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Epigenetic Responses of Arabidopsis to Abiotic Stress 

 

Suzanne Laliberte 

 

ABSTRACT 

 

 

Weed resistance to control measures, particularly herbicides, is a growing 

problem in agriculture. In the case of herbicides, resistance is sometimes connected to 

genetic changes that directly affect the target site of the herbicide. Other cases are less 

straightforward where resistance arises without such a clear-cut mechanism. 

Understanding the genetic and gene regulatory mechanisms that may lead to the rapid 

evolution of resistance in weedy species is critical to securing our food supply.  To study 

this phenomenon, we exposed young Arabidopsis plants to sublethal levels of one of four 

weed management stressors, glyphosate herbicide, trifloxysulfuron herbicide, mechanical 

clipping, and shading.  To evaluate responses to these stressors we collected data on gene 

expression and regulation via epigenetic modification (methylation) and small RNA 

(sRNA).  For all of the treatments except shade, the stress was limited in duration, and 

the plants were allowed to recover until flowering, to identify changes that persist to 

reproduction. At flowering, DNA for methylation bisulfite sequencing, RNA, and sRNA 

were extracted from newly formed rosette leaf tissue. Analyzing the individual datasets 

revealed many differential responses when compared to the untreated control for gene 

expression, methylation, and sRNA expression. All three measures showed increases in 

differential abundance that were unique to each stressor, with very little overlap between 

stressors. Herbicide treatments tended to exhibit the largest number of significant 

differential responses, with glyphosate treatment most often associated with the greatest 

differences and contributing to overlap. To evaluate how large datasets from methylation, 

gene expression, and sRNA analyses could be connected and mined to link regulatory 

information with changes in gene expression, the information from each dataset and for 

each gene was united in a single large matrix and mined with classification algorithms. 

Although our models were able to differentiate patterns in a set of simulated data, the raw 

datasets were too noisy for the models to consistently identify differentially expressed 

genes. However, by focusing on responses at a local level, we identified several genes 

with differential expression, differential sRNA, and differential methylation. While 

further studies will be needed to determine whether these epigenetic changes truly 

influence gene expression at these sites, the changes detected at the treatment level could 

prime the plants for future incidents of stress, including herbicides. 

 

 

 

 

 

 

 

 

 



 

Epigenetic Responses of Arabidopsis to Abiotic Stress 

 

Suzanne Laliberte 

 

GENERAL AUDIENCE ABSTRACT 

 

 

 Growing resistance to herbicides, particularly glyphosate, is one of the many 

problems facing agriculture. The rapid rise of resistance across herbicide classes has 

caused some to wonder if there is a mechanism of adaptation that does not involve 

mutations. Epigenetics is the study of changes in the phenotype that cannot be attributed 

to changes in the genotype. Typically, studies revolve around two features of the 

chromosomes: cytosine methylation and histone modifications. The former can influence 

how proteins interact with DNA, and the latter can influence protein access to DNA. Both 

can affect each other in self-reinforcing loops. They can affect gene expression, and DNA 

methylation can be directed by small RNA (sRNA), which can also influence gene 

expression through other pathways. To study these processes and their role in abiotic 

stress response, we aimed to analyze sRNA, RNA, and DNA from Arabidopsis thaliana 

plants under stress. The stresses applied were sublethal doses of the herbicides, 

glyphosate and trifloxysulfuron, as well as mechanical clipping and shade to represent 

other weed management stressors. The focus of the project was to analyze these 

responses individually and together to find epigenetic responses to stresses routinely 

encountered by weeds. We tested RNA for gene expression changes under our stress 

conditions and identified many, including some pertaining to DNA methylation 

regulation. The herbicide treatments were associated with upregulated defense genes and 

downregulated growth genes. Shade treated plants had many downregulated defense and 

other stress response genes. We also detected differential methylation and sRNA 

responses when compared to the control plants. Changes to methylation and sRNA only 

accounted for about 20% of the variation in gene expression. While attempting to link the 

epigenetic process of methylation to gene expression, we connected all the data sets and 

developed computer programs to try to make correlations. While these methods worked 

on a simulated dataset, we did not detect broad patterns of changes to epigenetic 

pathways that correlated strongly with gene expression in our experiment’s data. There 

are many factors that can influence gene expression that could create noise that would 

hinder the algorithms’ abilities to detect differentially expressed genes. This does not, 

however, rule out the possibility of epigenetic influence on gene expression in local 

contexts. Through scoring the traits of individual genes, we found several that interest us 

for future studies. 
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Chapter 1: Describing Epigenetics Mechanisms and Their Connections to Stress Responses 

in Plants 

  

Abstract: 

Epigenetics is the study of changes to a phenotype that are not due to changes in the 

genetic sequence of an organism. These changes can last for hours or persist across generations, 

and they allow plants to maintain stress response changes for varying lengths of time. Typically, 

epigenetics studies focus on either DNA methylation or histone modifications. Histone 

modifications affect enzyme access to DNA and binding of molecular machinery. They can also 

influence DNA methylation through self-reinforcing pathways. DNA methylation can occur in 

three contexts, CG, CHG, and CHH, with H as any base other than G. The contexts of 

methylation are maintained by distinct processes and can affect the expression of nearby features 

differently. RNA-directed DNA methylation can lead to methylation in all contexts. This process 

is complex and involves many proteins and is guided by small RNAs (sRNAs), which can also 

limit protein expression directly via RNA interference. All these changes have been known to 

occur in stress response, and they can sometimes impact gene expression. These changes could 

prime plants to respond more favorably to a second exposure to the same stressor.  

 

Introduction: 

Plants may encounter a variety of stressors throughout their lifetimes. Some, like 

bacterial pathogens and herbivorous insects, are biotic while abiotic stressors can include heat, 

flooding, chemical contaminants, and UV radiation.1 Plants may evolve new mechanisms to 

manage these problems, or they can acclimate to handle the pressure. While evolution at the 

level of DNA sequence mutations can be an excellent strategy to cope with a long-term problem, 

many of the pressures plants face result from living in a dynamic environment where flexibility 

can be the key to survival. Sometimes plants can acclimate to environmental changes without 

relying on genomic mutations.2 Adaptability must also be balanced with giving progeny the best 

chance to survive and reproduce; if progeny encounter the same stress, a hardwired response 

would give them the advantage.  

 

Several well-documented examples of plant evolution in response to stress are found in 

response to herbicides.3 Such a strong selective force provides great incentive for adaptation, and 

some plants have thus evolved to cope with these chemicals in a variety of ways. One method of 

surviving herbicide exposure is to overproduce the target enzyme. In response to glyphosate, 

there have been several reports of weed biotypes with resistance due to multiple copies of the 

target gene 5-enolpyruvylshikimate-3-phosphate synthase (EPSPS).4,5 With so much of the 

EPSPS enzyme available, a greater dose of the herbicide is needed for inhibition of amino acid 

synthesis. Acetolactate synthase and acetyl-CoA carboxylase inhibiting herbicides block the 

synthesis of other essential amino acids.6,7,8 Several species of weeds acquired resistance to 

these two chemicals through mutations in the genomic sequence at the target site of the 

herbicide. They switched at least one amino acid at or near the site where the herbicide binds to 

render the enzyme resistant to the herbicide.9 Another instance of this type of resistance occurred 

in response to triazine, which inhibits photosystem II. A common target site mutation confers 

resistance, but it also hinders enzyme functionality to make photosynthesis less efficient. In this 

case, the mutation comes at a fitness cost that negatively affects growth and reproduction. 

Triazine resistant weeds would have trouble competing with their susceptible counterparts in the 
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absence of the herbicide.10 Sometimes evolved responses are not ideal and even outright harmful 

to the plant, yet they are advantageous in the face of strong selection pressure. 

 

Epigenetic responses to stress 

While structurally altered genomes and sequence mutations have helped some plant 

species to survive new challenges, other cases of stress response cannot be attributed to DNA 

mutations.3 Holly leaves on smaller trees or that are closer to the ground are more likely to be 

prickly.11 This adaptation can occur in response to mammalian herbivory and may be a defense 

response.11 As these changes occur on branches of an individual plant, it is unlikely that they 

were caused by a change in the genomic sequence.12 In a more transient case, Arabidopsis plants 

previously exposed to drought acquired some resistance to this stress for a period of 5-7 days.13 

In another study, seeds subjected to salt stress exhibited higher germination rates under salty 

conditions.14 Two generations of progeny from Arabidopsis exposed to Pseudomonas syringae 

exhibited increased resistance to the pathogen.15,16 In snapdragons, there is a gene that can affect 

flower shape; however, researchers discovered some flowers with this phenotype yet without 

changes to this gene.17 They did find that the gene was extensively methylated in plants with the 

mutant phenotype but the wild-type gene. These changes may, in the case of the holly trees, be 

localized to an area of the individual plant while others, such as those found in the Pseudomonas 

stress study, can persist through at least a couple of generations. They are unlikely to be a result 

of mutations and may be caused by epigenetic processes.  

 

Epigenetics is the study of changes to an organism’s phenotype that are not reflected in a 

change to its genotype.18 One of the two commonly known mechanisms for epigenetic changes is 

DNA methylation, in which a methyl group is added to the fifth carbon of a cytosine 

nucleotide.19 DNA methylation in plants can occur in three contexts: CG, CHG, and CHH. ‘H’ is 

any nucleotide base other than guanine.20 Patterns of DNA methylation can impact expression of 

nearby genomic features, such as genes and transposons.21,22,23 Although it is accepted that many 

epigenetic changes are reset between generations, some of them can be inherited.24,25 

 

The other commonly studied epigenetic mark affects histone proteins, which bind to 

DNA to form the basic unit of chromatin structure.26 Histones contain 2 copies of four proteins, 

H2A, H2B, H3, and H4, that bind together to form an octamer. DNA is wrapped around this 

protein complex to form the nucleosome. The amino acid residues of these proteins can accept 

various groups to affect how histones interact with other proteins and how the DNA interacts 

with the nucleosome. Sometimes the groups can cause changes individually; in other cases, 

multiple modifications can create a pattern associated with a specific response. A few examples 

of histone modifications are acetylation, methylation, phosphorylation, ubiquitylation, and 

sumoylation.27,28 While we will not consider histone data for this experiment, these 

modifications sometimes correlate with patterns of DNA methylation, chromatin structure, and 

expression of genomic features.29  

 

Mechanisms of Epigenetic Activity 

The recognized epigenetic mark we studied, DNA methylation, is believed to impact 

gene expression. There are a few common patterns of DNA methylation near plant genes.30 

Unmethylated genes lack methylation in all contexts. CG methylation near the transcription start 
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site is often associated with repression.31,32 The most frequent class is gene body methylation, in 

which CG methylation increases near the center of the genes and decreases near the transcription 

start and stop sites. CHG enriched genes have methylation in CHG and sometimes CG contexts, 

and they are frequently repressed.33 Plant genes can also be affected by RNA directed DNA 

methylation (RdDM), which is associated with methylation of cytosines in all contexts and gene 

silencing.34  

 

The role of gene body methylation is unclear. Cytosine methylation increases the 

likelihood of its conversion to thymine by deanimation.35 Despite this risk, methylation patterns 

are conserved in orthologous genes across several plant species, and these genes tend to evolve 

slowly.36,37 CG gene body methylation is associated with moderately expressed genes.31,32 A 

study of Arabidopsis accessions found no strong correlation between gene body methylation and 

gene expression.38 Some nonvascular plant species do not have the CG gene body methylation 

pattern.39 There have been two independent instances where members of the Brassicaceae family 

lost chromomethylase 3 (CMT3) function and associated gene body methylation with little to no 

impact on gene expression. This has led the authors to suggest that gene body methylation could 

merely  be a side effect of CMT3 activity.40 Brassicaceae also appear to have lower levels of 

gene body methylation when compared to other angiosperms.33 Perhaps CMT3 function varies 

between species and other factors.41 Gene body methylation may affect gene expression 

differently in Arabidopsis than other species. 

 

Methylation can also occur near transposons and affect their activity. The patterns of 

transposon methylation have been the subject of several studies. Hypermethylation is frequently 

coupled with silencing, and hypomethylation often leads to activation.42 Usually, the methylation 

occurs in non-CG contexts and is associated with silencing. The type of methylation near 

transposons is associated with several factors, including species, transposon class, and 

chromosomal position. For example, sugar beets had higher levels of CG and CHG methylation 

in retrotransposons, and higher levels of methylation in all contexts of DNA transposons.43 

Trends of higher methylation levels in transposons have also been detected in other crops. 

Transposon methylation patterns were affected by chromosome position and transposon family 

in maize. Transposons near transcribed maize genes were characterized by 24 nt small interfering 

RNA (siRNA) and CHH methylation while transposons near repressed regions had higher levels 

of CG and CHG methylation.44 Tomato also had heavily methylated transposons in repressed 

regions with local increases of CHH methylation of transposons in active regions.45 24 nt siRNA 

and CHH methylation are associated with RdDM, in which regulation of a specific region of the 

genome can be targeted based on its sequence. It is one way to control where DNA methylation 

occurs.  

 

In a transcriptionally active region of the genome, methylation can have negative 

consequences for the plant by reducing transcription of essential genes. Methylation near 

transposons can come in a variety of patterns and can impact plant fitness in a variety of ways. 

Methylation of transposons in rice could spread to impact nearby genes, especially when the 

transposons were located within genes. In this case, there did not appear to be a strong fitness 

cost to the reduced expression.46 Conversely, methylation changes can cause oil palm’s mantled 

phenotype, which greatly reduces fruit quality and fertility. This change in fruit structure is 

instigated by a loss of RdDM of the Karma transposons in an intron of EgDEF1 and improper 
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splicing of EgDEF1.23 This illustrates how targeted methylation can affect nearby features, and 

represents one pattern that could impact gene expression in a manner that contributes to 

herbicide or other abiotic stress tolerance.  

 

Histone proteins are affected by a variety of enzymes that usually fall into one of three 

categories: writers that add groups to histone residues, readers that bind to certain modifications, 

and erasers that remove groups.47 These groups can impact chromatin structure and accessibility. 

Some marks are more common in the accessible euchromatin, while others are usually localized 

in the densely packed heterochromatin.48,49 Some modifications, such as acetylation, interfere 

with chromatin folding to make DNA more accessible for transcription.50 Histone methylation, 

on the other hand, does not impact the charge, and its effect on DNA accessibility and chromatin 

structure may be more context specific.51  Many histone modifications and associated enzymes 

are required for plant germination and transition to flowering states.29 Others patterns are 

associated with stress response.13 

  

The effects of some histone modifications have been identified in plants. Dimethylation 

of lysine 9 on histone 3 (H3K9me2) is associated with heterochromatin while H3K9me3 is 

associated with euchromatin.48,49 H3K27me3 is associated with repression of genes in plant 

euchromatin.52 H4K20me is found in heterochromatin near transposable elements.53 H2B 

monoubiquitination (H2Bub1) is associated with activation, while H2Aub1 is associated with 

repression.54 H2Bub1 is required for H3K79 and H3K4 methylation, which are also associated 

with activation, and it blocks H3K9me2.55 H3K9me2 is frequently associated with DNA 

methylation in the CHG context and silencing of genes and transposons.56 Genes with a majority 

of H3K9me2 and a minority of H3K9 acetylation (H3K9ac) are usually repressed while others 

with both marks are expressed near the activated levels H3K9ac.56 Histone marker H3K9ac near 

the 5’ region of genes is associated with higher levels of expression.56 Histone proteins can affect 

chromatin structure, DNA accessibility, other histone marks, and DNA methylation. 

 

Regulation of DNA methylation 

Different methylation patterns are associated with mechanisms for DNA methylation. 

DNA methyltransferase (MET1) is responsible for maintenance of most CG methylation in 

plants.57,58,59 It also has some capacity for de novo methylation. Re-introducing MET1 to a met1 

knockout can restore some CG methylation in Arabidopsis.60 MET1 can work with Histone 

Deacetylase 6 (HDA6), which deacetylates and demethylates histones, to methylate TEs.61 CHG 

methylation is maintained by a chromomethylase (CMET3) and kryptonite KYP/ SUVH4.62,63,64 

Homologs SUVH5 and SUVH6 also work with CMET3 although their activity is associated with 

transposons.65 CHG methylation is associated with H3K9me2.66 CMET3 binds to H3K9me2 to 

methylate DNA, and KYP binds to methylated DNA to methylate H3K9.67,68 H3K9me3 is 

associated with silencing of transposons in the euchromatin.69 CHH methylation is typically a 

result of RdDM, but nucleosome remodeler decrease in DNA methylation 1 (DDM1) can open 

DNA near H1 for CMET2 to maintain CHH methylation in an RdDM-independent manner. This 

is also associated with silencing of genes and transposons.70 Together, these pathways allow for a 

variety of methylation contexts and histone modifications to regulate the genome.  
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DNA methylation can be removed via the base excision repair pathway, which removes 

methylated cytosines and replaced them with their unmethylated counterparts.71 This is important 

for removing unwanted methyl groups as well as triggering methylation maintenance pathways 

by activating transposons in a more controlled manner. The demethylation allows sRNA 

production to ensure continued methylation near these sites.72 Demethylation associated with 

sRNA production could indicate that the plant is remethylating a transposon. 5-meC DNA 

glycosylases, ROS1, DME, DML2, and DML3 are responsible for removing methylated 

cytosines from DNA.73,74 DME plays an additional role in removing methyl groups at maternal 

alleles in the endosperm.75 ROS1 recruitment is associated with H3K18ac and H3K27me3.76 

After the methylated cytosines are removed, DNA 3′‐phosphatase ZDP processes the 3’P, and 

endonucleases ARP or APE1L convert it to an OH group.77,78 Then, polymerase β and ligase 

LIG1 repairs the DNA strand.79,80 This leaves an unmethylated cytosine, which can activate a 

silenced region or help with sRNA production for continued methylation at other cytosines 

nearby.81  

 

Small RNA (sRNA) plays a role in guiding methylation in RdDM.34,41 These guiding 

RNA sequences can originate from several pathways. RNA polymerase IV (POL IV) initially 

synthesizes long noncoding RNA molecules, and it is assisted by SNF2 Domain-Containing 

Protein Classy (CLS) and SAWADEE Homeodomain Homologue 1 (SHH1).82,83 CLS1 and 

CLS2 help with SHH1 interactions while CLS3 and CLS4 appear to require CG methylation to 

function.84 SHH1 also binds to H3K9me2 and unmethylated or monomethylated H3K4 to assist 

with POL IV binding in RdDM.83,85 An RNA dependent RNA polymerase (RDR2) is recruited 

to synthesize the other strand.86 A dicer (DCL) protein cleaves the double stranded RNA 

molecule to produce 24 nt, double-stranded siRNA. In an alternative pathway, RDR6 can 

synthesize the complementary strand of RNA synthesized with POL II.87 DCL2 and DCL4 can 

cleave 21 or 22 nt siRNA for RdDM, and DCL3 can cleave 24 nt siRNA from POL II 

transcripts.88 This means we might expect to see sRNA around this length near sites of increased 

methylation. It could even lead to some of the detected differentially methylated regions. 

Methylation at RdDM targets can still be present in dcl knockouts, which suggests that dicer-

independent RdDM is possible.89 These short sequences can help guide methylation with the 

assistance of other proteins. 

 

After the siRNA is synthesized, it can bind to Argonaute proteins, AGO2, AGO4, or 

AGO9.86,90 The AGO4 protein holds its guide RNA as it binds to long noncoding RNA 

synthesized by POL V.91 POL V is recruited in part by the DDR complex, which is composed of 

Defective in Meristem Silencing 3 (DMS3), Defective in RNA Directed DNA Methylation 1 

(DRD1), and RNA Directed DNA Methylation 1 (RDM1).92 DMS3 helps bind the complex to 

the DNA.93 SUVH2 and SUVH9 bind to methylated DNA and DRD1 of the DDR complex.94 

RRP6L1 helps hold the POL V transcripts to the chromatin.95 lncRNA-binding protein IDN2 

binds to the POL V transcripts and ATP-dependent nucleosome-remodeling complex SWI/SNF 

binds to it.96 Domains Rearranged Methylase 2 (DRM2) methylates cytosines in all contexts on 

one strand after binding with a loaded AGO protein.97 The resulting non-CG methylation can 

silence genes and transposons. 
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RdDM is just one of several processes for regulation by sRNA that fall into the category 

of RNA interference (RNAi), which is associated with siliencing.98,99  In this case, we would 

expect to see reduced expression associated with the sRNA. Plant siRNA typically match their 

targets closely.100 In some RNAi, double-stranded 21-22 bp sequences direct cleavage of mRNA 

within the complementary region.101 Typically, the break occurs 10 bp from the 5’ end of the 

siRNA.101 RNAi starts with long noncoding RNA (lncRNA), which is cleaved into siRNA. 

