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ABSTRACT OF THE THESIS 

 

 

An Integrated RNA-Seq and Proteomics Profile Following Fusarium venenatum Elicitation 

Reveals Major Patterns of Gene Expression and Translational Re-programming in Maize 

by 

Anh-Dao Tong 

Master of Science in Biology 

University of California San Diego, 2019 

Professor Steven P. Briggs, Chair 

Maize is a major staple food crop with important agricultural and agronomic impact 

worldwide. However, fungi of the genus Fusarium can cause diseases in maize, resulting in 

significant economic losses. Immunity requires both transcriptional and translational regulation 

for an effective defense response. To investigate how fungal challenge affects maize, we 

generated RNA-Seq and proteomics data from plants that had been challenged with heat-killed 
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Fusarium venenatum hyphae over a ten-point time course. Our findings indicated that maize can 

exhibit different transcriptional and translational responses to fungal elicitation. Weighted gene 

co-expression network analysis (WGCNA) resulted in identification of a module in which RNA 

does not change over time and protein abundance increases, providing examples of translational 

re-programming in maize. GO analysis on the genes in this module revealed enrichment for 

protein modifications and vesicle-mediated transport. Performing WGCNA on the fold change 

rank orders yielded four main patterns of RNA and protein expression. In the largest rank-order 

module, RNA and protein abundance both decreased over time; this module was most enriched 

for genes involved in plant development, providing evidence for the shift from growth towards 

defense. The next three largest modules exhibited increasing protein abundance, and were 

enriched for genes involved in ubiquitination and responses to stimuli, which are all involved in 

defense. Surprisingly, about 15% of detected genes are in Module 2 and tend to have decreasing 

RNA expression and increasing protein abundance.  Transcriptional and proteomic analyses will 

promote greater understanding of the complex regulation of the plant response to pathogen 

challenge. 
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Introduction 

1. Impact of fungal infection on crops 

Fungal infection of crops negatively affects the economy as well as human and livestock 

health (Lynne et al., 1995; D’Mello et al., 1999). The genus Fusarium consists of soil-borne, 

filamentous fungi that attack a wide range of crops, including melon, potato, and cereals 

(Blackburn & McClure, 2009). Fusarium oxysporum causes Panama disease, a devastating wilt 

disease that weakens vascular tissue and destroys Cavendish banana plants, the eighth most 

important food crop in the world (FAO, 2019). Another Fusarium-susceptible crop, maize, is a 

staple food crop with significant agronomic impact in the US and globally. In 2017/2018, 1.07 

billion metric tons of maize were produced worldwide. Over a third of this was from the U.S., 

making the U.S. the world’s largest maize producer (USDA, 2018). However, infection by 

multiple Fusarium species threatens maize quality and yield (Dorn et al., 2011). Between 2012 

and 2015, approximately 737 million bushels were lost to Fusarium stalk and ear rots (Mueller 

et al., 2016). Fusarium stalk rot commonly affects the roots and lower internodes of maize, 

leading to stalk breakage and premature ripening (Shurtleff, 1980). Furthermore, Fusarium can 

produce mycotoxins, toxic secondary metabolites with deleterious health effects for humans, 

animals, and the environment (Alshannaq & Yu, 2017; Dorn et al., 2011; Oldenburg et al., 

2017). These effects include edema and hepatic syndrome in swine, carcinogenic activity in 

rats, and neural tube birth defects in humans (Ross et al., 1990; Gelderblom et al., 1996; and 

Missmer et al., 2006 as reviewed by Lanubile et al., 2017). Investigating the molecular and 

regulatory mechanisms behind maize defense against Fusarium may provide targetable genes to 

boost immunity, leading to increased yield as well as reduced waste and economic losses. 
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2. Responses to pathogen infection, especially those by the model plant Arabidopsis 

thaliana  

Pattern-recognition receptors (PRRs) on cell membranes sense pathogen- and microbe-

associated molecular patterns (P/MAMPs), which include proteins and carbohydrates such as 

chitin. Detection of P/MAMPs results in a basal defense response called pattern-triggered 

immunity (PTI) (Gu, Zavaliev, & Dong, 2017). PTI triggers cell signaling via influx of 

extracellular calcium, production of reactive oxygen species, and MAPK signaling cascades. 

