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ABSTRACT 

 

 
Controlling spatial-temporal gene expression patterns is a fundamental task for maize 

growth and development. With the emergence of massively parallel sequencing, genome-wide 

expression data production has reached an unprecedented level. This abundance of data has 

greatly facilitated maize research, but may not be amenable to traditional analysis techniques that 

were optimized for other data types. In one project, using publicly available data, a Gene Co-

expression Network (GCN) was constructed and used for gene function prediction, candidate 

gene selection and improving understanding of regulatory pathways. To build an optimal GCN 

from plant materials RNA-Seq data, parameters for expression data normalization and network 

inference were evaluated. A comprehensive evaluation of these two parameters and ranked 

aggregation strategy on network performance using libraries from 1266 maize samples was 

conducted. Three normalization methods (VST, CPM, RPKM) and ten inference methods, 

including six correlation and four mutual information (MI) methods, were tested. The three 

normalization methods had very similar performance. For network inference, correlation 

methods performed better than MI methods at some genes. Increasing sample size also had a 

positive effect on GCN. Aggregating single networks together resulted in improved performance 

compared to single networks.  

In another project, a maize mutant, transgene reactivated 9-1 (tgr9-1) in the 

transcriptional gene silencing (TGS) pathway, was cloned. The B-A translocation lines were 

used to map tgr9-1 on chromosome 3 and this result was consistent with molecular markers. To 

further locate tgr9-1, next-generation sequencing (NGS) combined with bulk segregant analysis 

was applied to the tgr9-1 mapping population. Using coexpression analysis, our result indicates a 

maize dicer-like3a (Zmdcl3a) gene is a high-confidence candidate gene for tgr9. Zmdcl3a is 

involved in the RNA-directed DNA methylation (RdDM) pathway. This pathway is driven by 

two plant-specific DNA-dependent RNA polymerases, Polymerase IV (Pol IV) and Polymerase 

V (Pol V). Several kinds of non-coding RNAs are involved, including long single-stranded 

RNAs, double-stranded RNAs, and small interfering RNAs. The identification of tgr9-1 

uncovered the role of non-coding RNAs in TGS and revealed the diversity of TGS pathways in 

maize. 



xiii 

One primary focus of gene regulation study is by studying transcription factors (TFs). 

Transcription factors (TFs) are proteins that can bind to DNA sequences and regulate gene 

expression. Many TFs are master regulators in cells that contribute to tissue-specific and cell-

type-specific gene expression patterns in eukaryotes. Little is known about tissue-specific gene 

regulation through TFs in maize. In this project, a network approach was applied to elucidate 

gene regulatory networks (GRNs) in four tissues (leaf, root, shoot apical meristem and seed) in 

maize. We used GENIE3 machine-learning algorithm combined with the large quantity of RNA-

Seq expression data to construct four tissue-specific GRNs. Although many TFs were expressed 

across multiple tissues, a multi-tiered analysis predicted tissue-specific regulatory functions for 

many transcription factors. Some well-studied TFs emerged within the four tissue-specific 

GRNs, and the GRN predictions matched expectations based upon published results for many of 

these examples. The GRNs were also validated by ChIP-Seq datasets (KN1, FEA4, and O2). Key 

TFs were identified for each tissue and matched expectations for key regulators in each tissue, 

including GO enrichment and identity with known regulatory factors for that tissue. 
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CHAPTER 1 

 

LITERATURE REVIEW ON GENE EXPRESSION  

REGULATION IN MAIZE 

 

 
Part of Chapter 1 (1.1.4 and 1.2.4) entitled “Literature review on gene expression regulation in 

maize” has been adapted from my work in the publication: 

 

Huang, J. *, Lynn, J. S. *, Schulte, L. *, Vendramin, S. *, & McGinnis, K. (2017). Epigenetic 

control of gene expression in maize. In International review of cell and molecular biology (Vol. 

328, pp. 25-48). Academic Press. 

 

J.H. and K.M.M wrote the cited part of the manuscript. 

 

How genes are regulated in organisms is a fundamental question in biology. This 

question was addressed long before we knew DNA is the heritable information, and long before 

the central dogma was suggested. Plant biologists have been pioneers in expanding our 

knowledge about gene regulation. Gregor Mendel established the foundation of genetics, 

Wilhelm Johannsen introduced the term “gene” for the first time, George Beadle discovered that 

only a few loci differentiate teosinte and maize, and Richard Jorgensen the discovery of RNA 

interference in petunia. By studying gene regulation in maize, we can better understand the 

mechanism of biotic and abiotic stress, develop new breeding strategies and finally enhance 

agronomic traits using genetics and gene engineering tools. Newly developed technologies, such 

as next-generating sequencing (NGS), greatly expand our view of gene regulation. In this 

chapter, I will focus on three aspects of this topic: transcriptional gene regulation, post-

transcriptional gene regulation and what we can learn from gene networks. 

 

1.1 Transcriptional gene regulation 

 

The most efficient way to orchestrate gene activity is to control it at the transcriptional 

level. Gene promoters, transcription factors (TF), enhancers and chromatin modifications are 

critical for this level of regulation. Promoters act upstream of gene transcriptional start sites 
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(TSSs) that bind with RNA polymerase II (Pol II) to start gene transcription. Transcription 

factors are DNA binding proteins that can recognize certain cis-elements on promoter regions 

and bind to specific promoters.  Transcriptional regulation is especially important for plants as 

they are sessile organisms. The cascade signaling through TF and its targets controls how plants 

overcome both biotic and abiotic stresses. Among the top 10 most studied genes in Arabidopsis, 

four of them are TFs (Reiser, 2017). 

 

1.1.1 Transcription factors and promoters 

The maize anthocyanin pathway is one of the most well-studied examples of 

transcriptional gene regulation (Dooner et al., 1991). The genetic diversity in maize provides 

unique tools and resources to study this topic. At least six enzyme genes have been cloned, 

including a1 (anthocyaninless1), a2 (anthocyaninless2), bz1 (bronze1), c2 (colorless2), chi1 

(chalcone flavanone isomerase1) and pr1 (red aleurone1). Four TFs involved in the anthocyanin 

pathway have been identified, including b1 (colored plant1), r1 (colored1), c1 (colored 

aleurone1) and pl1 (purple plant1). The factors B1 and R1 belong to the basic helix-loop-helix 

(bHLH) family; C1 and PL1 belong to the R2R3-MYB family. At least one of each family is 

required for proper anthocyanin accumulation. Evidence shows that B1 and R1 are homologous 

genes (Chandler et al., 1989), as are C1 and PL1 (Chandler et al., 1989). However, each of the 

genes is required by different tissues and exhibits distinct expression patterns from its 

homologue. B1 and PL1 are required by most of the plant body. R1 is required for pigmentation 

in the aleurone and anthers. C1 is required for seed tissues. C1 directly binds to a1 (Sainz et al., 

1997), a2 (Lesnick and Chandler, 1998) and bz1 (Roth et al., 1991) promoter regions. A 

consensus element was discovered in other anthocyanin pathway genes. Not surprisingly, the 

MYB domain in C1 is crucial for activation of target genes (Goff et al., 1991). These results 

show the master role of C1 as transcriptional regulator (Lesnick and Chandler, 1998). 

However, C1 alone is not enough; a member of bHLH family (B1 or R1) is also 

necessary for anthocyanin pigmentation. Using various B1 and C1 fusion proteins, Goff et al. 

(1992) demonstrated that the physical interaction between B1 and C1 is responsible for 

transcriptional activation. The MYB domain of C1 is required, but not the bHLH domain on B1. 

The two bHLH family TFs, B1 and R1, exhibit extensive allele diversity (Ludwig et al., 1989; 

Selinger and Chandler, 1999), showing distinct tissue-specific expression patterns. Careful 
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comparison between two b1 alleles, B-I and B-Peru showed that the B-I allele expresses a high 

level of anthocyanin pigmentation in vegetative tissues, while B-Peru expresses in seed aleurone 

tissue and can substitute for R1 function in seed (Selinger and Chandler, 1999). Studies have 

shown that distinct pigmentation is caused by B1 expression level (Goff et al., 1990), and the 

promoter and/or the 5’ of mRNA regions of two alleles are responsible for the tissue-specific 

expression pattern (Radicella et al., 1992). The B-I and B-Peru coding and 3’ flanking regions 

show over 90% similarity. The specific expression pattern of B-Peru results from a different 

translocation of the aleurone-specific promoter (Selinger et al., 1998). Other b1 alleles also carry 

different structural variations at their promoter regions (Selinger and Chandler, 1999). These 

results demonstrate the importantance of cis- and trans- elements in transcriptional gene 

regulation. 

Recently, the rise of NGS has expanded the genome-wide view of the cis-element 

landscape in maize gene regulation (Mejía-Guerra et al., 2015; Zhao et al., 2018), especially by 

using cap analysis of gene expression (CAGE) and DNase-I sequencing (DNase-Seq) in maize. 

A subset of genes uses different transcriptional start sites (TSSs) between tissues and genotypes 

that show distinct expression patterns (Mejía-Guerra et al., 2015). Interestingly but not 

surprisingly, a quarter of regulatory regions in maize are derived from transposable element 

(TEs). This unique feature of maize may be associated with the large proportion of TE in the 

genome. How high TE content contributes to maize transcriptional gene regulation remains an 

interesting question. In addition, the direct measure of TF-binding sites using chromatin 

immunoprecipitation sequencing (ChIP-Seq) has successfully elucidated several TFs’ regulatory 

effects on gene expression and uncovered the gene regulatory networks in inflorescences and 

endosperm development (Bolduc et al., 2012; Pautler et al., 2015; Zhan et al., 2015). 

In other plant organisms, promoters coupled with TFs are also critical for spatial 

transcriptional gene regulation. In Arabidopsis, a handful of cell-type-specific promoters were 

discovered in the root system (Brady et al., 2007). This system highlights the restricted gene 

expression pattern by promoters. A recent application of the root system discovered the genome-

wide gene regulation from alternative spicing (AS) and long intergenic noncoding RNAs 

(lincRNAs). Considering the large size of noncoding regions (Li et al., 2014a) and AS events 

(Wang et al., 2016), it’s highly possible that they also have a critical role in maize gene 

regulation. The study of TF regulatory effects also can lead to interventions to improve stress 
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tolerance (Jeong et al., 2010; Mao et al., 2015) and grain yield (Liu et al., 2018; Sun et al., 2018) 

in crop species. 

 

1.1.2 Plant epigenome 

Furthermore, plant epigenomic effects that include but are not limited to DNA 

methylation, multiple types of histone modifications, and open chromatin regions, are also found 

to be important for gene regulation. Marks like H3K4me3, H3K9ac and H3K36me3 are 

associated with active genes, while repressive marks, like DNA methylation and H3K27me3, are 

associated with silenced genes (Wang et al., 2009a). Pre-silenced transgenes could be reactivated 

by disturbing the DNA methylation pattern (Rajeev Kumar et al., 2015). Some alternations are 

heritable through multiple generations, indicating chromatin-level changes (McGinnis et al., 

2006). In maize, the “CHH islands” (Gent et al., 2013) help define heterochromatin and 

euchromatin, as well as preventing TE silencing regions expanding to gene regions (Li et al., 

2015c). Later, the CHH islands were found in other plant species, but may not function the same 

way as in maize (Niederhuth et al., 2016). Several maize mutants which change the epigenome 

have severe developmental defects (Dorweiler et al., 2000; Singh et al., 2011; Li et al., 2014b). 

These defects are not detectable in their Arabidopsis homolog mutants indicating the importance 

of epigenome stability in maize development. Losing one gene, MEDIATOR OF 

PARAMUTAION 1 (MOP1), in maize can reactivate TEs (Woodhouse et al., 2006a; Jia et al., 

2009). A mutation on a histone deacetylase in maize, hda101, also causes developmental defects 

(Rossi et al., 2007; Yang et al., 2016). The non-mutant form, HDA101 preferentially targets 

transcriptionally active genes (Yang et al., 2016). 

The DNA methylation’s effect on TF binding has also been addressed at the systematic 

level in Arabidopsis and human (O’Malley et al., 2016; Yin et al., 2017b). Over 60% of TFs in 

both organisms are sensitive to DNA methylation, but there is no uniform pattern to the 

sensitivity. In maize, no large-scale evaluation has been done, but the OPAQUE2 (O2) 

transcription factor in maize is not sensitive to DNA methylation (Rossi et al., 1997).  

Gene expression is also regulated at the nucleosome level. A nucleosome is a histone 

octamer, composed two copies of each H2A, H2B, H3 and H4, wrapping around 146 bp of DNA 

sequences. It has been shown that open chromatin regions harboring TF binding sites and 

regulatory sequences are associated with depleted nucleosome occupancy. Such a pattern could 
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be detected by DNase-Seq (Zhang et al., 2012), MNase-Seq (Rodgers-Melnick et al., 2016) and 

ATAC-Seq (Maher et al., 2017). The nucleosome position changes require chromatin remodelers 

(Han et al., 2015a; Stroud and McGinnis, 2017). Two chromatin remodelers in maize, CHR101 

and CHR106, are associated with DNA methylation changes (Li et al., 2014b). A large 

proportion of open chromatin overlaps with promoter regions (Sullivan et al., 2014; Maher et al., 

2017). Both in maize and Arabidopsis, these regions are also hypomethylated and enriched for 

TF binding sites (Sullivan et al., 2014; Rodgers-Melnick et al., 2016), consistent with the 

negative effect of high promoter DNA methylation on gene expression. Although the open 

chromatin regions are small (about 14 MB in maize), they account for 40% of phenotypic 

variation in agronomy traits from genome-wide association studies (GWAS) (Rodgers-Melnick 

et al., 2016). 

 

1.1.3 Enhancers 

Except in the promoter regions near TSSs, genes can be regulated by long-distance 

regulators known as enhancers. They are short DNA sequences that are far from gene TSSs. 

Some commonly found characteristic of enhancers in mammals include H3K4me1 (Heintzman 

et al., 2007), H3K27ac (Creyghton et al., 2010) and open chromatin features (Zhu et al., 2013). 

In maize, a genome-wide enhancer search used DNA methylation, H3K9ac and open chromatin 

as criteria (Oka et al., 2017). Oka et al (2017) used these criteria successfully found 1500 

putative enhancers, including verified enhancers for b1 (Stam et al., 2002a) , benzoxazinless1 

(bx1) (Zheng et al., 2015) and teosinte branched1 (tb1) (Clark et al., 2006). Another study 

showed TEs may serve as enhancers for some stress-induced genes (Makarevitch et al., 2015). 

As Hi-C (Liu et al., 2016) and STARR-Seq (Arnold et al., 2013) become more accessible, it 

would be interesting to use these techniques for large-scale enhancer mapping in maize. 

 

1.1.4 Paramutation in maize 

A perfect example to put previously-discussed regulation mechanism together is called 

“paramutation” which is the trans-homolog interaction between two alleles that can induce a 

heritable change in gene expression (Chandler, 2010). This phenomenon has been most 

extensively studied in maize, including the earliest known examples which were described more 

than 60 years ago (Brink, 1956; Coe, 1959). Paramutation was first discovered at the r1 locus in 
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maize (Brink, 1956), and at b1 shortly thereafter (Coe, 1959). As stated previously, both r1 and 

b1 encode bHLH transcription factors involved in the anthocyanin synthesis pathway which 

results in pigment accumulation in plants. A gene encoding another transcription factor, pl1, was 

also shown to be subject to paramutation (Hollick et al., 1995). All three transcription factors 

induce gene expression and lead to pigmentation in plants, but each acts predominantly in 

distinct tissues. The activity of B1 is highest in the stalk and internode (Patterson et al., 1993; 

Dorweiler et al., 2000), R1 is most active in the aleurone layer of seeds (Brink and Mikula, 

1958), and PL1 is active in the plant body and anthers (Hollick et al., 1995; Hollick et al., 2005). 

Additional examples of paramutation in maize have been described at pericarp color1 (p1) and 

low phytic acid1 (lpa1) (Sidorenko and Peterson, 2001; Pilu et al., 2009). 

Paramutation at b1 is one of the most studied examples of paramutation (Coe, 1959). 

Similar to other examples, b1 paramutation involves two alleles; the paramutable, highly 

expressed B-I allele, and the paramutagenic, transcriptionally repressed B’ allele. Because B1 

activates anthocyanin synthesis, B-I plants exhibit a deeply pigmented (red) stalk phenotype, 

while B’ plants have a speckled, pale red pigment phenotype. Crosses between homozygous B-I 

and B’ plants result in F1 plants phenotypically similar to B’/B’ plants. If the F1 is crossed again 

with a homozygous B-I plant, the resulting progeny will again all be phenotypically similar to B’, 

because the original B-I allele has been paramutated to B’. Crosses between either B-I or B’ and a 

neutral allele, such as B-Peru or b, result in progeny with a B-I or B’ phenotype, because the 

neutral alleles have no paramutability or paramutagenicity and are recessive to the other two 

alleles. Despite significant phenotypic differences, there are no genetic differences  between B-I 

and B’ (Patterson et al., 1993). However, there are DNA methylation and chromatin changes 

between the B’ and B-I state (Stam et al. 2002; Louwers et al. 2009), and these differences are 

transmitted with the expression changes (Patterson et al., 1993). Most of the chromatin 

differences between B-I and B’ are detectable at a 6-kb region residing 100kb upstream of b1 

TSS, at a locus that is necessary and sufficient for paramutation (Stam et al. 2002; Louwers et al. 

2009; Belele et al. 2013). This region is composed of seven tandem repeats, each of which is 853 

bp. Both B’ and B-I alleles have seven repeats, whereas neutral alleles have one repeat. This 

region also functions as enhancer element for B1 transcription (Stam et al. 2002; Belele et al. 

2013). 
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1.2 Post-transcriptional gene regulation 

 

In eukaryotes, genes are also regulated at the post-transcriptional level, between 

transcription and protein translation. This involves the pre-mRNAs and small RNAs. In the 

following section, I will review three aspects of post-transcriptional gene regulation: pre-mRNA 

modifications, microRNAs, and small interfering RNAs. 

 

1.2.1 Alternative splicing 

The products of Pol II activities are pre-mRNAs that still have introns in the transcripts 

(Alberts et al., 2002). Then introns are removed by a large protein complex called the 

spliceosome (Will and Lührmann, 2011). In the process of alternative splicing (AS), different 

combinations of exons and retained introns may be included in the final mRNAs. Alternative 

splicing is critical for plant development and stress response (Staiger and Brown, 2013; Thatcher 

et al., 2016). In maize, one component of the spliceosome is ROUGH ENDOSPERM 3 (RGH3), 

which is required for U12-type intron splicing. The rgh3 mutant in maize is a lethal mutant with 

endosperm-embryo development defects (Fouquet et al., 2011). Many genes in the cell cycle, 

RNA processing, and protein degradation have un-spliced introns in the rgh3 mutants, showing 

the importance of splicing regulation in plant development (Gault et al., 2017). Alternative 

splicing  is also important for R1 (Procissi et al., 2002), BRONZE2 (BZ2) (Marrs and Walbot, 

1997), HEAT SHOCK PROTEIN 22 (HSP22) (Lund et al., 2001), O2 (Lohmer et al., 1993) and 

HIGH-AFFINITY POTASSIUM TRANSPORTER1 (HKT1) (Ren et al., 2015) functions in 

maize. Recently, the advance in sequencing technologies has greatly changed our knowledge on 

AS events, to over 50% (Thatcher et al., 2014; Wang et al., 2016). These alternative transcripts 

not only provide more diversity in the proteome, but also more microRNA regulatory targets 

(Thatcher et al., 2014). Many AS isoforms exhibit tissue-specific expression (Lu et al., 2013; 

Thatcher et al., 2016). It has been reported that AS events are positively associated with CG 

methylation at the donor junction and negatively associated with CHG methylation at the 

acceptor junction (Wang et al., 2016). It’s not clear what is the biological meaning behind this, 

but it may be associated with the large proportion of TEs in the maize genome that contribute to 

intron retention (Huang et al., 2015). 
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1.2.2 N6-methyladenosine in mRNAs 

On mature mRNAs, the most abundant modification is N6-methyladenosine (m6A), that 

was discovered in the 1970s. Not long after it was first reported, m6A was also found in maize 

mRNAs (Nichols, 1979). Though it has been known for a long time, the biological function of 

the mRNA modification was a mystery until the discovery of two RNA demethylases in 

mammals (Jia et al., 2011; Zheng et al., 2013). In Arabidopsis, the mutation on MRNA 

ADENOSINE METHYLASE (MTA) is an embryo-lethal mutation that stops at the globular 

stage (Zhong et al., 2008). The embryonic rescue line with reduced MTA expression in the 

mature stage has reduced apical dominance, defects in floral organs and other altered growth 

patterns (Bodi et al., 2012). MTA interacts with FKBP12 INTERACTING PROTEIN 37 

(FIP37), another required component of m6A methyltransferase complex (Zhong et al., 2008). 

The knockout mutation on FIP37 is also embryo-lethal (Vespa et al., 2004). The FIP37 rescue 

lines exhibit large loss of m6A and over-expansion of shoot apical meristem (Shen et al., 2016). 

Despite the m6A methylase, the demethylase ALKBH9B (Martínez-Pérez et al., 2017) and 

ALKBH10B (Duan et al., 2017) are also crucial for Arabidopsis growth. The ALKB9B gene 

affects alfalfa mosaic virus (AMV) infection, while ALKB10B affects vegetative to flowing 

transition. Together, these results demonstrate the importance of m6A in the plant. The 

transcriptome-wide pattern of m6A has been mapped in Arabidopsis and rice (Luo et al., 2014; Li 

et al., 2014d; Wan et al., 2015). Agreeing with mammal data, the m6A is enriched around the 

stop codon and 3’UTR. Two studies in plants showed m6A is also enriched around the start 

codon (Luo et al., 2014; Li et al., 2014d), indicating a potential 5’ regulatory role. Similar to 

other types of regulation, the m6A reveals a tissue-specific pattern in which high m6A 

methylation is associated with the biological function of the tissue (Li et al., 2014d). It would be 

interesting to see whether this pattern is conserved in maize and whether TE transcripts have 

unique features. 

 

1.2.3 MicroRNAs 

MicroRNAs (miRNAs), which are 20 to 22 nucleotide (nt) small RNAs, are also an 

important player in post-transcriptional gene regulation (Li and Zhang, 2016; Yu et al., 2017). 

MiRNAs are transcribed by Pol II and form hairpin structures that are cut by the DICER-LIKE1 

(DCL1) proteins. They can cause mRNA degradation and/or translation repression. Several 
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cloned genes with severe developmental defects in maize are miRNA genes (Juarez et al., 2004; 

Chuck et al., 2007a; Chuck et al., 2007b) or involved in the miRNA biosynthesis pathway 

(Simon et al., 2014). Maize corngrass1 (cg1) mutant has a grass-like phenotype; CG1 encodes a 

tandem repeat containing two miRNAs, miR156b and miR156c (Chuck et al., 2007a) that are 

highly expressed in meristem tissues. One target of miR156b/c is an important maize 

domestication gene, teosinte glume architecture1 (tga1), that may contribute to the ancestral 

grass trait. The function of miR156b/c antagonizes with miR172 to control the maize juvenile-to-

reproductive phase change, through glossy15 (gl15) (Lauter et al., 2005), indeterminate spikelet1 

(ids1) (Chuck et al., 2007b) and sister of indeterminate spikelet1 (sid1) (Chuck et al., 2008). 

These components build the maize meristem regulatory network. Overexpression of Cg1 in 

switchgrass significantly increases the starch content that could potentially be used to improve 

biofuel yield (Chuck et al., 2011). In maize, miRNAs also participate in sex and leaf polarity 

determination (Juarez et al., 2004; Chuck et al., 2007b). When the miRNA biosynthesis 

machinery goes wrong, all aberrant phenotypes are combined. This is what happens in maize 

fuzzy tassel (fzt) mutant which is a mutation on a dcl1 homolog (Simon et al., 2014). 

Furthermore, the small RNA sequencing (sRNA-Seq) and new bioinformatic tools shed light on 

the genome-wide identification of miRNA regulatory networks in biotic stress (Thiebaut et al., 

2014), seed germination (Wang et al., 2011a), leaf senescence (Wu et al., 2016) and endosperm 

development (Gu et al., 2013). A systematic annotation of miRNAs in maize identified 158 

miRNA genes in 26 families (Zhang et al., 2009). These serve as key regulators of post-

transcriptional gene regulation. 

