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Chapter 1

1. HORMONAL SIGNALING IN THE PLANT HOLOBIONT

Biological structures in living organisms are often delineated as a network consisting 
of intricate interactions between biological components, such as genes, proteins, 
and metabolites. Because plants in nature are constantly interacting with their biotic 
and abiotic environment, they evolved a highly sophisticated environmental signaling 
network to be able to swiftly adapt to their, often hostile, environment. A relatively small 
number of pathogenic microbes untune this network to start a pathogenic relationship 
with their hosts. Although such successful pathogens can have devastating effects on 
plant survival in both agricultural and ecological settings, the majority of the microbes 
that interact with plants are neutral or beneficial. Like pathogens, beneficial microbes 
can also tune the environmental signaling network to their own advantage and start a 
long-term mutually beneficial relationship with their host. The collective association of 
plants with their interacting organisms is called “the holobiont” (Vandenkoornhuyse et 
al., 2015). The gene regulatory networks within and between the interacting organisms 
in the plant holobiont are coupled in a super interaction network that micromanages 
the plant-microbe interactions in the system (Nobori et al., 2018).

1.1. The plant immune system
To survive and establish themselves in a holobiont context, plants need to be able 
to defend themselves against microbial pathogens and insect herbivores. For that, 
plants evolved a sophisticated immune system. Unlike animals, plants do not have a 
circulating immune system. Instead, each single plant cell has the capacity to build up an 
effective immune response against possible harmful invaders (Couto and Zipfel, 2016). 
To realize this, plants utilize a recognition system that identifies non-self or modified-
self molecules using protein immune receptors localized in the plasma membrane. At 
the external part of the plant cell, receptor kinases and receptor-like proteins (RLPs) 
work as pattern-recognition receptors (PRRs) to perceive conserved non-self microbial 
molecules, such as bacterial flagellin or fungal chitin – so called pathogen/microbe 
associated molecular patterns (PAMPs/MAMPs) – or modified-self molecules – so 
called damage-associated molecular patterns (DAMPs). The plant receptor network is 
composed of receptor kinases with an ectodomain committed in ligand binding, a single 
transmembrane domain, and an intracellular kinase domain mediating intracellular 
signaling. Other types of PRRs are RLPs that have the same canonical structure, but miss 
the intracellular kinase signaling domain (Couto and Zipfel, 2016; Boutrot and Zipfel, 
2017). As a consequence, RLPs often depend on other components of the receptor 
network to transmit ligand recognition into the intracellular immune signaling network 
(Gust and Felix, 2014). Upon recognition of PAMPs by PRRs, a downstream immune 
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signaling network is activated resulting in PAMP-triggered immunity (PTI). This first 
line of defense wards off most of the non-adapted pathogens and prevents infection 
of the plant (Dangl et al., 2013). Adapted pathogens evolved to circumvent PTI as 
they can deliver effectors in the host cells that hinder PTI.  To counteract this, plants 
deploy a second layer of immunity called effector-triggered immunity (ETI). During ETI, 
intracellular nucleotide-binding site leucine-rich repeat proteins (NLRs; also known as 
NBS-LRRs) recognize pathogen-secreted virulence effectors, setting off downstream 
ETI signaling, which often results in a hypersensitive response that arrests the invading 
pathogen (Cui et al., 2015; Berens et al., 2017).  Downstream of PTI or ETI activation, 
intracellular Ca2+ and ROS levels rise, and MAPK signaling cascades are activated (Boller 
and Felix, 2009). These signals together lead to the production of phytohormones, 
which can trigger extensive transcriptional reprogramming, resulting in an efficient 
defense response. 

1.2 Phytohormones in plant defense
Diverse plant hormones act as central players in modulating the plant immune signaling 
network (Pieterse et al., 2012). Pathogen infection stimulates the plant to synthesize 
one or more hormonal signals depending on the type of attacker. Analogous to animal 
hormones, plant hormones were originally recognized as regulators of growth and 
development (Santner & Estelle 2009). Hence, it is not surprising that the plant immune 
signaling network is not only coupled to adaptive plant responses to pathogen or insect 
attack, but also to developmental processes, such growth and flowering (Greene and 
Dong, 2018). By finely tuning the plant immune signaling network with the network that 
regulates growth and development, plants are able to utilize their scarce resources in 
an economic manner and therewith maximize their survival (Heil and Baldwin, 2002; 
Vos et al., 2013a).  

Historically, salicylic acid (SA), jasmonic acid (JA), and ethylene (ET) were identified as 
the main phytohormones with important regulatory roles in the plant immune signaling 
network (Pieterse et al., 2009). SA and the major immune regulator PHYTOALEXIN-
DEFICIENT 4 (PAD4) are often associated with defense against biotrophic pathogens, 
while JA and ET with defense against necrotropic pathogens and insect herbivores, 
although this generalization does not always hold up (Mur et al., 2006; Spoel et al., 2007; 
Liu et al., 2016). In the past decade, several other phytohormones, including abscisic 
acid (ABA), gibberellic acid, auxin, cytokinin and brassinosteroids, were shown to have 
specific modulating roles in plant immunity (Robert-Seilaniantz et al., 2011; Pieterse et 
al., 2012; Spoel and Dong, 2012). Extensive research on the role of hormones in plant 
immunity revealed that hormones act together in a synergistic or antagonistic manner. 
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During this so-called hormone crosstalk, plants finely tune their defense responses 
to the invader encountered, therewith maximizing the effectiveness of their immune 
system, while managing growth and defense in a cost-efficient manner (Spoel and Dong, 
2008; Vos et al., 2013a; Caarls et al., 2015). 

When PTI or ETI is locally activated at the site of pathogen infection, a systemic defense 
response is often triggered in distal plant parts to protect these undamaged tissues 
against subsequent invasion by the pathogen. This long-lasting and broad-spectrum 
induced disease resistance is called systemic acquired resistance (SAR) (Fu and Dong, 
2013). The onset of SAR is accompanied by increased accumulation of SA. SA signaling is 
controlled by the redox-regulated protein NONEXPRESSOR OF PR GENES1 (NPR1). Upon 
activation by SA, NPR1 acts as a transcriptional coactivator of a large set of PR genes, 
many of which encode pathogenesis-related proteins with antimicrobial properties 
(Van Loon et al., 2006). In non-induced cells, NPR1 is sequestered in the cytoplasm 
as an oligomer through intermolecular disulfide bonds. SA-induced changes in the 
cellular redox state facilitate monomerization of NPR1, after which it translocates to the 
nucleus (Tada et al., 2008; Spoel and Dong, 2012). In SA-activated cells, NPR1 interacts 
with members of the TGA family of transcription factors that bind to the promoters 
of many SA-responsive genes, like WRKY transcription factors and other downstream 
transcriptional regulators, to up-regulate downstream defense-related genes (Tsuda and 
Somssich, 2015). In the past decade, many details of the local and systemic players in the 
SA sector of the plant immune signaling network have been uncovered and described 
in a series of excellent reviews (Fu and Dong, 2013; Klessig et al., 2018).  

In response to infection by a necrotrophic pathogen or infestation by a herbivorous 
insect, JA and its derivatives, collectively called jasmonates (JAs), accumulate rapidly. 
The amino acid conjugate JA-isoleucine (JA-Ile) is the most bioactive JA derivative 
amongst the JAs (Fonseca et al., 2009). The F-box protein CORONATINE INSENSITIVE1 
(COI1) in the E3 ubiquitin ligase SCFCOI1 complex, and the JASMONATE-ZIM DOMAIN 
(JAZ) repressor proteins act as JA-Ile co-receptors (Howe and Yoshida, 2019). Upon 
JA-Ile perception, JAZ repressor proteins are targeted by COI1 for degradation via the 
26S proteasome, which leads to de-repression of transcription factors (TFs), like the 
master regulator MYC2, and subsequent induction of JA-responsive genes, many of 
which encode proteins with roles in defense against necrotrophic pathogens or insect 
herbivores. Also, for the local and systemic players in the JA sector of the plant immune 
signaling network many details have been uncovered in the past decades, which have 
been excellently captured in a series of reviews (Chini et al., 2016; Wasternack and Song, 
2017; Zhang et al., 2017a; Howe et al., 2018). 
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ET emerged as an important modulator of plant responses to wounding and pathogen 
attack, therewith fine tuning the defense responses that are initiated by other hormone-
regulated defense pathways. ET-responses are mainly regulated by the TF ETHYLENE 
INSENSITIVE3 (EIN3). Protein-DNA binding data revealed extensive connectivity 
between EIN3 and the hormone pathways regulated by JA, auxin and ABA (Chang et 
al., 2013). Such interplay between hormone pathways has a pivotal role in the regulation 
of plant immune responses and helps the plant to “decide” which defensive strategy to 
follow, depending on the attacker encountered. The antagonistic effects of hormonal 
interactions, often referred to as hormone crosstalk, is essential for the cost-efficient 
regulation of plant development under different stress conditions (Spoel and Dong, 
2008; Pieterse et al., 2009; Pieterse et al., 2012; Vos et al., 2013a; Caarls et al., 2015). 
Interestingly, specialized pathogens evolved to utilize plant hormone crosstalk as a 
decoy mechanism to obscure the hormone-regulated plant immune signaling network 
for their own advantage (Robert-Seilaniantz et al., 2011; Pieterse et al., 2012; Howe et 
al., 2018). Hence, the hormone-regulated plant immune signaling network is vital for 
plant defense but can also be manipulated by pathogens to increase virulence on their 
host (Gimenez-Ibanez et al., 2014; Xin et al., 2018). 