This in turn promotes an immune response mediated by phytohormones, as well as 

transcriptional re-programming to allow the production of antimicrobial compounds (Bigeard, 

Colcombet, & Hirt, 2015). However, PTI may be overcome by effector proteins secreted by 

pathogens. When this happens, resistance (R) proteins may detect the effectors, activating a 

second layer of defense called effector-triggered immunity (ETI). Consequences of ETI include 

increased expression of pathogenesis-related (PR) genes, systemic acquired resistance (SAR) 

throughout the entire plant, and a hypersensitive response (HR) that involves programmed cell 

death (Wu, Chen, Curtis, & Fu, 2014). 

Differential gene expression is a consequence of pathogen attack in the model plant 

Arabidopsis thaliana. Infection of Arabidopsis by the fungal pathogen Fusarium oxysporum 

results in transcriptional changes, such as the repression of genes associated with general 

development and the induction of genes involved in defense and hormone production (Lyons et 

al., 2015). Arabidopsis infection by another fungus, M. oryzae, induces expression of the 

pathogenesis-related protein PR-1 and the antimicrobial protein PDF1.2, which both help 

defend against pathogens (Park et al., 2009). Infiltration of Arabidopsis with an avirulent strain 

of the plant pathogen Pseudomonas syringae pv. tomato resulted in a massive transcriptional 
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shift from normal to defense metabolism, with upregulation of stress-response genes such as 

PR-1 (Beissbarth et al., 2002). 

These pathogen-induced changes in gene expression, however, are not necessarily 

mirrored in the translatome, defined as all the translated mRNAs in a given moment. Upon 

recognition of the microbe-associated molecular pattern elf18, the Arabidopsis translatome was 

poorly correlated with its transcriptome (Xu et al., 2017). This indicates that pattern-triggered 

immunity involves a significant shift in global translational efficiency (Xu et al., 2017), 

suggesting that to obtain the full picture of a plant’s defense response, it would be beneficial to 

study both the transcriptome and the proteome of pathogen-challenged organisms. Translation 

can be regulated by upstream open reading frames, termed uORFs. uORFs have been shown to 

generally reduce translation of the main genic ORF due to inefficient reinitiation (Merchante, 

Stepanova, & Alonso, 2017). Immune induction alleviated the inhibitory effects of uORFs on 

the key immune transcription factor TBF1 (Xu et al., 2017). The authors suggest that mRNAs 

for immune transcription factors are constitutively expressed, and that their translation is 

inhibited by uORFs. De-repression upon pathogen challenge allows for a rapid translational 

response. However, it is currently unknown whether maize has similar dynamics between 

uORFs and translation in response to pathogen challenge. 

3. Maize responses to pathogen infection 

Upon pathogen infection, maize undergoes a response that includes proteomic changes 

and production of defensive secondary metabolites (Pechanova & Pechan, 2015). In maize cell 

cultures, six-hour treatment with Fusarium verticillioides elicitor resulted in secretion of 

enzymes that inhibit xylanases, which fungi secrete to hydrolyze cell walls (Chivasa, Simon, 

Yu, Yalpani, & Slabas, 2005). In germinating maize embryos, infection by F. verticillioides 
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resulted in higher levels of detoxifying enzymes, as well as proteins involved in protein 

synthesis, folding, and stabilization (Campo, Carrascal, Coca, Abián, & San Segundo, 2004). 

After 48-hour inoculation with Fusarium graminearum, several major groups of defense 

proteins including PR proteins PR-10, chitinases, and peroxidase were induced in both resistant 

and susceptible maize inbreds (Mohammadi, Anoop, Gleddie, & Harris, 2011). 

Secondary metabolites are compounds not directly involved in growth or immediate 

survival, and important in functions such as communicating with other organisms or coping 

with stresses (Demain & Fang, 2000). Secondary metabolites include benzoxazinoids, 

compounds with defensive capabilities against insects, weeds, and fungal infection (Niemeyer, 

2009). Maize chemical defenses also include the terpenoids, a large class of molecules with 

developmental and defensive roles (Block et al., 2018). Among the structurally diverse 

terpenoids, compounds with 15 carbons are termed sesquiterpenoids, and 20-carbon terpenoids 

are diterpenoids. While volatile terpenoids contribute to indirect defense by attracting predators 

of pests, non-volatile terpenoids directly inhibit the growth and reproduction of pathogens 

(Block et al., 2018). These non-volatiles include the phytoalexins, defined as inducible, low-

molecular weight secondary metabolites with activity against multiple biotic attackers 

(Hammerschmidt, 1999).  