 

1.2.4 Small interfering RNAs 

The most abundant type of small RNAs in the plant is 24nt small interfering RNA 

(siRNA) (Borges and Martienssen, 2015). They are involved in a plant-specific pathway called 

the RNA-directed DNA methylation (RdDM) pathway. In brief, the plant-specific RNA 

polymerase IV (Pol IV) transcribes some non-coding regions on the plant genome with the help 

from CLASSY1 (CLSY1) and SAWADEE HOMEODOMAIN HOMOLOGUE1 (SHH1). The 

Pol IV transcripts are copied into double-stranded RNAs (dsRNAs) by RNA-DEPENDENT 

RNA POLYMERASE2 (RDR2). Then dsRNAs are cut into 24nt siRNAs by DICER-LIKE3 

(DCL3). The 24nt siRNAs form RNA-protein complex with ARGONAUTE4 (AGO4) and pair 
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with RNA polymerase V (Pol V) transcripts, another plant-specific RNA polymerase. Many 

proteins participate in the pairing, including DOMAINS REARRANGED 

METHYLTRANSFERASE2 (DRM2) which conducts de novo cytosine methylation. The RdDM 

pathway silences TEs, a subset of genes and transgenes (Matzke and Mosher, 2014). It also helps 

to define euchromatin and heterochromatin boundaries to prevent silencing from TE regions to 

genic regions (Li et al., 2015c). A naturally occurring trigger of heritable transposon silencing in 

maize is the Mu killer (Muk) locus (Slotkin et al., 2005). Muk includes an inverted duplication of 

a partial MuDR element. RNAs transcribed from this locus can form the hairpin structure and 

then be cut into 24nt siRNAs by DCL proteins, which subsequently trigger RdDM and silence 

MuDR elements in the same genome. Two maize proteins that interact with Pol IV, REQUIRED 

TO MAINTAIN REPRESSION1 (RMR1) and MOP1, are required for MuDR silencing 

establishment by Muk (Hale et al., 2009) and maintenance of silencing, respectively (Lisch et al., 

2002; Woodhouse et al., 2006b).  It is possible that MOP1 is required for maintenance but not 

the establishment of silencing, because transcription of the Muk locus does not require RNA-

dependent RNA polymerase activity to generate a dsRNA.  

Several RdDM mutants in maize, including mop1, mediator of paramutation2 (mop2) 

and required to maintain repression6 (rmr6) prevent paramutation, indicating the role of siRNAs 

in establishing trans-homolog interactions (Dorweiler et al., 2000; Erhard et al., 2009a; 

Sidorenko et al., 2009). However, siRNAs alone are not required for paramutation since neutral 

b1 also produces a similar amount of siRNAs (Arteaga-Vazquez et al., 2010). Another 

phenomenon worth noting is genomic imprinting, an example of a parent-of-origin effect on 

gene expression (Alleman and Doctor, 2000; Ferguson-Smith, 2011; Gehring, 2013). In plants, 

the first example of an imprinted gene was the r1 gene, which is also subject to paramutation 

(Brink et al., 1996; Chandler et al., 2000). So far, at least 11 imprinted genes in maize have been 

studied on an individual basis (Raissig et al., 2011). Although the specific pattern may vary, 

differentially methylated regions (DMRs) have been associated with several of these imprinted 

genes (Gutiérrez-Marcos et al., 2006; Haun et al., 2007; Hermon et al., 2007; Jahnke and 

Scholten, 2009).  A genome-wide survey suggests that as many as 179 genes may be imprinted 

in maize, and the relationship between gene expression and DNA methylation is ambiguous for 

many of these genes (Wang et al., 2015). In the early development of maize seeds after 

fertilization, siRNAs are found to be parentally imprinted within the endosperm and might also 
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influence expression of other imprinted genes, suggesting that siRNAs may play an important 

role in determining expression of critical genes in the developing zygote via parent-of-origin 

related mechanisms (Xin et al., 2014). The seed is a significant stage of plant development 

agriculturally and biologically, meaning that post-transcriptional gene regulation is of interest in 

basic and applied research. 

 

1.3 All together: deciphering gene expression regulations through networks 

 

The quickly increasing volume of genome-wide expression data provides an opportunity 

to study gene regulation systematically. It’s still challenging to infer gene regulatory interactions 

purely from expression data, but groups of biologists, computer scientists and statisticians have 

made this job more accurate and user-friendly (Krouk et al., 2013; Li et al., 2015d). Using 

networks in which genes are nodes and gene-gene interactions are edges, we can predict gene 

functions, pathway information and putative regulators and/or targets (Barabasi et al., 2004). 

Since RNA-Seq has become the main platform for genome-wide expression assays, this part of 

the review will focus on the recent advance in data mining from RNA-Seq. More details are 

discussed in chapter 2 and 4 of this dissertation. 

 

1.3.1 Data acquisition and processing 

To build a gene network, the very first step is to collect genome-wide expression data. 

Unlike human expression data, where large data portals like ENCODE (Consortium, 2007), 

TCGA (Ciriello et al., 2015), GTEx (Lonsdale et al., 2013), and Recount2 (Collado-Torres et al., 

2017) have already processed the gene expression matrix for users, the plant community does not 

have such resources with comparable size. Two resources for the plant community that I’m 

aware of are: (1) the PLEXdb, which provides hundreds of microarray datasets from multiple 

plant species (Dash et al., 2011); (2) the ATTED-II, which has both microarray and RNA-Seq 

data for 8 plant species (Obayashi et al., 2017). For other species and newly-generated data, 

users must do the in-house processing. Researchers can download the raw data from the NCBI 

Sequence Read Archive (SRA) or EBI European Nucleotide Archive (ENA), two main archive 

warehouses for sequencing data. Bioinformatic tools for alignment have improved so much that a 

lab server can handle thousands of libraries. In our experience, HISAT2 (Kim et al., 2015) uses 

low memory and aligns the reads to the maize genome within 30min on a four core machine. 
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Other alignment software, such as STAR (Dobin et al., 2013) and GSNAP (Wu and Nacu, 2010), 

and alignment-free tools such as Kallisto (Bray et al., 2016) and Salmon (Patro et al., 2017) can 

also be used. 

The second step is to construct the network. We and other researchers found more data 

can significantly improve the network performance and the RNA-Seq normalization methods do 

not have a big influence on the network quality (Ballouz et al., 2015; Huang et al., 2017b). Thus, 

it would be optimal to process as many libraries as possible. Computing capability may be a 

bottleneck for many labs. One solution is to use high-throughput computing (HTC) to increase 

the data processing quantity, for example, Open Science Grid (OSG) (Pordes et al., 2007). 

Consistent with the human networks, we found the classic correlation-based methods are better 

than mutual information methods for the maize data (Huang et al., 2017b). Nonetheless, new 

machine learning (Huynh-Thu et al., 2010; Ni et al., 2016; Bari et al., 2017) and deep learning 

algorithms (Chen et al., 2016) are very promising to bring gene network analysis to the next 

level, especially by integrating multi-omics data. All these require more dataset input and higher 

computing power where the “Big Data” technologies and high-performance computing (HPC) 

can come together to facilitate gene network analysis. Platforms like Cyverse 

(http://www.cyverse.org/), XSEDE (https://www.xsede.org/) and HPC 

(https://rcc.fsu.edu/services/hpc) are suitable for computing-intensive tasks. 

Evaluating a network’s quality is as important as constructing a network. Experimentally 

confirmed datasets should be used to validate networks’ quality. Positive datasets include 

protein-protein interactions, metabolic pathways, and protein-DNA interactions. Metrics that are 

wildly used in machine learning are recommended for measuring the network performance, such 

as area under the receiver operating characteristic curve (AUROC), the area under the precision-

recall curve (AUPR) and Matthews correlation coefficient (MCC) (Ma et al., 2014b). To avoid 

model overfitting, k-fold cross-validation is also recommended (Shao, 1993). Next, tools like 

Cytoscape (Shannon et al., 2003), R (Team, 2013), and Gephi (Bastian et al., 2009) provide an 

easy interface to visualize constructed networks. Finally, research reproducibility is especially 

critical for computation analysis. Researchers should make their code and data fully accessible 

for peers. Git (https://git-scm.com/), Docker (https://www.docker.com/), Rmarkdown (Baumer 

and Udwin, 2015), Binder (https://binderhub.readthedocs.io), and Jupyter notebook (Kluyver et 
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al., 2016) all make this task a lot easier. Thus, it is our responsibility to apply those tools to 

distribute our results and discoveries. 

 

1.3.2 Integrating multi-omics data 

Gene expression data can be extremely messy. Integrating other layers of omics data has 

shown great potential to reveal high-confidence gene regulatory interactions. Table 1.1 

summarizes other types of omics data we could use to improve gene networks. Three techniques 

have already been applied in plant species, with promising results. First, some TF binding sites 

(TFBSs), also called cis-regulatory elements, are conserved between species (Li et al., 2005; 

Weirauch et al., 2014): therefore, we can infer unknown TF regulatory interactions from the 

position weight matrix (PWM). Plant Transcription Factor Database (TFDB) (Jin et al., 2017) 

and Plant Promoter Analysis Navigator (PAN) (Chow et al., 2016) are based on this finding. 

Second, open chromatin regions are enriched for the cis-regulatory element. Thus, profiling such 

regions by DNase-Seq and Assay for Transposase-Accessible Chromatin (ATAC-Seq) can 

delineate genome-wide regulatory landscapes. Several studies in plants showed both conserved 

and dynamic TF regulatory interactions between species and cell types (Sullivan et al., 2014; 

Maher et al., 2017; Lu et al., 2017b).  

Third, the previous two methods rely on high-quality PWMs and gene homology, but 

these prerequisites are not available for all proteins and plant species. A scalable in vitro way to 

determine protein binding interactions is necessary for plant researchers since the application of 

in vivo ChIP-Seq is still limited. For this purpose, protein-binding microarray (PBM) (Franco-

Zorrilla et al., 2014), Systematic Evolution of Ligands by EXponential Enrichment (SELEX) 

(Smaczniak et al., 2017), and DNA affinity purification sequencing (DAP-Seq) (O’Malley et al., 

2016) are developed and applied in the large-scale discovery of plant TF regulatory networks. 

Furthermore, they generated a large quantity of high-quality PWMs that can be used for first two 

methods.  

Another promising technique that brings in planta experimentation and high throughput 

analysis together is called Transient Assay Reporting Genome-wide Effects of Transcription 

factors (TARGET), where direct and indirect regulations can be identified (Bargmann et al., 

2013). In another study, scientists have combined expression data, PWMs, and PPIs together to 

show the distinct regulatory networks for various human tissues (Sonawane et al., 2017a). 
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Integrating epigenome data may improve network performance (Wang et al., 2011b; Ballester et 

al., 2014). The proposed “omnigenic model” for complex traits in which all genes are connected 

(Boyle et al., 2017) further emphasize the value of network analysis. 

  



15 

Table 1.1. Omics data that can improve gene networks. 

Data Method Reference 

Gene expression RNA-Seq, gene expression array (Obayashi et al., 2017; Huang et al., 2017b) 

TF binding ChIP-Seq, DAP-Seq (Bolduc et al., 2012; O’Malley et al., 2016) 

Protein-protein interactions Y2H, CrY2H-seq (Trigg et al., 2017; Yang et al., 2017) 

Genetic variation GWAS (Schaefer et al., 2017; Xiao et al., 2017) 

Phenotype high throughput phenotyping (Baute et al., 2016; Gage et al., 2017) 

Metabolite metabolomics (Riedelsheimer et al., 2012; Wen et al., 2014) 

Proteomics mass spectrometry (Walley et al., 2013; Walley et al., 2016) 

mRNA modification m6A-Seq (Zhang et al., 2016a; Chang et al., 2017) 

Small RNA sRNA-Seq (Liu et al., 2014; Wu et al., 2016) 

Histone modification histone ChIP-Seq (Data et al., 2009; West et al., 2014) 

DNA methylation BS-Seq, MeDIP-Seq (Regulski et al., 2013; Li et al., 2014b) 

Open chromatin DNase-Seq, ATAC-Seq, MNase-Seq (Rodgers-Melnick et al., 2016; Maher et al., 2017) 

Enhancer Prediction, 4C, Hi-C (Feng et al., 2014; Oka et al., 2017) 

Y2H: yeast two-hybrid; CrY2H-seq: Cre-reporter-mediated yeast two-hybrid sequencing; GWAS: genome-wide association study; 

m6A-Seq: N6-methyladenosine sequencing; BS-Seq: bisulfite sequencing; MeDIP-Seq: Methylated DNA immunoprecipitation 

sequencing;4C: chromosome conformation capture-on-chip; Hi-C: extension of chromosome conformation capture with sequencing 
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CHAPTER 2 

 

CONSTRUCTION AND OPTIMIZATION OF LARGE GENE 

COEXPRESSION NETWORK IN MAIZE USING RNA-SEQ DATA 

 

 
Chapter 2 entitled “Construction and optimization of large gene coexpression network in maize 

using RNA-seq data” has been adapted from my work in the publication: 

 

Huang, J., Vendramin, S., Shi, L., & McGinnis, K. M. (2017). Construction and Optimization of 

a Large Gene Coexpression Network in Maize Using RNA-Seq Data. Plant Physiology, 175(1), 

568-583. 

 

J.H. was responsible for the collection and analysis of all network data. JH prepared the first 

draft of the manuscript. J.H. and K.M.M. designed the experiment. L.S. and J.H. made the 

website. J.H. and S.V. analyzed and interpreted data. The chapter 2 has some minor 

modifications from original published manuscript to keep the format consistent throughout my 

dissertation. 

 

2.1 Introduction 

 

Zea mays (maize) is the most widely produced crop in United States, and U.S. agriculture 

accounted for 36% of world maize production in 2015 (USDA, 2016). Maize has also been in the 

center of the genetics research for over 100 years, including McClintock’s pioneering work with 

transposable elements (TEs) (reviewed by (McClintock, 1983; Fedoroff, 2012)). Due to recent 

technological advances in nucleic acid sequencing and the availability of the maize genome 

sequence (Schnable et al., 2009), maize genomics research has been greatly expedited.  

RNA-Sequencing (RNA-Seq) has become the favored technique for detecting genome-

wide expression patterns. RNA-Seq has some advantages over microarray analysis of gene 

expression, including single base pair resolution, detection of novel transcripts and the ability to 

analyze transcript abundance without existing genome information (reviewed by (Wang et al., 

2009; Han et al., 2015; Conesa et al., 2016)). RNA-Seq data provides information about single 

nucleotide polymorphisms (SNPs), which facilitates Genome-wide Association Studies (GWAS) 
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(Fu et al., 2013; Li et al., 2013a; Lonsdale et al., 2013; Fadista et al., 2014). Because of its 

widespread adaptability, over five thousand Illumina platform maize RNA-Seq libraries (Figure 

2.1A) are available in the National Center for Biotechnology Information (NCBI) Sequence 

Read Archive (SRA) database (Leinonen et al., 2010), adding to the body of data that can be 

used to study the maize genome.  

The maize genome is large and heterogeneous, and the genome annotation is still far 

from complete (Mark Cigan et al., 2005; Ficklin and Feltus, 2011). Although recent work has 

made substantial progress toward describing genome-wide expression patterns in many 

genotypes, environmental conditions, and tissues, relatively little is known about the function 

and regulation of most maize genes. Because genes with related biological functions or 

regulatory mechanisms often have similar expression patterns (Aoki et al., 2007), one way to 

enhance understanding of gene function is by construction of a Gene Co-expression Network 

(GCN) (D’haeseleer et al., 2000; Aoki et al., 2007; Usadel et al., 2009; Li et al., 2015d; Serin et 

al., 2016). GCNs are constructed using data mining tools and algorithms that describe the 

relatedness between the expression patterns of multiple genes in a pairwise fashion. 

The use of GCNs pre-dates the availability of RNA-Seq expression data (Ficklin and 

Feltus, 2011; Sato et al., 2011; De Bodt et al., 2012), meaning that these approaches were 

initiated and optimized predominantly with microarray datasets. Maize RNA-Seq samples are 

already five times more abundant than microarray (Figure 2.1) and increasing in number, 

meaning that an RNA-Seq oriented maize GCN protocol would be valuable to the scientific 

community. Although the initial inputs and results from microarray and RNA-Seq are similar, 

there are many differences between the data types and analytical approaches. It is therefore 

anticipated that some adjustments to GCN parameters may improve the efficacy of GCN analysis 

of RNA-Seq data. GCN construction is typically a multistep process starting with normalization 

of input datasets, network inference, network evaluation and interpretation (Figure A.1). 

Both RNA-Seq and microarrays are affected by systematic variations (Park et al., 2003; 

Oshlack and Wakefield, 2009; Zheng et al., 2011; Li et al., 2014c). Therefore, genome wide 

expression results generated by either technique need to be normalized prior to analysis (Dillies 

et al., 2013; Li et al., 2015b). Variance stabilizing transformation (VST), Counts Per Million 

(CPM) and Reads Per Killobase Million (RPKM) are three popular normalization methods for 

RNA-Seq experiments (Mortazavi et al., 2008; Anders and Huber, 2010; Rau et al., 2013).  
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Some work has been done to evaluate the efficacy of different normalization methods for 

expression analysis. Giorgi et al (2013) showed VST normalization of RNA-Seq data resulted in 

a GCN with similar characteristics to a microarray-supported network in terms of coefficient and 

node degree distribution. Normalizations with CPM and using the Trimmed Mean of M-values 

(TMM) to adjust the composition bias between RNA-Seq datasets by calculating normalization 

factors (Robinson et al., 2010), increased the robustness of analysis among diverse library sizes 

and compositions (Dillies et al., 2013). These studies suggest that optimizing normalization 

methods might improve GCN performance. 

There are several methods for gene network inference, including correlation, mutual 

information (MI), Bayesian network and probabilistic graphical models. Typically, correlation 

and MI methods are used for constructing large-scale GCNs with more than ten thousand genes 

(Krouk et al., 2013). Correlation methods include Pearson Correlation Coefficient (PCC), 

Spearman's correlation coefficient (SCC), Kendall rank correlation coefficient (KCC), Gini 

correlation coefficient (GCC), and Biweight midcorrelation (BIC) (Langfelder and Horvath, 

2008; Kumari et al., 2012; Ma and Wang, 2012; Ballouz et al., 2015). Cosine similarity 

coefficient (CSC) has also been used for computing similarities in sparse datasets, such as text 

(Dhillon and Modha, 2001) and protein-protein interaction data (Luo et al., 2015). MI methods 

include Accurate Cellular Networks (ARACNE), Minimum Redundancy NETwork (MRNET) 

and Context Likelihood of Relatedness (CLR) (Margolin et al., 2006; Faith et al., 2007; Meyer et 

al., 2007). The network inference method might also influence GCN performance. 

Several resources are already available for GCN analysis in maize, including COB 

(Schaefer et al., 2014), CORNET (De Bodt et al., 2012), CoP (Ogata et al., 2010), PLANEX 

(Yim et al., 2013) and ATTED-II (Obayashi et al., 2009). All of databases, except ATTED-II, 

used PCC to build GCN from 128 to 379 microarray datasets. ATTED-II recently updated their 

database to provide both GCNs from microarray and RNA-Seq using PCC-based mutual rank 

(Aoki et al., 2015). Although PCC is widely used, there is very limited evidence that it is the 

optimal approach for GCN analyses.   

GCNs could also be improved by meta-analysis using ranked aggregation from individual 

networks (Zhong et al., 2014; Ballouz et al., 2015; Wang et al., 2015a). By aggregating 

individual experiments, only interactions consistent among networks are preserved, which helps 

reduce noise and highlights conserved interactions. Furthermore, the ranked aggregation method 
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provides a way to efficiently increase the size of the aggregated network with newly available 

datasets, and recalculation with all datasets is not required when a new one is added. This 

provides an efficient way to process and incorporate emerging information. 

Herein, an extensive evaluation in constructing maize GCNs is reported. Three 

parameters were tested: normalization method, network inference algorithm and ranked 

aggregation method. To our knowledge, this is the first comprehensive attempt to optimizing 

GCN construction using plant RNA-Seq datasets. The network is publicly accessible at 

http://www.bio.fsu.edu/mcginnislab/mcn/main_page.php. A tutorial is also provided as 

supplemental material. 

 

2.2 Materials and methods 

 

2.2.1 RNA-Seq data collection and process 

The maize genome and its annotation were downloaded from Ensembl Plant Release 31 

(http://plants.ensembl.org/). The original 1303 RNA-Seq samples based on illumina HiSeq2000 

or Hiseq2500 were downloaded from NCBI Sequence Read Archive (SRA) (Leinonen et al., 

2010). The downloaded files were converted to fastq format using the fastq-dump command in 

SRA Toolkit (version 2.5.2). The adapters for the fastq files were trimmed by Cutadapt 1.8.1 

(Martin, 2011). The adapter-removed files were then quality checked by FastQC v0.11.2 

(http://www.bioinformatics.babraham.ac.uk/projects/fastqc/). HISAT2 v2.0.4 (Kim et al., 2015) 

was used for genome alignment. Gene-level expression raw read counts were calculated by 

FeatureCounts 1.5.0 (Liao et al., 2014) from aligned bam files (Figure A.1). 26 libraries with less 

than 5 million reads total and 11 libraries with less than 70% of total alignment rate were 

excluded, leaving 1266 samples (Supplementary file 1) for the final expression table. The 

processing protocol were streamlined by Snakemake v3.7.1 (Köster and Rahmann, 2012).  

 

2.2.2 Gene count normalization  

The expression data was normalized using three different methods before constructing 

GCNs. Counts Per Million (CPM) and Reads Per Killbase Per Million (RPKM) were calculated 

by edgeR package (Robinson et al., 2010) in R environment and then log2 normalized 

(expression = log2(CPM/RPKM +1). For both method, scale factors between samples were 

estimated by Trimmed Mean of M-values (TMM) in edge R. Variance Stabilizing 

http://www.bio.fsu.edu/mcginnislab/mcn/main_page.php
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Transformation (VST) was calculated by DESeq2 package (Love et al., 2014). Only genes with 

expression higher than 2 CPM in more than 1000 samples were included from additional analysis 

(15116 genes). 

 

2.2.3 Network inference 

Six correlation coefficient methods and four mutual information methods were applied to 

normalized gene expression data to construct GCNs. All computing steps were done in the R 

3.3.1 environment. Pearson Correlation Coefficient (PCC) and Spearman Correlation Coefficient 

(SCC) was calculated by cor() function. Kendall rank Correlation Coefficient was calculated 

using cor.fk() function in pcaPP package (Filzmoser et al., 2009). Gini Correlation Coefficient 

was calculated by adjacencymatrix() function in rsgcc package (Ma and Wang, 2012). Biweight 

midcorrelation was computed by bicor() function in WGCNA package (Langfelder and Horvath, 

2008). Cosine similarity coefficient was computed by cosine() function in coop package 

(Schmidt, 2016). Mutual information results were computed using the parmigene package (Sales 

and Romualdi, 2011). The adjacency matrix weighs derived from ten inference methods were 

ranked with smallest value equals to one. Then ranks were divided by the number of elements in 

the matrix and diagonal was set to one to make all networks weighs ranging from zero to one. 

 

2.2.4 Network performance evaluation 

To generate the random networks, gene IDs were shuffled randomly in CPM or VST 

normalized expression matrices. The randomized expression matrices were then inferenced by 

PCC, MRNET or CLR methods and evaluated. For PCC methods, 1000 repeats of randomization 

and evaluation were conducted. For MRNET and CLR, each inference steps took 2 hours on our 

server, so 10 repeats were conducted. 

Four maize datasets were used for evaluation. First, maize protein-protein interactions 

were downloaded from PPIM v1.1 (Zhu et al., 2016a). Only high-confidence interactions were 

used for evaluation, as defined by ranking top 5% in their results. Second, maize pathway 

information was downloaded from MaizeCyc v2.2 (Monaco et al., 2013). Genes within same 

pathways were considered as co-expressed. Third, maize gene ontology data for AGPv3.30 was 

downloaded from AgriGO (Du et al., 2010). GO terms with 20 to 300 genes were used for 
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evaluation. Fourth, ChIP-Seq confirmed targets for HDA101 (GRMZM2G172883) (Yang et al., 

2016) was used as positive co-expressed examples for evaluation.  

The widely-used Area under Receiver Operating Characteristic (AUROC) for binary 

classification problems was used for evaluations. Protein-protein interaction and pathway 

information was parsed into lists of co-expressed genes. Prediction() and performance() function 

in R package ROCR were used to calculate AUROCs (Sing et al., 2005). The 277 AUROC 

values for GO datasets were calculated by EGAD package (Ballouz et al., 2016) in R. Basically, 

it utilizes the “guilt-by association” principle that genes with shared GO terms are more likely to 

connected. Thus, networks normalized and inferred by different methods can be evaluated by 

hiding a subset of genes GO terms and test whether the hidden GO terms could be predicted 

from the remaining annotations. The prediction model performance was measured by AUROC 

values in three-fold cross-validation. All ANOVA and pairwise Wilcoxon rank tests were 

analyzed in R using anova() and pairwise.wilcox.test() function from stats package. P-value 

adjustment method was set to “fdr” (Benjamini and Hochberg, 1995). 

Definition of True Positives (TP), False Positives (FP), True Negatives (TN), False 

Negatives (FN): For the evaluation using PPPTY dataset, TP: a network predicts two genes are 

co-expressed and they are co-expressed in PPPTY dataset; FP: a network predicts two genes are 

co-expressed, but they are not; TN: a network predicts two genes are not co-expressed and they 

are not co-expressed in PPPTY; FN: a network predicts two genes are not co-expressed, but they 

are co-expressed in PPPTY datasets. For the evaluation using GO dataset, TP: a network predicts 

a gene has a specific GO term and it does have that GO term in our GO dataset; FP: a network 

predicts a gene has a specific GO term, but it does not have that GO term in our GO dataset; TN: 

a network predicts a gene does not have a specific GO term and it doesn’t have in our GO 

dataset; FN: a network predicts a gene does not have a specific GO terms, but it has that GO term 

in GO dataset. 

