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CHAPTER I 

 

LIGHT-MODULATES ETHYLENE SYNTHESIS, SIGNALING, AND 

DOWNSTREAM TRANSCRIPTIONAL NETWORKS TO CONTROL PLANT 

DEVELOPMENT 

 

Alexandria F. Harkey, Gyeong Mee Yoon, Dong Hye Seo, Alison DeLong, Gloria K. 

Muday 
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Abstract 

The inhibition of hypocotyl elongation by ethylene in dark-grown seedlings was 

the basis of elegant screens that identified ethylene-insensitive Arabidopsis mutants, 

which remained tall even when treated with high concentrations of ethylene. This simple 

approach proved invaluable for identification and molecular characterization of major 

players in the ethylene signaling and response pathway, including receptors and 

downstream signaling proteins, as well as transcription factors that mediate the extensive 

transcriptional remodeling observed in response to elevated ethylene. However, the dark-

adapted early developmental stage used in these experiments represents only a small 

segment of a plant’s life cycle. After a seedling’s emergence from the soil, light signaling 

pathways elicit a switch in developmental programming and the hormonal circuitry that 

controls it. Accordingly, ethylene levels and responses diverge under these different 

environmental conditions. In this review, we compare and contrast ethylene synthesis, 

perception, and response in light and dark contexts, including the molecular mechanisms 

linking light responses to ethylene biology. One powerful method to identify similarities 

and differences in these important regulatory processes is through comparison of 

transcriptomic datasets resulting from manipulation of ethylene levels or signaling under 

varying light conditions. We performed a meta-analysis of multiple transcriptomic 

datasets to uncover transcriptional responses to ethylene that are both light-dependent and 

light-independent. We identified a core set of 139 transcripts with robust and consistent 

responses to elevated ethylene across three root-specific datasets. This “gold standard” 

group of ethylene-regulated transcripts includes mRNAs encoding numerous proteins that 

function in ethylene signaling and synthesis, but also reveals a number of previously 
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uncharacterized gene products that may contribute to ethylene response phenotypes. 

Understanding these light-dependent differences in ethylene signaling and synthesis will 

provide greater insight into the roles of ethylene in growth and development across the 

entire plant life cycle. 
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Introduction 

Plant responses to the gaseous hormone ethylene are an excellent model for 

studying the relationships between hormone synthesis, signaling, transcriptional changes, 

and development. The identification of ethylene-insensitive mutants in Arabidopsis using 

molecular genetics opened a new era in dissecting plant hormone signaling (Bleecker et 

al., 1988; Guzman and Ecker, 1990). Ethylene-insensitive mutants were identified as 

lacking the ethylene “triple response” in dark-grown seedlings (short, thick hypocotyl and 

exaggerated apical hook), remaining tall in the presence of excess ethylene (Alonso et al., 

2003; Guo and Ecker, 2003; Yanagisawa et al., 2003). This approach enabled the 

isolation of mutations affecting the activities of core ethylene response machinery, 

including receptors, signaling proteins, and transcription factors. The functions of these 

signaling components, as well as the pathways for ethylene synthesis, have subsequently 

been assayed in additional tissues beyond dark-grown hypocotyls, demonstrating that 

many of these proteins function in all tissues and growth conditions, but also revealing 

branches of the ethylene signaling and synthesis pathways that have distinct roles in 

light-grown plants and in other developmental stages. In particular, ethylene-responsive 

transcriptional networks and regulatory controls of ethylene biosynthesis show profound 

differences between light- and dark-grown tissues. Although some of these differences 

have been reviewed previously (Rodrigues et al., 2014; Booker and DeLong, 2015; Yoon, 

2015; Yu and Huang, 2017), recent studies have identified new mechanisms and yielded 

insight into light-dependent differences. This review highlights the similarities and 

differences in light-dependent regulation of ethylene synthesis and response in seedlings 

grown at a range of light levels, focusing on recent publications establishing that the 
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genetic redundancy in ethylene biosynthetic machinery, ethylene receptors, and 

transcriptional machinery may allow a complex suite of light-dependent developmental 

responses to this important hormone. 

 

Basics of the Ethylene Signaling Pathway 

The triple response of dark-grown seedlings was exploited in elegant genetic 

screens that identified mutants exhibiting either ethylene-insensitivity (ein or etr mutants) 

(Bleecker et al., 1988; Guzman and Ecker, 1990; Chang et al., 1993), enhanced ethylene 

signaling in the constitutive triple response (ctr) (Kieber et al., 1993; Huang et al., 2003), 

or synthesis in the ethylene overproducer (eto) mutants (Guzman and Ecker, 1990). The 

genes responsible for these phenotypes have been cloned and mapped to the ethylene 

signaling and biosynthetic pathways. The signaling pathway begins with ethylene binding 

to ER-localized receptor proteins (Kendrick and Chang, 2008), which act as negative 

regulators of the pathway (Hua and Meyerowitz, 1998). In Arabidopsis, these receptors 

are ETR1, ETR2, EIN4, ERS1, and ERS2 (Chang et al., 1993; Schaller and Bleecker, 

1995; Hua and Meyerowitz, 1998; Sakai et al., 1998), which fall into two subfamilies 

based on sequence similarity of the ethylene binding domains and the presence of 

conserved histidine kinase domains (Kendrick and Chang, 2008; Stepanova and Alonso, 

2009; Shakeel et al., 2013). When ethylene binds, the receptors are turned off, resulting 

in decreased activity of the inhibitory CTR1 protein kinase and increased EIN2 output 

(Kieber et al., 1993; Alonso et al., 1999; Huang et al., 2003; Qiao et al., 2009). C-

terminal proteolytic cleavage of EIN2 promotes the nuclear localization of the EIN2 C-

terminal proteolytic fragment (EIN2-CEND) (Ju et al., 2012; Qiao et al., 2012; Wen et al., 
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2012). EIN2-CEND-mediated targeting of EBF1/2 mRNA to the processing body further 

enhances signaling output (Li et al., 2015; Merchante et al., 2015). Nuclear EIN2-CEND 

alters transcription via activation of the EIN3 and EIN3-LIKE (EIL1 and EIL2) 

transcription factors (TFs), which then turn on expression of genes encoding other TFs, 

such as ERF1 and EDF1-EDF4 (Chao et al., 1997; Solano et al., 1998; Alonso et al., 

2003; Chang et al., 2013). These core TFs likely work with other TFs as part of a gene 

regulatory network leading to a diversity of transcriptional responses, which have been 

characterized in multiple genome-wide transcriptional studies (Stepanova et al., 2007; 

Chang et al., 2013; Feng et al., 2017; Harkey et al., 2018). Ethylene signaling is also 

modulated by EIN2-mediated translational regulation (Merchante et al., 2015), as well as 

F-box dependent proteolysis of EIN2 and EIN3 via ETP1/2 and EBF1/2, respectively 

(Guo and Ecker, 2003; Potuschak et al., 2003; Qiao et al., 2009). EBF1/2 are also 

destabilized by ethylene in an EIN2-dependent manner, allowing increased accumulation 

of EIN3 (An et al., 2010). 

Ethylene signaling proteins have roles that extend beyond their functions in dark-

grown Arabidopsis hypocotyls. Genes encoding these proteins have been found across 

the plant kingdom (Wang et al., 2015), and the proteins have been shown to function in a 

diversity of tissues and under a range of light conditions (Lanahan et al., 1994; Binder et 

al., 2006; Plett et al., 2009; Wilson et al., 2014a). Both CTR1 and EIN2 are required for 

normal ethylene responsiveness in all light conditions in Arabidopsis, indicating that each 

of these gene products plays a central and non-redundant role in ethylene signaling, 

regardless of light conditions. Mutants lacking CTR1 show constitutive ethylene 

responses in roots and shoots grown in light or dark (Kieber et al., 1993). Mutations in 
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EIN2 confer insensitivity to added ethylene in dark-grown hypocotyls (Alonso et al., 

1999), light-grown rosettes (Kieber et al., 1993), light-grown hypocotyls (Smalle et al., 

1997), and roots of dark-grown (Stepanova et al., 2005) and light-grown seedlings (Negi 

et al., 2008; Harkey et al., 2018). 

Ethylene receptors are members of a conserved multi-gene family (Shakeel et al., 

2013). As these receptors function as negative regulators, dominant gain-of-function 

(GOF) mutations, such as etr1-1 and etr1-3 in Arabidopsis (Bleecker et al., 1988; 

Guzman and Ecker, 1990; Chang et al., 1993) and Neverripe in tomato (Wilkinson et al., 

1995), yield ethylene-insensitive plants. In contrast, null or loss-of-function (LOF) alleles 

can confer constitutive ethylene response phenotypes (Hua and Meyerowitz, 1998; 

Shakeel et al., 2013). In Arabidopsis, the five ethylene receptors have been shown to have 

distinct roles that are tied to specific developmental responses (Shakeel et al., 2013), 

some of which can be studied only in older plants, which are necessarily grown in light. 

Similarly, the tomato Neverripe gene belongs to a seven-member ethylene receptor gene 

family and the Neverripe mutant carries a GOF mutation that confers ethylene 

insensitivity in phenotypes observed in both light and dark conditions (e.g., fruit ripening, 

hypocotyl triple response, and root development) (Wilkinson et al., 1995; Negi et al., 

2010; Klee and Giovannoni, 2011). Tomato plants with knockdown of mRNA encoding 

receptors have also revealed distinct functions for two tomato ethylene receptors (Kevany 

et al., 2007). In the sections below, we highlight studies that have revealed differences in 

ethylene responses that are influenced by light and developmental stage, and which 

require distinct ethylene signaling or synthesis machinery. 
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Basics of the Ethylene Biosynthesis Pathway 

The enzymatic steps of the ethylene biosynthetic pathway were uncovered in fruit; 

subsequent work in fruit and in dark-grown Arabidopsis seedlings identified a conserved 

biosynthetic pathway and revealed important regulatory mechanisms that control 

pathway activity (Adams and Yang, 1979; Yang and Hoffman, 1984; Booker and 

DeLong, 2015; Yoon, 2015). The simple and highly conserved pathway has only two 

committed steps: conversion of S-adenosyl-l-methionine (SAM) to 1-

aminocyclopropane-1-carboxylic acid (ACC) by ACC synthase (ACS), followed by 

conversion of ACC to ethylene by ACC oxidase (ACO) (Houben and Van de Poel, 2019). 

ACS has been a primary target for researchers interested in understanding regulation of 

ethylene biosynthesis, as this enzyme catalyzes the first biosynthetic step, which is 

frequently described as the rate-limiting step (Adams and Yang, 1979; Yang and 

Hoffman, 1984). ACS gene families in land plants encode isozymes belonging to three 

classes, type-1, type-2, and type-3 (El-Sharkawy et al., 2008; Lin et al., 2009; Booker and 

DeLong, 2015; Zhu et al., 2015; Lee et al., 2019). The evolution and regulation of ACO, 

including consideration of conditions under which ACO activity is limiting for ethylene 

production, have been recently reviewed (Houben and Van de Poel, 2019). There are both 

transcriptional and post-translational mechanisms that control which ACS and ACO 

isozymes are expressed and active, leading to distinct enzyme populations in tissue- and 

developmental stage-specific contexts (Booker and DeLong, 2015; Houben and Van de 

Poel, 2019). Positive feedback loops, largely driven by transcriptional controls of these 

biosynthetic enzymes, drive dramatic increases in ethylene production to accelerate fruit 

ripening (Klee and Giovannoni, 2011). This review will examine new insight into the 



10 
 

molecular mechanisms by which ethylene synthesis is modulated by light levels at both 

transcriptional and post-translational levels. 

 

Light-Dependent and -Independent Ethylene Responses 

Ethylene Effects in Hypocotyls Are Opposite in Light and Dark 

The ethylene response in the hypocotyls of young seedlings is highly dependent 

on light level. The triple response of etiolated seedlings, including inhibited hypocotyl 

elongation, is the basis of much of the current molecular insight into ethylene signaling 

(Bleecker et al., 1988; Guzman and Ecker, 1990). Ethylene treatment under shade 

covering, rather than complete darkness, also leads to decreased hypocotyl growth (Das 

et al., 2016). The hypocotyl response to ethylene is coordinated with light-dependent 

hypocotyl elongation changes during photomorphogenesis (Yu and Huang, 2017). Light 

inhibits hypocotyl elongation, which is important as plants growing in soil transition to 

light (Montgomery, 2016). In opposition to the effect of ethylene in the dark, light-grown 

Arabidopsis seedlings show increased hypocotyl elongation in response to ethylene 

(Smalle et al., 1997; Le et al., 2005; Das et al., 2016; Seo and Yoon, 2019), as illustrated 

in Figure 1. In both light and dark, the ACC or ethylene response is tied to differences in 

cell expansion (Smalle et al., 1997; Seo and Yoon, 2019). These light-dependent 

differences have more frequently been reported in response to treatment with the ethylene 

precursor, ACC (Smalle et al., 1997; Le et al., 2005), but ethylene yields the same light-

dependent increases in elongation (Figure 1), and ethylene-insensitive mutants are shorter 

than wild-type in the light (Le et al., 2005). Intriguingly, the nutrient content of the 

growth media  
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Figure 1. Ethylene and ACC inhibit hypocotyl elongation in the dark and increase 

elongation in the light. Wild-type seedlings were grown on media containing the 

indicated concentrations of ACC or on control media and treated with ethylene gas for 3 

days in the dark or 5 days in light. The effects of (A) ACC or (B) ethylene on hypocotyl 

growth in dark and light conditions. Images generated by the Yoon lab (Seo and Yoon, 

2019), recapitulating previous findings (Bleecker et al., 1988; Guzman and Ecker, 1990; 

Smalle et al., 1997; Le et al., 2005; Liang et al., 2012). Values shown are the average and 

SD of three replicates, each containing at least 20 seedlings.  
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affects the ethylene response in light-grown, but not dark-grown, seedlings (Smalle et al., 

1997; Collett et al., 2000). 

Another striking feature of the ethylene triple response in etiolated seedlings is the 

accentuation of the apical hook. As part of photomorphogenesis, the apical hook opens 

and cotyledons expand, so it is important to ask whether this ethylene response, like 

hypocotyl elongation, is also light dependent (Bleecker et al., 1988; Raz and Ecker, 1999; 

Mazzella et al., 2014; Van de Poel et al., 2015). The formation of apical hooks in 

etiolated seedlings protects the shoot apical meristem during growth through soil, and 

ethylene build-up in denser soil exaggerates this hook to assist in emergence (Zhong et al., 

2014; Shi et al., 2016a). Ethylene insensitive mutants with receptor and signaling defects 

show impaired hook formation, while the ctr1-1 null mutant has an exaggerated hook 

(Abbas et al., 2013). Localized accumulation of ACO across the hook may also 

contribute to hook maintenance in dark-grown seedlings (Peck et al., 1998; Raz and 

Ecker, 1999). Mutants with elevated ethylene synthesis show enhanced hook formation 

(Guzman and Ecker, 1990). A central feature of ethylene-accentuated hook formation is 

crosstalk with auxin. Asymmetries in auxin synthesis and auxin transport, which lead to 

accumulation of growth-inhibiting auxin levels on the inside of the hook, are enhanced by 

ethylene treatment (Vandenbussche et al., 2010; Zádníková et al., 2010). The process of 

hypocotyl hook opening in response to light is also ethylene regulated (Vandenbussche et 

al., 2010; Zádníková et al., 2010; Van de Poel et al., 2015). In dark-grown seedlings, the 

ein3-1 eil1-1 double mutant has enhanced hook opening, while an EIN3 overexpression 

line has a tightly closed, exaggerated hook like ctr1-1, and shows delayed hook opening 
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in the light (Zhang et al., 2018), consistent with ethylene negatively regulating hook 

opening in both light and dark. 

 

Ethylene Modulates Light-Dependent and Light-Independent Root Development 

In seedling roots, ethylene and ACC inhibit elongation in both light and dark conditions 

(Rahman et al., 2001; Ruzicka et al., 2007; Stepanova et al., 2007; Swarup et al., 2007; 

Negi et al., 2008; Negi et al., 2010; Strader et al., 2010) while enhancing root hair 

initiation (Cutter, 1978; Tanimoto et al., 1995; Pitts et al., 1998; Dolan, 2001; Rahman et 

al., 2002; Strader et al., 2010). In both light- and dark-grown seedlings, these root 

responses to ethylene are lost in ethylene-insensitive etr1-3, a dominant gain of function 

(GOF) receptor mutant, and in the ein2-5 signaling mutant (Ruzicka et al., 2007; Swarup 

et al., 2007; Negi et al., 2008; Lewis et al., 2011a). These effects on root elongation are 

tied to auxin and ethylene cross-talk in a light-independent fashion. Ethylene enhances 

auxin synthesis, transport, and signaling to control root development (Stepanova et al., 

2005; Ruzicka et al., 2007; Stepanova et al., 2007; Swarup et al., 2007; Negi et al., 2008; 

Stepanova et al., 2008; Lewis et al., 2011a; Muday et al., 2012). 

In contrast, the inhibitory effect of ethylene and ACC on lateral root (LR) 

formation in Arabidopsis and tomato has been examined only in light-grown seedlings, as 

LRs do not form in roots of dark-grown seedlings (Ivanchenko et al., 2008; Negi et al., 

2008; Negi et al., 2010; Lewis et al., 2011b; Lewis et al., 2011a). Ethylene and ACC 

block early stages of LR initiation (Ivanchenko et al., 2008). As with the inhibition of 

root elongation, ethylene inhibits LR formation by modulating auxin synthesis, signaling, 

and transport, which control this process (Stepanova et al., 2007; Muday et al., 2012). 
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Similarly, the effects of ethylene and ACC on root gravitropism and root waving, which 

have been assayed only in light-grown seedlings, also are blocked in the ethylene 

signaling mutants ein2-5 and the GOF etr1-3 receptor mutant (Buer et al., 2003; Buer et 

al., 2006). Overall, published data support a light-independent function of the EIN2 

protein in ethylene signaling in roots (Ruzicka et al., 2007; Stepanova et al., 2007; 

Swarup et al., 2007; Negi et al., 2008; Lewis et al., 2011a). However, these data do not 

reveal which specific receptors function in the roots, because the use of GOF mutants 

(like etr1-1 and etr1-3) can perturb the functions of the entire receptor family (Chang et 

al., 1993; Shakeel et al., 2013). Using LOF alleles in each receptor subtype is a powerful 

strategy to resolve the specific function of the family of ethylene receptors; this approach 

has been used to understand ethylene-regulated growth and development in a light-

dependent context, as discussed below. 

 

Mechanistic Connections Between Light Response and Ethylene Biosynthesis 

Changes in ethylene synthesis in response to changing light levels have been reported in 

many different species and under many different growth conditions, with dramatically 

varying results. The ability of light to modulate ethylene synthesis was reported half a 

century ago, when a single dose of red light was shown to decrease ethylene levels in 

etiolated pea seedlings in a far-red reversible manner, suggesting that phytochrome 

negatively controls ethylene biosynthesis (Goeschl et al., 1967). Conversely, high-

intensity illumination of green seedlings induced an increase in ethylene synthesis, 

demonstrating a positive effect of light on ethylene production (Weckx and Van Poucke, 

1989). Subsequent studies have confirmed that the effect of light on ethylene synthesis is 
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complex and context-dependent (Foo et al., 2006; Khanna et al., 2007; Jeong et al., 2016; 

Song et al., 2018), and is also affected by crosstalk with other plant hormone response 

pathways (Vandenbussche et al., 2003; Arteca and Arteca, 2008; Muday et al., 2012; Lee 

et al., 2017). For instance, etiolated Arabidopsis seedlings show age- and light-dependent 

increases in ethylene biosynthesis with higher levels in the light; increased ethylene 

production is detectable as rapidly as 4 h after transfer to light, but becomes more 

dramatic with increasing time in light (Seo and Yoon, 2019). As discussed below, these 

effects are mediated at both the transcriptional and post-translational levels, and although 

much work has focused on regulation of ACS expression and activity, additional data 

reveal light-dependent effects on regulation of ACO function. 

 

Light-Mediated Transcriptional Regulation of ACS and ACO 

Regulation of ethylene synthesis via alteration of ACS and/or ACO gene expression is a 

primary mechanism through which differences in the quality, quantity, or periodicity of 

light modulate ethylene production and signaling outputs to coordinate plant growth and 

development (Yamagami et al., 2003; Tsuchisaka and Theologis, 2004; Wang et al., 

2005). The combinatorial effects of light with phytohormones and biotic or abiotic 

stresses add further complexity to light-mediated control of ethylene biosynthesis. For 

example, IAA treatment induces expression of Arabidopsis ACS genes in seedlings 

grown in darkness or in constant light, but this induction is less dramatic in plants grown 

with a light/dark cycle (Rashotte et al., 2005). Furthermore, light differentially influences 

the transcript levels of various ACS genes, depending on the developmental stage and the 

length of light treatment (Seo and Yoon, 2019). The mRNA levels of a subset of type-1 
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and type-2 ACSs (ACS6 and ACS5, 8, and 9, respectively) declined rapidly and steeply 

after etiolated seedlings were transferred to light, and these transcript levels remained low 

for 5 days. Meanwhile, ACS2 (type-1) and ACS4 (type-2) showed gradual increases in 

their transcript levels after light exposure (Seo and Yoon, 2019). Together, these data 

suggest distinct roles for ACS isozymes depending on the light conditions, with ACS5, 6, 

8, and 9 playing the primary roles in dark-grown seedlings, while expression of ACS2 

and ACS4 is implicated in controlling ethylene production in the light. 

Analysis of light signaling mutants and transgenic lines expressing light signaling 

components has also provided insight into the light-mediated regulation of ethylene 

biosynthesis. Mutations in the phytochrome genes PHYA and PHYB increased ethylene 

biosynthesis in pea, consistent with a negative effect of light on ethylene synthesis, with a 

more profound effect observed in the phyA mutant (Foo et al., 2006). Intriguingly, in 

Arabidopsis and sorghum, phyA mutants show less profound increases in ethylene 

biosynthesis than do phyB mutants, indicating species-specific functions of these 

photoreceptors in controlling ethylene levels. Similarly, transgenic lines overexpressing 

Arabidopsis PHYTOCHROME-INTERACTING FACTOR5 (PIF5), a basic helix-loop-

helix transcription factor that specifically interacts with the photoactivated form of PhyB, 

showed a marked increase in ethylene production in the dark that is correlated with 

increased abundance of ACS4, ACS8, and other ACS transcripts (Khanna et al., 2007). 

Although the pif1 pif3 pif4 pif5 (pifq) mutant initially produced less ethylene than wild-

type seedlings, consistent with the higher ethylene levels in PIF5 overexpression lines, at 

later time-points the pifq mutant showed higher ethylene production (Jeong et al., 2016), 
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indicating a developmental stage-dependent role of PIFs in controlling ethylene 

biosynthesis. 

The regulation of ACO gene expression has received much less study than that of 

ACS (Houben and Van de Poel, 2019), yet the levels of ACO transcripts are also 

regulated by light and other factors that control pathway activity (Argueso et al., 2007; 

Rodrigues et al., 2014). In tomato fruits, ACO1 is upregulated by pulses of white light 

(Scott et al., 2018). Classic work demonstrated that ACO expression is both a driver of 

ethylene production and a reporter for ethylene response in etiolated tissues (Peck and 

Kende, 1995; Kim et al., 1997), creating a positive feedback loop. ACO transcript 

increases have also been reported after ACC treatment of aerial tissues of light-grown 

seedlings (Zhong and Burns, 2003). The meta-analysis discussed below provides strong 

support for this feed-forward mechanism. Furthermore, when ACS activity is elevated 

during climacteric ripening in tomato or banana fruits (and during flooding stress), ACO 

activity becomes rate limiting, and ACO expression is up-regulated (Ruduś et al., 2013; 

Xiao et al., 2013; Houben and Van de Poel, 2019). This suggests that one role of the 

feed-forward mechanism is to “clear” excess ACC when ACO activity limits ethylene 

production. 

 

Light-Mediated Post-Translational Control of ACS and ACO Activity 

An early study suggested that light regulates ethylene biosynthesis by altering 

stability/activity of ACS isozymes (Rohwer and Schierle, 1982). More recent work has 

confirmed that light modulates ethylene biosynthesis via post-translational mechanisms 

including reversible phosphorylation and protein turnover (Steed et al., 2004; Chae and 



18 
 

Kieber, 2005; Yoon and Kieber, 2013b; Zdarska et al., 2015; Seo and Yoon, 2019). Post-

translational regulation of ACS is largely dependent on the regulatory motifs located in 

the C-terminus of ACS proteins (Chae and Kieber, 2005). All three ACS types contain a 

well-conserved N-terminal catalytic domain, whereas the C-termini vary among ACS 

isoforms. Type-1 ACSs (ACS1, 2, and 6 in Arabidopsis) possess phosphorylation target 

sites for mitogen-activated protein kinases (MAPKs) and calcium-dependent protein 

kinases (CDPKs) (Tatsuki and Mori, 2001; Hernández Sebastià et al., 2004; Liu and 

Zhang, 2004). Type-2 ACSs (ACS4, 5, 8, 9, and 11 in Arabidopsis) contain a 

phosphorylation site for CDPKs and a unique regulatory motif called Target of ETO1 

(TOE) in the C-terminus. The TOE motif is the binding site for ETHYLENE 

OVERPRODUCER1 (ETO1) and its two paralogs, ETO1-LIKE1 and 2 (EOL1 and 

EOL2). ETO1/EOL1/EOL2 are BTB/TRP-containing E3 ligases that control the 

degradation of type-2 ACS proteins via the 26S proteasome (Yoshida et al., 2005). In 

contrast to both type-1 and type-2 ACSs, the single type-3 ACSs does not contain known 

regulatory motifs in the C-terminus, but as discussed below, an N-terminal motif may 

control the stability of Arabidopsis ACS7 (Xiong et al., 2014), a sole type 3 isozyme in 

Arabidopsis. 

The protein stability of all three ACS isozyme types is regulated by 14-3-3 

proteins (Yoon and Kieber, 2013a). 14-3-3 proteins are an evolutionarily well-conserved 

family of regulatory proteins involved in numerous cellular processes such as cell cycle 

regulation, cell division, cell metabolism, proliferation, and protein oligomerization and 

localization (Dougherty and Morrison, 2004; Darling et al., 2005; Oecking and Jaspert, 

2009; Freeman and Morrison, 2011). 14-3-3 activity influences ethylene biosynthesis by 
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destabilizing ETO/EOL proteins and by stabilizing ACS proteins in an ETO/EOL-

independent manner (Yoon and Kieber, 2013a). The range of light-dependent 

developmental phenotypes observed in 14-3-3 LOF mutants (Pnueli et al., 2001; 

Mayfield et al., 2007; Tseng et al., 2012; Adams et al., 2014) suggests interaction with 

multiple light signaling components. Although there is no direct evidence that light 

regulates interactions between 14-3-3 proteins, ACS isozymes, and ETO/EOLs, the 14-3-

3s proteins are logical candidates to mediate crosstalk between light signaling and 

ethylene biosynthesis pathways. 

Light-dependent post-translational control of ACS5 (and perhaps other type-2 

ACSs) and the associated increase in ethylene production are critical for regulating 

hypocotyl elongation during the dark-to-light transition. Intriguingly, PIF3 may be 

involved in this process (Seo and Yoon, 2019). As described above, PIF3 is required for 

ethylene-induced stimulation of hypocotyl elongation in the light, and ethylene treatment 

specifically antagonizes light-induced degradation of PIF3 (Zhong et al., 2012). Light-

induced stabilization of type-2 ACS enzymes should lead to increased ethylene 

production, which may play a role in PIF3 stabilization, thereby driving ethylene-induced 

hypocotyl elongation in the light (Seo and Yoon, 2019). PP2A is another regulatory 

component that contributes to post-translational regulation of ACS stability. Genetic 

analysis indicated that PP2A-mediated dephosphorylation negatively controls the protein 

stability of ACS6 in the dark, but has a much weaker effect on ethylene production in the 

light (Skottke et al., 2011). Paradoxically, the stability of ACS5, a type-2 isozyme, is 

positively regulated by PP2A; differential effects on the two isozyme types likely 



20 
 

accounts for the lesser effect of PP2A inhibition in light-grown plants (Muday et al., 2006; 

Skottke et al., 2011). 

Compared to type-1 and type-2 ACS isozymes, the sole Arabidopsis type-3 

isozyme, ACS7, has unique protein stability characteristics; regulation of ACS7 turnover 

remains somewhat controversial (Lyzenga et al., 2012; Xiong et al., 2014; Lee et al., 

2017). Because of the lack of C-terminal regulatory motifs in type-3 ACS, it was thought 

that these isozymes might be generally stable compared to other ACS isozymes. However, 

recent work showed that the stability of type-3 ACS is negatively regulated by ubiquitin-

dependent turnover mediated by XBAT32, a RING-type E3 ligase (Lyzenga et al., 2012). 

Moreover, a putative N-terminal degron of ACS7 is active only in light-grown plants 

(Xiong et al., 2014) and is poorly conserved (Booker and DeLong, 2015). This light-

dependent regulation of ACS7 stability may be similar to the turnover regulation of type-

2 ACS, allowing the fine-tuning of ethylene production to impose transient growth 

control under changing conditions. Considering the regulatory role of the N-terminal 

domain in ACS7 it may be important to revisit the question of N-terminal motifs that 

could be involved in regulating the stability of other ACS proteins in response to various 

stimuli, including light. 

The post-translational modifications of ACO have been examined in less detail 

than those that regulate ACS activity. However, recent work has identified several post-

translational mechanisms for controlling ACO activity, including glutathionylation 

(Dixon et al., 2005) and sulfhydration of cysteine residues on ACO (Friso and van Wijk, 

2015). While the effect of glutathionylation on ACO activity has not been reported, S-

sulfhydration of LeACO1 and LeACO2 results in a decrease in ACO activity and 
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ethylene production (Jia et al., 2018), establishing an in vivo role for post-translational 

control of ACO. Determining whether these modifications contribute to light-dependent 

regulation of ethylene production is an open question for future research. 

 

Mechanistic Connections Between Light Response and the Ethylene Signaling 

Pathway 

Ethylene Receptor Function Is Dependent on Light and Developmental Context 

The five ethylene receptors in Arabidopsis are not functionally equivalent, with sub-

functionalization observed for responses in different tissues and developmental stages (as 

reviewed by Shakeel et al., 2013). This subfunctionalization was revealed though detailed 

phenotypic analysis of LOF receptor mutants (Wang et al., 2003; Binder et al., 2004; 

Binder et al., 2006; Qu et al., 2007; Liu et al., 2010; McDaniel and Binder, 2012; Wilson 

et al., 2014b; Bakshi et al., 2015; Harkey et al., 2018). This sub-functionalization is likely 

due to diversity in receptor structure and signaling capabilities (O’Malley et al., 2005; 

Wang et al., 2006; Shakeel et al., 2013; Bakshi et al., 2015). Like the central signaling 

mutant ein2-1, a GOF etr1-3 mutant was insensitive to ethylene or ACC in seedlings 

growth in light or dark (Guzman and Ecker, 1990; Roman et al., 1994; Negi et al., 2008). 

In an examination of nutation of etiolated hypocotyls, ethylene-dependent nutations were 

lost in the etr1-7 LOF mutant no other single receptor LOF mutations affected this 

process (Binder et al., 2004; Binder et al., 2006). In contrast, the function of EIN4 was 

light-dependent. In dark-grown seedlings the ein4-1 receptor GOF mutant showed no 

ethylene response (Roman et al., 1994). When grown in the light, however, ein4-1 
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seedlings show a partial response to ACC (Smalle et al., 1997), suggesting differences in 

this receptor’s role in dark vs. light. 

The functional role of the five ethylene receptors has been explored in roots of 

light-grown Arabidopsis seedlings (Harkey et al., 2018). Transcripts encoding all five 

ethylene receptors are expressed in roots, and the abundance of transcripts encoding three 

receptors, ETR2, ERS1, and ERS2, is increased by treatments that elevated ethylene (Hua 

et al., 1998; Harkey et al., 2018). The GOF ETR1 mutant (etr1-3) is insensitive to the 

effects of ethylene on root elongation, LR development, and root hair initiation (Negi et 

al., 2008; Lewis et al., 2011a). Using null mutants in each of the five receptors, the major 

role of ETR1 in controlling root responses to ACC was reported, with subtle changes in 

development in null mutants in any of the other receptors (Harkey et al., 2018). Using 

multiple LOF mutants in two or three receptor genes, minor and redundant roles for 

ETR2 and EIN4 were identified, especially in root hair formation. A triple mutant 

carrying etr1-6, etr2-3, and ein4-4 LOF mutations has short roots, with no LRs and with 

extreme proliferation of root hairs. All three phenotypes are largely complemented with a 

genomic copy of ETR1 (Harkey et al., 2018). These results argue that the ETR1 receptor 

has a predominant role in controlling ethylene-inhibited LR formation, and ethylene-

stimulated root hair initiation in light-grown roots, similar to the major role of this 

receptor in controlling nutations and responses to silver ions (Shakeel et al., 2013). Two 

specific receptors regulate the size of the root apical meristem, however (Street et al., 

2015). In contrast with findings in LRs and root hairs, LOF etr1-9 or ers1-3 single 

mutants showed wild-type meristem size, but the LOF etr1-9 ers1-3 double mutant 

exhibited a substantially reduced root apical meristem size, similar to that found in the 
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ctr1-2 mutant, consistent with multiple receptors controlling this aspect of root 

development (Street et al., 2015). 