One class of phytoalexins in maize are the kauralexins, diterpenoids that accumulate in 

response to infection by multiple types of fungi. These nonvolatiles localize at the plant-

pathogen interface and significantly inhibit the growth of two types of fungi, Rhizopus 

microsporus and Colletotrichum graminicola (Schmelz et al., 2011). To make kauralexins, the 

enzyme ZmAn2 catalyzes the bi-cyclization of geranylgeranyl diphosphate (GGPP) into ent-

copalyl diphosphate (ent-CPP) (Harris et al., 2005). Ent-CPP is then be converted into ent-
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kaurene by ZmTPS1, ZmKSL3, and ZmKSL5 (Fu et al., 2016). Additionally, ZmKSL2 

produces ent-isokaurene. From there, the cytochrome P450s CYP71Z16 and CYP71Z18 modify 

ent-kaurene and ent-isokaurene to produce the bioactive kauralexins (Ding et al. in revision, 

Nature Plants). 

Another class of maize phytoalexins is the zealexins, sesquiterpenoids that exhibit 

antifungal activity against numerous phytopathogenic fungi at physiologically relevant 

concentrations (Huffaker et al., 2011). Terpene synthases formerly known as ZmTps6/11 

catalyze the transformation of farnesyl pyrophosphate (FPP) into β-macrocarpene (Ding and 

Weckwerth in review, Nature Genetics). CYP71Z18 catalyzes the oxidation of C-15 in β-

macrocarpene to form zealexin A1, which may be modified to become other zealexins (Mao, 

Liu, Ren, Peters, & Wang, 2016). 

Transcripts for An2 and Tps6/11 are upregulated in response to Fusarium graminearum 

(Huffaker et al., 2011). An2 and Tps6/11 are also induced by transient expression of 

ZmWRKY79, a member of a transcription factor family important to plant immunity (Fu et al., 

2017). ZmWRKY79 has been shown to regulate genes involved in phytohormone pathways and 

production of maize terpenoid phytoalexins (Fu et al., 2017). However, additional regulators of 

phytoalexin production remain to be discovered.  

In the face of emerging evidence that immune-induced changes in the transcriptome and 

the proteome are not necessarily well correlated (Xu et al., 2017), it is useful to look at both 

mRNA and protein data. In this study, we generated RNA-seq and proteomics data from maize 

plants subjected to elicitation with heat-killed Fusarium venenatum hyphae over a ten-point 

time course. We grouped the genes into network modules, or clusters of highly interconnected 

genes, using weighted gene co-expression network analysis (WGCNA) (Langfelder & Horvath, 
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2008). These modules were then represented by their eigengenes, which are defined as the first 

principal component of a given module and may be thought of as the average gene expression 

pattern of module genes (Langfelder & Horvath, 2008). To test whether modules are 

biologically meaningful, we performed functional enrichment analysis based on gene ontologies 

(GO) (The Gene Ontology Consortium et al., 2011) using the maize-GAMER data set 

(Wimalanathan, Friedberg, Andorf, & Lawrence-Dill, 2018). Additionally, since genes in a 

module are more likely to act in the same pathways (Wolfe, Kohane, & Butte, 2005), we 

identified potential additional enzymes and regulators using GO terms shared with a group of 

collaborator-curated genes (Ding et al. in revision, Nature Plants; Ding and Weckwerth in 

review, Nature Genetics). This study demonstrates the importance of integration of both RNA 

and protein expression patterns, and identifies potential additional enzymes and regulators of 

phytoalexin biosynthesis in maize. 
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Results 

To investigate how fungal challenge affects the maize transcriptome and proteome over 

time, we generated RNA-Seq and proteomics data from Fusarium-challenged plants over a ten-

point time course. We treated 35-day-old W22 plants with heat-killed Fusarium venenatum 

hyphae via a slit stem elicitation. The timepoints chosen were 0, 2, 4, 8, 12, 24, 48, 72, 96, and 

120 hours after fungal elicitation to profile the defense response at both early and late stages, 

and to minimize the effects of circadian rhythms. Stem tissues from four plants were harvested 

and pooled to generate a single sample for every time point. This single sample was then 

divided for both RNA-Seq and proteomics. RNA-Seq detected transcripts from 24,892 genes 

with a minimum FPKM value of 1 for at least one timepoint (Supplementary Table 1). Of these 

transcripts, 6,716 exhibited two-fold change for at least one timepoint. Proteomics identified 

10,749 proteins from 10,580 genes, of which 1,584 exhibited two-fold change for at least one 

timepoint (Supplementary Table 2). The products of 10,508 genes were detected in both 

datasets, and this intersect was used for subsequent analysis (Supplementary Table 3). 