 

2.2.5 Network clustering and characterization 

For each network, the top 1 million edges were selected as stringent co-expression 

networks. The network topological characteristics were computed in Cytoscape (Shannon et al., 

2003). The neighborhood connectivity distribution and node degree distributions were plotted by 

Network Analyzer plugin (Doncheva et al., 2012). Graph clustering was performed using 
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Markov Cluster Algorithm (MCL) by MCL v14.137 with inflation value set to 1.8 (Enright et al., 

2002). All networks were visualized in Cytoscape. 

 

2.2.6 Gene ontology enrichment and visualization 

Gene ontology enrichment was analyzed in AgriGO’s Singular Enrichment Analysis tool 

(Du et al., 2010). 15116 genes involved in our networks were used as background references. 

Hypergeometric testing was used to calculate p-value, for which a value below 0.05 was 

considered as significant. The Yekutieli method was used for multiple test correction, and terms 

with false discovery rate (FDR) above 0.05 were discarded. The results were then imported into 

Cytoscape for visualization. 

 

2.2.7 Databases comparison on cell wall pathway 

Sixteen well characterized (Penning et al., 2009; Bosch et al., 2011) components of cell 

wall biosynthesis (Table A.3) were chosen as query genes to search against CORNET Maize 

(https://bioinformatics.psb.ugent.be/cornet/versions/cornet_maize1.0/) on website and STRING 

database using Cytoscape stringApp (http://apps.cytoscape.org/apps/stringapp). The parameters 

for searching CORNET database were: Method=Pearson, Correlation coefficient=0.75, P-value ≤ 

0.05 and Top genes = 50. This resulted in 210 co-expressed genes and 325 interactions. To 

search STRING database, the confidence cutoff was set to 0.4 with maximum number of 

interactors set to 100. 76 genes with 817 interactions were retrieved. Maize proteins were blasted 

against TAIR 10 protein sequences using standalone BLASTP version 2.2.28+ (Camacho et al., 

2009). 

 

2.3 Results 

 

2.3.1 Manually curated maize mRNA expression profiling from publicly available datasets 

Recently, the usage of RNA-Seq in maize has increased dramatically, generating zero 

data entries in NCBI-SRA in 2008 to over nine hundred in 2016 (Figure 2.1B). On the contrary, 

the most widely used Affymetrix expression array for maize had 177 samples in 2008, but only 

46 in 2016 (Figure 2.1B). GCN construction approaches have not been optimized for RNA-Seq 

datasets in plants, and doing so could improve the quality and robustness of GCNs. To support a 
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comprehensive evaluation on the effect of RNA-Seq normalization methods and network 

inference methods on the performance of GCNs, maize RNA-Seq datasets were compiled and 

processed with a computational pipeline (Figure A.1). 1266 high quality RNA-Seq maize 

libraries from 17 different experiments were selected as input to an expression matrix. The 

corresponding experimental descriptions and publications, where available, of each library were 

manually checked for sample information (Supplementary file 1). Also, a filter for reads depth 

and alignment rate were used to remove unqualified libraries (see Methods for detail). Tissue 

type and haplotype from those libraries were manually curated and found to include a range of 

sample types (Supplementary file). Shoot apical meristem (SAM), leaf and root were the top 

three most abundant tissue types, but a wide range of tissues were represented by multiple 

libraries in the dataset (Figure A.1). The dataset also included multiple haplotypes, although B73 

represented approximately 40% of the included libraries. To reduce noise, lowly expressed genes 

were removed from analysis, leaving 15116 nonredundant genes across the 1266 libraries.  For 

comparative purposes, the Affymetrix Gene Chip maize array includes 13339 genes before 

filtering (GeneChip Maize Genome Array, 

http://www.affymetrix.com/catalog/131468/AFFY/Maize+Genome+Array#1_1).  

 

2.3.2 Three RNA-Seq normalization methods show comparable distribution of expression 

Expression data from distinct sources and experiments can be highly variable because of 

hybridization artifacts in microarray or variable sequencing depth in RNA-Seq.  Many methods 

have been successfully used for normalizing both microarray and RNA-Seq data to correct for 

potential biases (Lim et al., 2007; Dillies et al., 2013; Li et al., 2015b). To find an optimal 

normalization method for building a maize GCN from RNA-Seq data, three widely used 

normalization methods were compared.  This included Variance Stabilizing Transformed (VST), 

Counts Per Million (CPM) and Reads Per Killobase Per Million (RPKM) (Mortazavi et al., 2008; 

Anders and Huber, 2010; Rau et al., 2013). For all normalization methods, log2 transformation 

on the normalized expression values reduced the skew of the data distribution (Figure A.2). 

Several network studies from plant RNA-Seq data used log2 transformation (Davidson et al., 

2011; Ma and Wang, 2012; Giorgi et al., 2013; Stelpflug et al., 2015; Walley et al., 2016). In our 

analysis, genes with CPM > 2 in more than 1000 samples were included. This filter dramatically 

reduces zero count values in raw data from 30.949% to 0.367%. Moreover, a prior count of one 
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was added at log2 normalization (expression = log2(CPM/RPKM +1)) to avoid problem with 

remaining zero values. The log2 transformation reduced skewed distributions and extreme values 

represented by outliers  (Figure A.2). Thus, we think it is important to apply log2 transformation 

for our data. 

The distribution of gene expression across the 1266 libraries formed a bell-shaped curve 

with a small additional peak of low expression for all three methods (Figure A.2). To determine 

if these low expression values came from a few or multiple libraries, elements within the range 

of expression that corresponded to the observed peak (< -3.7 CPM; Figure A.2B) were extracted 

from CPM-normalized expression matrix and matched to the originating libraries. This 

demonstrated that the low expression elements were not limited exclusively to specific libraries, 

but eight libraries contributed over 25% of low elements. A gene ontology enrichment analysis 

failed to identify significant gene ontology descriptors within the subset of 43 genes that were 

defined as lowly expressed (data not shown). All eight of these libraries were from pollen tissue 

where the average gene expression at 147 Counts Per Million (CPM) is lower than the average 

gene expression of the other 79 tissues combined at average 183 CPM. Hierarchical clustering 

and correlation heatmap with the same data (Stelpflug et al., 2015) shows the uniqueness of 

pollen tissue expression pattern (Langfelder and Horvath, 2008) (Figure A.3). When the lowly 

expressed elements from RPKM- and VST-normalized data were analyzed to determine library 

origin and GO enrichment (data not shown), we found similarly high level of pollen-specific 

libraries without significant GO categories. In pollen, some highly expressed genes are 

considered orphan genes (Wu et al., 2014), because they lack detectable homologs in another 

species. To investigate whether these lowly expressed genes were orphan genes, their gene 

sequences were blasted against Setaria italica genome (JGIv2) (BLASTX, e-value < 1E-03). 

Setaria italic (foxtail millet) is a close relative to maize which diverged 23.4 million years ago 

(MYA), as estimated by TimeTree (Kumar et al., 2017). Only 1 out of 43 genes lacked 

detectable homologs in Setaria italic (data not shown) indicating that the majority of these genes 

are not likely to be orphan genes. 

Because RPKM normalization accounts for gene length, the distribution of gene length 

versus expression for the RPKM method was compared to data normalized by VST and CPM 

methods. VST- and CPM-normalized data showed very similar overall patterns with no clear 

linear relationship between gene length and average expression (Figure A.2C).  RPKM-
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normalized data displayed an apparent bias toward elevated expression of a small number of 

genes less than 5000bp in length and lower expression of long genes, suggesting that this 

normalization method might skew the distribution of expression at some genes. Overall, in spite 

of these differences, the three normalization methods resulted in a similar distribution of 

expression patterns for most of the genes included in the analysis. Additional analysis was 

completed to determine if the three normalization methods influence network performance. 

 

2.3.3 Network performance does not differ based upon normalization method 

To compare the efficacy of three normalization and ten inference methods, a GCN was 

generated for each combination of normalization and inference methods. Furthermore, all 

networks were rank-standardized to limit the edge weight ranging from 0 to 1 (See Methods). All 

networks evaluations used the whole adjacency matrix (15116*15116 in RNA-Seq networks, 

11429*11429 or 17862*17862 in protein networks) without a cut-off. 

The performance of the different networks was measured by comparing the area under 

the receiver operator characteristic curves (AUROC). AUROC is a measurement used to 

evaluate the accuracy of classification models, making it suitable for evaluating GCNs (Gillis 

and Pavlidis, 2011; Ma and Wang, 2012; Liu et al., 2017). AUROC values range from 0 to 1, 

with a value closer to 1 indicating that the network is discriminating nonrandom patterns and 

perfect classification, random networks returning values close to 0.5 and values closer to 0 

indicating a high degree of incorrect classification. While an AUROC value close to 1 is optimal, 

values over 0.7 suggest good performance when analyzing large, diverse networks (Gillis and 

Pavlidis, 2011). To set up the AUROC baseline for the random networks, maize gene IDs were 

shuffled 10 (for MRNET and CLR) or 1000 times (for PCC) from the normalized expression 

matrix. The randomized expression matirx were inferenced using designated alorgrithms and 

further evaluated. The resulting AUROC values from randomized networks were very close to 

0.5 (Table A.1).  

AUROC values were calculated and compared for three different network characteristics. 

The first characteristic was designed to test if the network identified genes with known or 

predicted co-expression patterns, based upon prior results and inclusion in two existing datasets 

that could serve as a positive control for co-expression. The maize metabolic pathway 

(MaizeCyc) contains 413 pathways with more than two genes and was built based upon 
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collection of evidence from genome annotation, phylogenetic distance and known genes in 

maize, rice and Arabidopsis (Monaco et al., 2013). The maize protein-protein interaction 

database (PPIM) is based upon both predicted and experimentally detected protein interactions 

(Zhu et al., 2016a) and was the second dataset used in this analysis. Only high-confident 

interactions from PPIM were used, as defined by ranking top 5% in their model (Zhu et al., 

2016a). For comparison with the GCN, genes within the same MaizeCyc or PPIM pathways 

were considered co-expressed. The MaizeCyc and PPIM datasets were combined and genes with 

less than 5 interactions were excluded from evaluation creating a compiled dataset referred to 

herein as the Protein-Protein and Pathway dataset (PPPTY). PPPTY had 1720 genes and 104856 

interactions that were used in this evaluation. The AUROC value was calculated for each of the 

1720 gene terms. 

To assess the effect of normalization method on GCNs, AUROC values for all ten 

inference methods were averaged for each of the three normalization methods. All three 

normalization methods scored similarly in comparison with the PPPTY dataset (Figure 2.2B), 

with a mean AUROC value around 0.575 for each, suggesting that the predicted networks were 

more selective than a random network.  

The second characteristic was the presence of similar gene ontology (GO) information for 

maize genes within a detected co-expression set, based upon “guilt by association” that assumes 

specific subgroups of co-expressed genes have some shared functions (Wolfe et al., 2005). GO 

annotations were downloaded from AgriGO (Du et al., 2010), which uses signature integration 

by InterPro to map gene IDs to GO terms rather than co-expression data. InterPro provided over 

108 million stable GO terms to the functional protein information database UniProtKB at release 

2016_01 (Sangrador-Vegas et al., 2016). Thus, the GO annotations provide a reliable evaluation 

resource independent of co-expression data. To assess this characteristic, gene ontology 

information was used in a neighbor voting algorithm (Gillis and Pavlidis, 2011) for sets of co-

expression matrices and compared. Co-expression matrices were assessed by 3-fold cross-

validation which involved masking GO terms from some genes to test whether the masked GO 

terms could be predicted based upon gene expression patterns. 277 GO terms were included for 

this analysis.  

When GO characteristics were used to assess the networks, all three normalization 

methods performed similarly, but the AUROC values were higher, at around 0.689 for each, than 
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those observed for comparisons with PPPTY (Figure 2.2A). Because GO addresses gene 

functions and PPPTY emphasizes protein-protein interactions, this suggests that GCNs are better 

at predicting functional interactions than physical interactions. The p-value from one-way 

ANOVA for testing normalization method effect on PPPTY and GO dataset were 0.9535 and 

0.4714 respectively, confirming that the normalization method did not create a significant 

difference in the AUROC scores associated with the GCNs for the characteristics that were 

tested.  

Finally, proteins that regulate gene expression or modify chromatin structure might 

interact with the DNA of a subset of co-expressed genes. The interactions between such a protein 

and regulated DNA could be detected by chromatin precipitation of associated DNA followed by 

DNA sequencing (ChIP-Seq). In maize, there are five ChIP-Seq datasets available (Bolduc et al., 

2012; Morohashi et al., 2012; Li et al., 2015a; Pautler et al., 2015; Yang et al., 2016), some of 

which involving lowly expressed or tissue-specific genes. For example, Opaque2 is specifically 

expressed in endosperm (Li et al., 2015a), Knotted1 is expressed in SAM and floral tissues 

(Bolduc et al., 2012), and Pericarp Color1 has low expression except in inflorescence and seed 

(Morohashi et al., 2012). Histone Deacetylase 101 (HDA101) ChIP-Seq data provided the largest 

dataset for comparison with 26 confirmed binding targets that are relatively high expressed in 

most maize tissues (Yang et al., 2016). Histone deacetylation often correlates with decreased in 

gene expression (Verdin and Ott, 2014). High confidence HDA101 targets were defined as those 

discovered by ChIP-Seq and that also showed increased gene expression in hda101 mutant. 

Networks associated with the 26 high confidence HDA101 targets were compared by calculating 

AUROC. Based upon this analysis, the AUROC values were very similar among networks 

normalized by VST, CPM and RPKM (Figure 2.2C) which is consistent with GO and PPPTY 

evaluation. 

 

2.3.4 Correlation methods performs better than mutual information at some genes 

After normalization of the expression matrices, they can be processed by different 

methods for GCN inference. To optimize this step, the AUROC values of six correlation (PCC, 

SCC, KCC, GCC, BIC, CSC) and four mutual information (MI) methods (AA, MA, MRNET, 

CLR) were compared for the expression matrices that were generated from each of three 

normalization methods (VST, CPM, RPKM) and then averaged. In general, correlation methods 
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are more computationally efficient while MI methods are able to reveal non-linear relationships 

(Li et al., 2015d). PCC is widely used but may be influenced by outliers (Mukaka, 2012). SCC, 

KCC and BIC are less sensitive to outliers, because SCC and KCC only consider the rank 

information and BIC calculates based on dataset median instead of mean (Serin et al., 2016). 

Recently, GCC has been shown to be a better correlation method for gene expression analysis 

because of its capacity to detect non-linear relationships and insensitivity to outliers (Ma and 

Wang, 2012). CSC is widely used for text mining and analyzing sparse data with many zeros 

(Dhillon and Modha, 2001). ARACNE, MRNET and CLR showed extended gene-dependent 

relationships under variable biological settings (Margolin et al., 2006; Faith et al., 2007; Meyer 

et al., 2007; Li et al., 2013b). To estimate the effectiveness of the inference methods, the same 

testing parameters with AUROC calculations were performed as described for the testing of 

normalization methods.  

Assessed by GO datasets, the 277 AUROC values were averaged to create one average 

value for each of the 10 inference methods ranging from 0.620 to 0.724 (Figure 2.2D). The 

average AUROC across all normalization methods for six correlation methods was 0.718, while 

the average AUROC for the all four MI methods was 0.646. The majority of the 277 GO terms 

had similar AUROC values in the different correlation method-generated GCNs, and these 

patterns are different from those observed in the MI-generated GCNs (Figure 2.3A).  The 

similarity among different methods was also detectable by pairwise comparison and comparing 

Pearson correlations between the different methods (Figure A.4A).  

To evaluate network inference methods with the PPPTY dataset, the AUROC values for 

1720 genes were averaged for each combination of normalization and inference methods (Figure 

2.2E). This evaluation also showed that the networks constructed using correlation methods 

resulted in higher AUROC values than MI methods, although the CSC method resulted in lower 

AUROC values than other correlation methods. As demonstrated for the GO evaluation, results 

from correlation methods were more similar with each other than the MI methods (Figure A.4B). 

Interestingly, heatmap results indicated that a subset of genes consistently had higher AUROC 

values when CSC, MRNET/CLR or AA/MA were used (Figure 2.3B), although this includes a 

small enough number of genes that the average AUROC value over the whole gene set was 

relatively low for those methods. The gene sets with highest AUROC values in PCC, CSC or 

MRNET were extracted. Characteristics of each gene sets were compared in average expression 
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(CPM) and average number of low expressed elements (CPM < 0). The CSC gene set had the 

smallest number of low expression elements and had higher average expression than both the 

1720 gene set and the PCC gene set (Figure A.5). This may indicate that the CSC method is 

better at determining co-expression for highly expressed genes. 

The AUROC values from 26 targets of HDA101 ChIP-Seq datasets reveals that CSC 

GCN had the highest AUROC value and the use of MRNET/CLR GCNs resulted in slightly 

higher scores than correlation methods (Figure 2.2F). This could be explained by the small 

number of targets creating skewed results, but may also indicate that CSC/MI methods are more 

suitable for specific types of genes or interactions between genes (Tzfadia et al., 2016). HDA101 

is a highly expressed gene in all samples with average expression value equals to 8.64 CPM and 

minimum expression equals to 2.89 CPM, so it’s possible that HDA101 is more suitable for CSC 

method. CPM and RPKM normalization methods had higher AUROC values than VST (Figure 

2.2C). Using two models of ARACNE (additive-AA and multiplicative-MA), the co-expression 

matrices contain less than 0.5% non-zero values for all comparisons and so these techniques 

were not included in any additional analyses.  

In conclusion, our results indicated the widely-used correlation methods resulted in a 

more predictive maize GCN from a single expression matrix, but co-expression with some 

individual genes may be better detected using MI methods. Normalization method did not have a 

substantial influence on GCN’s performance, so only CPM normalization was used in 

conjunction with PCC, SCC, MRNT and CLR inference for subsequent optimization of other 

parameters.  

 

2.3.5 Increase sample size had a positive effect On GCN 

GCN analysis can be accomplished with a variable number of samples and datasets, but 

sample size can influence the quality of the resulting GCN (Wei et al., 2004; Ballouz et al., 

2015). Separate analyses were conducted with different numbers of samples and experiments to 

empirically determine the effect of sample number on GCN effectiveness. The data in our 

analysis consisted of 17 experiments, each including between 12 and 404 libraries. For this 

analysis, CPM normalization method, followed by each of four inference methods (PCC, SCC, 

MRNET and CLR) was applied to the 17 experiments and the 68 resulting networks were 

evaluated by both GO and PPPTY. 
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From GO and PPPTY evaluation, all algorithms exhibit a positive linear relationship 

between sample size with natural logarithm transformed and average AUROC values (Figure 

2.4). The linear relationships are stronger in PCC and SCC methods with higher r-square values, 

indicating correlation methods benefit more from increasing sample size. Thus, for building 

correlation-based GCNs, as many samples as possible should be included. We also found that, as 

seen for the total GCN analysis, PCC and SCC had higher average AUROC values than the 

MRNET and CLR methods for PPPTY and GO analysis for most of individual networks (Figure 

2.5).  

 

2.3.6 Ranked aggregation of networks improved performance of GCNs 

Ranked aggregation for meta-analysis can also be modified to change the outcomes of 

GCN by buffering the effect of sample heterogeneity (Zhong et al., 2014; Wang et al., 2015a; 

Asnicar et al., 2016). Aggregated rank standardized correlation/MI matrices were calculated 

from separate experiments to determine if this approach enhanced GCN performance. 

Aggregating individual networks together for meta-analysis can help to highlight true co-

expression interactions and reduce noise (Zhong et al., 2014; Wang et al., 2015a; Wang et al., 

2015b). This analysis was conducted with the 17 differently sized experiments using PCC, SCC, 

MRNET and CLR method for GCN inference as we did previously, resulting in 68 single GCNs. 

The 17 experiments were aggregated for PCC, SCC, MRNET and CLR individually and 

evaluated by GO and PPPTY datasets.  

Of the 4 aggregated networks that were evaluated, the two correlation methods (PCC and 

SCC) had higher AUROC values than the single network from 1266 samples (Figure 2.6 and 

Figure A.6). However, this aggregation strategy did not result in significant higher AUROC 

scores for the MRNET and CLR method networks compared with single networks with 1266 

samples (two-tail Wilcoxon rank test for GO evaluation, p-values: 0.494 and 0.796). It has been 

reported that MI estimation accuracy is dependent on sample size (Gao et al., 2015), therefore 

individual MI networks built with a small number of libraries may not demonstrate improved 

accuracy from aggregation. In conclusion, the PCC/SCC-built GCN performed best using a 

ranked aggregation strategy and use of this strategy, in combination with the other optimized 

parameters, creates a robust GCN. 
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2.3.7 The performance of protein networks did not exceed aggregation networks 

In many cases, mRNA levels in a cell are of interest because mRNA level is thought to be 

related to the level and function of a protein of interest. However, many researchers had found 

inconsistencies between mRNA and protein level (Baerenfaller et al., 2008; Schwanhäusser et 

al., 2011; Ponnala et al., 2014; Walley et al., 2016). Although relatively less protein expression 

data is available, this data is amenable to GCN construction and could represent a more direct 

reflection of interacting proteins. Using a non-modified protein expression atlas from 23 maize 

tissues based upon mass spectrometry data (Walley et al., 2016), four protein networks were 

built with PCC, SCC, MRNET and CLR separately and then evaluated using the same PPPTY 

and GO dataset as previously mentioned.  

GCNs constructed from protein expression did not exhibit superior AUROC values to 

those observed for RNA-Seq based GCN using the aggregation strategy (Figure 2.6). When 

evaluated by GO and PPPTY dataset, the performance of the protein network was lower than the 

aggregated network as well as the single network from 1266 samples. To confirm this result, a 

two-way ANOVA was computed with pairwise comparison for the GO evaluation which showed 

that the effect of network type was significant (Supplementary file 2). A subsequent pairwise 

comparison using Wilcoxon rank sum test indicated that PCC/SCC method were significantly 

better than MRNET/CLR (Supplementary file 2), although MI methods may be superior for 

some types of interactions. 

The raw protein expression data included 17862 genes, of which 11429 genes overlapped 

with our RNA-Seq-based network and were therefore used for the analysis. To demonstrate that 

the performance of the protein network was not biased due by the selection of genes, the PCC 

method was used for the whole 17862 genes to construct a protein network (Figure A.7). No 

improvement could be detected from protein network derived from 17862 genes with p-value 

equals to 0.635 for GO evaluation and 0.995 for PPPTY evaluation from one-sided Wilcoxon 

rank sum test. 

 

2.3.8 PCC and SCC-built GCN exhibit identical topological and functional properties 

In addition to evaluation of network performance based upon biological characteristics, 

networks can be compared based upon several different network characteristics, including 

clustering coefficient, number of nodes, network heterogeneity (Dong and Horvath, 2007), 
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network centralization (Dong and Horvath, 2007), number of detected modules, and number of 

genes in largest module. Number of nodes is a basic construct in graph theory depicting the scale 

of a network. Clustering coefficient and number of modules are to model how densely nodes are 

connected in networks. Heterogeneity measures the variability of node connections. 

Centralization indicates how likely some nodes have significantly more connections than 

average. In this analysis, each gene corresponds with a node. Based on the extensive evaluation 

using biological characteristics, like protein-protein interactions (PPPTY) and predicted gene 

function (GO), three final maize networks were selected for comparison of basic network 

characteristics based on their overall performance: PCC and SCC-built ranked aggregation 

network from 17 experiments (PA and SA), MRNET-built single network from 1266 total 

samples (MS). The three networks were constrained to include the top one million predicted 

interactions, or edges.  

In prior studies, most biological networks had scale-free architectures which fit a power-

law distribution (Barabasi et al., 2004; Doncheva et al., 2012; Schaefer et al., 2014). For the 

three final maize networks constructed using optimized parameters, both neighborhood 

connectivity distribution (Figure A.8) and node degree distribution (Figure A.9) fit power-law 

models with r-squared values over 0.7. The MS network had the highest network centralization 

value. The network heterogeneity value of MS was over two times that of PA and SA, indicating 

that MS may contain more highly interacting genes (Table A.2), consistent with the observed 

highest centralization values for this network. Centralization and heterogeneity are two variants 

to model the degree distribution of networks. A scale-free network with more numbers of hubs 

has larger values of centralization and heterogeneity, while a network with larger values of 

centralization and heterogeneity may contain a larger number of hubs or the number of hubs is 

not significantly large, but the degree distributions are extremely imbalanced. In biological 

networks, many observations connected large values of centralization and heterogeneity with 

more hub genes (Ma and Zeng, 2003; Horvath and Dong, 2008; Iancu et al., 2012; Scott-Boyer et 

al., 2013), even though theoretically we cannot rule out the possibility that high values were 

result from extremely imbalanced degree distribution. For the MS network, most highly 

connected genes interacted with a large number of lowly connected genes; this pattern is also 

apparent reflected in the decreasing neighborhood connectivity distribution for the MS network 

(Figure A.8). The genes with the most interactions are expected to act as key components in 
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GCN networks (Langfelder and Horvath, 2008; Allen et al., 2012), and likely represent central 

regulators of multi-protein biological processes (Ma et al., 2013; Du et al., 2015). The top 1000 

interacting genes from all networks were analyzed in more detail, as these were potential “hub” 

genes that may regulate other expression patterns and processes. PA and SA shared 95% of the 

top 1000 interacting genes, while MS had 835 unique genes (Figure 2.7A). 148 genes were 

shared among all three networks (Supplementary file 3), making these genes strong candidate for 

central biological regulators. The annotation of these genes suggests their participation in a range 

of basic cellular process (Figure 2.7C), including gene expression, DNA replication, translation 

and gene silencing (Supplementary file 3); the top interacting genes were not limited to a subset 

of cellular biochemistry. Ribosomal proteins were the largest component of top interacting genes 

(27/148), which was expected because of their cellular abundance and involvement with 

translation. Interestingly, nine epigenetic regulators were found in the 148 shared genes, 

including AGO104 (GRMZM2G141818) (Singh et al., 2011), CHR106 (GRMZM2G071025) (Li 

et al., 2014b) and LBL1 (GRMZM2G020187) (Dotto et al., 2014), demonstrating the importance 

of epigenetic regulation for plant development (Huang et al., 2017a). 