1.3 Plant interactions with beneficial rhizosphere microbes
Although microbial pathogens have been the focal point of plant immune signaling 
research for a long time, it becomes more and more clear that the plant immune system 
also plays an important role in interactions with beneficial microbes (Berendsen et 
al., 2012; Bakker et al., 2014; Pieterse et al., 2014; Raaijmakers and Mazzola, 2016; 
Hacquard et al., 2017). Most members of the plant holobiont reside in the rhizosphere, 
which is highly enriched in microorganisms (Mendes et al., 2013). Members of the 
rhizosphere microbiome can be beneficial, like plant growth-promoting rhizobacteria 
(PGPR), or pathogenic, like Fusarium, Pythium, or Phytophthora spp. These soil-borne 
pathogens infect the plant via the roots causing devastating diseases in economically 
important crops. Soil-borne pathogens can penetrate roots through natural apertures 
present at the junction between the main and lateral roots such as epidermal cracks 
or through young growing tissues which lack secondary cell walls (De Coninck et al., 
2015). The detection of MAMPs by PRRs during microbe colonization and the onset 
of PTI, the first layer of plant immunity, has been extensively described for leaves but 
is also active in roots (Millet et al., 2010; Berendsen et al., 2012). Application of the 
bacterial flagellin epitope flg22, or fungal elicitors such as peptidoglycan or chitin to 
Arabidopsis thaliana (hereafter Arabidopsis) roots induced root immune responses 
(Millet et al., 2010; Stringlis et al., 2018). These MAMP-induced root responses seem 
mainly modulated by ET signaling, and to a lesser extent by SA and JA (Millet et al., 

1
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2010). Recent studies of the rhizosphere microbiome show that many root microbiota 
members are engaged in beneficial plant-microbe interactions (Berendsen et al., 2012; 
Hacquard et al., 2017; Bakker et al., 2018; Cordovez et al., 2019). Many beneficial 
microbes have developed mechanisms to circumvent PTI defense responses and to 
form a harmonic interaction with their plant host (Millet et al., 2010; Stringlis et al., 
2018). Moreover, selected beneficial microbes have been shown to systemically prime 
the plant immune system, conferring a broad-spectrum disease resistance referred to 
as induced systemic resistance (ISR) (Pieterse et al., 2014). ISR requires intact JA and 
ET signaling pathways, highlighting that also interactions with soil-borne beneficial 
microbes call upon the hormone-regulated plant immune signaling network. 

In the next part, I will review recent findings in research on the gene regulatory networks 
that are related to plant-microbe interactions in the plant holobiont (Figure 1), with 
special focus on the regulatory role of phytohormones in this process.  
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Figure 1. Interconnected sub-networks in the plant immune signaling network of the plant 
holobiont. 
Pathogen and insect pests are recognized by receptor networks, including leucine-rich repeat receptor 
kinases (LRR-RKs), nucleotide-binding domain and leucine-rich repeat-containing proteins (NLRs). Activation 
of receptor networks by damage-associated molecular patterns (DAMPs)/pathogen-associated molecular 
patterns (PAMPs) and effectors leads to activation of the immune signaling network in which phytohormones 
play an important regulatory role. The plant immune signaling network also interacts with microbiota in the 
rhizosphere, either in microbial community assembly or in the response to beneficial microbes that prime 
the plant immune system and/or promote plant growth. SA, salicylic acid; JA, jasmonic acid; IAA, auxin; 
ET, ethylene; ABA, abscisic acid; GA, gibberellic acid; BR, brassinosteroid; CK, cytokinin; SL, strigolactone.

2. HORMONE-REGULATED IMMUNE SIGNALING NETWORK

The core of the plant immune signaling network consists of cell surface-localized 
PRRs, mainly leucine-rich repeat receptor kinases (LRR-RKs), that function in a LRR-RK 
interaction network to recognize MAMPs and DAMPs and activate the plant immune 
system (Boutrot and Zipfel, 2017; Smakowska-Luzan et al., 2018). The biosynthesis of 
defense hormones is among the early immune responses when plants recognize a 

1
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pathogen or insect. Plants have evolved a collection of hormones that guide the plant to 
adapt to its environment (Wang et al., 2015a). By exploring the evolution of the defense 
hormone signaling networks, Berens et al. (2017) provided evidence that the evolution 
of the signaling pathways regulated by the major defense-related hormones SA and JA 
coincides with their colonization of land and may, thus, have been a likely requirement 
for plant survival in more harsh terrestrial environments that included threats caused 
by microbial pathogens. 

In the past decades, the defense signaling pathways regulated by SA and JA have been 
subject of intense study, culminating in an insightful view of how both hormones 
regulate downstream defense responses in the plant immune signaling network (for 
informative reviews see: (Pieterse et al., 2009; Robert-Seilaniantz et al., 2011; Pieterse 
et al., 2012; Chini et al., 2016; Berens et al., 2017; Howe et al., 2018; Klessig et al., 2018; 
Wasternack and Feussner, 2018). For SA, a new model for its perception was recently 
proposed. In this model, the SA master regulator NPR1 and its paralogues NPR3 and 
NPR4 act as SA receptors. Depending on the cellular SA concentration, NPR1 on the one 
hand, and NPR3 and NPR4 on the other hand, act in an antagonistic manner to finely 
control the downstream SA response (Ding et al., 2018; Kazan, 2018). For the JA pathway, 
the discovery of JAZ repressor proteins accelerated the progress in our understanding 
of how the biosynthesis of JA and its bioactive form JA-Ile is coupled to transcriptional 
activation of JA-responsive genes. Basic helix-loop-helix (bHLH) TFs, such as the master 
regulators MYC2, MYC3 and MYC4, emerged as important binding partners of JAZs and 
when they become released after 26S proteasome-mediated degradation of the JAZs, 
they bind to G-box motifs in JA-responsive promoters to regulate the expression a large 
portion of JA-responsive genes in the JA sector of the plant immune signaling network 
(Kazan and Manners, 2013). Structural analysis of JAZ9-MYC3 complexes indicated that 
JAZs competitively inhibit MYC TF binding to the activator interacting domain of MED25 
of the Mediator complex, which is a conserved, multiprotein complex that bridges DNA-
bound transcription factors and RNA polymerase II, and integrates transcription with a 
wide variety of cellular signals (Zhang et al., 2015a).

The SA and JA signaling pathways interact with each other in a synergistic or antagonistic 
manner, depending on the context and activity of other hormones (Pieterse et al., 2009; 
Robert-Seilaniantz et al., 2011). Crosstalk between defense-related and development-
related hormones is implicated in fine-tuning the growth-defense trade-off. Activation 
of SA and JA pathway can suppress growth to temporarily prioritize defense responses. 
For instance, SA was shown to inhibit the auxin signaling pathway through stabilization 
of AUX/IAA repressor proteins (Wang et al., 2007), therewith arresting growth, while 
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prioritizing defense. Moreover, hormone crosstalk is also thought to help the plant to 
fine tune its defense response to a single biotic stress, or in prioritizing specific defenses 
when coping with multiple attackers (Pieterse et al., 2009; Robert-Seilaniantz et al., 
2011; Caarls et al., 2015). 

2.1 Complexity in hormone network regulation during pathogen attack
The hormone-regulated immune signaling network is complex and in recent years 
its architecture and dynamics has been studied by analyzing the behavior of gene 
regulatory networks in single, double, triple and quadruple hormone mutants. This 
elegant approach allows to dissect the complexity of the network through the genetic 
removal of specific network sectors and to study the remaining functionality of the plant 
immune system. In this approach, the network can stepwise reconstruct and assign 
functions to individual network modules (Windram and Denby, 2015). To this end, all 
possible combinations of Arabidopsis mutants (from single to quadruple) defective 
in signaling modules regulated by SA, JA, ET or PAD4 were created, making possible 
stepwise reconstruction of the four signaling sectors and their interplay in the network 
(Tsuda et al., 2009). PAD4 contributes to SA biosynthesis and also modulates an SA-
independent part of the plant immune system, called the PAD4 sector. Expression of 
marker genes for each sector and the growth of Pseudomonas syringae pv. tomato 
DC3000 (Pto) and P. syringae pv. maculicola ES4326 (Pma) in all possible combinations 
of mutants allowed the development of a plant regression model that characterizes 
the signal interactions and fluxes in the SA, JA, ET, and PAD4 signaling network during 
PTI (Kim et al., 2014). The model predicted a central role for ET in the robustness and 
tunability of the plant immune signaling network via its inhibition of the JA sector (Kim 
et al., 2014). Moreover, the model predicted an unexpected positive regulatory role of 
the JA sector on the SA sector, which was experimentally confirmed on the basis of SA 
level measurements in the JA biosynthesis mutant dde2.