The role of specific ethylene receptors in root elongation in dark-grown seedlings 

has also been reported. Images of dominant GOF mutants in ETR1, ERS1, ERS2, and 

EIN4 show roots that appear to be ethylene-insensitive (Hua et al., 1995; Hua et al., 

1998). Responses to added ACC were quantified for several etr1 and ers1 mutant alleles, 

which showed reduced sensitivity (Hua et al., 1995). In comparison, the GOF etr2-1 

mutant appears to have an intermediate phenotype, with roots shorter in ethylene than in 

air, but not as short as wild-type roots in ethylene (Sakai et al., 1998). One study 

observed that subfamily 2 receptors (ETR2, ERS2, and EIN4) are not required for 

ethylene root response, as the etr1-9 ers1-3 double mutant which carries strong LOF 

alleles has constitutive ethylene signaling, suggesting that the remaining receptors were 

not sufficient to repress ethylene signaling (Hall et al., 2012). Additionally, 

complementation with a wild-type copy of ETR1 was adequate to restore ethylene 

sensitivity (Hall et al., 2012). Another group assayed phenotypes of receptor mutants in 

both light and dark (Adams and Turner, 2010), but in the absence of sucrose, which is 

also known to influence ethylene response (Zhou et al., 1998; Gibson et al., 2001; 

Yanagisawa et al., 2003; Haydon et al., 2017). Root length in the GOF etr1-1 mutant was 

unchanged in response to ethylene under conditions of continuous darkness, but not 

continuous light. Some differences in the responses of other receptor LOF mutants were 

observed in dark- versus light-grown seedlings, but all receptors were at least partially 

required under both conditions (Adams and Turner, 2010). Together, these results 
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demonstrate that ethylene receptors in Arabidopsis have distinct functions, dependent on 

tissue and light context. 

 

The EIN3 and EBFs Mediate Light-Dependent Transcriptional Responses to Ethylene 

The EIN3 TF is an essential mediator of ethylene response in hypocotyls of dark-grown 

seedlings, but its role is more complex in light-grown seedlings. The ein3-1 mutant has 

ethylene-insensitive hypocotyl elongation in either light- or dark-grown hypocotyls 

(Chao et al., 1997; Smalle et al., 1997), suggesting that elongation responses to ethylene 

in the hypocotyl require EIN3 in a light-independent manner. EIN3 also regulates 

chlorophyll biosynthesis during the dark-to-light transition (Liu et al., 2017). However, 

the function of EIN3 in roots is light-dependent. In roots of dark-grown seedlings, double 

mutants between ein3-1 and either eil1-1 or eil1-2 show no response to added ACC, 

while single mutants in ein3 and eil1 show partial response to this treatment (Alonso et 

al., 2003). In contrast, in roots of light-grown seedlings, ein3-1, eil1-1, and the double 

mutant all exhibit ACC-inhibition of root elongation and LR formation, and ACC 

stimulation of root hair formation (Harkey et al., 2018). A subset of ethylene-responsive 

transcripts from light-grown roots were identified as binding targets of EIN3 (Harkey et 

al., 2018) as reported by a DAP-Seq dataset (O’Malley et al., 2016), but many other 

transcripts were not direct EIN3 targets. These results are consistent with EIN3 and EIL1 

controlling only a subset of ethylene responses in roots of light-grown seedlings. One 

example where there is light-dependent function of EIN3 is in regulation of ACO2 

transcript abundance. Upregulation of ACO2 after ethylene treatment was lost in dark-

grown ein3-1 mutant seedlings (and EIN3 has been shown to bind to ACO2 via ChIP-Seq) 
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(Chang et al., 2013). In contrast, in light-grown plants, that upregulation was present in 

the ein3-1 single mutant, but was lost in both ein3-1 eil1-1 and ein3-1 eil1-2 double 

mutants (Lee et al., 2006), suggesting that EIL1 can compensate for EIN3 in regulating 

ACO2 only in light-grown plants. 

Recent results have suggested that differences in EIN3 function in the light and 

dark may be controlled at the level of turnover of this protein. Although EIN3 transcript 

accumulation is not regulated by ethylene (Chao et al., 1997; Harkey et al., 2018), EIN3 

and EIL1 protein accumulation is tightly controlled via ethylene-regulated turnover. In 

the absence of ethylene, EIN3 and EIL1 are ubiquitinated by EIN3-BINDING F-BOX 

PROTEIN1 and 2 (EBF1 and 2), two F-box proteins that act in SCF complexes, leading 

to EIN3 degradation. When ethylene levels rise, EBF1 and 2 are targeted for degradation 

in an EIN2-dependent manner, stabilizing EIN3 (Guo and Ecker, 2003; Gagne et al., 

2004; Binder et al., 2007; An et al., 2010). EIN3 and EIL1 protein turnover is also 

regulated by crosstalk with light signaling via cryptochromes and HY5. The stimulation 

of hypocotyl elongation by ethylene in light-grown plants requires CRY1 or CRY2 

(Vandenbussche et al., 2007), as well as HY5 (Yu et al., 2013). In darkness, 

CONSTITUTIVE PHOTOMORPHOGENESIS 1 (COP1), an integrator of light signaling, 

targets EBF1/2 and HY5 for ubiquitination and degradation, allowing EIN3 accumulation 

(Shi et al., 2016a), and preventing HY5-mediated inhibition of hypocotyl elongation. 

Movement of COP1 from the nucleus to the cytoplasm in light conditions allows HY5 to 

accumulate and inhibit growth. If ethylene signaling is activated in light conditions, EIN3 

antagonizes HY5 and stimulates elongation by promoting nuclear localization of COP1, 

leading to HY5 degradation (Yu et al., 2013). The red light receptor PhyB also directly 
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interacts with EIN3 and EBF1/2 after exposure to red light and enhances degradation of 

EIN3 (Shi et al., 2016b). 

EIN3 regulation of PIF3 and ERF1, which have antagonistic roles in regulating 

growth, constitutes one of the primary mechanisms driving the inverse hypocotyl 

responses to ethylene in light versus dark (Zhong et al., 2012). Both PIF3 and ERF1 are 

direct transcriptional targets of EIN3 (Chang et al., 2013). ERFs are stabilized by light, 

and they generally inhibit growth. EIN3 upregulates ERF1 both in darkness and in light, 

but ERF1 effects on hypocotyl growth are only measurable under darkness, where other 

ERFs are absent. Conversely, pif3 mutants are insensitive to ethylene-induced hypocotyl 

elongation in light, but not to hypocotyl inhibition in the dark (Zhong et al., 2012). PIFs 

generally promote elongation, and are destabilized in light, contributing to reduced 

elongation in light-grown seedlings. Transcriptional regulation of PIF3 by ethylene via 

EIN3 is inconsequential in darkness, where many other PIFs are also active, but becomes 

significant under light, where other PIFs are degraded, and PIF3 activation leads to 

increased hypocotyl growth. EBF1/2 also mediate red light-dependent degradation of 

PIF3 (Dong et al., 2017). EBFs can synergistically reduce PIF3 levels both directly, by 

promoting PIF3 degradation, and indirectly, by targeting EIN3 for degradation and thus 

reducing PIF3 mRNA. This modulation of EIN3 and its targets by light enables complex 

responses to ethylene under different light contexts, such as opposite response in 

hypocotyl elongation. As discussed above light-dependent ethylene synthesis may also 

contribute to PIF3 stabilization and amplification of ethylene responses. 
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Downstream transcriptional effects of EIN3 and light signaling pathways cannot 

be completely disentangled. Recent work revealed that an ein3 eil1 double mutant retains 

shade response, although ethylene-stimulated hypocotyl elongation is abolished (Das et 

al., 2016), suggesting that shade does not induce hypocotyl elongation by acting directly 

through the EIN3/EIL1 response pathway. The similar growth effects of ethylene and 

light are accompanied by many common transcriptional responses (Das et al., 2016). The 

COP1 effects on EIN3 targets are also complex. COP1 has been shown to increase EIN3 

protein levels by targeting EBF1/2 for degradation in the dark (Shi et al., 2016a). In the 

light, ACC treatment and EIN3 overexpression lead to increased transcript levels of 

growth-promoting genes such as YUCCA1 and 5. This effect is lost in the dark but is 

restored in the cop1-4 null mutant (Liang et al., 2012). This suggests that COP1 works by 

some mechanism downstream of EIN3 to fine tune expression of these particular genes 

so that they promote elongation in the light, but not in the dark. EIN3 and PIF1 

transcriptionally regulate many of the same gene targets independently from one another, 

but mostly in the same direction (Jeong et al., 2016), and EIN3 and PIF1 pathways are 

each sufficient to maintain skotomorphogenesis (Shi et al., 2018). Overlapping 

transcriptional responses are also involved in EIN3/EIL1- and PIF3-mediated regulation 

of hypocotyl hook opening (Zhang et al., 2018). Downstream transcription factors, such 

as ERF72, may also have activity that is modulated by light to influence developmental 

responses (Liu et al., 2018). As described above, differential regulation of specific 

proteins, such as HY5, contributes to the opposing ethylene effects observed in light and 

dark (Smalle et al., 1997). 
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Downstream Ethylene Transcriptional Effects Are Influenced by Light 

A number of ethylene transcriptome studies have been performed with plants grown 

under a range of light conditions, revealing distinct transcriptional networks downstream 

of ethylene perception. We previously compared a dataset from dark-grown seedlings 

treated with ethylene (Chang et al., 2013) with another dataset from light-grown roots 

treated with ACC (Harkey et al., 2018). Both datasets used similar time points across a 

24-h period after treatment, and we used the same statistical analysis of both datasets. 

However, we found limited overlap in differentially expressed (DE) genes (71 common 

genes out of 449 in the light-grown root dataset and out of 971 in the dark-grown 

seedling dataset). In principle, these changes could be explained by differences in light 

condition, tissue type, and/or method of elevating ethylene levels (ACC treatment vs. 

ethylene gas). This last possibility seems unlikely because all ACC responses were lost in 

the ethylene-insensitive etr1-3 and ein2-5 mutants (Harkey et al., 2018). Comparing a 

larger number of transcriptomic data sets is essential for more complete understanding of 

the light-dependent effects of ethylene on transcript accumulation. 

To identify transcriptional responses to ethylene that are light- and tissue-specific, 

we looked for datasets that were suitable for a meta-analysis that could resolve 

differences and similarities in ethylene-responsive transcriptomes in the light and dark. 

We searched the Gene Expression Omnibus (GEO) for the term “ethylene.” Twenty-five 

datasets were identified in the original search based on treatment with ACC, ethylene, or 

with compounds that block ethylene synthesis (such as AVG), and/or mutations or 

transgenes that alter ethylene production or response. Many of these datasets were not 

usable because of dissimilar approaches or incomplete information. Five datasets were 
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excluded due to insufficient information on experimental methods; another five used 

specific mutants or transgenic lines that were not found in any other dataset and did not 

include wild-type seedlings treated with ACC or ethylene. Although there were many 

datasets utilizing Col-0 and/or ein2, ein3, and eil1 mutants in light and dark conditions, 

they used experimental methods, tissue types, or plants that were not developmentally 

matched. Seven additional datasets used 3- or 4-day-old whole dark-grown seedlings, 

while the remaining five datasets came from light-grown material using a variety of ages 

and tissue types. This highlights the need for future work that directly compares ethylene 

effects in light versus dark. 

Ultimately, we identified three datasets with highly similar experimental methods 

and plant age in which transcript abundance was quantified after 4 h of ethylene or ACC 

treatment in roots (Stepanova et al., 2007; Feng et al., 2017; Harkey et al., 2018), and a 

fourth that provided an interesting comparison between ethylene treatment and shade 

treatment in hypocotyls or in cotyledons (Das et al., 2016). The most relevant differences 

between the three root datasets can be found in Figure 3, and further details on the 

process of identifying these datasets can be found in Supplemental Datasheet 1, along 

with a description of the experimental conditions used in each study. The fourth dataset 

was of particular interest because the authors compared the transcriptional effects of 

shade and ethylene in experimental conditions that were otherwise identical (Das et al., 

2016). The authors noted that the effect of combined shade and ethylene on hypocotyl 

elongation was intermediate between the two individual treatments, consistent with 

ethylene and light signaling pathways sharing downstream signaling and/or effector 

components. However, samples treated with both ethylene and shade were not included  
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Figure 3. Three root-specific ethylene response datasets show light-dependent and 

light-independent overlaps. Venn diagram represents number of overlapping and non-

overlapping DE genes between three root-specific transcriptomic datasets: Stepanova et 

al. (2007), Harkey et al. (2018), and Feng et al. (2017). Differences in experimental 

conditions are summarized under each dataset name. Details of the analysis can be found 

in Supplemental Datasheet 1. Once DE lists were generated for individual datasets, we 

compared the lists to find overlapping and non-overlapping genes. In the Venn diagram, 

the two light-grown datasets are represented in yellow, and the dark-grown dataset is 

represented in gray. The number of transcripts within each overlap are color coded, with 

the total in black, the number increasing in both or all three in red, the number decreasing 

in blue, and purple indicating transcripts that changed in different directions between 

datasets. 
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in the transcriptomic analysis. Among genes that responded to ethylene and shade 

consistently and with the same direction of change, the authors found enrichments for 

annotations including hormone signaling, cell wall, and photomorphogenesis, among 

others, as well as two TFs, AtHB28 and IBL1. Analysis of mutant and overexpression 

lines showed that AtHB28 and IBL1 are important for both shade and ethylene response 

(Das et al., 2016). 

We developed a statistical pipeline to apply to all datasets used in our analysis to 

avoid discrepancies that might arise from differences in data analysis methods. We 

generated lists of DE genes that could more properly be compared to one another. (Note 

that this re-analysis results in DE lists that differ from those derived in the original 

publications.) For the three root datasets, we combined expression data from all three 

experiments into one master dataframe; both this dataframe and the Das et al. dataset 

were analyzed for differential expression using limma and other packages in R (Davis 

and Meltzer, 2007; R Core Team, 2014; Ritchie et al., 2015; Gu et al., 2016). Additional 

details of these analyses can be found in Supplemental Datasheet 1. 

To identify the entire overlap between ethylene and shade transcriptional 

responses in the Das et al. (2016) dataset, we used this data analysis pipeline. First, we 

identified the complete set of ethylene-responsive genes, and then queried their 

expression responses in the shade dataset. Compared to cotyledons, hypocotyls showed a 

greater response to ethylene, which is expected given the changes in hypocotyl growth 

that occur in etiolated seedlings treated with ethylene, described above, so we focused on 

that tissue type. Not surprisingly, of the 7,248 hypocotyl transcripts that showed a 

significant response to ethylene, more than half of those genes also showed a shade 



32 
 

response (4,239; Figure 2A). The majority of these gene expression changes occurred in 

the same direction and with similar kinetics. Full results for all ethylene-responsive 

transcripts can be found in Supplemental Datasheet 2. 

To better illustrate the relationship between ethylene and shade response, we 

plotted the log2 fold-changes in transcripts in response to ethylene against the fold-

change in response to transition to shade (using the 25.5-h time point, which showed the 

most striking changes from the control) using the previously published transcript 

abundance values from Das et al. (2016). This graph highlights the strong correlation 

between ethylene response and shade response (Figure 2B). The correlation between the 

magnitude of change in response to ethylene and shade is statistically significant both for 

genes with the same direction of response (Pearson’s correlation, r = 0.89, p < 0.001) and 

in genes with the opposite direction of response (Pearson’s correlation, r = −0.87, p < 

0.001). Dark- or shade-grown plants exhibit a different transcriptional landscape than 

their light-grown counterparts. Our analysis illustrates that many transcripts show similar 

responses to ethylene and shade; thus, studies that use dark-grown tissues to examine 

ethylene response will likely miss changes that occur only in light-grown plants. 

We performed a meta-analysis using the three root-specific ethylene-response 

datasets identified as sufficiently matched for comparison (Stepanova et al., 2007; Feng 

et al., 2017; Harkey et al., 2018) to screen for light-dependent and light-independent 

changes in ethylene-regulated transcript abundance. We used our new pipeline to 

reanalyze the root-specific transcriptomes to identify differences that are linked to the 

light environment of seedling growth. This analysis yielded interesting patterns of light-

dependent and light-independent changes in transcript abundance that are summarized in  
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Figure 2. Ethylene and shade regulate many of the same genes in Arabidopsis 

hypocotyls. A transcriptional dataset in which seedlings were grown in the light and then 

either treated with ethylene or moved to shade (Das et al., 2016) and were refiltered as 
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described in Supplemental Datasheet 1, revealing that many transcripts share both 

ethylene and shade regulation. (A) A heat map, generated using the Complex Heatmaps 

package in R (Gu et al., 2016), shows transcripts that had statistically significant 

responses to ethylene in at least one time point and how those transcripts responded to 

shade treatment. Most genes regulated by ethylene were also regulated by shade, with the 

majority changing in the same direction and a smaller subset changing in opposite 

directions, and with a limited number of transcripts showing no response to shade. (B) To 

better define the relationship between magnitude change in response to ethylene and light, 

the transcripts that showed significant changes in abundance with ethylene treatment in 

the 25.5 h sample (which showed most dramatic ethylene-induced abundance changes) 

were plotted as a function of their change in response to shading. Genes that were also 

regulated by shade in this dataset showed strong statistical correlations between ethylene 

logFC and shade logFC (positive for genes with the same direction of regulation 

(Pearson’s correlation, r = 0.89, p < 0.001), and negative for genes with the opposite 

direction of regulation (Pearson’s correlation, r = −0.87, p < 0.001). 
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a Venn Diagram in Figure 3. A list of all transcripts that showed significant responses to 

ethylene or ACC in at least one dataset and their magnitude of change can be found in 

Supplemental Datasheet 2. As expected, many more DE genes were identified in the 

RNA-seq dataset (Feng et al., 2017) than in the microarray-based datasets (Stepanova et 

al., 2007; Harkey et al., 2018), because RNA-Seq has a greater dynamic range. Although 

only 3% of the DE genes identified responded to ethylene in all three datasets, nearly a 

third (32%) were DE in two datasets. A number of genes were DE in the two datasets 

from light-grown seedlings (Feng et al., 2017; Harkey et al., 2018), but not in the dark 

(Stepanova et al., 2007), suggesting light-dependent regulation by ethylene. There was 

also substantial overlap (433 transcripts) between the two datasets that used ethylene 

treatment but differed in the presence of light during growth. We identified 169 

transcripts in the overlap between the dark-grown ethylene dataset (Stepanova et al., 2007) 

and light-grown ACC dataset (Harkey et al., 2018). This number is greater than in our 

previously reported comparison of these two datasets (80, transcripts; Harkey et al., 

2018), due to the common filtering used for both datasets in this meta-analysis. A 

surprising number of genes, however, were specifically regulated in one dataset, and not 

in the other two, despite the similarity of experimental techniques. These differences may 

be related to other conditions such as plant age (3, 5, or 6 days), light cycle (continuous 

light vs. 16 h light 8 h dark), or differences in media (e.g., sucrose concentration, which is 

also known to influence ethylene response; Gibson et al., 2001; Haydon et al., 2017; 

Yanagisawa et al., 2003). These results demonstrate the need for direct comparisons of 

ethylene effects under experimental conditions that vary only by light level. 
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In addition to the light-specific transcripts described above, this analysis identified a core 

set of 143 transcripts that responded to ethylene or ACC in all three datasets, regardless 

of light. Of these transcripts, 139 (97%) changed in the same direction in all treatments 

(Figure 3). This set of 139 genes with consistent direction of change should be considered 

the “gold standard,” for root ethylene response, much like a previously identified set of 

cytokinin-responsive genes from another meta-analysis (Bhargava et al., 2013). The full 

list of ethylene- or ACC-responsive genes from any dataset can be found in Supplemental 

Datasheet 2 , with “gold standard” genes indicated. 

A subset of the “gold standard” genes is summarized in Table I. This group of 44 

genes was chosen based on three criteria: the largest logFC values (in the positive or 

negative direction), known roles in ethylene synthesis or signaling (highlighted in red in 

Table I), and/or known EIN3 targets based on DAP-Seq (O’Malley et al., 2016) and/or 

CHiP-Seq (Chang et al., 2013) analysis. Interestingly, most of the upregulated “gold” 

genes were identified as EIN3 targets by at least one method (72.4%), but very few 

downregulated “gold” genes were bound by EIN3 (6.3%). “Gold standard” genes also 

included a number of auxin-related genes (e.g., SAUR76, SAUR8, IAA2, and 

IAA4/AUX2-11), and genes involved in cell wall regulation (e.g., a pectin methylesterase 

inhibitor). Not surprisingly, the 139 transcripts were also enriched in gene annotations for 

cellular response to ethylene stimulus and negative regulation of the ethylene pathway. 

Within this group of 139 transcripts, we identified 13 core genes in ethylene signaling or 

synthesis whose levels increased in all three datasets (and in Das et al., 2016). This core 

gene set includes genes encoding TFs that participate in ethylene signaling (for example, 

EDF1, EDF3, EDF4, and several ERFs), negative regulators of the signaling pathway  
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Table I. Selected gold standard transcripts regulated in all three datasets. The 

transcripts in red are all implicated in ethylene signaling or synthesis. 
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CTR1, EBF2 and ARGOS, and the ethylene receptors ETR2, ERS1, and ERS2. Thus, a 

core output of the ethylene response is upregulation of its own signaling pathway 

components including both positive and negative regulators of ethylene responses. The 

core set also includes transcripts encoding ethylene biosynthetic proteins. There is 

consistent upregulation of transcripts encoding the ACO enzymes, with ACO1 and ACO2 

upregulated in all three datasets and ACO3, ACO4, and ACO5 upregulated in two of the 

three datasets. ACO2 was also upregulated by ethylene, although down-regulated in 

shade in Das et al. (2016). Interestingly, ACS transcript levels show less consistent 

positive regulation, showing no changes for any ACS gene in two datasets (Stepanova et 

al., 2007; Harkey et al., 2018) and changes in only two to four ACS transcripts (out of 11 

family members) in two other data sets (Das et al., 2016; Feng et al., 2017). These results 

indicate that a positive feedback loop drives ethylene synthesis via upregulation of ACO 

expression, while ACS mRNA levels appear to be subject to a more complex control 

network, as discussed above (see Light-Mediated Transcriptional Regulation of ACS and 

ACO). 

Finally, included in this comparison is an annotation of genes that are regulated 

by ethylene in dark-grown whole seedlings as detected by RNA-Seq (Chang et al., 2013) 

(as found in a separate column in the Supplemental Datasheet 2). Of the 77 up-regulated 

genes in the gold-standard list, 40 were also found to be sites of EIN3 binding while only 

2 of the 62 down-regulated genes showed ethylene-regulated expression. Therefore, one 

can further refine these genes into root-specific and tissue-independent transcripts, using 

the detailed annotations in Supplemental Datasheet 2. Together, this meta-analysis 

reveals many candidate genes for conserved ethylene responses that are also induced by 
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the ethylene precursor, ACC, and transcripts whose responses depend on light or tissue 

type. This information can allow formulation of a wealth of hypotheses that can be tested 

to further refine our understanding of ethylene signaling across plant development. 

 

Conclusions 

As seedlings germinate, elongate through soil, and then emerge into light, they undergo 

profound changes in development. The importance of ethylene levels in controlling 

development is best understood in the early dark phases, but new studies that examine the 

role of ethylene during developmental transitions from dark to light or in light-dependent 

development are providing new insight into the functions of ethylene during seedling 

development. Recent studies have revealed novel mechanisms that modulate ethylene 

biosynthesis, including important transcriptional and post-translational regulatory 

strategies that control production of this hormone. The pathways that control ethylene 

response include central signaling proteins that function in ethylene response under all 

conditions, but also receptors and transcription factors with light- and developmental 

stage-specific functions. Comparison of genome-wide transcriptional datasets allows 

identification of candidate genes that contribute to all ethylene responses and other genes 

that may contribute to developmental outputs that are specific to the light environment. 

Together, light regulation of ethylene biosynthesis, signaling, and developmental 

response have far-reaching effects on a plant’s ability to adapt to the environment in early 

stages of development and throughout the life cycle. Understanding the mechanisms by 

which light and ethylene interact at the molecular and organismal levels is an important 

goal of future research. 
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Abstract 

Transcriptomic analyses with high temporal resolution provide substantial new 

insight into hormonal response networks. This study identified the kinetics of genome-

wide transcript abundance changes in response to elevated levels of the plant hormone 

ethylene in roots from light-grown Arabidopsis (Arabidopsis thaliana) seedlings, which 

were overlaid on time-matched developmental changes. Functional annotation of clusters 

of transcripts with similar temporal patterns revealed rapidly induced clusters with known 

ethylene function and more slowly regulated clusters with novel predicted functions 

linked to root development. In contrast to studies with dark-grown seedlings, where the 

canonical ethylene response transcription factor, EIN3, is central to ethylene-mediated 

development, the roots of ein3 and eil1 single and double mutants still respond to 

ethylene in light-grown seedlings. Additionally, a subset of these clusters of ethylene-

responsive transcripts were enriched in targets of EIN3 and ERFs. These results are 

consistent with EIN3-independent developmental and transcriptional changes in light-

grown roots. Examination of single and multiple gain-of-function and loss-of-function 

receptor mutants revealed that, of the five ethylene receptors, ETR1 controls lateral root 

and root hair initiation and elongation and the synthesis of other receptors. These results 

provide new insight into the transcriptional and developmental responses to ethylene in 

light-grown seedlings. 
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Introduction 

Transcriptomic data sets have changed the way we understand molecular events 

that mediate important biological responses, including hormone responses (Fortes et al., 

2011; Eremina et al., 2016) and developmental mechanisms (Hale et al., 2016; Gupta et 

al., 2017). The addition of another dimension, time, magnifies the insights we can obtain 

from transcriptomic data. The transcriptome is highly dynamic; the same comparison of 

transcriptomes between treatments or conditions might yield very different results 

depending on the time of sampling. A time-course approach uses this complexity as an 

advantage. By examining changes in a transcriptome at multiple time points, we can see 

the progression of transcriptional changes, revealing patterns and pathways (Yosef and 

Regev, 2011). This temporal resolution also provides layers of information beyond 

apparent up- or down-regulation. It also allows greater confidence in the reproducibility 

of those data as changes are replicated across time. Even more significantly, we can 

observe when changes in a transcript’s levels peak, and group transcripts based on 

kinetics, as well as the direction of change. These kinetic patterns can then be correlated 

with other biological information, such as gene function, protein-protein interactions, 

targets for transcription factor binding, and the timing of events on a cell, tissue, or 

organism level (Nagano et al., 2012). In particular, this approach can be useful for 

connecting early signaling events, later transcriptional changes, and their ultimate 

developmental responses. 

Plant responses to the gaseous hormone ethylene are an excellent model for 

studying these relationships between signaling, transcriptional changes, and development. 

The ethylene signaling pathway was uncovered by molecular genetic approaches, taking 
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advantage of the profound developmental changes observed in dark-grown seedlings in 

response to elevated ethylene (Bleecker et al., 1988; Guzmán and Ecker, 1990); yet, the 

transcriptional changes that connect signaling and development are incompletely 

characterized, especially in light-grown tissues. In the model plant Arabidopsis 

(Arabidopsis thaliana), there are five ethylene receptors that act as negative regulators of 

the pathway (Chang et al., 1993; Schaller and Bleecker, 1995; Hua and Meyerowitz, 

1998; Sakai et al., 1998). These five ethylene receptors are not equal, with 

subfunctionalization observed for different responses in different tissues and 

developmental stages (Wang et al., 2003; Binder et al., 2004b, 2006; Qu et al., 2007; Liu 

et al., 2010; McDaniel and Binder, 2012; Wilson et al., 2014a; Bakshi et al., 2015). This 

subfunctionalization is likely due to diversity in receptor structure and signaling 

capabilities (O’Malley et al., 2005; Wang et al., 2006; Shakeel et al., 2013; Bakshi et al., 

2015). In air, these receptors act through a RAF-like kinase, CTR1 (Kieber et al., 1993), 

to inhibit signaling through the EIN2 protein, whose catalytic activity is not yet known 

(Alonso et al., 1999; Qiao et al., 2009, 2012; Ju et al., 2012). The application of ethylene 

inhibits the receptors, leading to lower CTR1 activity, which, in turn, causes a reduction 

in the phosphorylation of EIN2; this leads to a decrease in the ubiquitination of EIN2 and 

a rise in EIN2 protein levels, allowing for the proteolytic release of the C-terminal 

portion of the protein via an unidentified protease (Kieber et al., 1993; Qiao et al., 2009, 

2012; Chen et al., 2011; Ju et al., 2012; Wen et al., 2012). The C-terminal portion of 

EIN2 modulates two transcription factors, EIN3 and EIN3-LIKE1 (EIL1), leading to the 

majority of ethylene responses (Chao et al., 1997; Solano et al., 1998; Alonso et al., 1999; 

Guo and Ecker, 2003; Yanagisawa et al., 2003; Binder et al., 2004b; Gagne et al., 2004; 
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Qiao et al., 2012). In dark-grown shoot tissues treated with ethylene, it has been observed 

that EIN2 stabilizes the EIN3 transcription factor (An et al., 2010; Wen et al., 2012), 

which has a central role in mediating the ethylene triple response (short and wide 

hypocotyl and exaggerated apical hook; Alonso et al., 2003; Guo and Ecker, 2003; 

Yanagisawa et al., 2003). Some EIN3 targets are known, and in dark-grown seedlings, 

EIN3-regulated transcriptional changes have been observed to occur in waves (Chang et 

al., 2013). What is less clear is the role of EIN3 in ethylene responses in all contexts, 

such as roots or other tissues in light-grown seedlings, and which transcriptional 

responses to ethylene drive these tissue growth condition-specific developmental 

responses. 

The kinetics of transcriptional responses to ethylene are likely to be of importance 

in Arabidopsis roots, where developmental responses occur on multiple time scales. In 

Arabidopsis, root architecture is defined by the elongation of the primary root and the 

development and elongation of lateral (branching) roots, which are covered in root hairs. 

Lateral root development is a complex process that involves the reprogramming of 

differentiated cells in the primary root to dedifferentiate and form a new root that 

recapitulates the developmental program of primary roots (Péret et al., 2009). The 

development of root hairs from epidermal cells also provides additional surface area to 

the root system (Cutter, 1978). This complex branching architecture of roots is critical for 

plant health, as roots are essential for the uptake of water and nutrients into the plant. 

Differences in root structure have been correlated with traits such as enhanced drought 

resistance (Yu et al., 2008; Zhan et al., 2015), which will be increasingly important for 

improved agriculture in a changing climate. 
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Ethylene mediates several different developmental changes in roots, namely, it 

inhibits primary root growth and lateral root development but stimulates root hair 

development and elongation (Guzmán and Ecker, 1990; Kieber et al., 1993; Tanimoto et 

al., 1995; Rahman et al., 2002; Seifert et al., 2004; Ivanchenko et al., 2008; Negi et al., 

2008, 2010). Ethylene-mediated inhibition of root elongation can take effect in as few as 

5 min (Le et al., 2001), while changes in lateral root development and root hair formation 

may take hours to become statistically significant (Lewis et al., 2013). Together with 

previous observations of wave-like transcriptional responses (Chang et al., 2013), this 

suggests that the kinetics of transcriptional changes may be an important layer of 

information for understanding ethylene-mediated transcriptional changes and how they 

control development. 

To provide new insight into the ethylene gene regulatory networks that control the 

development of roots in light-grown seedlings, we performed a time-course 

transcriptomic study of Arabidopsis roots. We treated roots with the direct ethylene 

precursor, 1-aminocyclopropane-1-carboxylic acid (ACC), and compared the transcript 

abundance with that of a time-matched control. We observed many transcripts that 

responded to ACC in a time-dependent manner and grouped these transcripts according 

to the kinetics of changes. By comparing transcripts in this data set with two others from 

dark-grown seedlings and roots, we identified tissue- and environment-specific 

transcriptional responses. We used these clusters to demonstrate that EIN3 and Ethylene 

Response Factors (ERFs) bind to a subset of root ethylene-responsive transcripts, 

targeting the most rapidly and positively regulated response clusters in these light-grown 

samples. Examining these changes with high temporal resolution also led to insights into 
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gene function and how they might connect to developmental changes. We also examined 

the ethylene receptors, finding different roles for receptors in distinct root developmental 

responses. Together, these experiments provide insight into the networks of signaling and 

transcriptional responses that drive root development. 

 

Results 

ACC-Treated Roots Show Changes in Root Hair Numbers and Transcript 

Abundance across a 24-h Time Course 

To identify a relevant time course of ACC treatment for our microarray analyses 

that spanned the time line of developmental effects, we examined the kinetics of 

stimulation of root hair initiation. We transferred 4-d-old seedlings to new medium with 

or without the ethylene precursor ACC at 1 µm and quantified root hairs at eight time 

points: 0, 0.5, 1, 2, 4, 8, 12, and 24 h after transfer (Fig. 1, A and B). A two-way ANOVA 

found significant differences between control and ACC treatments, and a Tukey’s 

posthoc test was performed to determine the time points at which ACC had a significant 

effect (Supplemental Table SI). ACC-treated roots showed significantly more root hairs 

than untreated controls at 4 h and at all later time points (P < 0.0001). This demonstrates 

that changes in root hair initiation and elongation in response to ACC occur during the 24 

h after treatment, illustrating that these eight time points provide a developmentally 

pertinent time line for microarray analysis. 

To detect genes whose expression is regulated by ethylene, we performed a 

transcriptome analysis of roots treated with ACC, a solid precursor of ethylene gas that 

could be added to growth substrates. Previous analyses have indicated that the root  
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Figure 1. Kinetics of ACC-induced root hair formation and transcript abundance 

changes. A, Four-day-old seedlings were transferred to new medium containing 1 µm 

ACC for the indicated times. Root hairs were imaged at the indicated times, and the 

average number and se of root hairs for 12 to 18 seedlings are reported. Asterisks indicate 

significant differences (P < 0.0001) between ACC-treated roots and the time-matched 

controls. B, Differential interference contrast images of root hair growth over time in 

untreated and ACC-treated Col-0 roots. Size bar = 1 mm. C, A series of histograms 

representing the SLR distribution of the 449 DE transcripts at each time point 

demonstrates that most transcripts decrease in abundance upon ACC treatment, with the 

most profound changes occurring beginning at 4 h when developmental responses are 

detected. Three biological replicates are represented individually. 
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Supplemental Table I: 
P values from t-tests comparing 
root hair numbers in untreated 
and ACC treated Col-0 within 
time points. F1,80=1193, DF=80 
Time treated 
with ACC 

ACC treatment 
within time 
point 

0 hr P = 0.9971 

0.5 hr P = 0.9999 

1 hr P = 0.9999 

2 hr P = 0.9563 

4 hr P < 0.0001 

8 hr P < 0.0001 

12 hr P < 0.0001 

24 hr P < 0.0001 
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transcriptional and developmental responses to ACC mirror those of ethylene under our 

treatment conditions (Negi et al., 2008; Lewis et al., 2011b). As one goal of these 

experiments was to compare responses to two plant hormones, ethylene and auxin, it was 

optimal to use a solid that could be added to the growth medium to elevate both 

hormones. We isolated RNA from roots at the same eight time points used for root hair 

quantification. For each time point, plants were transferred to control medium or medium 

containing 1 µm ACC for the indicated times before root tissue was harvested for RNA 

extraction and microarray analysis. This analysis was performed simultaneously with a 

previously published auxin (indole-3-acetic acid [IAA]) transcriptome time course, 

sharing common control samples (Lewis et al., 2013). 