For each gene, we calculated the fold change of each timepoint compared to the 0-hour 

timepoint. The Pearson correlation coefficient between the RNA and protein fold changes was 

0.207, indicating that the protein and RNA responses are not highly correlated. This was 

confirmed by complete linkage hierarchical clustering and visual mapping of the log2-

transformed fold changes (Fig. 1, Supplementary Table 4). While RNAs were often 

constitutively expressed throughout the time course, a significant shift in protein expression 

occured 48 hours post elicitation. This may provide evidence for genome-wide translational 

control of the maize defense response. In section A, RNAs were constitutively expressed and 

proteins were induced soon after fungal challenge (Fig. 1). Collaborator-curated enzymes 
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(Supplementary Table 5) (Ding et al. in revision, Nature Plants; Ding and Weckwerth in review, 

Nature Genetics) for the biosynthesis of defensive zealexins and kauralexins were located in 

this cluster, indicating the presence of defense responsive enzymes. However, three of the 

curated enzymes were found in section B, where RNAs were quickly induced upon pathogen 

challenge and protein levels took longer to respond (Fig. 1), perhaps indicating some level of 

translational control. In section C, proteins decreased in abundance after 48 hours (Fig. 1). 

These results showed different patterns of RNA and protein expression in response to Fusarium 

venenatum elicitation. 

 

Figure 1. Clustering and visualization of proteomics and RNA-Seq fold change data over a 

120-hr time course revealed different transcriptional and translational responses to fungal 

elicitation. Complete linkage hierarchical clustering was performed on 10,508 genes detected in 

proteomics data, and the corresponding RNA log2 fold changes were mapped to the order of the 

proteins. Vertical lines correspond to individual genes. Rows are organized by timepoint and 

data type. Blue, underexpressed; yellow, overexpressed. 

 

To group genes into modules based on their expression patterns, we performed 

Weighted Gene Co-Expression Network Analysis (WGCNA) (Langfelder & Horvath, 2008) on 

unscaled protein and RNA fold changes relative to the 0 timepoint throughout the time course. 

This resulted in eleven main modules, which may be represented by their eigengenes 
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(Supplementary Fig. 1, Supplementary Table 6). Of these, Module 9 produced a particularly 

intriguing pattern: increasing protein abundance and unchanging RNA throughout the time 

course (Fig. 2a), suggesting that the 176 genes in this module are under translational regulation. 

To determine if Module 9 was enriched in uORFs, we determined which genes in the maize V4 

genome have uORFs using the R package systemPipeR (Backman & Girke, 2016). We filtered 

these genes with predicted uORFs so that only transcripts with 5’UTRs of at least 15 

nucleotides were counted, per the method outlined by Xu et al (2017). The results showed that 

14,616 maize V4 genes were predicted to have uORFs, which was 37% of the genes in the 

maize V4 genome (Table 1). Of the genes in Module 9, 56% were predicted to have uORFs 

(Table 1). However, of the genes with detected proteins and FPKM values greater than 1, 53% 

had uORFs. Thus, genes that produced detected RNA and protein may be enriched in uORFs 

compared to the whole genome, but Module 9 was not enriched compared to these detected 

genes. 

Gene ontology (GO) enrichment analysis was performed on modules using the R 

package topGO (Alexa & Rahnenfuhrer, 2019) in conjunction with the maize-GAMER data set 

(Wimalanathan et al., 2018) (Supplementary Table 7). GO enrichment analysis for biological 

processes in Module Nine revealed that these genes were enriched for vesicle-mediated 

transport as well as various protein modifications (Fig. 2b), which may play a role in cell 

signaling. In addition, GO terms for the defensive terpenoid metabolic and biosynthetic 

processes were enriched (p < 0.004) (Supplementary Table 7). Taken together, these results 

suggested that the maize defense response to fungus relies at least in part on a pool of 

constitutively expressed transcripts, which may be translationally re-programmed to respond to 

biotic stress and stimulate the production of defensive compounds.  
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Table 1. Numbers and percentages of genes with uORFs in various groups, including all 

unscaled modules.  