The network reconstruction was also applied to dissect the complex regulation 
of the Arabidopsis transcriptome in response to flg22 induction via SA, JA, ET and 
PAD4 signaling. Statistical modeling of the role of the specific signaling sectors ranged 
over 5000 differentially expressed genes and showed that the flg22-induced changes 
were not entirely dependent on unique signaling sectors, but often on multi-sector 
interactions. This network analysis highlighted that MAMP-induced transcriptional 
responses are highly buffered, suggesting that the plant immune signaling network is 
robust and that different signaling sectors can take over each other’s “tasks” when one 
fails or is inhibited, e.g. by pathogen effectors (Hillmer et al., 2017). The combination 
of network reconstruction and statistical modeling also unveiled mechanisms of 

1
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transcriptional regulation that could not be detected in classical genetic studies, 
pinpointing the added value of global network approaches to decipher functioning of 
the plant immune system. 

During PTI and ETI, both the SA and the JA pathway are often initially activated. 
However, during the onset of the downstream immune response, interactions 
between both pathways are decisive in which sectors of the plant immune signaling 
network eventually become activated. Knowledge of the biological implications of SA/
JA crosstalk predominantly point to the antagonistic interaction between SA and JA 
in the context of the prioritization of defense responses depending on the lifestyle 
of the invading pathogen (Pieterse et al., 2012). Several key players in the regulation 
of SA/JA crosstalk have been identified, including NPR1 and TFs, such as ORA59 and 
members from the TGA and WRKY TF families (Van der Does et al., 2013; Zander et al., 
2014; Caarls et al., 2015). The PTI signaling network model described above inferred 
an unexpected additional function of SA/JA crosstalk in which JA, in addition to PAD4, 
is important for the activation of SA signaling during PTI. In a follow-up study, Mine et 
al. (2017a) confirmed this hypothesis by showing that JA represses flg22-induced SA 
accumulation via suppression of PAD4 gene expression, and consequently repression 
of the PAD4-regulated SA translocation gene EDS5. However, if PAD4 is not functional, 
then JA can activate via MYC2 directly EDS5, thereby providing robustness to the SA 
subnetwork. Additionally, Liu et al. (2016) demonstrated that SA can activate JA signaling 
though disease resistance protein RPS2-mediated ETI. In response to ETI-induced SA 
accumulation, NPR3 and NPR4 interact with JAZ proteins leading to their degradation 
and subsequent activation of the JA pathway. Activation of both SA- and JA-signaling 
pathways during ETI is thought to be a defense strategy against biotrophic pathogens 
without making them more vulnerable to necrotrophic pathogens (Liu et al., 2016).

These examples showcase how SA and JA can interact at multiple levels in the plant 
immune signaling network. Recently, yet another example of the biological significance 
of SA/JA crosstalk was demonstrated (Betsuyaku et al., 2018). During ETI in Arabidopsis, 
SA starts to accumulate around the site of pathogen infection in leaf tissue that 
eventually undergoes HR cell death. Interval time-lapse imaging of the promoter activity 
of the SA marker gene PR1 and the JA marker gene VSP1 during the course of Pto 
AvrRpt2-triggered ETI showed that JA signaling was activated in a spatially separated 
domain around the HR area at early stages of the infection. This was followed by SA 
signaling in the region between the HR and JA-activated domains. This temporally 
dynamic and spatially separated activation of SA and JA signaling during ETI may be a 
SA/JA antagonism-based plant strategy that limits runaway cell death in the zone of SA-
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activated HR cells, while creating a zone of JA-activated cells around the HR lesion that 
hamper potential secondary infections by necrotrophic pathogens that might benefit 
from the necrotizing tissue. This study also emphasizes the importance of temporal 
dynamic and spatial analysis of plant immune responses to better understand the role 
of hormones and their interplay in the plant immune signaling network. 

2.2 Effector-mediated modulation of the hormone network
While plants evolved defense hormone signaling to finely tune their plant immune 
signaling network, pathogens on the other hand evolved to hamper plant immunity by 
targeting different features of the hormone signaling network (Kazan and Lyons, 2014; 
Shen et al., 2018). Hormone crosstalk directed towards the suppression of SA signaling 
(JA/SA, ABA/SA and auxin/SA) is frequently utilized by biotrophic pathogens that are 
sensitive to SA-mediated immunity. The bacterial pathogen Pto is an excellent example 
of this. During infection, Pto produces the JA-Ile mimic coronatine as a virulence 
factor, which in turn suppresses stomatal and apoplastic immunity by repressing SA 
accumulation and/or inactivating MAPKs (Mine et al., 2017b; Yang et al., 2017). The 
production of coronatine or coronatine-like molecules has also been observed in other 
bacterial pathogens, indicating that the production of JA-Ile mimicking molecules might 
be a widespread mechanism for bacteria to suppress host immunity (Zhang et al., 
2017a). Pto also produces a suite of effector proteins that target hormone signaling 
pathways to suppress SA-dependent defenses. For instance, Pto effectors AvrB, HopX1, 
HopZ1a and HopBB1 apply several mechanisms to degrade JAZ repressor proteins and 
set off JA responses to dampen SA-mediate immunity (Jiang et al., 2013; Gimenez-
Ibanez et al., 2014; Zhou et al., 2015; Yang et al., 2017). Pto effector AvrPtoB induces 
ABA accumulation and effector AvrRpt2 enhances auxin signaling, both leading to the 
reduction of SA-dependent defenses and the promotion of pathogen virulence (Chen 
et al., 2007; Torres-Zabala et al., 2007).

Several other examples showcase the role of phytohormone-mimicking molecules that 
are produced by pathogens as virulence factors. For instance, Pto can produce the 
auxin indole-3-acetic acid (IAA) to modulate plant auxin signaling. Mutation of the 
IAA biosynthesis genes aldA and aldB in Pto results in the suppression of bacterial 
virulence in susceptible plants because the mutants are less well capable of suppressing 
SA-dependent defenses. This indicates that hijacking auxin signaling through the 
production of microbial auxin can be a successful virulence system (McClerklin et 
al., 2018). Interestingly, some bacterial pathogens are known to produce SA, but the 
biological significance of this during interaction with host plants is currently unknown 
(Bakker et al., 2014). Detailed knowledge of the mechanisms of pathogenicity and its 

1
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interplay with the (hormone-regulated) plant immune system is essential to re-wire 
plant immune signaling networks for future disease-resistant crops. Pioneering work on 
the crystal structure of the receptor-ligand of JA, COI1, demonstrated that it is possible 
to engineer COI1 such that it prevents binding to the virulence factor coronatine while 
the binding capacity for the plant hormone JA-Ile remains (Zhang et al., 2015b). This 
example showcases that discoveries on important components of the plant immune 
signaling network hold great promise for biotechnological innovations in future disease 
resistant crops.   

2.3 Dynamics of SA and JA gene regulatory networks 
For many years, scientists worked on the elucidation of the mechanisms by which NPR1 
regulates SA signaling. In the Arabidopsis npr1 mutant, expression of the SA marker 
gene PR1 is abolished, indicating that NPR1 is a positive regulator of SA signaling (Cao 
et al., 1994). During SA signaling, NPR1 moves to the nucleus where it interacts with a 
class of bZIP transcription factors called TGAs (Zhang et al., 1999). TGAs regulate other 
defense-related genes, therewith contributing to plant immunity (Kazan, 2018). NPR1 
has two paralogues, NPR3 and NPR4, which interact with TGAs as well. But in contrast 
to the npr1 single mutant, npr3 npr4 double mutants show elevated PR gene expression, 
suggesting that NPR3/NPR4 act as negative regulators of SA signaling. Previously, it was 
shown that both NPR3 and NPR4 can bind to SA with low and high affinity, respectively, 
while NPR1 could not (Fu et al., 2012), although others reported contrasting findings 
(Wu et al., 2012). In a more recent paper, it was shown that all three NPR proteins are 
likely SA receptors. In the updated model of the SA pathway, NPR1 and NPR3/NPR4 
act in an antagonistic manner in regulating SA-mediated disease resistance (Ding et al., 
2018). According to this model, NPR3 and NPR4 bind to TGA transcription factors and 
repress their transcriptional activity in the nucleus when cellular SA levels are low. After 
pathogen attack, SA levels rise, after which SA binds to NPR3 and NPR4, which stops 
the transcriptional repression on TGAs. In parallel, SA binds to NPR1 which promotes 
transcription activation of TGAs and their downstream SA-responsive, defense-related 
genes (Ding et al., 2018).  