To reveal the underlying properties of GCNs, a graph clustering algorithm, Markov 

Cluster Algorithm(MCL) was used to identify network modules (Enright et al., 2002; Morris et 

al., 2011). The result showed a shared pattern between the PA and SA networks that was distinct 

from the MS network (Table A.2). The MS network had fewer but larger modules detected than 

the PA and SA networks. Consequently, most genes in the MS network clustered into one very 

large module of 14054, consistent with the high network centralization value for the MS 

network. Conversely, PA and SA networks separated into smaller, distinct modules with related 

gene ontology enrichment (Supplementary file 4 and 5). The pattern displayed by the PA and SA 

networks (Figure A.10) seems more likely to represent biologically relevant pathways, and so 

these methods appear to be better for module detection. 

To compile a high-confident co-expression network, the top 1 million edges from PA, 

SA, and MS were merged together and the intersection of the three produced a 14277 gene, 

106591 interactions, merged network. PA and SA shared 83.5% of common interactions within 

the networks while MS had 87.3% unique interactions (Figure 2.7B). This merged network 

(Supplementary file 10) was used for a case study analysis of cell wall biosynthesis. The same 

network can also be accessed at http://www.bio.fsu.edu/mcginnislab/mcn/main_page.php. 

http://www.bio.fsu.edu/mcginnislab/mcn/main_page.php
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2.3.9 Case study: cell wall biosynthesis and regulation 

To demonstrate the functionality of network, the predicted cell wall biosynthesis pathway 

from the merged network was compared to the existing knowledge of this pathway. Sixteen well-

characterized components of cell wall biosynthesis were selected as guide genes (Table A.3), 

including five cellulose synthase genes, seven cellulose synthase-like genes, three glycosyl 

hydrolase genes and one glycosidase gene (Penning et al., 2009; Bosch et al., 2011). 

Collectively, 214 genes containing 377 edges were extracted from the network with the 16 guide 

genes (Figure 2.8A); two guide genes did not have any co-expressed genes in the network that 

met the analysis criteria. As expected for these 214 genes, cell wall related GO terms were 

enriched (Figure 2.7D; Supplementary file 6).  

The resulting 214 co-expressed genes were queried against the Arabidopsis TAIR 10 

protein database to retrieve homologs and their annotations using BLASTP. The literature was 

manually searched using the maize genes and their Arabidopsis homologs as queries 

(Supplementary file 7). The results of the literature survey showed that 31.3% (67/214) of the 

genes co-expressed with the guide genes had peer-reviewed publications indicating a role in cell 

wall synthesis or related pathways in plants. A search using 214 randomly selected genes as 

queries returned only 3.27% genes (7/214) that were involved in cell wall related pathways. This 

suggests that the network discriminated co-expressed genes and identified some known 

components of the pathway. Lignin biosynthesis genes are expected to function in cell wall 

biosynthesis to provide rigidity and strength in the secondary cell wall (Vanholme et al., 2010). 

Interestingly, even though no lignin biosynthesis genes were included in our queries, six lignin 

biosynthesis genes (PAL1, C4H, 4CL2, HCT, CCoAOMT1 and PDR1) (reviewed by (Zhong and 

Ye, 2015)) were found to be co-expressed with the guide genes. At least nine cellulose 

biosynthesis and assembly genes were discovered, including CESA1, FLA11, IRX9, IRX14 and 

IRX10 (reviewed by (Zhong and Ye, 2015)). Moreover, proteins participating in a well-studied 

physical interaction, CSI1 (Cellulose Synthase Interactive 1), CESA6 (Cellulose Synthase 6) and 

CESA3 (Cellulose Synthase 3) (Desprez et al., 2007; Gu et al., 2010), were also predicted to be 

expressed in the network. There were 131 genes without reported functions in cell wall 

pathways, an indication that GCN analysis can be used to predict undiscovered components of 

biological pathways in maize. 
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The cell wall biosynthesis pathway results were also compared with the CORNET Co-

expression database (De Bodt et al., 2012) and STRING functional protein association network 

(Szklarczyk et al., 2015) using the same 16 genes and similar parameters (See Methods). From 

CORNET, 10 out of 16 genes had co-expressed genes (Figure 2.8B). In total, 210 genes and 325 

interactions were retrieved using CORNET, of which 19% (40/210) had publications supporting 

their function in cell wall pathways (Supplementary file 8). STRING performed very well, with 

14 out of 16 genes demonstrating predicted protein association (Figure 2.8C), resulting in 817 

interactions with 76 genes. 48% (36/75) of co-expressed genes were experimentally confirmed 

(Supplementary file 9), the highest percentage among the three methods. Only one of the lignin 

biosynthesis genes (PAL1) was found using CORNET and none were found using STRING. 

Although STRING appears very robust for predicting protein-protein interactions, this suggests 

that an optimized GCN analysis have more power to find genes that function together without 

physically interacting. This case study shows that a robust, optimized GCN can discover physical 

and functional interactions and enhance study of biological relevant interactions. A tutorial was 

provided as supplemental material on how to use Cytoscape to visualize any co-expressed genes 

in our network (Supplementary file 11). 

 

2.4 Discussion 

 

As the per-read cost of RNA-Seq technology decreases, the use of this technology is 

quickly increasing. With over five thousand libraries available for maize, there is now ample data 

to support GCN analysis. This comprehensive evaluation of normalization methods and network 

inference methods using real maize RNA-Seq data will provide a useful set of optimized 

parameters to support these analyses.  

In our analysis, VST, CPM, and RPKM normalization methods had equivalent outcomes 

for GCN analysis, consistent with prior results using much smaller datasets (Giorgi et al., 2013). 

Several benchmark studies focusing on differential expression (DE) analysis proposed that 

RPKM performed poorly and should be avoided (Dillies et al., 2013; Maza et al., 2013; Zyprych-

Walczak et al., 2015). This was not observed for the maize GCN testing. It is possible that the 

large number of samples from various labs, created enough heterogeneity within samples that 

normalization effects were minimized (Paulson et al., 2016). Furthermore, the normalization is 
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on a library basis, which means genes within the same library are normalized by similar factors. 

So, when the network is constructed by PCC and BIC where expression vectors are centered by 

mean or median values, the effect of different normalization methods are probably small. Two 

rank correlations, SCC and KCC, only consider difference on relative rankings where 

normalization has a limited effect. It is similar for GCC method. The estimation of mutual 

information is based on the k-nearest neighbor method implemented in parmigene (Sales and 

Romualdi, 2011). Since the three normalization methods shared similar expression distribution 

(Figure A.2), MI estimations from different normalizations are expected to be similar.  

When assessing inference methods, the simple and widely used correlation methods, like 

PCC and SCC, are less time-consuming than MI methods. This analysis showed PCC/SCC- built 

GCNs had better overall performance. This is consistent with a study in human GCN analysis 

(Ballouz et al., 2015) but SCC did not score higher than other correlation methods using GO and 

PPPTY evaluations. Some genes had higher performance using MI methods, but this effect was 

limited to evaluation with the PPPTY data. This may indicate that correlation and MI inference 

methods assert different kinds of interactions (Meyer et al., 2008; Marbach et al., 2012; Song et 

al., 2012a). Marbach et al (2012) stated that integration of multiple inference methods showed a 

more robust performance than any single inference methods in in silico and E. coli expression 

networks, referring to “the wisdom of crowd”. However, for analysis of the available maize data, 

integration of PCC, SCC, MRNET and CLR together did not result in a network that 

outperformed PCC and SCC networks (data not shown). This approach was also less effective in 

more complex S. cerevisiae datasets than prokaryotic networks (Marbach et al., 2012), 

suggesting that more work is required to determine whether integrating algorithms can improve 

GCNs with eukaryotic data.  

In conclusion, we extensively evaluated normalization methods and inference methods 

for building an RNA-Seq based maize GCN. This optimization may apply to a range of datasets 

with shared characteristics of maize, including a large and heterogeneous genome, with rich and 

diverse transposon element composition and limited gene annotation.  
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Figure 2.1. Number of maize microarray and RNA-Seq samples submitted to NCBI. A, A 

text search of the National Center for Biotechnology Information (NCBI) Gene Expression 

Omnibus (GEO) database identified samples generated by microarray platforms GPL4032 and 

GPL12620, the total values for years 2008 to 2016 were combined to represent the number of 

microarray studies (Microarray). A text search of the NCBI Sequence Read Archive (SRA) 

database was used to identify RNA-seq samples generated between 2008 and 2016 using the 

Illumina sequencing platform (RNA-Seq). B, the number of samples submitted to NCBI GEO 

database each year generated by microarray platform GPL4032 and GPL12620 were identified 

by a text search (dash line) and compared to the number of RNA-Seq Illumina samples (solid 

line) per year 2008-2016. 
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Figure 2.2. Normalization and network inference methods effect on single network 

performance. A, Network performance was evaluated by calculating area under the receiver 

operating characteristic curve (AUROC) values from GO datasets for comparisons with samples 

normalized using Variance Stabilizing Transformation (VST), Counts Per Million (CPM) or 

Reads per Kilobase per Million (RPKM) methods. B, Network performance was evaluated by 

calculating AUROC values from PPPTY dataset comparisons for samples normalized using 

VST, CPM or RPKM methods. C, Network performance was evaluated by calculating AUROC 

values from comparisons with HDA101 binding targets for samples normalized using VST, 

CPM or RPKM methods. D, Network performance was evaluated by calculating AUROC values 

from comparisons with GO dataset for samples constructed using ten inference methods, 

including Pearson Correlation Coefficient (PCC), Spearman correlation coefficient (SCC), 

Kendall rank Correlation Coefficient (KCC), Gini correlation coefficient (GCC), Biweight 

midcorrelation (BIC), Cosine Similarity Coefficient (CSC), Additive ARCNE (AA), 

multiplicative ARCNE (MA), Minimum Redundancy NETwork (MRNET) and Context 

Likelihood of Relatedness (CLR). E, Network performance was evaluated by calculating 

AUROC values from comparisons with PPPTY for samples constructed using ten inference  
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Figure 2.2 - continued 

methods. F, Network performance was evaluated by calculating AUROC values from 

comparisons with HDA101 binding targets for samples constructed using ten inference methods. 

Outliers were defined as outside of 1.5 times the interquartile range above 75% quantile or below 

25% quantile. Median values were plotted as bold horizontal lines. For C to F, the horizontal 

dashed lines indicate the highest and lowest AUROC values. 
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Figure 2.3. Similarity between ten inference methods on network performance. A, Result 

based on GO evaluation. B, Result based on PPPTY evaluation. Genes with highest AUROC 

value in CSC or MRNET/CLR are closed in blue and green box respectively. Area under the 

ROC curve (AUROC) values for each GO term or genes were scaled to standard normal 

distribution, resulting in scaled AUROC values between -3 (blue) and 3 (red). Samples 

normalized by VST, CPM and RPKM were analyzed using each inference methods (PCC, SCC, 

KCC, GCC, BIC, CSC, AA, MA, MRNET and CLR) and clustered based on Euclidian distance. 

PCC: Pearson Correlation Coefficient; SCC: Spearman correlation coefficient; KCC: Kendall 

rank Correlation Coefficient; GCC: Gini correlation coefficient; BIC: Biweight midcorrelation; 

CSC: Cosine Similarity Coefficient; AA: Additive ARCNE; MA: multiplicative ARCNE; 

MRNET: Minimum Redundancy NETwork; CLR: Context Likelihood of Relatedness. 
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Figure 2.4. Effect of sample size on network performance. A, Average area under the ROC 

curve (average AUROC) values from GO evaluation of 17 different sized networks plotted 

against natural logarithm transformed sample size (log(sample size)). B, Average AUROC 

values from PPPTY evaluation of 17 different sized networks plotted against natural logarithm 

transformed sample size (log(sample size)). Regression fitting logarithm models were plotted in 

black lines. R-square and p-values were calculated by lm() function in R. PCC: Pearson 

Correlation Coefficient; SCC: Spearman correlation coefficient; MRNET: Minimum 

Redundancy NETwork; CLR: Context Likelihood of Relatedness. 
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Figure 2.5. Evaluation of different sized networks constructed with different number of 

samples. A, Average AUROC values from GO evaluations of networks constructed using 12 

(S12) to 1266 (S1266) libraries were plotted against sample size. Seventeen individual networks 

were labeled as S12_1 to S404, the S1266 included all samples from 17 experiments. B, Average 

AUROC values from PPPTY evaluations of networks constructed using 12 (S12) to 1266 

(S1266) libraries were plotted against sample size. Networks with the same number of samples 

included are designated as “_1”, “_2” and “_3”. PCC (black): Pearson Correlation Coefficient; 

SCC (green): Spearman correlation coefficient; MRNET (red): Minimum Redundancy 

NETwork; CLR (blue): Context Likelihood of Relatedness. 
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Figure 2.6. GCN performance comparison of networks constructed with 1266 libraries. A, 

Area under the ROC curve (AUROC) values from GO evaluation of single network (white bars), 

aggregation network (grey bars) and protein network (dark grey bars) were compared for 

network constructed using PCC(p.), SCC(s.), MRNET(m.) or CLR(c.) Bold horizontal lines 

indicate median. Asterisks indicate mean and grey dots indicate outliers. B, AUROC values from 

PPPTY evaluation of single network (white bars), aggregation network (grey bars) and protein 

network (dark grey bars) were compared for network constructed using PCC(p.), SCC(s.), 

MRNET(m.) or CLR(c.) Bold horizontal lines indicate median. Asterisks indicate mean and grey 

dots indicate outliers. 
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Figure 2.7. Comparison of top 1000 interacting genes in aggregation and single networks. 

A, Venn diagram shows the overlap among 1000 highest interacting genes in three networks. 148 

genes were shared among three networks. PA: PCC ranked aggregation network; SA: SCC 

ranked aggregation network; MS: MRNET single network. B, Venn diagram shows the overlap 

among top 1x106 edges in three networks. 106591 edges were shared among three networks. C, 

GO term enrichment analyzed by AgriGO for 148 shared highly interacting genes among PA, 

SA and MS. D, GO term enrichment analyzed by AgriGO for 214 co-expressed genes, queried 

by 16 cell wall pathway genes. 
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Figure 2.8. Cell wall pathway subnetworks. A, Intersections of PCC aggregation (PA), SCC 

aggregation (SA) and MRNET-single (MS) networks, queried by 16 cell wall pathway genes 

(red nodes). Cyan nodes are genes with reported function in cell wall related pathways in plant. 

Dark grey nodes are genes without prior knowledge of involvement in cell wall related 

pathways. Grey lines indicate network predicted interactions. B, Network retrieved from 

CORNET database, queried by the16 cell wall pathway genes (red node). Cyan nodes are genes 

with reported function in cell wall related pathways in plant. Dark grey nodes are genes without 

prior knowledge of involvement in cell wall related pathways. Grey lines indicate network 

predicted interactions. C, Network retrieved from STRING database, queried by 16 cell wall 

pathway genes (red nodes). Cyan nodes are genes with reported function in cell wall related 

pathways in plant. Dark grey nodes are genes without prior knowledge of involvement in cell 

wall related pathways. Grey lines indicate network predicted interactions. 
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CHAPTER 3 

 

CHARACTERZING AND MAPPING OF  

TRANSGENE REACTIVATED 9-1 

 

 
3.1 Introduction 

 

Maize (Zea mays) is the most produced grain in the world. In 2013, the global maize 

production was at 1,018,222,958.31 metric tons, 28% higher than the second leading grain, rice 

(FAO: http://faostat3.fao.org). The United States is the largest maize producer in the world, 

producing 34.7% of world’s production in 2013. Maize is widely used for food, livestock 

feeding, ethanol fuel, high-fructose corn syrup and in sweeteners production. Of all the maize 

planted in the U.S. in 2015, over 90% were genetically engineered by inserting specific genes 

(USDA: http://www.ers.usda.gov). However, these transgenes could be silenced by various 

mechanisms, including transcriptional gene silencing (TGS).  

Transcriptional gene regulation can be mediated in genetic or epigenetic ways (Jaenisch 

and Bird, 2003). Genetic mechanisms of regulation are usually defined by DNA sequences, such 

as promoters and transcription factor binding sites. Epigenetic regulation is not dependent upon 

DNA sequences, but involves DNA methylation, histone modification, nucleosome positioning, 

and other types of information. One example of transcriptional gene regulation is TGS of 

transgene loci (Vaucheret and Fagard, 2001). TGS is usually related to DNA hyper-methylation 

and repressive histone modifications, which is part of epigenetic gene regulation.  

In addition to transgenes, the epigenetic regulation also plays an important role in 

keeping transposable elements (TEs) silenced. These elements compose more than 70% of the 

maize genome (Jiao et al., 2017). In plants, the silencing of TEs is mediated by small RNAs 

(sRNAs) in a pathway called RNA-directed DNA methylation (RdDM) (Matzke and Mosher, 

2014; Wendte and Pikaard, 2016). It involves two plant-specific RNA polymerases: Polymerase 

IV (Pol IV) and Polymerase V (Pol V). In maize, at the first stage, Pol IV transcribes single-

stranded RNA (ssRNA) preferably at TE regions. The ssRNA is copied to double-stranded RNA 

(dsRNA) by MEDIATOR OF PARAMUTATION1 (MOP1), coupling with REQUIRED TO 

MAINTAIN REPRESSION1 (RMR1), and sliced into 24nt sRNAs by maize DICER-LIKE3A. 

At the second stage, the 24nt sRNAs interact with ARGONAUTE 121 (AGO121) and pair with 
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Pol V transcripts. The DNA methyltransferase, ZMET3/7, is recruited to the paired location and 

catalyzes DNA de novo methylation. In Arabidopsis thaliana, histone modifications and 

chromatin remodelers are also involved in the RdDM pathway. However, in maize, little 

information is known. So far, only a few of the RdDM components in maize have been cloned 

(Table 3.1). 

Loss of RdDM genes in maize may have pleiotropic effects. For example, loss of MOP1 

shows delayed flowering, spindly/barren stalks, and sometimes feminized tassels (Dorweiler et 

al., 2000). Nonetheless, the mutant of its homolog in Arabidopsis thaliana has no visible 

phenotypes (Xie et al., 2004). Moreover, there is evidence indicating maize has at least two 

subtypes of Pol IV and three subtypes of Pol V (Haag et al., 2014). Transgene-induced 

endogenous a1 silencing requires MOP2, but MOP2 is not required by endogenous b1 transgene 

silencing (Sloan et al., 2014). In maize, loss of 24nt siRNA causes differential expression of a 

large number of genes and reactivation of some categories of transposons (Woodhouse et al., 

2006a; Hale et al., 2009; Jia et al., 2009). These results imply RdDM pathway plays a critical 

role in plants with large genome size, like maize. Therefore, discovering more components in the 

maize RdDM pathway can help us understand how maize keeps transgenes and the large amount 

of TEs silenced in the genome. 

Transgenic plants with the silenced insertion of foreign marker genes have proven to be a 

good model to study TGS and RdDM (McGinnis et al., 2006; Sloan et al., 2014). Our lab’s 

previous work used the b1 transgene (BTG) system as a marker gene to visualize transgene 

expression, allowing us to find molecular evidence of trans-acting factors required for epigenetic 

silencing. BTG is composed of the 35S CaMV promoter, maize alcohol dehydrogenase 1 (adh1) 

intron, and the genomic region of the b1 gene. With the expression of this transgene, plants show 

a dark purple phenotype. Among these, a stably silenced BTG line was found by its green 

phenotype, indicating transcriptional silencing of the BTG transgene. This line was named BTG-

silent (BTG-s; McGinnis et al., 2006). In order to find more components involved in TGS, 

Madzima et al. applied ethyl methanesulfonate (EMS) mutagenesis to b/b pollen, then crossed 

this pollen with BTG-s lines. As a result, 10 recessive mutants were identified (Madzima et al., 

2011) and were designated as transgene reactivated (tgr) mutants. 

In this project, we applied multiple approaches to map the tgr9-1 mutation to the maize 

genome. The B-A translocation data located tgr9-1 on the long arm of chromosome 3. Bulk-
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Segregant RNA-Sequencing (BSR-Seq) was used to map the tgr9-1 mutation to a 9 MB interval. 

One candidate gene, dicer-like 3a (Zmdcl3a), was selected based on a gene coexpression 

network analysis. The possible EMS mutation was identified from RNA-Seq data and confirmed 

by genotyping 286 plants in tgr9-1 segregation families. We also found that the tgr9-1 mutants 

lost all three types of DNA methylation at the BTG promoter region. The total amount of 24nt 

sRNAs were also highly reduced in tgr9-1 mutants, similar to other maize RdDM pathway 

genes. The motif analysis suggested that the tgr9-1 mutation may interfere with the Ribonuclease 

III domains in Zmdcl3a. The reactivated BTG was silenced after being introduced to the 

wildtype Tgr9-1 allele. Our work cloned a new RdDM pathway gene that could provide insights 

into sRNA biosynthesis as well as the RdDM pathway in maize. 

 

3.2 Materials and methods 

 
3.2.1 Plant materials 

Maize (Zea mays) tgr1, tgr4, tgr6, and tgr9-1 seeds were obtained from an EMS 

mutagenesis screening for the reactivation of the b1 transgene (BTG) (Madzima et al., 2011). 

Maize mop1 seeds were obtained from our lab stock. B-A translocation lines were ordered from 

the Maize Genetics Cooperation Stock Center. Seeds were planted in either Ponce, Puerto Rico 

or Tallahassee, Florida. Plants were scored on the presence of purple pigmentation between 30 to 

50 days after sowing (DAS). Plants with dark pigment in most above ground tissues were 

recorded as dark purple, plants with light pigment were recorded as intermediate purple, and 

plants without obvious purple pigment were recorded as green. The length between node 8 and 

node 9 was measured in the Florida field 90 DAS. 

 

3.2.2 Bisulfate sequencing analysis of BTG promoter DNA methylation 

Adult leaves from tgr9-1 mutant plants were collected from the Florida field, flash froze 

in liquid nitrogen, and stored at -80 °C until use. Genomic DNA was isolated from a modified 

CTAB protocol as reported previously (Sloan et al., 2014). Three BTG-silent and 3 BTG-active 

plants were used from a tgr9-1 segregated family. For each sample, 400 ng of genomic DNA was 

bisulfate converted using the EZ DNA Methylation Kit (D5001, Zymo) following the 

manufacturer’s instructions. The 35S CaMV promoter region was amplified using primers KM64 
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and KM882 from bisulfite-converted samples. PCR products were cleaned using the Wizard© SV 

Gel and PCR Clean-up System (A9281, Promega). Then PCR products were cloned using the 

TOPO© TA Cloning Kit (K458001, ThermoFisher) according to the manufacturer’s instructions. 

Plasmid DNA was isolated using the E.Z.N.A© Plasmid Mini Kit (D6942-01, Omega). Positive 

plasmids were verified by M13F and M13R and sequenced with either the M13F or M13R 

primer at the FSU Department of Biological Science Molecular Cloning Facility. The sequencing 

results were analyzed by Kismeth (Gruntman et al., 2008) using the default parameters. 

 

3.2.3 Small RNA extraction 

Immature ears from tgr9-1 green and purple plants were collected in the Florida field. 

Small RNAs (sRNAs) were extracted from immature ear tissues using a modified TRI reagent 

method. First, the total RNA was extracted from 3 grams of immature ear tissue using TRI 

Reagent© (TB118, MRC) following the manufacturer’s protocol. The resulting RNA was 

dissolved in 3 ml of nuclease-free water. Second, 5 M sodium chloride (8014, BDH) was added 

to a final concentration of 0.5 M and 40% Polyethylene glycol MW 8000 (6510, OmniPur) to a 

final concentration of 5%. The product was incubated on ice for an hour to remove the high 

molecular weight RNA fraction. After a 10,000 x g 14 min spin at 4°C, the supernatant was used 

for an acid phenol:chloroform extraction (97064-710, VWR). Third, 3 M sodium acetate (7560, 

OmniPur) was added to a final concentration of 0.3 M. Two and a half times volume of pure 

ethanol (4455, Millipore) was added and incubated overnight at -20°C to precipitate the small 

molecular weight RNA. The precipitate was cleaned by 10 ml of 75% ethanol and dissolved in 2 

mL of nuclease-free water. sRNA was stored at -80°C until use.  