The microarray data for each treatment replicate were analyzed separately. A 

strict differential expression filtering approach was used to identify genes that were 

differentially expressed (DE) in the treatment compared with controls (Lewis et al., 2013). 

This process, as outlined in Supplemental Figure S1, first identified transcripts with a 

signal intensity above the Affymetrix background signal at every time point. The signal 

log ratio (SLR; log base 2 of fold change) was calculated for each transcript relative to an 

averaged time-matched control. Transcripts with an SLR > 0.5 (corresponding to a 1.4-

fold change, chosen to identify robust abundance changes) for at least one time point, and 

with a consistent magnitude and pattern of change, were identified. This filtering resulted 

in a group of 449 transcripts with robust and consistent changes. The identity of each 

transcript and its abundance relative to time-matched controls are reported in 

Supplemental File S1. 
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Supplementary Figure S1:  Flow chart of filtering process. A total of 22,810 genes 

represented on the microarray chip were filtered through a 4-step process.  After each 

step the number of genes remaining in the data set for each replicate is shown.  This 

filtering method identified 449 genes that were consistently differentially expressed over 

the time course in all three biological replicate data sets.  A summarized description of 

the method is as follows: After data normalization, SLR values were calculated as 

described in methods, and replicate arrays were paired to obtain 3 complete time 

courses—referred to as Rep 1, Rep 2, and Rep 3.  The first 2 filtering steps were done for 

each replicate independently.  These steps identified genes that were significantly 

detected on the chip (detection p-value filter; all p-values <= 0.06) as well as significantly 
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differentially expressed (SLR filter; SLR was <=-0.5 or >=0.5 for any one time point).  

Next, the overlap filter intersected all three filtered lists to identify the set of genes that 

passed the first 2 filtering steps independently in all replicates.  Finally, genes were 

filtered for consistency in pattern (PCC score) and magnitude of expression over time 

(ED score) across all replicate time courses (consistency filter), where 2 of the 3 PCC 

scores had to be >=0.70, and 2 of the 3 ED scores had to be <=1.09.  Those genes passing 

all filtering criteria were considered consistently and significantly differentially expressed 

across the time course in all 3 biological replicates, and were used for further analysis. 
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The global distribution of SLRs for DE genes across the time course indicates that 

the majority of ACC transcripts have SLRs close to 0 at the 0-h time point (Fig. 1C), 

which is consistent with the control and treatment groups beginning with similar 

transcriptional profiles. For the 0.5-, 1-, and 2-h time points, the peak flattens and spreads, 

showing that few transcripts have changes in this early time window. However, at the 4-h 

time point, the data set yields a discernible bimodal distribution, indicating that many 

transcripts have either reduced or elevated abundance relative to the time-matched 

controls at this time point. This timing is consistent with the timing of ACC-induced root 

hair formation (Fig. 1A). It is interesting that most transcripts have lower abundance than 

the control samples (as seen by the higher peak on the negative side of the SLR bin). This 

distribution pattern remains through the 24-h time point, suggesting that some genes may 

maintain differential expression even beyond the scope of our time course. This pattern 

across the time course implies an ethylene response whereby a small number of genes 

respond rapidly, many others respond more slowly, and most of those genes are repressed 

rather than induced. 

 

Genes with Related Functions Cluster into Groups with Similar Ethylene Responses 

We might expect that transcripts with common regulatory controls and/or 

downstream functions might show similar patterns of abundance change. To identify 

these patterns, the 449 DE genes were clustered using the consensus clustering option in 

the SC2ATmd program (which can be downloaded from 

https://github.com/AmyOlex/SC2Atmd; Olex and Fetrow, 2011) and an empirically 

derived threshold for transcripts with common behavior 83% of the time. This threshold 
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was empirically determined to maximize the information that could be obtained from the 

resulting clusters: higher thresholds resulted in many singletons and small clusters that 

were not useful for statistical analyses, whereas lower thresholds gave a few large 

clusters that did not adequately represent the diversity of temporal patterns. The 83% 

threshold grouped the transcripts into 24 clusters, with 49 single transcripts (singletons) 

remaining with unique temporal expression patterns that were dissimilar to transcripts in 

these clusters (Fig. 2). The patterns of the three replicates for each transcript also can be 

examined, as shown for four clusters in Supplemental Figure S2. Within a given cluster, 

the behavior of the transcripts is relatively consistent, although there is slight variation 

from the shared pattern between replicates and transcripts. Averaging the SLR values of 

every transcript in a cluster at each time point gives a representative profile of that cluster 

(Fig. 2A). These clusters are ordered by direction of change, rate of change, and 

magnitude of change. This view shows that there are more clusters that are down-

regulated than up-regulated, consistent with the overall SLR profile in Figure 1. The 

kinetics of these clusters is highly varied, with rapid or more slowly executed responses 

and with response durations that are transient or sustained. For example, cluster 5 shows 

early and transient changes, while cluster 1 shows late and sustained change. Clusters 1 

and 7 are particularly interesting, as they show increased and decreased transcripts, 

respectively, that change with the kinetics that parallel the kinetics of ACC-induced root 

hair initiation. 

We also represented the clusters as networks to provide additional insight into the 

similarity of responses within each cluster. In the network diagram, transcripts are shown 

as nodes and a connecting edge represents two transcripts that are clustered together in  
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Figure 2. Kinetics of ACC-induced root hair formation and transcript abundance 

changes. A, Four-day-old seedlings were transferred to new medium containing 1 µm 

ACC for the indicated times. Root hairs were imaged at the indicated times, and the 

average number and se of root hairs for 12 to 18 seedlings are reported. Asterisks indicate 

significant differences (P < 0.0001) between ACC-treated roots and the time-matched 

controls. B, Differential interference contrast images of root hair growth over time in 

untreated and ACC-treated Col-0 roots. Size bar = 1 mm. C, A series of histograms 

representing the SLR distribution of the 449 DE transcripts at each time point 

demonstrates that most transcripts decrease in abundance upon ACC treatment, with the 

most profound changes occurring beginning at 4 h when developmental responses are 

detected. Three biological replicates are represented individually.  
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Supplemental Figure S2. Clusters contain transcripts with similar patterns of 

abundance change. Heatmaps for four representative clusters show variation within a 

cluster. Three replicates for each time point are shown as columns; each row is an 

individual transcript. Red-blue color scale represents positive and negative SLRs, 

respectively; white designates an SLR of zero (see color scale).  
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83% or more of the clustering iterations. The length of the edges in these networks is 

based on the number of node connections, where many connections result in shorter 

edges (as determined by Cytoscape’s layout algorithm), but does not indicate physical 

protein interactions or any other molecular interaction. The networks at 0.5, 2, 8, and 24 h 

are shown in Figure 2B, with the complete time course shown in Supplemental Figure S3. 

The layout of nodes in a cluster is determined by the degree (the number of attached 

vertices) of each node, so groups of transcripts that frequently cluster with one another 

will form tight subclusters. For example, cluster 6 has two groups of highly connected 

transcripts that form tight subclusters, while several other transcripts clustered with fewer 

additional transcripts at the 83% threshold. In contrast, cluster 7 is tightly connected, with 

every transcript connected to most other transcripts, suggesting a high degree of 

similarity between the SLR patterns of these transcripts. To understand the functional 

significance of these genes with coordinated expression patterns, we asked whether these 

clusters also contained conserved biological functions. 

To determine if genes that cluster together may be functionally related, a Gene 

Ontology (GO) enrichment analysis was performed. This analysis determined which, if 

any, GO annotations appear in a cluster more often than would be expected by chance. 

Significantly enriched (P < 0.05) annotations were found in most of the 10 largest 

clusters (Table I). Some annotations were expected, such as ethylene response and two-

component signal transduction (cluster 4). Others, such as the annotations for cell wall 

processes in cluster 9, which are reduced in abundance at late time points, suggest a 

mechanism that may modulate root growth and development. 
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Supplemental Figure S3. Cluster Network maps for whole time course expanded 

from Figure 2. Thirteen largest DE clusters are shown at all time points. Nodes represent 

individual genes, and edges connect genes that clustered together in at least 83% of 

clustering iterations. Red-blue scale represents positive and negative SLRs, respectively; 

white represents an SLR of zero. 
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Table I. Some clusters are significantly enriched in gene annotations, suggesting that 

genes with related processes respond similarly to ACC, with clusters in order of response 

rate 

Cluster 

Gene 

Count 

Cluster 

Regulation 

Overrepresented 

Cluster Annotations 

Transcript 

Changes with 

SLR ≥ 0.05 

4 30 Up 
Ethylene/hormone 

response, two-component 
signal transduction 

30 min to 24 h 

5 28 Complex Oxidoreductase activity 30 min to 24 h 

7 21 Down None 1 to 24 h 

10 15 Down None 2 to 4 h 

1 111 Up None 4 to 24 h 

2 48 Down Transferase activity 4 to 24 h 

6 22 Down Metal/ion binding 4 to 24 h 

8 18 Down None 8 to 24 h 

9 18 Down 
Cell wall biogenesis, 

biosynthesis, and 
organization 

12 to 24 h 

3 40 Down Oxidoreductase activity 24 h 
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Differentially Expressed Genes Are Predominantly Unchanged across the Control 

Time Course 

There are two possible scenarios whereby ACC reduced transcript abundance, 

resulting in negative SLR values. Either the abundance of transcripts in the treated 

samples decreases while the control values are held constant, or the transcripts in the 

treated samples are constant and the controls increase over time. The question of which 

of these is happening is an important one, because they represent different biological 

responses. In the first scenario, ethylene regulation decreases transcript levels from a 

steady state; in the second, ethylene regulation prevents a preprogrammed increase in 

transcript levels. 

To resolve these two possibilities, we ran a separate filtering analysis on both the 

control samples alone and the ACC-treated samples alone. For each set of samples, a new 

SLR was calculated, this time using the 0-h time point as the control value, which we call 

the control-only SLRs and the ACC-only SLRs. We then ran the same filters used in the 

DE analysis to determine if transcripts exhibited significant changes in abundance 

relative to time zero. The results of these analyses for a subset of genes in several of the 

original clusters described above can be seen in Supplemental Figure S4, where the SLR 

ratios calculated with time-matched controls are compared with SLR calculated for the 

ACC-treated or control samples normalized to the time zero samples. What is 

immediately apparent is that, in control samples, the abundance of these transcripts 

remains essentially unchanged across the time course of these experiments while 

changing substantially in ACC-treated samples. Indeed, for most transcripts, the ACC-

only SLR profile parallels the original DE SLR profile very closely. The results of the 
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Supplemental Figure S4. Control-only and ACC-only analysis shows that the 

majority of transcript abundance changes occur due to ACC treatment, while the 

control time course is relatively unchanged. Results of control-only and ACC-only 

analysis are shown for two representative clusters. Left panel represents an SLR 

calculated using the ACC signal over a time-matched control (as in DE analysis). Right 

panel represents an SLR calculated using the control signal for a given time point of the 

control signal for the zero time point. For full results of this analysis, see Supplementary 

File 2.  
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filtering steps indicate that most transcripts passed all filters in the ACC-treated samples, 

with only four failing the SLR filter and five failing the consistency filters, as noted in 

Supplemental File S2. Many of the control samples failed the SLR filter, consistent with 

limited change in these samples. This suggests that, for most of these transcripts, ACC 

treatment results in a change from a baseline expression level, with transcripts at 

relatively constant levels in untreated time-matched controls. This pattern holds when 

examining the entire data set of 449 DE genes; the results of this analysis for the 449 

transcripts in our filtered data set are summarized in Supplemental File S2. 

 

Present-Absent Analysis Identified Additional Genes of Interest 

Transcripts that accumulate at low levels may not be detected over the chip 

background and, therefore, will have a detection P value that does not pass the 

Affymetrix-defined present threshold. Any gene with at least one absent measurement 

was filtered out by the DE analysis criteria, and a fold change was not calculated because 

it is inappropriate to calculate an SLR when a transcript abundance has a zero value 

(which is any value not above the Affymetrix-defined background) in either the control 

or treatment. However, transcripts that accumulate at background levels in either the 

control or ACC treatment conditions could still be of interest. To identify these 

transcripts, a present-absent (PA) analysis was performed using a previously outlined 

strategy (Lewis et al., 2013). Samples where a transcript did not pass the detection P 

value threshold were defined as absent and those that passed were defined as present. For 

this analysis, we make the assumption that, if a gene changes from present in the control 

to absent in the treatment or vise versa, then the experimental treatment has modified the 
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abundance of transcripts for this gene in a meaningful way. Thus, we can search for 

consistent patterns of present-absent or absent-present in the control-ACC comparisons at 

each time point to identify genes that are consistently modified by these criteria. An 

additional 375 genes were identified and clustered in a similar manner to the 449 DE 

genes. These transcript identities and transcript abundance are found in Supplemental File 

S3, and heat maps of two clusters are shown in Figure 3. Some clusters show apparent 

up-regulation by ACC (absent-present pattern), including cluster 3 at the 12-h time point 

and cluster 2 across the 8- to 24-h time points, while others show apparent down-

regulation by ACC (present-absent pattern), such as clusters 4 and 5 (Fig. 3; 

Supplemental Fig. S5). We say apparent because there is no way to know precisely if the 

gene is up- or down-regulated, since half the data are missing; however, if a gene has a 

signal strong enough to be detected on the control chip, and then the same gene is listed 

as absent on the experimental chip, we assume that the transcript abundance was reduced 

to below background levels in response to ethylene. 

Like the DE clusters, PA gene clusters were analyzed for GO enrichment. Cluster 

5 has a present-absent pattern (or down-regulation) and is enriched in cell wall-related 

annotations, similar to the DE cluster 9. Other annotations found in various clusters (1, 2, 

4, and 6) include oxidation/reduction, cytochrome P450, hormone signaling, and heat 

response, respectively (Table II). Interestingly, three of the six clusters were found to 

have significant (P < 0.05) enrichment in genes encoding transcription factor and/or 

transcriptional regulatory proteins. As transcription factors that had altered expression 

levels would, in turn, affect the levels of downstream transcripts, transcription factors 

provide a possible mechanism for long-term developmental effects of elevated ethylene. 
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Figure 3. PA analysis reveals additional genes with consistent, time-dependent 

changes in transcript abundance. Heat maps represent patterns of transcript abundance 

for two representative PA clusters. Columns represent three replicates for each time point; 

each row is an individual transcript. The white-red color scale represents the normalized 

signal intensity, and gray designates absent values that did not pass the Affymetrix 

detection cutoff. 
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Supplemental Figure S5. Present-Absent analysis reveals additional genes with 

consistent, time-dependent changes in transcript abundance. Columns represent three 

replicates for each time point; each row is an individual transcript. White-red color scale 

represents the normalized signal ratio, and grey designates “Absent” values that did not 

pass the Affymetrix detection cut-off. 
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Table II. GO analysis results for absent-present (AP) clusters 

Cluster 
Gene 
Count Cluster Patterns 

Overrepresented Cluster 
Annotations 

1 126 
Various, including 

AP at 8 or 24 h 
Iron/oxygen/ion binding 

2 73 AP at 4 to 24 h 
Signal transduction, immune response, 
transcriptional regulation/transcription 
factors 

3 65 
AP at 8 to 24 h (most 

strongly at 12 h) 
Photosynthetic machinery 

4 47 PA at 1 to 24 h Membrane 

5 46 Various PA Membrane 

6 18 AP at 2 to 24 h None 
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Cell- and Tissue Type-Specific Expression Patterns of DE Transcripts Identify 

Groups of Transcripts with Unique Localization Patterns 

This transcriptomic data set reveals transcript abundance changes in response to elevated 

ethylene with high temporal resolution but contains transcripts isolated from a number of 

tissue and cell types. The presence of high-spatial-resolution genome-wide transcript 

abundance maps for roots (Brady et al., 2007) allowed the identification of groups of 

transcripts from our DE data set to be examined for cell type (Supplemental Fig. S6) and 

tissue type (Supplemental Fig. S7) expression patterns. We overlaid this pattern on a 

color-coded network of our top 10 clusters. The similarity in pattern of related cell types 

(lateral roots and pericycle cells from which lateral roots emerge) or the clusters of genes 

linked to the elongation zone compared with the maturation zone suggest groups of ACC-

regulated transcripts with coordinated spatial expression patterns. In a limited number of 

cases, we see that these transcripts come from common ACC time-course clusters, such 

as a group of genes with a high level of expression in the developing and maturing xylem 

that is enriched in genes from DE clusters 3 and 9 (Supplemental Fig. S6). 

 

Time-Independent Analysis of Function Reveals Pathways Enriched in ACC-

Responsive Transcripts 

The above functional analyses of ACC-responsive genes rely on the similarity of their 

kinetic responses. However, it also may be possible that genes within a given pathway or 

functional group may respond at different points in the time course. In order to discover 

functionally related genes in a time-independent manner, the microarray data were 

collapsed across the time course. For each transcript, the largest magnitude average SLR  
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Supplemental Figure S6. The spatial pattern of the DE transcripts across root cell 

types reveals ACC-regulated genes with distinct accumulation patterns. The 

abundance of the 449 DE transcripts was determined using a previously published 

transcriptome root map (Brady et al, 2007). Genes are clustered by expression levels 

across cell types. Heatmap colors represent the 20-quantiles, or ventiles, of the 

normalized data, with white representing the lowest values, and red the highest. The color 

bar on the left represents the DE cluster of each gene in the top 10 clusters. 
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Supplemental Figure S7. The spatial pattern of the DE transcripts throughout root 

elongation and maturation reveals ACC-regulated genes with distinct accumulation 

patterns. The abundance of the 449 DE transcripts was determined using a previously 

published transcriptome root map (Brady et al, 2007). Genes are clustered by expression 

levels across root segments, as described by Brady et al., and are arranged from the root 

tip on the left to the topmost segment on the right. Heatmap colors represent the 20-

quantiles, or ventiles, of the normalized data, with white representing the lowest values, 

and red the highest. The color bar on the left represents the DE cluster of each gene in the 

top 10 clusters. 
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at any time point was identified, yielding the most extreme change for any given gene. 

All transcripts were visualized using MapMan (Thimm et al., 2004) to identify relative 

enrichment of pathways and processes. Both the MapMan analysis and the functional 

annotation analysis described above revealed groups of transcripts with annotations 

linking them to ethylene responses or signaling pathways (Fig. 4; Table I). The 

metabolism overview (Supplemental Fig. S8) revealed an enrichment of genes involved 

in cell wall processes. This is consistent with the results of the GO analysis described 

earlier. It also revealed a number of transcripts annotated as controlling secondary 

metabolism linked to the glucosinolate, terpenoid, phenylpropanoid, and anthocyanin 

pathways that had altered abundance in response to ACC treatment. 

 

Some ACC-Responsive Transcripts Also Respond to Treatment with IAA 

Ethylene and auxin control many of the same plant processes, sometimes 

synergistically, sometimes antagonistically (Muday et al., 2012). In roots, for example, 

ethylene and auxin both inhibit primary root elongation (Swarup et al., 2002) and 

stimulate root hair growth (Pitts et al., 1998), but ethylene inhibits while auxin stimulates 

lateral root development (Ivanchenko et al., 2008; Negi et al., 2010; Lewis et al., 2011a). 

Given these relationships, we were interested in the shared and divergent transcriptional 

responses to both ethylene and auxin in roots. In a previously published study, our 

laboratory used the same experimental and statistical methods described here to examine 

the kinetics of the transcriptional responses of Arabidopsis roots to IAA, the most 

prevalent auxin. We identified 1,246 transcripts that were DE in response to IAA and 

identified 498 transcripts via a PA analysis. 
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Figure 4. Ethylene regulates many hormone synthesis, signaling, and response genes. 

A, Image generated using the Regulation Overview in the MapMan Application Software. 

Squares under a given hormone represent genes/transcripts annotated to that hormone’s 

synthesis, signaling, or response. The color scale designates the greatest absolute SLR 

across the time course for each transcript. IAA, Indole-3-acetic acid; ABA, abscisic acid; 

BA, brassinosteroid; SA, salicylic acid; GA, gibberellic acid. B, The 139 ACC and IAA 

DE overlap transcripts, with average SLR across the time course shown for both hormone 

treatments. C, Network map showing clusters of 139 ACC and IAA DE overlap 

transcripts. 
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Supplemental Figure S8. MapMan metabolism overview shows many genes related 

to cell wall processes and secondary metabolism respond to ACC treatment. Image 

generated using MapMan Application Software. Squares in a given pathway represent 

genes/transcripts annotated to that pathway. Color scale designates the greatest absolute 

SLR across the time course for each transcript. Red, white, and blue designate positive, 

zero-value, and negative SLRs, respectively (see color scale). 
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To identify transcripts whose abundance changed in response to both ACC and 

IAA, we compared the lists of DE and PA transcripts from both ACC and IAA 

experiments, yielding 139 transcripts in common for the DE data sets, and 124 transcripts 

were found in both PA data sets. No transcripts from one DE list were found on the 

opposite PA list. We clustered the 139 DE overlap transcripts using the same methods as 

for the ACC DE 449 transcripts. The majority of these transcripts responded in the same 

direction and with comparable magnitudes in both treatments (Fig. 4B). A minority 

responded in opposing ways to the two treatments: nine (6.5%) showed increased 

abundance in response to ACC but decreased abundance in response to IAA, and 14 

(10.1%) showed the opposite response. 

We clustered the 139 DE overlap transcripts using the methods described 

previously and visualized these clusters in network diagrams. Figure 4C clearly shows 

two large clusters with transcripts that move in the same direction in both treatments 

(cluster 1 with decreasing abundance and cluster 2 with increasing abundance) and 

several smaller clusters where transcripts changed in opposite directions between the two 

treatments. These transcripts may be of particular interest in relation to lateral root 

development, which is oppositely regulated by ethylene and auxin. This subset of 

oppositely regulated transcripts was too small for GO analysis; however, we did observe 

that the DE overlap as a whole was highly enriched in cell wall-related genes. The 

patterns in the PA overlap are not as distinct, but it appears that, for many of the 

transcripts, their response to IAA was less different from the controls than their response 

to ACC. That is, where transcripts were present in the control, they tended to be absent in 

ACC and present in IAA, and vice versa. 
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To better understand the interplay between ethylene and auxin transcriptional 

changes, we also performed a comparison of the 449 DE transcripts with a previous 

transcriptome study of ethylene and auxin treatment in roots of dark-grown seedlings at a 

single time point of treatment (Stepanova et al., 2007). Those authors examined 

transcriptional changes in response to ethylene or auxin treatment in the wild type and in 

mutants with altered responses to these hormones (ein2-5 and aux1-7). Their analysis 

found 511 transcripts regulated by ethylene, 899 regulated by IAA, and 191 regulated by 

both hormones. Our data set of 449 included 80 transcripts that they found to be ethylene 

regulated, with 24 of these also auxin regulated, so 7% of their ethylene-regulated 

transcripts were in our data set and 26% of the transcripts from our set were in their data 

set. This comparison suggests that there are large differences in transcripts regulated by 

auxin and ethylene in dark-grown roots compared to roots of light-grown seedlings, 

consistent with insufficient comparisons between ethylene responses as a function of 

light conditions. 

 

Comparison with Ethylene-Responsive Transcripts from Dark-Grown Seedlings 

We were interested in further comparison of our data set with other ethylene 

response transcriptomics, to examine the effect of light on ethylene transcriptional 

response. In a previously published study, Chang et al. (2013) examined transcriptional 

responses to ethylene over a time course using RNA sequencing (RNA-seq). Their 

experimental methods differed from ours in that they used ethylene gas and whole, dark-

grown seedlings. They also focused on transcripts for genes that were bound by EIN3 in a 

separate chromatin immunoprecipitation sequencing (ChIP-seq) experiment. They 
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separated transcripts into two primary groups: EIN3-R transcripts, which are bound by 

EIN3 and respond to ethylene treatment, and EIN3-NR transcripts, which are bound by 

EIN3 but do not respond to ethylene treatment. They also had a third group, EIN3-ND 

transcripts, which are bound by EIN3 but were not detected in the RNA-seq experiment. 

We compared our DE and PA transcripts with these three lists of genes and 

identified some overlap. Out of 375 EIN3-R transcripts, 37 also were found in our DE list 

(8.2% of DE transcripts and 5.5% of EIN3-R transcripts) and 12 were found in our PA 

list (3.1% of PA transcripts and 3.2% of EIN3-R transcripts); out of 886 EIN3-NR 

transcripts, 32 also were found in our DE list (7.1% of DE transcripts and 3.6% of EIN3-

NR transcripts) and 16 were found in our PA list (4.2% of PA transcripts and 1.8% of 

EIN3-NR transcripts). No DE transcripts and four PA transcripts were found in the EIN3-

ND list. A full list of all transcripts in these overlapping and not overlapping sets is 

available in Supplemental File S4. 

Transcripts that were found in both the EIN3-R list and our DE list appear to have 

similar patterns of abundance change, suggesting that they are regulated in roots as in 

other tissues (Fig. 5A). We consider this group of genes to be tissue- and condition-

independent ethylene transcriptional targets. Of transcripts from the EIN3-R list that were 

not DE in our data set (Fig. 5B), a subset appears to have similar patterns of increasing 

abundance in our microarray but were filtered out during our DE analysis due to a 

magnitude change below our threshold. However, the majority of transcripts did not have 

the same level of response in our microarray as in the Chang et al. (2013) set, suggesting 

that these may be genes that are regulated in other tissues but not in roots. 
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Figure 5. Most ACC DE and PA transcripts are not EIN3 targets. The EIN3-R label 

represents transcripts that were found to be EIN3 targets and ethylene regulated by Chang 

et al. (2013) in dark-grown whole seedlings. A, Transcripts that were identified as DE or 

PA in our data set and as EIN3-R by Chang et al. (2013) B, Transcripts that were found 

to be EIN3-R, but not DE or PA, in our data set. C, Transcripts that were found to be DE 

or PA in our data set but not EIN3-R in the Chang et al. (2013) data set. 
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Surprisingly, nearly as many transcripts were found in the EIN3-NR list (which 

are defined by Chang et al. (2013) as not regulated by ethylene due to a fold change of 

less than 1.5) and genes that we identify as DE (with a fold change of 1.4; Supplemental 

Fig. S9) as in the EIN3-R and DE overlap. We hypothesize that many of the EIN3-NR 

transcripts were not DE because of the diversity of tissues or etiolated growth. In contrast, 

these transcripts had more substantial changes in our root-specific study. It is also 

possible that many of our transcripts were not in this data set because they were not 

regulated by EIN3. 

To further explore whether the limited overlap was due to differences in tissue 

used (whole seedlings versus roots), transcriptome profiling approach (RNA-seq versus 

microarray), or could be accounted for by the different methods of filtering, we 

performed our own filtering methods on the Chang et al. (2013) data using the reads per 

kilobase per million (RPKM) data the authors provided. Due to differences in the type of 

data, a few adjustments were made to the filtering steps. In lieu of the detection P value 

cutoff, we required that a gene have an RPKM ≥ 1 in every sample. There were not time-

matched controls, so we calculated the SLR for every time point using time zero as the 

control. Otherwise, all filtering was performed identically. From this, we identified 971 

transcripts that met our criteria for DE (Supplemental File S5). Of those 971, only 71 

overlapped with our ACC DE transcripts (Supplemental Fig. S10). Of transcripts that 

were Chang et al. (2013) DE but not ACC DE, some were not detected in the microarray 

because there was no probe for them present, some appeared to have a less distinct or 

consistent response in the ACC data set, but many have no observable response in the 

ACC data set, suggesting that these responses occur only in shoot tissues. A similar  
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Supplemental Figure S9. Overlap comparison with Chang et al., expanded from 

Figure 5. The EIN3-R label represents transcripts that were found to be EIN3 targets and 

ethylene regulated by Chang et al. in dark-grown, whole seedlings. EIN3-NR represents 

transcripts that were EIN3 targets but not ethylene regulated. EIN3-ND represents 

transcripts that were EIN3 targets but not detected in the ethylene response experiment. A. 

Transcripts which were identified as DE or PA in our dataset, and as EIN3-R by Chang et 

al. B. Transcripts which were found to be EIN3 targets (EIN3-R, EIN3-NR, or EIN3-ND) 

but not DE or PA in our dataset. C. Transcripts that were found to be DE or PA in our 

dataset, but not EIN3-R in the Chang et al. data set D. Transcripts which were identified 

as EIN3 targets but not ethylene regulated by Chang et al., but which were DE or PA in 

our dataset.  
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Supplemental Figure 10. Differential expression (DE) analysis of Chang et al. data 

and comparison. Chang et al. data was filtered using our statistical methods. 971 

transcripts were identified as differentially expressed (DE) by this method. 71 of those 

transcripts overlap with our 449 ACC DE transcripts (B), while 900 were not in this 

overlap (C). Panel A shows 378 transcripts which were DE in only the ACC dataset but 

not in the Chang et al. dataset. In panel A, values represented by dark grey are RPKMs 

which were equal to zero. In panel C grey represents transcripts which were detected in 

the Chang et al. RNA-Seq experiment, but which are not represented by a probe on the 

Affymetrix microarray chip.  
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pattern holds in reverse for transcripts that were ACC DE but not Chang et al. (2013) DE. 

We looked at the 71 common transcripts identified in both data sets with our filtering 

methods. This method found some of the same transcripts as the Chang et al. (2013) 

filters, with 16 EIN3-R targets and four EIN3-NR transcripts, respectively. The limited 

overlap between these two sets of transcripts demonstrates the differences between our 

respective analyses. However, the 16 transcripts that were found to be ethylene regulated 

in our data set and by Chang et al. (2013) in both their original analysis and via our DE 

pipeline may be of particular interest as gold standard EIN3-dependent, ethylene-

responsive transcripts. The proteins these transcripts encode include the ethylene 

receptors ERS1 and ERS2 and other members of the ethylene signaling pathway, CTR1 

and RTE1, as well as two transcription factors. 

Another important finding of these comparisons is that most of our DE transcripts 

(84.6%) and most of our PA transcripts (91.2%) do not show up in either the original 

EIN3-R or EIN3-NR lists (Fig. 5C), meaning that they were not detected by the EIN3 

ChIP-seq experiment. This suggests that these transcripts may not be direct targets of 

EIN3 but may be targets of other EIL-family transcription factors, downstream targets of 

EIN3/EIL regulation, or regulated by a different set of transcription factors than those 

detected in dark-grown seedlings. As EIN3 mediates direct, primary responses to 

ethylene, we expect some of the more slowly regulated transcripts in our DE data set to 

be regulated by transcription factors that are downstream of EIN3. To ask if EIN3 is 

enriched in specific clusters, especially the rapidly induced clusters, we looked for EIN3-

binding sites in our 10 largest DE clusters. 
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EIN3 Is Not Responsible for All Transcriptional or Developmental Responses to 

ACC in Roots 

To identify EIN3 targets in the DE 449 transcripts, we used a publicly available 

data set from O’Malley et al. (2016). They identified transcription factor targets through 

DAP-seq, a technique similar to ChIP-seq, which uses affinity-tagged transcription 

factors to pull down their associated DNA, rather than transcription factor antibodies. Out 

of 1,118 genes identified as EIN3 targets by this method, 57 were DE in our data set. This 

represents a statistically significant (P < 10−4) enrichment of EIN3 targets in our data set 

(7% of DE transcripts versus 4% of the genome), which is logical given EIN3’s role in 

ethylene signaling. We asked whether these transcripts from genes bound by EIN3 and 

At2g20110, a transcription factor of unknown function, were equally distributed within 

the DE clusters. The binding sites for At2g20110 were not enriched in any clusters. In 

contrast, for EIN3, several clusters had no EIN3 targets or had a percentage of EIN3 

targets not statistically higher than the genome (Fig. 6, A and B). Only two clusters, 1 and 

4, were identified as significantly enriched in EIN3 targets. Both of these clusters are 

early up, meaning that they have transcripts that increase in abundance at early time 

points. These clusters also contain several ethylene signaling genes that are targeted by 

EIN3, including ERS1 and ERS2, ETR2, and EBF2. This suggests that EIN3 primarily 

plays a role in regulating early transcripts, such as those in clusters 1 and 4, whose 

transcript abundance reached an SLR > 0.5 at 4 h and 30 min, respectively, and that other 

transcription factors are responsible for later transcriptional changes. 

We asked whether EIN3’s role in early transcriptional changes was responsible for the 

phenotype seen in ACC-treated roots. The root developmental phenotype was examined  
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Figure 6. EIN3 is not responsible for all transcriptional or developmental responses 

to ACC. A and B, Enrichment of transcription factor target genes (O’Malley et al., 2016), 

with the bars representing fold change of the genome background in the top 10 ACC DE 

clusters. A, Relative abundance of binding sites of a transcription factor for which no 

significant enrichment was found. B, The relative abundance of EIN3 binding sites is 

enhanced in specific clusters, with asterisks indicating significant enrichments at P < 0.05 

using a binomial test. C, The number of lateral roots was quantified in the presence and 

absence of ACC in Col-0, ein3, eil1, and the ein3 eil1 double mutant. D, Primary root 

elongation was measured in the presence and absence of ACC in Col-0, ein3-1, eil1-1, 

and the ein3-1 ein1-1 double mutant. E and F, The number and length of root hairs in the 

presence and absence of ACC in Col-0, ein3-1, eil1-1, and the ein3-1 ein1-1 double 

mutant. aSignificant difference between control versus ACC treatment within genotypes; 

bsignificant difference between the indicated genotype and Col-0 with the same 

treatments, at P < 0.05. G, Representative whole-root and root hair images of Col-0, ein3, 

eil1, and ein3 eil1. Magenta lines represent the length of the primary root at the time of 

transfer to control or ACC treatment plates. Bars = 2 mm in whole-root images and 0.5 

mm in root hair images.  
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in ein3 and eil1 single and double mutants. These single mutants retained some ethylene 

sensitivity, as evidenced by decreased lateral root numbers and primary root length after 

ACC treatment (Fig. 6, C, D, and G). In comparison, the ein3 eil1 double mutant had few 

root hairs and a nonsignificant ACC response (Fig. 6, E–G). These responses differ from 

those of the ein2 mutant, which shows no significant changes in root length, lateral root 

number, and root hair formation (see Figs. 9 and 10 below). These results differ from the 

total loss of long-term ethylene responses in dark-grown ein3 eil1 seedlings (Alonso et al., 

2003; Binder et al., 2004a) and suggest that other transcriptional machinery is needed to 

explain the residual root elongation and lateral root responses in this double mutant. 