NPR1 is a master regulator in the activation of the SA sector of the plant immune 
signaling network. It is not only required for the onset of SA-dependent defenses and 
SAR, it also functions at the crossroad of SA/JA crosstalk, therewith playing an important 
role in regulating the dynamics of the plant immune signaling network (Spoel et al., 
2003; Spoel and Dong, 2012). With its central role, NPR1 is in theory an attractive target 
for pathogens to manipulate host immunity (Sun et al., 2018). Recently, the Pto effector 
AvrPtoB was shown to interact with NPR1 in the presence of SA, therewith facilitating 
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NPR1 poly-ubiquitination and degradation via the 26S proteasome, which disrupts the 
SA sector of the plant immune signaling network and thus increases susceptibility to 
Pto (Chen et al., 2017).   

JA-mediated defense responses are activated in response to pathogen or insect attack 
and lead to a transcriptional and metabolic reprogramming towards the production of 
specific defense-related compounds that help to combat the invaders. In Arabidopsis, 
two major branches of the JA signaling network are recognized: the MYC branch and 
the ERF branch (Pieterse et al., 2012). The MYC branch is controlled by MYC-type 
transcription factors, such as MYC2, MYC3 and MYC4 (Dombrecht et al., 2007). The 
ERF branch is regulated by members of the APETALA2/ETHYLENERESPONSE FACTOR 
(AP2/ERF) family of transcription factors, such as ERF1 and ORA59 (Lorenzo and Solano, 
2005; Pré et al., 2008).  The ERF branch requires both JA and ET signaling, while the MYC 
branch is regulated by both JA and ABA. In general, the ERF branch is associated with 
enhanced resistance to necrotrophic pathogens, whereas the MYC branch is associated 
with defense against insect herbivory (Pieterse et al., 2012; Howe et al., 2018). The 
ERF and the MYC branch of the JA pathway act antagonistically on each other: when in 
response to necrotrophic pathogen infection JAs and ET start to accumulate, the ERF 
branch becomes activated, while the MYC branch is suppressed. Conversely, when 
upon insect herbivory JA and ABA start to accumulate, the MYC branch is activated, 
while the ERF branch becomes suppressed (Verhage et al., 2010; Verhage et al., 2011; 
Vos et al., 2013b).

Most studies on the role of hormones in the immune signaling network have been 
conducted using bilateral interactions between a single pathogen isolate and a single 
plant genotype. In order to capture the variation of responses in the plant immune 
signaling network within a single pathogen species, Zhang et al. (2017b) monitored 
defense-related phenotypes and transcriptome responses in diverse Arabidopsis SA- 
and JA- mutants, each challenged with 96 different Botrytis cinerea isolates. The authors 
identified four gene regulatory networks that were related to the genetic interaction 
between host and pathogen. These networks included genes related to camalexin 
production and to SA and JA signaling. Furthermore, the authors also identified a 
network involved in photosystem I, with the uncharacterized transcript YFC2 acting 
as a hub, and another network with nuclear-encoded chloroplast-localized proteins 
involved in photosynthesis and reactive oxygen species production (Zhang et al., 
2017b). However, it remains unknown how these networks function in defense against 
B. cinerea.

1
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It is known that plants can swiftly adjust their gene regulatory networks to changes in 
their biotic and abiotic environment (Coolen et al., 2016). Berens et al. (2019) recently 
provided evidence that biotic and abiotic stress responses are differentially prioritized 
in Arabidopsis leaves of different ages. Abiotic stress suppressed immune responses 
in the older leaves through ABA, whereas this antagonistic effect on immunity was 
blocked in younger leaves by PBS3, a component of the SA pathway. Plants defective in 
PBS3 showed enhanced abiotic stress tolerance at the cost of decreased fitness under 
combined stress. Hence, with this role of PBS3 in spatial regulation of plant immunity, 
yet a new layer of complexity is added to the control of the plant immune signaling 
network.

3. INTERACTIONS OF THE PLANT IMMUNE SIGNALING NETWORK
WITH THE UNDERGROUND

Like leaves, roots are also capable of perceiving the presence of pathogens and to 
subsequently trigger PTI. A wide range of defense elicitors, including flg22, fusaric acid, 
peptidoglycan, and JA were shown to elicit PTI in roots (Millet et al., 2010; Koroney et 
al., 2016). Like leaves, roots possess PRRs, like the flagellin receptor FLS2 (Wyrsch et al., 
2015), which is present in all root tissues, but different levels of expression are displayed 
in the different root cell types (Beck et al., 2014). Studies on immune responses in 
roots show that PTI in root tissue includes molecular events like production of ROS 
(Poncini et al., 2017), transcriptional reprogramming (Stringlis et al., 2018), callose 
deposition, and cell wall modification (Millet et al., 2010; Plancot et al., 2013; Tran 
et al., 2016). The phytohormones SA, JA, and ET are also implicated in root defenses 
that are triggered by soil-borne pathogens (Papadopoulou et al., 2018). However, the 
response to these hormones in roots does not always follow the same behavior as in 
leaves (Attard et al., 2010). For instance in rice, the expression of PR1 and PR10 is rapidly 
activated in early stages of root infections, while in leaves these genes become only 
highly expressed during later stages of infection (Marcel et al., 2010). In Brassica rapa, 
PR-1 also shows differential regulation in response to hormonal elicitation in shoots and 
roots (Papadopoulou et al., 2018). The same holds true for other hormone-responsive 
marker genes, such as the JA marker gene PDF1.2 and the ET biosynthesis gene ACO. 
Hence, the hormone-regulated plant immune signaling network might function different 
in roots than in shoots. 

3.1 Root-microbe interaction networks
One of the reasons why roots respond differently to defense elicitors than shoots is 
likely because roots are continuously exposed to a mesmerizing diversity of microbes in 



21

General Introduction

the root microbiome (Berendsen et al., 2012). Many bacterial and fungal soil microbiota 
possess MAMPs like flagellin and chitin and are thus a source of defense elicitors 
that potentially trigger PTI responses in plant roots. PTI aims to eliminate potential 
pathogenic invasions but also has a downside because defense responses typically 
result in a negative effect on plant growth (Gomez-Gomez and Boller, 2000). Hence, if 
plant roots would continuously activate PTI responses upon recognition of MAMPs from 
root microbiota members, it would be impossible for plants to grow. Therefore, the 
root immune system must possess sophisticated mechanisms to distinguish beneficial 
microbes from pathogenic microbes. In order to establish a mutually beneficial 
relationship, beneficial microbes must circumvent recognition by root immune 
receptors. Indeed, the plant-beneficial rhizobacteria Pseudomonas simiae WCS417 
(WCS417) and Bacillus subtilis FB17 were found to be able to suppress root immune 
responses and at the same time promote growth of the host plant (Millet et al., 2010; 
Lakshmanan et al., 2012; Stringlis et al., 2018). Time series RNA-seq to investigate the 
early transcriptional responses of Arabidopsis roots to living plant growth-promoting 
and ISR-inducing WCS417 bacteria in comparison to its MAMP flg22417 showed that the 
root immune response to flg22417 is highly similar to that of fungal chitin (Stringlis et al., 
2018). Transcriptional changes inflicted by living WCS417 overlapped largely with those 
mediated by the MAMPs, but about half of the MAMP-induced transcriptional changes 
were suppressed by living WCS417 cells. The MAMP-repressed genes that were not 
affected by WCS417 have a strong auxin signature, highlighting the dual role of auxin 
in finely balancing growth and defense responses, which is involved in shaping the root 
microbiome and root responses. 

Modulation of plant immunity either by pathogens or beneficial microbes is essential 
for the establishment of plant-microbe interactions. The typical defense-related 
hormones SA and JA also play a role in modulating the root immune signaling network 
(Zamioudis and Pieterse, 2012; Gourion et al., 2015). For instance, mycorrhizal fungi 
have been shown to use effector proteins that target the JA signaling pathway in host 
roots, therewith facilitating a mutually beneficial symbiosis with the host plant. Also, 
the plant-beneficial soil-borne fungus Trichoderma interacts with the root’s hormone 
signaling network to benefit its host. Trichoderma-colonized roots of tomato hinder 
nematode performance both locally and systemically at multiple stages of parasitism. 
First, Trichoderma primes the roots for enhanced SA-regulated defenses, therewith 
limiting nematode invasion. Then, Trichoderma enhances JA-regulated defenses, 
therewith antagonizing the deregulation of JA-dependent immunity by the nematodes 
during invasion of the roots (Martinez-Medina et al., 2017). Modulation of plant immune 
responses by beneficial microbes such as mycorrhizal fungi and nitrogen-fixing rhizobia 
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has been shown to be mediated by effectors to facilitate a long-lasting mutually 
beneficial association (Zamioudis and Pieterse, 2012; Okazaki et al., 2013; Plett et al., 
2014). However, in comparison to the role of pathogen effectors in the plant immune 
signaling network, the research field is still in its infancy. 