For each sample, 5 uL of sRNA was loaded on the Tris/Borate/EDTA (TBE) – Urea- 

Polyacrylamide Gel (PAGE) following a previously reported protocol (Rio et al., 2010). The gel 

was then stained by SYBR® Gold Nucleic Acid Gel Stain (S11494, ThermoFisher) for 20 min in 

the dark. 

 

3.2.4 IDP mapping and tgr9-1 genotyping 

Primer sequences for IDP markers were obtained from MAGI 

(http://magi.plantgenomics.iastate.edu). Primers used in this study are listed in Table B.4. 

Polymorphisms between B73 and b/b or BTG-silent were used. 
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tgr9-1 plants were genotyped based on the candidate point mutation on Zmdcl3a using 

the KM1363 and KM1364 primers. The PCR product was cleaned by E.Z.N.A® Cycle Pure Kit 

(D6493-01, Omega) and sequenced using the KM1363 primer. 

 

3.2.5 Bulk Segregant RNA-Seq (BSR-Seq) preparation 

Total RNA was extracted from 31 Tgr9-1 green plants (non-mutant) and 36 tgr9-1 purple 

(mutant) plants using TRI Reagent© following the manufacturer’s protocol (TB118, MRC), then 

treated with RQ1 RNase-Free DNase (M6101, Promega) to remove the DNA. The same amount 

of DNA-removed total RNA was pooled together to reach 4000 ng for both the non-mutant and 

mutant pools. mRNA was enriched using the NEBNext® Poly(A) mRNA Magnetic Isolation 

Module (E7490, NEB). Two sequencing libraries (non-mutant and mutant) were prepared using 

the NEBNext® Ultra™ Directional RNA Library Prep Kit for Illumina® (E7420S, NEB) 

according to the manufacturer’s protocol. Sample and library quality was assessed by a 

Bioanalyzer and KAPA qPCR. Prepared libraries were sequenced in one lane with the HiSeq 

2500 located at FSU. 

 

3.2.6 Bioinformatic analysis 

Fastq files from Tgr9 green (non-mutant) and trg9 purple (mutant) libraries were 

retrieved. Adapters were trimmed and low-quality sequences were discarded by Cutadapt 1.14 

(Martin, 2011). Sequences were aligned to the AGPv3.31 Genome using HISAT2 (Kim et al., 

2015). The subsequent linkage mapping was analyzed by RNAMapper (Miller et al., 2013). The 

SNPs were identified from the non-mutant pool and their frequencies were mapped in the mutant 

pool. The pipeline was downloaded from RNAmapper (http://www.rnamapper.org) and the 

default setting was used. The “RNAmappe.R” file was modified to be compatible with the maize 

genome. 

The gene raw counts for tgr9-1 sequencing libraries were calculated by FeatureCount 

v1.5.0 (Liao et al., 2014), then normalized by library sizes, and reported in Counts Per Million 

(CPM). The rmr6 GRO-Seq raw sequencing data were downloaded from NCBI SRA 

(SRP035475). Adapter-trimmed reads were aligned to the maize genome using Tophat2 and 

gene expression was calculated by Cufflinks (Trapnell et al., 2012). 
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3.2.7 Coexpression analysis 

To find coexpressed genes with MOP1, MOP2 ,and MOP3, these genes were queried 

against the Maize Gene Coexpression Network (Huang et al., 2017b).  The resulting list was 

visualized using Cytoscape (Shannon et al., 2003). 

 

3.2.8 Phylogeny analysis 

Protein sequences from dicer-like genes were downloaded from Ensembl Plant release 

31. The DCL protein naming followed a previous report (Qian et al., 2011). The phylogenetic 

tree was constructed using protein sequences from Arabidopsis, rice, and maize DCL proteins. 

The Neighbor-Joining method in MEGA6 software (Tamura et al., 2013) was used. The 

percentage of replicate trees in which the associated taxa clustered together in the bootstrap test 

(100 replicates) are shown next to the branches.  

ZmDCL3A domains were predicted by InterPro (Mitchell et al., 2014) using protein 

sequence from NCBI Zea mays annotation 100 (LOC100279204). Gene structure was plotted 

using GSDS2.0 (Hu et al., 2014). 

 

3.2.9 Real-Time quantitative Reverse Transcription PCR (Real-Time qRT-PCR) 

Total RNA was extracted from seedlings of tgr9-1 green and purple plants. Then treated 

with RQ1 RNase-Free DNase (M6101, Promega) to remove DNA. cDNA was synthesized by 

SuperScript™ III Reverse Transcriptase (18080093, ThermoFisher). Zmdcl3a was amplified 

using the KM1035 and KM1036 primers. Ubiquitin was amplified by the KM633 and KM634 

primers as the control. qRT-PCR was performed by the FSU Molecular Cloning Facility on the 

Applied Biosystems® 7500 Real-Time PCR System. 

 

3.2.10 Double-stranded RNA extraction 

Double-stranded RNA (dsRNA) was extracted using a published protocol (Balijja et al., 

2008). dsRNA was retained on the cellulose column using a 20% ethanol solution. All solutions 

were prepared with DEPC-treated water.  
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3.3 Results 

 
3.3.1 tgr9-1 mutants exhibit no obvious phenotype except the BTG transgene reactivation 

The transgene reactived9 (tgr9) was identified from an ethyl methanesulfonate (EMS) 

mutant screening (Madzima et al., 2011). The mutation at the tgr9 allele resulted in the 

reactivation of the b1 transgene (BTG). B1 is a bHLH transcription factor that is involved in the 

anthocyanin biosynthesis pathway. Because of the reactivation of the BTG, tgr9-1 mutants 

exhibit a dark purple phenotype on the whole plant (Figure 3.1). Thus, mutant plants can be 

easily identified by purple pigmentation. Some genotypes with disrupted gene silencing also 

exhibit developmental defects, therefore we measured the internode lengths between node 8 and 

9 (Figure 3.1C). There was no significant difference for internode length between the green and 

purple plants (p-value = 0.595, two-tail Student’s t-test). No other apparent phenotypes were 

observed except plant pigmentation. 

 

3.3.2 tgr9-1 mutation segregates as a recessive allele 

In the previous study, the tgr9-1 segregated family had significantly fewer mutant plants 

than expected from a recessive allele in two generations (Madzima et al., 2011). To verify this, 

we planted a tgr9-1 heterozygous (Tgr9-1/tgr9-1) segregated family in two locations (Florida 

and Puerto Rico). If tgr9-1 is a single, recessive allele, we would expect to observe a three to one 

ratio with green plants versus purple plants (Table B.1). To our surprise, 10 families that were 

grown in Puerto Rico fit our three to one ratio expectation with p-values higher than 0.05 

(Pearson’s chi-squared test). Four out of five families that were grown in Florida did not fit the 

expectation. The original screening was also done in the Florida field. The Florida field may 

have a limited nitrogen supply as indicated by the pale-yellow color on some plants that resulted 

in a lower germination rate. We think the difference may be due to the reduced viability of tgr9-

1/tgr9-1 homozygous mutants in a nutrition-limited environment, although we cannot rule out 

the possibility from temperature or moisture differences. In conclusion, the EMS mutation on 

tgr9 is a single, recessive allele showing reactivation of the silenced b1 transgene. 

To test whether BTG reactivation is heritable after introducing the Tgr9 wildtype allele to 

the mutants, homozygous tgr9-1 mutants were outcrossed with B73. Four individual crosses 

were conducted. All F1 offspring did not show reactivation of BTG (Table 3.2). Thus, the 

reactivated BTG is re-silenced after the outcrosses with the wildtype allele. 
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3.3.3 Maize tgr9-1 mutants lost DNA methylation at the b1 transgene promoter and a majority of 

the 24nt small RNAs 

Gene silencing sometimes associates with DNA methylation. The promoter of the 

silenced b1 transgene has high DNA cytosine methylation (McGinnis et al., 2006). Next, we 

examined the DNA methylation level in tgr9-1 mutants. A 355 bp region containing the 35S 

CaMV promoter and the adh1 intron was amplified from bisulfite-converted genomic DNA of 

tgr9-1 green and purple plants (Figure 3.2A). The adh1 intron was not methylated so it was used 

as a monitor for conversion rate. We found in Tgr9-1 green plants, the 35S CaMV promoter was 

highly methylated, while all three types of DNA methylation were largely reduced in tgr9-1 

purple plants (Figure 3.2B). CG methylation shows the highest reduction from 88.6% in green 

plants to 0.3% in purple plants (Figure 3.2C). Overall methylation dropped from 59.1% in green 

plants to 1.4% in purple plants. Therefore, it is likely that the tgr9-1 mutation caused the loss of 

DNA methylation and then resulted in the b1 transgene reactivation. 

Several maize genes have been shown to be required for transgene silencing, including 

mediator of paramutation1 (mop1), required to maintain repression1 and 2 (rmr1 and rmr2) 

(McGinnis et al., 2006). These genes are involved in the RNA-directed DNA methylation 

(RdDM) pathway and in that pathway DNA methylation is mediated by 24nt small RNAs 

(sRNAs). MOP1 (Nobuta et al., 2008), RMR1 (Hale et al., 2007) and RMR2 (Barbour et al., 

2012) are all required for 24nt sRNA accumulation. Since the loss of TGR9 caused loss of 

transgene silencing and DNA methylation, we asked the question, whether the accumulation of 

24nt sRNAs was impaired in tgr9-1 mutants. Small RNAs were extracted from ear tissue of 

green and purple plants. Then separated on a 15% Urea Polyacrylamide Gel (PAGE) and stained. 

We found that the 24nt sRNAs were largely reduced in tgr9-1 purple plants, while the 21-22nt 

sRNAs remained similar (Figure 3.2D). This indicated that the mutation at tgr9-1 impairs 24nt 

sRNA biosynthesis like mop1, rmr1, and rmr2. 

 

3.3.4 Initial mapping located tgr9-1 on the long arm of chromosome 3 

To map tgr9-1 on a chromosome, we first used the efficient B-A translocation method 

(Beckett, 1978). Maize B-A translocation lines carry a designated chromosome translocation 

between a normal A chromosome and a supernumerary B chromosome. During the second 
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division of the microspore, one sperm contains only a truncated A chromosome (hypoploid 

sperm), while the other sperm contains two supernumerary B chromosomes (hyperploid sperm). 

When crossing with a heterozygous recessive allele, about 40% of hypoploid sperm will fertilize 

the egg. Because the specific chromosome is truncated in the hypoploid sperm, if the egg has the 

recessive allele on the same chromosome, the mutant phenotype will emerge in the F1 

generation. In our case, if the purple plant phenotype resulted from the reactivation of BTG, then 

the mutant phenotype can be observed in the F1 generation. If the recessive allele is on a 

different chromosome, no mutant phenotype could be detected.  

We crossed Tgr9-1 green plants with 12 B-A translocation lines on 8 chromosomes. 

Since green plants could be heterozygous or wild-type, crosses from multiple plants were 

conducted. As a result, four F1 families from four B-A translocation lines exhibited the purple 

phenotype (Table B.2). The translocation position for the four lines is all located on the long arm 

of chromosome 3. Two families from Tb-3ld and Tb-3lj showed stronger reactivation with the 

dark purple phenotype. The other two families from Tb-3lh and Tb-3lm showed the intermediate 

purple phenotype. All other crosses between Tgr9-1 green plants and B-A translocation lines did 

not reactivate BTG expression. Therefore, we located tgr9 on to the long arm of chromosome 3. 

To further confirm the result, we used indel polymorphism (IDP) markers to map tgr9-1. 

IDP markers are genetic polymorphism markers that can be differentiated from gel 

electrophoresis between B73 and Mol17 (Fu et al., 2006). The tgr9-1 mutant was generated by 

crossing a BTG-silent plant with EMS-treated b/b genotype pollen, then outcrossed with B73 for 

one generation. The self-crossing segregated family was used as the F2 mapping population. 

Limited polymorphisms could be detected between tgr9-1 and B73. Using the F2 mapping 

population, we linked four IDP makers on to chromosome 3 with tgr9-1 (Table B.3). Even 

though IDP 506 on the chromosome 3 long arm had the highest linkage with the tgr9-1 mutation, 

to our surprise, the other three makers were located on the short arm of chromosome 3. Madzima 

et al. (data unpublished) found BTG was inserted into the repetitive LTR sequences of the 

chromosome 3 short arms. Since BTG is also linked to the purple phenotype, therefore it is likely 

the other three markers linked to the BTG instead of the tgr9-1 mutation. In conclusion, 

preliminary mapping located the tgr9-1 mutation on to the chromosome 3 long arm. 
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3.3.5 Bulk segregant RNA-Seq analysis narrows tgr9-1 to the 9 MB window on the chromosome 3 

long arm 

To find the causative mutation of tgr9-1, we adopted the newly developed bulk segregant 

analysis followed by RNA sequencing (BSR-Seq). The transcriptome is much smaller than the 

whole genome, thus by sequencing the transcriptome from a mutant pool and a non-mutant pool 

provides a cheaper and deeper alternative to whole genome sequencing (WGS). This is 

especially helpful for organisms with large genomes where WGS may not be feasible due to 

price. We collected RNA samples from 31 Tgr9-1 green plants to be the non-mutant pool and 36 

tgr9-1 purple plants to be the mutant pool. Detailed steps are described in the Methods. After 

filtering out low-quality SNPs, 10,472 SNPs on chromosome 3 were retained in the mutant pool. 

By plotting the average SNP frequency in a window of 50 SNPs, a single peak was revealed 

between 160 MB to 169 MB on chromosome 3 (Figure 3.3). There are 282 genes within the 

predicted region. 

 

3.3.6 Maize dcl3a is a candidate gene for tgr9 

To find the tgr9 candidate gene, a network-based approach was conducted. We reasoned 

that mutations in tgr9, rmr1, mop1, mop2, and mop3 share many similarities, including 

reactivation of transgenes and the loss of 24nt small RNAs, therefore it’s highly likely these 

genes are involved in the same pathway. Based on this logic, we queried our maize co-

expression database (http://www.bio.fsu.edu/mcginnislab/mcn) to see what genes are co-

expressed with MOP1, MOP2, and MOP3. The coexpressed genes that are within the 9 MB 

region are tgr9 candidate genes. There are 39 genes co-expressed with either MOP1, MOP2, or 

MOP3 (Figure B.1). Only one gene (LOC100279204) is within the 9 MB region. 

LOC100279204 is annotated as dicer-like 104 in maize, it is homologous to Arabidopsis dicer-

like 3 (Atdcl3 – AT3G43920) and rice dicer-like 3a (Osdcl3a – Os01g0909200) (Figure 3.4). Not 

surprisingly, both Atdcl3 and OsDCL3a have been shown to be involved in small RNA 

biogenesis (Song et al., 2012b; Nagano et al., 2013) and the RdDM pathway (Wei et al., 2014; 

Blevins et al., 2015). To keep the nomenclature consistent, we re-named LOC100279204 as 

Zmdcl3a. 

A gene mutation sometimes leads to changes in expression level. We did a quantitative 

reverse transcription PCR (qRT-PCR) to measure the expression differences on Zmdcl3a 
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between the tgr9-1 mutant and non-mutant. Even though plants from three segregated families 

were examined, no significant differences could be detected from qRT-PCR (Figure B.2). We 

also calculated the Counts Per Million (CPM) value for Zmdcl3a from the pooled RNA-Seq 

samples. The expression of Zmdcl3a was 78.358 CPM in the non-mutant pool and 77.032 CPM 

in the mutant pool. Then, we manually checked the sequencing alignment files on Zmdcl3a from 

tgr9 green and purple libraries. A guanine to adenine transition was found at the first nucleotide 

of intron 20 in Zmdcl3a (Figure 3.5). The position is on chromosome 3 at, 164,415,528 bp. This 

SNP is not presented in maize HapMap2 (Ensembl Plant release 31). All reads at this position 

carry the adenine in the mutant library, which results in the retention of intron 20. Our hypothesis 

is that the transition at the first nucleotide of intron 20 interferes with the GU-AG rule of RNA 

splicing which gives rise to longer transcripts. The exons adjacent to intron 20 are part of the 

Ribonuclease III domain of ZmDCL3A (Figure 3.5B). The mutated protein at the Ribonuclease 

III domain may affect the cleavage function of ZmDCL3A. This explains the loss of 24nt sRNA 

in mutants and why we could not discover the differential expression of Zmdcl3a in tgr9-1 

mutants. We also crossed BTG with Zmdcl3b mutants, no BTG reactivation was observed (data 

not shown). 

To confirm the mutation is linked to tgr9-1, we genotyped 286 plants from 7 tgr9-1 

segregated families (Figure 3.5C). In summary, all 55 purple plants have the homozygous 

adenine SNP in Zmdcl3a. The 231 green plants consist of 60 homozygous plants and 171 

heterozygous plants with the guanine SNP in at the Zmdcl3a mutation. Thus, it is highly possible 

that the Zmdcl3a G to A mutation causes the tgr9-1 purple phenotype, although we can’t rule out 

the possibility that the mutation is tightly linked with tgr9-1. 

 

3.3.7 Differentially expressed (DE) genes in tgr9-1 had significant overlap with DE genes in mop1 

mutants 

BSR-Seq provides not only SNP data, but also gene expression changes. So, we can test 

how many DE genes are the same between tgr9-1 mutant and other RdDM mutants. If tgr9-1 is 

Zmdcl3a and involved in the RdDM pathway, it may share DE genes with other RdDM pathway 

mutants. We compared DE genes in tgr9-1 with other RdDM pathway mutants including rmr6 

(largest subunit of Pol IV), mop1 (homolog of rdr2) and tgr1 (another putative allele of Pol IV 

largest subunit). The mop1 DE genes were downloaded from a published paper (Madzima et al., 



57 

2014). For rmr6, raw reads were downloaded from NCBI SRA (Erhard et al., 2015). The tgr1 

RNA-sequencing was prepared in-house (Madzima et al., 2014). There are 349 up-regulated 

genes and 413 down-regulated genes in the mop1 expression data. To keep the number of DE 

genes similar, the top 400 up-regulated and down-regulated genes from the other three mutants’ 

(tgr1, tgr9-1, and rmr6) RNA-Seq data were selected.  

Two sets of 400 genes were randomly selected from the AGPv3 genes, the number of 

overlaps between the two sets were recorded. This process was permutated 1 million times to set 

up the baseline for the overlap from random gene sets. The maximum number of overlap from 1 

million permutations was 16, the 95% quantile was 7 and the 99% quantile was 9. Thus, gene 

sets with an overlap greater than 16 were considered significant. Among four mutant DE gene 

sets, mop1 and tgr9-1 up-regulated genes and down-regulated genes were the only two 

significant gene sets (with more than 16 overlap genes) (Figure 3.6). This indicates MOP1 and 

TGR9 may participant in the same pathway, which is consistent with the putative role of TGR9 

as DCL3A. At the same time, it also raises the question why no other mutants shared a 

significant number of DE genes as they are involved in the same pathway. We have some 

speculations in the discussion. 

 

3.3.8 tgr4 and tgr6 failed to complement the tgr9-1 phenotype 

From the initial screening of an EMS mutagenized population, another two transgene 

reactivation mutants, tgr4 and tgr6, were located on chromosome 3. To test whether tgr4, tgr6, 

and tgr9-1 are the same gene, we did complementation crosses that crossed purple mutants with 

green plants from another allele because green plants could be wildtype or heterozygous, so 

multiple crossings were conducted (Table 3.3). If tgr4, tgr6, and tgr9-1 failed to complement 

each other, we would expect a 1:1 ratio of purple plants versus green plants in the offspring. 

Among the five families exhibiting a dark purple phenotype, two families’ segregation ratios fit 

our expectation. It has been reported that Ribonuclease III proteins form a dimer structure to 

cleave dsRNAs (Lau et al., 2012; Fitzgerald et al., 2014). Therefore, it’s possible that different 

mutation alleles of Zmdcl3a can still form a functional heterodimer structure that rescues the 

purple plant phenotype., but the apparent purple phenotype indicates that tgr4, tgr6, and tgr9-1 

are located on the same gene. 
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3.3.9 No double-stranded RNAs could be detected by gel electrophoresis 

ZmDCL3A acts on double-stranded RNAs generated by Pol IV and RNA-dependent 

RNA polymerase II (RDR2). We asked whether dsRNAs were reduced in pol iv and rdr2 

mutants. In maize, TGR1 is the largest subunit of Pol IV and MOP1 is homologous to RDR2. 

We extracted dsRNAs from tgr1 and mop1 mutants, respectively. Cellulose column 

chromatography was used to enrich for dsRNA contents. The RNAs were treated with DNase I 

to degrade DNA, high-salt RNase A to degrade single-stranded RNAs (ssRNAs) only, or low-

salt RNase A to degrade all RNAs. We expected to observe total RNAs in the DNase I-treated 

samples; DNA and dsRNAs in the high-salt RNase A-treated samples; and DNA and no RNA in 

low-salt RNase A-treated samples. However, no RNAs could be detected from high-salt RNase-

treated samples (Figure B.3), however this method did extract high weight molecular (HWM) 

DNAs. 

 

3.4 Discussion 

 

In this project, we mapped the tgr9-1 mutation within a 9 MB region on the chromosome 

3 long arm. Both classic mapping techniques and newly developed high-throughput sequencing 

methods were applied. A strong candidate gene, Zmdcl3a, was identified. Genotyping results 

from 286 plants suggest a guanine to adenine mutation on the first base pair of Zmdcl3a intron 

20 is highly linked to the mutation, if not the mutation itself. The point mutation may cause a 

splicing variant because of breakage of the GU-AG splicing rule. We also found the total amount 

of 24nt sRNAs and DNA methylation at the BTG promoter region are highly reduced. Based on 

the phenotype that tgr9-1 mutation causes the reactivation of BTG, we think the mutated 

ZmDCL3A failed to process dsRNAs into 24nt sRNAs in tgr9-1 mutants. The lack of 24nt 

sRNAs, potentially sRNAs targeting the BTG promoter region, isn’t able to recruit ZmZMET3/7 

to the BTG promoter region. This may interfere with the de novo methylation at the BTG 

promoter. The loss of methylation may lead to the increased expression of the previously 

silenced BTG (Figure 3.7). 

We confirmed the tgr9-1 mutants shared some similar characteristics, such as BTG 

reactivation and loss of 24nt sRNAs, with some other cloned RdDM mutants in maize, but we 

didn’t observe any developmental defects in tgr9-1 mutants as is seen in mop1 mutants. Different 
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from mop1 and rmr2, the BTG is re-silenced in tgr9-1 mutants after introducing a wildtype 

allele. This result is similar with rmr1 and indicates that no heritable chromatin state in tgr9-1 

mutants is induced. A previous study found the retention of CHH methylation at rmr1 may 

contribute to the 100% re-silencing of BTG, but CHH methylation is also lost in tgr9-1 mutants. 

Therefore, it’s still not clear what factor causes the difference in heritability between RdDM 

mutants and whether the retention of CHH methylation at BTG promoter plays a role in the 

transgene re-silencing. A collaboration project with Dr. Nathan Springer’s lab found tgr9-1 

mutants had DNA methylation level changes in many regions in the maize genome (Li et al., 

2014b). Interestingly, they found the change of DNA methylation in tgr9-1 mutants showed a 

locus-specific pattern. This may be due to the functional redundancy of DCL genes in the plant 

(Blevins et al., 2015). Recently, the discovery of the Dicer-independent DNA methylation 

pathway may also contribute the tgr9-1’s specific methylation pattern (Yang et al., 2015; Ye et 

al., 2016). Different from Arabidopsis dcl3 mutants, which have no obvious phenotype observed, 

the rice dcl3a mutant showed reduced plant height at heading stage as well as increased bending 

angles of the lamina joint (Wei et al., 2014). We didn’t observe this phenotype from tgr9-1 

mutants in maize. Whether the lack of similar phenotypes in maize is because of a functional 

difference or interference from the accumulation of extra anthocyanin remains unclear.  