These short sequences are amplified by RNA dependent RNA polymerases. RNAi is then 

facilitated by the RNA induced silencing complex (RISC), which is a cluster of proteins that can 

vary between plants and animals.102,103  One of the proteins is DICER, which cleaved lncRNA 

molecules into siRNA.104 Another member is Argonaute 2 (AGO2), which cleaves the sense 

strand of siRNA to leave a single stranded guide RNA that is complementary to the target 

sequence.105,106,107  

 

Arabidopsis has four DICER proteins (DCL).108 DCL1 is the only one that is essential, as 

indicated by finding that its knockout mutant is lethal, and it generates 21 nt sRNA that often 

arise from hairpin structures.108 DCL2 generates 22 nt sRNA, DCL3 generates 24 nt, and DCL4 

generates 21 nt sRNA.108 These three are associated with resistance to viruses.109 DCL1 

negatively regulates DCL2 and 4 activities.109 DCL2-4 are involved in RdDM.108 DCL1 has 

cofactors HYL and SE, double-stranded RNA binding proteins, that bind to RNA for miRNA 

synthesis.110,111,112   

 

Arabidopsis has six RDRs from two classes, RDR and RDR.113 RDR1, RDR2, and 

RDR6 are RDR and are important for various RNAi processes while the function of RDR is 

not known.113 Some plants have fewer RDRs, but most have those three.113 RDR1 is involved in 

generating siRNA from viral genes.114 RDR2 helps generate 24 nt siRNA and is involved in 

RdDM.115,116 RDR6 contributes to resistance to viruses, and it works with Suppressor of Gene 

Silencing 3 (SGS3) to produce trans-siRNA.117  

 

RNAi does not always involve cleaving the target mRNA. Sometimes mismatches 

prevent cleavage, but mismatches are not always the cause.118,119,120 Aside from slicing, RNAi 

can deadenylate and de-cap mRNA to destabilize it.121,122,123 AMP1 is bound to the rough 

endoplasmic reticulum (ER), and it can also bind to loaded AGO1.124 miRNA associated with 

translation inhibition is also localized to the rough ER, which suggests that plant cells keep target 

mRNAs away from translation machinery by binding them to the rough ER in a post-

transcriptional manner.124  

 

siRNA has been classified based on its functions and origins.125 MicroRNA (miRNA) 

originates from a single stranded RNA molecule with an inverted repeat that folds to form a 

hairpin structure.126 It is not as specific as other siRNA and can bind to multiple targets.126 

miRNA sequences can also be modified by adding or removing bases to form isomiRs.127 This is 

also true of other sRNA.128,129,130 siRNA can be generated by miRNA directed cleavage of RNA 

at two sites.131 Some siRNA can form from hairpin structures that fail to meet the criteria to be 

classified as miRNA. nat-siRNA is characterized by its origin, in which two complementary 

strands bind to form double-stranded siRNA. These two strands can overlap, or they can arise 

from completely different regions. Trans-acting (tasiRNA) works to silence regions other than its 
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origin. Because siRNA sequences can regulate multiple regions of the genome, it is possible for 

siRNA to be trans- and cis acting. Phased siRNA is generated as RNA is diced in intervals from 

a larger sequence. Heterochromatic siRNA is associated with epigenetic changes and RdDM.125 

There are other classification schemes that incorporate groups such as easiRNA that are 

generated from active retroposons.132 siRNA can even arise from tRNA and rRNA.133,134 

Individual siRNA may fall into multiple categories, but these classification systems are useful 

when sifting through sequence data for siRNA. Different software specializes in identifying 

different groups.135  
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Figure 1 DNA Methylation and Histone Modifications: Some histone modifications have been linked to enzymes that support 
the polymerases of RdDM or are associated with other DNA methylation.136 Some marks are known to correlate with POL V 
sites in rice.137 H3K4me3 can block POL V recruitment.138  

 DNA methylation has been linked to histone modifications (Figure 1). POL IV of RdDM 

is bound to DNA with the assistance of Sawadee Homeodomain Homologue 1, a protein that 

reads H3K9me2 and unmethylated or monomethylated H3K4.83,85 SUVH2 and SUVH9 of the 

POL V complex bind to methylated DNA. Other proteins associated with this complex facilitate 

binding to modified histones.96 Histone deacetylase 6, Jumonji 14, and ubiquitin-specific 

protease 26 can remove activating marks to make way for repressive marks, such as H3K9me by 

SUVH proteins.136 In CHG methylation, CMT3 binds to H3K9me while methylating DNA, and 

KYP binds to methylated DNA while it methylates H3K9.67,68 This forms a self-reinforcing loop 

for CHG methylation maintenance, and H3K9me2 is associated with the silencing of genes and 

transposons.56 In maize, RdDM appeared to limit a transposon’s expression when heat stress 

compromised the silencing histone marks.139 At this site, RdDM appeared to aid in the stable 

inheritance of histone modifications when stress might otherwise induce less repressive marks. 

 

Examples of Epigenetics and Stress Response 
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All these mechanisms can come together to give plants the ability to respond to unique 

situations. For example, changes in methylation have been observed when plants are under 

stress. In one study, Arabidopsis plants were exposed to salt, UV, drought, cold, heat, and 

flooding. Global hypermethylation was detected in all but the drought stressed plants.140 Global 

levels returned to normal in the progeny, but progeny of salt stressed had higher germination 

rates on salty media.140 This response was lost in dcl knockout mutants.140 This indicates that 

RNA directed DNA methylation can play a role in salt stress response.  Another example of 

methylation and stress is found in SPCH and FAMA, two genes involved in stomatal 

development. Under dry conditions, they are methylated with reduced expression and the plants 

produce fewer stomata.141 The phenotype was somewhat heritable in progeny crossed with wild 

type Arabidopsis.142 Knockouts of RdDM proteins did not have this response and methylation of 

FAMA was reduced.141 RdDM may facilitate some aspects of cold stress response. FLC 

expression is reduced under cold stress, and this repression is accompanied by 24 and 30 nt 

siRNA as well as H3K9me2.143 Histone modifications are also affected by stress. Stalled Ser5P 

Pol II and H3K4me3 were found near drought induced, trainable genes.13 Levels of H3K4me3 

were increased around many drought responsive genes, and these levels remained high in 

“trainable” genes.13  This stress memory only lasted 5-7 days.13 H3K9ac has been associated 

with drought as well, but this modification disappears quickly as the stress is removed.144 These 

examples illustrate how epigenetic changes can be responsive to stress, are sometimes heritable, 

and may alter plant phenotypes.  

 

Some major plant signals with known ties to stress response are also associated with 

methylation and gene expression changes. Plant defense responses are often mediated by 

salicylic acid and jasmonic acid. Salicylic acid helps activate innate, routine defenses and disease 

resistance while jasmonic acid manages defense response to urgent threats.145 Salicylic acid 

responses can regulate jasmonic acid responses.146 Both are known to trigger epigenetic changes 

and differential expression of defense-related genes.147,148 Some studies have linked 

brassinosteroids to epigenetic changes and plant defense regulation.145,149–151 Response to 

drought, cold, and high salt stress is linked to abscisic acid (ABA).145 ABA responses may alter 

gene expression through regulating histone writer proteins.152 Several drought-sensitive genes 

have changes to DNA methylation or histone modifications.153–155 Auxin is a plant growth 

regulator that is involved in many processes related to development and can inhibit ABA.145 

Auxin responses could be influenced by DNA methylation changes from methylation knockout 

mutants or viruses.156–158 These are some of the most important and widely studied signaling 

pathways in plants involved in stress response.145 There are many potential avenues for stress 

responses to trigger epigenetic changes and influence plant development.  

 

Conclusions: 

Epigenetics allows for changes to the expression of genes and transposons without 

requiring changes to DNA sequences. This gives plants plenty of ways to respond to 

environmental stimuli. These complicated processes can influence each other to provide multiple 

switches to allow plants to respond effectively to unique situations. DNA may bind tightly within 

the heterochromatin through histone modifications and thus prevent the transcription of 

unhelpful genes or transposons.50  Heterochromatin may be opened again as those locked up 
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genes are needed. Some proteins may bind to histone marks and regulate genes, sometimes 

through recruiting DNA methylases.47,97,136  

 

Methylation, in turn, can recruit proteins for histone modification.56  Methylation changes 

can occur in three contexts and are maintained by several processes.20 They are also modified 

through demethylation.71 DNA methylation prevent the disruptive activities of transposons.21,22,23 

Maintenance of epigenetic marks at other loci can also protect the plants from harmful viral 

DNA.117  A wide variety of sRNA controls gene expression and influence methylation. The 

major process of RdDM involves many proteins and allows targeted adjustments to the 

methylome to be implemented.136 Many cases of stress response and associated signaling 

pathways have been linked to changes in gene expression and epigenetics. Many such changes 

are fluid and can allow plants to respond without the occasionally detrimental commitment of an 

evolved response. Some responses are less transient and will stick around to give progeny a 

faster alternative to evolution by mutation. Several researchers have been working on hijacking 

these mechanisms to further human interests in crop production and weed control.159 Additional 

study is needed to understand how these mechanisms can cooperate in the myriad contexts.  

 

There are still many questions surrounding epigenetics and stress response regulation. 

There are many histone marks with unknown functions, and the role of gene body methylation is 

still undetermined.31,32,40  Some challenges facing researchers include the presence of other 

proteins, such as transcription factors, that can influence gene expression. With so many 

elements regulating gene expression, proving the specific changes that lead to different 

phenotypes can be extremely challenging.160 More studies are needed that explore multiple types 

of regulation simultaneously. This gives researchers a better opportunity to clearly identify 

epigenetic processes at work. Being able to rule out other factors would allow them to 

confidently identify the source of the new phenotypes.  

 

The heritability of epigenetic changes is inconsistent and debated.161,162 Knowing how 

many generations of stress are required for the heritable changes to become fixed in the 

phenotype could be very useful for managing plant stress responses in agriculture. More studies 

are needed to determine the transience of epigenetic responses. From the study conducted in 

maize, it appeared that the altered transposon state took several generations before the phenotype 

was inherited stably.139 Similar epigenetic changes induced by an herbicide could lead to a 

weed’s resistant phenotype.163 Perhaps there are other stresses challenging crop growth that 

could be moderated like the salt priming of seeds.14 Knowing how these processes are triggered 

and how long epigenetic changes will persist could help researchers use them to improve 

agricultural productivity.  
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Chapter 2: RNA Sequence Analysis of Weed Management Stress Responses in Arabidopsis 

thaliana 

 

Abstract: 

Weeds are regularly exposed to severe stress in the form of control measures that may 

include herbicides, physical damage, and competition from crops. Although the immediate 

impact of stress on plant gene expression is well documented, we wanted to investigate plant 

responses that persisted after a period of recovery or adaptation to the stress. Young Arabidopsis 

plants were treated with sublethal doses of one of four stressors associated with weed control: 

glyphosate, trifloxysulfuron, shade, or mechanical clipping. After the plants had recovered from 

the stress to the point of flowering, RNA was extracted from newly formed leaves and sequenced 

to characterize gene expression relative to unstressed control plants. Glyphosate-treated plants 

showed an enrichment of up-regulated defense and stress response genes, and down-regulation 

of growth and photosynthesis genes. Glyphosate and trifloxysulfuron treated plants shared some 

upregulated genes, but overall, the gene expression patterns were different among the stresses. 

The shaded plants and mechanically clipped plants had reduced expression of many defense 

response genes, but different genes were involved. These findings of persistent changes in gene 

expression indicate that plants respond specifically to different stressors and maintain new 

expression patterns in a way that could prime them to resist a similar, future stress.   

 

Introduction: 

In 1943, the Cooperative Mexican Agricultural Program helped Mexico to become self-

sufficient in wheat production and ushered in a period of agricultural innovation known as the 

Green Revolution.1 Much research would follow to support the needs of an increasing 

population. New varieties of wheat, rice, and maize were bred to have several useful traits, 

including resistance to abiotic and biotic stressors.2 Now, researchers are struggling to similarly 

increase production at a rate that will support the world’s population in the coming decades. 

Erosion, climate change, and limited fresh water add pressure to many growers.3 Herbicide 

resistance in weeds, which steal resources away from crops, is another threat to food production.4 

In this study we focus on stress responses linked with weed control measures, including 

herbicides, clipping, and shade. Better weed management could help present day farmers have 

higher yields to meet the food supply demands.  

 

Before the introduction of selective herbicides, farmers removed weeds by hand or tilling.  

There were some toxic substances that were known to kill plants, such as arsenic and copper 

salts, but these were damaging to crop plants as well.5 2,4-D was the first commercially available 

synthetic herbicide in 1946.6 Early in the days of synthetic herbicides, there were concerns about 

the development of resistance through either evolution of an individual species or inadvertently 

promoting the growth of the most resistant weedy species. Plowing and hand removal was 

recommended to supplement spraying. At the time, this labor was considered inexpensive.7 

 

In 1957, the first specific case of herbicide resistance was reported in wild carrot for 2,4-

D and related herbicides.8,9 Increased tolerance to herbicides was noted in the United Kingdom 

as early as 1954. The rotation of herbicides was recommended to help control this issue.10 By 

1969, there were about 120 synthetic herbicides with a variety of modes of action on the 

market.11 Reports of herbicide resistance were limited and largely overshadowed by the threat of 
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insecticide resistance until a case of atrazine resistance in 1968.8,12  Following this, resistance to 

triazine, ACCase-, and ALS-inhibiting herbicides was extensively studied, but the problems 

would intensify greatly with the introduction of herbicide tolerant crops that allowed growers to 

spray weeds after planting.13,14 

 

Glyphosate tolerant soybeans were released to the market in 1996 and planted across 

millions of acres, but glyphosate resistant ryegrass was discovered the same year.14,15,16 

Nevertheless, glyphosate usage in the United States increased with the release of additional 

tolerant crops.17 Although some other herbicide tolerant crops were available previously, they 

were not as popular as the Roundup Ready series.18 Resistance to glyphosate has been identified 

in many other weeds, including palmer amaranth, hairy fleabane, horseweed, and ragweed.4 

Usage further increased to combat increasing thresholds of resistance. Its recent decline may be 

due to the increase in resistance in weeds becoming so great that Roundup Ready crops are less 

cost effective.17  

 

Alternatives to herbicides for controlling weeds include tilling and manual weeding. The 

former disrupts soil structure and is associated with soil erosion, and the latter is not 

economically feasible.19,20  Leaving weeds to grow unchecked in fields has caused yield losses of 

53% in rice, 26% in Sorghum, 20% in corn, and 25% in wheat in the United States.20,21 There 

must be a method to make herbicides work, or weed management itself will have to change to 

protect yields. Crops tolerant to other herbicides, such as 2,4-D, glufosinate, and dicamba, are 

available, which allows for a rotation of herbicides that can be applied while the crops are 

growing.22 A greater understanding of how resistance develops in weeds could contribute to 

solutions.23 Some have suggested there could be an epigenetic component to resistance.24,25 

 

The present study is focused on Arabidopsis thaliana, which is both a model organism 

and an agricultural weed. The plants are relatively easy to grow, and many stress response 

studies have been performed previously that set a baseline for comparison.26 Also, its genome is 

the best characterized and annotated of all plant species.27 This study includes four stressors 

associated with weed management: shade; mechanical clipping; and the herbicides, glyphosate 

and trifloxysulfuron. Weeds can encounter shade stress while they attempt to grow beneath crop 

plants. Clipping may occur as farmers attempt to remove weeds through mowing or other tools 

that inflict mechanical injury. Knowing how weeds respond to these management methods can 

provide insight into the best practices for controlling them.  

 

The treatments were selected to trigger physiological responses, so we expected to see 

some long-term changes in gene expression in harvested tissue. Plants typically respond to 

clipping of leaves by growing back and initiating some defense responses to block herbivores.28 

Shade is another stress that weeds encounter in the field. When weeds emerge after the crops or 

compete with each other, they can have limited access to sunlight.29 Plants typically respond to 

shade stress by having a higher shoot to root ratio and expanding their leaf area. They may grow 

quickly in a vertical direction to escape the stress, and yields are often reduced.30 Without a 

chemical component, these stressors should be very different from those induced by herbicides 

and provide a good contrast. In all cases, the plants were stressed with sublethal doses to obtain 

progeny for further studies. 
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While we checked gene expression values, we were particularly interested in the 

expression of the herbicide target genes. The herbicides used in this study were glyphosate and 

trifloxysulfuron. Glyphosate targets the EPSPS enzyme which adds phosphoenolpyruvate’s 

enolpyruvyl moiety to shikimate-3-phosphate13, leading to a block in the synthesis of aromatic 

amino acids.31  Typical symptoms develop over the course of several days and involve chlorosis 

that starts in leaves of the apex and spreads into necrosis throughout the whole plant.32 The other 

herbicide, trifloxysulfuron, is an ALS inhibitor. It blocks the synthesis of branched chain amino 

acids, and thus reduces cell division and plant growth.33 Symptoms typically appear as a purplish 

discoloration of new grass leaves or broadleaf stems. Emerging plants may be stunted.32 There 

are several modes of action for herbicides, and they can have a variety of effects on plants. With 

our two herbicides, we want to know if there are target site changes as well as altered regulation 

of other genes that could contribute to herbicide resistance and recovery.  

 

Resistance to herbicides has been grouped into two broad classes: target site resistance 

(TSR) and non-target site resistance (NTSR).23 TSR typically involves either an amino acid 

substitution at the binding site of the herbicide to the target enzyme or overexpression of the 

target enzyme.34,35 TSR rarely involves more than one gene, and is relatively easy to screen for 

among resistant plants.34 NTSR includes all other sources of resistance. So far, NTSR has been 

grouped into three categories: translocation, avoidance, and metabolism.36 Altered translocation 

can prevent the herbicide from moving throughout the plant to restrict damage.37 This has been 

observed in several weed species that have evolved resistance to glyphosate.37 They keep the 

herbicide in the leaves and prevent its spread to vulnerable shoot tissue. Avoidance of the 

herbicide entails minimizing the effects of the herbicide. An example of this can be found in 

ryegrass that is resistant to paraquat, which affects its targets by generating O2
- radicals.38 

Resistant ryegrass can overproduce superoxide dismutase to deal with the radicals instead of 

directly dealing with the herbicide.39 Metabolism-based resistance encompasses instances where 

the herbicide is detoxified and broken down. The pathway for herbicide metabolism can be 

roughly divided into four steps.23 First, the herbicide is altered by phase I enzymes to allow 

phase II enzymes to add a hydrophilic molecule in the second step. Phase III transporters send 

the herbicide to the vacuole or extracellular space where it is finally degraded by phase IV 

enzymes. For example, a recent study of tribenuron-methyl resistant Myosoton aquaticum found 

constitutive up-regulation of all the gene families commonly involved in metabolism-based 

resistance: p450s, GSTs, glucosyltransferases, and ABC transporters.40 

 

While identifying TSR is fairly straightforward, mechanisms of NTSR often involve 

more genes and can be harder to elucidate.23 Epigenetics could even impact resistance. 

Methylation is associated with gene expression levels, chromatin structure, and transposon 

activity.41 It is sometimes directed by sRNA, which can also influence expression directly in 

RNAi.42 Methylation and sRNA could individually or collaboratively impact the expression of 

just the right p450s or some other genes to allow plants to survive herbicide application. We are 

also looking at the expression of genes related to such epigenetic pathways, including DNA 

methylation, RNA-directed DNA methylation, and histone modifications. Broad changes to 

methylation and methylation regulation could alter gene regulation on a more global scale. 

Another study has found an instance of UV light stress interfering with a methylase to impact 
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broad methylation patterns in Arabidopsis.43  If stress responses could trigger changes to broad 

or even local epigenetic changes, they could lead to altered gene expression that could impact the 

phenotype and perhaps even prime the plant for future stresses.44 

 

 Our objective was to compare and contrast the gene regulation changes of Arabidopsis 

exposed to several abiotic stressors involved in weed control: two herbicides, mechanical 

clipping, and shade. We subjected young plants to these stresses, and later harvested new leaf 

tissue. From the resulting RNA seq analysis, we wanted to answer several questions. First, we 

were curious if stress responses would persist after the weeks of recovery and how would they 

relate to the plant coping with the stress. We want to know if there are differentially expressed 

genes pertaining to herbicide resistance and epigenetic pathways. The herbicides target different 

pathways, and there could be some important similarities and differences between those 

treatments. Persistent changes to gene expression and changes to epigenetic regulation could 

allow long term changes to the phenotype that could influence future responses to stress.  