 

ERFs Bind to Regulatory Regions of Genes in Some, But Not All, Clusters 

ERFs are transcription factors that are downstream of EIN3/EIL1 and are 

important for ethylene transcriptional responses (Licausi et al., 2013). We performed a 

DAP-seq enrichment analysis for the 14 ERFs for which DAP-seq data were available 

(Fig. 7). Like EIN3, most of these ERFs showed enrichment of targets in cluster 4 and, to 

a lesser extent, in cluster 1. Clusters 2, 5, 7, and 9 also show ERF enrichment to varying 

degrees. Some clusters showed no significant enrichment, and for some ERFs and 

clusters, there was an underrepresentation of ERF targets compared with the genome 

background. This is most striking in cluster 6. Like EIN3, this suggest that these known 

ERFs control a subset of the ACC transcriptional responses. 
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Figure 7. Binding sites for ERFs are enriched in a subset of clusters. Enrichment of 

ERF target genes (O’Malley et al., 2016) in the top 10 ACC DE clusters reported relative 

to the whole genome. Significant differences were determined using a binomial test, with 

asterisks indicating P < 0.05 (*) and P < 0.01 (**).  
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Ethylene Receptors Show Distinct Transcript Response Kinetics 

We also used a directed approach to follow the levels of transcripts of genes 

known to be ethylene regulated or that function in ethylene signaling or synthesis (Chen 

et al., 2007; Konishi and Yanagisawa, 2008). We queried the unfiltered data set of 

transcripts normalized to time-matched controls to examine the behavior of transcripts 

encoding ethylene synthesis and early ethylene signaling proteins, and the SLR of these 

genes and how they fared in our filtering analysis are indicated in Figure 8A. Ethylene 

synthesis genes, ACO1 and ACO2, were DE, while ACO4/EFE had an SLR > 0.5 but 

failed the Pearson’s correlation coefficient (PCC) filter for consistency between replicates. 

Several ACC synthase genes had apparent changes (SLR > 0.5 or < −0.5) but failed at 

various filtering steps due to inconsistent changes or low abundance at single time points. 

The ethylene receptor isoforms have both redundant and nonredundant functions 

(Shakeel et al., 2013). Therefore, we were curious to know whether the application of 

ACC differentially affected the time course of receptor transcript accumulation in roots of 

light-grown plants. The levels of transcripts encoding the five ethylene receptors are 

plotted as a function of time after ACC treatment in Figure 8B. All five receptor 

transcripts are expressed in roots, with detection above the Affymetrix P value thresholds. 

ETR2, ERS1, and ERS2 transcripts, encoding three of the receptors, were differentially 

expressed, with ETR2 having the most profound change in abundance, while ETR1 and 

EIN4 both failed at the SLR cutoff (Fig. 8, A and B), consistent with prior reports in 

different tissues (Hua et al., 1998). The accumulation of ETR2 transcript is faster than 

has been observed previously for whole, dark-grown Arabidopsis seedlings (Binder et al., 

2004b). These results indicate that the different receptor isoforms may have differing  
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Figure 8. Ethylene controls many ethylene synthesis, signaling, and response genes, 

including expression of the ethylene receptor ETR2 in an ETR1-dependent manner. 

A, For each ethylene-related transcript queried from our data set, the results represent the 

DE cluster where it is found or where it failed in the filtering process. SLRs represent 

averages of three biological replicates. Red, white, and blue designate positive, zero-

value, and negative SLRs, respectively (see color scale). B, The SLR patterns for five 

ethylene receptor transcripts show different kinetic responses to ACC treatment. SLRs 
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are reported as averages with se as a function of time after ACC treatment from the 

microarray data set. C, The cell type-specific expression pattern of each of the receptors 

illustrated with relative levels of transcripts using a percentage scale for the normalized 

signal values from Brady et al. (2007). D, Transcript abundance in receptor mutants as 

determined by qRT-PCR. Nine-day-old seedlings were transferred to agar medium with 

and without ACC at 1 µm for 24 h before RNA extraction and quantification by qRT-

PCR. Averages of three biological replicates are reported. The significance of ACC 

treatment within a genotype and between Col-0 and the indicated genotypes was assessed 

by ANOVA and Tukey’s posthoc test, and significant differences are indicated. 

aSignificant difference between treatments, at P < 0.0003; bsignificant difference 

between genotypes within treatments, at P < 0.003.  
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roles in the control of root growth and development. In support of this possibility, we 

examined the distribution of these receptor isoforms across the range of root tissue types 

using a previously published data set (Brady et al., 2007; Fig. 8C). The absolute levels of 

transcripts encoding ERS1 and ETR1 receptors are higher across these tissues but with 

variation between cell types evident, suggesting that these receptors may function to 

control distinct aspects of root development. 

 

ETR1 Controls ACC-Modulated ETR2 Transcript Abundance 

To examine the roles of ethylene receptors in controlling the expression of other 

ethylene receptors, we performed quantitative real-time (qRT)-PCR on wild-type and 

receptor mutant roots after treatment on control or ACC medium (Fig. 8D). The effect of  

ACC treatment on ETR2 transcript abundance was examined in Columbia-0 (Col-0), 

etr1-3 (a gain-of-function mutant), and etr1-7 (a loss-of-function mutant). A two-way 

ANOVA found significant differences between control and ACC treatment. The 

significance of specific comparisons was assessed using a Tukey’s posthoc test. In Col-0, 

ETR2 transcript abundance showed a 4-fold increase after ACC treatment, consistent 

with the microarray results. In the etr1-3 gain-of-function mutant, the ETR2 transcripts 

are not significantly different from Col-0 and do not change with ACC treatment. In the 

etr1-7 mutant, which is a loss-of-function mutant, ETR2 transcript abundance is elevated 

in control relative to Col-0 to levels not significantly different from ACC-treated Col-0 or 

etr1-7. These opposite responses in etr1-3 and etr1-7 are consistent with the absent and 

constitutive signaling in these two mutant alleles, respectively. These results suggest a 

pathway where ETR1 is responsible for ethylene-mediated increases in ETR2 transcripts. 
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The role of ETR1 in controlling the synthesis of ERS1 and ERS2 transcripts also was 

examined in the etr1-3 mutant. No significant change in either transcript was detected in 

the presence or absence of ACC (Supplemental Fig. S11). 

 

Specific Ethylene Receptors Modulate Lateral Root Initiation, Primary Root 

Elongation, and Root Hair Initiation and Elongation 

The strategy of using ethylene receptor nulls to identify the receptors that function 

in distinct tissue or developmental processes has been productive, but it has not been used 

to examine root development (Shakeel et al., 2013; Gallie, 2015). To define the ethylene 

receptor isoforms that control root growth and development, we examined lateral root 

development, primary root elongation, and the initiation and elongation of root hairs in  

plants with gain-of-function and loss-of-function receptor mutations in the absence and 

presence of ACC. The number of lateral roots formed 5 d after treatment is shown in 

Figure 9. A two-way ANOVA found significant differences between control and ACC 

treatment. The dominant negative receptor mutant, etr1-3, as well as the ethylene-

insensitive mutant, ein2-5, have increased lateral root numbers as compared with the wild 

type, with statistical significance examined with a Tukey’s post hoc test (Supplemental 

Table SII), which is consistent with previous reports (Ivanchenko et al., 2008; Negi et al., 

2008; Muday et al., 2012). Lateral root formation is reduced ∼2-fold by ACC treatment 

in regions of roots formed after transfer to ACC in Col-0. In etr1-3 and ein2-5 mutants, 

the magnitude of the effect of ACC is reduced substantially, with only a 6% change. 

We also examined lateral root development in receptor null or loss-of-function 

mutants (Fig. 9). The etr1-6 and etr1-7 null mutants formed statistically significantly  
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Supplemental Figure S11. ETR1 is not required for ACC-induced ERS1 or ERS2 

transcript abundance.  9 Day old seedlings were transferred to agar medium with and 

without ACC at 1 µM for 24 hours before RNA extraction and quantification of ERS1 (A) 

and ERS2 (B) by qRT-PCR. The average of 3 biological replicates is reported. * Indicates 

statistical significance (P < 0.0001) between treatments within the same genotype.  
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Figure 9. ACC inhibits lateral root initiation and primary root elongation through 

different ethylene receptors. Five-day-old seedlings were transferred to medium 

containing 1 µm ACC, and the lateral root number and primary root length were 

quantified after another 5 d. Averages and se of 30 seedlings are reported. The 

significance of ACC treatment within a genotype and between Col-0 and the indicated 

genotypes was assessed by ANOVA and Tukey’s posthoc test. aSignificant difference 

between control and treatment with ACC within a genotype, at P < 0.05; bsignificant 

difference between parental lines and mutant genotypes. 
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Supplemental Table II: P values from 2-way ANOVA 
comparing lateral root numbers after 5 days of control or ACC 
treatments. F1,696=3387 comparing control and ACC treatment 
within genotypes, F11,696=3603 comparing between genotypes, 
F11,696=357.2 comparing interactions between treatments and 
genotypes. DF=696 
Genotype ACC treatment within 

genotypesa 
Untreated 
compared to WTb 

Col-0 P < 0.0001 NA 
ein2-5 P < 0.002 P < 0.0001 
etr1-3 P < 0.002 P < 0.0001 
etr1-6 P = 0.9999 P < 0.0001 
etr1-7 P = 0.9996 P < 0.0001 
etr2-3 P < 0.0001 P < 0.0001 
ein4-4 P < 0.0001 P < 0.0001 
etr1-6/etr2-3 P = 0.9802 P < 0.0001 
etr1-6/ein4-4 P = 0.1897 P < 0.0001 
ert2-3/ein4-4 P < 0.0001 P < 0.0001 
etr1-6/etr2-3/ 
ein4-4 

P = 0.9999 P < 0.0001 

etr1-6/etr2-3/ 
ein4-4+ETR1 

P < 0.0001 P < 0.0001 

ein3 P < 0.0009 P = 0.9999 
eil1 P < 0.0001 P < 0.0001 
ein3/eil1 P < 0.0001 P < 0.04 
Ws P < 0.0001 NA 
ers1-3 P < 0.0001 P < 0.0001 
ers2-3 P < 0.0001 P < 0.0001 
a refers to P values from 2-way ANOVA comparing ACC 
treatment with untreated within genotype 
b refers to P values from 2-way ANOVA comparing untreated 
mutant genotype with untreated Col-0 
 

  



119 
 

fewer numbers of lateral roots relative to Col-0, forming only 15% and 19% of the 

number of lateral roots as Col-0, respectively. Both loss-of-function mutants had similar 

numbers of lateral roots in the presence and absence of ACC treatment, consistent with 

constitutive ethylene signaling due to loss of receptor function. This is in contrast with 

the phenotypes of the etr2-3, ein4-4, ers1-3, ers2-3, and etr2-3 ein4-4 mutants, which 

showed reduced lateral root abundance after ACC treatment. The ers1-3 and ers2-3 

receptor null mutants in the Wassilewskija (Ws) background showed subtle differences in 

lateral root number relative to Ws in both the presence and absence of ACC. 

We also used plants with mutations in multiple receptors and a complemented line 

to assess the role of these receptors. The etr1-6 etr2-3 mutant was not significantly 

different from etr1-6 in the absence or presence of ACC, while the slight difference  

between etr1-6 and etr1-6 ein4-4 was significantly different in the absence, but not in the 

presence, of ACC. The etr1-6 etr2-3 ein4-4 triple mutant exhibited a significant reduction 

in lateral root number relative to Col-0 in the control condition, with no change in 

number with ACC treatment. When etr1-6 etr2-3 ein4-4 was complemented with ETR1, 

there was a significant increase in lateral roots over the triple mutant, although the 

complementation was not complete, as the levels were still significantly different from 

those of Col-0. These data indicate that ETR1 has the major role, with a minor role for 

EIN4, in mediating lateral root formation upon treatment with ACC in Col-0, similar to 

the major role that ETR1 has in mediating ethylene-stimulated hypocotyl nutations 

(Binder et al., 2006) and the inhibition of ethylene responses by silver (McDaniel and 

Binder, 2012). 
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To determine the inhibitory effects of ACC on primary root elongation in the 

ethylene receptor mutants, we measured the length of the primary root before and after 5 

d of 1 µm ACC treatment (Fig. 9). A two-way ANOVA found significant differences 

between control and ACC treatments (Supplemental Table SIII). We observed greater 

root elongation in etr1-3 and ein2-5 than in Col-0 under control growth conditions or 

ACC treatment, which is consistent with previously published reports (Ivanchenko et al., 

2008; Negi et al., 2008; Péret et al., 2009; Muday et al., 2012). Although untreated etr1-6 

and etr1-7 had reduced root elongation to 66% and 47% of the primary root length of 

Col-0, respectively, root elongation was still sensitive to ACC, showing significant 

reduction upon ACC treatment relative to the untreated roots in both mutant genotypes, 

consistent with prior studies on roots of dark-grown seedlings (Hua and Meyerowitz, 

1998; Cancel and Larsen, 2002). Mutants in other receptors had primary root lengths that 

were not significantly different from Col-0. The etr1-6 etr2-3 and etr1-6 ein4-4 double 

mutants show shorter primary roots than etr1-6 in the absence or presence of ACC, and 

the magnitude of response to ACC was reduced. The triple mutant has the shortest 

primary root, which was reduced compared with all the other genotypes and showed no 

effect of ACC treatment; however, the ETR1 complemented line is longer than the triple 

mutant and has a similar magnitude response to ACC as Col-0. Together, these data 

demonstrate a major role of ETR1 in modulating primary root elongation via ACC and 

suggest minor roles of ETR2 and EIN4 in this process. 

Ethylene treatment also increases the number and length of root hairs (Tanimoto 

et al., 1995; Rahman et al., 2002), which are single-cell projections of the epidermis that 

increase the surface area of the root and aid in water and nutrient uptake (Cutter, 1978).  
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Supplemental Table III: P values from 2-way ANOVA 
comparing primary root length after 5 days of control or ACC 
treatments. F1,696=17955 comparing control and ACC treatment 
within genotypes, F11,696=5752 comparing between genotypes, 
F11,696=942.1 comparing interactions between treatments and 
genotypes. DF=696 
Genotype ACC treatment within 

genotypes a 
Untreated 
compared to WT b 

Col-0 P < 0.0001 NA 
ein2-5 P < 0.0001 P < 0.0001 
etr1-3 P = 0.4034 P < 0.0001 
etr1-6 P < 0.0001 P < 0.0001 
etr1-7 P < 0.0001 P < 0.0001 
etr2-3 P < 0.0001 P < 0.0001 
ein4-4 P < 0.0001 P = 0.6273 
etr1-6/etr2-3 P < 0.0001 P < 0.0001 
etr1-6/ein4-4 P < 0.0001 P < 0.0001 
ert2-3/ein4-4 P < 0.0001 P < 0.0001 
etr1-6/etr2-3/ 
ein4-4 

P = 0.9992 P < 0.0001 

etr1-6/etr2-3/ 
ein4-4+ETR1 

P < 0.0001 P < 0.0001 

ein3 P < 0.0001 P = 0.9968 
eil1 P < 0.0001 P < 0.2 
ein3/eil1 P < 0.0001 P < 0.0102 
Ws P < 0.0001 NA 
ers1-3 P < 0.0001 P < 0.0001 
ers2-3 P < 0.0001 P < 0.0001 
a refers to P values from 2-way ANOVA comparing ACC 
treatment with untreated within genotype 
b refers to P values from 2-way ANOVA comparing untreated 
mutant genotype with untreated Col-0 
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We treated 4-d-old seedlings with 1 µm ACC for 24 h and quantified the number and 

length of root hairs (Fig. 10). A two-way ANOVA found significant differences in the 

number and length of root hairs between control and ACC treatments (Supplemental 

Tables SIV and SV). We observed a greater than 5-fold increase in the number and length 

of root hairs in Col-0 after ACC treatment (Fig. 10). Both ein2-5 and etr1-3 formed fewer, 

shorter root hairs in the presence of ACC than Col-0, and we observed no increase in the 

number or average length of root hairs in response to ACC in ein2-5, although etr1-3 

showed a 2-fold increase in the number of root hairs after ACC treatment and these root 

hairs were shorter than those in Col-0. It has been observed that etr1-3 is not entirely 

ethylene insensitive with regard to the growth inhibition response in roots (Hall et al., 

1999), and it appears that this incomplete insensitivity applies to root hair initiation as 

well. Interestingly, etr1-6 and etr1-7 have different responses to ACC treatment. In etr1-6, 

there is a higher induction of both root hair number and length by ACC, as compared 

with Col-0, while etr1-7 has a higher than wild-type number of root hairs under control 

conditions, with a smaller, additional induction by ACC than Col-0. This is consistent 

with descriptions of these two mutants, where etr1-7 generally has a more striking 

phenotype (Wilson et al., 2014b). The locations of the mutations are likely responsible 

for the different phenotypes of etr1-6 and etr1-7. The mutation occurs earlier in etr1-7, 

resulting in a shorter amino acid sequence in the translated protein compared with etr1-6 

(Hua and Meyerowitz, 1998). This difference is important, as the N-terminal domain of 

ETR1 is known to have signaling properties through interactions with RTE1 (Gamble et 

al., 2002; Qu and Schaller, 2004; Xie et al., 2006; Qiu et al., 2012). Root hair numbers in 

etr2-3 in the presence of ACC are slightly and significantly greater than in Col-0,  
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Figure 10. ETR1 and EIN4 both function in ACC-induced root hair initiation and 

elongation. ACC induces root hair formation and elongation through specific ethylene 
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receptors. Four-day-old seedlings were treated with 1 µm ACC for 24 h. The number of 

root hairs is shown on the left and the length of root hairs shown on the right, with 

representative images for each genotype and treatment. Averages and se are reported for 

12 to 18 seedlings. aSignificant difference between control and treatment with ACC 

within a genotype, at P < 0.05; bsignificant difference between parental lines and mutant 

genotypes. 
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Supplemental Table IV: P values from 2-way ANOVA 
comparing root hair numbers after 24hrs of control or ACC 
treatments. F1,306=3507 comparing control and ACC treatment 
within genotypes, F8,306=1379 comparing between genotypes, 
F8,306=340.4 comparing interactions between treatments and 
genotypes. DF=306 

Genotype ACC treatment within 
genotypes a 

Untreated 
compared to WT b 

Col-0 P < 0.0001 NA 

ein2-5 P = 0.8593 P = 0.9999 

etr1-3 P = 0.9999 P = 0.9528 

etr1-6 P < 0.0001 P = 0.9868 

etr1-7 P < 0.0001 P < 0.0001 

etr2-3 P < 0.0001 P = 0.9999 

ein4-4 P < 0.0001 P < 0.0001 

etr1-6/etr2-3/ 

ein4-4 

P = 0.9999 P < 0.0001 

etr1-6/etr2-3/ 

ein4-4+ETR1 

P < 0.0001 P < 0.0001 

ein3 P < 0.0001 P < 0.001 

eil1 P < 0.0001 P < 0.001 

ein3/eil1 P = 0.1094 P < 0.0001 

Ws P < 0.0001 NA 

ers1-3 P < 0.0001 P < 0.0001 

ers2-3 P < 0.0001 P < 0.0001 

a refers to P values from 2-way ANOVA comparing ACC 
treatment with untreated within genotype 

b refers to P values from 2-way ANOVA comparing untreated 
mutant genotype with untreated Col-0 
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Supplemental Table V: P values from 2-way ANOVA 
comparing root hair lengths after 24hrs of control or ACC. 
F1,306=8607 comparing control and ACC treatment within 
genotypes, F8,306=2516 comparing between genotypes, 
F8,306=656.7 comparing interactions between treatments and 
genotypes. DF=306 
Genotype ACC treatment within 

genotypes a 
Untreated 
compared to WT b 

Col-0 P < 0.0001 NA 
ein2-5 P = 0.9999 P < 0.0001 
etr1-3 P < 0.0001 P < 0.0001 
etr1-6 P < 0.0001 P = 0.9998 
etr1-7 P < 0.0001 P < 0.0001 
etr2-3 P < 0.0001 P < 0.001 
ein4-4 P < 0.0001 P < 0.0001 
etr1-6/etr2-3/ 
ein4-4 

P = 0.9999 P < 0.0001 

etr1-6/etr2-3/ 
ein4-4+ETR1 

P < 0.0001 P < 0.0001 

ein3 P < 0.0001 P < 0.0001 
eil1 P < 0.0001 P < 0.0001 
ein3/eil1 P = 0.3488 P < 0.0001 
Ws P < 0.0001 NA 
ers1-3 P < 0.0001 P < 0.0001 
ers2-3 P < 0.0001 P < 0.0001 
a refers to P values from 2-way ANOVA comparing ACC 
treatment with untreated within genotype 
b refers to P values from 2-way ANOVA comparing untreated 
mutant genotype with untreated Col-0 
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whereas ein4-4 has ∼6-fold more and ∼2-fold longer root hairs under control conditions, 

with significant differences from Col-0 detected in the absence and presence of ACC 

treatment. The etr1-6 etr2-3 ein4-4 triple mutant has the greatest number and length of 

root hairs under control conditions, with numbers greater than the single and double 

combinations of these mutations. When this line is transformed with ETR1, the number 

and length of lateral roots are decreased relative to the triple mutant, with a greater than 

20-fold difference, but remain statistically different from Col-0. The magnitude of the 

responses suggests that ETR1 and EIN4 both play a role in modulating root hair initiation 

and elongation in response to ACC in Arabidopsis roots. 

Discussion 

Examining transcriptional responses at a single time point during development or 

in response to enhanced hormone signaling limits our view of the progression of events. 

The challenge of large transcriptomic data sets is moving beyond long lists of genes to 

identify patterns and relationships that predict networks of genes that function together. 

Cascades of precisely ordered and sequentially activated transcription factors are the 

basis of many complex developmental processes (Davidson, 2010; Kurotaki et al., 2013). 

In recent years, transcriptomic data sets measured over a time course have provided 

substantial additional insight into understanding the gene regulatory networks that control 

development (Jaeger et al., 2012; Nagano et al., 2012). These data sets allow the 

observation of sequential series of transcriptional events that can be analyzed with 

sophisticated computational approaches to provide new insight into the networks of 

coordinated transcript changes. These approaches have uncovered the elaborately 

branched networks of regulons induced by a stimulus and coordinated by individual 
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transcription factors (Yosef and Regev, 2011; Jaeger et al., 2012). We completed a time-

course microarray of roots treated to elevate levels of the gaseous plant hormone ethylene 

that spanned the time window of ethylene-dependent changes in root growth and 

development, which revealed transcriptional regulators and signaling proteins not linked 

previously to ethylene signaling as well as conserved transcriptional responses that span 

tissue type and developmental context. 

We identified changes in transcript abundance upon treatment of roots with ACC, 

an ethylene precursor, across eight time points that spanned 24 h. We quantified the 

induction of root hair formation across this same time course, demonstrating that the 

earliest transcript abundance changes precede this developmental response while the later 

time points are coincident with the enhanced formation and elongation of root hairs. The 

ability of ACC to inhibit elongation and block lateral root progression across this time 

course was demonstrated previously (Lewis et al., 2013). The root developmental 

changes in response to ACC treatment are the result of elevated ethylene (rather than 

direct effects of ACC), as the developmental responses are all blocked in the ethylene 

signaling mutants etr1-3 and ein2-5 (Figs. 9 and 10; Negi et al., 2008). Therefore, we can 

directly overlay root developmental changes on this root-specific ACC time course to 

look for temporal linkage between transcriptional and developmental responses. 

The changes in transcript abundance across this data set were filtered in two 

independent ways (Lewis et al., 2013). The first approach applied a rigorous filtering to 

identify a DE data set. The 449 transcripts in this data set were above the Affymetrix 

detection threshold at every time point, were induced or repressed by more than 1.4-fold 

(SLR > 0.5), and had consistent patterns and magnitude of change in abundance in all 
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three replicates, as judged by Pearson correlation and Euclidean distance (ED). For each 

gene, the SLR of transcript abundance in these data sets was clustered using k-means into 

24 clusters with an empirically derived 83% consistency (Fig. 2). The distinct kinetics 

and magnitude of responses are best visualized by heat maps of whole clusters (Fig. 2A) 

or individual genes within select clusters (Supplemental Fig. S2). The consistency of 

behavior of transcript abundance changes within these clusters is evident in the cluster 

maps, in which the relative abundance of each transcript in each cluster is shown 

separately at each time point (Fig. 2B; Supplemental Fig. S3). A line connecting two 

nodes indicates that they met the 83% threshold; transcripts that are tightly connected in 

this way typically show a higher degree of correlation than those that are more spread out. 

For example, in cluster 7, all transcripts are highly correlated, while in cluster 3, one 

group of transcripts are tightly correlated while half the cluster shows less similarity. The 

clustering was initially performed with a range of consistency requirements, and when 

higher similarity of response for all transcripts was required, it resulted in clusters that 

looked like cluster 7, but there were many more singletons. A primary goal of clustering 

is to look for groups of genes with conserved function, and we chose to focus our 

analysis on clusters with slightly more variation in response (requiring 83% consistency) 

but of larger size to find statistically conserved functional annotations, as identified in 

Table I. We also can find clusters of transcripts that tightly overlay on the root hair 

kinetics in Figure 1, with transcripts increasing and decreasing in DE clusters 4 and 7, 

respectively, preceding root hair stimulation and with transcripts increasing and 

decreasing in clusters 1 and 6, respectively, at times coinciding with root hair 
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developmental changes. These two groups of clusters may identify transcripts that drive 

development and execute the developmental changes, respectively. 

We used a second filtering approach to identify some transcripts excluded by the 

DE filtering but that had robust responses to ACC treatment. A challenge with our initial 

filtering is that we eliminated transcripts that were not different from the background at 

any time points according to the Affymetrix detection P values, which eliminated 

transcripts that were not expressed in control but were induced by ACC treatment or 

whose abundance decreased to below background levels after treatment. This second 

filtering identified transcripts that were present (above background) at some time points 

while being absent (below background) at other time points, which generated a data set 

that we call PA. We could not calculate SLR for this data set, since it is mathematically 

inappropriate to use these zero values in fold change calculations, so we report the data 

directly for control and treatment samples. The PA data set also was filtered and clustered, 

heat maps were reported (Fig. 3; Supplemental Fig. S5), and functional annotations were 

obtained. The PA and DE data sets show similar patterns of transcript changes and have 

some overlapping functions, such as clusters with increased transcript abundance 

annotated with ethylene signaling or with decreased abundance annotated with cell wall 

function. 

One surprising finding in these data is that ACC treatment leads to more 

transcripts exhibiting reduced abundance than increased abundance. This is evident both 

in the histogram showing the number of transcripts as a function of SLR at each time 

point (Fig. 1) and in the DE and PA heat maps (Figs. 2 and 3; Supplemental Fig. S5). The 

negative SLR values in the DE data set could result from either decreased abundance in 



131 
 

the treatment or increased abundance of transcripts in the untreated time-matched control 

data set. We find that most transcripts are relatively constant in the control data set, while 

the same transcripts decrease in abundance in response to ACC treatment (Supplemental 

Fig. S4). This differs from prior ethylene genome-wide data sets performed with dark-

grown seedlings (Chang et al., 2013) or dark-grown roots (Stepanova et al., 2007), 

suggesting that ethylene may control root development in light-grown plants through 

very different machinery. 

We also performed comparisons of this data set with a time-course data set 

(Chang et al., 2013). In that data set, transcripts whose abundance changed with ethylene 

treatment and that were regulated by the canonical ethylene transcriptional regulator 

EIN3 (Chao et al., 1997) were identified. We also performed a secondary DE analysis 

using the filtering approaches applied to our microarray data to examine the Chang et al. 

(2013) RNA data set using their RPKM values. This analysis identified 971 DE 

transcripts, which is approximately 40% of the total identified by the Chang et al. (2013) 

filtering. We identified a small number of transcripts in both lists that were also in our 

DE or PA data sets. There were a large number of their EIN3-regulated transcripts that 

showed no clear response in our data set (top half of Fig. 5B), that had more limited 

magnitude change, or that were inconsistent in pattern or magnitude change in our data 

set (Fig. 5B, middle and bottom). Similarly, we identified transcripts that changed 

robustly in our DE and PA data sets but whose abundance changes were weak or 

inconsistent in response to ethylene in their data set. Yet, in both of these two data sets, 

transcript changes span multiple time points, with sequential changes clearly indicating 

robust responses. This comparison leads us to conclude that there are very different sets 
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of transcripts that change in these two data sets, consistent with the differences in growth 

conditions (light versus dark), tissue type (roots versus whole seedlings), and perhaps 

method for elevating ethylene (ethylene precursor versus ethylene gas). Developmental 

responses to ACC are lost in the ethylene-insensitive etr1-3 dominant negative and ein2-5 

mutants (Figs. 9 and 10); therefore, it seems unlikely that a difference between ACC and 

ethylene treatment would explain most of these differences. When we filtered the Chang 

et al. (2013) data set using our statistical cutoffs, we again found limited overlap, 

suggesting that the difference is primarily in experimental methods (light versus dark 

grown and tissue specificity). To resolve how much variation is accounted for by tissue 

type, we compared with a second data set of dark-grown roots (Stepanova et al., 2005), 

which also yields limited overlap, consistent with light-dependent developmental 

differences. Within these three data sets, 25 transcripts were found in their respective 

ethylene-responsive groups, further supporting the idea of a small subset of genes that are 

important for ethylene response across multiple tissues, environmental conditions, and 

responses but with the majority of transcriptional changes happening in a context-

dependent manner.Consistent with this conclusion, Figure 8A illustrates the abundance 

change of a variety of ethylene signaling and response transcripts in our data set, many of 

which are conserved across these three data sets (Table I). 

To further explore the role of the canonical ethylene transcriptional machinery in 

this response, we asked whether EIN3, a critical upstream transcriptional regulator (Chao 

et al., 1997), played central roles in these root responses to ACC. We used a recently 

published DAP-seq data set in which the targets of EIN3 and a diversity of other 

transcription factors were identified across the Arabidopsis genome (O’Malley et al., 
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2016). We find that the EIN3 targets are found primarily in two DE clusters (1 and 4) that 

both show transcript abundance increases (Fig. 6). Rapidly induced cluster 4, annotated 

as ethylene responsive, is strongly enriched in EIN3-bound genes relative to the whole 

genome. These data are consistent with the model in which EIN3 binds to these genes 

(which include seven predicted transcription factors), which, in turn, control the 

transcription of other genes, leading to a network that can only be detected by high-

resolution time-course transcriptomics. A similar pattern was found for ERFs, which also 

bind to targets in clusters 1 and 4 (Fig. 7). Additional enrichment was found in clusters 2 

and 7, which contain seven and five ERF-binding sites, respectively, and in clusters 5 and 

9, which are enriched in the binding of two ERFs. Together, these results reveal a subset 

of the ACC response clusters that are regulated by canonical ethylene transcriptional 

machinery, but a number of these other clusters may contain previously uncharacterized 

light-grown, root-specific transcripts whose regulation occurs via distinct mechanisms. 

These data also suggest EIN3-independent pathways. We also tested the function 

of EIN3 in controlling root response as well as the EIL1 transcription factor using single 

and double mutants. In contrast to ein3 eil1 mutant seedlings grown in the dark, which 

show no response to prolonged ethylene treatment (Alonso et al., 2003), the ein3 eil1 

double mutant shows inhibition of root growth and lateral root formation in response to 

treatment with ACC. In contrast, increased root hair initiation was not significant in the 

double mutant. This is consistent with a previous study that demonstrated a loss of the 

jasmonic acid induction of root hairs in the double mutant (Zhu et al., 2011). Those 

authors also showed no root hairs in the double mutant, but this may be explained by 

variations in growth conditions, such as sucrose supplementation in media and the age of 
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seedlings. Together, these data indicate that both EIN3-dependent and -independent 

signaling controls specific aspects of root development. 

Since the role of EIN3 is very different in roots as opposed to other tissue types, 

we also examined the regulation of and functional role of the five ethylene receptors to 

explore whether they too have different roles in roots of light-grown seedlings. 

Transcripts encoding the five ethylene receptors ETR1, ETR2, ERS1, ERS2, and EIN4 

have different responses to ACC, with either no response or responses that differ in 

kinetics or magnitude of response (Fig. 8, A and B). Consistent with prior reports, ETR2, 

ERS1, and ERS2 are increased by treatments that elevated ethylene (Hua et al., 1998), 

but the more rapid and larger responses of ETR2 suggested the testable hypothesis that it 

had the most profound effect of ACC on root architecture. The dominant negative (or 

gain-of-function) ETR1 mutant (etr1-3) has been shown previously to be insensitive to 

the effects of ethylene on root elongation, lateral root development, and root hair 

initiation (Negi et al., 2008; Lewis et al., 2011b). We used null mutants in each of the five 

receptors and identified a strong role for ETR1 in controlling the root responses to ACC, 

but more subtle changes in development in null mutants in any of the other receptors, as 

summarized in Supplemental Table SVI. We also examined multiple null mutants in two 

or three receptor genes, finding smaller and redundant roles for ETR2 and EIN4, 

especially in root hair formation. We used a triple mutant with profound developmental 

responses to find that these phenotypes are largely complemented with a genomic copy of 

ETR1. This is consistent with previously published data showing the importance of ETR1 

in ethylene response in roots (Negi et al., 2008; Lewis et al., 2011b). Additionally, we 

examined ETR2 expression in etr1 mutant alleles and find that ETR2 levels are reduced 
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Supplemental Table VI: Table comparing root growth phenotypes among ethylene 
signaling mutants in untreated and ACC treated roots. 
Genotype Lateral root number Primary root length Root hair number 
 

Untreateda 
ACC 

treatedb Untreateda 
ACC 

treatedb Untreateda 
ACC 

treatedb 
Col-0 = - - - = - - - = +++ 
ein2-5 > = > = = = 
etr1-3 > = > = = = 
etr1-6 <<< = << - - = +++ 
etr1-7 <<< = << - - >>> + 
etr2-3 > - - - = - - - = +++ 
ein4-4 = - - - = - - - >> ++ 
etr1-6/etr2-3 <<< = <<< -   
etr1-6/ein4-4 <<< = <<< -   
ert2-3/ein4-4 = - < - -   
etr1-6/etr2-3/ 
ein4-4 

<<< = <<< = >>> = 

etr1-6/etr2-3/ 
ein4-4+ETR1 

< - - < - - >> ++ 

ein3     >> ++ 
eil1     >> ++ 
ein3/eil1     = + 
Ws = - - = - - - = +++ 
ers1-3 = - - > - - - >>> +++ 
ers2-3 = - - = - - - >>> +++ 
a phenotypes of untreated mutant genotype compared to untreated Col-0 
b phenotypes of ACC treatment compared to untreated within genotype 
= refers to no phenotypic difference between untreated mutant genotype with untreated 
Col-0 
>/<refers to increase/decrease number or length in untreated mutant genotype compared 
to Col-0 
+ refers to induction of root hair numbers within genotype in response to ACC 
- refers to decrease number of root hairs or length of primary root within genotype in 
response to ACC 
The magnitude of the effect of genotype or treatment is indicated by the number of 
symbols.  
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in the gain-of-function allele and are elevated in the absence of ACC in the null allele, 

consistent with previous reports that ethylene induction of ETR2 protein levels is lost in 

etr1-1 (Chen et al., 2007). These results argue that the constitutively expressed ETR1 

receptor has a predominant role in controlling root responses to ethylene, similar to its 

major role in controlling nutations and responses to silver ions (Shakeel et al., 2013). 