3.2 Hormonal regulation of induced systemic resistance elicited by root-associated 
microbes
Besides interfering locally with the root immune system, several genera of the 
rhizosphere microbiota have been shown to systemically prime the above-ground plant 
tissues for enhanced immunity. This phenomenon is called induced systemic resistance 
(ISR) and is effective against a broad spectrum of plant pathogens and insects (Pieterse 
et al., 2014; Martinez-Medina et al., 2016). Many studies have reported on the ability 
of plant growth-promoting rhizobacteria (PGPR) and fungi (PGPF) to promote plant 
health via ISR. These studies mainly involved Pseudomonas, Serratia, and Bacillus PGPR 
strains, nonpathogenic F. oxysporum, Trichoderma, and Piriformospora indica PGPF 
strains, and symbiotic arbuscular mycorrhizal fungi (Kloepper et al., 2004; Pozo and 
Azcon-Aguilar, 2007; Stein et al., 2008; Shoresh et al., 2010; Pieterse et al., 2014). Using 
Arabidopsis mutants defective in JA or ET signaling, it was demonstrated that JA and ET 
are central players in the regulation of rhizobacteria-mediated ISR, although there are 
also examples of beneficial PGPR and PGPF that activate systemic immunity via the SA-
dependent SAR pathway (Pieterse et al., 2014). In accordance with its dependency of JA 
and ET signaling, rhizobacteria-mediated ISR was shown to be effective against attackers 
that are sensitive to JA/ET-dependent defenses, including necrotrophic pathogens and 
insect herbivores. However, negative effects of beneficial microbes on plant-insect 
interactions have been reported as well (Pineda et al., 2013; Haney and Ausubel, 2015).

3.3 Role of phytohormones in microbiome assembly
Because phytohormones are important regulators of the biosynthetic pathways of 
secondary metabolites that are secreted in the rhizosphere by plant roots, they also 
influence the microbial community in the rhizosphere (Bakker et al., 2018; Stringlis et 
al., 2019). The phytohormones SA and JA have both been implicated in this process 
(Carvalhais et al., 2013; Lebeis et al., 2015). Moreover, activation of the plant immune 
signaling network in the leaves, can result in changes in the root microbiome. Recently, 
Berendsen et al. (2018) demonstrated that infection of Arabidopsis leaves with the 
SA-inducing downy mildew pathogen Hyaloperonospora arabidopsidis resulted in the 
recruitment of a consortium of beneficial microbes to the root system, that in turn were 
capable of activating ISR that was effective against downy mildew infection. A similar 
phenomenon was observed with Pto on Arabidopsis (Yuan et al., 2018). Together, this 
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indicates that the plant immune signaling network and the network of microbiota in 
the root microbiome are functionally linked.  

4. TOWARDS ELUCIDATING PLANT IMMUNE SIGNALING NET-
WORKS IN THE PLANT HOLOBIONT

Temporal control of transcription networks enables organisms to swiftly adapt to a 
changing environment. Above, I explained the immense complexity of the immune 
signaling network that has different hormone-controlled sectors that respond differently 
to environmental cues and that also influence each other. This complexity demands a 
systems approach, in which the order of TFs and their interaction with target genes is 
reconstructed to map the architecture of the underlying gene regulatory network. For 
that, many studies have been using de novo network inference approaches (Rodriguez 
et al., 2019). However, a major challenge of these systems biology approaches is the 
genome-wide validation of the predictions, and the accuracy of the predictive power 
of the resulting gene regulatory networks. This is largely due to the lack of dynamic 
information on expression over time and of methods for rapidly validating the inferred 
TF-target interactions in vivo. Recently, enormous progress has been made toward 
developing algorithms to modeling high-resolution time series RNA expression data sets 
(Breeze et al., 2011; Windram et al., 2012; Lewis et al., 2015). Gene regulatory networks 
can be constructed linking transcription regulators to a specific short sequence in 
the regulatory region (cis-element) of a target gene in a set of co-expressed genes 
(Windram and Denby, 2015). Gene regulatory networks are also often used to predict 
new functions for genes or gene products. Using the guilt-by-association strategy, genes 
belonging to the same cluster are predicted to have similar functions. Regulators, like 
TFs, in a cluster may be crucial for the expression behavior of the other gene members 
in the same cluster. In addition, using the temporal expression behavior of genes, from 
which enrichment in cis-elements at certain phases in the dynamic network can be 
determined, the TF(s) responsible for changed expression level can be derived. These 
hubs in the network can be experimentally validated in planta.

A prerequisite for TFs to function is their accessibility to the regulatory region of their 
target genes, which is determined by the chromatin structure in the target promoters. 
Altering the activity of specific regulatory components in TF-DNA complexes can make 
the plant immune regulatory network more tunable for different signals and improve 
the interaction between plant and microbes to the advantage of the plant (Foo et 
al., 2018).  Recently developed high-throughput technologies and data analyses are 
helping to increase our molecular understanding of the regulatory landscape of the 
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plant genome. The DNA binding sequences that are represented in TF DNA binding 
datasets have often been determined in in vitro assays (Franco-Zorrilla and Solano, 
2017). The DNA affinity purification sequencing (DAP-seq) database offers the in vitro 
DNA binding sites of over 327 Arabidopsis TF-binding sites. It was shown that DNA 
methylation within a TF-binding motif can alter the binding of 76% of the tested TFs, in 
most cases leading to an inhibition of TF binding (O’Malley et al., 2016).

Refining assays with new chromatin accessibility and TF-DNA binding strategies 
to better predict target genes will allow new approaches to study whole genome 
transcriptional regulation in plants. These achievements will enable reconstruction of 
the gene regulatory networks in a holobiont context, allow discovery of multimeric TF 
complexes, and establish transcriptional hierarchies in the networks. Undoubtedly, the 
computational integration of all the DNA-protein interaction data derived from these 
technological advances, as well as information on chromatin states, DNA methylation, 
and protein-protein interactions involved in cooperative binding will impose a huge 
challenge on future biologists. Further development of computational tools will 
definitely be essential in order to characterize the plant immune gene regulatory 
network in a holobiont context. 

5. OUTLINE OF THIS THESIS

Hormones are central regulators of plant immunity. They can trigger large-scale 
reprogramming of the plant’s transcriptome, and influence each other in an antagonistic 
or synergistic manner. To better understand the complexity of SA- and JA-mediated 
transcriptional reprogramming, we performed high-resolution RNA-seq time series in 
Arabidopsis leaves to define the transcriptional effects elicited by SA and JA. The overall 
aim of my PhD project was to advance our understanding of the SA- and JA- controlled 
immune signaling networks in Arabidopsis and discover novel master regulators of 
hormone-regulated plant immunity. To this end, we used the systems approach of 
high-density time series RNA-seq to unravel in detail the dynamics and architecture of 
the gene regulatory network that is activated in Arabidopsis in response to SA and JA. 

In Chapter 2, we used high-density time series RNA-seq to investigate the architecture 
and dynamics of the JA gene regulatory network. Using this approach, we uncovered 
several TFs, including MYB59 and bHLH27, as early network components with a role in 
pathogen and insect resistance. Analysis of subnetworks surrounding the TFs ORA47, 
MYB59 and bHLH27, using a combination of transcriptome profiling of mutants, 
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plant bioassays with pathogens and insects, and protein-protein interaction studies 
highlighted their specific regulatory roles in defined modules of the JA network. 

In Chapter 3, we used high-density time series RNA-seq to unravel the architecture and 
dynamics of the SA gene regulatory network. Important roles for the so far unidentified 
TFs ANAC061 and ANAC090 in SA-mediated immunity was unveiled using mutants in 
bioassays and transcriptome studies. 

In Chapter 4, we used a bioinformatics pipeline to identify groups of related proteins 
whose genes were responsive to SA, as determined by RNA-seq in Ch3, but as yet had 
no previously characterized function in plant immunity. One of these families consisted 
of eight genes encoding small proteins that contain a cysteine-rich transmembrane 
domain, which we named pathogen-induced cysteine-rich transmembrane proteins 
(PCMs). Stable PCM-overexpressing Arabidopsis lines displayed enhanced resistance 
against biotrophic pathogens confirming a role for members of this gene family in 
plant immunity. 

In Chapter 5, I provide a summarizing discussion on the outcomes of my PhD research 
and a reflection on the questions that remain for future research.

1
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The work described in Hickman et al., (2017) is a large study with important contributions 
of different authors. Chapter 2 is an adapted version of Hickman et al. (2017). Besides 
the core of the story, it highlights the contributions of Marciel Pereira-Mendes, which 
includes the validation of the transcription factors bHLH27, ERF16, MYB48, MYB59, and 
ANAC056 (Fig. 1), and additional transcription factors using bioassays (Supplemental 
Fig. S2, S3 and S4), validation of the ORA47 subnetwork (Fig. 4), transcriptome analyses 
of bhlh27 and myb48/my59 (Fig. 5), yeast two-hybrid analysis (Fig. 6 and Table 1).  
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ABSTRACT

Jasmonic acid (JA) is a critical hormonal regulator of plant growth and defense. To 
advance our understanding of the architecture and dynamic regulation of the JA gene 
regulatory network, we performed a high-resolution RNA-Seq time series of methyl 
JA-treated Arabidopsis thaliana at 15 time points over a 16-h period. Computational 
analysis showed that MeJA induces a burst of transcriptional activity, generating diverse 
expression patterns over time that partition into distinct sectors of the JA response 
targeting specific biological processes. The presence of transcription factor (TF) DNA-
binding motifs correlated with specific TF activity during temporal MeJA-induced 
transcriptional reprogramming. Insight into the underlying dynamic transcriptional 
regulation mechanisms was captured in a chronological model of the JA gene regulatory 
network. Several TFs, including MYB59 and bHLH27, were uncovered as early network 
components with a role in pathogen and insect resistance. Analysis of subnetworks 
surrounding the TFs ORA47, MYB59 and bHLH27, using transcriptome profiling of 
overexpressors and mutants, provided insights into their regulatory role in defined 
modules of the JA network. Collectively, our work illuminates the complexity of the JA 
gene regulatory network, pinpoints and validates previously unknown regulators, and 
provides a valuable resource for functional studies on JA signaling components in plant 
defense and development.