 

Methods: 

Plant Growth Conditions: 

Arabidopsis thaliana seeds of inbred ecotype Columbia were soaked in 0.1% agarose for 

five days in darkness and then sown onto Sunshine #1 potting media. The plants were grown in a 

Conviron growth chamber with a 16 hour and 22˚C day and an 8 hour 20˚C night. The light 

intensity during the day was 90 μmol m-2s-1. About 25-30 days after sowing, most of the plants 

had developed a full rosette, and plants used for treatments were selected for developmental 

uniformity. These plants were randomly assigned to either the control treatment or a sublethal 

dose of one of our four stressors that had been empirically determined to cause injury that was 

just short of lethal, so plants could recover, flower and set seeds. Glyphosate treated plants were 

sprayed with 7% of the recommended label rate of 0.80 kg ae / ha of RoundUp Pro Concentrate; 

Trifloxysulfuron treated plants were sprayed with 2.8% of the label rate of 0.02 kg ai /ha of 

Monument 75WG; shade treated plants were grown under a shade cloth that blocked 90% of the 

ambient light; and clipped plants had 90% of their biomass removed 3 times in 7 day intervals. 

Plants exposed to herbicide were treated in a spray chamber set to spray 187 L/ha at 2.09 KPH. 

Some of the stressors delayed flowering by several days, so under the above conditions, new 

control plants for them were grown that could be harvested at a similar time to match the clipped 

and glyphosate-treated plants. When the Arabidopsis plants had started to flower and had ~9 

siliques, new rosette leaves were harvested for nucleic acid extraction (Fig. 1). 
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Figure 2. Experimental Design: Young Arabidopsis plants were treated with the stressors, 
glyphosate, trifloxysulfuron, mechanical clipping, and shade.  After plants had recovered from 
each stress sufficiently to initiate flowering, new rosette leaves were harvested to obtain DNA 
and RNA for sequencing.  

 

Tissue Collection and Sequencing: 

Leaves were ground in liquid nitrogen, and the frozen ground tissue was separated into 

aliquots for nucleic acid extraction. RNA was extracted using the miRNeasy Mini Kit (Qiagen, 

Germany) according to the supplied protocol. Samples of extracted RNA were sent to Novogene 

for Illumina library preparation and paired-end sequencing on the HiSeq 4000 platform. There, 

Arabidopsis RNA libraries were sequenced to 25 million reads.  

 

RNA Mapping and Analysis: 

Adaptors were trimmed with Trimmomatic V0.33, using the default 4:15 sliding window 

and leading and lagging quality values of 3.45 The minimum read length was set to 75bp to 

identify mRNA sequences. The sequences passing these quality filters were mapped to the 

TAIR10 genome with STAR V2.7.0c using the default settings.46 These mapped reads were 

converted into sorted sam files and duplicates were removed with SAMtools V1.2.47 RNA read 

levels were extracted with FeatureCounts V1.6.4.48 This matrix was further analyzed with 

DESeq2 V1.28.1, which was recommended among other similar software packages for analyses 

with fewer replicates and low false positive rate.49 DESeq2 calculates dispersion and shrinkage 

estimates for each gene to identify log fold changes in expression that are significant.50 Each 

treatment was contrasted to the control, and differentially expressed genes were identified with 

adjusted p-values below .001 and a log2fold change of at least two. The differentially expressed 

genes identified with DESeq2 were compared to those identified with EdgeR V3.30.3 using an 

adjusted p value of .01 and a log2 fold change of at least 2. The DESeq2-identified, differentially 

expressed genes were entered into a gene ontology (GO) analysis with Panther to look for 

significant enrichment of GO terms among the annotations for the differentially expressed 
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genes.51 It was set to the defaults with a Fisher’s exact test and Bonferroni’s multiple testing 

correction.   

 

Results: 

RNA PCA evaluation 

 The mapped RNA was added to a count matrix to tally the RNA that mapped to each 

known gene in Arabidopsis to estimate gene expression levels. To test the quality of our results, 

we used a principal component analysis (PCA) to see if the RNA results of each sample were 

similar to the others in their treatment group. The variance stabilized count matrix was used for a 

PCA analysis of the samples (Fig. 2). While some members of each treatment group are spread 

out, the replicates can be grouped by their treatment. As the clipped and glyphosate sprayed 

plants had delayed flowering, we grew some separate control plants to harvest at the same time.  

We expected their associated controls to somewhat resemble those treatments, and each pair of 

those controls are between their associated treatment and the control plants harvested alongside 

the trifloxysulfuron and shade-treated plants.  

 
Figure 3 RNA PCA Plot: A variance stabilized count matrix of control (CO), glyphosate (GLY), 
clipping (CL), shade-treated (SH), and trifloxysulfuron (TRI) RNA sequences were compared with 
PCA.  
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After analyzing the count matrix with DESeq2, differentially expressed genes were 

identified for each treatment (Fig.3). Glyphosate treated plants had the most differentially 

expressed genes, followed by shaded, clipped, and trifloxysulfuron treated plants (Fig. 3). In 

most cases, more genes were downregulated under stress rather than upregulated when compared 

to the untreated control. The exception to this was the trifloxysulfuron treated plants, for which 

the great majority of differentially expressed genes were upregulated. The results of the DESeq2 

differential expression analysis were compared to those identified using EdgeR to develop a 

candidate list that was robust to analysis method. The adjusted p value was relaxed to .01 to 

accommodate EdgeR’s more stringent requirements, but generally, the genes identified were 

consistent (Fig. 4).52  

 

The identified differentially expressed genes for each treatment were compared to 

identify which DEGs were commonly up- and downregulated under different stressors. For 

downregulated genes, the most overlap occurred between shaded and glyphosate treated plants, 

closely followed by shaded and clipped plants (Fig. 5). Some terms were enriched with this set of 

genes, including biological processes related to defense, jasmonic acid response, aging, and 

anthocyanin synthesis. The most overlap between upregulated genes occurred between 

glyphosate and trifloxysulfuron treated plants and included enriched phosphate starvation 

responses (Fig. 6).  

 

This list of differentially expressed genes was used for enrichment analysis of gene 

ontology (GO) terms. Most groups of differentially expressed genes returned GO terms that had 

significant enrichment. The trifloxysulfuron downregulated genes was the smallest group of 

genes. Trifloxysulfuron upregulated genes included enriched terms of drought response, abscisic 

acid response, and leaf senescence (Fig. 7). The glyphosate treated plants’ upregulated genes 

held the same terms as well as biological processes associated with defense, toxin metabolism, 

and response to salicylic acid (Fig. 8). There was also an enrichment of transporters and 

glutathione transferases among the molecular processes. The downregulated genes also included 

some stress response genes, there was heavy enrichment of growth and photosynthesis-related 

genes. We also identified several downregulated DEGs in glyphosate pertaining to methylation 

(Table 1). Mechanically clipped plants had enrichment of stress and defense responses among 

the down-regulated genes, but few terms among the upregulated genes (Fig. 9). Shade-treated 

plants’ upregulated genes had enriched stress response process, and many defense-related genes 

were downregulated in shade-treated Arabidopsis (Fig. 10).  

 

The herbicide-treated Arabidopsis plants were also contrasted against the other two 

stressors to identify genes associated with herbicide treatment instead of those that may just be a 

generic stress response. In total, 731 genes were down-regulated in the presence of herbicide and 

874 genes were up-regulated relative to the other stressors (Fig. 3). Together, the GO terms 

followed the general pattern of glyphosate treated Arabidopsis with an increase in expression of 

defense and other stress response genes while cell cycle and photosynthesis related genes had 

lower expression levels (Fig. 11). Some of the other stress responses genes were connected to 

salt, drought, and oxidative stress. 

 

Some gene classes have been implicated in herbicide metabolism, including ABC 

transporters, glycosyltransferases, glutathione-s-transferases, and p450s.23 The counts of those 
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genes were compared across treatment groups (Table 2). While the vast majority of these genes 

were unaffected by our treatments, some were differentially expressed. Glyphosate treated 

Arabidopsis had the most differentially expressed genes in all categories of herbicide metabolism 

genes, but more of them were upregulated than downregulated, which was against the overall 

trend of glyphosate DEGs. The number of herbicide metabolism DEGs decreased with shaded, 

mechanically clipped, and trifloxysulfuron treated Arabidopsis, respectively, and this reflected 

the decrease in overall DEGs with those treatments. Glyphosate and trifloxysulfuron treated 

Arabidopsis did not appear to have any overlapping metabolism genes.  

 

 

 
Figure 3: Differentially expressed genes detected by DESeq2 with an adjusted p-value of .001 
and a log2 fold change of at least 2. Arabidopsis plants treated with glyphosate (GLY), 
trifloxysulfuron (TRI), mechanical clipping (CL) and 50% shade (SH) were contrasted against the 
untreated control. (H) is a contrast with both herbicides against the other stressors, with 874 
genes upregulated under herbicide treatment when compared to the other stressors. 
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Figure 4. DESeq2 and EdgeR Differentially Expressed Genes: Most of the genes identified with 
DESeq2 were also identified with EdgeR general linear model contrast and a multiple 
comparison-adjusted p value of .01 for each treatment.  
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Figure 5. Overlapping Downregulated Genes: There was some overlap between genes that were 
downregulated under glyphosate-treated (GLY), trifloxysulfuron-treated (TRI), mechanically 
clipped (CL), and shaded (SH) plants.  

 

Figure 6 Overlapping Upregulated Genes: There was some overlap between genes that were 
upregulated under glyphosate-treated (GLY), trifloxysulfuron-treated (TRI), mechanically 
clipped (CL), and shaded (SH) plants.  
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Figure 7: Trifloxysulfuron Gene Enrichment: The negative log10 of the expected p-values is 
shown for gene ontology terms that were over- and under-enriched under trifloxysulfuron 
herbicide stress. A higher value indicates more significant enrichment.  
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Figure 8: Glyphosate Gene Enrichment: The negative log10 of the expected p-values is shown for 
gene ontology terms that were over- and under-enriched under glyphosate herbicide stress. 

 

 
Figure 9. Mechanically Clipped Gene Enrichment: The negative log10 of the expected p-values is 
shown for gene ontology terms that were over- and under-enriched under mechanical clipping 
stress. 
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Figure 10. Shade-Treated Gene Enrichment: The negative log10 of the expected p-values is 
shown for gene ontology terms that were over- and under-enriched under shade stress. 
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Figure 11. Herbicides Against Other Stressors Enrichment: The negative log10 of the expected p-
values is shown for gene ontology terms that were over- and under-enriched under either 
herbicide treatment when compared to shade or clipping stress. 

 

Table 1. DNA Methylation Genes: Some differentially expressed genes with functions pertaining 
to DNA methylation are listed for each treatment except mechanical clipping, which did not 
have DEGs with this function.  

Gene ID Treatment DEG Name GO Functions27 

AT5G43990 GLY - SUVR2 zinc ion binding, histone-lysine N-methyltransferase 
activity, histone lysine methylation, nucleolus, 

protein binding, protein binding, nucleus, 
chromosome, gene silencing by RNA-directed DNA 

methylation 
AT2G36490 GLY - ROS1 base-excision repair, DNA demethylase activity, 

class I DNA-(apurinic or apyrimidinic site) 
endonuclease activity, DNA-(apurinic or 

apyrimidinic site) endonuclease activity, nucleus, 
DNA repair, DNA N-glycosylase activity, protein 

binding, DNA-(apurinic or apyrimidinic site) 
endonuclease activity, DNA methylation, DNA N-
glycosylase activity, DNA demethylation, defense 

response to fungus 
AT1G57820 GLY - VIM1 ubiquitin-protein transferase activity, maintenance 

of DNA methylation, protein ubiquitination, 
ubiquitin protein ligase activity, methyl-CpG 

binding, methyl-CpNpG binding, methyl-CpNpN 
binding, chromatin binding, chromocenter, double-

stranded methylated DNA binding, pericentric 
heterochromatin assembly, DNA methylation on 

cytosine, histone binding, nucleus, chromatin 
organization, cell division, ubiquitin-protein 

transferase activity, protein ubiquitination, nucleus, 
DNA methylation on cytosine within a CG 

sequence, positive regulation of DNA methylation-
dependent heterochromatin assembly 

AT1G05490 GLY + CLSY3 gene silencing by RNA-directed DNA methylation, 
positive regulation of RNA interference 

AT5G66750 GLY - DDM1 DNA binding, nucleus, DNA-dependent ATPase 
activity, regulation of gene expression by genetic 

imprinting, regulation of DNA methylation, positive 
regulation of histone H3-K9 methylation, DNA 

helicase activity, negative regulation of histone H4 
acetylation, protein binding, transposition, RNA-

mediated 
AT3G54560 GLY - H2A11 DNA binding, protein heterodimerization activity, 

protein binding, flower development, defense 
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response to bacterium, detection of temperature 
stimulus, regulation of gene expression, regulation 

of DNA methylation, response to osmotic stress, 
negative regulation of transcription, DNA-

templated 
AT1G13790 GLY - FDM4 gene silencing by RNA-directed DNA methylation 
AT5G49160 GLY - MET1 chromatin binding, DNA (cytosine-5-)-

methyltransferase activity, nucleus, C-5 
methylation of cytosine, zygote asymmetric 

cytokinesis in embryo sac, regulation of gene 
expression by genetic imprinting, maintenance of 
DNA methylation, DNA methylation on cytosine 

within a CG sequence, DNA mediated 
transformation, protein binding, methyltransferase 
activity, negative regulation of flower development 

AT4G08590 GLY - VIM6 nucleus, methyl-CpG binding, maintenance of DNA 
methylation, DNA methylation on cytosine within a 

CG sequence, methyl-CpNpG binding, methyl-
CpNpN binding, histone binding, ubiquitin protein 

ligase activity, cytoplasm, ubiquitin-protein 
transferase activity, protein ubiquitination 

AT5G39550 GLY - VIM3 maintenance of DNA methylation, histone binding, 
ubiquitin protein ligase activity, methyl-CpG 

binding, methyl-CpNpG binding, methyl-CpNpN 
binding, DNA methylation on cytosine, ubiquitin-

protein transferase activity, vegetative to 
reproductive phase transition of meristem, protein 

ubiquitination, DNA methylation on cytosine, 
nucleus, DNA methylation on cytosine within a CG 
sequence, positive regulation of DNA methylation-

dependent heterochromatin assembly 
AT1G13790 TRI - FDM4 gene silencing by RNA-directed DNA methylation 
AT5G43990 SH - SUVR2 zinc ion binding, histone-lysine N-methyltransferase 

activity, histone lysine methylation, nucleolus, 
protein binding, nucleus, chromosome, gene 
silencing by RNA-directed DNA methylation 

 
Table 2. Overlapping Herbicide Metabolism Genes: The counts of four herbicide metabolism 
types of genes, p450s (p450), glutathione-S-transferases (GST), glucosyltransferases (GT), and 
ABC transporters (ABC), respectively, that were significantly differentially expressed are listed 
for each combination of conditions: glyphosate (G), trifloxysulfuron (T), clipped (L), and shaded 
(S). Uppercase indicates that the genes were upregulated under that condition while lowercase 
indicates that the genes were downregulated under that condition.   

  P450 GST GT ABC 

GS 0 0 1 0 

GL 0 0 1 0 

Gl 0 0 0 0 
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G 12 5 21 5 

Gs 1 1 4 2 

Gt 2 0 0 0 

Gts 0 0 0 1 

gTS 0 0 1 0 

gT 5 1 1 0 

gTsl 0 0 1 0 

gSl 0 1 0 0 

gl 0 3 1 0 

g 6 4 10 3 

gsl 1 1 1 0 

gs 1 0 0 3 

TSL 1 0 0 0 

TL 1 0 0 0 

T 3 0 4 2 

SL 3 0 1 1 

S 7 0 3 2 

L 9 0 1 0 

l 1 2 4 1 

sl 2 1 5 2 

s 8 0 15 5 

tl 1 0 0 1 

t 0 1 1 1 

tsl 0 0 1 0 

ts 1 1 1 0 

NA 179 32 241 100 

 

Discussion: 

Our goal was to identify Arabidopsis’ response to herbicides and other stresses by 

determining which genes’ expression was affected by the stress. Comparing and contrasting 

these responses can help us understand how Arabidopsis reacts to herbicides in general and 

individually. We also applied two other stresses associated with weed management, shade and 

mechanical clipping.  We identified many differentially expressed genes across all treatments, 

especially glyphosate.  There were some similarities between the glyphosate and trifloxysulfuron 

responses, despite the differing modes of action. Clipped and shaded plants both had common 

downregulated genes. We identified several genes that are interesting for further study.  

 

All of the samples could be separated by treatment in the PCA. The controls grown with 

glyphosate-treated plants and those grown with the clipped were between those treatments and 

the other controls. This shows that the overall RNA levels were similar between treatments and 

shows that there could be consistent responses to our stresses.  We identified many differentially 

expressed genes: 1876 in glyphosate-treated, 273 in trifloxysulfuron-treated, 782 in shaded, and 

376 in shaded. Under all stresses but trifloxysulfuron, there were more downregulated than 

upregulated genes. This gives us many genes to examine and submit for gene ontology analyses. 

Getting similar results from both the DESeq2 and EdgeR methods gave us more confidence in 
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the obtained results. Glyphosate and trifloxysulfuron-treated plants had the greatest number of 

overlapping DEGs at 68, while clipped and shaded plants had 101, by far the most overlapping 

downregulated genes. 

 

The increase in defense and stress response genes for herbicide treated plants could be 

related to their exposure to toxic chemicals, which could resemble a pathogen attack. There were 

not many significant enrichment terms among the upregulated genes in trifloxysulfuron treated 

Arabidopsis, but those present did not overlap with another RNA seq analysis with Arabidopsis 

and a different ALS-inhibiting herbicide, which found enrichment of cell differentiation and 

secondary metabolite synthesis genes.53 Glyphosate is known to impact photosynthesis, cause 

oxidative stress, and is associated with increased susceptibility to disease.54 All of these 

processes appeared affected by the stress when we conducted the enrichment analysis. Some 

individual genes of interest included the herbicide target genes, EPSPS (AT1G48860) and ALS 

(AT3G48560).55,56 In glyphosate-treated Arabidopsis, the EPSPS gene had a log2 fold change of 

-.406 and an adjusted p value of .034. It did not fall within our stringent requirements for 

identifying differentially expressed genes. Also, the ALS gene did not appear to be differentially 

regulated with a log2 fold change of .214 and an adjusted p value of .398. It is interesting that 

these responses persisted for weeks after the initial treatment and in tissue developed after the 

stress, and it raises the possibility of epigenetics driving long-term changes throughout the plant.  

This means that epigenetic changes could prime plants to respond better to future stresses.  

 

The level of herbicide applied was deliberately selected to stress but not kill our plants. It 

is possible that some long-term responses include herbicide target and other genes related to 

resistance. In the field, glyphosate resistance has come about through several means, including 

both TSR and NTSR. In our plants, we detected differential expression from several genes in the 

herbicide metabolism families: p450s, ABC transporters, glutathione-s transferases, and 

glycosyltransferases.23 There was also a positive enrichment of xenobiotic transmembrane 

transporters and other transporters, which could relate to translocation based resistance. Given 

that the plants had time to recover, it is interesting that so many resistance-related genes were 

still active.  It is possible that such changes could give plants an advantage if they were exposed 

to the same stress and thus promote herbicide resistance in this weedy species.   

 

Resistance to ALS inhibiting herbicides developed rapidly after their release and helped 

the scientific community take notice of herbicide resistance.4,8 It was first detected for 

trifloxysulfuron in bluegrass in 2013 and has since been identified in several other species, 

including a few weeds from the Amaranthus genus.57,4 Resistance to other ALS-targeting 

herbicides frequently develops through amino acid substitution; however, NTSR has also been 

identified.58 In our plants, there was enrichment of some salt stress response genes. 

Trifloxysulfuron-treated Arabidopsis had the most in common with those treated with glyphosate 

when comparing overlapping upregulated genes. Despite having different modes of action, the 

two herbicides appeared to elicit similar responses. When glyphosate and trifloxysulfuron treated 

plants’ RNA levels were contrasted against the other two stresses, the overall enrichment of 

DEGs had much in common with the glyphosate treated when compared to the control. One 

reason that glyphosate could have elicited such a strong response is that it is not readily 

metabolized by most plants. Trifloxysulfuron, on the other hand, is characterized by a shorter 

half-life.59,60 It is possible that there is still glyphosate within the plant to trigger stress responses. 
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Shade and clipping are also interesting because they depict other mechanisms of weed 

control in the field. These treatments also provide another set of stress responses to which we can 

compare herbicide responses to separate those specific to herbicides. Mechanically clipped plants 

showed an enrichment of stress and defense response genes among the down-regulated genes, 

including responses to pathogenic organisms, jasmonic acid defense, and drought. Another study 

found that defense response and water deprivation genes were initially upregulated after 

mechanical wounding although the response decreased after a few hours.28 The weeks of 

recovery time for our mechanically clipped plants could explain why we did not detect the same 

defense responses if the responses in that Arabidopsis study decreased after a few hours.  Our 

mechanically clipped plants had far fewer DEGs than those treated with glyphosate. The clipped 

plants and shaded plants had the most overlap with 101 downregulated genes. In both cases, the 

downregulated genes had enriched defense-related functions. Perhaps the clipped plants were 

shifting resources towards a more important plant function for recovery. The shaded plants may 

have been conserving resources for growth, as they were stressed continuously.  