To place this data set in the context of root development, we performed several 

other comparisons. First, we asked whether the ACC-regulated transcripts had cell type-

specific expression patterns. We used previously published data sets that identify cell 

type-specific transcriptomes or transcriptomes that span the root tip developmental zone 

(Brady et al., 2007). We clustered these by common developmental response and asked 

whether any clusters were linked to specific cell or tissue expression patterns but did not  

find striking patterns, suggesting that ethylene response transcripts span developmental 

regions. This is consistent with limited tissue specificity due to the diffusion of the 

ethylene gas. 

A second and more fruitful comparison was to look for overlaps with a root-

specific IAA response data set, as the hormone IAA has different effects on root 

development than ethylene. Although auxin and ethylene both inhibit primary root 

elongation and stimulate root hair proliferation, these two hormones have opposite effects 

on lateral root initiation, with IAA stimulating and ACC and ethylene inhibiting this 

process. When we compare these two transcript abundance data sets, which were 

performed at the same time and with the same time-matched controls, we find 1,246 

transcripts that respond to IAA, 449 that respond to ACC, and 139 in common. The 

majority of these show similar directional changes in response to both hormones with 
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consistent increases (top of Fig. 4B) or decreases (bottom of Fig. 4B), while a small set 

shows opposite responses, consistent with transcripts that might differentially regulate 

lateral root inhibition. These differences are best seen in the cluster network maps shown 

in Figure 4C, which show opposite direction in the same subset of clusters. The 

transcripts in this overlap can be tested to ask about how they control root developmental 

responses to these two hormones. 

The patterns we have revealed by comparison of our data set with other large-

scale data sets, and by analysis of clusters with similar transcriptional changes for 

common gene functions or transcriptional regulators, demonstrate the effectiveness of a 

time-course approach to transcriptomics. When making comparisons with other data sets, 

it is especially important to have a high degree of confidence that the changes observed 

are real; our experimental design and filtering method mean that transcripts identified as 

ACC responsive were replicated across multiple time points and showed similar kinetics 

in three experimental replicates. Additionally, many of the transcripts we identified as 

ACC responsive in roots would have appeared unresponsive and uninteresting if we had 

chosen any single time point after treatment for analysis. Together, these two advantages 

of time-course transcriptomics helped us to identify responses to ethylene that were tissue 

and/or environment dependent along with responses shared across contexts. By looking 

for patterns in these transcript responses across time, we also were able to correlate 

changes with development and gene function, suggesting potential mechanisms for 

ethylene control of root development. Our comparison with the IAA data set led to a 

further narrowing of genes of interest specifically for ethylene and auxin cross talk in 

roots. We also were able to ask questions about receptor and transcription factor control 
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of ethylene responses, discovering EIN3-independent as well as -dependent 

transcriptional changes in roots and specific roles for receptors in developmental changes. 

This data set provides an example of how time-course approaches can be useful within a 

hormone response and developmental context. 

 

Materials and Methods 

Plant Growth and Arabidopsis Genotypes 

Arabidopsis (Arabidopsis thaliana) Col-0 seeds were purchased from Lehle Seeds. 

The etr1-6, etr1-7, etr2-3, ein4-4, and ers2-3 mutants were obtained from Elliot 

Meyerowitz, and the ers1-3 mutant was obtained from Eric Schaller. All have been 

described previously (Hua and Meyerowitz, 1998; Qu et al., 2007). The etr1-6, etr1-7, 

etr2-3, and ein4-4 mutants are in the Col-0 background, and the ers1-3 and ers2-3 

mutants are in the Ws background. The ein3-1 and eil1-4 single and ein3-1 eil1-1 double 

mutants are in the Col-0 background and were described previously (Binder et al., 2007). 

The combinatorial mutants and transformants have been described previously (Hua and 

Meyerowitz, 1998; Kim et al., 2011). 

Plants were grown on 1× Murashige and Skoog medium (Caisson Laboratories), 

pH 5.6, Murashige and Skoog vitamins, and 0.8% agar, buffered with 0.05% MES 

(Sigma), and supplemented with 1% Suc. After stratification for 48 h at 4°C, plants were 

grown under 100 µmol m−2 s−1 continuous cool-white light. For phenotypic analyses, 

wild-type and mutant plants were grown on control medium for 5 d and then transferred 

to control and 1 µm ACC-containing media. Five days later, seedling images were 
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captured with a scanner. Primary root growth was measured using Imaris 7.7.2 (Bitplane), 

and lateral root number was quantified manually. 

 

ACC Treatments and RNA Isolation 

RNA was isolated from seedlings grown on a nylon filter (03-100/32; Sefar 

Filtration) as described previously (Levesque et al., 2006). Plants were stratified and 

germinated subsequently on a filter pressed tightly against control medium with 

approximately 100 seedlings per plate. On day 5 after germination, the nylon was 

transferred to growth medium with and without 1 µm ACC for the given treatment time 

(0–24 h). After this time, roots were cut from seedlings and flash frozen in liquid nitrogen. 

Frozen samples were ground in liquid nitrogen, and RNA isolation was performed 

according to the Qiagen plant RNeasy kit protocol, with the addition of the Qiagen 

RNase-free DNase treatment (Qiagen). After RNA isolation, samples were quantified by 

A260 using a Nanodrop spectrophotometer (Nanodrop Technologies). RNA 

concentrations were standardized to 150 ng µL−1 ± 10% by the addition of DEPC-treated 

10 mm Tris-HCl, pH 8. Each sample yielded approximately 4.5 µg of RNA. 

 

Microarray Analyses 

RNA samples were sent to the Wake Forest University Comprehensive Cancer 

Center Microarray Shared Resource Center and were repurified on Qiagen RNeasy 

columns. The samples were analyzed on the Agilent Bioanalyzer and Eppendorf 

BioPhotometer for RNA integrity and concentration. Samples with RNA integrity values 

greater than 8 were carried forward for cDNA synthesis, labeling, and fragmentation. The 
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samples were hybridized to the arrays and washed, and Affymetrix AGCC software was 

used to process the chips and perform image capturing. The resulting .CEL files were 

analyzed for quality assurance using internal Affymetrix parameters and custom signal 

distribution analyses developed in house. These CEL files have been posted to the Gene 

Expression Omnibus and can be found under accession number GSE84446. 

Raw data were normalized by the microarray facility using systematic variation 

normalization as described previously (Chou et al., 2005), and the log2 of the signal 

intensity was reported along with the detection P value calculated by the Affymetrix 

software. 

 

Transcript Filtering and DE Calculation 

A four-step filtering pipeline (Supplemental Fig. S1), described previously (Lewis 

et al., 2013), was used to process the normalized microarray data to identify genes with 

significant and consistent DE over time. The first step, the detection P value filter, 

identified transcripts that were reliably detected on the chip over background within each 

replicate data set independently. A transcript was retained if the detection P values were 

0.06 or less (the Affymetrix recommended cutoff) for all time points (Supplemental Fig. 

S1, step 1). This is outlined at 

http://media.affymetrix.com/support/downloads/manuals/data_analysis_fundamentals_m

anual.pdf (May 18, 2015). For each replicate data set, the relative expression was 

reported as the SLR, which is equivalent to the log2 fold change. The SLR was calculated 

as the time-matched log2 ratio of the signal intensity at each ACC treatment time (for 

each replicate individually) relative to the average intensity of the control replicates at 
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each time point. As data were already log2 transformed, this ratio calculation was simply 

a subtraction of the control value from the experimental value. Control replicates were 

averaged for each time point because control and experimental data sets were not paired; 

therefore, averaging the control provided a consistent baseline for replicate comparisons. 

These control values also were used for an IAA study that was performed simultaneously 

and was published previously (Lewis et al., 2013). After SLR values were calculated, the 

second step used them to identify transcripts that had a transcriptional response to ACC at 

some point during the time course (SLR filter; Supplemental Fig. S1, step 2). Any 

transcript with an SLR ≤ −0.5 or ≥ 0.5 (roughly a 1.4-fold change) for at least one time 

point was retained. The overlap filter (Supplemental Fig. S1, step 3) retained all 

transcripts that passed the detection P value and SLR filters in all replicates. The final 

step was the consistency filter (Supplemental Fig. S1, step 4), which identified transcripts 

that had consistent response to ACC over time. This filter calculated Pearson’s 

correlation coefficient (PCC) and the Euclidean distance (ED) for each transcript’s 

temporal profile to identify transcripts with a consistent pattern (PCC score) and 

magnitude (ED score) of expression between all replicates over time (Olex et al., 2010). 

All pairwise combinations of replicate temporal profiles were compared, resulting in 

three PCC and three ED scores for each transcript. Only two of the three PCC and ED 

scores were required to have PCC ≥ 0.7 and ED ≤ 1.09. The PCC cutoff was determined 

based on statistical reasoning, where any two data sets with a correlation greater than 0.7 

were considered as highly correlated. The ED cutoff was chosen to be the median ED 

score over all three sets of scores for the entire filtered data set. Transcripts meeting or 
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exceeding all filtering criteria were considered to be significantly and consistently 

expressed. 

 

DE Calculation of Chang et al. (2013) Data 

DE calculation using the data reported by Chang et al. (2013) was performed 

using calculated RPKM values provided by the authors. The calculation was performed 

as closely as possible to the methods described above, with the following differences. In 

place of the Affymetrix P value cutoff, transcripts were required to have an RPKM > 0 

(i.e. to be detected) for all replicates. Since there was not a time-matched control data set, 

all SLRs were calculated using the average time-zero RPKM. 

 

Consensus Clustering 

Prior to clustering, a figure of merit (FOM) analysis was performed on the set of 

transcripts meeting the filtering criteria to identify the inherent number of clusters present 

in each replicate data set. The FOM also determined which clustering algorithm 

generated the most homogenous clusters with respect to the ED metric (k-means and 

hierarchical agglomerative clustering were compared; Yeung et al., 2001; Olex et al., 

2007; Lewis et al., 2013). The DE filtered set of transcripts was clustered using the 

consensus clustering option provided by SC2ATmd (Olex and Fetrow, 2011), which was 

updated to allow users to specify a custom consensus threshold, where transcripts are 

included in a consensus cluster if they are grouped together less than 100% of the time. 

The calculated consensus matrix (Monti et al., 2003; Olex et al., 2010) is filtered based 

on the chosen threshold and converted to an adjacency matrix, where all values passing 
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the threshold are changed to 1 and all other values are changed to 0. The adjacency 

matrix is then searched using MATLAB’s graphconncomp function, which uses a depth 

first search algorithm, to identify consensus clusters. Consensus clustering was run using 

K-means and ED with 10 starting clusters (parameters determined by the FOM analysis). 

A consensus threshold of 83%, where transcripts found in the same cluster 83% of the 

time would be included in the same consensus cluster, was chosen, as it returned clusters 

with consistent expression kinetics as well as a limited number of singletons compared 

with other thresholds (data not shown). Ten clustering iterations were performed per 

replicate. 

 

PA Filtering and Clustering 

PA filtering was performed as described previously (Klink et al., 2010) with some 

alterations. A pattern of PA was assigned if all three control replicates for a given time 

point had a detection P ≤ 0.04 (Affymetrix present call) and all ACC-treated replicates 

for the same time point had a detection P ≥ 0.06 (Affymetrix absent call). Similarly, a 

pattern of absent-present was assigned if the inverse filter was met (control P ≥ 0.06 and 

ACC P ≤ 0.04). Detection P values in the marginal range (0.06 > P > 0.04) were not 

considered, as those genes would have been included in the initial filtering analysis. A 

full list of genes passing the present-absent or the absent-present filter for at least one 

time point was constructed and is reported in Supplemental File S3. 

The PA genes were clustered to identify groups with similar patterns over time. 

For each time point and condition (control or ACC) of a given gene, all three replicate 

signals were set to −1 if any one of the replicates was absent or marginal. Otherwise, if 
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all three replicates were present (i.e. had detection P ≤ 0.04), then the signals were left 

intact for clustering. This modified data matrix was imported into the tool SC2ATmd for 

FOM analysis. The standard clustering tab in SC2ATmd (Olex and Fetrow, 2011) was 

then used to cluster these data into six clusters using k-means and ED, as determined by 

the FOM analysis. 

 

Annotation Analysis of Microarray Data 

The identification of significantly overrepresented annotations in each DE and PA 

cluster was performed using the analysis tool provided by AgriGO (Du et al., 2010; Tian 

et al., 2017). The genes for each cluster were imported into AgriGO’s Singular 

Enrichment Analysis tool using the Affymetrix probe identification number with the 

Arabidopsis gene model (TAIR9) chosen as background; all other options were left at 

their default setting. Annotation groups with P ≤ 0.05 were identified as significantly 

overrepresented. 

 

Tissue and Cell Type Expression Patterns of the 449 DE Transcripts 

Data were downloaded from 

http://www.plb.ucdavis.edu/labs/brady/software/BradySpatiotemporalData and queried 

for the 449 DE transcripts. The resulting data sets, both cell type and longitudinal slices, 

were analyzed using R (R Development Core Team, 2014). Distance was calculated 

using Pearson’s r2 (hyperSpec package; Beleites and Sergo, 2015), and transcripts were 

clustered using complete hierarchical clustering. Heat maps were generated using the 
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heatmap.2 function from the gplots package (Warnes et al., 2016). Heat map colors 

correspond to the ventiles, or 20-quantiles, of the data. 

 

Comparison of ACC-Regulated Transcripts with Other Data Sets 

For the Chang et al. (2013) comparison, we used the lists of genes provided in 

their supplemental files and cross referenced these lists with our DE and PA lists to 

generate lists of overlapping and not overlapping genes. For each gene, we calculated 

SLRs for the Chang et al. (2013) data set as the log2 of the RPKM for a given sample 

divided by the average RPKM for time-zero samples using data shared by the Ecker 

laboratory. Heat maps were generated using these SLRs along with those from our data 

set, utilizing R (R Development Core Team, 2014) and the heatmap.2 function from the 

gplots package (Warnes et al. 2016). The order of the genes in the heat maps is based on 

complete hierarchical clustering using ED for our data set. 

 

ACC and IAA Comparison 

We cross referenced the lists of IAA DE and PA transcripts (Lewis et al., 2013) 

with the lists of ACC DE and PA transcripts. No transcripts were found to overlap across 

DE and PA data sets. This is likely because the same control samples were used, and 

transcripts that were identified as present-absent or absent-present tended to have more 

than one absent time point and, therefore, would show up in the PA list and not the DE 

list. 

Both heat maps were generated using R (R Development Core Team, 2014) and 

the heatmap.2 function from the gplots package (Warnes et al.). The DE heat map was 
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ordered with complete hierarchical clustering based on the ED on the 2- and 4-h time 

points. The PA overlap heat maps were ordered using complete hierarchical clustering 

based on the Canberra distance on the ACC data set. These parameters were chosen to 

most clearly bring out the patterns in each data set. 

 

qRT-PCR 

Samples containing 900 ng of RNA were used for cDNA synthesis with a 1:1 

mixture of oligo(dT) and random hexamer primers and SuperScript III enzyme 

(Invitrogen). After digestion with RNase (Invitrogen), the A260 was measured using a 

Nanodrop spectrophotometer (Thermo Scientific) to ensure equal efficiency in the cDNA 

synthesis reactions between samples. qRT-PCR analysis using this cDNA was performed 

on a Roche Light Cycler 480 using SYBR Green detection chemistry. Primers specific to 

ETR2, ERS1, and ERS2 were used, and transcript abundance was quantified using a 

distinct standard curve for each primer. 

 

Quantification of Primary Root and Root Hair Elongation and Lateral Root and Root 

Hair Initiation 

For lateral root and primary root analysis, 5-d-old seedlings were transferred to 

control agar plates or agar plates containing 1 µm ACC for 5 d and imaged using an 

Olympus SZ61 stereoscope equipped with a DP27 color camera, utilizing cellSens 

software. Lateral root number was quantified manually, and primary root length was 

quantified using ImageJ or Imaris 7.7.2 (Bitplane). For root hair analysis, 4-d-old 

seedlings were transferred to control agar plates or agar plates containing 1 µm ACC for 
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1 d. Seedlings were imaged using a Leica MZ 16FA stereoscope with a Planapo 0.63× 

objective lens and an Infinity2-2C camera. Root hair numbers were quantified using 

ImageJ by counting all root hairs on one side of the root within a 1-mm length located 0.5 

mm from the root tip. Average root hair length was quantified by measuring six 

representative root hairs per root. 

 

Statistics 

The number and length of root hairs, lateral root number, and primary length 

phenotypic data and qRT-PCR data were analyzed by two-way ANOVA. Tukey’s 

multiple comparison tests were then used to determine whether the differences between 

treatments within genotypes and the differences between genotypes within treatments 

were significant (GraphPad Prism 7). 

For DAP-seq analyses, statistical significance was determined using a binomial 

test where the ratio of transcription factor targets in the cluster was compared with the 

ratio of transcription factor targets in the entire genome. 

 

Accession Numbers 

Arabidopsis Genome Initiative accession numbers for genes described in this 

article are as follows: ETR1, At1g66340; ERS1, At2g40940; EIN4, At3g04580; ETR2, 

At3g23150; ERS2, At1g04310; EIN2, At5g03280; EIN3, At3g20770; and EIL1, 

At2g27050. For all transcripts in Supplemental Files S1 to S5, the locus identifiers are 

included in the spreadsheets. The microarray data set has been deposited in the Gene 

Expression Omnibus under accession number GSE84446. 
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Abstract 

Gene regulatory networks are defined by a cascade of transcriptional events by 

which signals, such as hormones or environmental cues, change development. To 

understand these networks, it is necessary to link specific transcription factors (TFs) to 

the downstream gene targets whose expression they regulate. Although ChIP-Seq, DNA 

Affinity Purification (DAP)-Seq, and related methods provide information on the targets 

of a single TF, moving from groups of co-expressed genes to the TF that controls them is 

more difficult. To facilitate this bottom-up approach, we have developed a web 

application named TF DEACoN that uses a publicly available Arabidopsis thaliana 

DAP-Seq dataset to search for upstream regulators of co-expressed genes. This 

application allows entry of a group of genes that can be searched for conserved TF 

binding targets. To validate this application and approach, we examined a group of 

transcripts regulated by treatment with the ethylene precursor 1-aminocyclopropane-1-

carboxylic acid (ACC), which elevated ethylene concentration and for which we have a 

transcriptional dataset performed with high temporal resolution. We demonstrate the 

utility of this application when co-regulated genes are divided by timing of response or 

cell type specific information, which provides more information on TF/target 

relationships than larger groups of co-regulated genes without spatial or temporal 

clustering can provide. This approach predicted TFs that regulate this process and we 

have experimentally demonstrated the function of one of these in controlling ethylene 

regulated lateral root development, the TF NAM (NO APICAL MERISTEM). This tool 

and method can be applied to any group of co-regulated genes to provide insight into TF 

function.  
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Introduction 

Transcription factors (TFs) are important regulators of gene expression across all 

kingdoms of life, including plants. In Arabidopsis thaliana, nearly 7% of all protein-

coding genes are predicted to encode TFs (1,851 out of 27,655; Cheng et al., 2017, 

Yilmaz et al., 2011). In plants, the best-studied TFs include those that control 

developmental patterning and responses to hormones and environmental cues. Yet only a 

small fraction of all TFs have been well-characterized; 1,152 out of 1,851 predicted TFs 

in AGRIS have no gene name and/or no description, and another 375 gene descriptions 

contain the word “putative” (Yilmaz et al., 2011). The TFs whose functions are known 

are neither sufficient to control the diversity of responses that are seen in the 

transcriptome across different developmental stages and experimental conditions, nor the 

myriad of growth and developmental responses achieved under these conditions. Given 

the number of uncharacterized TFs and the variety of plant signals and responses, 

matching TFs with biological function remains a considerable task. 

In Arabidopsis, traditional mutant screening has been a powerful tool in the 

discovery of key gene products that control hormone and stress response pathways, 

including important TFs. Yet, because this technique relies on striking phenotypes that 

result from mutations in individual genes, there is a point at which a particular pathway 

becomes saturated; that is, all genes that can be discovered by a particular screen have 

already been identified (Pollock and Larkin, 2004; Tokunaga et al., 2014). Additionally, 

transcription factors often form complexes with other TFs, show redundancy across TF 

families, or are part of larger signaling networks, all of which may result in subtle or 

absent phenotypes when single TF genes are mutated (e.g. Xu et al., 2020). Although 
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creating double, triple, and higher order mutants can reveal roles for TF families, it is 

often a long process without guaranteed results. New tools are needed for identifying TFs 

linked to particular responses. 

The rise of affordable transcriptomic technologies has given researchers a new 

suite of tools for understanding TF function. Microarray and RNA-Seq can reveal 

transcriptional responses with high spatial (Brady et al., 2007, Tang et al., 2009) and 

temporal resolution (Brady et al., 2007, Chang et al., 2013, Lewis et al., 2013, Harkey et 

al., 2018). TFs of interest can be further characterized by performing transcriptomics with 

TF mutants or overexpression lines. However, these techniques won’t find all TFs 

involved in a process because they are not necessarily transcriptionally responsive 

themselves, and so will not always be found in a transcriptomic dataset; for example, the 

transcripts encoding the TF EIN3, which plays a central role in many ethylene responses, 

do not change in abundance in response to ethylene (Chao et al., 1997). Co-regulated 

genes can also be analyzed for common promoter elements to suggest candidate TFs. 

However, untargeted motif searching methods are limited by the background noise 

inherent in looking for a short motif (typically around ten base pairs) among promoter 

sequences that are one thousand or more base pairs long (Bailey et al. 2009; Bailey and 

Elkan 1994). If a particular TF’s motif is found, its presence in a promoter region does 

not guarantee regulation of that gene by that TF. For example, one recent paper found 

that 91% of all genes across 45 different species contained an AuxRE (Lieberman-

Lazarovich et al., 2019), but it is not probable that all of the genes are direct targets of 

ARFs. 
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Perhaps the best method for understanding a TF’s downstream targets is looking 

at direct TF-target interactions through techniques such as yeast one-hybrid assays 

(Ouwerkerk and Meijer, 2001) or ChIP-Seq (Robertson et al., 2007), the latter of which 

can identify the binding motif of a particular TF. Typically, ChIP-Seq is used after a TF 

has already been identified as important and is performed using chromatin samples 

isolated under specific growth and developmental conditions, leading to identification of 

only a subset of binding sites for a given TF (Bartlett et al. 2017). Although it is possible 

to perform ChIP-Seq across many TFs to create a new type of screen for transcriptional 

regulators, this approach would be both costly and time-consuming to repeat for multiple 

signaling pathways, responses, and tissue types.  

Another new method has been developed called DNA Affinity Purification 

(DAP)-Seq, which can be performed in vitro, allowing binding sites for a large number of 

TFs to be identified (Bartlett et al., 2017). The advantage of this method is that DNA 

binding is less biased by experimental conditions, although it may miss binding events 

that require TF protein complexes (O’Malley et al., 2016). The Arabidopsis DAP-Seq 

dataset produced by O’Malley et al. contains data for 349 different TFs, providing a 

wealth of new information on targets of TFs (O’Malley et al., 2016). This data creates an 

opportunity to narrow down the list of potential regulators in an unbiased way. 

We have used the ethylene response in roots to demonstrate the utility of 

combining DAP-Seq data with co-expression data to provide new insights into 

transcriptional regulators that control plant response to the hormone ethylene (Harkey et 

al., 2018, 2019). Ethylene regulates many aspects of plant development, including 

hypocotyl elongation (Bleecker et al., 1988; Guzman and Ecker, 1990; Chang et al., 
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1993), responses to stress (Dey and Vlot, 2015; Wang et al., 2013), fruit ripening (Cara 

and Giovannoni, 2008; Chen et al., 2018; Fabi and Ramos do Prado, 2019), and 

formation of lateral roots (Ivanchenko et al., 2008; Negi et al., 2008) and root hairs 

(Tanimoto et al., 1995). 

One of the first Arabidopsis signaling pathways identified by mutant screens was 

the ethylene signaling pathway (Merchante, Alonso, and Stepanova 2013). Researchers 

used the ethylene “triple response” during which dark-grown seedlings treated with 

ethylene, or its biosynthetic precursor 1-aminocyclopropane-1-carboxylic acid (ACC), 

have shorter, thicker hypocotyls and roots, and an exaggerated apical hook, compared to 

their air-grown counterparts (Bleecker et al., 1988; Guzman and Ecker, 1990; Chang et 

al., 1993). These screens identified ethylene-insensitive (EIN) or ethylene-response (ETR) 

mutants as tall seedlings among a lawn of short ethylene responders. Ethylene response 

genes identified include receptors such as ETR1 (Chang et al., 1993) and essential 

signaling proteins such as EIN2 (Alonso et al., 1999) and Constitutive Triple Response 1 

(CTR1), a kinase that in the mutant has constitutive ethylene response (Kieber et al., 

1993). These studies also revealed the basics of an ethylene-regulated transcriptional 

network. The EIN3 TF is necessary for most ethylene responses in dark-grown seedlings, 

and EIL (EIN3-LIKE) family members play a smaller role (Chao et al., 1997; Solano et 

al., 1998). Another group of TFs, Ethylene Response Factors (ERFs), function 

downstream of EIN3 (Solano et al., 1998). 

However, several lines of evidence suggest that EIN3 and downstream ERFs do 

not control all ethylene response in all tissues or under all growth conditions. A 

comparison of root ethylene response in seedlings grown under multiple light conditions 
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suggested that EIN3 targets (as determined by DAP-Seq and ChIP-Seq) are mainly genes 

which respond to ethylene in all light conditions (Harkey et al., 2019). In contrast, few 

ethylene-responsive transcripts from light-grown seedlings were EIN3 targets, suggesting 

that other TFs regulate these conditional responses (Harkey et al., 2019). Similarly, when 

a group of ACC-responsive genes were sorted by expression changes over time in 

response to ACC treatment, EIN3 targets were limited primarily to a subset of transcripts 

which responded quickly and positively to ACC treatment (Harkey et al., 2019). 

Meanwhile, the majority of ACC-responsive transcripts were down-regulated. Likewise, 

ERF targets made up only a small subset of the ethylene-responsive transcripts (Harkey 

et al., 2018).  

In further support of their being EIN3-independent transcriptional responses in 

roots of light-grown seedlings, EIN3 was not completely necessary for root 

developmental changes induced by ACC (Harkey et al., 2018). Yet, there is little 

information on what other TFs may be responsible for the remaining transcriptional and 

developmental changes in these tissue types. A search of the Gene Expression Omnibus 

(GEO) (Barrett et al., 2013) for ethylene-related transcriptomic studies returns those 

using overexpression lines or mutants with defects in genes encoding ethylene signaling 

proteins, EIN3, and a few ERFs (Harkey et al., 2019); the transcriptional profiles of other 

ethylene-responsive TFs has not been reported. However, DAP-Seq data may be able to 

provide insight into other transcriptional mediators of ethylene response by asking if 

clusters of genes encoding transcripts that respond to ethylene or ACC are enriched in 

genes targeted by specific TFs.  
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 We have developed a tool for analyzing all DAP-Seq data across groups of co-

regulated genes to “screen” for transcription factors that may control their concurrent 

changes in expression and have applied this tool to ethylene-regulated gene clusters. This 

tool enables the user to identify TFs which may be important for the co-regulation they 

observe. We demonstrate the utility of clustering co-regulated genes based on the 

similarity of their transcript abundance across time and space to find potential regulators 

that are evident only when clusters of co-expressed genes are examined. We have used 

this tool to analyze transcriptional data from roots treated with ACC to increase ethylene 

levels, revealing TFs that may act downstream of this hormone signaling to control 

changes in root development. Several TFs that are tied to root development showed 

enrichment of their targets within this group of ACC-regulated transcripts. We focused 

our additional analyses on one TF identified in a cluster of ACC-regulated genes which 

are expressed in the root columella, No Apical Meristem (NAM). A T-DNA insertion 

mutant for this TF had altered root development and ACC developmental responses 

suggesting a role for this TF in ACC-mediated changes to lateral root development. This 

finding supports the feasibility of this approach to identifying important TF target 

interactions using this method and approach.  

 

Results 

TF DEACoN: A new tool for predicting TF regulation of co-expressed genes 

 To look for groups of genes that are enriched for targets of specific transcription 

factors, we developed a new tool called TF Discovery by Enrichment Analysis of Co-

expression Networks (TF DEACoN). This tool can be used to generate hypotheses about 
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transcriptional regulators of groups of co-expressed genes. This app was written in R 

Shiny (Chang et al. 2020; R Core Team 2014) and is available to use at 

aharkey.shinyapps.io/tfdeacon; the code is available at 

https://github.com/aharkey/TFDEACoN. 

 TF DEACoN works by searching for enrichment of transcription factor targets in 

groups of co-expressed genes. The input for TF DEACoN is a list of Arabidopsis locus 

identifiers which the user has identified as co-expressed in a specific tissue or 

developmental context, in response to a treatment, or in a mutant. The list of IDs that are 

recognized by the app is called the query. The statistical basis for the analysis is a 

comparison of two ratios: the ratio of TF targets in the query to the total number of genes 

in the query, and the ratio of all TF targets in the genome to the number of genes in the 

whole genome. A TF that is important for driving transcription of a cluster of co-

expressed genes would be expected to have a higher ratio of targets in the query than in 

the genome as a whole. TF DEACoN compares these two ratios for each transcription 

factor for which DAP-Seq data is available using Fisher's exact test. It also calculates a 

log2 fold change (logFC) in which the query ratio is divided by the genome ratio, such 

that a positive logFC means there is a higher proportion of TF targets in the query than in 

the entire genome, and a negative logFC means there is a lower proportion in the query. 

If the logFC is positive and Fisher’s exact test gives a significant p-value, we can 

consider this TF to show target enrichment in the query genes. After calculating these 

values for every TF, TF DEACoN uses a Benjamini-Hochberg p-value correction for 

multiple comparisons. 
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 TF DEACoN is designed with a simple interface (Figure 1). Users can simply 

paste their list of gene identifiers into the Input Genes panel. TF DEACoN will recognize 

any locus identifier of the form ATXGXXXX; surrounding text does not matter, and so 

users do not need to format their list of genes before entering them into TF DEACoN. 

Then, users may choose to select a logFC cutoff between 0 and 3, and/or a p-value cutoff 

of 0.05, 0.01, or 0.001. A logFC cutoff of 0 ensures only results with a positive logFC are 

displayed, while a higher cutoff can pare down results farther; similarly, a p-value cutoff 

removes any results which are not statistically significant and allows the user to choose 

between two levels of stringency.  

Selecting “Submit” will display a list of TFs in the Results panel; if no filters are 

selected, all TFs will be displayed, but if filters are selected, only those TFs which meet 

the cutoff will be displayed in the Results panel. If the user is unsure of which cutoff to 

apply before running an analysis, they may apply a cutoff after results are displayed. The 

results include each TF’s gene identifier, the TF family and TF name (if known), the 

number of genes that have been found to be targets by DAP Seq, and a ratio of targets to 

total number of genes for both the whole genome and for the query, the logFC and the 

adjusted p-value. By default, results are sorted by adjusted p-value, but the user can select 

different categories to sort by; a search bar also enables users to find a specific TF or TF 

family. A CSV file of results can be downloaded using the button below the results table. 

Any logFC or p-value filters that are active at the time of download will be passed on to 

the downloaded file. To download all results, both filters should be unchecked before 

downloading. There is also an additional Query panel that allows the user to confirm that 

all the genes in the input were recognized. 
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Figure 1. TF DEACoN Interface 
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Clustering genes by kinetics of response to a hormone provides new insights 

Previously we generated a transcriptomic dataset that examined the kinetics of 

ACC response in roots of light-grown seedlings across 8 treatment times (Harkey et al., 

2018). This dataset was filtered to identify genes that were expressed above background 

and that showed consistent magnitude change and patterns of induction across time in 

three separate replicates. This analysis yielded 449 transcripts, which were then clustered 

using k-means clustering to identify groups of transcripts whose abundance changed 

across time with similar kinetics (Harkey et al. 2018). These clusters included groups of 

genes that increased in response to ACC treatment, but the majority of the clusters (17 

out 24) and the majority of the genes showed decreased transcript abundance (Figure 2). 

When we asked for the logFC with the greatest absolute value for each gene, 257 out of 

449 had a negative logFC as their most dramatic change. 

We then asked about enrichment of the canonical ethylene response TF, EIN3, in 

these clusters using the DAP-Seq data. Interestingly, we found that EIN3 targets were 

primarily enriched in two clusters with positive transcriptional responses to ACC: cluster 

4, and to a lesser extent in cluster 1, while several other clusters contained no EIN3 

targets. Cluster 4 was also enriched in gene ontology terms related to ethylene response 

genes, and it includes many ethylene-related genes which are known to be regulated by 

ethylene itself (Harkey et al., 2018). This suggested a role for EIN3 in controlling a 

subset of ethylene-induced transcripts in multiple tissue types but left open the question 

of which TFs were directly controlling the remaining transcriptional responses. 