To map the tgr9-1 point mutation, we combined three different mapping methods. The 

mutation was located on chromosome 3 using B-A translocation lines in maize. The B-A 

translocation lines in maize have been used for more than 50 years (Beckett, 1978) and remains a 

powerful toolkit for maize researchers to efficiently map recessive mutations at the chromosome 

level. We did not find many IDPs between tgr9-1 and B73, possibly because of the genetic 

background similarity. Since IDP markers were initially discovered between B73 and Mol17, 

introgressing tgr9-1 mutation into Mol17 genotype may increase the IDP polymorphism and, 

therefore, increase the mapping resolution. Besides, we think the unexpected linkage on the 

chromosome 3 short arm is from the BTG transgene. If this is the case, then we would expect to 

see the same linkage on tgr4 and tgr6 mutant. Segregating BTG away by choosing colorless 

mutant seeds should be able to remove the chromosome 3 short arm linkage. Instead of using 

IDP as polymorphism markers, we also used Single Nucleotide Polymorphisms (SNPs). By 

sequencing the transcriptome (BSR-Seq) between the non-mutant and mutant pools, over 

135,000 SNPs were found. These SNPs allowed us to limit the mutation in to a 9 MB genomic 
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region on chromosome 3. The BSR-Seq has been applied to clone multiple mutants in maize (Liu 

et al., 2012; Li et al., 2013c; Su et al., 2016) as well as in zebrafish (Hill et al., 2013; Miller et al., 

2013). Furthermore, directly sequencing the genomic DNA from non-mutant and mutant samples 

is a more straightforward method (mapping-by-sequencing) (Schneeberger, 2014). In plants, 

mapping by whole genome sequencing (WGS) is still limited to organisms with small genomes 

such as Arabidopsis thaliana (Austin et al., 2011), rice (Abe et al., 2012) and tomato (Soyk et al., 

2017). As an alternative approach, mapping using exome-sequencing successfully identified 

many-noded dwarf (mnd) mutation in barley, which has a 5 GB genome size. Integrating both 

RNA-Seq based BSR-Seq and exome-sequencing in maize is a promising approach to facilitate 

forward genetic screening (Jia et al., 2016; Lu et al., 2017a). 

The lack of significant expression changes on Zmdcl3a makes tgr9-1 not likely to be a 

null mutation. The position of the candidate G to A transition indicating tgr9-1 is an alternative 

splicing variant. The Zmdcl3a has 43 transcripts based on the new maize version 4 transcriptome 

(Wang et al., 2016). Nonetheless, no splicing variants are discovered on the first domain of 

Ribonuclease III where tgr9-1 is. Other domains in ZmDCL3A, including a Helicase ATP-bd 

domain, Helicase C domain, Dicer dimerization domain, and PAZ domain, were predicted by 

InterPro (https://www.ebi.ac.uk/interpro/). We did a comparative genomics analysis on Zmdcl3a 

using Gramene (Tello-Ruiz et al., 2017). 465 homolog genes were identified. Of the five 

domains in ZmDCL3A, the Ribonuclease III domain was shared by most of the homologs 

(89.5%, 416/465), followed by the PAZ domain (51.6%), Helicase ATP-bd domain (50.3%), 

Helicase C domain (49.9%), and Dicer dimerization domain (48.4%). This suggests that the 

Ribonuclease III domain is highly conserved between species and may be critical for RNA 

cleavage. 

We found a significant overlap of DE genes between tgr9-1 and mop1, but not with other 

RdDM mutants. We think that the dsRNAs copied by MOP1 are the main substrates of 

ZmDCL3A, so we could discover the same DE genes in mop1 and tgr9-1. Sloan et al. found in 

maize, that MOP1 may interact with Pol II transcripts (Sloan et al., 2014), which explains the 

few DE genes that were overlapped between Pol IV mutants (tgr1 and rmr6) and other mutants 

(mop1 and tgr9-1). Even though tgr1 and rmr6 are two different alleles of Pol IV, only 4 up-

regulated and 6 down-regulated genes were shared between the two mutants. This could be 

because of tissue-specific regulations, since immature ears were used in the tgr1 experiment and 
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young shoot tissues were used in the rmr6 experiment. Furthermore, the rmr6 genome-wide 

expression analysis was done using Global run-on sequencing (GRO-Seq), which measures all 

newly generated transcripts (Erhard et al., 2015), where mature mRNA was measured in the tgr1 

experiment (Madzima et al., 2014). The inconsistency between newly generated transcripts and 

mature mRNA may result in the difference of DE genes between rmr6 and tgr1. Especially, we 

speculate these DE genes are the regulation outcome from non-coding RNAs. 

To confirm tgr9-1 is located on Zmdcl3a, two alleles (tgr4 and tgr6) were identified as 

potential Zmdcl3a mutations as they failed to complement the tgr9-1 phenotype. Future work 

needs to be done to find the point mutation of tgr4 and tgr6 on genomic DNA. We did not find 

any other mutation alleles from reverse genetics resources, including Illumina Mu (Williams-

Carrier et al., 2010), UniformMu (McCarty et al., 2005), Dissociation (Ds) tagging (Vollbrecht et 

al., 2010), and Ds-GFP tagging (Li et al., 2013d). A new publicly available maize EMS mutant 

database (Lu et al., 2017a) has several point mutation lines for Zmdcl3a that may be used for 

confirmation.  

When we outcrossed tgr9-1 mutants with wildtypes, no heritable reactivation could be 

detected in the Tgr9-1/tgr9-1 heterozygous plant, similar to rmr1. This phenomenon is distinct 

from mop1 and rmr2 (McGinnis et al., 2006), where BTG is still active even when the mutants 

have been segregated away. Even though these genes are involved in the same pathway, the 

difference in heritability suggests that the loss of MOP1 or RMR2, but not RMR1 or ZmDCL3A, 

alters some aspect of the maize epigenome. The transgenerational epigenetic inheritance can be 

advantageous for plants to adapt to the environment and drive them to evolve (Heard and 

Martienssen, 2014). In the future, it would be interesting to decipher why some changes would 

be heritable while others are not.  

DsRNAs were also attempted to be extracted from multiple maize mutants. However, no 

dsRNAs could be detected from any samples. Possible reasons could be the low amount of 

dsRNAs that failed to show up on the EB-stained gel or the cellulose-column did not enrich for 

dsRNAs. More likely, the focus was on the wrong size range for dsRNAs. Maize Pol IV-RDR2 

dsRNAs may be similar to Arabidopsis, as several recent findings showed that they are 30-50 bp 

short sRNAs (Blevins et al., 2015; Zhai et al., 2015). Thus, it would be interesting for the 

following work to extract sRNAs in maize and then enrich for dsRNAs. The location of dsRNAs 
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will shed light on where the RdDM pathway is functioning in maize (Gent et al., 2014; Li et al., 

2015c).  
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Figure 3.1. tgr9-1/tgr9-1 homozygous mutants’ phenotype. (A-B) Reactivation of the b1 

transgene (BTG) in tgr9/tgr9 homozygous mutants. The green plants are BTG-silent indicating a 

wild-type or heterozygous genotype at the tgr9 loci. The purple plants are BTG-active indicating 

tgr9-1 homozygous mutants. (A) 29 days after sowing. (B) 58 days after sowing. (C) Internode 

length between the green and purple tgr9 plants. No significant differences were observed 

between the tgr9 green and purple plants for the length of internode 9 (two-tail Student t-test, p-

value = 0.595). Five plants were measured for each phenotype. 
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Figure 3.2. Loss of DNA methylation and 24nt small RNAs in tgr9-1 mutants. (A) The 

structure of BTG. The thick line indicates the context used for bisulfite sequencing. (B) Dot plot 

summarizes three types of cytosine methylation; CG (red), CHG (blue), and CHH (green); in 

tgr9 green and purple plants. The Adh1 intron is labeled in the brace. Three green plants and 3 

purple plants were included in this analysis. (C) Three types of DNA methylation in the 35S 

promoter region were analyzed, excluding the Adh1 intron. (D) The loss of 24nt sRNAs in purple 

tgr9-1 plants was observed on a 15% TBE 8M Urea gel. microRNA marker (N2102S, NEB) was 

used as the ladder. 
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Figure 3.3. The average frequency of mutant SNP markers in tgr9-1. SNP ratios in every 50 

windows are plotted against (A) the maize genome and (B) chromosome 3. The predicted 9 MB 

tgr9-1 region was shaded in light red in (A) and in light grey in (B). 
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Figure 3.4. Phylogenetic tree of DICER-LIKE (DCL) proteins in Arabidopsis thaliana (At), 

rice (Os) and maize (Zm). Maize DCL genes were labeled in red. Protein sequences were 

retrieved from the Ensembl Plant release 31. Phylogenetic trees were inferred using the 

Neighbor-Joining Method implemented in MEGA6 (Tamura et al., 2013). The percentage of 

replicate trees in which the associated taxa clustered together in the bootstrap test (100 

replicates) are shown next to the branches. The analysis involved 17 amino acid sequences. All 

ambiguous positions were removed for each sequence pair. There was a total of 2,095 positions 

in the final dataset. 
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Figure 3.5. The EMS mutation on Zmdcl3a (LOC100279204). The position of the candidate 

mutation is indicated by grey dash lines. (A) The gene structure of the longest transcript of 

Zmdcl3a. The gene length is 10,553 bp. The 5’ and 3’ untranslated regions (UTRs) are labeled in 

blue and the 26 exons are labeled in yellow. (B) Six protein domains were predicted from the 

ZmDCL3a protein sequence by InterPro (https://www.ebi.ac.uk/interpro/). From left to right, are 

the Helicase N-terminal (IPR006935), Helicase C-terminal (IPR001650), Dicer dimerization 

domain (IPR005034), PAZ domain (IPR003100) and two Ribonuclease III domain (IPR000999). 

(C) A Sanger sequencing chromatogram for the candidate mutation on Zmdcl3a, of which 60 

wildtype (wt), 171 heterozygous (het), and 55 mutant (mut) plants were genotyped. 

  

https://www.ebi.ac.uk/interpro/
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Figure 3.6. Venn diagram showing the overlap of DE genes among four RdDM mutants. 

The DE (A) up-regulated genes in mutants and the DE (B) down-regulated genes in mutants. 

Mop1 is homologous to Arabidopsis rdr2; rmr6 is the largest subunit of RNA Polymerase IV 

(Pol IV); tgr9 is the putative ZmDCL3a, and tgr1 is another putative allele of Pol IV. 
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Figure 3.7. The RNA-dependent DNA Methylation (RdDM) pathway model in maize. 

MOP3/RMR6 and MOP2/RMR7 are the two largest subunits of RNA Polymerase IV (Pol IV), 

which transcribes a single-stranded RNA (ssRNA) molecule. This ssRNA is then copied into a 

double-stranded RNA (dsRNA) by MOP1. The ZmDCL3a cuts the dsRNAs into 24nt small 

RNAs. The siRNAs are incorporated into ZmAGO proteins and paired with complementary 

RNA Polymerase V (Pol V) transcripts. The DNA methyltransferase, ZMET3/7, is recruited to 

perform DNA de novo methylation. MOP2/RMR7 is also the second largest subunit of Pol V. 
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Table 3.1. Cloned RdDM pathway genes in maize. 

Short 

name MaizeGDB Gene ID 

Arabidopsis 

thaliana 

homologs Putative function 

References 

MOP1 GRMZM2G042443 RDR2 

RNA-dependent RNA 

polymerase 

(Dorweiler et al., 

2000) 

MOP2 / 

RMR7 GRMZM2G054225 NRPD/E2 

RNA polymerase 

subunit 

(Sidorenko et al., 

2009; Stonaker et 

al., 2009) 

MOP3 / 

RMR6 GRMZM2G007681 NRPD1 

RNA polymerase 

subunit 

(Erhard et al., 

2009b; Sloan et al., 

2014) 

RMR1 GRMZM2G154946 CLSY1 

SNF2 domain-

containing chromatin 

remodeler 

(Hale et al., 2007) 

RMR2 GRMZM2G009208 - Unknown 
(Barbour et al., 

2012) 

ZMET3 GRMZM2G092497 DRM2 

de novo 

Methyltransferase 

(Garcia-Aguilar et 

al., 2010) 

ZMET7 GRMZM2G137366 DRM2 

de novo 

Methyltransferase 

(Li et al., 2014b) 

 

 

Table 3.2. The result of tgr9-1 heritability crosses. 

Family 
Paternal 

Parent 

Maternal 

Parent 
Purple Green 

GH0413 tgr9/tgr9 B73 0 10 

PR1314_213 B73 tgr9/tgr9 0 16 

FL15_141 B73 tgr9/tgr9 0 16 

FL16_176 B73 tgr9/tgr9 0 25 

Purple homozygous tgr9 plants were crossed with B73. The plant color of the F1 generations 

was recorded. No F1 plants exhibited a purple phenotype. Plants were planted in either Puerto 

Rico (PR), Florida (FL), or at the greenhouse at FSU (GH). 

  



71 

Table 3.3. Complementation crosses results between tgr4, tgr6 and tgr9-1 plants. 

Family 

Paternal 

Parent 

Maternal 

Parent Dark_purple Int_purple Green p-value 

FL14_140 tgr9 Purple tgr4 Green 8 0 7 0.796 

FL14_141 tgr9 Purple tgr4 Green 25 0 21 0.555 

FL14_130 tgr9 Green tgr6 Purple 2 2 40 4.531E-09 

FL14_143 tgr9 Green tgr6 Purple 1 21 28 5.337E-07 

FL14_156 tgr4 Green tgr9 Purple 3 0 12 0.020 

Seeds were planted and scored in Florida 2014. The number of dark purple plants were recorded 

in the “Dark_purple” column, the number of intermediate purple plants were recorded in the 

“Int_purple” column, and the number of green plants were recorded in the “Green” column. The 

p-value was calculated from chi-square tests based on a dark purple:green ratio that is equal to a 

1:1 ratio expectation. 
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CHAPTER 4 

 

DISTINCT TISSUE-SPECIFIC TRANSCRIPTIONAL REGULATION 

REVEALED BY GENE REGULATORY NETWORKS IN MAIZE 

 

 
4.1 Introduction 

 

Regulation of gene expression is one of the most important and complex issues in 

biology. It is particularly interesting and intricate in eukaryotic species due to their large 

genomes and higher-order nuclear organization. Plant biologists pioneered genetic research in 

gene regulation, from Gregor Mendel to Barbara McClintock, and their work forms the 

foundation of the current understanding.  

Maize (Zea mays) has been a model organism for over a hundred years, and is also of 

substantial economic significance. The recent development of next-generation sequencing has 

greatly enhanced maize research by making it easier to investigate genome-wide expression 

changes. Such data can be used to construct gene regulatory networks (GRNs) that elucidate 

gene regulation interactions in a systematic way (Basso et al., 2005; Marbach et al., 2010). Even 

though all cells carry the same genetic code, cellular differentiation is likely guided by distinct 

GRNs. There has been limited research in maize to decipher tissue-specific GRNs (Li et al., 

2010; Zhan et al., 2015).  

Although there are many different types of genetic regulatory proteins, transcription 

factors are of particular interest because they represent a relatively straightforward regulatory 

interaction between a protein and the chromosome, likely leading to direct changes in 

transcriptional activity. One of the TF resources in maize is the Grass Regulatory Information 

Services (GRASSIUS) with 2587 annotated TFs in maize (Yilmaz et al., 2009), and 2034 TF 

open reading frame (ORF) cloned vectors (Burdo et al., 2014) to facilitate TF-target interaction 

analysis. In this study, we focused on the TFs from the GRASSIUS annotation and our GRN 

refers to the interactions between the GRASSIUS TFs and their regulated targets. Other types of 

regulation, such as protein-protein interaction and epigenetic regulation, are beyond the scope of 

this study but can be analyzed with variations on the approaches available through GRN analysis 

(Wang et al., 2011b; Zhu et al., 2016a). 
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To unravel TF regulatory interactions, in vivo methods using chromatin 

immunoprecipitation (ChIP) are the gold standard. Basically, ChIP experiments isolate TF-DNA 

complexes in vivo. Coupled with PCR (ChIP-qPCR), microarray (ChIP-chip) or sequencing 

(ChIP-Seq), this approach can determine the positions of TF binding and allow the prediction of 

high-confidence TF regulatory regions. However, in plants there are a relatively small number of 

published ChIP datasets, perhaps due to limitations with plant transformation, antibody 

efficiency, and other experimental difficulties. Even in a well-studied plant model like 

Arabidopsis thaliana, there are only 46 TFs with ChIP-chip/Seq data, collected from three main 

databases including JASPAR (Khan et al., 2017), CIS-BP (Weirauch et al., 2014) and CressInt 

(Chen et al., 2015). In maize, there is published ChIP-Seq data for only five TFs. As a 

comparison, the human ENCODE project generated ChIP-Seq data for 630 TFs (Consortium, 

2012).  

As an alternative or complementary approach, in vitro methods could be applied to 

construct large-scale GRNs. Several yeast-one hybrid (Y1H) systems have been established for 

Arabidopsis TF-DNA screening (Ou et al., 2011; Pruneda-Paz et al., 2014; Omranian et al., 

2016). In maize, the TFome project (Burdo et al., 2014) provides an invaluable resource of over 

2000 maize TF clones to facilitate high-throughput studies, including a recent Y1H screen that 

identified over a thousand TF-Target interactions in a maize phenolic metabolic pathway (Yang 

et al., 2017). Other potential data for GRNs can be generated with systematic evolution of 

ligands by exponential enrichment (SELEX) (Chai et al., 2011), protein binding microarrays 

(PBM) (Franco-Zorrilla et al., 2014) or DNA affinity purification sequencing (DAP-seq) 

(O’Malley et al., 2016). These methods can discover cis-elements for tens to hundreds of TFs 

that help decode complex transcriptional networks. DAP-Seq can also incorporate DNA 

methylation information which has been shown to impact TF-target binding in Arabidopsis 

(O’Malley et al., 2016) and human (Yin et al., 2017c). Most of these approaches have not yet 

been used in maize. PlantRegMap and some other tools (Higo et al., 1999; Chow et al., 2016; Jin 

et al., 2017) predict TF binding sites based upon the idea that homologous TFs in different 

related species might recognize the same motif or cis-regulatory element (CRE). These 

sequences are represented in Position Weighted Matrices (PWMs) that can be used to predict TF 

targets. This approach relies on high-quality PWMs generated from ChIP-Seq, PBM or DAP-Seq 

data. PlantRegMap collected 674 high-quality motifs which could project to only 229 of the 
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2587 TFs predicted for maize by GRASSIUS (Yilmaz et al., 2009). Another limitation of in vitro 

and homology-based methods is that regulatory interactions at tissue and cell-type levels cannot 

be detected or inferred from this data alone. 

An alternative approach to infer regulatory networks is through the use of statistical 

inference algorithms applied to gene expression data. One particularly effective algorithm is 

GENIE3 (Huynh-Thu et al., 2010), which was the highest scoring of inference algorithms that 

were compared based upon the Dialogue for Reverse Engineering Assessments and Methods 

(DREAM) challenge 4 and 5 (Marbach et al., 2012). This approach takes advantage of the large 

amount of publicly available genome-wide expression dataset. Using GENIE3, GRNs were 

constructed for a total of 2241 TFs in four different tissues (leaf, root, Shoot Apical Meristem 

and seed). By using network analysis, we discovered TF interactions that could be confirmed by 

ChIP-Seq datasets, which suggest that this approach was effective at predicting true interactions. 

GRNs in different tissues revealed tissue-specific TF regulatory interactions that could correlate 

with distinct biological function. We found the centrality of a TF didn’t correlate with its 

expression and each tissue employed distinct TFs as master regulators. A user-friendly web 

portal (http://www.bio.fsu.edu/mcginnislab/mgrn) was developed. All source codes are available 

at Github and can be easily applied to other organisms. 

 

4.2 Materials and methods 

 

4.2.1 RNA-Seq data collection and process 

The RNA-Seq libraries were processed as described previously (Huang et al., 2017b). In 

brief, RNA-Seq samples were downloaded from NCBI SRA (Leinonen et al., 2010) and 

converted to fastq format by fastq-dump command in SRA Toolkit 2.5.2. Adapters were trimmed 

by Cutadapt 1.8.1 (Martin, 2011). Then reads were aligned to maize genome AGPv3 (Ensembl 

Plant release 31) by HISAT2 v2.0.4 (Kim et al., 2015). Gene-level expression were measured by 

FeatureCounts 1.5.0 (Liao et al., 2014), then normalized by Trimmed Mean of M-values (TMM) 

(Robinson et al., 2010) and reported in log2 normalized Counts Per Million (CPM). In summary, 

394 (leaf), 176 (root), 406 (SAM) and 159 (seed) libraries were analyzed for each tissue. 
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4.2.2 Network construction 

To filter lowly expressed genes, genes with less than 1 CPM in more than 10% of 

libraries in each tissue were excluded. The GEne Network Inference with Ensemble of trees 

(GENIE3) algorithm (Huynh-Thu et al., 2010) was used to construct tissue-specific Gene 

Regulatory Networks (GRNs), more specifically, the version that implemented in R and C. 2587 

TFs in maize genome from GRASSIUS (Yilmaz et al., 2009) were specified as candidate 

regulators. 

 

4.2.3 ChIP-Seq identified targets and network evaluation 

For Knotted1 (KN1) and Fasciated ear4 (FEA4), the ChIP-Seq targets were downloaded 

from their original papers (Bolduc et al., 2012; Pautler et al., 2015). For Opaque2 (O2), the 

ChIP-Seq summit file was downloaded from Gene Expression Omnibus 

(http://www.ncbi.nlm.nih.gov/geo) under accession number GSE39161. To keep the criteria the 

same as KN1 and FEA4, genes within 10kb of peak summits were defined as ChIP-Seq 

identified targets. 

We used Area Under an ROC Curve (AUROC) and Area Under a Precision-Recall Curve 

(AUPR) to evaluate network quality. KN1, FEA4 and O2 ChIP-Seq identified targets were used 

as positive set. Values were calculated by PRROC package in R (Grau et al., 2015). To generate 

random networks, target genes were permuted 10,000 times and the correspondent AUROC and 

AUPR values were averaged. One-tail Fisher’s exact tests were calculated using fisher.test() 

function in R. The atlas mRNA and protein GRNs were downloaded from original paper (Walley 

et al., 2016). The list of KN1 targets predicted by PlantRegMap was downloaded from its 

website (http://plantregmap.cbi.pku.edu.cn). Venn diagrams were plotted by Venn 

(http://bioinformatics.psb.ugent.be/webtools/Venn/). UpSet graphs were plotted by Intervene 

(Khan and Mathelier, 2017). 

 

4.2.4 Gene ontology enrichment and homology analysis 

GO enrichment was analyzed by Gene Group Functional Profiling (GOST) tool from 

g:Profiler   (version Ensembl Genomes 31) (Reimand et al., 2016). P-values were calculated 

from Fisher’s one-tail test and corrected by Set Counts and Sizes (SCS) method for multiple 

http://www.ncbi.nlm.nih.gov/geo
http://plantregmap.cbi.pku.edu.cn/
http://bioinformatics.psb.ugent.be/webtools/Venn/
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testing. Only GO terms with P-values less than 0.05 were reported. Arabidopsis homologs were 

retrieved from BioMart (Ensembl Genomes 31). 

4.2.5 Module detection and characterization 

Network topological characterization for tissue GRNs (top 1 million edges) were 

computed by NetworkAnalyzer (Doncheva et al., 2012) in Cytocscape (Shannon et al., 2003). 

Modules were detected by Markov Cluster Algorithm (MCL) (Van Dongen, 2001) with inflation 

values set to 2.5. List of genes were read into R and analyzed by gProfileR (https://cran.r-

project.org/web/packages/gProfileR) package for GO enrichment. 

 

4.2.6 Website design 

The web database (http://redbux.cn) is built using MySQL and PHP. The maize gene 

description was retrieved from BioMart on Ensembl Plant release 31. Gene symbol is based on 

annotation on MaizeGDB. The Arabidopsis gene description was downloaded from TAIR10. 

BLASTP was done using local BLAST+ 2.2.28 (Camacho et al., 2009). The maize gene ID 

conversion was downloaded from Gramene (ftp://ftp.gramene.org/pub/gramene/release-

56/gff3/zea_mays/gene_id_mapping_v3_to_v4/). All data and source code is available at Github 

(https://github.com/timedreamer/maize_tissue-specific_GRN). 

 

4.3 Results 

 

4.3.1 Maize transcription factors show tissue-specific expression patterns 

Previously, we re-analyzed 1266 high-quality RNA-Seq libraries in various maize tissues 

and generated a gene coexpression network (Huang et al., 2017b). Tissues with more than 100 

libraries from that expression matrix were chosen to construct tissue-specific GRNs (Figure 

4.1A). There were four tissues included: leaf, root, shoot apical meristem (SAM) and seed 

(Supplementary file 12). In each tissue, genes having more than one counts per million (CPM) in 

more than 10% of tissue libraries were considered expressed in that tissue. We found 76.06% 

(30028/39479) of genes in maize were expressed in at least one tissue, and 54.34% 

(21453/39479) of genes were expressed in all four tissues (Figure 4.1B). These numbers are 

comparable with a previous study (Sekhon et al., 2011) that reported 91.4% of genes were 

expressed in at least one tissue and 44.5% were expressed in all tissues, although our analysis 

https://github.com/timedreamer/maize_tissue-specific_GRN
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used fewer tissues and an updated gene annotation (AGPv3). A small portion of genes exhibited 

tissue-specific expression (Figure 4.1B), and Gene ontology (GO) enrichment analyses were 

conducted for those genes (Supplementary file 13). We found leaf-specific genes were enriched 

for photosynthesis activity (p-value = 2.40E-06) and seed-specific genes were enriched in 

nutrient reservoir activity (p-value = 1.39E-37), including 20 zein genes. 