Category Number 

of genes 

% with 

uORFs  

All genes in maize V4 genome 39,498 37 

Genes with detected FPKM >1 for at least one timepoint 24,892 43 

Unique genes with detected proteins 10,580 53 

Genes with detected protein, FPKM >1 for at least one timepoint 10,508 53 

Unscaled Module 1 5815 56 

Unscaled Module 2 1194 47 

Unscaled Module 3 797 48 

Unscaled Module 4 697 52 

Unscaled Module 5 591 44 

Unscaled Module 6 507 47 

Unscaled Module 7 245 51 

Unscaled Module 8 179 63 

Unscaled Module 9 176 56 

Unscaled Module 10 96 55 

Unscaled Module 11 33 55 
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Figure 2. WGCNA on unscaled time course data revealed a module that demonstrates 

translational re-programming. A, Graph representing the Module Nine eigengene. The vertical axis 

indicates expression values relative to the mean expression across all timepoints, which are indicated in 
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the horizontal axis. 176 genes are in Module Nine. Pink, RNA; blue, protein. B, GO enrichment chart for 

Module Nine. GO terms, their names, and p-values of enrichment are indicated. Redder colors indicate 

higher fold enrichment. Rectangles indicate the five most enriched GO terms. 

Although unscaled fold changes were useful for detecting patterns of little or no change, 

the range of RNA values were orders of magnitude larger than protein values’ (Supplementary 

Table 8), biasing the clustering towards changes in RNA expression. To circumvent this, we 

rank-ordered the fold changes so that the expression value at every timepoint was a number 

between 1 and 10 for both RNA and protein, where 1 corresponded to the lowest fold change 

and 10 corresponded to the highest fold change (Supplementary Table 9). We then performed 

WGCNA on these transformed data. Ten modules with distinct expression patterns were 

identified (Supplementary Fig. 2, Supplementary Table 10). Over 80% of the detected genes 

clustered into one of the four largest modules (Fig. 3). Gene ontology (GO) term enrichment 

was then performed on each of these modules (Table 2, Supplementary Table 11). For genes in 

Module One, both RNA and protein tended to have decreased expression over time. Module 

One was highly enriched for GO terms involving plant growth, such as nucleic acid metabolic 

process, chromatin organization, and mitotic cell cycle. In Module Two, RNA decreased while 

protein increased, peaking at 96 hours. Module Two was most enriched in GO terms for 

processes involving ubiquitination. Module Three, in which both RNA and protein accumulate 

throughout the time course, was enriched for GO terms involving responses to various stimuli, 

including oxidative stress and nutrient levels, as well as secondary metabolite biosynthetic 

process. Genes in Module Four exhibited an immediate spike in RNA levels that soon subsided 

after 2 hours of inoculation, while proteins builded up over time. Module Four was also 

enriched in responses to multiple stimuli, including fungus and chitin, as well as respiratory 

burst in defense response. 
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Figure 3. Weighted Gene Co-Expression Network Analysis on RNA-Seq and proteomics Fusarium 

elicitation time course data yielded 4 main modules with distinct expression patterns. Graphs 

represent the module eigengenes, which are the first principal components and summarize expression 

patterns for each module. The vertical axes indicate expression values relative to the mean expression 

across all timepoints, which are indicated in the horizontal axes. RNA and protein fold changes 

compared to the 0 timepoint were scaled using a rank-order system. Numbers in parentheses denote the 

number of genes in each module. Pink, RNA; blue, protein. 

 

Module Three was of particular interest because of its enrichment for secondary 

metabolite biosynthetic process, which includes the defensive compounds phytoalexins. All 

eleven detected maize kauralexin and zealexin biosynthesis genes (Ding et al. in revision, 

Nature Plants; Ding and Weckwerth in review, Nature Genetics) clustered together in Module 

Three, demonstrating that they exhibit similar patterns of expression. We obtained the GO terms 

associated with these biosynthetic enzymes, procured all the terms that were shared among at 

least three of the enzymes, and identified other genes in Module Three with three or more of 

these shared terms. This resulted in a candidate list of 154 genes that may be potential 
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regulators or additional enzymes in the kauralexin and zealexin biosynthesis pathways 

(Supplementary Table 12).  



 

15 
 

Table 2. Top five GO terms in the four largest rank ordered modules.  