We used TF DEACoN to analyze this time course transcriptomic analysis, 

examining both the entire dataset as well as the top 10 largest clusters. When the entire  
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Figure 2. Clusters of ACC-responsive genes. The ten largest clusters of genes identified 

by Harkey et al. (2018) as ACC-responsive in Arabidopsis roots. The Gene Count 

column shows number of genes in a cluster, Signal Log Ratio (SLR) values at each time 

point represent the log2 fold change of the ACC-treated sample compared to a time-

matched control. The Overrepresented Cluster Annotations for each column summarize 

the enriched gene ontology (GO) annotations in each cluster, identified with AgriGO. For 

more information, see Harkey et al. (2018).  
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set of 449 transcripts were used as a co-expression dataset in TF DEACoN, only one TF, 

CAMTA5, was found to be enriched with a logFC ≥ 1 (Table I, Supplemental File 1). 

This TF has reported roles in response to cold stress (Kidokoro et al. 2017), but no 

reports have linked it to ethylene or root development. 

However, when we ran the 10 individual clusters, targets of 97 TFs were enriched 

in at least one cluster with a logFC ≥ 1 (Table I). This demonstrates the utility of 

clustering based on the temporal response (or other more selective subgroups) before 

searching for TF enrichment. Several TFs were particularly interesting because their 

targets were enriched in multiple clusters (Table I). One of these included EIN3, which 

has enriched targets in cluster 1 and 4, matching what we previously calculated manually 

(Harkey et al., 2018).  

Additionally, we ran a previously identified group of 139 ethylene-responsive 

genes, which were identified in a meta-analysis of 3 independent experiments that looked 

at root-specific ethylene responses. When we ran this group through TF DEACoN, EIN3 

binding was enriched in this group, as well as in the subset of these gold standard genes 

which show ethylene-dependent increases in transcript abundance.  In contrast, the highly 

conserved, but negatively regulated transcripts are not enriched for EIN3 targets.  This 

analysis shows that groups of genes identified by meta-analyses are also suitable for 

mining via TF DEACoN.  

 

ACC response clusters identify candidate TFs for ACC-regulated root development 

Several TFs identified as being enriched in binding targets within the ACC 

temporal clusters by TF DEACoN are linked to root developmental processes that are  



177 
 

Table I. TFs enriched in multiple 449 DE time course clusters. Asterisks indicate 

cluster enrichment with the cutoffs: logFC > 1, * p < 0.05, ** p < 0.01, *** p < 0.001. 

TFs with targets enriched in only one cluster are not shown for brevity, but are included 

in the totals reported at the bottom of the table. For each cluster, an arrow or arrows 

represent the direction(s) of ACC response in that cluster. Rows are ordered based on the 

total number of clusters enriched in TF targets, then by significant results for each cluster. 

Genes discussed in the text are highlighted in red and bold. 

  
Clusters enriched in TF targets 

 

Gene ID 
Primary 

gene name 1↑ 2↓ 3↓ 4↑ 5↑↓ 6↓ 7↓ 8↓ 9↓ 10↓ all Total 
AT5G07680 NAC4  * ** *  *      4 
AT1G34670 MYB93   **   ** *     3 
AT2G26960 MYB81    *** *    **   3 
AT1G24250 PAH2    *   *  *   3 
AT4G16150 CAMTA5     ***     * ** 3 
AT5G06960 OBF5     **  **   *  3 
AT5G62470 MYB96      * * *    3 
AT1G79180 MYB63      *   * *  3 
AT5G03150 JKD *** *          2 
AT3G13810 IDD11 ***   *        2 
AT3G20770 EIN3 **   ***        2 
AT4G15090 FAR1 **    ***       2 
AT5G18560 PUCHI  **  *        2 
AT5G18450 None  *     *     2 
AT4G36620 GATA19  *      **    2 
AT3G15170 CUC1   *** **        2 
AT5G54230 MYB49   ***      **   2 
AT4G18770 MYB98   **      ***   2 
AT5G58850 MYB119    ***     **   2 
AT4G24240 WRKY7    **  *      2 
AT5G02320 MYB3R-5    **   *     2 
AT5G63090 LOB    * *       2 
AT1G22810 ATERF019    *    **    2 
AT5G09410 EICBP.B     ***     **  2 
AT2G02450 LOV1     * *      2 
AT1G22070 TGA3     *  *     2 
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AT4G32800 ERF043     *   *    2 
AT1G06180 MYB13     *     **  2 
AT5G62320 MYB99      *** **     2 
AT5G06839 TGA10       *   *  2 
AT4G36780 BEH2  

        * **  2 
AT3G14180 ASIL2         * *  2 

 Total TFs per cluster 7 8 8 30 15 11 16 8 21 13 1  

Genes in cluster 111 48 40 30 28 22 21 18 18 15 449  

TFs per gene 0.06 0.2 0.2 1 0.54 0.50 0.76 0.4 1.2 0.87 .002  

  



179 
 

regulated by ethylene. One TF that was enriched in multiple clusters was 

NAC4/ANAC080/ANAC079, whose transcript abundance was nitrogen-responsive in 

roots (Vidal, Álvarez, and Gutiérrez 2014). To determine whether the transcript 

abundance of these DAP-Seq identified NAC4 targets are regulated by NAC4, we 

searched for overlap between the TF DEACoN predicted targets and an RNA-Seq dataset 

in which this TF was overexpressed in root protoplasts (Brooks et al., 2019). The authors 

found 2,167 genes to be DE after NAC4 overexpression (Brooks et al., 2019) and 27 of 

these DE transcripts were found in the ACC response clusters 2, 3, 4, and 6, where NAC4 

DAP-Seq targets are enriched (Table I); by comparison, there are 17 DAP-Seq NAC4 

targets in these same clusters. These results are consistent with a limited number of ACC-

regulated genes being NAC4 targets. Out of the 17 genes found to be bound by NAC4 by 

DAP-Seq and 27 genes found to be DE with NAC4 overexpression, there were only 3 

genes suggested to be NAC4 targets by both methods. However, this is consistent with 

the overall finding by Brooks et al. (2019) that out of their 2,167 DE genes, only 193 

(8.9%) were also DAP-Seq targets of NAC4. Interestingly, the 27 DE genes from the 

NAC4 RNA-Seq experiment also represent an enrichment of apparent NAC4 targets in 

these 4 clusters compared to the entire genome (27/140 and 2,167/27,655, respectively; p 

< 0.01, Fisher’s exact test). Although the targets do not overlap perfectly, the observation 

of enrichment of NAC4 targets in this set of genes by two methods increases the 

likelihood that NAC4 is a regulator of this group of genes. 

Additional TFs enriched in binding to our ACC clusters had functions which 

linked them to root development including: MYB93, MYB63, and JACKDAW (JKD). 

The targets of MYB93, a TF reported to be a positive regulator of lateral root 
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development (Gibbs and Coates, 2014; Gibbs et al., 2014), had target enrichment in 

clusters 3, 6, and 7, which are all down-regulated in response to ACC, consistent with the 

negative effect of ACC on lateral root development (Lewis et al., 2011; Negi et al., 2008). 

Targets of another MYB family TF, MYB63, were enriched in clusters 6, 9 and 10, 

which are also down-regulated by ACC. Cluster 9 is enriched in gene annotations relating 

to cell wall biogenesis, biosynthesis, and organization (Harkey et al., 2018), and MYB63 

is known to regulate secondary cell wall formation by modulating the expression of genes 

encoding lignin biosynthetic enzymes (Zhou et al., 2009), along with other MYB family 

members (Geng et al., 2020).  

Of particular interest was JKD, a TF from the BIRD family that are involved in 

root cell patterning in the meristem (Hassan et al., 2010) is enriched in clusters 1 and 2. 

Clusters 1 and 2 have opposite directional changes, but respond to ACC with similar 

kinetics. This suggests a role for JKD in ethylene response, perhaps in connection to root 

elongation, which is stunted by ethylene or ACC treatment (Qin et al., 2019). These three 

TFs are interesting new candidates for regulators of ethylene- or ACC-induced gene 

expression changes that may be controlled independently of EIN3. These examples also 

show how clustering by response to a perturbation and looking for TF target enrichment 

can provide new insights and generate new, testable hypotheses about gene regulatory 

networks. 

 

ACC-responsive genes show cell-type specific patterns of expression in the root 

We also tested the hypothesis that we could identify TFs that control ethylene 

response by grouping ACC-responsive genes based on conserved spatial expression 
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patterns. The 449 ACC-responsive transcripts were also clustered based on their 

expression across a root cell type specific microarray dataset (Brady et al. 2007). This 

data was normalized across each gene on a 0 to 1 scale so that relative levels of 

expression could be more directly compared. The normalized data was used to perform k-

means clustering of the 449 transcripts, resulting in 12 clusters (Figure 3).  

Many of these clusters contain transcripts with high levels of abundance in one or 

a few cell types. For example, clusters 2 and 11 contain genes that are highly expressed in 

lateral root cells and pericycle cells from which lateral roots form, suggesting they may 

be important for the ACC-inhibition of lateral root initiation. Cluster 3 genes are 

expressed in the columella, suggesting a role in root elongation and/or gravitropism. 

Clusters 4, 10, and 12 show more complicated expression patterns, but when clusters 4 

and 10 are compared it is evident that transcripts in these two clusters show expression 

patterns that are opposite across the alternating epidermal hair and non-hair cell files, 

suggesting roles in driving or blocking root hair initiation. 

We also determined how localization of transcripts overlaid on ACC 

transcriptional response, so we generated a heatmap which included both the cell type 

data and the ACC response data from our previous study (Figure 3). Most cell-type 

clusters had a fairly even distribution of up- and down-regulated genes, but clusters 1 and 

8 (expressed in the maturing xylem and endodermis, respectively) had a higher 

proportion of down-regulated transcripts, suggesting down-regulation of gene expression 

in these particular cell types may be particularly important for ethylene’s effects on root 

development and function. For example, ethylene negatively regulates suberin formation  
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Figure 3. Root cell-type expression of ACC-responsive genes. The 449 ACC-

responsive transcripts from Harkey et al. (2018) were clustered using cell type specific 

transcript abundance data from Brady et al. (2007). A) Cell type transcript abundance 

data was normalized across each gene so that maximum signal is 1 and lowest signal is 0, 

then clustered using k-means clustering. B) ACC response of each transcript is shown 

using data from Harkey et al. (2018). logFC is normalized to time-matched control. 
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in the endodermis both by inhibiting formation of suberin in new tissues and inducing 

degradation of existing suberin (Barberon et al. 2016).  

 

Cell type ACC-responsive clusters have very different TF enrichment patterns 

Using TF DEACoN, we analyzed the twelve root cell-type clusters of ACC-

responsive transcripts to identify candidate TFs (Table II, Supplemental File 1). An 

interesting pattern emerged when looking at all TFs enriched across all clusters. Out of 

123 TFs whose targets are enriched in at least one cluster, 96 TFs have enriched targets in 

cluster 3, which contains transcripts that show a pattern of highest expression in the 

columella. No other cluster had more than 19 target-enriched TFs, and when we 

normalized the number of TFs binding to genes in the cluster relative to the size of the 

cluster (total genes in the cluster), cluster 3 had 1.8 TFs per gene, while other clusters had 

no more than 0.5 TFs per gene. This led us to ask whether this pattern of many TF targets 

being enriched in columella-expressed genes is true due to universal enrichment in this 

cell type, or if this was unique to our ACC-treated roots.  

We used the same methods to cluster the cell-type data from the entire genome 

(Supplemental Figure 1). When we analyzed these clusters using TF DEACoN (Table III), 

the columella cluster (cluster 10) also had a large number of target-enriched TFs (196), 

but several other clusters had more than 50 TFs, including a phloem pole pericycle and 

lateral root cluster (5), which had 194 target-enriched TFs, and a maturing xylem cluster 

(12), which had 111 target-enriched TFs. When we again normalized these numbers by 

the number of genes in each cluster, the columella cluster again had the highest number 

of TFs per gene (0.17), but cluster 5, which is expressed in the phloem pole pericycle and  
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Table II. TFs enriched in multiple cell type clusters. Asterisks indicates cluster 

enrichment with the cutoffs: logFC > 0, * p < 0.05, ** p < 0.01, *** p < 0.001. TFs with 

targets enriched in only one cluster are not shown for brevity but are included in the totals 

reported at the bottom of the table. Rows are ordered based on the total number of 

clusters enriched in TF targets, then by significant results for each cluster. Genes 

discussed in the text are highlighted in red. 

 
  Clusters enriched in TF targets 

Gene ID 
Primary 

gene name 1 2 3 4 5 6 7 8 9 10 11 12 Total 
AT2G46770 NST1 ***  *    *      3 
AT5G46590 ANAC096 *  *   *       3 
AT5G62380 VND6 ***  **          2 
AT2G18060 VND1 ***  *          2 
AT4G36160 VND2 **  **          2 
AT3G03200 ANAC045 **  *          2 
AT4G17980 ANAC071 *  **          2 
AT1G12260 VND4 *  *          2 
AT2G23290 MYB70 *  *          2 

AT4G10350 
BRN2/ 

ANAC070 
*  *          2 

AT3G01970 WRKY45   **   *       2 
AT1G69570 CDF5   **    *      2 
AT3G47500 CDF3   **    *      2 
AT3G55370 OBP3   **    *      2 
AT1G29280 WRKY65   *   *       2 
AT2G38470 WRKY33   *   *       2 
AT1G29860 WRKY71   *   *       2 
AT4G01540 NTM1   *    *      2 
AT1G51700 ADOF1   *    *      2 
AT2G37590 DOF2.4   *    *      2 
AT2G46590 DAG2   *    *      2 
AT3G14180 ASIL2   *    *      2 
AT3G21890 BBX31   *    *      2 
AT3G45610 DOF6   *    *      2 
AT4G21080 DOF4.5   *    *      2 
AT5G13180 ANAC083  

  *    *      2 
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 Total TFs per cluster 19 1 96 3 1 14 17 0 0 0 0 0  

 Genes in cluster 65 58 54 44 39 38 34 33 29 19 18 16  

 TFs per gene 0.29 0.02 1.8 0.07 0.03 0.37 0.50 0 0 0 0 0  

  
  Cluster Location of highest expression 
  1  Maturing Xylem 
  2  Pericycle/Phloem Pole Pericycle/Lateral Root 
  3  Columella 
  4  Assorted 
  5  Cortex 
  6  Phloem + CC 
  7  All Protophloem/Phloem[CC]/Hair Cell 
  8  Endodermis 
  9  Developing Xylem 
  10  Assorted 
  11  Assorted/Lateral Root 
  12  Assorted 
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Supplemental Figure 1. Cell-type clustering of whole genome. Cell type transcript 

abundance data from Brady et al. (2007) was normalized across each transcript so that 

maximum signal is 1 and lowest signal is 0, then clustered using k-means clustering. Data 

is shown for all genes represented on the Affymetrics microarray used for this analysis.  
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Table III. Number of TFs enriched in whole genome cell type clusters. Cluster total 

indicates number of TFs with target enrichment of logFC > 0, p < 0.05 

 Clusters enriched in TF targets 
 1 2 3 4 5 6 7 8 9 10 11 12 

Cluster total 10 37 10 107 194 77 18 8 22 196 49 111 
Genes in cluster 3292 2591 2456 2036 1983 1834 1821 1685 1556 1179 1163 1150 

TFs per gene 0.00 0.01 0.00 0.05 0.10 0.04 0.01 0.00 0.01 0.17 0.04 0.10 
             
 Cluster Location of highest expression 
 1  Xylem/Xylem Pole Pericycle 
 2  Developing Xylem 
 3  Xylem/Assorted 
 4  Hair Cell/Cortex 
 5  Phloem Pole Pericycle/Lateral Root 
 6  Assorted 
 7  Hair Cell/Developing Xylem/Assorted 
 8  Developing Xylem 
 9  Assorted 
 10  Columella 
 11  All protophloem/Phloem+CC/Phloem[CC] 
 12  Maturing Xylem 
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lateral roots, and cluster 12, which is expressed in the maturing xylem, had a relatively 

high number of TFs per gene (0.1) compared to the others (no higher than 0.04 TFs per 

gene). It should also be noted that the TF targets are less enriched in this entire genome 

developmental dataset than the ACC-regulated dataset described above. Additionally, this 

suggests that ethylene transcriptional networks in the columella may be of particular 

importance, which is logical given ethylene’s profound negative effects on root 

elongation, gravitropism, and lateral root development (Buer, Sukumar,  

and Muday 2006; Negi, Ivanchenko, and Muday 2008; Ruzicka et al. 2007; Swarup et al. 

2007). In particular, ethylene induces auxin synthesis and signaling (Muday, Rahman, 

and Binder 2012) and auxin maxima are found in this region of the root (Lewis et al. 

2011).  

 

Cell type clustering identifies additional candidate TFs for ACC regulation of root 

development 

 When we looked at the particular TFs enriched in ACC-responsive cell type 

clusters, we found some interesting candidate genes to mediate root ethylene responses. 

Many TFs were significantly enriched in targets in at least one cluster, with a smaller 

number enriched in multiple clusters. Only two TFs were enriched in three clusters: 

ANAC043 and ANAC096. ANAC043, also known as NAC SECONDARY WALL 

THICKENING PROMOTING FACTOR1 (NST1) has been implicated in thickening of 

secondary cell wall in flower tissues, suggesting it could also play a role in this process in 

the roots (Mitsuda et al. 2007; Zhang et al. 2018, 2020; Zhong and Ye 2015). ANAC096 

knockout mutants and overexpression lines have both shown that this TF mediates ABA-
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inhibited root elongation (Xu et al., 2013). This makes ANAC096 an interesting 

candidate as a mediator of ethylene’s effect on root elongation. 

In cluster 3, the columella cluster, target enrichment was found for several 

transcription factors. Interesting TFs include: RAVEN/IDD5, another BIRD TF involved 

in root tissue patterning (Moreno-Risueno et al., 2015); BEARSKIN 2 (BRN2) 

/ANAC070, which regulates maturation and shedding of the lateral root cap (Bennett et 

al., 2010; Kamiya et al., 2016); and several genes with mutant phenotypes that suggest 

involvement in root development, such as AtHB13, ANTHOCYANINLESS 2, and OBF-

BINDING PROTEIN 3 (Kubo et al. 1999; Kubo and Hayashi 2011; Silva et al. 2016; 

Ward, Cufr, Denzel, and Neff 2005; Ward, Cufr, Denzel, Galanti, et al. 2005). 

Clusters 1 and 8 had particularly striking transcript abundance patterns, 

containing a higher proportion of transcripts downregulated by ACC, which accumulated 

in the maturing xylem and endodermis, respectively. In cluster 1 we found target 

enrichment of several Vascular-Related NAC Domain (VND) genes, including VND1, 2, 

and 4. The VND TFs have been shown to regulate genes involved in secondary cell wall 

biosynthesis (Zhou et al., 2014), which is an important feature of xylem development (Ge 

et al. 2020). We again found BRN2/ANAC070, along with SOMBRERO/ANAC033 with 

targets enriched in cluster 1, both involved in lateral root cap development (Bennett et al., 

2010). There were no TFs with target enrichment in clusters 8 to 12, likely because of 

their small size. 

An additional layer of specification could be enabled by simultaneously clustering 

based on both localization and the direction of the hormone response. We split the cell 

type clusters into two sub-clusters each, classifying transcripts as either up-regulated or 
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down-regulated in response to ACC using the greatest absolute logFC across the time 

course, and ran these sub-clusters through TF DEACoN. Most of the sub-clusters had no 

significantly enriched TF targets, and none had enrichment that wasn’t already seen in the 

whole cluster. This is likely due to the small size of the sub-clusters. However, this could 

be an informative technique for larger sets of genes. 

 

TF DEACoN analysis leads to identification of a role for NAM in ethylene response  

One TF-encoding gene remained interesting through multiple lines of inquiry. 

This TF, called NAM (No Apical Meristem), because of its sequence similarity to a 

petunia TF that is required for shoot development, was ACC-responsive in our original 

time-course analysis (Harkey et al., 2018). Targets of this TF were enriched in the 

columella cell-type cluster 3, suggesting a role in root development. Lastly, when we 

looked for information about other TFs whose targets were enriched in the ACC time 

course clusters, we identified JKD. Using ChIP-Seq data, it was previously reported that 

JKD binds to NAM in roots (Moreno-Risueno et al., 2015).  

This led us to examine a nam T-DNA insertion mutant for ethylene response in 

roots. Both in the absence and presence of exogenous ACC, nam mutants had 

significantly more lateral roots than their wild-type counterparts, as shown in Figure 4A 

and B, as well as longer primary roots (Figure 4C). However, when lateral root density 

was calculated as lateral root number divided by primary root length, nam had higher 

lateral root density than wild-type plants, and the ACC-induced reduction in lateral root 

density was lost, suggesting a role for NAM in regulating ACC-inhibited lateral root  
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Figure 4. nam mutation affects lateral root development. Arabidopsis wild-type (Col-

0) and nam mutants were grown on MS media for 5 days, then transferred to either 

control media or media containing 1µM ACC and grown for an additional 5 days. All 

lateral roots and the entire primary root were quantified and used to calculate lateral root 

density as (number of lateral roots / primary root length). * p < 0.05 treatment compared 

to control within genotype; + p <  0.05 nam compared to Col-0, within treatment. 



192 
 

development. Figure 5 represents a summary of the NAM regulatory circuit within the 

ethylene responsive gene regulatory network. 

 

Discussion  

 Identification of transcription factors that control signaling and/or developmental 

responses is challenging because of the large number of putative TFs that still have no 

known function, and the fact that TFs which have already been characterized in one 

context may have additional roles in yet unknown contexts. Additionally, previously 

characterized TFs likely work in cooperation with other TFs whose function has not been 

previously described. For example, in ethylene signaling, EIN3 appears to primarily 

control up-regulated genes that respond to ethylene under all conditions, but many genes 

are down-regulated by treatments with ethylene or its precursor ACC, especially in roots 

of light-grown seedlings (Chang et al. 1993; Harkey et al. 2018, 2019). Techniques are 

needed to narrow down the list of potential regulators in a given context. We have 

developed a tool that utilizes existing data to make predictions about which TFs may be 

involved in an observed transcriptional response. This tool, TF DEACoN, uses TF 

binding data generated by DAP-Seq from the Plant Cistrome Database (O’Malley et al., 

2016) in much the same way that gene ontology (GO) enrichment uses gene annotations. 

Just as GO analysis asks if certain annotations are enriched in a query list of genes 

compared to the genome background, TF DEACoN asks if certain TF targets are enriched 

in the query genes compared to the whole genome. By applying this tool across all TFs 

for which this data is available, this process can be used as an in silico “screen” to 

identify candidate TFs which can then be tested by wet bench experiments. 
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Figure 5. Proposed ethylene transcriptional network in roots of light-grown 

seedlings. This proposed network shows potential roles for JKD and NAM coordinating 

with EIN3 in controlling lateral root development, as well as EIN3’s coordination with 

other TFs to control primary root elongation and root hair development and elongation. 

The number of TFs and other transcripts indicated with brackets come from the total a 

previously reported ACC-response network (Harkey et al. 2018).  
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 We have demonstrated that rather than using large groups of genes which respond 

to a treatment (in this case the hormone precursor ACC), but have disparate kinetics or 

tissue specific expression patterns, it is beneficial to split these genes into smaller clusters 

based on more defined and consistent expression patterns. Where some TF targets may be 

washed out in larger heterogeneous groups, breaking these groups down based on 

similarity in hormone response kinetics or spatial expression patterns can enrich genes 

which are targeted by a common TF. Localization information may be less useful on the 

scale of individual transcription factors, but may reveal patterns of TF control that are 

relevant for development and response to stimulus in specific cell types. With larger 

groups of genes with varied transcriptional responses, combining two types of clustering 

may refine the identification of TFs beyond clustering on a single parameter. 

 We have demonstrated how TF DEACoN may be used to form hypotheses about 

a particular process of interest. We clustered an existing dataset of root transcriptional 

responses to the ethylene precursor, ACC, using both the kinetics of this ethylene 

response and root cell type specific expression. This approach revealed ACC-response 

clusters that were enriched in binding targets of TFs, including JKD and RAVEN, 

multiple NACs including ANAC080/ANAC079/NAC4, MYBs such as MYB93, and 

NAM. It also revealed that group of 139 genes with consistent ethylene response in roots 

from 3 independent datasets also showed enrichment of the ethylene-response TF EIN3.  

The fact that only the up-regulated and not the down-regulated genes supports a role of 

EIN3 in a subset of these responses.  

When we examined these TFs from multiple approaches, NAM became the most 

interesting because there is evidence that places it downstream of ACC signaling, and 
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upstream of ACC-induced changes in gene expression. NAM transcripts are ACC-

responsive (Harkey et al., 2018) and NAM is a target of the TF JKD (Moreno-Risueno et 

al. 2015), with JKD targets enriched in two clusters of ACC-responsive genes. NAM’s 

targets are themselves enriched in columella-expressed ACC-responsive genes, consistent 

with JKD’s role in root development (Hassan, Scheres, and Blilou 2010) and suggest 

JKD and NAM may work together to modulate the ACC response. We characterized the 

root growth and developmental phenotypes of a nam mutant, revealing a role of the NAM 

TF in lateral root development and primary root elongation. This finding supports the 

utility of this method to detect TFs that control hormone response by identification of 

enrichment of binding targets in a group of co-expressed genes. The diagram in Figure 5 

summarizes this snapshot of a subset of the ethylene gene regulatory network in roots.  

Recently, another tool was developed which enabled a similar search for upstream 

regulators (Ran et al. 2020). The Plant Regulomics database includes a suite of tools, 

including the Binding Factor Enrichment tool, which uses a similar strategy to TF 

DEACoN. It differs in that it employs both the DAP-Seq dataset, but also a variety of 

ChIP-Seq datasets. When we ran clusters discussed here through Plant Regulomics, we 

found significant enrichment of the same TFs as those given by TF DEACoN, though the 

adjusted p-value differed as they used a different statistical test (Plant Regulomics 

employs a modified Fisher’s exact test) and performed a higher number of comparisons 

since they included ChIP-Seq data. In our experience, TF DEACoN returns results 

significantly more quickly. We believe these are complementary tools and highlight the 

simplicity of TF DEACoN, enabling rapid analysis of multiple clusters as demonstrated 

here, in comparison to the multifunctionality and complexity of Plant Regulomics.  
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Here we reveal the combined benefits of clustering genes based on the temporal 

responses to perturbations and developmental patterns to obtain additional information 

about regulators that cannot be seen when a larger group of genes is searched on either 

interface. This suggests an area of future improvement for TF DEACoN to incorporate 

these additional layers of information, which could be implemented in two ways. First, 

datasets that are likely to have broad appeal, such as those involving circadian rhythm 

(Michael et al. 2008), response to stresses, or cell type expression patterns could be built 

into TF DEACoN. Users could choose a dataset to use for clustering their genes, and the 

tool would automatically sort their gene list into groups based on this data and then run 

the TF target enrichment analysis on these groups individually. Second, the option to 

provide cluster numbers for each gene in the query list would enable users to pre-cluster 

their list of genes on whatever criteria or data they may find interesting, and then feed 

these clusters into TF DEACoN so that it performs the TF target enrichment analysis on 

each user identified cluster separately, but simultaneously. 

 Other directions for further development of TF DEACoN include the addition of 

datasets beyond DAP-Seq, such as ChIP-Seq and RNA-Seq. While these datasets do have 

their limitations for broad application to many experimental questions, they could prove 

useful for other researchers with similar interests. For example, in the case of NAC4 

described above, RNA-Seq of samples isolated from root protoplasts overexpressing 

NAC4 revealed increased transcripts which are either direct or downstream of NAC4 

targets (Brooks et al., 2019). Even though these transcripts did not align perfectly with 

NAC4 targets revealed by DAP-Seq, they did reveal enrichment of NAC4 targets in the 

same clusters of genes as the DAP-Seq data. Confirming results by multiple datasets can 
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further narrow down TFs of interest. These additions could extend the usefulness of TF 

DEACoN to a wide variety of researchers in the plant community. 

In summary, we have produced a tool which enables researchers to make use of 

public data to generate hypotheses about transcriptional regulators of their process of 

interest and shown how refining lists of target genes based on patterns of expression can 

strengthen these predictions. We have applied these methods to investigate transcriptional 

networks downstream of ethylene signaling in Arabidopsis roots, and demonstrated their 

utility by identifying multiple candidate TFs from groups of genes clustered based on 

response to ACC and based on cell type expression. We report the confirmation of one of 

these predicted TFs, NAM as, a previously unknown regulator of root development. 

 

Methods 

TF DEACoN Development 

The tool “TF Discovery by Enrichment Analysis of Co-expression Networks” (TF 

DEACoN, a nod to the Wake Forest University mascot) was developed using R Shiny 

(Chang et al., 2020) and the shinyBS package (Bailey, 2015), and is shared under an open 

source license at https://github.com/aharkey/TFDEACoN. 

 

Datasets used in analysis 

The DAP-Seq dataset (O’Malley et al., 2016) was downloaded from 

http://neomorph.salk.edu/dap_web/pages/browse_table_aj.php; the raw data is available 

at GEO (Barrett et al., 2013), accession number GSE60143. The ACC time course data is 

available as a supplemental file (Harkey et al., 2018), as well as at GEO, accession 
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number GSE84446. The cell type specific dataset was downloaded from http://www-

plb.ucdavis.edu/labs/brady/software/BradySpatiotemporalData/, and is also available on 

GEO, accession number GSE8934. 

 

Phenotypic analysis 

Arabidopsis (Arabidopsis thaliana) Col-0 seeds were purchased from Lehle Seeds. 

The nam mutant was obtained from the Arabidopsis Biological Resource Center, stock 

number WiscDsLox364F11 / CS852962, donated by Patrick Krysan, Michael Sussman, 

and Rick Amasino. The mutant was genotyped using PCR and only plants homozygous 

for the insertion in the NAM gene were used for experiments. 

Plants were grown on 1× Murashige and Skoog medium (Caisson Laboratories), 

pH 5.6, Murashige and Skoog vitamins, and 0.8% agar, buffered with 0.05% MES 

(Sigma), and supplemented with 1% Suc. After stratification for 48 h at 4°C, plants were 

grown under 100 µmol m−2 s−1 continuous cool-white light. Wild-type and mutant 

plants were grown on control medium for 5 d and then transferred to control and 1 µm 

ACC-containing media. Five days later, seedling images were captured with Olympus 

SZ40. Primary root growth was measured using Fiji (Schindelin et al. 2012), and the 

number of emerged lateral roots was quantified manually, and lateral root density was 

calculated as lateral root number divided by primary root length individually for each 

plant. 
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Abstract 

Ethylene signaling is mediated by a family of five ethylene receptors, with 

specific receptors tied to ethylene response in distinct tissues or physiological responses. 

We have previously shown that in light-grown seedlings, ETR1 is the primary receptor 

needed for root responses to elevated ethylene, including induction of root hair formation 

and inhibition of primary root elongation and lateral root formation, upon treatment with 

the ethylene precursor, 1-aminocyclopropane-1-carboxylic acid (ACC). ACC and 

ethylene treatment trigger a cascade of transcriptional responses, but they may not all 

function to modulate root development. To define the transcriptional network that is tied 

to ETR1 function in ethylene-modulated root development, we performed an RNA-Seq 

experiment with light-grown Arabidopsis roots with wild type (Col-0), gain of function 

(etr1-3), and loss of function (etr1-7) alleles of ETR1. We treated with 0.3 ppm ethylene 

or 1 μM ACC for 1, 4, or 24 hours to identify transcriptional events that are induced by 

either or both treatments and to define transcriptional responses to ACC that are mediated 

by its conversion to ethylene. We identify over 8,000 transcripts as differentially 

expressed (DE) in one of these treatments and/or genotypes, including 4,522 regulated by 

ethylene or ACC treatment in Col-0, with 977 regulated by both. 71% of the ACC 

transcripts are also regulated by ethylene, and most transcripts which were identified as 

DE in one treatment but failed the p-value or logFC cutoffs in the other show the same 

trends in both treatments. These results are consistent with ACC’s transcriptional effect 

being dependent on its conversion to ethylene in roots of light-grown seedlings. To 

identify ETR1-dependent and -independent responses, we separated transcriptional 

responses based on their patterns across all three genotypes. We identify a group of 533 
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transcripts that are ETR1-dependent (not induced in ethylene insensitive etr1-3 and 

constitutively induced in etr1-7), and regulated by either ACC or ethylene treatment, with 

70 of these regulated by both. ETR1-dependent responses include transcripts encoding 

members of the ethylene signaling pathway, while ETR1-independent responses are 

enriched in transcripts encoding genes involved in root hair development, consistent with 

ACC effects on root hair initiation still seen in etr1-7 mutants. These results and this 

dataset provide new insight into the ETR1-mediated ethylene response in roots of light-

grown plants. 
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Introduction 

Ethylene is a gaseous plant hormone which modulates development across the 

plant life cycle, from seed germination to senescence, and also controls responses to both 

biotic and abiotic stresses (Abeles, et al. 1992; Van de Poel et al. 2015). In young, 

etiolated seedlings ethylene induces the triple response: reduced hypocotyl elongation, 

thickening of the hypocotyl, and exaggeration of the apical hook. This triple response has 

been the basis of mutant screens in Arabidopsis thaliana that have identified key 

components of the ethylene signaling pathway resulting in the isolation of mutants with 

ethylene insensitive and constitutive ethylene signaling phenotypes (Schaller and Kieber 

2002). This screen identified a family of receptor proteins, which includes Ethylene 

Response 1 (ETR1), ETR2, Ethylene Insensitive 4 (EIN4), and two proteins with 

sequence similarity to these other receptors, ERS1 and ERS2 (Chang et al. 1993; Schaller 

and Bleecker, 1995; Hua and Meyerowitz, 1998; Sakai et al. 1998). These receptors 

regulate the activity of a kinase, Constitutive Triple Response1 (CTR1), which 

phosphorylates EIN2 to repress the signaling pathway in the absence of ethylene. When 

ethylene is elevated it binds to its receptor(s), which turns the receptor off, so that CTR1 

is no longer active to inhibit signaling through EIN2 (Kieber et al. 1993; Alonso et al. 