2
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INTRODUCTION

In nature, plants are subject to attack by a broad range of harmful pests and pathogens. 
To survive, plants have evolved a sophisticated immune signaling network that 
enables them to mount an effective defense response upon recognition of invaders. 
The phytohormone jasmonic acid (JA) and its derivatives are key regulators in this 
network and are typically synthesized in response to insect herbivory and infection 
by necrotrophic pathogens (Wasternack, 2015). Enhanced JA production mediates 
large-scale reprogramming of the plant’s transcriptome, which is influenced by 
the antagonistic or synergistic action of other hormones produced during parasitic 
interactions, such as salicylic acid (SA), ethylene (ET) or abscisic acid (ABA) (Pieterse et 
al., 2012; Campos et al., 2014; Wasternack, 2015). The JA signaling network coordinates 
the production of a broad range of defense-related proteins and secondary metabolites, 
the composition of which is adapted to the environmental context and nature of the 
JA-inducing condition (Pieterse et al., 2012; Campos et al., 2014; Wasternack, 2015).

In the past decade, major discoveries in the model plant Arabidopsis have greatly 
advanced our understanding of the JA signaling pathway. In the absence of an invader, 
when JA levels are low, activation of JA-responsive gene expression is constrained by 
repressor proteins of the JASMONATE ZIM-domain (JAZ) family that bind to specific 
JA-regulated transcription factors (TFs). The conserved C-terminal JA-associated (Jas) 
domain of JAZs competitively inhibits interaction of the TF MYC3 with the MED25 
subunit of the transcriptional Mediator complex (Zhang et al., 2015a). Moreover, JAZs 
recruit the TOPLESS corepressor, either directly or through the NOVEL INTERACTOR 
OF JAZ (NINJA) adapter, which epigenetically inhibits expression of TF target genes. In 
response to pathogen or insect attack, bioactive JA-Isoleucine (JA-Ile) is synthesized, 
and promotes the formation of the coreceptor complex of JAZ (via its Jas domain) 
with CORONATINE INSENSITIVE1 (COI1), the F-box protein of the E3 ubiquitin-ligase 
Skip-Cullin-F-box complex SCFCOI1. Upon perception of JA-Ile, JAZ repressor proteins 
are targeted by SCFCOI1 for ubiquitination and subsequent proteasomal degradation 
(Chini et al., 2007; Thines et al., 2007; Sheard et al., 2010). This degradation leads to 
the release of the JAZ-mediated repression of TFs and to subsequent induction of JA-
responsive gene expression.

Several groups of TFs are known to be important for regulation of the JA pathway. Upon 
degradation of JAZs, MYC2 acts in concert with the closely related bHLH TFs MYC3 
and MYC4 in activating a large group of JA-responsive genes by directly targeting their 
promoters (Dombrecht et al., 2007; Cheng et al., 2011; Fernández-Calvo et al., 2011). 
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While current evidence indicates that MYC2, MYC3 and MYC4 act as master regulators 
of the onset of JA responsive gene expression, additional factors are required for further 
fine-regulation of the JA signaling circuitry. Several other bHLH TFs, such as JASMONATE-
ASSOCIATED MYC2-LIKE1 (JAM1)/bHLH017, JAM2/bHLH013, JAM3/bHLH003 and 
bHLH014 act redundantly to repress JA-inducible genes by competitive binding to cis-
regulatory elements, possibly to control the timing and magnitude of the induced JA 
response (Nakata et al., 2013; Sasaki-Sekimoto et al., 2013; Song et al., 2013). Another 
important family of regulators that shapes the JA response is the APETALA2/ETHYLENE 
RESPONSE FACTOR (AP2/ERF) family of TFs. AP2/ERF-type TFs, such as ERF1 and ORA59 
(OCTADECANOID-RESPONSIVE ARABIDOPSIS AP2/ERF-DOMAIN PROTEIN59), integrate 
the JA and ET response pathways and act antagonistically on MYC2-, MYC3-, and MYC4-
regulated JA-responsive genes (Lorenzo et al., 2003; Pré et al., 2008; Zhu et al., 2011; 
Pieterse et al., 2012). In general, AP2/ERF-regulated JA responses in the ERF branch of 
the JA pathway are associated with enhanced resistance to necrotrophic pathogens 
(Berrocal-Lobo et al., 2002; Lorenzo et al., 2003), whereas the MYC TF-regulated JA 
responses in the MYC branch of the JA pathway are associated with wound response 
and defense against insect herbivores (Lorenzo et al., 2004; Kazan and Manners, 2008; 
Verhage et al., 2011).

A detailed understanding of how responsiveness to JA is regulated is important in 
order to find leads that can improve crop resistance to pathogens and insects, 
while maintaining plant growth. Previously, several microarray-based transcriptome 
profiling studies revealed important information on the regulation of JA-responsive 
gene expression (Goda et al., 2008; Pauwels et al., 2008). However, because these 
studies analyzed this response at limited temporal resolution, much has remained 
unknown about the architecture and dynamics of the JA gene regulatory network. 
Here, we performed an in-depth, high-throughput RNA sequencing (RNA-Seq) study 
in which we generated a high-resolution time series of the JA-mediated transcriptional 
response in leaf number 6 of Arabidopsis plants. Computational analysis of the JA-
induced transcriptional landscape provided insight into the structure of the JA gene 
regulatory network at an unprecedented level of detail. We accurately identified distinct 
JA-induced expression profiles, and used these to predict and validate the biological 
function of several previously unknown regulators of the JA immune regulatory 
network. We resolved the sequence of transcriptional events that take place following 
induction of the JA response, constructed a dynamic model of the JA gene regulatory 
network, and identified and validated subnetworks surrounding several JA-induced 
TFs, confirming the suitability of our systems approach to obtain detailed knowledge 
on regulation of the JA response pathway.

2
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RESULTS

A time course of MeJA-elicited transcriptional reprogramming
A key step towards a systems-level understanding of the architecture of the JA 
signaling network is to obtain comprehensive and accurate insight into the dynamic 
transcriptional reprogramming that takes place in plants following JA stimulation. To 
go beyond earlier studies that analyzed the JA transcriptional response with a limited 
number of time points, we generated a high-resolution time series of JA-mediated 
transcriptional reprogramming in Arabidopsis leaves. Previously, similar types of 
dense time series experiments with Arabidopsis have been successfully utilized to help 
decipher gene regulatory networks underpinning a variety of biological processes, such 
as senescence and responsiveness to infection by Botrytis cinerea and Pseudomonas 
syringae (Breeze et al., 2011; Windram et al., 2012; Lewis et al., 2015). Here, we used 
RNA-Seq technology to profile whole-genome transcriptional expression in Arabidopsis 
leaves just before the treatments (t = 0 h), and over 14 consecutive time points within 16 
h following application of methyl JA (MeJA, which is readily converted to JA) or a mock 
solution to the leaves of intact plants (Supplemental Dataset 1). At all time points and 
for each treatment, one leaf (true leaf number 6) was sampled in quadruplicate from 
four independent 5-week-old Col-0 plants, yielding 116 samples in total (Supplemental 
Dataset 1). Read counts were normalized for differences in sequencing depth between 
samples (Supplemental Dataset 2) and a generalized linear model was employed to 
identify genes whose transcript levels differed significantly over time between MeJA 
and mock treatments (see Van Verk et al. (2013) and Methods for details). This analysis 
yielded a set of 3611 differentially expressed genes (DEGs; Supplemental Dataset 3).

Our high-resolution temporal transcriptome data captured a diverse set of dynamic 
responses to MeJA stimulation (Supplemental Figure 1). The majority of expression 
changes in individual genes followed a clear single-pulse (impulse) pattern, which is 
often observed in responses to environmental stress in eukaryotic cells and coordinates 
the temporal regulation of specific gene expression programs (Yosef and Regev, 2011). 
By monitoring the transcriptional changes in leaf number 6, we maximally synchronized 
the onset of the JA response in intact plant tissue. Hence, the resulting information-
rich time series of MeJA-responsive gene expression profiles are highly suited to 
computational approaches that can generate biological insights into the regulation of 
the underlying JA transcriptional network.
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Process-specific gene clusters
To begin to decode the JA gene regulatory network, the time series–clustering algorithm 
SplineCluster was used to partition the set of 3611 DEGs into clusters of co-expressed 
genes that share similar expression dynamics. This yielded 27 distinct clusters with 
distinct response patterns (Figure 1A, Supplemental Figure 1, Supplemental Dataset 
4), which broadly fell into two major groups: those that showed increased expression 
in response to application of MeJA (clusters 1–14), and those that exhibited reduced 
expression (clusters 15–27). The cluster analysis highlighted a global burst of MeJA-
induced up- or down-regulation of gene transcription, generally starting within 1 
h and peaking within 2 h after treatment. Most clusters showed a clear pulse-like, 
transient change in transcript levels (e.g. clusters 8 and 18, up- and down-regulation, 
respectively). A largely sustained induction throughout the time course was displayed 
in for example clusters 1 and 2. More complex expression patterns were also revealed; 
cluster 14 presented two consecutive pulses of activation.