Module GO.ID Term p-value 

1 GO:0090304 nucleic acid metabolic process <1e-30 

1 GO:0051276 chromosome organization <1e-30 

1 GO:0016070 RNA metabolic process <1e-30 

1 GO:0010467 gene expression <1e-30 

1 GO:0006325 chromatin organization <1e-30 

2 GO:0019941 modification-dependent protein catabolic process 3.50E-06 

2 GO:0006511 ubiquitin-dependent protein catabolic process 3.50E-06 

2 GO:0043632 modification-dependent macromolecule catabolic process 4.10E-06 

2 GO:0044265 cellular macromolecule catabolic process 2.60E-05 

2 GO:0006139 nucleobase-containing compound metabolic process 6.80E-05 

3 GO:0050896 response to stimulus 2.40E-16 

3 GO:0019748 secondary metabolic process 2.20E-15 

3 GO:0009698 phenylpropanoid metabolic process 5.10E-14 

3 GO:0031667 response to nutrient levels 7.10E-11 

3 GO:0009991 response to extracellular stimulus 7.50E-11 

4 GO:0010243 response to organonitrogen compound 1.60E-11 

4 GO:0010200 response to chitin 2.90E-10 

4 GO:1901698 response to nitrogen compound 4.70E-10 

4 GO:0042493 response to drug 3.00E-09 

4 GO:0006984 ER-nucleus signaling pathway 5.10E-08 
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Discussion 

Complete linkage hierarchical clustering of protein fold changes revealed a stronger 

response to elicitation at 48 hours. This was consistent with previous findings that the 

antimicrobial zealexins accumulate over the course of several days, peaking at eight days 

(Huffaker et al., 2011). In contrast, the transcriptome exhibited no enhancement at 48 hours, and 

RNA expression was consistent throughout later timepoints. This showed that the transcriptome 

did not correspond directly with the proteome, and the low correlation coefficient of 0.207 

supported this. Similarly, poorly correlated fold changes in transcription and translation have 

been reported in Arabidopsis treated with the pathogen-associated molecular pattern elf18 (Xu 

et al., 2017). The same study found that translation is more tightly regulated than transcription 

during pattern-triggered immunity (Xu et al., 2017). Our results indicated that global 

translational re-programming is an important feature of the maize defense response, and 

highlighted the need for integrated omics analysis to fully capture the biology of plant 

immunity. 

While most collaborator-curated kauralexin and zealexin biosynthetic enzymes were 

found together in section A of the heat map, three were found in Section B, suggesting different 

regulation of these three enzymes. This clustering into different places seemed to contrast with 

the fact that all the enzymes were found in Module Three, formed by WGCNA of rank-ordered 

fold changes. The program Cluster 3.0 and the R package WGCNA are both helpful tools that 

use different methods to sort genes, resulting in different groups. For either tool, it would be 

useful to look at the fold change data for particular genes once an interesting cluster has been 

identified. 
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A list of example genes under translational control was obtained from performing 

weighted gene co-expression network analysis (WGCNA) on the unscaled time course fold 

change data. Of the resulting clusters of genes, the most interesting was Module Nine, in which 

RNA largely does not change and protein increases. The 176 genes in this module were most 

enriched in vesicle-mediated transport and protein modifications, both of which are important to 

defense. Vesicle mediated transport contributes to basal resistance by delivering defense 

proteins and antimicrobial metabolites to the extracellular space, as well as establishing 

systemic acquired resistance (Gu et al., 2017). Protein modifications such as phosphorylation, 

ubiquitination, and SUMOylation have been well established to mediate pattern-triggered 

immunity and R gene-dependent signaling (de Vega, Newton, & Sadanandom, 2018). In 

particular, N-terminal myristoylation, the addition of a myristoyl group derived from a fatty 

acid onto the end of a protein, is known to play a crucial role in signal transduction pathways by 

targeting the now-modified protein to a membrane (Traverso, Meinnel, & Giglione, 2008). 

Additionally, 56% of the genes in Module Nine were predicted to have uORFs. However, of the 

genes that produced detected proteins and RNA with FPKM values greater than 1, 53% were 

also enriched for uORFs. Module Nine was thus not enriched for uORFs, and its pattern of 

translational re-programming may be due to other factors such as R-motifs (Xu et al., 2017). 