Next, we inspected the expression pattern of TFs among four tissues. Of all 2587 TFs 

annotated by GRASSIUS (Yilmaz et al., 2009) in maize AGPv3, 86.63% were expressed in at 

least one tissue and 54.46% (1409/2587) were expressed in all four tissues in our data (Figure 

4.1C). This suggests that a considerable number of TFs are present in multiple plant organs. 

10.90% (282/2587) of TFs were only expressed in one tissue (44 in leaf, 100 in root, 52 in SAM 

and 86 in seed), including some well-studied examples: Narrow Sheath1 (NS1) in leaf; Rootless 

concerning crown and seminal roots1 (RTCS1) in root; Teosinte Branched1 (TB1) in SAM; 

Viviparous1 (VP1) in seed (Table 4.1). Mutants of these TFs have been shown to exhibit 

phenotypes in relevant tissues. Even though some TFs were expressed in all four tissues, these 

1409 genes had distinct expression patterns (Figure 4.1D), which may contribute to tissue-

specific functions. Since TFs are pivotal gene expression regulators, their patterns may represent 

diverse and tissue-specific gene regulatory networks. 

 

4.3.2 Gene regulatory network construction for four tissues 

To construct tissue-specific GRNs, we used GEne Network Inference with Ensemble of 

trees (GENIE3) algorithm (Huynh-Thu et al., 2010), the best performer in the DREAM 4 and 5 

challenge that used a tree-based ensemble machine learning method to predict gene regulatory 

relationships (Marbach et al., 2012). The tissue-specific GRNs were inferred from each tissue’s 

expression matrix by setting the 2587 TFs as “candidate regulators”. This resulted in a predicted 

GRN for each of the 4 tissue types. 

First, we evaluated the quality of these four networks by using published TF ChIP-Seq 

data of DNA precipitated using antibodies that would interact with Knotted1 (KN1) (Bolduc et 

al., 2012), Fasciated Ear4 (FEA4) (Pautler et al., 2015) and Opaque endosperm2 (O2) (Li et al., 

2015a). These 3 proteins are known TFs with specialized function in SAM and ear development 

(KN1 and FEA4) or seed development (O2). FEA4 is expressed in all four tissues while KN1 is 

only expressed in SAM and seed, and O2 is only expressed in seed. The performance of the 
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GRNs were evaluated by TF ChIP-Seq data using area under the receiver operator characteristic 

curves (AUROC) and area under the precision-recall curves (AUPR). These are widely used 

summary statistics for binary classification problems, such that values higher than those obtained 

using random samples indicate that the classification algorithm has detected more patterns than 

expected for a random subset. From each ChIP-Seq dataset, genes with high-confidence peaks 

within 10kb regions were considered as positive targets for that transcription factor (see Methods 

for details). The expression patterns for KN1, FEA4 and O2 were consistent with the published 

gene expression atlas (Stelpflug et al., 2015) for these three TFs, and the summary statistics for 

all of our GRNs were all better than random samples except for O2 (Table 4.2). It has been 

shown that there is a very low overlap between O2-bound genes and genes that are misregulated 

in o2 mutants (Li et al., 2015a). Thus, it may be difficult for any algorithm that is purely based 

on expression data to infer regulatory interactions for O2. Aside from the O2 GRN, the AUROC 

and AUPR values suggested that our tissue-specific GRNs predicted regulatory interactions that 

were consistent with ChIP-Seq data. 

In the next set of analyses, for normalization purposes, the four GRNs were constrained 

to include only the top 1 million interactions (edges) calculated by GENIE3. This is a commonly 

used cutoff for networks (Walley et al., 2016) and allows us to compare networks between 

tissues with different total number of edges. For all remaining results, unless specifically 

indicated, otherwise the GRNs used for analysis are constrained in this manner. Edges of 

networks were treated as “directed” wherein TFs were modeled as regulators and all genes 

expressed in that tissue as targets. We compared the edge overlap among four tissues (Figure 

C.1). For pairwise comparison, leaf and SAM GRNs shared the most of edges with 7.12% 

(71190/100000) common between the two tissues, followed by seed and SAM 5.07% 

(50664/1000000). To our surprise, of four million edges total, about 80% of edges were unique 

to a tissue and only 0.268% (2679 /1000000) edges were shared between all four tissues. This 

result indicated that even though over 50% of TFs are expressed in four tissues, there are likely 

distinct regulatory targets in different specific tissues. We investigated the 2679 shared edges of 

four GRNs consisting of 353 TFs and 1657 target genes (Figure C.1 & Supplementary file 14). 

The GO analysis of target genes revealed multiple essential biological processes including cell 

cycle, DNA replication, cell division and chromosome organization (Supplementary file 15). 

Interestingly, there were 30 genes annotated as histone H3K9 methylation (p-value = 1.04E-21) 
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which suggested the importance of epigenetic regulation, and particularly heterochromatin 

formation and gene silencing (Grewal and Jia, 2007; Law and Jacobsen, 2010; Huang et al., 

2017a). These interactions may be necessary for plant growth. 

 

4.3.3 GRN analysis can be used to predict tissue-specific regulation by TFs 

After exploring the overall network quality, we further analyzed the tissue-specific 

interactions for KN1, FEA4 and O2. Consistent with their expression pattern, O2 only had 

predicted interactions in seed (Figure 4.3), KN1 only had predicted interactions in SAM and 

seed, while FEA4 had predicted interactions in all four tissues (Figure 4.2). For both KN1 and 

FEA4, SAM GRNs had over 500 predicted interactions. This is consistent with important 

regulatory roles for KN1 and FEA4 in SAM development, and such functions have been reported 

for these TFs (Bolduc et al., 2012; Pautler et al., 2015). For KN1 and FEA4 respectively, 91.23% 

(1644/1802) and 95.96% (832/867) interactions were predicted to be exclusive for one tissue 

(Figure 4.2 C, D). Interestingly, we found two unique GO terms, “shoot system development (p-

value: 1.31E-02)” and “nutrient reservoir activity (p-value: 6.31E-25)” from KN1 SAM targets 

and O2 seed targets respectively (Supplementary file 16) suggesting that the tissue-specific 

GRNs identified genes with relevant functionality.  

If GRN predictions were enriched for ChIP-Seq confirmed targets, that would suggest 

that GRNs could reliably identify putative targets for other TFs without ChIP-seq data. From the 

predicted targets of KN1, FEA4 and O2, we compared how many of them in each tissue were 

confirmed by ChIP-Seq data (Figure 4.3 & Supplementary file 17). One-tail Fisher’s exact tests 

were applied to test the significance of the overlap. Most of the predictions exhibited significant 

enrichment for ChIP-identified targets, except for FEA seed and O2 seed predictions (p-value 

>0.05; Figure 4.3). This might be because FEA4 has a limited function in seed. Although O2 

seed predicted targets were not enriched in O2-bound genes, our network predicted interactions 

for 7 of the top 10 most down-regulated genes in o2 mutants, including 6 zein genes which are 

well-characterized O2 targets (Li et al., 2015a).  

Another prediction method is to search gene promoter regions for TF-specific cis-

regulatory element (Sullivan et al., 2014; De Witte et al., 2015; Chow et al., 2016; Jin et al., 

2017). This method relies on high-quality Position Weight Matrices (PWM) that are only 

available for limited number of TFs in maize. We compared our predictions with the 
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PlantRegMap database (Jin et al., 2017) containing KN1, but data was not available for FEA4 

and O2.The PlantRegMap’s prediction were also significantly enriched (p-value < 2.2E-16) for 

KN1 ChIP-binding targets. 

Furthermore, we compared the percentage of overlap between GRN predicted targets and 

ChIP identified targets among various network sizes. Predictions for KN1, FEA4 and O2 that 

were within 10 million edges were included in the “large” network, only those predictions that 

were within the top 1 million edges were included in the “medium” networks, and only those 

predictions in the top 100,000 edges were included in the “small” networks. An increasing 

pattern of overlap percentage (Figure 4.4) was observed for most of TFs as more stringent 

networks, networks with fewer edges, were selected, except for FEA4 in root. In FEA4 root 

GRN, no overlap targets could be found (Supplementary file 17), but this is likely related to the 

small number of interactions (n =2). Moreover, we compared tissue GRNs with developmental 

atlas GRNs (Supplementary file 17) (Walley et al., 2016). The atlas GRNs were also created 

using GENIE3, but used different mRNA and protein expression datasets. 2200 TFs and 545 TFs 

were included in the mRNA and protein GRN respectively. KN1 and O2 were in both GRNs, but 

FEA4 only in the mRNA GRN (Figure C.2). We found our tissue-specific GRNs had comparable 

or better overlap percentage between predicted targets and ChIP-identified targets with the atlas 

GRNs (Figure C.2). The overlap percentage also increased when using small networks, except 

FEA4-mRNA GRN. In conclusion, these results demonstrated that tissue-specific GRNs can 

predict TF binding interactions in different tissues. 

 

4.3.4 GRN analysis can be used to identify central functionality of TFs in distinct tissues 

As we discovered from KN1 and FEA4, TFs may have varied numbers of interactions 

(degree centrality) in different tissues. We wondered whether this might be correlated with 

differences in TF gene expression. For example, TFs might have more interactions in the tissue 

in which the TF is the most highly expressed. To test this, we plotted the number of interactions 

for each TF against their expression level in each tissue (Figure 4.5 & Figure C.3). This analysis 

included 1406 TFs with at least one interaction in all four tissue GRNs. For all four tissues, the 

R-squared values were between 0.0012 and 0.124 (Figure 4.5 & Figure C.3) for linear regression 

models of the number of interactions against gene expression (measured by CPM or log2(CPM + 

1)). This suggested that there were no linear relationships between TF expression and degree 
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centrality, and that the difference in number of interactions was not likely to be caused by 

differential TF gene expression. Alternatively, differences in degree centrality may reveal 

distinct biological function or activity for TFs in different tissues. 

TF degree centrality varied widely for specific TFs between tissues (Figure 4.6A). We 

calculated the coefficient of variation (CV), a measure of relative variability, on degree centrality 

between the four tissues. To focus on TFs with large numbers of predicted interactions, a 

minimum difference in degree centrality of 500 was considered acceptable for further analysis 

(Supplementary file 18). We then analyzed the TFs with top 100 largest CVs and found 12 (leaf), 

28 (root), 28 (SAM) and 32 (seed) of them had the highest degree centrality in each tissue. TFs 

with large numbers of interactions in the leaf included genes that would be expected to regulate 

different aspects of leaf development based on homology to Arabidopsis, like SPL9/15 (Schwarz 

et al., 2008) and TCP2/24 (Li et al., 2012). For example, GRMZM2G126018 (homologous to 

SPL9/15) has 765 interactions in leaf, but no more than 80 in the other three tissues. We also 

found GRMZM2G171912 (HY5), GRMZM2G028438 (SCL8) and GRMZM2G146020 (VIP1) 

had much more interactions in root than other tissues (Supplementary file 18). Together, these 

indicated the TFs that appeared important based upon our analyses had other features that were 

suggestive of unique roles in each tissue. 

TFs with a degree centrality >2000 were defined as key TFs in each tissue, and there 

were relatively small numbers of these in each tissue (Figure 4.6 & Figure C.4). There were 110 

key TFs in leaf, 53 in root, 88 in SAM and 56 in seed (Supplementary file 19). A few well-

studied examples included Rough Sheath2 (RS2, GRMZM2G403620) in leaf, Homobox3 

(HOX3, GRMZM2G314546) in SAM and Prolamin-box binding factor1 (PBF1, 

GRMZM2G146283) in seed. An overlap visualization (Figure 4.6B) showed that 75.90% 

(233/307) key TFs were unique to one tissue. We also found 36 key TFs that were shared by at 

least two tissues (Supplementary file 20). In-depth mining using BioMart 

(http://plants.ensembl.org) revealed that the homologs of these 36 TFs were critical for 

development in Arabidopsis (Supplementary file 20). One example is BZIP113 

(GRMZM2G445575) which is homologous to TGACG motif-binding factor (TGA) family in 

Arabidopsis. It has been shown that TGA genes involved in flowering (Song et al., 2008), biotic 

stress (Després et al., 2003) and nitrogen signaling (Alvarez et al., 2014). These 36 TFs are 
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candidates for broad transcriptional regulators in maize. In short, our data suggests that each 

tissue may use unique TFs as key regulators that can be identified using network analysis. 

4.3.5 Topological and clustering analysis 

To characterize the topology of the tissue-specific GRNs, each network’s topological 

characteristics were computed by NetworkAnalyzer (Doncheva et al., 2012). It has been shown 

that robust biological networks tend to have scale-free architectures which fit a power-law 

distribution (Barabasi et al., 2004; Doncheva et al., 2012). Since GRNs are directed networks 

(TFs regulate target genes), only out-node degree distributions were calculated. For all four 

tissue GRNs, the connectivity of out-node distributions fit the power-law with R-squared values 

ranging from 0.398 to 0.601 (Figure C.5), suggesting that our GRNs were robust. These R-

squared values are lower than what was determined for our previous optimized maize GCN. This 

is likely related to the fact that this is a GRN using TFs as regulators, which tend to have higher 

numbers of interactions than what will be predicted by the power-law distribution. 

Next, to find functional modules, GRNs were partitioned using the Markov Cluster 

Algorithm (MCL) (Van Dongen, 2001), an unsupervised clustering algorithm based on network 

topology. This method has been successfully applied to maize and other plant species (Wong et 

al., 2014; Baute et al., 2015; Guerin et al., 2016; Li et al., 2016a). The MCL differentiated 604, 

737, 844, 399 modules in leaf, root, SAM and seed, suggesting these were functional modules in 

these tissues (Figure 4.7). Among those modules, 232 (leaf GRN), 278 (root GRN), 268 (SAM 

GRN) and 166 (seed GRN) of them had more than 10 genes (Figure 4.7) and were therefore 

amenable to GO analysis. We did GO enrichment analysis for these 944 modules using g:profile 

(Reimand et al., 2016). We found 156 modules that were enriched for at least one Biological 

Process (BP) GO term. In each tissue, the largest module was enriched for genes that would be 

likely to support the biology of that tissue: photosynthesis (leaf), translation (root), protein 

catabolic process (SAM) and cellular amino acid metabolic process (seed). A deeper look at the 

largest module in leaf showed enrichment in generation of precursor metabolites and energy (p-

value = 7.65E-08), carotenoid biosynthetic process (p-value = 1.59E-04) and response to blue 

light (p-value = 5.87E-04) (Supplementary file 21). This indicated that MCL could recover 

biologically relevant modules in each tissue. Gene lists of modules in each tissue and their GO 

enrichment can be downloaded from our website. 
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4.3.6 Website design 

To share our results, we constructed a user-friendly web portal, Maize tissue-specific 

Gene Regulatory Network (mGRN, http://www.bio.fsu.edu/mcginnislab/mgrn) using MySQL 

and PHP. It provides search, visualization and download services (Figure 4.8). Users can search 

for TF regulated targets (as TF) or TF regulators (as target) for query genes in four tissues-

specific GRNs (Figure 4.8A). By default, a summary table of number of predicted regulatory 

interactions is provided (Figure 4.8B). Double clicking the numbers will link to the gene IDs in 

each category. If there are two to four intersections, double clicking the tissue or genes will 

launch an interactive Venn diagram (Figure 8C). Overlap gene IDs and number of genes can be 

retrieved from the plot. 

The top target genes with detailed information can be fetched on web (Figure 8D). The 

TF regulator with predicted targets are the first two columns. To better understand gene 

functions, targets or regulators gene positions and descriptions based on AGPv3.31, as well as 

the best matched Arabidopsis gene annotation from BLASTP are provided. Double clicking 

“Regulator”, “Targets” or “A.thaliana” gene IDs redirects to GRASSIUS (Yilmaz et al., 2009), 

MaizeGDB (Andorf et al., 2015) or Araport (Cheng et al., 2017) respectively for easy mining. 

All search result as well as whole networks can be downloaded from the website for further 

analysis. So far, our database only accepts maize version 3 gene IDs. An “ID Convert” tool is set 

up for converting between maize version 4 gene IDs and version 3 gene IDs. 

 

4.4 Discussion 

 

The maize gene expression atlas (Sekhon et al., 2011) describes some level of tissue-

specific expression for over half of the genes in maize. This suggests that tissue specificity of 

gene expression is biologically important. In this study, we have constructed maize GRNs from 

RNA-Seq expression data for leaf, root, SAM and seed tissue using a machine learning 

algorithm. Using publicly available RNA-Seq data, we predicted tissue-specific TF interactions 

at a similar positive rate with an atlas GRN study (Walley et al., 2016). Our GRNs performed 

well based upon evaluation with TF ChIP-Seq data. This study generated GRNs with 2241 TFs 

and provided a high enough level of resolution to reveal the spatial variation of gene regulation. 

In our analysis, we found 80% of interactions are unique to one tissue in maize although 

over 80% of genes and over 50% of TFs are expressed in all four tissues. Furthermore, TF 
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expression did not correlate with the number of interactions. This indicates that interactions 

between genes may provide a mechanism for tissue-specific functions that cannot be explained 

with variability in gene expression alone. This correlates well with a recent study in humans 

suggesting that TFs have uniform expression but differential binding targets to support tissue-

specific functions (Sonawane et al., 2017a). It has been previously reported that transcriptional 

regulatory networks in humans can be cell-type specific (Neph et al., 2012). 

Compared with previous large-scale studies in maize, we utilized networks to elucidate 

gene regulation among multiple tissues and confirmed known functional patterns that had been 

previously published for some transcription factors (Li et al., 2010; Chen et al., 2014). For 

example, the TF Myb-Related Protein-1 (MRP-1) was only included in our seed-specific GRN, 

and our network included 51 of the 93 genes predicted to be regulated by MRP-1 in another 

study (Zhan et al., 2015).This confirms that network analysis can be used to discover tissue-

specific TF interactions. We also compared our network predictions with PlantRegMap and 

found they were both enriched for ChIP-confirmed targets. By inferring GRNs from expression 

data, we do not rely on high-quality PWMs as PlantRegMap does, and so predictions can be 

extended to a larger number of TFs. Moreover, by using expression data from multiple libraries, 

we can focus on spatial and/or temporal specific regulatory interactions. 

In this study, we constructed four tissue-specific GRNs for maize, including leaf, root, 

SAM and seed. The quality of these GRNs was assessed using comparisons with experimental 

data and biological functional enrichment. These assessments suggest that the tissue-specific 

GRNs predict high-confidence TF regulatory targets. We provided examples of TF-target 

interactions predicted to have tissue-specific function. Functional modules were also identified 

and can provide gene cluster information at the tissue level. To our knowledge, this is the first 

systematic study in maize on TF regulatory networks in different tissues, and it demonstrates that 

using statistical methods to infer GRNs can expand our knowledge of gene regulation and 

circumvent the limitations of some genomic techniques in plants. To make our findings more 

accessible, a mGRN web database (http://www.bio.fsu.edu/mcginnislab/mgrn) was built that 

includes gene functions and links to other web portals. We hope our results can facilitate further 

gene regulatory research. Moreover, our framework to construct tissue-specific GRNs could also 

be applied in other organisms with abundant genome-wide expression data. 
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Figure 4.1. Maize Gene Regulatory Networks (GRNs) in four tissues. (A) Number of RNA-

Seq libraries used to build GRNs in each tissue. Libraries were grouped into tissues based on 

SRA metadata data and/or published papers (details in Supplemental table1). SAM: shoot apical 

meristem. (B) A Venn diagram showing the overlap of genes expressed in leaf, root, SAM and 

seed. A gene was designated as expressed in a tissue if it had counts per million (CPM) value 

higher than 1 in more than 10% of libraries. (C) An UpSet graph showing the overlap of 

expressed Transcription Factors (TFs) in each tissue. Number of TFs expressed in each 

individual or combination of tissues were represented in bar plot (orange). The intersections were 

represented by connected black dots. Total number of TFs expressed in each tissue were 

represented in blue bar plot. (D) Expression heatmap of 1409 TFs that were expressed in all four 

tissues. TFs were clustered into 15 sub-groups (separated by dashed lines) based on their 

expression patterns. Gene expression value from each tissue were averaged and z-transformed, 

resulting in a scaled expression values between -1.5 and + 1.5 for each gene. Hierarchical 

Clustering was calculated by hclust() function in R. 
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Figure 4.2. Target prediction of top 1 million edges for Knotted1 (KN1) and Fasciated ear4 

(FEA4) in different tissues. (A) Number of predicted KN1 targets in each tissue-specific GRN. 

(B) Number of predicted FEA4 targets in each tissue-specific GRN. (C) A Venn diagram 

showing the overlap of KN1 targets between the SAM and seed GRN. (D) A Venn diagram 

showing the overlap of FEA4 targets between the four tissue-specific GRNs. 
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Figure 4.3. Venn diagrams summarizing the overlap between predicted targets and ChIP-

Seq identified targets of KN1, FEA4 and O2. Blue circles are the number of predicted targets 

for tissue-specific GRN (leaf, root, SAM and seed) or the Plant Transcriptional Regulatory Map 

(PlantReg); red circles are the number of targets identified by ChIP-Seq. KN1 and O2 were not 

expressed in some tissues (Not expressed). FEA4 and O2 were not included in PlantReg database 

(No data). P-values were calculated from one-tail Fisher’s exact tests and significant overlaps 

were indicated with *** (p-values less than 0.01) or * (p-values less than 0.05). 
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Figure 4.4. Overlap between ChIP-Seq identified targets and GRN predicted targets in 

three sizes of networks. Network size was limited to the top 10 million edges (large), top 1 

million edges (medium) and top 100,000 edges (small). 
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Figure 4.5. Effect of gene expression (calculated by log2(CPM + 1)) on the number of 

interactions for TFs tissue GRNs. (A) Leaf GRN, (B) Root GRN, (C) SAM GRN, (D) Seed 

GRN. Linear regressions were plotted in blue lines with a grey band as the 95% confidence 

intervals. R2 and p-values were calculated from the linear models by lm() function in R. 
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Figure 4.6. TF interactions in four tissue-specific GRNs. (A) A heatmap showing the distinct 

pattern on number of targets for each TF among four tissue-specific GRNs. The color scale was 

based on quantile breaks such that each color represents 10% of the data. Hierarchical clustering 

was based on Euclidian distances. (B) An UpSet graph visualizing the set interactions among key 

TFs in each tissue GRN. Number of key TFs expressed in each individual or combination of 

tissues were represented in bar plot (orange). The intersections were represented by connected 

black dots. Total number of key TFs expressed in each tissue were represented in blue bar plot. 

TFs shared by at least two tissues were shaded in light grey. 
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Figure 4.7. A summary of Markov Cluster Algorithm (MCL) clustering. (A) Total number 

of clusters discovered by MCL in each tissue-specific GRN. (B) Number of clusters with more 

than 10 genes. Clusters with at least one significant Gene Ontology (GO) term in Biological 

Process (BP) were colored dark blue. Clusters without significant Gene Ontology (GO) term in 

Biological Process (BP) were colored light blue. 
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Figure 4.8. Website screenshots. (A) Search page with all selectable parameters. (B) Summary table queried by 

KN1(GRM2G017087), FEA4 (GRMZM2G133331) and O2 (GRMZM2G015534). (C) Screenshot of interactive Venn diagram. (D) 

Screenshot of table with details showing top 6 targets from each tissue queried by KN1, FEA4 and O2. 
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Table 4.1. Examples of TFs that are unique to a single tissue.  

Tissue Gene Name GeneID Reference 

leaf Narrow Sheath1  GRMZM2G069028 (Nardmann et al., 2004) 

root Rootless concerning crown and seminal roots1  GRMZM2G092542 (Tai et al., 2016) 

SAM Teosinte branched1 AC233950.1_FG002 (Doebley et al., 1997) 

seed Viviparous1 GRMZM2G133398 (Suzuki et al., 2003) 

seed Opaque endosperm2  GRMZM2G015534 (Li et al., 2015a) 

seed Prolamin-box binding factor1  GRMZM2G146283 (Zhang et al., 2016b) 

seed Transfer cell response regulator1 GRMZM2G016145 (Muñiz et al., 2006) 

 

 

Table 4.2. Evaluation of tissue GRNs. 

KN1 AUROC AUPR   FEA4 AUROC AUPR   O2 AUROC AUPR 

random 0.500 0.108  random 0.500 0.103  random 0.500 0.061 

SAM 0.558 0.187  leaf 0.545 0.147  seed 0.496 0.07 

seed 0.554 0.193  root 0.541 0.14     

    SAM 0.56 0.171     

        seed 0.533 0.15         

AUROC and AUPR values were calculated tissue GRNs using three TFs' ChIP-Seq data (KN1, FEA4 and O2). The random networks 

(random) were permutated 10,000 times. The leaf, root, SAM and seed refer to tissue-specific GRN. 
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CHAPTER 5 

 

SUMMARY 

 

 
The questions surrounding how genes are regulated keep getting more and more 

complicated. Discoveries of new layers of regulation and new rules involved in known 

mechanisms of regulation make this question far from currently solved—if solution is even 

possible. Studying a single gene may not able to show the whole picture of the regulatory 

network. Rather, it would be more informative to base the hypothesis on study of the whole 

network, since genome editing tools are becoming widely used in some plant species that 

significantly decrease the cost for hypothesis verification (reviewed by (Altpeter et al., 2016; Yin 

et al., 2017a)). As we enter a new era of plant biology research in which it’s getting cheaper and 

more feasible to generate genome-scale data for almost any plant species, it is time now to think 

how we could use such large amounts of data to study gene regulation in a systematic way. There 

are over fifteen thousand RNA-Seq libraries publicly available for Arabidopsis (15105) and the 

number for maize is close to ten thousand (9874), according to a query of the NCBI SRA 

database in March 2018. 