The genes in each cluster were tested for overrepresented functional categories using 
Gene Ontology (GO) term enrichment analysis to investigate the biological significance of 
the distinct dynamic expression patterns (Supplemental Dataset 5). This analysis showed 
that clusters representing up-regulated genes were, as expected, overrepresented for 
functional terms associated with JA defense responses. Broad annotations such as 
‘Response to wounding’ and ‘Response to herbivory’ were present in multiple up-
regulated clusters, while in contrast the more specific functional categories were 
linked to distinct clusters. For example, cluster 6 was specifically enriched for the 
annotation term ‘Anthocyanin-containing compound biosynthetic process’, cluster 8 
for ‘Tryptophan biosynthetic process’, and cluster 14 for ‘Glucosinolate biosynthetic 
process’. Each of these clusters contained many of the genes previously implicated 
in these secondary metabolite biosynthesis pathways, but also uncharacterized 
genes that may have an important function in these specific processes (Supplemental 
Dataset 5). The significant enrichment of distinct gene clusters for a specific biological 
process indicates that the dynamic expression profiles generated in this study possess 
information that is sufficiently detailed to capture discrete sectors of the JA-controlled 
gene network that control specific processes. These sectors are likely subject to distinct 
regulation encoded within the promoters of the genes in the respective clusters.

To facilitate the use of the expression data for the research community, a searchable 
(by gene ID) figure has been made available that visualizes coexpression relationships 
in time for all DEGs in the individual clusters (Supplemental File 1).

2
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Figure 1. Clustering of co-expressed genes in the JA gene regulatory network and identification 
of novel components of JA-dependent resistance. 
(A) The set of 3611 genes showing differential expression in Arabidopsis leaves following exogenous 
application of MeJA was partitioned into 27 distinct co-expressed gene clusters using SplineCluster. 
The heatmap shows the mean gene expression profile for each cluster, with red and blue indicating up-
regulation and down-regulation of expression (log2-fold change (MeJA/mock)), respectively. (B) Significantly 
overrepresented TF families within clusters of genes up-regulated (clusters 1-14; red) or down-regulated 
(clusters 15-27; blue) in response to MeJA treatment (hypergeometric test; P ≤ 0.001). (C) Quantification
of disease symptoms of wild-type Col-0, highly susceptible ERF TF mutant ora59, and T-DNA insertion lines
for selected genes ERF16, MYB59, and bHLH27 (members of coexpression clusters 2, 4 and 1, respectively) 
at 3 days after inoculation with B. cinerea. Disease severity of inoculated leaves was scored in four classes 
ranging from restricted lesion (class I), non-spreading lesion (class II), spreading lesion (class III), up to 
severely spreading lesion (class IV). The percentage of leaves in each class was calculated per plant (n > 20). 
Asterisk indicates statistically significant difference from Col-0 (Chi-squared test; P ≤ 0.05). 
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(D) Performance of M. brassicae larvae on Col-0, highly susceptible triple bHLH TF mutant myc2,3,4 
and T-DNA insertion lines for selected genes ANAC056 (coexpression cluster 13) and bHLH27. The larval
fresh weight was determined after 8 days of feeding. Asterisk indicates statistically significant difference 
from Col-0 (two-tailed Student’s t test for pairwise comparisons; P ≤ 0.05; n=30; error bars are SE). (E) 
Quantification of disease symptoms of Col-0, myb48, myb59, myb48 myb59 and ora59 mutant lines at 3 
days after inoculation with B. cinerea. Disease severity of inoculated leaves was scored as described in (C) 
(n > 20). Asterisk indicates statistically significant difference from Col-0 (Chi-squared test; P ≤ 0.05). (F) 
Performance of M. brassicae larvae on Col-0 and myb48, myb59 and myb48 myb59 mutant lines. The larval 
fresh weight was determined after 12 days of feeding. Asterisk indicates statistically significant difference 
from Col-0 (two-tailed Student’s t test for pairwise comparisons; P ≤ 0.05; n=30; error bars are SD). (G) 
Heatmap indicating hypergeometric enrichment P value of genes differentially expressed in myb48 myb59 
(compared to Col-0) in each MeJA-induced coexpression cluster.

Discovery of defense regulators
Since TFs are the main drivers of transcriptional networks, we mapped the TF families 
that are enriched in the 27 clusters of MeJA-responsive DEGs. Within the up-regulated 
clusters, genes encoding members of the bHLH, ERF and MYB TF families were most 
significantly overrepresented (Figure 1B), suggesting that these TF families dominate 
the onset of JA-induced gene expression.

The early up-regulated gene clusters 1 and 2 (61 and 165 genes, respectively) were 
enriched for known JA-related genes such as the herbivory markers VSP1 and VSP2, as 
well as the regulators JAZ1, 2, 5, 7, 8, 9, 10 and 13, MYC2, ANAC019, ANAC055, RGL3, and 
JAM1 (Wasternack and Hause, 2013). In addition, TF genes with no previously reported 
roles in the JA response pathway were present in these clusters, which implies that they 
may also have regulatory functions in the JA response relevant to plant defense. To 
test this hypothesis, we selected 7 uncharacterized TF genes from clusters 1 and 2 and 
supplemented this set with 5 uncharacterized TF genes from other clusters displaying a 
similarly rapid response to MeJA treatment. The respective Arabidopsis T-DNA knockout 
lines were functionally analyzed for their resistance against the necrotrophic fungus 
Botrytis cinerea and the generalist insect herbivore Mamestra brassicae, which are 
both controlled by JA-inducible defenses (Pieterse et al., 2012). Mutants in the TF genes 
bHLH27, ERF16 and MYB59 displayed a significant increase in disease susceptibility to B. 
cinerea compared to wild-type Arabidopsis Col-0, approaching the disease severity level 
of the highly susceptible control mutant ora59 (Figure 1C; full results in Supplemental 
Figure 1 and additional mutant alleles in Supplemental Figure 3). Weight gain of M. 
brassicae larvae was significantly reduced on mutants of ANAC056 and bHLH27, while 
on none of the tested mutants larval weight was enhanced, as was the case on the 
susceptible control mutant myc2,3,4 (Figure 1D; full results and additional mutant 
alleles in Supplemental Figure 3 and 4). Thus, for 4 of the 12 tested MeJA-responsive, 
previously uncharacterized TF genes a predicted role in the JA response could be 
functionally validated for either B. cinerea or M. brassicae resistance, demonstrating 
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the value of using information-rich time series data to accurately identify co-expressed 
genes that may have novel functions in the JA pathway.

Contrasting roles in pathogen and insect defense for redundant gene pair MYB48/
MYB59
Many TFs originate from duplication events and have overlapping or even redundant 
functionality, so that their single mutants may not display the full effects on host 
immunity in the above-described analyses. Therefore, we additionally assayed a double 
mutant of a pair of genetically unlinked paralogous genes, MYB48 and MYB59 (Bolle 
et al., 2013) to uncover phenotypes not seen in either single mutant. This approach 
can provide further insight into the functionality of such TFs. The TF gene MYB59 
was upregulated within 30 minutes after application of MeJA and although the single 
mutant myb59 displayed enhanced susceptibility to B. cinerea (Figure 1C and 1E), it 
was unaffected in resistance to M. brassicae (Figure 1D and 1F). MYB48 was transiently 
downregulated by MeJA, but the single mutant myb48 did not show altered resistance 
to either B. cinerea or M. brassicae (Figure 1E and 1F). By contrast, the myb48 myb59 
double mutant was highly resistant to M. brassicae, reducing the larval growth 5-fold 
in comparison to Col-0 and the single mutants. Moreover, the double mutant displayed 
significantly more severe disease symptoms following infection by B. cinerea than either 
of the single mutants. This suggests that MYB48 and MYB59 function in concerted 
action as negative regulators of insect resistance and positive regulators of necrotrophic 
pathogen resistance.