Although we did not investigate R-motifs due to time constraints, it would be interesting to see 

if they play a role in translational re-programming. It did appear that translated genes had a 

higher percentage of uORFs (53%) than those that were only transcribed (43%), and transcribed 

genes, in turn, had a higher percentage of uORFs than the entire genome (37%). This suggested 

the importance of uORFs in gene expression as well as protein expression. More research must 

be conducted to determine what role uORFs play in the immune response in maize. 
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Transformation of the protein and RNA fold changes at every timepoint into rank orders 

set them on the same scale, making them more comparable. Performing WGCNA on these rank-

ordered data resulted in four main modules. The eigengene for the largest rank order module, 

Module One, showed both protein and RNA decreasing with time. GO analysis of Module One 

revealed enrichment of growth-related processes, which was consistent with studies that have 

found a trade-off between growth and defense. Many pathogens can use auxin, a regulator of 

plant development, to actually promote disease; during defense, plants may actively suppress 

auxin signaling (Navarro et al., 2006). Repression of growth hormone signaling is often 

accompanied by a shift in transcriptional re-programming and a diversion of carbon and 

nitrogen towards production of defensive compounds rather than new tissue (Huot, Yao, 

Montgomery, & He, 2014). In a comprehensive co-expression analysis of pathogen-challenged 

Arabidopsis microarray data, most downregulated hub genes were involved in larger system-

wide processes such as cell cycle control (Amrine, Blanco-Ulate, & Cantu, 2015), indicating 

that pathogen challenge is met with genome-wide change in which the plant shifts its resources 

to better combat the biotic stress.  

The eigengene for rank-ordered Module Two showed decreasing RNA and increasing 

protein; Module Two was enriched for GO terms having to do with modifications such as 

ubiquitination. To quickly respond to pathogen challenge, plants must be able to rapidly alter 

signaling pathways. This may be accomplished through post-translational modifications such as 

ubiquitination and N-glycosylation (Withers & Dong, 2017). Ubiquitination, the process by 

which the protein ubiquitin is added to another existing protein to mark it for degradation, 

regulates pattern-triggered immunity and effector-triggered immunity (Trujillo & Shirasu, 

2010). The pattern of increasing abundances of proteins enriched for ubiquitination was 
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consistent with previous studies that found that post-translational modifications are important 

for regulating immunity. Proteins also increased in abundance throughout the time course in 

Modules Three and Four, both of which were enriched for the GO term response to stimulus. 

Pechanova and Pechan (2015) have reviewed previous studies that reported proteomic changes 

in maize in response to Fusarium as well as other pathogens. Furthermore, collaborator-curated 

genes that encode enzymes for producing defensive secondary metabolites clustered in Module 

Three, lending support to the hypothesis that they are all part of a coordinated metabolic 

response important to maize defense (Schmelz and Huffaker, unpublished data). Getting the GO 

terms of the genes in this module allowed us to propose a list of candidate additional enzymes 

that may participate in the production of defensive secondary metabolites. Although most of the 

genes were uncharacterized, the list included redox proteins, such as cytochrome P450s, and 

enzymes involved in the biosynthesis of secondary metabolites, such as terpene synthases 

(Supplementary Table 12). Further experiments must be done to fully flesh out the biosynthetic 

pathways, with the ultimate goals of elucidating the maize defense response and applying this 

knowledge to increase crop yield.  
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Materials and Methods 

For the time course experiment, W22 maize plants were grown individually in one-

gallon pots for 35 days. Seeds were germinated in MetroMix 200 (Sun Gro Horticulture) 

supplemented with 14-14-14 Osmocote (Scotts Miracle-Gro) at the Biology Field Station at the 

University of California, San Diego. The seeds were maintained in a greenhouse with a 12-h 

photoperiod, minimum of 300 μmol m−2 s−1 of photosynthetically active radiation supplied by 

supplemental lighting, 70% relative humidity, and temperature cycle of 24 °C/28 °C (night/day) 

(Schmelz et al., 2009). All plants were stem elicited with commercially obtained heat-killed 

Fusarium venenatum (strain PTA-2684, Monde Nissin Corporation Co.). Timing was staged 

such that all time points (0, 2, 4, 8, 12, 24, 48, 72, 96, and 120 hr) could be harvested within the 

same hour and precise plant age. Stem tissues from four plants were harvested and pooled to 

generate a single homogenous sample per time point, ground in liquid N2, and stored at -80°C. 

