms (GO: 0043565∼ sequence-
specific DNA binding, GO: 0003700∼ DNA-binding transcription factor
activity, and GO: 0006355∼regulation of transcription, DNA-tem-
plated), while GRMZM2G153594 and GRMZM2G341747 are enriched
in terms completely different from those above (GO: 0005515∼protein

binding, GO: 0005634∼nucleus, and GO: 0003677∼DNA binding).
Obviously, the TF genes are related to a class of GO terms that are
associated with DNA binding. The binding DNAs are short DNA se-
quences, 4 to 30 base pairs long, which are specifically bound by one or
more DNA-binding proteins or protein complexes. The proteins that
bind to the DNA typically modify or pack the DNA or regulate gene
expression.

4. Discussion

Using computational biology methods combined with multi-omics
data for selecting biomolecules of interest for maize breeding is getting
more attention. The rapid development of high-throughput sequence
data provides the opportunity to explore the biomolecules that influ-
ence maize yield by collecting multitudinous types of diverse omics
data. In research, we typically investigate the merits of fused diverse
data types, such as one data type may supplement the disadvantages of
the others, and thereby improve the prediction accuracy. In this con-
text, the combination of four omics technologies, namely, genomics,
proteomics, transcriptomics, and phenomics, may offer a valuable re-
ference for the development of maize. Additionally, we introduced
current methods for integrating these diverse data types with better
performance and successfully applied some of them to predict the yield-
related biomolecules of maize.

Inspired by Wang et al.’s method and thanks to the large amounts of
data available, integrative methods have become more important for
identifying genes that are associated with maize development. Here, we
integrated four different weighted networks into a fused network using
the nodes that appeared in at least one network. A nonlinear combi-
nation method was used to construct networks for each omics data and
then integrated these networks into one final fused weighted network.
The final fused weighted network included the complementary in-
formation of the different data types as well as those in common, pro-
viding the contribution of each data resource to the final weight. After
the fusion process, the orphan nodes were included in the final fused
network, some of which were shown to be TFs that play key roles in
maize.

The orphan nodes listed in Table 1 had strong associations with

Fig. 5. Iterative process of integrating four omics weighted networks into a single network. (a) The weighted adjacency matrices for each omics. (b) Network fusion
by iteratively updating each of the networks with information from the other networks, making them more similar with each step. The colors of the nodes represent
whether they are TFs or not. The color of edges indicates which data type has contributed to the given similarity. (c) The iterative network fusion results in
convergence to the final fused network. (For interpretation of the references to color in this figure legend, the reader is referred to the Web version of this article.)
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maize developmental processes according to their functional annota-
tions, making them highly promising candidates. In the future, we hope
that the orphan nodes will save time and reduce costs for plant
breeding.

5. Conclusions

In summary, this study analyzed the current state of development
and research at each omics level. Given the importance of integrating
diverse omics levels, we fused four multi-omics similarity networks and
analyzed the results of the fused network. In the future, we will add
other omics of maize, such as metabolomics; our work will contribute to
improving maize production and provide new perspectives for maize

researchers.
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