 

The shade treatment was unique in that it was continuously applied, so there was no 

recovery time with this stress. This could affect which genes were active in those plants. Shade-

treated plants only had some significant GO terms associated with the up-regulated genes: a few 

that were defense related, osmotic stress response, and drought response genes. The decrease in 

expression of stress response and defense related genes may have been the plant reducing 

resources allocated to genes not essential for reproduction to compensate for the lack of light. 

This would concur with other studies, but this is not how all plants species respond to 

shade.61,62,63 A recent study has identified two genes (AT3G22170 and AT4G15090) that 

regulate such a balance in Arabidopsis, and our results appear to support this balance but not the 

gene expression values.64 The actual log2 fold change of AT3G22170 was -.284 and adjusted p 

value was .269, which does not indicate differential expression, and AT4G15090 similarly had a 

log2 fold change of -.315 and adjusted p value of .148. The shade-treated plants appeared to have 

reduced expression of many defense response genes, but a few stress response genes were 

upregulated. There were a few pertaining to defense and some related to oxidative stress. These 

upregulated processes could have been involved in the plant’s immediate needs to cope with its 

current stress.   

 

 There are several steps that could be taken to follow up this experiment. First, the 

expression levels of these genes of interest should be verified with quantitative PCR. This can 

help confirm that the genes that appear differentially expressed through this analysis are truly 

significantly different between treatments. Many Arabidopsis genes have already been studied, 

but sometimes further analysis is needed to determine the function of lesser-known genes or their 

role in stress response. While differential expression analysis is an excellent tool for selecting 

genes to spend resources investigating, expression that correlates with a stress can be a 

coincidence. Not all transcripts create functional protein products, and post-transcriptional 

regulation can influence the effect of the transcripts. A common technique for analyzing the 

effect of genes on plant physiology is to use knockout plant.65 Mutant plants are generated to 

have reduced or no expression of the gene in question, and the effect is observed.  This technique 

may be useful for further characterizing genes identified with this analysis.  
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Still, we identified several genes that could be relevant to stress and particularly herbicide 

response. If gene expression can still be so different after the stress was imposed, it is possible 

that the plants might react differently if they were exposed to the stress again. In the glyphosate 

treated plants, there were many differentially expressed genes with relevance to herbicide 

response and resistance. There were also several downregulated genes related to methylation 

regulation and RdDM. Glyphosate and trifloxysulfuron-treated plants had more upregulated 

genes in common than the other treatments while clipped and shaded plants had more 

downregulated defense genes in common. Our treatments elicited a long-term response of 

disrupted gene regulation, which allows for a possibility of stress memory in Arabidopsis.  
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Chapter 3: Differential Responses of Epigenetic Pathways in Response to Weed 

Management Stressors 

Abstract: 

 Plants can cope with stress in a variety of ways, including modulation of the regulatory 

mechanisms associated with changes in gene expression. DNA methylation, which is sometimes 

directed by sRNA, is a widely studied epigenetic process. While fluctuations in methylation and 

sRNA have been linked to stress response, it is unknown which changes will persist after the 

plants have recovered from stress and if the changes are similar under different stresses. DNA 

and sRNA were extracted from Arabidopsis plants that had been exposed to no stress (controls) 

or one of four stresses: glyphosate, trifloxysulfuron, mechanical clipping, or shade. DNA 

methylation and sRNA levels of genes in stressed plants were compared to those of an untreated 

control to identify differential activity.  We found many responses involving methylation and 

sRNA such as differentially methylated regions (DMRs), differentially methylated cytosines 

(DMCs), and differentially expressed sRNA.  Glyphosate-treated plants had the largest number 

of differentially methylated sites, including 66 hypomethylated DMRs, and differentially 

expressed sRNA. There was almost no overlap among the differentially expressed sRNA 

between treatments.  These results show that plants undergo stress-specific changes to systems 

associated with epigenetic mechanisms, suggesting that such systems may be involved in plant 

adaptation to stress.   

 

Introduction: 

 Epigenetics is the study of changes to physiology that are not due to changes in the 

genetic sequence.1 This focuses on the forces that drive gene expression. Such a system was first 

proposed by Waddington, who also coined the word “epigenetics” in 1942 as he remarked on 

differences between phenotypes that are not linked to the genetic sequence.2 The term was 

related to a 17th century discussion about epigenesis and the processes that may underly tissue 

differentiation.3 Epigenetics is believed to drive sometimes heritable gene expression changes 

that alter the phenotype. There are some processes, including histone modifications and DNA 

methylation, that can facilitate these changes.1 sRNA can also be relevant in post-transcriptional 

regulation and RNA-directed DNA methylation (RdDM).4  

 

In this study, we were interested in long-term stress responses in Arabidopsis, with a 

focus on weed control measures. We treated young plants with glyphosate, trifloxysulfuron, 

shade, and mechanical clipping. Then, the stress was removed in all treatments but shade until 

flowering, which was when we extracted tissue for nucleic acid sequencing. In the previous 

chapter, we identified many differentially expressed genes from this experiment, showing that 

the stressors elicited long term responses for all treatments. Stress responses in plants are not 

limited to changes in gene expression. We want to study how these changes could be regulated in 

Arabidopsis, a weedy species, to better understand how weeds cope with stress and thus move 

towards better management strategies.5 This chapter focuses on the epigenetic responses that 

were detected through DNA methylation and sRNA levels. 

 

Two pathways suspected of controlling epigenetics are DNA methylation and histone 

modifications. DNA methylation involves the addition of a methyl group to the fifth carbon of 

cytosine.6 Histone modifications are the addition of functional groups, such as methylation and 

acetylation, to the amino acids of histone proteins, which DNA coils around to form chromatin.7 
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Chromatin has two forms, heterochromatin and euchromatin. The former is a tightly wound form 

that is condensed and not readily accessible for transcription, while the latter is a looser form that 

allows genes to be expressed.8 Some histone modifications are associated with each form, and 

others are believed to help DNA become accessible for transcription or help other proteins bind 

near genes to regulate their expression.8,9 Although this study does not focus on histone 

modifications, they are an important epigenetic process, and a factor that can influence both gene 

expression and DNA methylation.10 

 

In mammals, DNA methylation primarily occurs in the CG context, a cytosine that is 

followed by a guanine.11 Plants also have methylation in the CHH and CHG context, where “H” 

is any base other than guanine.11 In plants, CG methylation is maintained by DNA methylase 1 

(MET1).12,13,14 CHG methylation acts with H3K9me in a self-reinforcing loop facilitated by 

chromomethylase 3 (CMT3). CHH methylation is maintained by (CMT2) in some cases, but it is 

often associated with a process known RNA-directed DNA methylation (RdDM), which 

methylates DNA in all contexts.15,16 Both are associated with transposon silencing. Some 

patterns of DNA methylation coincide with gene expression levels, suggesting a causal 

relationship between DNA methylation and gene expression.17 While methylation levels are 

typically reset with new generations, some broad patterns of methylation appear highly 

conserved.18 As methylation levels are known to change under some stresses, it is interesting to 

know whether these changes could potentially be passed to future generations and thereby prime 

them for potential encounters with those same stresses.19,20 

 

Hotchkiss first discovered DNA methylation in 1948.21 In bacteria, it has a role in the 

restriction enzyme defense system against bacteriophages.22 Some restriction enzymes are 

sensitive to the presence of methylation and will thus only cut unmethylated viral DNA. This 

principle was used in an early method for detecting methylation levels in extracted DNA.23  

Some microarrays were developed to detect the resulting different-sized fragments.24 There are 

several routes to study the effects of reduced DNA methylation in plants. One method involves 

chemicals, such as 5-azacytidine, procainamide, and 5-aza-2′-deoxycytidine, that are known to 

remove cytosine methylation and reactivate some genes.25,26 Knockout mutant plants for various 

combinations of DNA methylases and associated processes have reduced methylation.27–29 Some 

target methylases, such as cytosine methylase 1 (MET1) and proteins that assist methylases, such 

as decrease in DNA methylation 1 (DDM1). These provide opportunities for researchers to 

conduct experiments and determine the importance of methylation in various growth 

conditions.30,31 Methylation had suspected involvement in differential expression and tissue 

differentiation.32  Other studies found that organism development proceeded abnormally in the 

absence of methylation.23 Today, DNA methylation is detected through a method known as 

bisulfite sequencing. Bisulfite treatment converts unmethylated cytosines to uracil, which is then 

converted to thymine as fragments are amplified during sequencing.33 Mapping these altered 

sequences to the genome with settings that tolerate conversions of cytosine to thiamine and then 

checking the counts of each can give an estimate of the methylation level at a particular base.34  

 

Several patterns of DNA methylation near genes have been identified.35 Some genes are 

unmethylated and do not have methylation in any context.  A common pattern of methylation is 

known as gene body methylation, which involves higher levels of CG methylation in the center 
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of genes but lower levels at the transcription start and termination sites.36 The role of gene body 

methylation, particularly in Arabidopsis, is unclear.37 Promoter methylation involves higher 

levels of methylation at the start sites and is associated with transcriptional suppression.38,39 

CHG methylation can occur in some genes and is associated with lower levels of transcription.17 

RdDM involves higher levels of methylation in all contexts and is associated with silencing.16  

Methylation changes have been linked to stress responses in a variety of studies.40,41,42 It has also 

been connected to phenotype changes.43,44 

 

Epigenetics can also involve small RNA (sRNA). Plant sRNA is synthesized in the 

nucleus from long noncoding RNA (lncRNA).45  The primary known functions for sRNA is 

regulation of the expression of genomic features, such as genes and transposons; and recruitment 

of proteins to a specific target.46 There are three primary groups in RNAi: microRNA (miRNA), 

Piwi-interacting RNA, and small interfering RNA (siRNA).47 miRNA has been connected to 

development, differentiation, and response to salt stress.48,49 With miRNA, Argonuate 1 binds 

with other proteins to form a RISC complex for post transcriptional regulation.47,50,51 Then, 

messenger RNA with the right complementary bases is sliced with the RISC complex to prevent 

gene expression, or the protein complex remains on its target to prevent translation of the mRNA 

into protein.48,52 miRNA is one class of sRNA that can regulate gene expression post-

transcriptionally, and some of our sRNA could be miRNA. 

 

While plants do not have Piwi-interacting small RNA, the role of siRNA has expanded to 

fill part of that niche.53 21-22 bp siRNA are involved in gene silencing.54 In RdDM, siRNA 

guides a large protein complex to bind to a specific target within the genome and methylates 

DNA through Domains Rearranged Methylase 2.4 The guiding siRNA for this process is 

typically 24 base pairs (bp) long, but it can also be 21 or 22 bp.45 This siRNA is typically 

heterochromatic and thus cis-acting, which means that its target is the surrounding DNA of the 

original lncRNA.47 Some siRNA is trans-acting, which is also known as ta-siRNA.47 It is 

generated by the cleavage of other RNA by miRNA.55 There are siRNA known to come from 

transfer RNA, ribosomal RNA, and retrotranposons.56,57,58 This has led to several overlapping 

classification schemes based on sRNA targets, origins, and functions, and these have varying 

usefulness depending on the objective of the study.  

 

sRNA levels can be challenging to study. One problem commonly encountered is 

multimapping while aligning sRNA sequence data to a genome. Shorter sequences will naturally 

map to more locations in the genome. This makes downstream analyses challenging. Many 

programs will automatically discard multimapping reads. Discarding all of them would be a big 

loss of data. With ta-siRNA acting on sites other than its origin, it could easily align to both 

locations. The high fidelity of siRNA sequences to their targets could mean that the sRNA would 

map to both locations, and the source and target of the siRNA would be important. There are 

several programs available that can attempt to sort where the multimapping sRNAs should be 

placed in the genome.59,60,61 Despite these challenges, some other studies have linked 

differentially expressed sRNA to stress responses in plants.45,62,63 Differentially expressed sRNA 

associated with potential non-target site resistance genes for the fenoxaprop-P-ethyl herbicide 

has been detected in an herbicide resistant variety of slough grass.64 sRNA has the potential to 

influence gene expression in ways that can help plants cope with stress.  
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Between these two regulatory forces, small RNA and DNA methylation, we wanted to 

see whether there were long-term differential methylation and sRNA changes associated with our 

treatments, glyphosate, trifloxysulfuron, clipping, and shade, when they are compared to the 

untreated control. Both epigenetic systems have suspected involvement in gene expression, so 

we wanted to test for differential expression at any sites of differential methylation and sRNA. 

Perhaps some of these changes may prime the plant in a way that could influence how it reacts to 

future instances of the stresses.65 These persistent changes could give weeds an advantage if they 

are exposed to the same stress again. Growers could consider this while selecting the appropriate 

weed control strategies and perhaps avoid using the same method repeatedly.  

 

 

Methods:  

Plant Growth Conditions: 

Arabidopsis thaliana seeds of inbred ecotype Columbia were soaked in 0.1% agarose for 

five days in darkness and then sown onto Sunshine #1 potting media. The plants were grown in a 

Conviron growth chamber with a 16 hour and 22˚C day and an 8 hour 20˚C night. The light 

intensity during the day was 90 μmol m-2s-1. About 25-30 days after sowing, most of the plants 

had developed a full rosette, and plants used for treatments were selected for developmental 

uniformity. These plants were randomly assigned to either the control treatment or a sublethal 

dose of one of our four stressors that had been empirically determined to cause injury that was 

just short of lethal, so plants could recover, flower and set seeds. Glyphosate treated plants were 

sprayed with 7% of the recommended label rate of 0.80 kg ae / ha of RoundUp Pro Concentrate; 

Trifloxysulfuron treated plants were sprayed with 2.8% of the label rate of 0.02 kg ai /ha of 

Monument 75WG; shade treated plants were grown under a shade cloth that blocked 90% of the 

ambient light; and clipped plants had 90% of their biomass removed 3 times in 7 day intervals. 

Plants exposed to herbicide were treated in a spray chamber set to spray 187 L ha-1 at 2.09 KPH. 

Some of the stressors delayed flowering by several days, so under the above conditions, new 

control plants for the were grown that could be harvested at a similar time to match the clipped 

and glyphosate-treated plants. When the Arabidopsis plants had started to flower and had ~9 

siliques, new rosette leaves were harvested for nucleic acid extraction (Fig. 1). 

 

Tissue Collection and Sequencing: 

Leaves were ground in liquid nitrogen, and the ground tissue was split for RNA and DNA 

extraction. RNA was extracted using Qiagen’s miRNeasy Mini Kit according to the 

manufacturer’s protocol. DNA was extracted using Qiagen’s DNeasy Plant Mini Kit according 

to the manufacturer’s protocol. Nucleic acid samples were sent to Novogene for library 

preparation and sequencing. The DNA was also subjected to bisulfite treatment for methylation 

sequencing by Novogene. There, Arabidopsis sRNA libraries were sequenced to 3 million reads 

and whole-genome bisulfite libraries to 30X.   

 

sRNA Mapping and Analysis:  

Adaptors were trimmed with Trimmomatic, using the default settings.66 The minimum 

base length was set to 18 to identify sRNA sequences. The remaining reads were mapped with 

Manatee V1.0, which uses Bowtie V1.0.1 and a GTF file, which includes known sRNA, to 

identify the position of sRNA reads.59 Manatee preferentially maps sRNA to established sites 
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and develops a count matrix of sRNA.59 This matrix was further analyzed with DESeq2 V1.32.67 

Each treatment was contrasted to the control, and differentially expressed sRNA were selected 

for having an adjusted p-value below .01 and an absolute log2 fold change of at least two. Sites 

with sRNA that were not linked to the GFF file features were also identified with Manatee and 

the differential expression was calculated with DESeq2.67 

 

Bisulfite Mapping and Analysis: 

Adaptors were trimmed with Trimmomatic V0.33, using the default 4:15 sliding window 

and leading and lagging quality values of 3. The minimum base length was set to 75 to identify 

mRNA sequences. The remaining sequences were mapped to the TAIR10 genome through 

Bismark V0.20.0 using Bowtie2 using the default settings.34 The output files were deduplicated 

and further analyzed with Methylkit.68 Differentially methylated cytosines (DMCs) were 

identified for all three contexts with a difference of at least 10% and an adjusted p-value of less 

than 0.01. Sites were only included if they were covered in all of the replicates for the sample. 

The samples were also clustered with Methylkit V1.14.2, using a correlation distance metric and 

ward agglomeration. DMRs were identified using DMRCaller V1.20.0 with the neighborhood 

method on the Bismark CX report files.69 

 

lncRNA and Transposon Identification: 

Potential transposons were identified by running RepeatModeler on the TAIR10 

genome.70 These were merged with previously identified transposons in the TAIR10 gff. Priority 

in determining the bounds of the transposons was given to the previously annotated ones. The 

Cantata database was used to identify sites of lncRNA.71  

 

Results: 

sRNA Analysis: 

The count matrices, one of previously annotated features and one of newly detected 

sRNA sites, of sRNA mapped with manatee were visualized via PCA to determine how similar 

the samples were to one another (Figures 1- 3). In both PCA analyses, glyphosate treated plants 

and associated controls had more in common with each other than with the other samples. 

Clipped Arabidopsis samples also clustered together, but the remaining treatments’ samples were 

mixed (Figures 2 and 3). With DESeq2, the count matrices were evaluated to identify sRNA that 

were differentially expressed when contrasted to an untreated control. These values indicated the 

number of sites in the Arabidopsis genome with varying levels of sRNA that were consistent in a 

treatment group. Glyphosate treated plants exhibited the greatest number of differentially 

expressed sRNA, with 758 differentially expressed sRNA from established sequences and 

Manatee-detected sRNA regions. This was followed by 223 from clipped, 156 from shaded, and 

156 from trifloxysulfuron-treated plants. (Figure 4) The glyphosate treatment appears to have 

elicited the strongest sRNA response. When the identified differentially express sRNA that were 

mapped to known features were compared, there was little overlap of differentially transcribed 

sRNA between the treatment groups (Figure 5). There were only 15 total differentially expressed 

sRNA that were common to some of the treatments, but none were common to all treatments. 

The treatments elicited unique, long -term sRNA responses in the plants.  

 

Next, we attempted to determine whether the unique responses were random or 

associated with different genomic features, such as genes and transposons. Comparing the 
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locations of the differentially expressed sRNA to the classes of these features in the annotation 

file showed which types of features were most strongly influenced by each treatment (Table 1). 

92% of the differentially expressed sRNA in glyphosate associated with genes was 

downregulated, while the other treatments had an average of 12% downregulated gene sRNA. 

42% of the differentially expressed sRNA in glyphosate-treated plants mapped to unannotated 

regions, while the other treatments had an average of 64% of their differentially expressed sRNA 

map to unannotated regions. There were 62 differentially expressed sRNA that mapped to 

transposons, while the other treatments had a combined total of 27. Glyphosate-treated plants’ 

differentially expressed sRNA were found in a unique distribution of features. The sRNA may be 

regulating different systems for each treatment.  

 

24 nt sRNA is frequently associated with maintenance RdDM, and sRNA of about 21 nt 

can be relevant for other processes.4,45 Given the relationship between sRNA length and 

function, the proportion of sRNA lengths from each experimental group were counted (Figure 6). 

This did not, however, reveal any differences between the treatments. The standard deviation of 

the sRNA levels overlapped for the different lengths. Although glyphosate-treated Arabidopsis 

has a higher proportion of 24 nt sRNA at 25% than the other experimental groups, at about 7%, 

they were grown under different conditions and the levels overlapped with the control plants 

grown at the same time (see Methods).  

 

Next, we tested for relationships between sRNA location and methylation, both of which 

have roles in RdDM, which is typically silences transposons.4 The average methylation levels of 

TAIR10 GFF features with aligned sRNA were determined for control and treated plants. 

Methylation of transposons with sRNA appeared higher than that of genes in all conditions 

(Figure 7 and 8), but it did not appear to vary when comparing treated levels and those of the 

control plants. The methylation of sites with downregulated sRNA did not appear decreased, and 

that of sites with upregulated sRNA did not appear increased when compared to the methylation 

in the control plants. (Figure 9 and 10) Overall sRNA methylation in genes and transposons did 

not appear to change when compared to the control.  