1999; Huang et al. 2003; Qiao et al. 2009). The C-terminus of EIN2 is then 

proteolytically cleaved and relocates to the nucleus, where it activates EIN3 and EIN3-

like transcription factors (An et al. 2010). Downstream of the EIN3-like family are 

additional transcription factor families, ethylene response factors (ERFs) and ethylene 

response DNA-binding factors (EDFs), which contribute to downstream transcriptional 
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responses. Yet EIN3 and downstream targets are unlikely to mediate all the ethylene-

modulated transcriptional responses. 

By virtue of ethylene’s important role in a multitude of plant processes, the 

ethylene biosynthetic and signaling pathways have been well studied (Merchante et al. 

2013). Ethylene is synthesized from S-Adenosylmethionine (SAM), which is then 

converted to 1-aminocyclopropane-1-carboxylic acid (ACC) by ACC synthase (ACS) 

(Adams and Yang 1979; Boller et al. 1979). ACC is directly converted by ACC oxidase 

(ACO) to form ethylene (Houben and Van de Poel 2019). Exogenous applications of 

either ACC or ethylene have been used to study the effects of ethylene on plant growth 

and development (Le et al. 2005; Seo and Yoon 2019; Smalle et al. 1997).  

In roots of light-grown Arabidopsis seedlings, ethylene and ACC remodel root 

architecture by reducing root elongation and lateral root formation, while inducing 

initiation and elongation of root hairs (Tanimoto et al. 1995; Rahman et al. 2002; Seifert 

et al. 2004; Ivanchenko et al. 2008; Negi et al. 2008, 2010). Recent research has 

suggested that in some developmental contexts, high concentrations of ACC may also act 

as a signal independent of its conversion to ethylene (Polko and Kieber 2019; 

Vanderstraeten et al. 2019), because the ACO enzyme becomes rate limiting (Houben 

and Van de Poel 2019). However, ACC effects on root development (at doses of 1 µM or 

less) in light-grown plants are lost in ethylene insensitive mutants including etr1-3 and 

ein2-1, consistent with ACC signaling after conversion to ethylene (Harkey et al. 2018). 

The core ethylene signaling pathway is expressed across tissue, developmental 

stage, and environmental conditions, but there are numerous physiological responses 

which are context-dependent. For example, ethylene has opposite effects on hypocotyl 
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elongation in light- and dark-grown seedlings, with increased elongation in light and 

decreased elongation in the dark, and this is in part explained by light-dependent 

regulation of EIN3 turnover (as reviewed in Harkey et al. 2019). The root ethylene 

response also reveals context-dependent roles for the EIN3-like family of transcription 

factors. While EIN3 is required for changes to hypocotyl growth (Chao et al. 1997; 

Smalle et al. 1997), in roots the necessity of EIN3 is light-dependent. In dark-grown 

seedlings, ein3 eil1 double mutants are completely insensitive to ethylene (Alonso et al. 

2003), whereas in light-grown seedlings, these same mutants still exhibit ethylene effects 

(Harkey et al. 2018). This is also reflected in transcriptional data; across multiple light 

growth conditions, EIN3 primarily binds to classic ethylene response genes, and less so 

to context-specific ethylene response genes (Harkey et al. 2019). 

 Tissue- and context specificity of the ethylene response also arises from the 

subfunctionalization of the ethylene receptors. The five Arabidopsis ethylene receptors 

do not all play equal roles in different ethylene responses (reviewed by Shakeel 2013), in 

part due to differences in structure and dimer formation (Berleth et al. 2019). For 

example, ETR1 positively regulates nutational bending (Binder et al. 2006), while the 

other four receptors negatively regulate this process (Kim et al. 2011).  

In roots, ETR1 is predominantly responsible for ethylene’s inhibition of lateral root 

formation and primary root elongation, and stimulation of root hair development (Harkey 

et al. 2018). Treatments with ethylene or ACC inhibit primary root growth and lateral 

root development, but stimulate root hair growth (Negi et al. 2008; Tanimoto, et al. 1995). 

Lateral root developmental changes are completely dependent on ETR1, as the GOF and 

ethylene insensitive mutant, etr1-3 shows no ACC-inhibition of  lateral root development, 
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and the LOF etr1-7 mutant, which exhibits constitutive ethylene signaling, has lower 

numbers of lateral roots than wild-type with no changes in response to ACC treatment. 

The dependence on ETR1 is less complete for the inhibition of primary root elongation 

and the stimulation of root hair formation. Although etr1-3 roots remain long and form 

fewer root hairs in the presence of ACC and etr1-7 roots are constitutively shorter with 

proliferation of root hairs, both of these mutants show some weak ACC effects on 

primary root elongation and root hair formation. This detailed insight into the function of 

the ETR1 receptor in controlling root ethylene responses provides the framework for a 

new RNA-Seq dataset.  

 To link ethylene transcriptional responses to receptors that control the response, 

we have performed an RNA-Seq analysis using ETR1 gain of function (GOF) and loss of 

function (LOF) mutants (etr1-3 and etr1-7, respectively) in the absence and presence of 

ethylene or ACC treatment. We find over 8,000 transcripts that are regulated by these two 

hormones, with more transcripts decreasing in abundance than increasing in response to 

both ACC and ethylene treatment. The number and magnitude of transcript abundance 

changes were greater in response to ethylene than ACC in all genotypes, with very few 

transcripts induced by ACC and not ethylene. We identified a core set of ethylene and 

ACC responsive transcripts that are ETR1 dependent, as determined by loss of response 

in the ethylene-insensitive etr1-3 mutant and constitutive induction in the etr1-7 mutant. 

The majority of these ETR1-dependent transcripts are positively regulated by treatments. 

We also identified transcripts whose synthesis is partially depending on ETR1, with more 

complex responses in the etr1-3 and etr1-7 mutants. Both ACC and ethylene show 

transcriptional responses for genes relating to root development and negative regulation 
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of the ethylene signaling pathway, consistent with ACC operating primarily through the 

ethylene signaling pathway in roots.   

 

Results 

RNA-Seq experimental design was informed by a previous microarray study 

We previously performed a high-resolution time course microarray analysis of 

ACC-treated wild-type (Col-0) Arabidopsis roots (Harkey et al. 2018), in which we 

examined ACC response after 0.5, 1, 2, 4, 8, 12, and 24 hours of treatment. This high-

resolution kinetic analysis provided insight into the timing of transcriptional responses to 

ACC, and our original statistical filtering took advantage of this dense dataset by 

accounting for the consistency of response over time. This analysis revealed a diversity of 

transcriptional response but did not provide insight into the ethylene signaling machinery 

that was required for these transcriptional responses. 

We used this time course to select the most important time points for an RNA-Seq 

experiment, which would include a number of genotypes and treatments with both 

ethylene and ACC, the ethylene precursor. The goal was to identify which time points 

would still enable the detection of the most unique differentially expressed (DE) genes. 

We used R (R Core Team 2014) with limma (Ritchie et al. 2015) to analyze the 

microarray data to find DE genes for each individual time point compared to time zero. 

We then found the overlap of genes for each pair of time points. Figure 1A graphically 

illustrates the results of this analysis. For each column, the percentage of DE genes at that 

time point that are also DE in the overlapping time point is shown. The number of genes 

in each overlap used to calculate the percentages can be seen in Figure 1B. For example,  



221 
 

 

Figure 1. Time point overlap of ACC-response microarray dataset. A) The 

percentage of differentially expressed (DE) transcripts in one time point (column) which 

are also DE in the overlap time point (row). The total number of DE transcripts in each 

time point is shown in parentheses under the column time point labels. B) The number of 

transcripts in the time point overlap of ACC-response microarray dataset. The number of 

differentially expressed (DE) transcripts in one time point (column) which are also DE in 

the overlap time point (row). 
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the 2-hour time point showed considerable overlap with the 4-hour time point; 87% of all 

2-hour DE genes were also DE at 4 hours. The reverse comparison of the 4-hour genes 

that were also DE at 2 hours yielded only 33% of the 4 hour genes that were DE at 2 

hours because there were more DE genes in this 4 hour sample. Therefore, the 4-hour 

time point identified nearly all the same DE genes as the 2-hour time point, as well as 

many more unique genes, so we selected the 4-hour time point over the 2-hour for this 

RNA Seq analysis. Two additional overlapping groups were identified in this analysis, 

with the 4- and 8-hour time points and the 12- and 24-hour time points also exhibiting 

overlap, but with greater numbers of transcripts in the 4 and 24 hour samples, 

respectively. Given this distribution, we chose to perform RNA-Seq using samples 

treated with ACC and ethylene at 4 time points: 0 (the control), 1 hour (to monitor rapid 

responses), in addition to these 4 and 24 hours treatments. 

 

Ethylene and ACC treatment have similar ETR1-dependent developmental effects on 

Arabidopsis roots 

 We have previously shown that ACC has ETR1-dependent effects on root growth 

and development with some developmental responses, such as lateral root inhibition, 

more tightly linked to the function of this receptor (Harkey et al. 2018). In the present 

study, we compared transcriptional responses to ACC and ethylene to detect ETR1-

dependent and -independent pathways responsible for these phenotypes. To select a 

concentration of ethylene treatment that has equivalent developmental effects as the 1 

µM ACC concentration used in our previous microarray, we performed a dose-response 

assay on Col-0 roots treated with varying concentrations of ethylene. We used the  
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proliferation of root hairs as the measure to find a dose of ethylene with a similar effect at 

24 hours of treatment to the 1 µM dose of ACC (Figure 2) (Harkey et al. 2018). Root hair 

proliferation was induced at concentrations of 0.3 ppm of ethylene and higher, with 

induction that was comparable to 1µM ACC treatment. Therefore, we selected 0.3 ppm 

for the ethylene treatment for this RNA-Seq analysis. 

 

RNA-Seq preparation and quality control 

 We grew Col-0, etr1-3, and etr1-7 seedlings for 5 days in light on a nylon mesh 

filter placed on top of 1X MS media in a petri dish. The filter with seedlings was then 

transferred to a petri dish containing control medium (for all 0 hr treatments), then roots 

were immediately harvested for controls. For ethylene treatment samples on control 

medium were transferred to a constant-flow chamber containing 0.3 ppm ethylene in air 

for a period of 1, 4, or 24 hours after which roots were harvested. For ACC treatments, 

filters were transferred to media containing 1 µM ACC for a period of 1, 4, or 24 hours 

and then roots were harvested. All treatment groups had three biological replicates. ACC-

treated samples were grown and harvested at Wake Forest University and ethylene-

treated samples were grown and harvested at the University of Tennessee Knoxville 

utilizing a gas flow-through system to treat with constant levels of ethylene gas. The 

same researchers prepared both sets of samples and identical reagents and light 

treatments were used in both laboratories. Time 0 controls were prepared in both 

locations to account for any location-specific effects on baseline expression. All 72 root 

samples were used for RNA extraction. Library preparation and RNA sequencing were  
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Figure 2. ACC and ethylene both induce root hair proliferation. A) Five-day old 

seedlings were treated with the indicated dose of ethylene for 24 hours. B) Five-day old 

seedlings were treated with ethylene or ACC for 24 hours, indicating that 0.3 μM 

ethylene treatment induces root hair proliferation to the same extent as treatment with 1 

μM ACC.   
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performed by GENEWIZ (South Plainfield, NJ). After quality control steps, which were 

performed as described in the Methods section, RNA reads were mapped to the 

Arabidopsis genome using TAIR10 and reads were called for each transcript using 

Salmon (Patro et al. 2017).  

 

Principal component analysis provides insight into patterns of response 

Principal component analysis (PCA) was used to examine patterns of variance 

between samples. PCA plots were created using the 1000 genes with the most variance 

between samples. Figure 3A shows the PCA plot for all samples. The X-axis reports PC1, 

which is variation that reveals patterns that highlight differences between genotypes; 

etr1-7 in particular is distinct from the other two genotypes. The Y-axis reports PC2, and 

when the distribution of samples is examined across this axis there is a clear difference 

between ethylene-treated samples than those treated with ACC, at time points other than 

0.  In contrast the ethylene time 0 (control) samples clustered with the ACC time 0 

samples. However, one Col-0 control separated from other controls along this axis, which 

led us to separate the genotypes to further investigate differences within genotypes.  

We generated a PCA plot using just the Col-0 samples (Figure 3B). This more 

clearly revealed that one ethylene time 0 control did not cluster with the 5 other control 

samples. This single sample showed separation on the PC1 axis, which represents nearly 

50% of the variance across all the Col-0 samples. This sample was found to have the 

lowest RNA yield of all samples prepared. Therefore, we removed this sample from the 

rest of our analyses and regenerated a new PCA plot without it present. 
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Figure 3. Principal component analysis of the 1000 most variable genes across all 

samples. A) This PCA plot contains all 72 samples on a single plot. B) PCA plot of all 

Col-0 samples. The outlier control is indicated by an arrow. 
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PCA plots were generated for each genotype individually (Figure 4). To better highlight 

the groups revealed by this analysis, circles were drawn that represent the 80% 

confidence interval for each time point. The Col-0 control samples (black symbols) 

grouped together tightly, after the removal of the outlier sample (Figure 4A). Two control 

samples of etr1-7 also appeared to cluster separately from the other four control samples 

(Figure 4C) but were separated by a smaller distance on a PC1 axis which accounts for 

only 36% of the variance in all etr1-7 samples. Therefore, these two samples were 

retained in these analyses. 

We used the three genotype-specific plots (Figure 4) to access whether there is 

variation between the type and duration of treatments. All three plots showed separation 

of ACC and ethylene samples across the PC1 axis. Meanwhile, the PC2 axis separated 

samples by time of treatment, regardless of the treatment itself, generally moving from 

time 0 at the bottom of the plot to time 24 hours at the top of the plot. The variation was 

greater in Col-0 in both PC1 and PC2 consistent with maximal ACC and ethylene 

responses in this wild-type line as compared to the dampened hormone response in the 

ETR1 mutant genotypes. In etr1-3 and etr1-7, the control and 1 hour time points showed 

limited differences, with the similar responses in etr1-7 extending to all time points with 

ACC treatment and all but the 24 hour time points with ethylene. These patterns 

suggested that treatment time accounts for the largest variance after genotype, but after 

these treatment differences are accounted for, the samples at each time point were more 

similar to each other than to samples of different time points but the same treatment. 
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Figure 4. Principal component analysis. PCA plot of A) Col-0 (with the outlier sample 

removed), B) etr1-3, and C) etr1-7 samples. Circles represent 80% confidence intervals 

for each time point. 
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Sample-wise comparison heatmaps reveal patterns in the data 

Sample-wise comparison heatmaps were also generated to look for broad patterns 

in the data. Plots of Pearson’s correlation (Figure 5) and of Euclidean distance (Figure 6)  

were generated after hierarchical clustering (Figure 5A and 6A) and ordered manually by 

genotype, then time point, then treatment (Figure 5B and 6B). The scale of the Pearson’s 

correlation plots suggest that overall samples were highly similar, as all correlation 

values are 0.94 or higher, representing a 94% similarity. However, some differences were  

seen in both plots. The etr1-7 samples tended to cluster primarily with one another, 

consistent with etr1-7’s expected constitutive response, while Col-0 and etr1-3 samples 

were interspersed with one another, especially in the absence of treatment or at early time 

points after treatment.  

To provide additional insight into these patterns we prepared manually arranged 

plots in which the samples were grouped by genotype and then the response to ACC and 

ethylene were arranged by time within each genotype. The Col-0 and etr1-3 comparisons 

showed substantial similarity (red regions), which differ from the etr1-7 samples, which 

showed lower correlation when compared to either Col-0 or etr1-3. This separation of 

etr1-7 from Col-0 and etr1-3 was striking, but another pattern also emerged. Replicate 3 

of the ethylene treated samples were consistently different from their matching samples 

in other replicates, leading to a regular “striping” pattern. This was most obvious in Col-0, 

slightly less so in etr1-3, and although more subtle, also evident in etr1-7. This suggested 

that this third replicate may have had some difference in part of the process such as 

treatment, sample collection, or sequencing that changed its composition. 
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Figure 5. Pearson’s correlation matrix of all samples. A) Samples were compared in a 

pair-wise manner using Pearson’s correlation, and clustered on this metric. B) The 

samples were sorted by genotype and treatment, which highlights samples that differ 

from other replicates from the same genotypes and treatment times.  
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Figure 6. Euclidean distance correlation matrix of all samples. A) Samples were 

compared in a pair-wise manner using Euclidean distance, and clustered on this metric. B) 

The samples were sorted by genotype and treatment, which highlights replicates that 

differ from the same genotypes and treatment times.  
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Comparison of controls prepared in different locations shows minimal difference 

To account for any differences in samples prepared in two different locations, we 

first compared the controls from each location for each genotype. The PCA analysis 

suggested that the Col-0 controls had one outlier. We ran differential expression analysis 

to look for differences in transcripts between locations with all six Col-0 control samples 

(three from each location) and with the outlier sample removed. When all 6 samples were 

included 693 genes were found to be differentially expressed (DE) between the ACC and 

ethylene controls performed at these two locations (Table I, adjusted p-value < 0.01, 

|logFC| >0.5). When the outlier sample identified by the PCA plot was removed from the 

analysis, only 34 genes were found to be DE between the Col-0 samples. This removal 

also affected the model generated by DESeq2, and therefore affected the etr1-3 and etr1-

7 comparisons slightly, but not greatly. In the model with the outlier Col-0 removed, 121 

and 763 genes were DE in etr1-3 and etr1-7, respectively. The etr1-7 time 0 samples had 

more DE genes than is ideal, but these two controls were quite different than other 

samples (as evident in the PCA analysis in Figure 4C), which suggested that this is a 

character of 2 samples rather than a difference samples because of location.  Since the 

controls for Col-0 and for etr1-3 were well matched between the two locations we 

decided to combine untreated control samples for each genotype to use as the baseline for 

comparisons for the remainder of the analysis.  
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Table I. Genes differentially expressed between controls. 

Genotype With all 6 Col-0 With outlier removed 

Col-0 683 34 

etr1-3 137 121 

etr1-7 997 763 
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Ethylene treatment stimulates more dramatic transcriptional changes than ACC 

treatment in Col-0 

To get a global sense of how abundance of transcripts were affected by ACC and 

ethylene treatment, we examined this response in Col-0. For both treatments, every time 

point was compared back to the same set of combined Col-0 controls, defined above. We  

plotted the number of transcripts as a function of their logFC using those transcripts with 

a significant adjusted p-value < 0.01 in a density plot (Figure 7).  From the earliest time 

points, the plots were bimodal, one group of transcripts that increased in abundance, and 

another that decreased in abundance as a result of these treatments. This pattern is found 

in response to ethylene and ACC, although there were both larger numbers of DE 

transcripts and greater magnitude changes in ethylene than in ACC treatment, especially 

at 1 hour. Both treatments result in more down-regulated genes than up-regulated, except 

for treatment with ACC for 1 hour. These ACC responses were similar in time and 

distribution to our previous microarray study (Harkey et al. 2018). In all treatments and 

time points, the two peaks were centered on or near -0.5 and 0.5 logFC. To identify genes 

with the most robust changes, we focused our analysis of genes with a logFC cutoff of 

>|0.5| for the following analyses, but also performed some preliminary experiments with 

a cutoff of logFC of >|0.25|.  

Using this logFC cutoff of >|0.5|, we compared each time point for each treatment 

and genotype to the Col-0 control, and found 8,323 transcripts that were DE (adjusted p-

value < 0.01, |logFC| > 0.5) in at least one of these comparisons. A heatmap displaying 

the changes in abundance of these transcripts in these three genotypes (Col, etr1-3, and 

etr1-7) in response to ACC or ethylene treatment is shown in Figure 8. Note that all  
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Figure 7. Density plot of logFC distributions in Col-0 samples. Density plot reporting 

the number of transcripts across a range of logFC values for each treatment and time 

point in Col-0 samples. logFC is relative to Col-0 control (time 0). For each treatment 

and time point, only transcripts with an adjusted p-value < 0.01 are shown; no logFC 

cutoff was used. 
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Figure 8. Transcripts that are differentially expressed across at least one genotype, 

time point, and/or treatment. The 8,323 transcripts that are DE in at least one of the 

represented groups in comparison with Col-0 control with |logFC| > 0.5 and adjusted p-

value < 0.01. logFC for all columns is relative to Col-0 control (time 0) samples. 
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logFC values represented here were relative to Col-0 time zero, to accurately reflect the 

changes in baseline levels in etr1-7. One overall pattern that was seen is that many 

ethylene responses are more intense than responses to ACC in both Col-0 and etr1-7, 

which was consistent with the density plot. To examine this pattern more clearly, we next 

inquired specifically about the transcripts with an ethylene or ACC response in Col-0.  

Transcripts that were DE in at least one Col-0 sample (|logFC| > 0.5, adjusted p-

value < 0.01) were reported based on their response to ethylene and ACC (Figure 9). 

These transcripts represent 4,522 of the total 8,323 transcripts described above. More 

transcripts responded to ethylene treatment with a greater magnitude response than to 

ACC treatment, though many genes responded the same to both treatments: 1493 and 

1657 genes were down- or up-regulated (respectively) by ethylene only, and 182 and 213 

genes were down- or up-regulated by ACC only. With this cutoff, strikingly, only 16 

genes had opposite responses to the two treatments: 3 were down in ethylene and up in 

ACC, and 13 were up in ethylene and down in ACC. 

The heatmap in Figure 9 suggested that perhaps the logFC filter was eliminating 

transcripts that responded to ACC, but more weakly than ethylene. As the density plots 

showed, many transcripts have an |logFC| between 0.25 and 0.5, so we examined these 

responses using a less stringent cutoff. When the logFC cutoff was changed to > |0.25|, 

we identified 7,104 DE genes in at least one comparison of ethylene and ACC in Col-0, 

compared to 4,522 with a logFC cutoff of > |0.5|. Regardless of cutoff, the ratio of 

ethylene-only genes to ACC-only genes remained high, with approximately 20% of genes 

regulated in both, 70% in ethylene only, and 10% in ACC only. Therefore, we continued 

using the 0.5 cutoff.  
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Figure 9. Transcriptional responses to ethylene and/or ACC treatment. A) All 

transcripts which are DE in at least one Col-0 sample treated with ethylene or ACC with 

|logFC| > 0.5 and adjusted p-value < 0.01. logFC for all columns is relative to Col-0 

control (time 0) samples. B & C) Transcripts which are DE in at least one time point for 

both ethylene and ACC, with a B) negative or C) positive logFC. 
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This analysis also revealed 504 and 457 transcripts that were up- or down- 

regulated, respectively, by both ACC and ethylene, whose pattern was shown in Figure 

9C and D. One pattern that became apparent was that for transcripts whose abundance 

decreases after both treatments, the 1 and 24 hour ACC treated samples did not respond 

as strongly as the time-matched ethylene-treated samples, while in the 4 hour ACC 

treatment, a number of transcripts changed more dramatically than time-matched 

ethylene treatment. This pattern of highest logFC at the 4 hour time point was also 

apparent in the transcripts which are only DE in ACC treatment, and for all transcripts 

represented in Figure 8. 

 

Transcripts regulated by ethylene and/or ACC are enriched in functions related to root 

development  

 To learn about conserved function of gene products whose synthesis was 

regulated by ACC and ethylene, we performed a gene ontology (GO) enrichment analysis. 

We used AgriGO (Du et al. 2010; Tian et al. 2017) to analyze the groups of ethylene- and 

ACC-responsive transcripts for enriched GO annotations (Table II). Transcripts that were 

down-regulated in either treatment were enriched in annotations such as lignan 

biosynthetic process and cell wall loosening, while the more specific group of genes that 

were down-regulated only after ethylene treatment were enriched in secondary cell wall 

biogenesis, plant-type cell wall organization, and lignin metabolic process, which is not 

surprising given the importance of cell wall remodeling for cell expansion in root tip 

growth, lateral root emergence, and root hair development.  
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Table II. GO annotations enriched in genes responsive to ethylene and/or ACC in 

Col-0 

GO Term 
# of 
genes p-value FDR 

Up in both treatments       

regulation of transcription, DNA-dependent 36 7.80E-09 5.00E-07 

response to chitin 14 1.20E-08 5.70E-07 

regulation of gene expression 50 1.10E-06 2.60E-05 

negative regulation of two-component signal transduction 
system (phosphorelay) 5 1.70E-06 3.60E-05 

negative regulation of ethylene mediated signaling 
pathway 5 1.70E-06 3.60E-05 

response to auxin stimulus 16 1.30E-05 0.00025 

lipid localization 5 2.10E-05 0.00039 

response to oxidative stress 14 7.40E-05 0.0013 

response to osmotic stress 14 0.00056 0.0095 

defense response to bacterium 8 0.0017 0.027 

defense response, incompatible interaction 7 0.0021 0.034 

response to external stimulus 13 0.0025 0.04 

nitrogen compound metabolic process 65 0.0027 0.042 

        

Down in both treatments       

lipid transport 14 9.5E-08 0.000016 

hyperosmotic salinity response 7 0.000014 0.0011 

response to cold 16 0.000014 0.0011 

response to water deprivation 13 0.00002 0.0013 

response to abscisic acid stimulus 17 0.00002 0.0013 

response to nematode 7 0.000066 0.0029 

phenylpropanoid biosynthetic process 9 0.00016 0.0064 

response to oxidative stress 14 0.0002 0.0076 
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unidimensional cell growth 10 0.00027 0.0094 

glycolysis 5 0.0013 0.028 

terpenoid metabolic process 7 0.0018 0.036 

        

Up in ethylene only       

chlorophyll biosynthetic process 19 1.3E-11 1.7E-09 

cofactor biosynthetic process 33 2.7E-10 2.8E-08 

chloroplast organization 20 1.1E-09 1.1E-07 

response to high light intensity 16 3.8E-08 3.4E-06 

lipid localization 11 9.7E-08 8.1E-06 

photosynthesis, light harvesting 11 1.8E-07 0.000014 

protein folding 34 2.5E-07 0.000018 

response to red light 17 2.9E-07 0.00002 

carbon fixation 9 3.9E-07 0.000027 

photosynthetic electron transport in photosystem I 10 5.5E-07 0.000034 

response to cold 37 5.9E-07 0.000036 

response to blue light 15 1.7E-06 0.000089 

embryonic development ending in seed dormancy 45 1.9E-06 0.000097 

regulation of photosynthesis, light reaction 8 2.4E-06 0.00012 

photosystem II assembly 7 2.8E-06 0.00014 

response to far red light 13 5.2E-06 0.00024 

protein import into chloroplast thylakoid membrane 6 0.000011 0.00049 

response to other organism 49 0.000043 0.0017 

response to hydrogen peroxide 11 0.000058 0.0023 

defense response 58 0.000068 0.0026 

thylakoid membrane organization 7 0.00018 0.0062 

carotenoid biosynthetic process 8 0.00024 0.0075 

positive regulation of development, heterochronic 5 0.00025 0.008 

heat acclimation 6 0.00045 0.013 
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vitamin K biosynthetic process 5 0.00049 0.014 

positive regulation of nitrogen compound metabolic 
process 11 0.0005 0.014 

isopentenyl diphosphate biosynthetic process, 
mevalonate-independent pathway 5 0.00066 0.018 

positive regulation of gene expression 10 0.00082 0.022 

positive regulation of transcription 10 0.00082 0.022 

positive regulation of cellular biosynthetic process 11 0.00091 0.023 

xanthophyll metabolic process 5 0.0014 0.034 

RNA metabolic process 98 0.0017 0.039 

        

Down in ethylene only       

protein amino acid phosphorylation 76 1.5E-08 4.7E-06 

oligopeptide transport 17 1.5E-08 4.7E-06 

secondary cell wall biogenesis 9 5.2E-07 0.000089 

glycoside metabolic process 18 7.2E-07 0.0001 

plant-type cell wall organization 15 2.2E-06 0.00026 

root hair cell differentiation 10 0.000033 0.0021 

cell wall polysaccharide metabolic process 6 0.000068 0.004 

transmembrane receptor protein tyrosine kinase signaling 
pathway 16 0.00027 0.012 

glucosinolate metabolic process 10 0.00034 0.014 

cell tip growth 11 0.00055 0.02 

phenylpropanoid biosynthetic process 15 0.00081 0.028 

lignin metabolic process 8 0.00097 0.031 

multidrug transport 10 0.0011 0.034 

isoprenoid biosynthetic process 14 0.0015 0.046 

        

Up in ACC only       

regulation of biological quality 12 0.00034 0.022 
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defense response to bacterium 6 0.0005 0.026 

protein amino acid phosphorylation 14 0.00078 0.036 

transmembrane receptor protein tyrosine kinase signaling 
pathway 5 0.0012 0.038 

response to inorganic substance 7 0.00098 0.038 

response to hormone stimulus 14 0.0011 0.038 

response to chitin 5 0.0016 0.046 

        

Down in ACC only       

None significant       

        

Up in either treatment       

response to light intensity 22 3.20E-07 2.00E-05 

cellular nitrogen compound biosynthetic process 50 4.00E-06 0.00019 

fat-soluble vitamin biosynthetic process 9 2.20E-05 0.00091 

toxin catabolic process 13 7.80E-05 0.0027 

cellular response to chemical stimulus 48 0.00033 0.011 

reductive pentose-phosphate cycle 5 0.00034 0.011 

positive regulation of cellular metabolic process 16 0.00037 0.012 

cellular response to stimulus 76 0.00075 0.022 

quinone cofactor biosynthetic process 8 0.00097 0.027 

response to iron ion 5 0.0011 0.03 

cellular cation homeostasis 14 0.0013 0.034 

        

Down in either treatment       

response to salt stress 41 0.000091 0.0045 

lignan biosynthetic process 7 0.00015 0.0065 

cell maturation 11 0.00016 0.0069 

plant-type cell wall loosening 10 0.00028 0.011 
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sucrose biosynthetic process 6 0.00084 0.028 

zinc ion transport 6 0.00084 0.028 

fatty acid metabolic process 26 0.0011 0.035 

glucosinolate biosynthetic process 9 0.0012 0.039 

pentacyclic triterpenoid biosynthetic process 5 0.0016 0.049 

alcohol metabolic process 29 0.0016 0.049 

abscisic acid mediated signaling pathway 8 0.18 1 

oligopeptide transporter activity 5 0.011 0.14 
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Interestingly, genes that were down-regulated by ethylene only were enriched in the “root 

hair cell differentiation” annotation. These genes include many genes known to be 

involved in root hair development, including two myosin genes(XIB and XIK), 

MORPHOGENESIS OF ROOT HAIR1, 2, and 6, ROOT HAIR DEFECTIVE4 (RHD4), 

BRISTLED 1, CAN OF WORMS1 (COW1), and SHAVE 2 and 3.  No annotations were 

significantly enriched in genes regulated by ACC only, likely due to the smaller size of 

these groups. 

Transcripts that were increased in both treatments include genes annotated with 

“negative regulation of ethylene mediated signaling pathway,” consistent with previous 

findings that both ethylene and ACC transcriptionally regulate components of the 

ethylene signaling pathway in a negative feedback loop, and “response to auxin stimulus,” 

consistent with crosstalk between ethylene and auxin. Several groups of genes, both up- 

and down-regulated, were enriched in lipid localization and transport annotations. 

 

Baseline transcript levels of Col-0 and etr1-3 are highly similar, while etr1-7 has many 

differences consistent with constitutive ethylene response. 

 Next, we compared baseline levels of expression in untreated control samples 

between genotypes (Figure 10). Consistent with expectations, etr1-3 and Col-0 were 

nearly identical; only 49 out of 2562 genes were found to be DE between them. However, 

when we compared etr1-7 with either Col-0 or etr1-3, we found a dramatic difference: 

1941 genes were DE between etr1-7 and Col-0, and 2078 genes were DE between etr1-7  
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Figure 10. Baseline expression differences between Col-0 and ETR1 mutants in 

untreated samples. All transcripts which are DE in at least one comparison with |logFC| 

> 0.5 and adjusted p-value < 0.01. logFC is relative to the second genotype in each 

comparison. 
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and etr1-3. A significant number (1458) of the genes were DE in both comparisons with 

etr1-7. This is consistent with etr1-7 having constitutively active ethylene signaling. 

 

A subset of ACC- and ethylene-regulated transcripts are dependent on ETR1 

signaling.  

Finally, we explored this dataset to determine which ethylene- and ACC-regulated 

transcripts were dependent on ETR1 for response. We defined ETR1-dependent 

responses for each treatment separately using the following criteria based on the p-value 

and logFC cutoffs: 1) transcripts showed change in response to either the ACC or 

ethylene treatment in at least one time point in Col-0, 2) transcripts showed no response 

in control or treatment in etr1-3 (compared to Col-0 time 0), and 3) transcripts were 

changed relative to Col-0 in the baseline and show similar abundance in all etr1-7 time 

points. Since etr1-7 had constitutive ethylene signaling, it should have transcriptional 

responses that differed from Col-0 in the absence of ACC or ethylene treatment and were 

unchanged by ACC or ethylene treatment. Therefore, we compared etr1-7 treated 

samples to etr1-7 control samples, and only those that did not change with treatment in 

etr1-7 qualified as ETR1-dependent. We continued to calculate, and report in heatmaps, 

the etr1-3 and etr1-7 logFC values relative to Col-0 untreated, but did not use those 

values for defining ETR1 dependence in the etr1-7 samples.  

 With this strict criteria, 553 transcripts were identified as ETR1-dependent. A 

subset of 292 transcripts met these criteria in ethylene treatment only, another 191 in 

ACC only, and 70 genes were classified as ETR1-dependent in both treatments. A heat 

map in Figure 11 that shows all the transcripts that were ETR1 dependent using these  
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Figure 11. ETR1-dependent transcriptional responses to ethylene and/or ACC 

treatment. Transcripts which follow a pattern of response that suggests they are ETR1-

dependent were selected.  These transcripts respond to ACC and/or ethylene treatment in 

Col-0, do not respond in etr1-3, and are constitutively up or down in etr1-7, based on 

|logFC| > 0.5 and adjusted p-value < 0.01. The logFC reported here was determined 

relative to Col-0 control (time 0). Receptor independence in etr1-7 was determined by 

normalization relative to etr1-7 control samples, which is not shown here. 
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criteria. The logFC values in this table are reported relative to untreated Col-0 

samples.  These transcripts had responses to one or both treatments in Col-0, no response 

in etr1-3, and constitutive change from Col-0 in etr1-7 for both treatments. It is clear 

from this heatmap that even though not all of these were DE in both ACC and ethylene 

treatments, the difference may simply be tied to a smaller magnitude ACC response that 

was below the logFC cutoffs suggesting that these transcripts are ETR1-dependent 

regardless of treatment. We also examined this distribution in samples filtered to have a 

logFC filter >|0.25|, which yielded many more transcripts in each group, but did not 

change the overall distribution.  