In this dissertation, two extendable platforms were provided to construct gene networks 

from the massive amount of RNA-Seq data. Also, two maize gene network databases are 

publicly available for researchers. In Chapter 2, several parameters for building gene 

coexpression network (GCN) from RNA-Seq data were optimized. The GCN is an undirected 

network that doesn’t infer causal relationships, such as TF-target regulations. To focus on TF 

networks in various tissues, gene regulatory networks (GRNs) for four maize tissues were built 

using a machine learning method (described in Chapter 4). The methods for constructing both 

networks can be extended to thousands of RNA-Seq libraries. In fact, in Chapter 2, the result 

indicates “the more the better;” increase data amount can improve network performance. The 

Pearson Correlation Coefficient (PCC) was used to quantify expression similarities by most  

existing GCNs for maize including PLANEX (Yim et al., 2013), CORNET (De Bodt et al., 

2012), and COB (Schaefer et al., 2014). My result confirms the good performance of the PCC-

based method, but by aggregating multiple networks, I found that the network quality increases, 

consistent with findings in human data (Zhong et al., 2014; Ballouz et al., 2015). 



95 

Furthermore, the two platforms that provided in this dissertation only rely on gene 

expression data. This feature allows them to be directly applied to other organisms with very few 

modifications. Indeed, I acknowledge that integrating other types of data can greatly increase the 

network quality. The AraNet (Lee et al., 2010), a probabilistic functional gene network for 

Arabidopsis, integrated 24 types of omics data, and achieves a high positive rate. Nonetheless, 

such data is only available for a limited number of model organisms. For example, only a 

handful of ChIP-Seq data is available in maize. The use of network analysis in a classic mapping 

project was demonstrated in Chapter 3 of this dissertation, where I used coexpression network 

analysis and found a candidate gene, Zmdcl3a, for tgr9-1, an EMS-induced mutant. Tools like 

CRISPR/Cas9 (Ma et al., 2016) and TALEN (Chen and Gao, 2013) can generate site-specific 

mutants to confirm our findings. An interesting finding from this project is that differentially 

expressed (DE) genes from multiple mutants in the RdDM pathway showed very limited 

overlaps. This could be because of platforms (microarray vs RNA-Seq) or genotype effect, but 

more likely it highlights the complexity of the plant system. The newly discovered Dicer-

independent small RNA biogenesis extends the canonical RdDM model and raises the idea that 

Pol IV transcripts may be able to conduct de novo methylation themselves (Yang et al., 2015; Ye 

et al., 2016). 

Even though the network-based prediction from expression data is much better than 

random guess, it’s still high in false positive and false negatives. Many reasons contribute to this. 

First, the RNA-Seq or gene expression data is extremely noisy. Each RNA-Seq library is a 

snapshot of all genes’ activity at that time point. Transcriptional and post-transcriptional 

regulation is happening at the same time. Whether a gene’s true function can be revealed at this 

time-point is questionable. So, by using many libraries together, many snapshots of genes’ 

activity are retrieved to highlight true interactions. The GeneFriends database used over 3000 

microarray datasets and over 4000 RNA-Seq datasets to construct a coexpression map for human 

(van Dam et al., 2015). Second, RNA-Seq is used to measure gene expression, but what 

researchers are really interested in is the protein expression. Inconsistency between RNA 

expression and protein expression has been reported in many organisms, including maize (Huh et 

al., 2003; Baerenfaller et al., 2008; Schwanhäusser et al., 2011; Walley et al., 2013; Walley et al., 

2016). Thus, inferring purely from RNA expression data will lead to false predictions for genes 

with non-linear relationships between RNA and protein expression. Third, RNA expression is 
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just one of many gene regulation layers, such as the epigenome. Ignoring other layers will 

decrease positive prediction rate. A recent study implemented miRNA and DNA methylation 

data to model the human cellular network; this model led to many novel findings on liver cancer 

and human immunodeficiency virus (HIV-1) infection (Chen and Li, 2016). In terms of TF 

regulatory interactions, several research groups have used large-scale assays to prove the 

importance of DNA methylation in TF binding (O’Malley et al., 2016; Zhu et al., 2016; 

Kribelbauer et al., 2017; Yin et al., 2017b). Fourth, the nature of sample collection in plants 

presents additional difficulty compared to the same process in mammal cell lines. Plant samples 

used for RNA-Seq are usually contain multiple cell types that may function differently. This 

makes infer cell-type-specific regulations much more difficult. Although the lack of cell-type-

specific marker and plant transformation is still a big bottleneck, single-cell sequencing is a 

promising technique to bring plant research to the cell-type level (Efroni et al., 2015). 

Fortunately, some solutions are available to overcome the stated problems. First, to 

uncover the gene regulations hidden under the noisy expression data more libraries should be 

used. Time-series experimental design can reveal TF regulatory interactions in minute scale 

(Para et al., 2014) showing that some TFs bind cis-regulatory elements for a short time, but can 

influence gene expression for a longer time (Doidy et al., 2016). Second, direct protein level 

measurement will eliminate the need for researchers to infer protein expression from RNA 

expression. Mass spectrometry provides proteome-wide expression data that has been 

successfully applied in  multiple studies of maize (Walley et al., 2013; Marcon et al., 2015; 

Walley et al., 2016). Third, integrating other layers of data (reviewed in Chapter 1) can 

significantly increase the network performance (Sonawane et al., 2017). Fourth, the Arabidopsis 

root system offers a good example of how new findings can be revealed at the cell-type level 

(Long et al., 2008; Petricka et al., 2012b; Wachsman et al., 2015). Some fundamental gene 

regulation happens in a cell-type-specific manner, including gene expression (Brady et al., 2007), 

protein expression (Petricka et al., 2012a), and alternative splicing (Li et al., 2016). A recent 

study using cell-type-specific transcriptome data discovered the unexpected role of 

PERIANTHIA (PAN) in root quiescent center function (de Luis Balaguer et al., 2017). However, 

not many cell-type-specific markers are available for other plant species. The use of a protoplast 

system, in which plant cell walls are degraded, and single-cell sequencing may be able to 

overcome this obstacle (Han et al., 2017). Finally, new algorithms like machine learning and 
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deep learning show promise for finding hidden structures from large high-dimensional datasets 

(Angermueller et al., 2016; Chen et al., 2016; Ni et al., 2016; Karimzadeh and Hoffman, 2018). 

As sequencing and computing prices get lower, I think the combination of biology, 

statistics and computer science will bring our understanding of plant gene regulation to the next 

level. The power of this combination can transform the plant research from studying qualitative 

data, to quantitative data, to understanding the whole system. To quote Walker et al. (2017), “the 

activity of a gene cannot be defined simply as molecular function; rather, it is a consequence of 

spatial location, expression timing and environmental responsiveness.” From a network 

perspective, a trait is regulated by some core genes, but many other genes contribute minor 

effects on the specific trait (Boyle et al., 2017). These minor contributors can be unveiled from 

gene networks using our and many other methods (Krouk et al., 2010; Lee et al., 2010; Ma et al., 

2014; Walker et al., 2017; Yang et al., 2017). Therefore, in terms of modeling phenotype from 

genotype, on the one hand, Xiao et al (2017) proposed that treating multi-layer omics data as 

“genotype,” such as epigenome, will improve gene regulatory networks for complex traits. On 

the other hand, the advance of automatic phenotyping will have better resolution on traits 

(Fahlgren et al., 2015). The phenotyping technology makes “phenotypes” to “phenome” which is 

the complete phenotypic representation of the species (Freimer and Sabatti, 2003). 
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APPENDIX A 

 

CHAPTER 2 SUPPLEMENTARY MATERIALS 

 

 

Figure A.1. Pipeline and datasets used for analysis. A, Workflow used in this analysis. 

Independent steps are labeled in square boxes with alternative algorithms for each step in the 

rounded boxes. Software and packages for each step are in italics between the boxes. Raw data 

files were acquired from National Center for Biotechnology Information (NCBI) Sequence Read 

Archive (SRA) database, converted to a common format (fastq files) and aligned to the maize 

AGPv3 genome (Alignment). Gene-level reads were counted (Read Count) to generate an 

expression matrix, which was imported to the R environment for the normalization, inference 

and evaluation steps. All networks were visualized in Cytoscape. B, Relative representation of 

different maize tissues in acquired datasets. Tissues are listed by name with the percentage of 

the1266 libraries originating from each tissue. SAM= Shoot Apical Meristem. Samples are 

grouped by tissue and may be represented by one or more developmental stages of that tissue. 

Tissues represented by less than 10 libraries were grouped together as Others. C, Relative 

representation of different maize genotypes in our datasets. Genotypes are listed by name with 

the percentage of the 1266 libraries originating from each tissue. MAGIC = Multi-parent 

Advanced Generation InterCrosses. Genotypes represented by more than 10 libraries were 

grouped together as Others. 
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Figure A.2. Distribution of gene expression values. The frequency of each expression level in 

the dataset (Density) was plotted against gene expression (Expr) which was calculated after 

normalization by Variance Stabilizing Transformation (VST), Counts Per Million (CPM) or 

Reads Per Kilobase per Million mapped reads (RPKM). A-B, distribution of expression values 

for samples normalized with CPM (black line, CPM graph) and RPKM (black line RPKM graph) 

before (A) and after (B) logarithm normalization (log2). VST values are log2 transformed by 

default. The normal distribution of expression (dot lines) was calculated using dnorm() function 

in R which takes the mean value and standard deviation from log2 transformed expressions. C, 

Normalized gene expression values for 15116 genes were averaged libraries and plotted as a 

function of gene length in base pairs (bp). 

  



100 

 

Figure A.3. Maize CPM-normalized with log2 transformed gene expression from all tissues 

and developmental stages. A, Clustering dendrogram of samples based on Euclidean distance 

(Height). DAS: days after sowing; DAP: days after pollination; V1-V18: vegetative 

developmental stage. B, Heat map of the gene expression correlation between pollen tissue and 

78 other tissues, calculated by Pearson correlation coefficient ranging 0.6 to 1.0. Red color 

indicates higher correlation. 
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Figure A.4. Pairwise comparison among results of inferences methods. A, GO evaluation 

comparisons for VST, CPM and RPKM normalized data. The AUROC value density for each 

method was plotted in diagonal line of blocks between AUROC values and PCC values. 

AUROC values evaluated by GO datasets were plotted pairwise in triangle below diagonal with 

the number corresponding coefficient values as calculated by Pearson correlation shown in the 

triangle above diagonal. B, PPPTY evaluation comparisons for VST, CPM and RPKM 

normalized data. The AUROC value density for each method was plotted in diagonal line of 

blocks between AUROC values and PCC values. AUROC values evaluated by PPPTY datasets 

were plotted pairwise in triangle below diagonal with the number corresponding coefficient 

values as calculated by Pearson correlation shown in the triangle above diagonal. PCC: Pearson 

Correlation Coefficient; SCC: Spearman correlation coefficient; KCC: Kendall rank Correlation 

Coefficient; GCC: Gini correlation coefficient; Bi: Biweight midcorrelation; CSC: Cosine 

Similarity Coefficient; AA: Additive ARCNE; MA: multiplicative ARCNE; MRNET: Minimum 

Redundancy NETwork; CLR: Context Likelihood of Relatedness. 
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Figure A.5. Characteristic of sets of genes. All 1720 PPPTY gene set (ALL_1720), genes with 

highest AUROC values in CSC method (CSC), PCC method (PCC) and MRNET method 

(MRNET). Average expression in CPM of four gene sets were in squares, average number of 

lowly expressed elements (CPM < 0) were in solid circles. 
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Figure A.6. Evaluation of network performance based on sample size and inference. A, 

AUROC values from GO evaluations of networks constructed using 12 (S12) to 1266 (S1266) 

libraries were plotted against sample size. B, AUROC values from PPPTY evaluations of 

networks constructed using 12 (S12) to 1266 (S1266) libraries were plotted against sample size. 

Networks with the same number of samples included are designated as “_1”, “_2” and “_3”. 

Outliers were defined as outside of 1.5 times the interquartile range above the 75% quantile or 

below 25% quantile. Median values were plotted as bold horizontal lines. Dash lines are average 

AUROC value from 17 individual networks of each categories. Mean values of each network 

were labeled in asterisks. PCC: Pearson Correlation Coefficient; SCC: Spearman correlation 

coefficient; MRNET: Minimum Redundancy NETwork; CLR: Context Likelihood of 

Relatedness. 
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Figure A.7. GCN performance comparison between protein networks. A. Area Under the 

ROC curve (AUROC) values from GO evaluation of protein networks with 17862 genes 

(p.pr_all) and with 11429 genes (p.pr). B. Area Under the ROC curve (AUROC) values from 

PPPTY evaluation of protein networks with 17862 genes (p.pr_all) and with 11429 genes (p.pr). 

Both networks were constructed by Pearson Correlation Coefficient (PCC). Bold horizontal lines 

indicate median. Asterisks indicate mean and grey dots indicate outliers. 
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Figure A.8. Average neighborhood connectivity for three selected networks. PCC-aggregated (PA), SCC-aggregated (SA) and 

MRNET-single (MS). The average neighborhood connectivity distribution of all genes is plotted against number of neighbors. The top 

one million edges were chosen for each network. Red and blue curve shows the power-law fitted distribution. R2 value indicates the 

fitness with the power-law model. 
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Figure A.9. Node distribution for four selected networks. PCC-aggregated (PA), SCC-

aggregated (SA) and MRNET-single (MS) and the intersection among three networks (Merged 

network). The number of edges linked to the genes (node degree) was plotted against the number 

of genes with that degree (number of nodes). Red curve shows the power-law fitted distribution 

with the function and R2 indicated beside. 
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Figure A.10. Network representation of PCC ranked aggregation network (PA). Each node 

is a gene in the network. The eight largest modules detected by Markov Cluster Algorithm 

(MCL) were highlighted in colors. Genes not in modules 1-8 are light grey nodes. 
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Table A.1. Random network AUROC value baseline.  

Normalization Inference Reps Evaluation Mean Standard Deviation 

CPM PCC 1000 GO 0.500 0.003 

CPM PCC 1000 PPPTY 0.501 0.003 

VST PCC 1000 GO 0.500 0.003 

VST PCC 1000 PPPTY 0.501 0.003 

CPM MRNET 10 GO 0.499 0.004 

CPM MRNET 10 PPPTY 0.499 0.004 

CPM CLR 10 GO 0.497 0.004 

CPM CLR 10 PPPTY 0.498 0.004 

 

 

Table A.2. Four network characteristics. 

 PCC SCC MRNET Merged 

Clustering Coefficient 0.345 0.331 0.651 0.2 

Number of Nodes 14401 14545 15116 14277 

Network heterogeneity 1.518 1.522 3.419 2.822 

Network Centralization 0.086 0.085 0.741 0.062 

Number of Modules 1975 2298 353 - 

Number of Genes in Largest Module 2376 2302 14054 - 
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Table A.3. 16 query genes in maize cell wall pathway. 

Maize_Accession Arabidopsis_Accession Evaule Score short_description 

AC199765.4_FG008 AT1G65610 0 59.07 Six-hairpin glycosidases superfamily protein 

GRMZM2G147422 AT1G75680 0 63.6 glycosyl hydrolase 9B7 

GRMZM2G074792 AT4G07960 0 79.25 Cellulose-synthase-like C12 

GRMZM2G173759 AT4G31590 0 70.68 Cellulose-synthase-like C5 

GRMZM2G018241 AT5G05170 0 80.17 Cellulose synthase family protein 

GRMZM2G110145 AT5G16910 0 54.01 cellulose-synthase like D2_CSLF6 

GRMZM2G122277 AT5G16910 0 54.19 cellulose-synthase like D2_CSLF6 

GRMZM2G105631 AT5G22740 0 72.69 cellulose synthase-like A02 

GRMZM2G110735 AT5G49720 0 73.28 glycosyl hydrolase 9A1 

GRMZM2G147849 AT5G49720 0 72.46 glycosyl hydrolase 9A1 

GRMZM2G025231 AT5G64740 0 68.19 cellulose synthase 6_CESA 

GRMZM2G028353 AT5G64740 0 71.06 cellulose synthase 6 

GRMZM2G113137 AT5G64740 0 71.26 cellulose synthase 6 

GRMZM2G177631 AT5G64740 0 71.34 cellulose synthase 6 

GRMZM2G113432 AT5G16910 0 44.43 cellulose-synthase like D2 
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APPENDIX B 

 

CHAPTER 3 SUPPLEMENTARY MATERIALS 

 

 

 

Figure B.1. Coexpressed gene network queried by MOP1, MOP2, and MOP3. Three genes 

were searched in the maize gene coexpression network 

(http://www.bio.fsu.edu/mcginnislab/mcn/) and highlighted in red. One candidate of tgr9 is 

highlighted in blue, of which the MaizeGDB gene ID is GRMZM5G814985 and the NCBI gene 

symbol is LOC100279204. Predicted coexpressed genes were linked by grey lines. 
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Figure B.2. Quantitative reverse transcription PCR (qRT-PCR) analysis on Zmdcl3a. Three 

segregated families were used: Family 1 is PR1011_376; Family 2 is FL13_239; and Family 3 is 

FL13_240. No significant differences were detected between the green and purple plants (Two-

tail Student’s t-test, p-value > 0.05). 
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Figure B.3. DsRNA extraction from tgr1 and mop1 plants. Cellulose Column extracted RNA 

from tgr1 green plant (1), tgr1 purple plant (2), mop1 wildtype (3) and mop1 mutant (4) were 

treated with DNase I to remove DNA, low salt RNase A to remove RNA, or two replicates of 

high salt RNase A to remove single-stranded RNA. Digested products were loaded on to a 1.5% 

TBE gel and stained with Ethidium Bromide. High Weigh Molecular (HWM) DNA was digested 

with DNase I. No visible RNA could be detected from RNase A-treated samples. Molecular 

Cloning Facility2 (MCF2) DNA ladder was used. 
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Table B.1. Segregation results from Tgr9-1/tgr9-1 self-pollinated families. 

Location Year Purple Green p-value 

FL 2015 28 133 0.026 

FL 2015 7 33 0.273 

FL 2015 14 102 0.001 

FL 2013 18 106 0.007 

FL 2016 5 42 0.023 

PR 2013 3 14 0.484 

PR 2013 2 15 0.208 

PR 2013 4 13 0.889 

PR 2013 6 11 0.327 

PR 2013 7 10 0.123 

PR 2013 2 15 0.208 

PR 2013 5 12 0.674 

PR 2013 3 14 0.484 

PR 2013 6 11 0.327 

PR 2013 5 12 0.674 

Plants were planted in Ponce, Puerto Rico (PR) or Tallahassee, Florida (FL). The number of 

purple plants were shown in the “Purple” column and the number of green plants were shown in 

“Green” column. The p-value was calculated from chi-square tests based on a purple:green ratio 

equal to a 1:3 ratio expectation. 
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Table B.2. The result of the tgr9-1 B-A translocation. 

B-A line Family Dark_purple Int_purple Total 

TB-3Ld FL13_194 3 4 24 

TB-3Lj FL13_237 1 0 30 

TB-3La PR1112_100 1 0 14 

TB-3La PR1112_101 5 0 15 

TB-3La PR1112_102 2 0 17 

TB-3Lj FL13_234 0 14 29 

TB-3Lh FL13_196 0 12 34 

TB-3Lm FL13_235 0 16 32 

TB-4Sa FL13_232 0 0 30 

TB-6La PR1112_71 0 0 16 

TB-6La PR1112_72 0 0 16 

TB-6La PR1112_73 0 0 17 

TB-6La PR1112_74 0 0 17 

TB-6La PR1112_75 0 0 17 

TB-1Sb PR1112_81 0 0 13 

TB-1Sb PR1112_82 0 0 17 

TB-7Lb PR1112_92 0 0 17 

TB-7Lb PR1112_95 0 0 17 

TB-7Lb PR1112_96 0 0 17 

TB-7Lb PR1112_97 0 0 17 

TB-5Sc PR1112_93 0 0 16 

TB-5Sc PR1112_94 0 0 16 

TB-10Sc PR1112_98 0 0 15 

TB-3La PR1112_99 0 0 16 

Pollen from designated B-A translocation lines were crossed with tgr9 green plants. The F1 

generation was planted and scored in Florida (FL) or Puerto Rico (PR). The number of dark 

purple plants were recorded in the “Dark_purple” column, the number of intermediate purple 

plants were recorded in the “Int_purple” column, and the total number of germinated plants were 

recorded in the “Total” column. 
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Table B.3. The linkage between the IDP markers and the tgr9-1 mutation. 

IDP 

marker Primer Non-recombinant ratio 

IDP506 MAPP399/400 81.10% 

IDP4811 MAPP179/180 74.29% 

IDP7324 MAPP181/182 67.11% 

IDP7947 MAPP173/174 69.74% 

IDP markers were amplified by the designated primer pairs. Non-recombinant ratios were 

calculated as (non-B73 bands/B73 bands) by gel electrophoresis.  
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Table B.4. Primers used in Chapter 3 experiments. 

Primer 

Target 

Primer 

ID Primer sequence (5' to 3') Purpose 

BTG promoter KM64 AAAGGAYAGTAGAAAAGGAAGGTGG Bisulfate sequencing 

BTG promoter KM882 
CCCAAAATTACTCAACRAATCATAAACC

AA Bisulfate sequencing 

TOPO vector M13F GTAAAACGACGGCCAG TOPO cloning 

TOPO vector M13R CAGGAAACAGCTATGAC TOPO cloning 

IDP506 MAPP399 TTATGCTTGGAATGCTCACG IDP506 marker 

IDP506 MAPP400 TCAGTAGCACCATCAAGCCC IDP506 marker 

IDP4811 MAPP179 GCTTTAGCCAAGCATTCAGC IDP4811 marker 

IDP4811 MAPP180 ATCGGTGTCTCACATCATCG IDP4811 marker 

IDP7324 MAPP181 ACTTATCAGCCACGATTCCC IDP7324 marker 

IDP7324 MAPP182 GCAGAGGATAAGTTGGCTGC IDP7324 marker 

IDP7947 MAPP173 AAAGGGCAGATCATGAGACG IDP7947 marker 

IDP7947 MAPP174 TCTACGGTTTGTCGGTTTCC IDP7947 marker 

Zmdcl3a KM1363 AGATGCTGTGAGGACTTCTCTATGG tgr9-1 genotyping 

Zmdcl3a KM1364 GTTGCTCCAGATTCTTGCTGTGAT tgr9-1 genotyping 

BTG KM913 GCTTGACTATGCGATTGCTTTCCTGG BTG genotyping 

BTG KM914 GCTCCAGTTGATGCTCCTCGC BTG genotyping 

mop1 KM384 TCTCCACCGCCCACTTGAT MOP1 genotyping 

mop1 KM385 CCCAAGAGCTGTCTCGTATCCGT MOP1 genotyping 

mop1 KM386 CTTCATCTCGAAGTAGCGCTTGTTGTCC MOP1 genotyping 

Ubiquitin KM633 GACTACACGATGGAGAACATCCTAACCC qRT-PCR control 

Ubiquitin KM634 GAAGAATGTCCCTTCTGGAGGCTGC qRT-PCR control 

Zmdcl3a KM1035 GAGCAACATACTGCTACCAAC 

qRT-PCR for 

Zmdcl3a 

Zmdcl3a KM1036 GAGCAACATACTGCTACCAAC 

qRT-PCR for 

Zmdcl3a 
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Figure C.1. A Venn diagram showing the overlap among top 1 million edges of each tissue-

specific GRN. 
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Figure C.2. Comparison of tissue-specific GRNs and atlas GRNs on percentage of overlap 

between GRN predicted targets and ChIP-Seq identified targets. Leaf, root, SAM and seed 

GRNs are networks in this study. mRNA and protein networks were constructed by Walley et al. 

Medium networks (light grey) are the targets within top 1 million edges. Small networks (dark 

grey) are the targets within top 100,000 edges. 
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Figure C.3. Effect of gene expression (calculated by CPM) on the number of interactions 

for TFs. (A) Leaf GRN, (B) Root GRN, (C) SAM GRN, (D) Seed GRN. Linear regressions 

were plotted in blue lines with a grey band as the 95% confidence intervals. R2 and p-values 

were calculated from the linear models by lm() function in R. 
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Figure C.4. Degree centrality (Number of targets) of top 1 million edges for TFs in tissue 

GRNs. (A) Leaf GRN, (B) Root GRN, (C) SAM GRN and (D) Seed GRM. Red lines showing 

TF with degree centrality > 2000. 
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Figure C.5. Average neighborhood connectivity for four tissue GRNs. The average 

neighborhood connectivity distribution of all TFs was plotted against number of neighbors. In 

each network, the top 1 million edges were selected. Red curves show the power-law fitted 

distribution. R2 values indicate the fitness with the power-law model. 
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