 

When changes in sRNA levels and gene expression were compared, the correlation 

between them significantly accounted for about 20% of the variation using the  Pearson’s 

correlation coefficent(Figure 11).  19%, 21%, 14%, and 24% of the variance was explained by 

this in glyphosate treated, trifloxysulfuron treated, shaded, and mechanically clipped plants, 

respectively. The p-values were 3.2729E-220, 3.6113E-281, 1.8212E-125 and 0. While the 

correlation for these relationships was consistently positive across treatments, the R2 values 

indicate that it was very weak. 
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Figure 

1 sRNA mapping efficiency: When the sRNA reads were alligned to the TAIR10 genome using 

Bowtie that allowed 50 multimaps per read, these were the resulting percentages of sRNA that 

successfully aligned to the genome. The numbers indicate the replicates, and and the letters stand 

for the treatments: clipping (CL), control (CO), glphosate control (COG), clipping control 

(COL), glyphosate (GLY), shade (SH), and trifloxysulfuron (TRI).  

  
 

Figure 2 DESeq2 PCA of TAIR10 GFF Feature sRNA levels: A PCA chart is displayed for the count 
matrix of sRNA that aligned to GFF features using the Manatee mapping software. The 
treatment groups are as follows: control (CO), glyphosate (GLY), clipping (CL), shade (SH), and 
trifloxysulfuron (TRI).  
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Figure 3 DESeq2 PCA of Other sRNA Clusters: The count matrix of sRNA clusters that did not 
align to GFF features was subjected to a PCA test. The treatment groups are as follows: The 
treatment groups are as follows: control (CO), glyphosate (GLY), clipping (CL), shade (SH), and 
trifloxysulfuron (TRI). 

 

Figure 4 Counts of Differentially Transcribed sRNA: The counts of the up and down-regulated 
sRNA under stress is shown for each treatment: glyphosate (GLY), trifloxysulfuron (TRI), shade 
(SH), and clipping (CL).  
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Figure 5 Overlapping sRNA: Some feature-mapping sRNA were differentially upregulated (a) 
and downregulated (b) in different treatments. 

 

 

Table 1 sRNA and GFF features: Manatee used the GFF file to identify features with 
differentially expressed sRNA. These features were sorted by class to determine where sRNA 
associated with each stress was acting. Differentially expressed clusters of sRNA that were 
identified by Manatee but not associated with any GFF feature are listed under unannotated. 

 Up-Regulated sRNA Down-Regulated sRNA 
  GLY TRI SH CL GLY TRI SH CL 

gene 24 33 13 48 261 3 4 2 

ncRNA 2 0 0 0 6 1 2 0 

pseudogene 4 0 2 0 5 1 1 0 

rRNA 0 0 0 0 2 0 1 0 

snoRNA 0 0 0 0 22 0 1 0 

snRNA 0 0 0 1 0 0 0 0 

transposable element 31 2 7 0 31 2 9 7 

transposable element gene 2 2 2 0 8 0 1 0 

tRNA 6 4 2 8 30 9 17 2 

unannotated 42 21 23 51 282 78 71 104 
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Figure 6 sRNA Lengths by Treatment: The length of sRNA associated with each treatment was 
compared across the samples. The error bars denote the standard deviation. 

 
Figure 7 Methylation of Transposons and sRNA: A box plot of the methylation levels in each 
context for sRNA that mapped to transposons is shown for control (Ctrl) and treated (Exp) 
plants. 
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Figure 8 Methylation of Genes and sRNA: A box plot of the methylation levels in each context 
for sRNA that mapped to genes is shown for control (Ctrl) and treated (Exp) plants. 

 

 
Figure 9 Methylation of Downregulated sRNA Sites: A box plot of methylation at sRNA mapping 
sites that were downregulated under stress treatments.  
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Figure 10 Methylation of Upregulated sRNA Sites: A box plot of methylation at sRNA mapping 
sites that were upregulated under stress treatments. 

 
Figure 11 Changes in sRNA and Gene Expression: The log2fold change in expression of sRNA and 
that of genes was compared. A simple linear trendline and associated R2 values were 
generated.  

Methylation Analysis: 
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The overall methylation values were similar for all the treatment groups. (Figure 12) 

Glyphosate-treated plants had higher CHH methylation and lower levels of CG methylation, and 

shade-treated plants also had higher levels of CHH and CHG methylation than the other 

treatment groups. Methylation profiles were clustered with Methylkit based on each context 

against the control plants (Figures 13-Figure 15).  The glyphosate-treated plants (GLY) typically 

clustered with their associated controls. As the treatments caused delays in development, new 

controls were planted to flower at the same time as the experimental groups. The glyphosate 

control plants (COG) were grown at the same time as the glyphosate treated plants. They 

clustered together in the CG and CHG context, which reflected the sRNA PCA results, but there 

was more dissimilarity with CHH methylation. Mechanically clipped plants’ (CL) methylation in 

the CG context was most similar to the other controls, and both shaded (SH) and trifloxysulfuron 

treated plants (TRI) were mixed together. SH was the only treatment where all replicates 

remained grouped in the CHG context. In the CHH context, GLY and SH replicates were similar 

to their treatment group, but the other samples did not group by treatment.  

 

The methylation levels were then compared for the genomic features: genes, promoters, 

transposons, lncRNA, and sRNA. The methylation levels of each treatment for each context were 

merged with the features, including the various combinations in which they overlap. It was 

hypothesized that the levels of methylation for these features would follow the overall 

methylation levels with potential for changes in the contexts with DMRs. The methylation for 

each class of feature and combination generally followed the overall methylation values, but 

there did not appear to be broad shifts in the methylation of groups of features between 

treatments. The highest methylation levels typically occurred within bases that were associated 

with transposons and sRNA, where RdDM has expected involvement.72    

 

When the methylation levels were compared at an individual base level between treated 

and the untreated controls, GLY had the most differentially methylated cytosines (DMCs) that 

were primarily hypomethylated with reduced methylation levels. (Table 2) TRI followed this 

trend and had the third most DMCs. SH had more hypermethylated sites with increased 

methylation levels than any other treatment. Another software package was used to find 

differentially methylated regions (DMRs), and all of the significant sites with changes of at least 

10% were hypomethylated. (Table 3) Most occurred in herbicide-treated plants. Across 

chromosomes, the methylation levels followed consistent patterns with all treatments, with slight 

variations in the overall levels that reflected the differences in the overall methylation levels. 

These differences were most pronounced near the centromere (Figure 16). The pattern of 

methylation was similar throughout the mitochondria, and the low levels of methylation in the 

chloroplast were expected. (Figure 17)  

 

When the base expression of genes was compared to the control methylation levels, 

higher levels of CG methylation had a positive trend with higher levels of expression, and non-

CG methylation had a negative trend (Figure 18). The variance of CG, CHG, and CHH 

methylation significantly accounted for 9%, 17%, and 16% of the variance of gene expression, 

respectively. There was a cluster of high CG methylated genes with lower levels of expression. 

This seemed interesting. When changes in DNA methylation were compared to changes in 

expression, little relationship could be determined (Figure 19). CG methylation significantly 

accounted for 4% in mechanically clipped, 13% in glyphosate treated, and 4% in shaded plants. 



61 

 

CHG methylation accounted for 5% of the variation in trifloxysulfuron treated plants, and CHH 

accounted for 7% of the variation in gene expression of glyphosate treated plants. 

 

To attempt to see if there were overall larger shifts in the pattern of methylation within 

genes, the methylation of all genes in all treatment groups was broken into segments and 

clustered based on their pattern of methylation. The elbow method was used on the distortion for 

each cluster number to determine the number of clusters (Figure 20).73,74 Four, three, and four 

values of were selected as the k-value for kMeans clustering of CG, CHG, and CHH 

methylation, respectively. The number of clusters were chosen from a similar study that used 

methylation to differentiate pseudogenes from expressed genes, but the authors did not find a 

strong relationship between patterns of methylation and expression.  

 

For CG methylation, there was one cluster with high methylation in and near the gene, 

and another had high CG methylation in the gene body, with lower levels at the promoter. 

(Figure 21a) The other two groups had mostly lower CG methylation, but one had high levels of 

methylation in the promoter. Of the genes that clustered with different groups between 

treatments, only one involved a shift from a group promoter CG methylation to high CG 

methylation, and there were no transitions between the high and low groups. (Figure 21b) The 

average log2 fold change in expression of genes remained between -1 and 1, with larger standard 

deviations indicating that they are around zero. (Figure 21c) The one gene that shifted from 

promoter CG methylation to high CG methylation in clipped plants had a large log2fold change 

(-2.85) in expression. The overall base mean expression of genes within each cluster varied 

widely for all clusters, but that of high CG methylated genes was consistently lower.  

 

The three CHG methylation clusters involved promoter CHG methylation, high CHG 

methylation, and low CHG methylation. (Figure 22a) Most of the genes that changed clusters 

between the low and promoter CHG methylation clusters. (Figure 22b) The log2fold change in 

expression of genes that changed clusters again remained close to zero with high variation 

(Figure 22c). Genes with high levels of CHG methylation were typically expressed at lower 

levels in all treatments, but genes that had lower or promoter CHG methylation varied widely in 

their expression levels (Figure 22d). 

 

Another cluster with promoter methylation was identified for CHH methylation, as well 

as clusters with high, mid, and low levels of CHH methylation (Figure 23a).  Again, there were 

few genes that transitioned from a promoter or low CHH methylation cluster to the highest CHH 

methylation cluster, and the log2fold changes in expression were close to zero (Figure 23b and 

c). Members of high and mid levels of CHH methylation clusters had consistent lower levels of 

expression, but there was wide variation in the expression of genes in the promoter and low CHH 

methylation clusters. (Figure 23d) 

 

When the average methylation of other features was compared across treatments, higher 

methylation averages were consistently observed for regions containing transposons identified 

with RepeatModeler and sRNA sites with a total length of at least 10 base pairs and at least 21 

reads mapping fully to the region (Figure 24). This was also observed consistently when the 

regions of overlap were compared (Figure 25). Again, average methylation levels were 



62 

 

consistently higher in regions where sRNA and transposons overlapped. There did not appear to 

be broad shifts in methylation between features among the treatments.  

 

RepeatModeler was used to identify potential transposons and repeat regions as well as 

classify them.70 There are different families of transposons, and some transposons have multiple 

copies in the genome, so we wanted to know if similar transposons were methylated differently 

in response to our treatments.75 The methylation levels of the transposon families were identified 

for each treatment to determine if there were transposon families that were broadly differentially 

methylated in a long-term response to stress. Transposon families with fewer than 20 members 

were excluded, and then the difference in methylation against the control was compared in each 

context for each transposon family.  The five transposon families with the greatest difference 

were selected to look for larger differences in methylation that could be associated with a 

transposon’s sequence. (Table 5-7)  

 

 

Figure 12 Overall Methylation by Treatment: The average methylation values of all bases for 
each methylation context  
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Figure 13 CG Methylation Clustering: The Bismark cx report files were clustered with Ward’s 
hierarchical method via Methylkit using the correlation distance metric. The treated plants 
(blue) are glyphosate-treated (GLY), mechanically clipped (CL), trifloxysulfuron-treated (TRI), 
and shaded (SH). COG is the controls (red) that matured alongside the glyphosate treated 
plants; COL matured with clipping; and CO with the other treatments. 
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Figure 14 CHG Methylation Clustering: The Bismark cx report files were clustered with Ward’s 
hierarchical method via Methylkit using the correlation distance metric. The treated plants 
(blue) are glyphosate-treated (GLY), mechanically clipped (CL), trifloxysulfuron-treated (TRI), 
and shaded (SH). COG is the controls (red) that matured alongside the glyphosate treated 
plants; COL matured with clipping; and CO with the other treatments. 

 

 
Figure 15 CHH Methylation Clustering: The Bismark cx report files were clustered with Ward’s 
hierarchical method via Methylkit using the correlation distance metric. The treated plants 
(blue) are glyphosate-treated (GLY), mechanically clipped (CL), trifloxysulfuron-treated (TRI), 
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and shaded (SH). COG is the controls (red) that matured alongside the glyphosate treated 
plants; COL matured with clipping; and CO with the other treatments. 

 

Table 2 DMCs: DMCs identified using Methylkit in all contexts for each treatment. 

 hypermethylated hypomethylated 

 CpG CHG CHH CpG CHG CHH 

GLY 36 13 573 2026 23 21 

TRI 42 1 4 810 9 2 

CL 1 0 0 0 0 1 

SH 8 68 879 121 1 3 

 

Table 3 DMRs: DMRs identified using DMRCaller in all contexts for each treatment. 

 hypermethylated hypomethylated 

 CpG CHG CHH CpG CHG CHH 

GLY 0 0 0 54 4 8 

TRI 0 0 0 48 0 0 

CL 0 0 0 0 0 0 

SH 0 0 0 6 0 0 
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Figure 6 Chromosome Methylation by Treatments: Average percent methylation of 
chromosomes was calculated for in 50000 bp intervals in each cytosine context for each 
treatment: control (gold), glyphosate (green), trifloxysulfuron (purple), shade (blue), and 
clipped (red). The densely methylated centromeres are visible for each chromosome.76 
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Figure 17 Plastid Chromosome Methylation by Treatments: Average percent methylation of 
plastids (mitochondria above and chloroplast below) was calculated for in 5000 bp intervals in 
each cytosine context for each treatment: control (gold), glyphosate (green), trifloxysulfuron 
(purple), shade (blue), and clipped (red). 
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Figure 18 Methylation Levels and Expression: The base mean expression of genes was 
compared to the methylation levels of the control plant genes.  

 

 

 
Figure 19 Changes in Methylation and Gene Expression: The percent change in genes’ 
methylation in each context was compared to the change in their expression. A linear trendline 
is displayed for each context with the gene expression. This was repeated for all four 
treatments: glyphosate (GLY), trifloxysulfuron (TRI), shade (SH), and clipping (CL). 

 



69 

 

 

 

 

 
Figure 20 Distortion Elbow Graphs for kMeans: The distortion was plotted for different 
potential values of “k” for kMeans cluster numbers for seven sections of methylation in genes 
for each methylation context.  
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Figure 21 CG Methylation Clusters: The average CG methylation of four kMeans clusters in the 
500 bp upstream of the gene, 20% intervals throughout the gene, and 500 bp downstream is 
shown (a). The number of genes that moved from one cluster in control treated plants to a 
different cluster in treated plants is shown, with glyphosate-treated (G), clipped (C), 
trifloxysulfuron-treated (T), and shaded (S) (b). The average logfold2 change in gene expression 
(l2) for the genes that moved between clusters and standard deviation (sd) is shown for 
glyphosate-treated (GLY), clipped (CL), trifloxysulfuron-treated (TRI), and shaded (SH) (c). The 
base mean expression of the genes in each cluster for each treatment group is shown with the 
standard deviation denoted by error bars (d). 
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Figure 22 CHG Methylation Clusters: The average CHG methylation of three kMeans clusters in 
the 500 bp upstream of the gene, 20% intervals throughout the gene, and 500 bp downstream 
is shown (a). The number of genes that moved from one cluster in control treated plants to a 
different cluster in treated plants is shown, with glyphosate-treated (G), clipped (C), 
trifloxysulfuron-treated (T), and shaded (S) (b). The average logfold2 change in gene expression 
(l2) for the genes that moved between clusters and standard deviation (sd) is shown for 
glyphosate-treated (GLY), clipped (CL), trifloxysulfuron-treated (TRI), and shaded (SH) (c). The 
base mean expression of the genes in each cluster for each treatment group is shown with the 
standard deviation denoted by error bars (d). 
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Figure 23 CHH Methylation Clusters: The average CG methylation of four kMeans clusters in the 
500 bp upstream of the gene, 20% intervals throughout the gene, and 500 bp downstream is 
shown (a). The number of genes that moved from one cluster in control treated plants to a 
different cluster in treated plants is shown, with glyphosate-treated (G), clipped (C), 
trifloxysulfuron-treated (T), and shaded (S) (b). The average logfold2 change in gene expression 
(l2) for the genes that moved between clusters and standard deviation (sd) is shown for 
glyphosate-treated (GLY), clipped (CL), trifloxysulfuron-treated (TRI), and shaded (SH) (c). The 
base mean expression of the genes in each cluster for each treatment group is shown with the 
standard deviation denoted by error bars (d). 
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Figure 24 Average Methylation of Features: Overall methylation by genomic feature for 
Arabidopsis. None indicates that there is no feature there, while overall is the average 
methylation for all sites in that context. Each treatment group, control (CO), glyphosate-treated 
(GLY), trifloxysulfuron-treated (TRI), shade treated (SH), and clipped (CL) is listed for each 
feature type.  
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Figure 25 Gene and Transposon Overlapping Feature Methylation: Overall methylation for 
genes (g) as they overlap with other features: promoters (p), transposons (t), sRNA (s), and 
lncRNA (l). Overall is the average methylation for all sites in each context. Each treatment 
group, control (CO), glyphosate-treated (GLY), trifloxysulfuron-treated (TRI), shade treated (SH), 
and clipped (CL) is listed for each feature type. 

 
 

Table 4 GLY Transposon classes with Methylation Differences: The top five transposon classes 
identified with RepeatModeler were identified in glyphosate-treated Arabidopsis. 

CG CHG CHH 

transposon 
class count 

 

diff 
transposon 

class count 

 

diff 
transposon 

class count 

 

diff 

(CTTTCT)n 22 2.609 (TTGTT)n 52 4.866 rnd-1_family- 55 5.102 
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204 

(GGA)n 65 1.665 

rnd-5_family-
4829 33 4.118 (TTGTT)n 52 3.697 

rnd-1_family-
344 43 1.616 

rnd-5_family-
585 25 4.094 

rnd-1_family-
208 38 3.623 

(CTTCT)n 33 1.402 

rnd-5_family-
17471 61 4.090 rnd-1_family-38 76 3.555 

(AGG)n 27 1.390 (CTTCT)n 33 4.074 

rnd-1_family-
249 24 3.421 

rnd-1_family-
181 62 -9.005 (TGG)n 76 -1.598 (TGTTTT)n 28 -0.012 

rnd-5_family-
17471 61 -9.155 (AACA)n 74 -2.136 (GTTT)n 20 -0.276 

rnd-1_family-
239 30 -9.222 (TTCTTT)n 28 -2.166 

rnd-4_family-
653 160 -0.491 

rnd-1_family-93 27 -9.226 (ACC)n 59 -3.224 (AGAA)n 30 -0.645 

rnd-1_family-10 205 -9.241 (CCA)n 95 -4.404 (GAAA)n 23 -1.335 

 

Table 5 TRI Transposon classes with Methylation Differences: The top five transposon classes 
identified with RepeatModeler were identified in trifloxysulfuron-treated Arabidopsis. 

CG CHG CHH 

transposon 
class count 

 

diff 
transposon 

class count 
 

diff 
transposon 

class count 
 

diff 

(C)n 40 1.527 (CCA)n 95 3.913 (ACC)n 59 1.877 

(CTTCTT)n 25 1.505 (GGA)n 65 2.972 

rnd-5_family-
585 25 1.507 

(AAAG)n 50 1.263 (ACC)n 59 2.842 (TTTGTT)n 22 1.393 

rnd-5_family-
532 93 1.133 

rnd-5_family-
4233 32 2.606 (GAG)n 38 1.133 

rnd-1_family-
344 43 1.077 (TTTTT)n 24 2.494 

rnd-1_family-
168 101 1.046 

rnd-1_family-
312 83 -4.978 (GAC)n 26 -3.377 (TCTTC)n 32 -1.354 

(TATTTT)n 47 -5.066 (ATAAT)n 26 -3.546 

rnd-1_family-
312 83 -1.436 

(TCTTT)n 40 -5.690 (AAAC)n 29 -4.391 (GAAA)n 23 -1.444 

rnd-5_family-
7698 38 -5.763 

rnd-5_family-
3943 26 -5.097 

rnd-5_family-
5702 55 -1.792 

(TTTATT)n 54 

-
12.611 

rnd-1_family-
312 83 -7.980 (TCTCTT)n 32 -2.065 

 

 

 

 

 

 

Table 6 SH Transposon classes with Methylation Differences: The top five transposon classes 
identified with RepeatModeler were identified in shade-treated Arabidopsis. 