 Out of 204 genes which qualified as ETR1-dependent in both treatments, 38 

overlapped with the root ethylene “gold standard” identified by a comparison of three  

different transcriptomic studies of ethylene- or ACC-treated roots (Harkey et al. 2019). 

These genes included ACO2, ERS1 & 2, ESE2, and RTE1. This finding suggests that 

there are conserved transcriptional responses to ACC and ethylene in this set of gold 

standards whose synthesis may be regulated by the other ethylene receptors. Other 

ethylene-related genes that did not overlap with this gold standard, but were identified as 

ETR1-dependent here include ACO3, several ERFs, and PINOID, a kinase that is a 

positive regulator of auxin transport and a negative regulator of root hairs (Lee and Cho 

2006). ETR1-dependent transcripts were found to be enriched in GO annotations 

including lipid transport, response to ABA, and regulation of transcription (Table III). 

Next, we defined ETR1-independent responses for each treatment as having a 

response to the treatment in all genotypes, even in the mutant alleles where receptors are 

inactive or constitutively active. Again, we used the etr1-7 comparisons to etr1-7 control  
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Table III. GO annotations enriched in genes which respond to ethylene or ACC via 

ETR1-dependent and -independent pathways 

GO Term # of genes p-value FDR 
ETR1 dependent (all)    
oligopeptide transport 7 0.000092 0.0097 
lipid transport 10 0.00019 0.011 
post-embryonic development 24 0.00013 0.011 
response to water deprivation 12 0.00018 0.011 
regulation of transcription, DNA-dependent 30 0.00014 0.011 
response to abscisic acid stimulus 15 0.00053 0.021 
ethylene mediated signaling pathway 6 0.00095 0.03 
fatty acid metabolic process 10 0.002 0.048 

ETR1 independent (all)    
response to heat 21 1.60E-11 8.30E-09 
response to chitin 17 1.00E-08 3.20E-06 
response to hydrogen peroxide 8 1.20E-05 0.0013 
response to high light intensity 8 2.00E-05 0.0018 
root hair cell differentiation 7 3.70E-05 0.0027 
unidimensional cell growth 12 0.00025 0.013 
protein folding 14 0.00076 0.036 
inorganic anion transport 5 0.00087 0.04 
nucleotide-sugar metabolic process 5 0.00097 0.043 
cellular response to nutrient levels 7 0.0011 0.045 
lipid metabolic process 29 0.0011 0.045 
plant-type cell wall loosening 5 0.0012 0.048 

ETR1 complex (all)    
response to light stimulus 180 1.4E-08 0.000004 
response to chitin 64 1.1E-07 0.000026 
phenylpropanoid biosynthetic process 60 2.4E-07 0.000051 
toxin catabolic process 33 2.5E-07 0.000051 
protein amino acid phosphorylation 244 2.6E-06 0.00044 
oligopeptide transport 35 3.1E-06 0.00048 
response to wounding 71 2.9E-06 0.00048 
glucosinolate biosynthetic process 25 8.9E-06 0.0011 
plant-type cell wall organization 37 8.7E-06 0.0011 
monocarboxylic acid metabolic process 120 0.000009 0.0011 
response to nematode 34 0.000011 0.0013 
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response to salt stress 107 0.000033 0.0037 
post-embryonic morphogenesis 21 0.000054 0.0055 
photosynthetic electron transport chain 24 0.000088 0.0086 
multidrug transport 32 0.000091 0.0088 
response to abscisic acid stimulus 107 0.000094 0.009 
response to metal ion 74 0.00011 0.0097 
intracellular signaling cascade 169 0.00011 0.0097 
cell wall modification 45 0.00013 0.012 
response to cold 94 0.00017 0.015 
disaccharide biosynthetic process 21 0.00017 0.015 
protein complex assembly 47 0.00021 0.017 
heterocycle metabolic process 123 0.00022 0.018 
defense response to fungus 40 0.00025 0.019 
terpenoid biosynthetic process 36 0.00029 0.022 
cellular carbohydrate catabolic process 44 0.00031 0.023 
regulation of transcription 400 0.00039 0.028 
response to ethylene stimulus 61 0.00055 0.034 
cellular glucan metabolic process 33 0.00059 0.036 
cation transport 97 0.00062 0.037 
two-component signal transduction system (phosphorelay) 34 0.00071 0.042 
cell wall macromolecule metabolic process 21 0.00074 0.044 
chemical homeostasis 45 0.00078 0.045 
response to water deprivation 67 0.00085 0.049 
transition metal ion transmembrane transporter activity 16 0.022 0.43 
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to determine whether a gene responded to treatment in this genotype compared to 

baseline transcript levels, but in this case a response to treatment was required to qualify 

as ETR1-independent. This analysis resulted in an even smaller set of genes: 481 genes 

qualified as ETR1-independent in ethylene only, 95 in ACC only, and 117 qualified in 

both treatments. These ETR1-independent transcripts were shown in the heatmap in 

Figure 12, where the logFC relative to untreated Col-0 was reported. Unlike the ETR1-

dependent genes, these genes showed different patterns depending on whether they met 

ETR1-independent criteria in ACC- or ethylene-treated samples (Figure 12); genes which 

were ETR1-independent in one treatment had a reduced response to the opposite 

treatment. Gene annotations enriched in this group of genes included several stress-

response annotations, as well as “root hair hair cell differentiation” and “unidimensional 

cell growth” (Table 3). This enrichment was interesting given that etr1-7 shows small but 

significant responses to ACC treatment in root hair proliferation beyond its already 

elevated response (Harkey et al. 2018). 

 After identification of genes with ETR1-dependent and -independent responses, 

an additional 7,077 genes were left with differential expression in at least one sample. 

These genes did not meet the strict criteria defined for ETR1-dependent or -independent 

genes above, showing patterns of response inconsistent with either definition. We divided 

these “complex” transcripts based on their general patterns across genotypes. A transcript 

was counted as DE in a genotype if it passed p-value and logFC cutoffs in at least one 

sample of that genotype, including control samples for etr1-3 and etr1-7 (Figure 13). The 

largest group of genes were those DE in etr1-7 only (2,974 genes). However, many of 

these were DE only in one or two samples. The same is true for the 508 and 357 genes  
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Figure 12. ETR1-independent responses to ethylene and/or ACC treatment. Genes 

which respond to ethylene or ACC in all three genotypes were considered receptor-

independent (since transcript abundance should have been constant in etr1-3 and etr1-7). 

Significant differences were defined as having  |logFC| > 0.5 and adjusted p-value < 0.01. 

Transcripts are divided based on which treatment qualifies as ETR1-independent. logFC 

is reported relative to Col-0 control (time 0). 
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Figure 13. Some transcripts which responded to ACC or ethylene are not 

consistently regulated by ETR1. Genes with complex responses to ethylene and/or 

ACC which did not qualify as ETR1-dependent or -independent. Genes are split into 

groups based on which genotypes had at least one DE sample, based on |logFC| > 0.5 and 

adjusted p-value < 0.01. logFC is reported relative to Col-0 control (time 0). 
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which were DE only in Col-0 or etr1-3, respectively. The next largest group of 1068 

transcripts had at least one DE sample in each genotype. These transcripts had some 

response to treatment in all genotypes, so they looked like the ETR1-independent genes, 

but failed the strict filtering used for that group. Similarly, the 1,020 genes that were DE 

in Col-0 and etr1-7 looked like the ETR1-dependent group of genes. Perhaps most 

puzzling were transcripts which are DE in etr1-3 and one other genotype, as these did not 

look like we expect ETR1-independent or -dependent genes to look. In this group of 

complex genes, a wide variety of GO terms were enriched, including response to light 

stimulus, phenylpropanoid biosynthetic process, response to abscisic acid stimulus, cell 

wall modification, regulation of transcription, response to ethylene stimulus, cell wall 

macromolecule metabolic process (Table 3). 

 

Discussion 

 A critical feature in understanding hormone-regulated development is 

identification of the receptor and transcriptional regulatory networks that drive these 

developmental changes. As genome-wide transcriptional profiling has become 

increasingly affordable and subsequently popular, it has provided a wealth of new insight 

beyond prior technologies. RNA-Seq in particular provides greater dynamic range for 

transcript abundance across the genome. This resolution is particularly helpful in 

understanding the transcriptional networks downstream of signaling pathways in greater 

detail, yet a critical challenge with these datasets is identification of those transcriptional 

changes that drive developmental changes. By combining these transcriptomic 

approaches with mutants in genes involved in a signaling pathway, it is possible to 
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illuminate branches along the pathway by showing which are dependent on the presence 

of a given gene, and which are not. We apply this strategy to understanding how the plant 

hormone ethylene modulates root development in the model species Arabidopsis 

thaliana.  

There are five ethylene receptors in Arabidopsis, with both distinct and 

overlapping functions. We have previously shown that ETR1 is the primary receptor 

responsible for root responses to treatment with ethylene’s precursor, ACC (Harkey et al. 

2018), and that for some developmental responses ETR2 and EIN4 play a smaller role. In 

the present study we aimed to connect ETR1 and physiological response via 

transcriptional regulation. To do this, we took advantage of two types of receptor 

mutations available for ETR1. Ethylene receptors negatively regulate the ethylene 

pathway and are turned off by the binding of ethylene. Therefore, a gain of function 

(GOF) receptor mutation (like etr1-3) constitutively activates the receptor which leads to 

an ethylene insensitive phenotype, while a LOF receptor (like etr1-7) is unable to signal 

(i.e. is always “off”) and therefore has constitutive ethylene signaling. Combining these 

two receptor alleles gives us two criteria by which we can determine whether an 

ethylene-regulated gene is dependent on the ETR1 receptor or whether its response 

occurs via other ethylene receptors. 

We performed these studies using two approaches to raise the level of ethylene, 

by treating directly with ethylene gas or with its precursor ACC. The ethylene 

biosynthetic precursor ACC has been applied exogenously to raise ethylene levels, as it is 

a solid and can be consistently applied to plants via delivery through growth media. In 

contrast, treatment with ethylene gas at defined and consistent doses requires specialized 
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equipment, especially for treatment durations for more than several hours. However, 

recent reports have suggested that ACC may be able to act as a signal independently of its 

conversion to ethylene, especially at high concentrations where ACO-dependent 

conversion becomes rate-limiting (Houben and Van de Poel 2019). In particular, at 

concentrations of 10 µM and above, ACC inhibits growth across all tissues in seedlings, 

including rosettes and primary root (Vanderstraeten et al. 2019). However, roots of 

ethylene insensitive ein2-5 mutants do not respond to ACC at a 1 µM concentration 

(Harkey et al. 2018). Therefore, we treated all three genotypes with ACC and ethylene to 

determine which ETR1 dependent transcriptional responses are common to these 

treatments. 

When we compared the transcripts that responded to ACC to those which 

responded to ethylene in Col-0, we found that in general, ethylene elicited more and 

stronger changes in transcript abundance. When we identified all transcripts with a p-

value of less than 0.01 as compared to untreated controls and plotted the number of 

transcripts as a function of their logFC, both ACC and ethylene treatments showed 

bimodal peaks at around +/-0.5 logFC (Figure 7). Ethylene’s peaks were larger, but both 

show a higher density of negative logFC than positive, in alignment with our previous  

observation that ACC triggers more negative changes in transcript abundance than 

positive (Harkey et al. 2018).  

When we defined a logFC cutoff of 0.5 and overlaid that on our p-value cutoff, 

we found 4,111 transcripts which respond to ethylene, 1,356 which respond to ACC in 

Col-0, and out of those, 961 respond in both (Figure 9). While these 961 transcripts only 

represent about 23% of all ethylene-responding transcripts, it represents nearly 71% of all 
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ACC-responding transcripts. Of the transcripts which were DE in only one treatment, the 

majority appear to have slight changes in the same direction in the other treatment 

(Figure 9A), and strikingly few genes (16) that were DE in response to both treatments 

had opposite direction of change. The most likely explanation for this pattern is that the 

ethylene concentration used (0.3 µM) is higher than the effective ethylene concentration 

of a 1 µM of ACC, despite our efforts to match these concentrations to similar 

developmental responses (Figure 2). These overall trends are inconsistent with ACC 

eliciting significant transcriptional response independently of the ethylene signaling 

pathway. We would also expect that if ACC had a strong independent effect, we would 

see many genes which responded to ACC, but not ethylene, in an ETR1-independent way, 

but that is not evident (Figure 9). It is likely that the differences seen here derive 

primarily from differences in dose due to the extra step needed to convert ACC to 

ethylene by ACO (Houben and Van de Poel 2019). 

One limitation of the present study is the disproportionate magnitude of response 

in the ACC and ethylene treatments. As mentioned above, some of this could be 

accounted for by a slow conversion of ACC to ethylene which leads to lower overall 

concentrations of ethylene in ACC-treated plants. Plants treated with ethylene were held 

in chambers where concentration was maintained at a constant level by flow-through of 

air with 0.3 μM ethylene; by comparison, ACC-treated plants were held on a bench with 

a free ability for ethylene to diffuse away. This was partly by design to make sure 

ethylene levels did not accumulate above the concentration used for ethylene treatment 

and confound responses from ACC treatment, but may have prevented ethylene from 

staying around long enough to have the same effect as a constant level of ethylene gas. 
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One way to determine an appropriate concentration of ACC and ethylene treatment to 

elicit the same degree of response is to treat plants with ACC in chambers and then 

measure the level of ethylene in the chamber at different time points. This could enable 

the better separation of ethylene and ACC effects. Another limitation of this study is 

related to the third replicate in the ethylene-treated samples. This replicate is a clear 

outlier compared to the other two ethylene samples and all three ACC replicates as well 

(Figures 5A and 6A), although no apparent reason for this effect presents itself. It may be 

prudent to attempt the analysis without these replicates to see if the overall trends change 

significantly. 

 The combination of using GOF and LOF receptor mutants served as a powerful 

approach to identify ETR1 dependent transcriptional responses. This is clear from the 

earliest steps of the analysis; a PCA plot with all samples separates etr1-7 from the other 

two genotypes on the PC1 axis (Figure 3A). This pattern continues with Pearson’s 

correlation and Euclidean distance plots, which show that etr1-7 samples are more 

similar to each other than to either Col-0 or etr1-3 (Figures 5 and 6). When we examined 

genes which are DE in comparisons of genotype within the control samples, most genes 

were found DE in comparison of etr1-7 to another genotype; Col-0 and etr1-3, 

meanwhile, were nearly identical in control conditions (Figure 10). In a heatmap of all  

transcripts that change in Figure 8, it is clear that many of the transcripts that changed in 

etr1-7 have transcript abundances that changed in the same direction upon ACC or 

ethylene treatment. Together, this data demonstrates the dramatic effect that constitutive 

signaling through ETR1 has on the transcriptional profile of Arabidopsis. 
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 The utility of using both GOF and LOF mutants becomes more obvious when 

looking at all genotypes across time and treatment. The overall response is dampened in 

etr1-3, in addition to the constitutive response in etr1-7 described above. We organized 

transcripts by their responses, classifying them as ETR1-dependent, ETR1-independent, 

or complex. ETR1-dependent was defined with stringent criteria to find only genes which 

clearly require this receptor for transcriptional response. ETR1-dependent genes must 

respond to ACC or ethylene treatment in Col-0, fail to respond in etr1-3, and have 

constitutive response in etr1-7. This means that a transcript could fail by not responding 

in Col-0, responding in etr1-3, and/or either having baseline levels of expression in etr1-7 

or having additional response over constitutive levels in etr1-7. Transcripts could be 

identified as ETR1-dependent in ethylene only, in ACC only, or in both treatments. These 

strict criteria found only 553 transcripts as ETR1-dependent with either treatment. The 

responses seen in Figure 11 show that these are unambiguously ETR1-dependent. 

However, another 1,020 complex transcripts show patterns close to this: they are DE in at 

least one Col-0 and one etr1-7 sample, and none of their etr1-3 samples are DE, 

compared to Col-0 control (Figure 13). Many of these are likely ETR1-dependent as well. 

These ETR1-dependent transcripts include core ethylene response that can be 

observed across many tissue types and developmental contexts (Harkey et al. 2019), 

including responses in transcripts encoding proteins which are themselves involved in 

ethylene signaling. The strict ETR1-dependent group is enriched in the “ethylene 

mediated signaling pathway” annotation, and those complex genes that are DE in Col-0 

and etr1-7 (approximating the ETR1-dependent response) are enriched in the “response 

to ethylene stimulus” annotation. We previously identified a group of root expressed 
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transcripts that we termed a “gold standard” in this tissue, created by comparing 

transcriptome data from plants treated with ethylene or ACC under growth conditions 

that varied by light duration, from complete darkness to 24 hour light (Harkey et al. 

2019). We compared this list with the ETR1-dependent responses. Genes that were in the 

gold standard and were found here to be ETR1-dependent include ETHYLENE AND 

SALT INDUCIBLE 3 (ESE3), as well as ethylene receptors ERS1 and 2, although qRT-

PCR did not identify their ACC-induction in the etr1-3 mutant (Harkey et al. 2018). 

Genes that are complex and appear ETR1-dependent but failed the strict criteria used to 

define that group, and are found in the ethylene gold standard include REVERSION TO 

ETHYLENE SENSITIVITY (RTE1) and the transcription factor NAM, which we 

recently showed to be involved in primary root and lateral root formation (chapter III). 

These putatively ETR1-dependent genes are also enriched in sucrose signaling, which is 

known to be involved in root elongation (Kircher and Schopfer 2012). 

An unexpected finding was that there were as many transcripts that responded in 

an ETR1-independent fashion as those that were ETR1-dependent. Transcripts were 

defined as ETR1-independent if they responded to treatment in all three genotypes. 

Therefore, a transcript could fail this criterion by not being statistically significant or 

meeting the logFC cutoff in at least one time point (of 1, 4, and 24 hours) compared to 

time 0 for every genotype. For etr1-7 samples, time points were compared to the etr1-7 

time 0 to determine if they responded beyond any constitutive response. Complex genes 

were considered to be putatively ETR1-independent if they had at least one DE sample in 

all treatments for the genotype, which were not required to be consistent within a 

treatment as were the strictly ETR1-independent genes. A total of 693 and 1,068 
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transcripts met these criteria (ETR1-independent and complex but putatively ETR1-

independent, respectively). These numbers are very similar to the number of transcripts 

that qualified as ETR1-dependent or nearly so (553 and 1,020). This is surprising given 

the importance of ETR1 for root developmental responses, but perhaps these ETR1-

independent transcripts can be split into two groups: those that mediate ETR1-

independent developmental responses, and those which do not directly affect 

development. 

In our prior study we found ETR1 to be essential in some root developmental 

responses and identified roles for other receptors in other responses.  ACC effects on 

lateral root development were completely lost in the ethylene insensitive mutant etr1-3 

and not induced by addition of ACC in the constitutively signal mutant etr1-7, suggesting 

this response has strong dependence on ETR1. In contrast, primary root elongation and 

root hair formation are less dependent on ETR1 and show an attenuated response in etr1-

7 (Harkey et al. 2018). So perhaps the transcripts which are ETR1-independent are 

involved in these processes. Indeed, when we look at genes that are ETR1-independent 

by the strictest criteria, meaning that a transcript must respond to ethylene or ACC 

treatment in comparison to baseline in all three genotypes, they are enriched in the 

annotation “root hair cell differentiation,” and several other related annotations. Genes 

which were complex but had one DE sample in all genotypes include annotations for 

“cell wall modification” and “plant-type cell wall organization,” so these genes may also 

be involved in root hair formation, or could be involved in primary root elongation, 

particularly elongation of cells that happens after differentiation from the apical 

meristem.  
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We also compared these two groups of strictly and partially ETR1-dependent 

genes to the ethylene root “gold standard” (Harkey et al. 2019). Genes which are strictly 

ETR1-dependent and gold standard include ERF73, while the overlap of gold standard 

and partially ETR1-dependent genes include ACO1, EIN3-BINDING F BOX PROTEIN 

2 (EBF2), ETHYLENE RESPONSE DNA BINDING FACTOR 3 (EDF3), two 

expansins EXP12 and EXPB1, and ETR2, the remaining of the three ethylene receptors 

known to be induced by ethylene (Harkey et al. 2018). If these genes are truly ETR1-

independent, it is likely that ETR2 or EIN4 are responsible for their changes here. 

Beyond transcriptional changes which lead to visible developmental effects, it is likely 

that some ETR1-independent responses are also responsible for changes in primary or 

specialized metabolism that are not easily observable. 

This raises one question for future investigation. Transcripts which respond to 

ethylene or ACC independent of ETR1 signaling should be examined in ETR2 and EIN4 

mutants to determine if one or both of these receptors is necessary for these changes. 

There is also the question of EIN3: do some receptors work more exclusively through 

EIN3 than others? This could be explored using double mutants in combining an EIN3 

mutation with a receptor mutation to further segment transcriptional responses by where 

they originate. 

We have shown that in Arabidopsis roots, low levels of ACC do not have a 

significant effect on transcription outside of responses induced by direct ethylene 

application. We differentiate transcriptional responses which require the receptor ETR1, 

and those that can function through other parts of the pathway, presumably ETR2 and 

EIN4. This dataset contains a wealth of information which can be mined to further 
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understand the transcriptional response networks by which ethylene controls Arabidopsis 

root development. 

 

Methods 

Arabidopsis Genotypes 

Arabidopsis (Arabidopsis thaliana) Col-0 seeds were purchased from Lehle Seeds. Both 

mutants have been described previously (Guzman and Ecker 1990; Harkey et al. 2018; 

Qu et al. 2007) and are in the Col-0 background. 

 

Plant growth and imaging 

Plants were grown on 1× Murashige and Skoog medium (Caisson Laboratories), pH 5.6, 

Murashige and Skoog vitamins, and 0.8% agar, buffered with 0.05% MES (Sigma), and 

supplemented with 1% Suc. After stratification for 72 h at 4°C, plants were grown under 

100 µmol m−2 s−1 continuous cool-white light. 

For imaging, plants were treated on day 5 after germination. For ACC treatment, the 

seedlings were transfered to growth medium with 1 µM ACC for 24 hours before 

imaging. For ethylene treatment, plates were placed in clear treatment tanks with constant 

flow-through of the indicated concentration of ethylene for 24 hours before imaging. 

 

Plant treatment for RNA isolation and sequencing 

Plants were grown on media as described above on top of a nylon filter (03-100/32; Sefar 

Filtration) pressed against the plate, as described previously (Levesque et al. 2006; 
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Harkey et a. 2018). Approximately 100 sterilized seeds were placed on each filter; 2 

plates were combined for each biological replicate. 

Plants were treated on day 5 after germination. For time 0 treatments, the nylon filter 

containing 5 day old plants was transferred to new control medium and root tissue was 

immediately harvested. For ACC treatment, the plants on nylon were transferred to 

growth medium with 1 µM ACC for the given treatment time (1, 4, and 24 h) and then 

root tissue was harvested. For ethylene treatment, the nylon was transferred to new 

control medium, and plants were placed in clear treatment tanks with constant flow-

through of 0.3 ppm ethylene gas for the given treatment time (1, 4, and 24 h) and then 

root tissue was harvested. At time of harvesting, roots were cut from seedlings and flash 

frozen in liquid nitrogen. 

Frozen samples were ground in liquid nitrogen, and RNA isolation was performed 

according to the Qiagen plant RNeasy kit protocol, with the addition of the Qiagen 

RNase-free DNase treatment (Qiagen). After RNA isolation, samples were quantified by 

A260 using a Nanodrop spectrophotometer (Nanodrop Technologies). Each sample 

yielded at least 3 µg, and on average 15 µg, of RNA. One Col-0 ethylene 4 hour 

treatment had an RNA integrity number (RIN) less than 6 and was not sequenced. 

Sequencing was performed by GENEWIZ, LLC using the Illumina HiSeq platform. 

 

RNA-Seq preprocessing and quality control 

FastQC v0.11.8 (Andrews 2018) and MultiQC v1.7 (Ewels et al. 2016) were used for 

assessing read quality, which identified adaptor contamination and a bimodal GC Content 

distribution. Adaptors were trimmed from reads using CutAdapt v1.18 (Martin 2011), 
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and reads trimmed to less than 25bp were removed. Trimmed reads were then processed 

with the BBMap tool BBDuk (Bushnell 2014) to identify and remove rRNA 

contamination.  Running FastQC/MultiQC over the trimmed and filtered reads revealed 

the identified quality issues had been mitigated. Read quantification was performed 

directly on the processed fastq files with the Salmon v0.12.0 (Patro et al. 2017) “quant” 

algorithm in mapping mode using the “--validateMapping” flag, setting the library type to 

“IU”, and using the TAIR10 reference transcriptome (NCBI ID: GCF_000001735.3).  

Counts were imported into R v3.6.0 (R Core Team 2014) using the tximport R package 

v1.12.3 (Soneson et al. 2015) and summarized to the gene level.   

 

Differential expression and visualization 

 For visualization and sample comparisons, raw read counts were normalized 

using the Variant Stabilizing Transformation method from the R package DESeq2 

v1.24.0 (Love et al. 2014). Sample-wise comparison heatmaps were generated using 

Pearson’s correlation and Euclidean distance as the distance metrics, respectively.  PCA 

analyses were performed by DESeq2’s plotPCA() method using the top 1000 most 

variable genes for all genotypes together, and on a per-genotype basis. 

 All sample-wise comparisons were performed using the DESeq2 package and 

ashr v2.2-47 (Stephens et al. 2020). Density plots were generated using ggplot2 v3.3.0 

(Wickham 2016), and heatmaps of sample-wise comparisons were generated using 

ComplexHeatmap v.2.3.4 (Gu et al. 2016). 
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CHAPTER V 

Conclusion 

 The last several decades have seen a transformation both in the way that we 

understand genes and genomes and the experimental tools available to study them. 

Historically, genetic experiments focused on one or a small handful of genes which could 

account for dramatic observable differences at the organism level. However, we now 

understand that growth and development, as well as responses to the environment and 

hormonal signals, are fine-tuned by hundreds, if not thousands, of genes and the proteins 

they encode, working together in layers of complex regulation. A different set of tools is 

needed to understand these genetic networks at a systems level. One layer of regulation is 

transcriptional: the amount of RNA transcript that is synthesized for a given gene at any 

particular time is influenced by epigenetic factors such as chromatin state and by 

transcription factors, either of which may integrate information from internal and external 

sources. Examining all changes in a transcriptome that occur in response to a signal via 

microarray or RNA-Seq can provide insight into which genes might be necessary for the 

response to that signal. Other techniques like ChIP-Seq and DAP-Seq can add 

information about which transcription factors contribute to the observed transcriptional 

changes. With the exponential growth of accessible datasets, meta-analysis incorporating 

multiple datasets can be used to look for larger patterns and separate them from context-

specific responses. Traditional genetics has not lost its place in this modern landscape; 

mutants become even more important when they can be used to connect molecular 

machinery with organ- and organism-level responses to internal and environmental 

signals. 
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In this thesis, these techniques were applied to the question of ethylene signaling 

in roots of light-grown Arabidopsis seedlings. Microarray data combined with DAP-Seq 

data suggested transcription factors which may drive these responses. Meta-analysis told 

us something about how the ethylene responses seen in light-grown roots differ from 

those of plants grown in the dark, and multiple lines of inquiry showed that ACC 

functions primarily as a precursor for ethylene under the conditions in which these 

experiments were performed. Mutant analysis spoke to which receptors are needed for 

ethylene response in light-grown roots, and RNA-Seq designed with these mutants 

provided insight into the transcriptional changes downstream of ethylene signaling. 

 Chapter 1 summarized our current understanding of how plants produce ethylene 

and how this gaseous hormone initiates signaling pathways. It then examined these basic 

processes in the environmental context of light duration and quality. A meta-analysis of 

transcriptional data from roots grown under different light conditions and treated with 

ethylene or ACC (including a subset of data from chapter 2) showed that light matters a 

great deal. Many transcripts respond under one light context which do not respond under 

any other. However, there is a core group of transcripts, which we propose as the root 

“ethylene gold standard,” that respond under all conditions. Many of these gold standard 

genes are known to be ethylene-responsive in other tissues as well, including genes 

involved in ethylene signaling which down-regulate this pathway. So this negative 

feedback is consistent, but other context-specific transcriptional responses bring about 

developmental effects fine-tuned for particular environments, such as those with high or 

low light availability. These findings underlined the need to study ethylene signaling 

under diverse conditions to arrive at a complete picture of the effects of this hormone. 
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 In chapter 2, developmental assays and transcriptome data were put together to 

further characterize the ethylene response in roots of light-grown seedlings treated with 

ACC. This data highlighted the potential of time course data to reveal information which 

is not found by experiments with single time points. Of particular interest is the use of 

clustering to identify genes which have common kinetics of response, and may be linked 

by common function, and/or by common upstream regulators. This second idea was 

explored more thoroughly in chapter 3. These data revealed a number of key things. First, 

in light-grown roots, most transcripts are down-regulated by ACC treatment, in contrast 

with other contexts where more transcripts are up-regulated, and some of these transcripts 

have kinetics which mirror those of root hair stimulation by ethylene. Second, a genetic 

approach to understanding ethylene signaling in the context of light-grown roots revealed 

that ETR1 is the primary receptor needed for ethylene response in this context. It is 

completely required for lateral root inhibition, and predominantly required for root 

elongation and root hair development by ACC, although there seems to be a smaller role 

for ETR2 and EIN4 in these responses. And last, genetic and genomics methods came 

together to show that EIN3 is an important transcription factor, but is not absolutely 

required for transcriptional responses or any of the three developmental responses. This 

sets root responses apart from the majority of ethylene responses, in which EIN3 is 

completely required. This discovery suggested that it will be important to identify 

additional transcription factors that coordinate with EIN3 in the root ethylene response. 

 In chapter 3, I set out to find novel regulators of ethylene response in light-grown 

roots by starting with ACC-regulated genes from chapter 2 and working backwards using 

a publicly available dataset that reported the targets of transcription factor binding. This 
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bottom-up approach of starting with genes that are regulated and using them to make 

predictions about upstream transcription factor regulators enables the “screening” of 

many TFs at one time. To facilitate this analysis for our own interests in root ethylene 

response, and to make this approach accessible for the wider plant community, I wrote a 

web application that makes the analysis as simple as placing a list of genes into the search 

box. Here I showed that utilizing this technique using transcripts clustered by their 

similarity of abundance across a time course of response (in this case, to ACC) or across 

cell types could enable the identification of promising candidate TFs to help mediate 

ethylene dependent root remodeling. We showed that one of these, NAM, is involved in 

ACC regulation of lateral root and primary root development. In addition to providing 

insight into ethylene regulated transcriptional responses, this tool will be made available 

to researchers who wish to search their groups of coregulated transcripts to generate 

testable hypotheses which can then be examined in vivo using TF or other signaling 

mutants. 

 Chapter 4 builds on data from chapter 2 by returning to the question of the 

ethylene receptors and their involvement in root response. Here we identified ethylene-

induced transcriptional responses which are dependent on or independent from ETR1 

signaling, and asked whether ACC has significant transcriptional responses independent 

of its conversion to ethylene. By performing RNA-Seq in two ETR1 mutants with 

opposite effects on signaling, we were able to break down the majority of ethylene-

dependent responses into those that require ETR1 and those that don’t. The core ethylene 

response identified in chapter 1 seems to be primarily mediated through ETR1 here, but 

other responses, such as those linked to root hair development, can be described as 
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ETR1-independent. We added an additional layer to this analysis by treating plants with 

either ethylene or ACC, and were able to show that in this context and at the 

concentrations used, ACC does not appear to cause sizable transcriptional changes 

beyond those caused by ethylene. Both of these conclusions contribute substantially to 

current dialogs within the ethylene research community. 

This thesis answers several questions about ethylene signaling in roots of light-

grown seedlings, and suggests several interesting lines of inquiry for the future. The 

meta-analysis in chapter 1 found a group of genes which make up the essential ethylene 

response in roots, but also revealed a role for light-context in this response. This chapter 

highlighted the importance of understanding the context in which a signaling-mediated 

response occurs. To this end, a direct comparison of ethylene response in plants that are 

grown in identical growth conditions except for light levels and/or duration would 

provide more insight into the interplay between these two important plant signals. As to 

the ethylene receptors, the RNA-Seq dataset highlighted transcriptional changes that are 

dependent on ETR1, and suggested there may be a role for ETR2, EIN4, and potentially 

other receptors beyond what was predicted from mutant phenotypes, perhaps in responses 

that aren’t directly linked to root growth. This insight adds to a growing body of literature 

revealing the specialized functions of this family of receptors. The data in chapter 3 

suggested several hypotheses to be tested, which could reveal other transcription factor 

regulators of the ethylene response in roots. Moreover, the methods developed there 

represent a new development in the way that transcription factors are studied. These 

methods can also be applied to other datasets, including the RNA-Seq dataset described 

here but also different hormone, developmental, and environmental contexts, to explore 
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its utility across many different plant contexts, and even beyond to other organisms. The 

data presented here advances our knowledge of the ethylene response in roots at a 

systems level, and contributes to a broader discourse on transcriptional regulation. 
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Annual STEM-centered competition for middle and high school students. Served as 
an event leader each year from 2016 to 2019. 

 

NC DNA Day Ambassador 2015 
Visited local high school to teach lesson about DNA and the immune system. 

 
UNIVERSITY INVOLVEMENT 

Grant to fund Student Well-Being Initiatives 2017-2018 
Counseling & Wellness Services 
Developed, organized, and led weekly book club discussing topics on the 
intersection between science and religion. Received grant from Wake Forest School 
of Medicine for student-led wellness initiatives to fund project. 

 

Graduate School Honor Council 2017-2019 
Wake Forest University 
Served as Honor Council representative for Molecular Genetics & Genomics. 