We isolated total RNA with the NucleoSpin® RNA Plant Kit (Takara Bio USA) 

according to the manufacturer’s protocol. RNA quality was assessed based on RNA integrity 

number (RIN) using an Agilent Bioanalyzer. RNA-seq library construction and sequencing 

were performed by Novogene Corporation Inc. (Sacramento, CA, USA). Oligo (dT) magnetic 

beads were used to enrich mRNA from total RNA. The mRNA was fragmented randomly into 

short sequences. First-strand cDNA synthesis was performed with random hexamer-primed 

reverse transcription. Second-strand cDNA synthesis was done by nick-translation using 

RNaseH and DNA polymerase I. The cDNA went through adaptor end-repair and ligation, was 

amplified via PCR, and purified to create the final cDNA library. cDNA concentration was 

quantified using a Qubit 2.0 fluorometer (Life Technologies) and then diluted to 1 ng/µL before 

assessing insert size on an Agilent Bioanalyzer 2100. Library preparations were sequenced on 
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an Illumina platform and paired-end reads were obtained. The standard Illumina pipeline was 

used to perform image analysis and base calling. Raw reads were filtered to remove reads 

containing adapters or reads of low quality. TopHat v2.0.12 was used to align qualified reads to 

the Zea mays AGPv4 reference genome. Gene expression values into fragments per kilo base 

per million reads (FPKM) were analyzed using HTSeq v0.6.1. 

We extracted proteins and prepared the plant tissues for mass spectrometry as described 

previously (Castellana et al., 2008). Briefly, we added cold methanol (Fisher Optima grade, 

A454) containing 0.2 mM Na3VO4 and spun down at 4000 x g for five minutes. We performed 

two more methanol washes and three acetone (Fisher Optima grade, A929) washes. We dried 

the sample pellets, extracted the proteins, spun down and discarded contaminants, reduced and 

alkylated cysteines, and digested the proteins with Lys-C and trypsin (Roche, 03 708 969 001). 

Digested peptides were purified on a Waters Sep-Pak C18 cartridge and eluted with 60% 

acetonitrile. TMT-10 labelling was performed in 50% acetonitrile/150mM Tris, pH7. An 

Agilent 1100 HPLC system was used to deliver a flow rate of 600 nL min-1 to a custom 3-phase 

capillary chromatography column through a splitter. Spectra were acquired on a Q-Exactive-HF 

mass spectrometer (Thermo Electron Corporation, San Jose, CA) operated in positive ion mode 

with a source temperature of 275 °C and spray voltage of 3kV. The raw data were extracted and 

searched against B73 RefGen_v4 (Jiao et al., 2017) using Spectrum Mill vB.06 (Agilent 

Technologies). Total TMT-10 reporter intensities were used for relative protein quantitation. 

Median normalization was performed to normalize the protein TMT-10 reporter intensities. For 

a technical replicate, two runs were performed with the same samples. The intensity values of 

the runs were summed. If the fold change at a given timepoint for one run had at least a five-
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fold difference from the same timepoint for the other run, the data from the run with the higher 

total intensities was used.  

To create the heat map, we performed complete linkage hierarchical clustering of protein 

time course data using Cluster 3.0 (de Hoon, Imoto, Nolan, & Miyano, 2004), and added the 

RNA data to the resulting cluster data table. The similarity metric used was uncentered Pearson 

correlation. The results were visualized in Java Treeview (Saldanha, 2004). In addition, we 

analyzed time course data with the WGCNA Rpackage (Langfelder & Horvath, 2008) to find 

and cluster similarly expressed proteins into modules. One-step network construction was 

performed using the function blockwiseModules with a high sensitivity (deepSplit = 4). 

Networks and topological overlap matrices were signed, and the minimum module size set to 

30. For the unscaled data, we chose a soft thresholding power of 7, and for the rank ordered 

data, we chose a soft thresholding power of 5. The tree cutting algorithm was adaptive-height 

tree cut (Dynamic Tree Cut), and average linkage hierarchical clustering was used. To find 

functional enrichment, we used the classic algorithm from the R package topGO (Alexa & 

Rahnenfuhrer, 2019) in conjunction with the maize-GAMER data set (Wimalanathan et al., 

2018). The R package systemPipeR (Backman & Girke, 2016) was used to predict uORFs in 

maize. 

This thesis was co-authored with Ding, Yezhang; Weckwerth, Philipp; Shen, Zhouxin; 

Schmelz, Eric A.; Huffaker, Alisa; and Briggs, Steven P. The thesis author was the primary 

author of the thesis. 
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