CG CHG CHH 



76 

 

transposon 
class count 

 

diff 
transposon 

class count 

 

diff 
transposon 

class count 

 

diff 

(TTGTTT)n 25 2.837 rnd-1_family-31 45 10.730 

rnd-1_family-
31 45 6.468 

(AAAAC)n 22 1.711 rnd-1_family-21 35 9.403 

rnd-5_family-
585 25 6.440 

rnd-5_family-
532 93 1.391 

rnd-5_family-
17471 61 9.308 

rnd-5_family-
4233 32 5.889 

(TTTT)n 28 1.349 (TTCATC)n 28 9.149 

rnd-1_family-
93 27 5.732 

(TTCTC)n 33 1.239 rnd-1_family-39 27 9.055 

rnd-1_family-
21 35 5.517 

(AAAC)n 29 -4.632 (TGTTTT)n 28 -1.719 (GTTT)n 20 -0.754 

rnd-4_family-
653 160 -4.665 (TAAA)n 27 -1.843 (TCTTCA)n 41 -0.759 

(TTTATT)n 54 -4.829 (AAAC)n 29 -1.981 (AGT)n 27 -0.772 

rnd-5_family-
7008 50 -5.070 

rnd-5_family-
3943 26 -2.178 (TCTCT)n 24 -1.045 

rnd-5_family-
1036 32 -5.127 (TTCTTT)n 28 -2.636 (TTCTC)n 33 -1.302 

 

Table 7 CL Transposon classes with Methylation Differences: The top five transposon classes 
identified with RepeatModeler were identified in clipped Arabidopsis. 

CG CHG CHH 

transposon 
class count 

 

diff 
transposon 

class count 

 

diff 
transposon 

class count 

 

diff 

rnd-1_family-
312 83 3.290 

rnd-5_family-
17471 61 5.0256 (ACC)n 59 1.091 

(CTTCT)n 33 3.273 (CCA)n 95 3.082 (CTTTCT)n 22 0.796 

(TTCTTT)n 28 3.169 (AGG)n 27 2.486 (GAG)n 38 0.670 

(C)n 40 2.608 (GAA)n 384 2.155 (GCA)n 30 0.465 

rnd-1_family-39 27 2.543 (ACC)n 59 1.991 (CCT)n 60 0.456 

(AAAAC)n 22 -1.921 (TTGTTT)n 25 -2.805 

rnd-1_family-
167 58 -2.786 

(TGTTTT)n 28 -2.034 

rnd-1_family-
163 104 -2.905 

rnd-5_family-
4233 32 -2.890 

(TCTTCT)n 22 -2.088 

rnd-5_family-
3943 26 -3.187 

rnd-1_family-
192 75 -3.157 

(TCTCTT)n 32 -2.351 (TTTTT)n 24 -3.346 

rnd-1_family-
163 104 -3.391 

(TCTTT)n 40 -3.023 

rnd-1_family-
338 27 -3.797 

rnd-1_family-
309 56 -3.469 

 

Discussion:  

Herbicide resistance is a growing problem facing agriculture, and it may have an 

epigenetic component.77 Epigenetics can involve changes to gene expression, and methylation is 

believed to be a major facilitator of these changes.45 We sought to identify long-term sRNA and 

methylation changes in response to herbicides and other abiotic stresses used in weed control. 

Although the sRNA did not cluster perfectly by treatment in the PCA analysis, we still identified 

many differentially expressed regions of sRNA. There was little overlap of the differentially 
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expressed sRNA between the treatments, and it mapped to different features in the genome as 

well as some unknown regions. Despite its well-known role in post-transcriptional regulation, the 

general trend of sRNA levels with gene expression was positive.78   This did not account for 

most of the variation. The methylation values in each context also did not cluster perfectly by 

treatment, but there were still individual differentially methylated cytosines and differentially 

methylated regions. The overall methylation levels of genes did not correlate well with 

expression.  When genes were clustered by the pattern of methylation, the overall clusters 

matched those found in a previous study: gene body methylation, promoter methylation, high 

methylation, and low methylation.35 However, the genes that changed clusters did not have an 

overall strong change in expression. There were many long-term methylation and sRNA changes 

associated with our treatments, but they did not correlate well with changes to gene expression.  

 

We conducted a principal component analysis on the sRNA count matrix of the sRNA 

totals from the plants subjected to our treatments: glyphosate, trifloxysulfuron, clipping, and 

shade. There were also 6 controls samples, 2 that were grown to flower alongside the glyphosate-

treated plants, 2 alongside the clipping, and 2 with the trifloxysulfuron and shade-treated plants. 

We wished to harvest tissue from plants at a similar developmental stage at the same time, so we 

had to grow additional control plants to account for that. The sRNA samples were expected to 

cluster with their associated treatments in the PCA (Fig 1-2), but the similarities between some 

of the samples from different treatment groups could be explained by the transient nature of 

sRNA.79 It is possible that some sRNA responses to stress occurred before the samples were 

taken. The plants, aside from those treated with shade, had weeks to recover, which would only 

leave long-term signals. Much of the current sRNA could be directed towards development and 

other processes unrelated to our stresses.80 This would be supported by the proximity of the 

glyphosate-treated samples to their associated controls in the PCA. Interestingly, there were 

higher levels of 24-nt sRNA, which is associated with maintenance RdDM, in glyphosate-treated 

Arabidopsis and its associated controls.4 However, while those samples clustered together in the 

CG and CHG methylation context, the glyphosate control samples were dissimilar in the CHH 

context, which is heavily influenced by RdDM. If the 24-nt sRNA was maintenance RdDM, we 

would have expected CHH methylation to have overlap with those samples. This result was 

confusing, and it did not appear to support our hypothesis that active sRNAs may contribute to 

long-term stress responses.  

 

Even so, some differentially expressed siRNA were identified for the treatment groups. 

This reflects other studies, which have identified some differentially expressed sRNA in stressed 

plants.81,82 One found mostly down-regulated miRNA under glyphosate stress in rice.81 Another 

study focused on profiling Arabidopsis under heat and salt stress and found that there were more 

up-regulated miRNA under stress.82 Our glyphosate-treated plants had much more 

downregulated sRNA than upregulated, and this was different from the other treatments, which 

had comparatively similar levels of up- and downregulated sRNA. The level and function of 

sRNA in stress response may vary depending on the stress.  

 

When the overall expression of genes was compared to sRNA levels, the sRNA did not 

explain most of the variation in gene expression, but the trend was consistently positive for all 

treatments. RNAi is a post-transcriptional regulation system, so some uncut transcripts were 

expected. Many sRNAs are cis-acting, so there would need to be some base level of expression 
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at that site to produce the sRNA.83 Some level of gene transcription is required to produce most 

of its associated sRNA, and mRNA may but cut or sequestered to prevent later translation. 

Checking the resulting protein levels, which would indicate the strength of the post-

transcriptional regulation, was beyond the scope of this study.   

 

We expected to see higher levels of methylation, particularly in the CHH context, at sites 

of RdDM. RdDM adds methylation in all contexts, including CHH, which occurs infrequently in 

the euchromatin relative to the percent methylated cytosines in other contexts.4,84 When the 

methylation of up- and downregulated sRNA sites was compared, there did not appear to be 

large changes in methylation between the treated plants and the controls. Methylation of sRNA 

sites associated with genes was lower than that near transposons, which was expected given that 

RdDM is often used for maintenance methylation of transposons.4 However, there did not appear 

to be a great difference in methylation near sites of up- or downregulated sRNA. Perhaps much 

of the sRNA was not associated with methylation, or the demethylation preceding maintenance 

RdDM masked the effects of RdDM at those sites.85  

 

The replicates were then subjected to hierarchical clustering based on their methylation 

data. It was hypothesized that the replicates would have the most in common with their 

associated treatment groups, but it seems that other processes within the plant have a stronger 

effect on Arabidopsis methylation. Another study attempted to form clusters based on 

methylation profiles in Arabidopsis under pathogen stress and also found clusters not associated 

with treatments in all contexts.40 Perhaps the broad patterns of methylation are often dominated 

by processes unrelated to stress response, especially in the long term. Local changes are still 

possible.  Even though the samples did not always cluster with their treatment groups, there were 

still differentially methylated cytosines for each treatment when compared to the control group.  

 

Glyphosate-treated Arabidopsis had 2692 DMCs, far more differentially methylated 

cytosines than any other treatment. Perhaps the strength of this response to glyphosate could be 

influenced by the difficultly of metabolizing it within the plant; some herbicide could still be 

active within the plant and causing a continuous stress response.86,87 Shaded and 

trifloxysulfuron-treated Arabidopsis also had several, with 1080 and 868, respectively. We 

detected 2 in mechanically clipped Arabidopsis. Aside from the overall numbers, it is worth 

noting that the types of DMCs varied between treatments. For example, shade-treated plants had 

over 80% of their DMCs in the hypermethylated CHH context. The majority of GLY and TRI 

DMCs were in the hypomethylated CG context. CL only had two DMCs, so it did not appear to 

have such a strong methylation response. Somewhat surprisingly, all the shade-treated CHH 

DMCs were not connected to the larger DMRs. Glyphosate and trifloxysulfuron treated plants 

had several hypomethylated DMRs in the CG context, and only the former had non-CG DMRs. 

None of the DMRs were connected to hypermethylation. On an even broader scale, across 

chromosomes, there did not appear to be any changes associated with the treatments. 

Methylation levels followed the same overall patterns across treatments even though some 

treatments had slightly different base levels of methylation. Those differences were most 

pronounced around the centromere, which does not have many genes.  Methylation shifting away 

from the centromere under pathogen stress has been observed in A. thaliana.88  

 



79 

 

When the percent change in methylation was compared to the log2fold change in 

expression, there did not appear to be a strong relationship with any of the treatments.  When 

overall methylation levels were compared to the log of the base mean expression, CG 

methylation tended to increase slightly with expression, but there was a cluster of highly 

methylated genes with lower levels of expression. Non-CG methylation tended to decrease with 

expression, which is consistent with the literature, but none of these trends were significant.35 

There are many factors that can affect gene expression, including histone modifications, binding 

proteins, and transcription factors.  

 

Clustering the genes by methylation levels across them revealed patterns consistent with 

the literature: promoter methylation, gene body methylation, no methylation, and high 

methylation.35 The gene expression of those individual clusters loosely followed trends reported 

in the literature, with low levels of expression in genes with high methylation. However, there 

was great variation within these groups, which indicates that methylation is far from the only 

factor determining expression levels. The pattern of methylation was classified into clusters for 

each gene under each treatment, and the expression of genes that switched from one grouping to 

another was determined. Most of the genes that changed clusters shifted between similar groups.  

For example, genes with low or promoter methylation, which has lower methylation levels for 

every other region, almost never transferred to the highest methylation cluster.   

 

 An experiment that could test the influence of methylation on expression could focus on 

the expression of some genes with the methylation processes knocked out.31 The expression of 

those genes could be quantified, and then compared to that of a control plant to see if expression 

is affected by the absence of methylation. Also, there is a newer technique that involves 

hijacking the RdDM RNAi pathway to direct methylation in a manner similar to CRISPR Cas9.89 

If methylation is induced to a new area, it would be interesting to see if the gene expression is 

affected.  However, our data does not support broad changes in gene methylation in a long-term 

response to stress, so the sites would ideally be chosen from genes that appeared to have the 

largest methylation differences and the largest different in expression to potentially identify sites 

where DNA methylation influences gene expression in A. thaliana. 

 

Our data did not support the hypothesis of directed methylation broadly influencing gene 

expression of A. thaliana plants following a period of stress. There are some transcription factors 

and  other regulatory proteins whose binding is influenced by DNA methylation.90 They could 

create a link between methylation and expression in individual sites. Another study linked 

changes in methylation states to changes in histone proteins and the activity of a transposon.42 At 

that site, it appeared that methylation could fluctuate to an extent, but if the histone modifications 

were compromised, it took several crosses to return to its original state. CHG methylation and 

histone modification are responsible for some regulation in a self-reinforcing loop. Perhaps the 

methylation changes must persist long enough or be drastic enough to influence histones to 

create a long-term effect on expression. While it is possible that methylation alone does not 

impact expression, many studies have shown altered expression in plants treated with 

demethylases or knockout mutations for major methylation processes have had altered gene 

expression and response to stress.31,91  
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Chapter 4: Multi-‘omics Analysis of Arabidopsis Stress Response Analysis Combining 

sRNA, Methylation, and RNA Sequence Data 

Abstract: 

  Epigenetic processes can involve many proteins, methylation, and sRNA to affect gene 

expression. We previously subjected Arabidopsis plants to stressors associated with weed 

management and then extracted RNA, sRNA, and DNA for methylation sequencing. While we 

had some interesting individual findings, this chapter focuses on merging these data types and 

analyzing them together. This could help us understand how sRNA and the various contexts of 

methylation coordinate in processes, such as RNA directed DNA methylation, to influence gene 

expression of stressed plants. This began with building and analyzing a single matrix based on 

our DNA methylation, mRNA, and sRNA data. While there is new software for handling multi-

omics analyses, there was no package for analyzing our three data types as a group, so we had to 

assemble it ourselves and find way to analyze it. First, genomic regions with significant 

differential activity among stresses were identified for further study. Then data mining 

algorithms were used to check for overall patterns of epigenetic activity that may influence gene 

expression. The classification models were not able to consistently predict differentially 

expressed genes on a global scale. Using a separate scoring system, some individual genes were 

identified with differential methylation, sRNA expression, and mRNA expression. The noise 

resulting from the many means by which gene expression can be regulated made identifying 

trends ineffective. Focusing on local changes was more productive for locating genomic regions 

for further study of epigenetic regulation.  

 

Introduction 

 As biotechnology has advanced, researchers have been able to obtain much more 

information about various aspects of molecular biology. Termed ‘Omics studies, there are many 

branches that focus on particular macromolecules.1 Genomics, for example, is the study of 

genomes, which has broad applications to biology. Researchers can compare changes to a 

previously sequenced genome to identify mutations, and genomes of different species can be 

compared to study evolution and taxonomic lineages.2 People may also study the transcriptome, 

the messenger RNA (mRNA) of an organism, to identify genes from a genome as well as how 

genes are expressed under different circumstances. Identifying the methylated cytosine bases of 

DNA is studying the methylome.3 The proteome and metabolome involve the study of proteins 

and other metabolites, respectively.1  An individual ‘Omics study may involve large amounts of 

information itself, but there are now multi-omics studies that attempt to combine two or more of 

these large datasets and interpret results spanning them.  

 

For many years, the cost of sequencing was the limiting factor for nucleic acid ‘omics 

studies. The development of high throughput sequencing platforms in 2004 and third generation 

sequencing technology developed in 2011 greatly reduced this cost.4,5 Sequencing a human 

genome cost $3413.81 per Mb in 2001 while it cost $0.008 per Mb in May 2020.6 As a result, 

multi-omics studies have become much more accessible for a variety of applications, such as 

connecting metabolite levels to gene expression or using histone marks to estimate gene 

expression.12,18  Now, the limiting factor is the analyses that follow. Making sense of these 

sequences requires new software, computing power, and trained personnel.7 Analyzing the data 

correctly can yield insight to overall biological trends as well as sites of interest for further study. 

Mistakes at this stage can waste time and laboratory resources in attempts to confirm features 
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that may be nonexistent. While there is established software available to assist with processing 

some of these ‘omics datasets individually, there are some newer options for integrating them in 

a meaningful way.8,9  

 

 With so many accessible nucleic acid sequence datasets, researchers are now trying to 

mine the data to identify trends and draw biological conclusions.10 There are other software 

packages that are designed for testing some of these features, but to our knowledge there are 

none that can simultaneously analyze all of them. For example, the web-based program, 

MethGET, can correlate gene expression and methylation, but it does not work with ncRNA or 

transposons.11 ShallowChrome links histone modifications with gene expression in humans.12 

Transcriptome, metabolome, and histone modifications are combined in BRANEnet, using a 

machine learning algorithm known as a neural network.13 There are a few other available 

pipelines that have been developed to integrate various combinations of genomes, histone 

modifications, transcriptomes, proteomes, miRNA, and phenotypes.14–18 Another study in maize 

used a random forest classifier to link methylation and intron positions of genes to help separate 

pseudogenes from genes with a protein product.19 Pipelines and software tools are very useful for 

beginners to process their data. Developing a reliable, accessible suite of tools to this end would 

help researchers analyze their data from multi-omics experiments when they would not be able to 

write their own scripts.  This also helps with experiment reproducibility by streamlining the 

analysis and reducing the potential for human errors.  

 

Unfortunately, there was no currently available tool for us to integrate our experimental 

results. Our data involved methylation, RNA, and sRNA sequence data as well as information 

from the gene annotation. It was from an experiment that used weed management stressors, 

glyphosate, trifloxysulfuron, shade, and clipping. While we analyzed the results individually in 

chapters 2 and 3 and made some 2-way comparisons, we also wanted to understand how these 

processes worked as a whole to facilitate stress responses. An example that integrates all of these 

data types can be found in a complex process known as RNA-directed DNA methylation 

(RdDM).20 Guide sRNAs synthesized from lncRNA direct a large protein complex to methylate 

DNA in all contexts primarily to repress transposons. If methylation impacts gene expression, 

then it also bears relevance to the RNA seq dataset. To identify this process amid the myriad 

means of regulating gene expression, we could combine all this data.  Other undiscovered 

connections and pathways are possible as well. Perhaps the surrounding features of genes create 

contexts in which sRNA and methylation could regulate gene expression differently. Knowing 

which mechanisms are used to regulate gene expression after the stressors are removed could 

help develop strategies for weed management.  

 

In our case, we are interested in how these mechanisms participate in stress responses. 

We want to know what role, if any, these pathways have in mediating long term changes to gene 

regulation that could result in an altered weed phenotype. This could involve broad, overarching 

patterns of regulation or individual, targeted sites of regulation. Any connections found would 

lead to more experiments to better understand epigenetic regulation and stress response. To 

combine the datasets, we had to write some unique scripts. First, we converted the information of 

all data types into a numerical representation centered around genes to build a matrix of genes 

and their epigenetic features. Then, we had to test the data matrix for patterns of epigenetic 

regulation and identify sites of interest. We decided to use established data mining algorithms to 
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see if we could build a reliable classifier for identifying differentially regulated genes based on 

the genomic context and epigenetic information. Converting our data to numerical 

representations allows us to work with a variety of classifying algorithms.  

 

 These algorithms can be used for identifying patterns in our nucleic acid sequence data. 

This makes them useful for our objective of identifying epigenetic patterns associated with 

abiotic stress. This project combines methylation, sRNA, and RNA sequence data. One group 

has already used a random forest algorithm in a fairly successful attempt to predict functional 

genes out of a maize predicted gene set based on methylation levels in introns and exons across 

the gene.19 However, it was not very effective for predicting expression levels based on their 

features. Combining the information in all of these can create many noisy features, making 

overfitting a major concern. Overfitting occurs when a model becomes too attuned to individual 

members of the training set and will miss the overall pattern to best classify data. For example, 

the methylation status of each cytosine context (CG, CHG, or CHH) within five equally spaced 

sections of a gene would generate fifteen features. Adding the distances to other overlapping or 

nearby features, in this case DEGs, transposons, sRNA, DMRs, lncRNA, and promoters, 

generates even more features. Honing in on the most important features will not only improve 

the predictive model; it will also help determine which epigenetic pathways are relevant for the 

plant’s response to its treatment.  

 

 

An important function of data mining that can be helpful for identifying patterns in the 

data is classification.21 Classification algorithms are useful for determining how new data might 

fit into the previous data structure as well as developing predictive models.  They are used to 

determine group placement of an object based on its attributes. k-nearest-neighbors (kNN) is a 

supervised model that records the class of a training set as well as all the training set’s 

quantitative attributes.22 New points are classified based on the user specified k number of 

neighbors.22 The nearest neighbors are those with the shortest distance, whichever metric is used, 

from the new point (Fig. 1a).22 These models thus weight all features equally and can be 

sensitive to noisy features that do not correlate well with the true class of the point. Decision 

trees are also useful classification algorithms. They split data into groups with the objective of 

sorting them into purer branches that contain more objects from a single class (Fig. 1b).23 This 

method can accept qualitative variables, and it can detect non-linear clusters in the data.21 It can 

be sensitive to patterns within the data that distance measures can struggle to detect, but the rigid 

splitting methods do not always form the best clusters, sometimes over- or underfitting with 

small datasets.24 Aside from these two, there are many algorithms with varying strengths and 

weaknesses for building classification models. The best one depends on the data presented.  
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Figure 4: kNN is shown (a) classifying two new points (diamonds) according to the majority class 
of the nearest 3 points. Decision trees (b) use rules to split the training set into leaves, in this 
case regions. New rules are added to create classes of increasing purity. One such rule might be 
points with an x value greater than 1.1 are classified as green, while others are classified as 
blue.  New points will be classified according to the majority class of the training set in their 
region.  

 For our dataset, we have bisulfite sequences, RNA sequences, sRNA sequences, and a 

GFF file filled with a variety of features. The data was obtained from an experiment with 

Arabidopsis thaliana.  Young plants were exposed to one of four stresses involved in weed 

control, trifloxysulfuron herbicide, glyphosate herbicide, shade, and mechanical clipping. 

Additionally, an untreated control batch of plants was grown. In all treatments except shade, the 

plants were allowed to recover and flower, so we could test for long-term responses in the 

extracted RNA and DNA. Combining all the sequencing outputs in this experiment may give us 

new insight for data analysis that could not be achieved through examining the datasets 

individually. The workflow of processing the data into a large matrix is depicted in Figure 2. 

Using data mining algorithms on this matrix, we tested the influence of broad epigenetic patterns 

on gene expression. We assembled a simulated dataset to represent RdDM to test the ability of 

these algorithms to identify such trends. Also, we used a scoring system to identify hotspots with 

significant gene expression changes associated with overlapping epigenetic processes such as 

RNAi or RdDM. This would help us narrow down sites for further study. We wanted to know if 

there was a broad, overarching pattern of methylation and sRNA dictating gene regulation. We 

also wanted to evaluate local regions of significant epigenetic activity to determine whether there 

could be a more targeted epigenetic control of gene expression in response to our abiotic stresses.  
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Figure 5 Data Workflow: Our scripts processed raw sequence data into three outputs that 
summarize some of the findings. Established software was used for the initial processing, and 
we merged the outputs into a larger matrix and created our final outputs with data mining 
algorithms and a scoring system.  

 

Methods: 

Creating the Merged Matrix: 

Initially, this pipeline requires whole-genome bisulfite sequence fastq files, RNA 

sequence fastq files, sRNA sequence fastq files, a fasta file of the complete genome, and a gff or 

gtf file containing gene and lncRNA locations within the fasta file. The fasta file contains the 

complete genomic sequence of the organism separated by chromosomes. It serves as a reference 

for many downstream analyses. The gff file is a data matrix of the chromosomal location and 

attributes of features in the genome, such as genes and transposons. The bisulfite, RNA, and 

sRNA sequences started in fastq format directly from the sequencing facility and were then 

trimmed. This processed sequence data was aligned to the genomic fasta file. This means that 

each read’s genomic origin will be determined based on its sequence. The gff file is important 

for establishing the levels of RNA sequence reads in known genes.  These known genes can be 

further checked for RNA expression levels and epigenetic activity. The mapped reads were 
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converted into a count matrix and analyzed with DESeq2. This pipeline uses the output of 

DESeq2 to represent the RNA sequence dataset. 

 

The RNA fastq files were preprocessed and mapped using standard tools for RNA seq 

studies in Chapter 2 while the sRNA and methylation fastq files were similarly processed and 

aligned in Chapter 3.9,25,26 These mapped reads were further analyzed with DMRCaller to 

identify differentially methylated regions (DMRs) and Methylkit for differentially methylated 

cytosines (DMCs).27,28 The resulting DMCs, DMRs, and methylation values from the Bismark 

V0.20.0 cx report files are used to generate the methylation features for the larger matrix.  

 

The sRNA coordinates were obtained by aligning the trimmed sRNA fastq files to the 

TAIR10 genome with Bowtie while allowing multimapping at up to 50 locations.8,29 Regions of 

the genome that were at least 20 bp long with a sRNA level of at least 21, the number of 

replicates in all treatment groups, were added. The sRNA reads were also mapped to known 

genomic features with Manatee, software tailored to multimapping sRNA.30  These mapped 

reads and Manatee-identified clusters were analyzed with DESeq2 similarly to the RNA and 

genes.31 This output was used to identify differentially expressed sRNA. The differentially 

expressed sRNA and other sRNA levels are used to generate sRNA features for the larger matrix.  

 

While the TAIR10 Arabidopsis gff file also lists some transposons, RepeatModeler was 

used to identify other transposons and repeat regions.29,32 These lists were combined to create a 

larger list of transposons. The proximity of transposons is relevant to epigenetics because RNA 

directed DNA Methylation (RdDM) primarily works to silence transposons.20 The lncRNA 

coordinates from the Cantata database were used to denote lncRNA genomic positions.33 These 

other attributes provide some context for genes’ neighboring features in the larger matrix. 

 

Features of the merged matrix: 

Several features were chosen to represent CG methylation: the average methylation levels 

of CG cytosines, the coverage of CG, and difference between the experimental CG methylation 

and the control. Those were also calculated for the region 500 base pairs upstream of the genes. 

The presence/absence of CG hyper and hypomethylated DMCs and DMRs were also added. 

Together, this made a total of 10 features for each gene pertaining to CG methylation. These 

values were also calculated for the CHG and CHH cytosine methylation contexts. The number of 

DMRs that overlap with the gene, the number of DMRs within 2000 bp of the gene, the 

proximity to DMRs, the number of DMCs that overlap with the gene, the number of DMCs 

within 200 bp of the gene, the proximity to DMCs. The maximum value of the proximity of 

DMRs and DMCs was set to 2000 bp. This added up to a total of 36 methylation features.  

 

The average sRNA levels for both genes and the 500 bp upstream was added as a feature.  

This was calculated for both the control group and experimental group. The highest sRNA level 

in each gene was determined alongside the number of overlapping sRNA, the number of sRNA 

within 2000 bp of the gene, the presence of significantly differentially up- and downregulated 

sRNA, the proximity to the nearest sRNA, and the proximity to the nearest significantly 

differentially expressed sRNA. The maximum value for the proximity of sRNA features was 

2000 bp. This added up to a total of 15 sRNA features per gene. 
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A few other features were also added to represent the surrounding properties of the gene. 

The presence/absence of nearby up and downregulated genes, the proximity to the nearest 

differentially expressed gene, and the proximity to the nearest gene were added as features to 

represent nearby gene activity. A feature was added to denote the proximity to the nearest 

lncRNA as well as the number of lncRNA within 2000 bp of the gene.  Features were also added 

to denote the proximity to the nearest transposon in base pairs and number of transposons with 

2000 bp.  If no genes, transposons, and/or lncRNA were within the 2000 bp range, the proximity 

value was set to 5000 bp. These added 9 more features to describe the context of each gene. 

 

Predictive Modeling: 

 The large matrix of features was used to develop predictive models to determine whether 

the epigenetic features could be used to predict differentially expressed genes in either direction. 

Genes were given an upregulated label if their adjusted p value from the DESeq2 analysis was 

less than .01 and the log2 fold change was greater than 2.  Downregulated genes had the same p 

value range but a log2 fold change value less than -2.  

 

We used a variety of available algorithms to build classification models with our data, 

including the previously discussed k nearest neighbors and decision tree. In kNN, points are 

classified based on the classification of nearby points in the training set. Decision trees form 

splits to increase the purity of each branch. We also used a few other algorithms. Random forest 

classification uses smaller decision trees that form splits randomly.34 The majority vote of these 

classification schemes is used to determine the class of a new point in the test set. This method 

can identify unusual patterns that a decision tree might miss, but it is vulnerable to overfitting if 

the smaller trees are allowed to grow too large.34 A fourth classifying algorithm we tried was a C 

support vector classifier. This algorithm can map data into a higher dimensional space to create 

non-linear boundaries for classification.35 

 

Machine learning is another algorithm-based approach to problem solving that allows a 

computer to respond to data without user guidance. Unsupervised machine learning does not 

have a training dataset, so the computer adjusts its algorithm without any user input.36 In 

supervised machine learning, the software is given a training data set with known values to 

adjust its algorithm before it is tested on data with unknown values.36 A potential issue that stems 

from training the data as well as feature selection is overfitting, in which the model is so attuned 

to the training set that it fails to classify new data correctly.37 Some common data analysis tasks 

completed by machine learning include classifying and clustering data based on features; 

developing predictive models; and reducing the dimensionality of a dataset.38 There are several 

algorithms readily available for completing these tasks; the best one depends on the data 

provided.38 In our case, we used a multi-layer perceptron, also known as a neural network, to 

attempt to build our fifth classifier.39 

 

The following Scikit learn classification models were used with a training set of 80% of 

the data: decision tree, random forest, k nearest neighbors, support vector, and a multi-layer 

perceptron.40 The decision trees had a maximum depth of 8 and formed splits based on the gini 

index. The class weight was set to “balanced,” and the other parameters were left at the default 

settings. The random forest classifier was given a maximum depth of 3 and balanced class 

weights, but the other settings were left at their defaults. A k of 3 neighbors was used for the 
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kNN classifier on data standardized with SciKit’s StandardScaler function. The other parameters 

were left at their defaults, including using the Minkowski distance and allowing the algorithm to 

automatically detect the method for computing the nearest neighbors. The remaining default 

parameters included an rbf kernel and a degree of three. The support vector machine classifier 

was run with the ‘lbfgs’ solver and default settings.  

 

 A smaller matrix was also used. In an attempt to reduce the noise of so many variables, 

this one only used the differences in methylation for each context in both the gene and the 

promoter, the base mean expression of the gene, the highest level of sRNA, the gene length, the 

difference in sRNA levels, and the difference in the level of sRNA in the promoter. The 

parameters were kept the same except for the maximum depth of the decision trees, which was 

set to 6. This matrix included only a few basic features of the gene and the differences in the 

epigenetic pathways we studied between the experimental groups and the control.  

 

Simulated Dataset: 

 To test the algorithms’ ability to identify patterns in this type of data, a simulated dataset 

was created from the methylation clusters in Chapter 3. These clusters reflected gene methylation 

patterns identified in another study: gene body CG methylation, high methylation in all contexts, 

high promoter methylation, and low methylation. The mean and standard deviations were used to 

generate a dataset to represent genes with the 4 groups of methylation types. This matrix had 46 

features, 42 for methylation and 4 to represent the transposons and sRNA. Methylation in each 

context for the promoter, five segments of the gene, and the 500 nucleotides downstream was 

generated for a control and experimental group based on the inverse of the error function.41 

Upregulated genes were generated with an experimental group resembling gene body or no 

methylation and a control with promoter or high methylation levels. 2000 genes of each 

combination were simulated for a total of 8000 upregulated genes. 8000 downregulated genes 

were generated with promoter or high methylation in the experimental group and gene body or 

no methylation in the control. A set of 18000 genes that were neither up nor downregulated was 

also simulated. There were 3000 for each methylation type that had a consistent pattern between 

the experimental group and the control. There were also 3000 genes with gene body methylation 

in either the experimental group or the control and no methylation as the other methylation type. 

This added up to a total of 34,000 genes in the simulated dataset.  

 

 Some similar data with randomly assigned labels was added to the simulated uniform 

dataset to perturb the model. In the simulated dataset, genes could have any combination of gene 

methylation and other features. The class was assigned at random with weights matching the 

original dataset, which had a ratio of 8/34 upregulated, 8/34 downregulated, and 18/34 

unchanged genes.   

 

Identifying interesting genes: 

When the models did not reveal broad trends of epigenetic activity, we started looking at 

a local level with the matrix of features used to develop the models. The matrix of genes with 

their epigenetic information was used to identify regions of high differential activity. It was 

opened in a Jupyter Notebook, and a scoring system was developed to help determine which 

genes had the most interesting features. Columns were filtered by their values and used to award 

points based on the presence of nearby features, and differential activity, such as the presence of 
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differentially methylated cytosines or differentially expressed sRNA. Scoring these features 

would help us identify regions with the most probable epigenetic activity. Significantly 

differentially expressed genes, with an adjusted p value of less than .001 and a log2 fold change 

greater than 2 or less than -2, were given 3000 initial points.  500 points were added to genes 

with a nearby DMR, 200 points for non-CG DMCs, and 100 points for CG DMCs. The ratio of 

the difference in percent methylation to the average percent methylation in each context was 

added with a maximum value of 100 points for both the gene and the promoter. 300 points were 

given for genes with nearby differentially expressed small RNA and 150 were added for sRNA 

with a difference in expression level greater than the larger of the control and experimental 

standard deviation.  1000 points were added to the score of genes with points for both significant 

differential sRNA and methylation features.  Sorting the genes by their point values helped 

identify which genes were interesting for potential follow-up studies of epigenetics.  

 

Results: 

Creating the matrix that combined methylation, sRNA, gene expression, and other features 

was successful. The features were converted into a numerical format acceptable to some Scikit 

learn algorithms for building classifiers.42  kNN, C support vector, and multi-layer perception 

algorithms were used. To try to minimize the problem of too many features in the original 

dataset, we attempted to pare them down to the most interesting, and we tried to weigh the DEGs 

in the dataset to balance it. Even the small matrix had 11 features, which is still high for some 

datasets, and while changing the weight of the DEGs balanced the dataset, it can contribute to 

overfitting. None of the data mining algorithms’ models produced with our experimental data 

could reliably identify DEGs, regardless of treatment. Still, we found some local sites that could 

be interesting for further epigenetic studies.  

 

Across the 20 tested models for each treatment, we were not able to reliably use epigenetic 

information to identify differentially expressed genes. This is evidenced by low recall scores 

(Table 1), which indicate that the model identified many false positives for differentially 

expressed genes. While the receiver operating characteristic (ROC) curves do not indicate a great 

model either, the problems are apparent with the precision-recall (PR) curves (Fig. 3-10).43 

Figure 11 depicts ideal ROC and PR curves. An ideal PR curve would be the inverse of these, 

with the line following y = 1 before dropping to 0 at x=1.44 This is also indicative of the 

unbalanced nature of the dataset.45 While balancing measures were taken when available, the 

unbalanced nature of the dataset still caused problems. This was apparent in the low F1 values 

for all of the models. A good F1 score would be closer to 1 and indicates that the model classifies 

fewer false positives and false negatives.46 The model based on glyphosate-treated plants 

performed slightly better than the others, with a highest F1 score of .1998 in a decision tree 

model, and it was the most balanced of the sets because it had the most DEGs. In general, the 

random forest and decision tree models had higher F1 scores of .0884 and .0789, respectively, 

and a greater area under the ROC curve than the other models. The kNN and perceptron models 

performed the worst, with F1 scores averaging .0125 and .0325. There did not appear to be a 

broad, overarching pattern of epigenetic activity among our features that would allow these 

classifiers to identify differentially expressed genes.  

 

With the low F1 scores of the models built with our actual data, we decided to create a 

simulated dataset to reflect a pattern we might expect to see in the event of broad gene regulation 
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through RNA directed DNA methylation.20 This would help us test the algorithms’ abilities to 

build a model based on the patterns we might expect. We expected hypermethylation of the gene 

and promoter region to be associated with repression, and hypomethylation with upregulation. 

Using the means and standard deviations of the clusters previously identified, we created 

methylation features to simulate the RdDM changes alongside sRNA levels and proximity to 

transposons. The simulated dataset was easier to classify (Table 2 and Figure 11). The features 

were different but focused entirely on how RNA-directed DNA methylation might shift the 

pattern of methylation to a repressive state and thus alter expression. An estimate of the number 

of transposons and sRNA was added, as well as sRNA levels and the distance to the nearest 

transposon. Methylation in a control and experimental context for regions in and around the gene 

was also estimated. While the classification models were nearly perfect with just the simulated 

data, adding some noise, in the form of random unbalanced data, disrupted the model. We tested 

the models built with the simulated data for their ability to classify actual data from our 

experiment. We chose the glyphosate-treated plant data because it was the most balanced, and 

the models performed the best with it. When the same features were obtained for the actual 

glyphosate-treated plant data, the models created using the simulated dataset performed poorly 

(Table 3). We were not able to detect a broad pattern of RdDM altering the expression of many 

genes from our full, epigenetic matrix. 

 

Because we could not find patterns through the noisy, full dataset, we focused on 

individual areas of overlap where epigenetics could play a role in influencing gene expression. 

Some genes with interesting epigenetic features were identified through the scoring system on 

the actual data (Table 4). This system helped us isolate genes with features we were interested in, 

such as significant differential methylation, differential sRNA expression, and differential gene 

expression. In glyphosate-treated plants, there were 11 genes with altered methylation, sRNA, 

and expression when compared to the control. 4 were identified from trifloxysulfuron-treated 

Arabidopsis and 3 from shaded. None were identified from the mechanically clipped plants, 

which only had two DMCs. Additionally, the transposable element gene AT2G05240 was 

identified from the glyphosate treated plants. Thus, from our weighted scoring system we were 

able to identify 18 genes and 1 transposable element with correlated altered expression, 

methylation, and sRNA.  
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Figure 3 Glyphosate-Treated Upregulated Gene Matrices’ Evaluation: The receiver operating 
characteristic and precision recall curves were generated for a decision tree (purple), random 
forest (blue), k nearest neighbors (green), C support vector machine (red), and a multi-layer 
perceptron classifier (cyan) attempting to identify upregulated genes with the epigenetic 
responses in glyphosate-treated Arabidopsis. 
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Figure 4 Glyphosate-Treated Upregulated Gene Matrices’ Evaluation: The receiver operating 
characteristic and precision recall curves were generated for a decision tree (purple), random 
forest (blue), k nearest neighbors (green), C support vector machine (red), and a multi-layer 
perceptron classifier (cyan) attempting to identify downregulated genes with the epigenetic 
responses in glyphosate-treated Arabidopsis. 
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Figure 5 Trifloxysulfuron-Treated Upregulated Gene Matrices’ Evaluation: The receiver 
operating characteristic and precision recall curves were generated for a decision tree (purple), 
random forest (blue), k nearest neighbors (green), C support vector machine (red), and a multi-
layer perceptron classifier (cyan) attempting to identify upregulated genes with the epigenetic 
responses in trifloxysulfuron-treated Arabidopsis. 

 
Figure 6 Trifloxysulfuron-Treated Downregulated Gene Matrices’ Evaluation: The receiver 
operating characteristic and precision recall curves were generated for a decision tree (purple), 
random forest (blue), k nearest neighbors (green), C support vector machine (red), and a multi-
layer perceptron classifier (cyan) attempting to identify downregulated genes with the 
epigenetic responses in trifloxysulfuron-treated Arabidopsis. 
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Figure 7 Shaded Upregulated Gene Matrices’ Evaluation: The receiver operating characteristic 
and precision recall curves were generated for a decision tree (purple), random forest (blue), k 
nearest neighbors (green), C support vector machine (red), and a multi-layer perceptron 
classifier (cyan) attempting to identify upregulated genes with the epigenetic responses in 
shaded Arabidopsis. 
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Figure 8 Shaded Downregulated Gene Matrices’ Evaluation: The receiver operating 
characteristic and precision recall curves were generated for a decision tree (purple), random 
forest (blue), k nearest neighbors (green), C support vector machine (red), and a multi-layer 
perceptron classifier (cyan) attempting to identify downregulated genes with the epigenetic 
responses in shaded Arabidopsis. 
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Figure 9 Clipped Upregulated Gene Matrices’ Evaluation: The receiver operating characteristic 
and precision recall curves were generated for a decision tree (purple), random forest (blue), k 
nearest neighbors (green), C support vector machine (red), and a multi-layer perceptron 
classifier (cyan) attempting to identify upregulated genes with the epigenetic responses in 
clipped Arabidopsis. 
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Figure 10 Clipped Downregulated Gene Matrices’ Evaluation: The receiver operating 
characteristic and precision recall curves were generated for a decision tree (purple), random 
forest (blue), k nearest neighbors (green), C support vector machine (red), and a multi-layer 
perceptron classifier (cyan) attempting to identify downregulated genes with the epigenetic 
responses in clipped Arabidopsis. 
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Figure 11 Test Matrix Evaluation: The receiver operating characteristic and precision recall 
curves were generated for a decision tree (purple), random forest (blue), k nearest neighbors 
(green), C support vector machine (red), and a multi-layer perceptron classifier (cyan) 
attempting to identify downregulated genes in the simulated dataset with 0% noisy data. This 
shows ideal ROC and PR curves.  

Table 5 Model Performance Metrics: Some evaluation metrics for the models are listed. 

Treatment DEG Direction Model Matrix Size Accuracy Precision Recall F1 Score 

GLY Up Tree Big 0.7170 0.0475 0.4932 0.0867 

GLY Up Forest Big 0.7190 0.0610 0.6575 0.1117 

GLY Up kNN Big 0.9711 0.0000 0.0000 0.0000 

GLY Up SVC Big 0.6381 0.0481 0.6644 0.0898 

GLY Up MLP Big 0.9619 0.0933 0.0479 0.0633 

GLY Down Tree Big 0.7063 0.1139 0.7577 0.1980 

GLY Down Forest Big 0.6096 0.1128 0.8746 0.1998 

GLY Down kNN Big 0.9360 0.1429 0.0297 0.0492 

GLY Down SVC Big 0.5873 0.0914 0.7162 0.1621 

GLY Down MLP Big 0.9332 0.1667 0.0495 0.0763 

GLY Up Tree Small 0.6799 0.0602 0.7365 0.1113 

GLY Up Forest Small 0.6896 0.0615 0.7397 0.1135 

GLY Up kNN Small 0.9707 0.0000 0.0000 0.0000 

GLY Up SVC Small 0.5190 0.0385 0.7055 0.0730 

GLY Up MLP Small 0.9700 0.0952 0.0137 0.0240 

GLY Down Tree Small 0.7003 0.1073 0.7192 0.1867 

GLY Down Forest Small 0.5761 0.1022 0.8482 0.1824 

GLY Down kNN Small 0.9310 0.0385 0.0099 0.0157 

GLY Down SVC Small 0.4736 0.0796 0.7987 0.1447 

GLY Down MLP Small 0.9426 0.2353 0.0132 0.0250 
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TRI Up Tree Big 0.8083 0.0311 0.4407 0.0581 

TRI Up Forest Big 0.7894 0.0278 0.6190 0.0532 

TRI Up kNN Big 0.9895 0.1667 0.0238 0.0417 

TRI Up SVC Big 0.6482 0.0179 0.6667 0.0349 

TRI Up MLP Big 0.9770 0.0845 0.1429 0.1062 

TRI Down Tree Big 0.8176 0.0136 0.7857 0.0267 

TRI Down Forest Big 0.8042 0.0150 0.6190 0.0293 

TRI Down kNN Big 0.9950 0.0000 0.0000 0.0000 

TRI Down SVC Big 0.7506 0.0064 0.3333 0.0126 

TRI Down MLP Big 0.9902 0.0000 0.0000 0.0000 

TRI Up Tree Small 0.7419 0.0362 0.7119 0.0689 

TRI Up Forest Small 0.7631 0.0265 0.6667 0.0510 

TRI Up kNN Small 0.9891 0.1250 0.0238 0.0400 

TRI Up SVC Small 0.6669 0.0110 0.3810 0.0214 

TRI Up MLP Small 0.9886 0.1667 0.0476 0.0741 

TRI Down Tree Small 0.6999 0.0098 0.9286 0.0193 

TRI Down Forest Small 0.7397 0.0130 0.7143 0.0255 

TRI Down kNN Small 0.9952 0.0000 0.0000 0.0000 

TRI Down SVC Small 0.6289 0.0079 0.6190 0.0157 

TRI Down MLP Small 0.9907 0.0000 0.0000 0.0000 

SH Up Tree Big 0.8040 0.0287 0.4364 0.0539 

SH Up Forest Big 0.7308 0.0361 0.5385 0.0677 

SH Up kNN Big 0.9809 0.0000 0.0000 0.0000 

SH Up SVC Big 0.6331 0.0319 0.6538 0.0608 

SH Up MLP Big 0.9690 0.0339 0.0256 0.0292 

SH Down Tree Big 0.7092 0.0574 0.5935 0.1047 

SH Down Forest Big 0.6750 0.0730 0.7431 0.1329 

SH Down kNN Big 0.9607 0.0370 0.0069 0.0117 

SH Down SVC Big 0.6380 0.0621 0.6944 0.1140 

SH Down MLP Big 0.9511 0.0875 0.0486 0.0625 

SH Up Tree Small 0.7378 0.0282 0.5818 0.0538 

SH Up Forest Small 0.7728 0.0501 0.6410 0.0929 

SH Up kNN Small 0.9811 0.0000 0.0000 0.0000 

SH Up SVC Small 0.5569 0.0270 0.6667 0.0518 

SH Up MLP Small 0.9795 0.0000 0.0000 0.0000 

SH Down Tree Small 0.5278 0.0471 0.8049 0.0889 

SH Down Forest Small 0.6440 0.0614 0.6736 0.1126 

SH Down kNN Small 0.9634 0.0667 0.0069 0.0126 

SH Down SVC Small 0.5353 0.0483 0.6875 0.0902 

SH Down MLP Small 0.9632 0.0625 0.0069 0.0125 
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CL Up Tree Big 0.8244 0.0149 0.2750 0.0284 

CL Up Forest Big 0.8324 0.0279 0.4651 0.0526 

CL Up kNN Big 0.9895 0.0000 0.0000 0.0000 

CL Up SVC Big 0.7353 0.0133 0.3488 0.0257 

CL Up MLP Big 0.9853 0.0455 0.0233 0.0308 

CL Down Tree Big 0.7811 0.0444 0.5385 0.0820 

CL Down Forest Big 0.7711 0.0436 0.7213 0.0822 

CL Down kNN Big 0.9849 0.0000 0.0000 0.0000 

CL Down SVC Big 0.6750 0.0249 0.5738 0.0477 

CL Down MLP Big 0.9707 0.0149 0.0164 0.0156 

CL Up Tree Small 0.7069 0.0167 0.5250 0.0323 

CL Up Forest Small 0.7516 0.0224 0.5581 0.0430 

CL Up kNN Small 0.9895 0.0000 0.0000 0.0000 

CL Up SVC Small 0.5846 0.0123 0.5116 0.0241 

CL Up MLP Small 0.9828 0.0000 0.0000 0.0000 

CL Down Tree Small 0.6009 0.0326 0.7308 0.0624 

CL Down Forest Small 0.7437 0.0341 0.6230 0.0646 

CL Down kNN Small 0.9849 0.1667 0.0164 0.0299 

CL Down SVC Small 0.6808 0.0212 0.4754 0.0406 

CL Down MLP Small 0.9814 0.0000 0.0000 0.0000 

 

Table 2 Simulated Data Metrics: Evaluation metrics for the performance of the models 
developed and tested on simulated data.  
% Random 

Data 
Direction Classifier Accuracy Precision Recall F1 Score 

0 Up Tree 1.0 1.0 1.0 1.0 
0 Down Tree .9990 .9982 .9976 .9979 
0 Up Forest 1.0 1.0 1.0 1.0 
0 Down Forest 1.0 1.0 1.0 1.0 
0 Up kNN .9999 1.0 .9994 .9997 
0 Down kNN .9997 1.0 .9988 .9994 
0 Up SVC 1.0 1.0 1.0 1.0 
0 Down SVC 1.0 1.0 1.0 1.0 
0 Up MLP 1.0 1.0 1.0 1.0 
0 Down MLP .9999 1.0 .9994 .9997 

50 Up Tree .8354 .6885 .5179 .5912 
50 Down Tree .8296 .6672 .5581 .6078 
50 Up Forest .7759 .5092 .6735 .5799 
50 Down Forest .7690 .5085 .7060 .5912 
50 Up kNN .8228 .6960 .3969 .5055 
50 Down kNN .8147 .6891 .3953 .5024 
50 Up SVC .8079 .5675 .6662 .6129 
50 Down SVC .7787 .525 .6787 .5920 
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50 Up MLP .8016 .5699 .5335 .5511 
50 Down MLP .7834 .5439 .5239 .5337 
90 Up Tree .7572 .1429 .0025 .0048 
90 Down Tree .7603 .4819 .0246 .0468 
90 Up Forest .6088 .2920 .4427 .3519 
90 Down Forest .6076 .2892 .4388 .3486 
90 Up kNN .7397 .3343 .0675 .1123 
90 Down kNN .7406 .2879 .0571 .0954 
90 Up SVC .5972 .2933 .4617 .3587 
90 Down SVC .6024 .2815 .4266 .3392 
90 Up MLP .7265 .3056 .0952 .1452 
90 Down MLP .7340 .3339 .1125 .1683 

 

Table 3 Results of Real Data on Simulated Data Models with 0% Bad Data: The same data was 
assembled into the same format as the simulated data matrix with 7 regions of methylation 
calculated for the control and experimental groups, glyphosate (GLY), trifloxysulfuron (TRI), 
shade (SH), and clipped (CL). Genes that did not have all of these numbers were dropped. The 
models, decision tree (Tree), random forest (Forest), k-nearest neighbors (kNN), C support 
vector (SVC), and multi-layer perceptron (MLP), were developed with the simulated data and 
tested with the real data.  
Treatment DEG Direction Classifier Accuracy Precision Recall F1 Score 

GLY Up Tree 0.9215 0.0217 0.0621 0.0322 

TRI Up Tree 0.9304 0.0099 0.0615 0.0170 

SH Up Tree 0.9292 0.0129 0.0610 0.0212 

CL Up Tree 0.9352 0.0101 0.1176 0.0186 

GLY Up Forest 0.9215 0.0217 0.0621 0.0322 

TRI Up Forest 0.9304 0.0099 0.0615 0.0170 

SH Up Forest 0.9292 0.0129 0.0610 0.0212 

CL Up Forest 0.9352 0.0101 0.1176 0.0186 

GLY Up kNN 0.9507 0.0178 0.0248 0.0207 

TRI Up kNN 0.9566 0.0088 0.0308 0.0137 

SH Up kNN 0.9547 0.0224 0.0610 0.0328 

CL Up kNN 0.9642 0.0099 0.0588 0.0169 

GLY Up SVC 0.9295 0.0227 0.0559 0.0323 

TRI Up SVC 0.9484 0.0174 0.0769 0.0284 

SH Up SVC 0.9477 0.0114 0.0366 0.0173 

CL Up SVC 0.9544 0.0112 0.0882 0.0198 

GLY Up MLP 0.9087 0.0213 0.0745 0.0331 

TRI Up MLP 0.8930 0.0091 0.0923 0.0166 

SH Up MLP 0.8920 0.0186 0.1463 0.0330 

CL Up MLP 0.8986 0.0094 0.1765 0.0179 

GLY Down Tree 0.9199 0.0361 0.1184 0.0554 
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TRI Down Tree 0.9289 0.0168 0.1014 0.0288 

SH Down Tree 0.9172 0.0211 0.0692 0.0323 

CL Down Tree 0.9268 0.0095 0.0606 0.0165 

GLY Down Forest 0.9335 0.0339 0.0855 0.0485 

TRI Down Forest 0.9448 0.0225 0.1014 0.0368 

SH Down Forest 0.9313 0.0211 0.0538 0.0304 

CL Down Forest 0.9438 0.0098 0.0455 0.0161 

GLY Down kNN 0.9545 0.0332 0.0461 0.0386 

TRI Down kNN 0.9632 0.0219 0.0580 0.0317 

SH Down kNN 0.9537 0.0169 0.0231 0.0195 

CL Down kNN 0.9608 0.0104 0.0303 0.0154 

GLY Down SVC 0.9286 0.0353 0.0987 0.0520 

TRI Down SVC 0.9391 0.0173 0.0870 0.0288 

SH Down SVC 0.9279 0.0171 0.0462 0.0249 

CL Down SVC 0.9390 0.0089 0.0455 0.0149 

GLY Down MLP 0.9135 0.0346 0.1250 0.0542 

TRI Down MLP 0.8996 0.0146 0.1304 0.0263 

SH Down MLP 0.8895 0.0227 0.1077 0.0375 

CL Down MLP 0.8963 0.0065 0.0606 0.0117 

 

 

Table 4 Genes of Interest: Differentially expressed genes with DMCs and sRNA differences were 
identified for further study.  

Gene ID Treatment DEG DMC sRNA GO Terms29 

AT3G29320 GLY - CG- - cytoplasm, glycogen catabolic process, 
glycogen phosphorylase activity, transferase 

activity,  transferring glycosyl groups, 
pyridoxal phosphate binding, linear malto-

oligosaccharide phosphorylase activity, SHG 
alpha-glucan phosphorylase activity, 1, 4-
alpha-oligoglucan phosphorylase activity, 

response to water deprivation, plastid, 
response to temperature stimulus, 

chloroplast, cytosol 
AT1G53480 GLY + CG- +  

AT3G61470 GLY - CG- - response to light stimulus, chloroplast 
thylakoid membrane, photosynthesis, 

photosynthesis,  light harvesting in 
photosystem I, photosystem I antenna 

complex, chlorophyll binding, chloroplast 
thylakoid membrane, chloroplast thylakoid 

membrane, response to cold, response to high 
light intensity, response to low light intensity 

stimulus, protein binding, photosynthesis, 
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cytosol, chlorophyll binding 

AT5G62360 GLY - CHH+ - enzyme inhibitor activity, negative regulation 
of catalytic activity, cytoplasm, plasma 

membrane, plant-type cell wall modification 
AT3G50460 GLY + CG- + defense response to fungus, response to 

fungus 
AT5G62350 GLY - CHH+ - enzyme inhibitor activity, negative regulation 

of catalytic activity, plastid 
ATCG01180 GLY - CHH+ - plastid large ribosomal subunit, structural 

constituent of ribosome, translation 
AT1G34060 GLY + CG- + cellular amino acid metabolic process, 

transaminase activity, carbon-sulfur lyase 
activity 

AT3G28510 GLY + CG- + endoplasmic reticulum 

AT4G04540 GLY + CG- - protein kinase activity, protein serine, 
threonine kinase activity, plasma membrane, 

protein phosphorylation, protein 
phosphorylation, kinase activity 

AT3G25010 GLY + CG- + kinase activity, signal transduction, leaf 
senescence, cellular response to abscisic acid 
stimulus, leaf senescence, cellular response to 

abscisic acid stimulus 
AT4G01985 TRI + CG- +  

AT1G34440 TRI + CG- -  

AT5G35375 TRI + CG- -  

AT1G62975 TRI - CG- - RNA polymerase II transcription regulatory 
region sequence-specific DNA binding, DNA-

binding transcription factor activity,  RNA 
polymerase II-specific, DNA-binding 

transcription factor activity, regulation of 
transcription by RNA polymerase II, regulation 
of transcription by RNA polymerase II, protein 

dimerization activity, RNA polymerase II 
transcription regulator complex, DNA-binding 

transcription factor activity, regulation of 
transcription,  DNA-templated 

AT3G47340 SH + CG- + asparagine synthase (glutamine-hydrolyzing) 
activity, cytosol, asparagine biosynthetic 

process, L-asparagine biosynthetic process, 
cellular amino acid catabolic process, 

asparagine biosynthetic process, cellular 
response to sucrose starvation, response to 
sucrose, response to glucose, response to 

fructose, response to absence of light, cytosol 
AT2G05380 SH + CHH+ + mitochondrion 

AT5G19120 SH + CG- + aspartic-type endopeptidase activity, cellular 
response to hypoxia 
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Discussion: 

We wanted to compare sRNA, gene expression, and DNA methylation to identify 

connections between them that would show the role of these epigenetic mechanisms in 

Arabidopsis’ stress response. In part, that meant searching for overall patterns of methylation and 

sRNA driving gene expression changes on a global scale, and it also meant checking individual 

genes on a local scale. We combined all types of data from our stress-response study and used 

this matrix to try to identify genes with differential epigenetic activity. We also used established 

data mining classifiers to identify links between gene expression and epigenetic responses 

involving sRNA and DNA methylation. These algorithms can be used to sift through high-

dimensional, noisy data and make connections with features not easily observed.21 Initially the 

models could not consistently identify differentially expressed genes with the features we 

selected. Although we had many features, there are still aspects of gene regulation that could not 

be captured in this study. Due to concerns about overfitting, we tried reducing the matrix to what 

we perceived to be key features, and we tried weighting the differentially expressed genes to 

balance the dataset.  

 

One interesting outcome of this work was a set of scripts and methods to link all the 

different data types in a way that was useful for detecting potential broad patterns of epigenetic 

activity. Without existing software to do this, we had to come up with our own methods and find 

ways to represent the information in a numerical format. Connecting all of our sequence types 

and seeing whether these patterns could be detected by the classification algorithms was an 

important step in the analysis. Even though the resulting models did not detect broad patterns of 

epigenetic regulation influencing gene expression in our experimental dataset, such techniques 

could prove useful in another system or with a different stress. If other researchers happen to run 

similar experiments and have the same data types, they too might wish to look for patterns.  

 

While we did not detect an overall broad pattern of methylation or sRNA levels that 

allowed us to predict expression, this does not rule out the possibility of local methylation or 

sRNA processes influencing gene transcription or transposon activity.  Using a weighted scoring 

system, we identified some genes for further study using the scoring system. AT3G29320 

(PHS1) is involved in starch granule synthesis.47 AT1G53480 (MRD1) was upregulated in 

glyphosate treated Arabidopsis, and it is believed to promote salicylic acid defenses.48 

AT3G61470 was downregulated in glyphosate-treated plants and is a subunit of the photosystem 

I light harvesting complex.49 ATCG01180 codes for the 23S ribosomal subunit of the 

chloroplast.50 Interestingly, the chloroplast was mostly unmethylated when the methylation of 

the plastid was determined in Chapter 3. AT1G62975 is an upregulated transcription factor in 

trifloxysulfuron-treated Arabidopsis that could regulate other genes.51 A dark inducible 

transcription factor (AT3G47340) was upregulated in the shaded plants.52 Further study could 

verify the role of epigenetics, if any in the differential expression cases.  

 

Methylation and sRNA are believed to have some influence over gene expression levels. 

The methylation patterns are linked to varying level of expression.53  Higher levels of non-CG 

methylation are associated with repression of genes and transposons.54,55 However, broad 

changes to methylation patterns did not appear to correlate well with changes in gene expression 

with these data.  When our simulated dataset model was given increasing amounts of randomly 

assigned data, it quickly lost its ability to reliably detect DEGs. We may have been unable to sift 
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through the noise to detect any existing patterns in our actual data. There are many mechanisms 

that are believed to influence gene expression and therefore create noise that interferes with 

efforts to estimate expression based on methylation. For example, histone marks are also an 

epigenetic mark associated with expression changes, but we did not have data on histone status. 

Other proteins also regulate expression levels.56 Negative regulators may bind to the promoter of 

genes to prevent transcription, and positive regulators can assist transcription machinery to 

produce more RNA from a gene. We added some noise to our simulated dataset to mimic this. 

The resulting models lost the ability to reliably distinguish DEGs from other genes. It is possible 

that the bulk of the long-term responses were mediated by these other regulatory mechanisms, 

and that would explain why we did not detect them.  

 

Another group studied stress responses and epigenetics in plants with a clearer example of 

epigenetic regulation involving methylation, but histone modifications played an important role. 

Their study found that in maize long-term perturbation of methylation near a transposon was 

associated with changes to the histone mark, H3K27me3.57 Both remained disrupted for 8 

generations when the RdDM pathway was disrupted.  Methylation has several self-reinforcing 

loops with histone marks. They hypothesized that the long-term disruption of methylation caused 

the histone marks to change and thus break the loop.  This ultimately caused long-term increased 

transposon activity.  Perhaps the primary role of DNA methylation is to help regulate histone 

modifications, which could be the major driver of regulation difference.57 With our data, the 

changes to methylation may not have had adequate time to alter the histones in a way that would 

influence expression after a long recovery, or the stress did not cause many changes in the 

RdDM regulation that would affect expression. The herbicide treated plants were only sprayed 

once, and the clipped plants were cut 3 times. In those cases, the plants were exposed to a sudden 

stressor, which was then alleviated.  However, the continuously shaded plants did not have a 

strong correlation between changes to methylation and gene expression.  

 

There is also the possibility that the epigenetic pathways we studied did not broadly 

influence long-term gene expression in response to the stresses imposed. In chapter 3, patterns of 

gene methylation were clustered with k means, and the resulting clusters resemble those obtained 

in another study.53 They featured one with high methylation in all contexts, low methylation in 

all contexts, CG body methylation, and high methylation in the promoter. It is worth noting that 

very few genes switched from the lowest CHH methylation groups, promoter and no 

methylation, to the highest methylation group. Perhaps there may have been a stronger 

methylation response when the clipping or herbicide stresses were initially imposed, but the 

levels returned to normal as the plants recovered. In contrast, shade treated plants were 

continuously stressed until harvest, so this acclimation may not have occurred. However, the 

continuous nature of this stress may have resulted in different acclimations as a result of this 

long-term exposure. There was no dramatic change in conditions that required a long recovery 

period; they just grew slowly and steadily.  

 

Overall, we found that to identify genomic scale patterns between regulation and gene 

expression we had to reduce the noise found in typical ‘omics’ datasets. For example, we found 

no pattern when mining the data from weed control treatments, but when we mined simulated 

data we were able to detect the predicted patterns associated with regulation of gene expression. 

As discussed, the noise that perturbs the models can arise from various sources, including the 
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possibility that DNA methylation levels and gene expression are not tightly connected. This 

relationship was recently tested, where researchers generated Arabidopsis plants without the 

ability to methylate DNA and noted, among a plethora of non-regulatory impacts, a dose-

dependent connection between methylation and gene expression.58  In the case of the present 

study, this could be further tested by altering the methylation state of the individual sites we 

identified with the scoring system. If an altered DNA methylation state throughout these genes 

causes changes to their expression levels, that would be evidence that DNA methylation can, at 

least at a local level, influence gene expression and facilitate stress response.  It would also 

suggest that researchers should carefully consider the scale at which their biological question 

impacts methylation and gene expression.  
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