To gain insight into the biological processes contributing to the differentially altered 
attacker performance on myb48 myb59, we performed RNA-Seq analysis on the double 
mutant. A total of 399 genes were differentially expressed between non-stimulated 
myb48 myb59 and Col-0 leaves (168 were up-regulated and 231 were down-regulated 
in the double mutant; Supplemental Dataset 6). Functional category analysis showed 
that in the up-regulated DEG set of the mutant compared to Col-0, processes like 
‘Response to wounding’ and ‘Response to jasmonic acid stimulus’ were enriched 
(Supplemental Dataset 7). This finding is in accordance with these myb48 myb59-
upregulated DEGs being overrepresented in coexpression clusters 1, 2, 7 and 9 of the 
MeJA-responsive DEGs (Figure 1G). Genes that showed enhancement of expression 
by both MeJA treatment and the myb48 myb59 mutation were for example the JA 
biosynthetic genes AOC2 and OPR3, and TF gene MYC2. Also, the downstream herbivore 
defense marker gene VSP2 showed > 50-fold higher expression in the mutant. This up-
regulation suggests prioritization of the JA pathway towards the anti-insect MYC branch 
in myb48 myb59, explaining its enhanced resistance to M. brassicae. However, MYC 
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branch-mediated antagonism of the ERF branch of the JA pathway, which would explain 
the reduction of defense against the necrotrophic pathogen B. cinerea, is not apparent 
from our transcriptome data. It may be that MYB48/MYB59-regulated genes that are 
enriched for ‘Secondary metabolite biosynthetic processes’ (represented by clusters 
17–19, 21 and 25) and are down-regulated in the mutant are important for resistance 
to B. cinerea. This example highlights that higher-order mutants can reveal important 
gene regulatory functions that would otherwise be masked by genetic redundancy.

Chronology of MeJA-mediated transcriptional reprogramming
Next, we utilized the temporal information in our RNA-Seq time series to resolve the 
chronology of gene expression events in the JA gene regulatory network. First, we 
divided the genes into sets of up- and down-regulated DEGs and sorted them according 
to the time at which they first became differentially expressed (Supplemental Figure 5; 
see Methods for details). From this analysis, it became clear that a massive onset of gene 
activation precedes that of gene repression, and that different waves of coordinated 
gene expression changes can be identified in the time series. The majority of all DEGs 
became first differentially expressed within 2–4 h after MeJA treatment, which indicates 
engagement of relatively short transcriptional cascades, allowing for a rapid response 
to an external signal (Alon, 2007). Up- and down-regulated DEGs were then further 
separated into two additional sets based on their predicted function as transcriptional 
regulators (termed regulator genes) or as having a different function (termed regulated 
genes; Supplemental Dataset 3). We were specifically interested in identifying time 
points where coordinated switches in transcriptional activity take place, reasoning that 
pairs of adjacent time points that display a weaker correlation indicate important points 
of coordinated switches in transcriptional activity (see Methods and Supplemental 
Figure 6 for details). Therefore, within each of the four mutually exclusive gene sets, 
we examined the pairwise correlations of expression levels between all pairs of time 
points. Clustering of the resulting correlation matrices revealed six distinct phases in 
transcriptional activation, and four phases in transcriptional repression (Figure 2). The 
first two phases of up-regulation (phase Up1 and Up2) started within 0.5 h after MeJA 
treatment in the set of regulator genes, while at 1.5 h a third phase of up-regulation 
of regulator genes ensued (phase Up4). For the regulated genes, the first phase of up-
regulation started at 1 h after MeJA treatment (phase Up3), which was clearly later than 
the first onset of the regulator genes. A similar sequence of events could be observed 
in the down-regulated regulator and regulated genes, although the start was delayed 
compared to the activation of up-regulated genes.
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Figure 2. Chronology of changes in the MeJA-triggered gene regulatory network. 
Analysis of the major transcriptional phases in the JA gene regulatory network. Transcriptional phases are 
indicated by boxes, aligned on the timeline. DEGs are assigned to the phases according to the time point 
where they become first differentially expressed; indicated are overrepresented functional categories and 
representative genes. Colored squares indicate known TF DNA-binding motifs overrepresented in gene 
promoters (hypergeometric distribution; P ≤ 0.001). Pie charts indicate the proportion of TF gene families.

Our time series captured the temporal association between the changes in transcript 
abundance of transcriptional regulators and downstream targets encoding proteins 
responsible for the biochemical reactions that represent the defensive outputs of the 
JA response. To explore the biological significance and directionality in the regulation 
of the identified transcriptional phases in the JA gene regulatory network, all DEGs 
were assigned to the phase in which they first became differentially expressed (see 
Methods and Supplemental Figure 6 for details). The resulting gene lists of the 10 
transcriptional phases were tested for overrepresentation of functional categories and 
promoter motifs (Figure 2; Supplemental Dataset 11–14). Phase Up1 represented the 
immediate transcriptional response, with genes encoding bHLHs, JAZs, MYBs, ERFs, and 
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other transcriptional regulators associated with JA biosynthesis. These early regulator 
genes may play a role in the induction of other regulator-encoding genes present 
in phases Up2 and 4, and of regulated genes present in phases Up3, 5 and 6, which 
are linked to defense responses such as glucosinolate, tryptophan and anthocyanin 
biosynthesis (Figure 2; Supplemental Dataset 12). In support of this relationship, in the 
promoters of DEGs in phase Up3, DNA motifs that could be bound by TFs transcribed 
in previous phases Up1 and 2, like bHLH-, ERF- and MYB-binding motifs, were enriched. 
In phase Up3, genes involved in JA biosynthesis were also enriched, suggesting that 
this process is one of the first targets of JA-mediated transcriptional reprogramming. 
Overall, induction of the JA pathway showed a clear chronology of up-regulated gene 
expression events, starting with the activation of genes encoding specific classes of TFs 
and of JA biosynthesis enzymes, followed by genes encoding enzymes involved in the 
production of important defensive secondary metabolites.

The first wave of transcriptional repression by MeJA was also marked by genes encoding 
transcriptional regulators, and began at 1 h after MeJA treatment, after which phases 
Down2, 3 and 4 followed at 2, 3 and 4 h after MeJA treatment, respectively (Figure 
2; Supplemental Dataset 11). These groups of down-regulated genes highlight the 
antagonistic effects of JA on other hormone signaling pathways and defense responses 
in the first two phases. Phase Down1 for instance was characterized by the repression of 
different defense-related genes such as NPR4 and MYB51, which encode regulators that 
promote SA responses and indolic glucosinolate biosynthesis, respectively (Gigolashvili 
et al., 2007; Fu et al., 2012). Accordingly, MYC2, which was induced by MeJA in phase 
Up1, was previously shown to suppress the accumulation of indolic glucosinolates 
(Dombrecht et al., 2007). Phase Down2 was also enriched for genes associated with 
SA-controlled immunity, including the key immune-regulators EDS1 and PAD4 (Feys et 
al., 2001). In line with these observations, there was an overrepresentation for WRKY-
binding motifs in the promoters of genes present in phase Down 1 and 2, suggesting 
that their repressed expression was mediated by an effect of MeJA on WRKY action. 
Later phases of transcriptional repression (phases Down3 and 4) were marked by an 
overrepresentation of genes related to growth and development, including primary 
metabolism and auxin signaling, and an enrichment of DNA motifs recognized by TCP 
TFs, which conceivably reflects an effort by the plant to switch energy resources from 
growth to defense (Attaran et al., 2014). A general observation that can be made from 
this chronological analysis of the JA gene regulatory network is that despite the overall 
relatively short transcriptional cascades controlling gene activation or repression, 
distinctive transcriptional signatures, associated with specific biological processes, were 
initiated at different phases in time.
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Inference of regulatory interactions reveals ORA47 as a key regulator of JA biosyn-
thesis
Next, we made use of the TF DNA-binding motif information of the genes in the 
temporally separated transcriptional phases to construct a gene regulatory network 
that predicted directional interactions between the JA responsive TF genes and all genes 
associated with the different transcriptional phases (Supplemental Dataset 15). The 
JA gene regulatory network generated via this analysis is shown in Figure 3, in which 
a differentially expressed TF gene (represented by a circular node in the network) is 
connected by an edge to a transcriptional phase (represented by a rectangle in the 
network) when the corresponding DNA-binding motif was overrepresented in that 
phase. The generated network model showed TFs that were predicted to regulate 
expression of genes at either single or multiple transcriptional phases. The early phases 
likely contained key regulators of subsequent phases. Phase Up1 contained the TFs 
MYC2 and JAM1, which were among the most active TFs, as their cognate DNA-binding 
motifs (both share the same consensus, CACGTG) were enriched in the promoters of 
genes assigned to a large fraction of the up-regulated transcriptional phases. This 
prediction is in line with recent reports suggesting that the positive regulator MYC2 
and the negative regulator JAM1 cooperate to balance JA responses by competitive 
binding to their shared target sequences (Nakata et al., 2013; Sasaki-Sekimoto et al., 
2013). What determines the different timing by these regulators to effectively activate 
or repress transcription awaits further investigation. Phases Up1 and Up2 also contained 
the TF genes bHLH27, ERF16, ANAC056 and MYB59, of which corresponding mutants 
showed altered resistance levels to B. cinerea infection and/or M. brassicae infestation 
(Figure 1C and 1D). Cognate DNA-binding motifs of these TF families were enriched in 
genes that were induced in multiple subsequent transcriptional phases (Figure 2 and 3).
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Figure 3. Predicted directional interactions in the JA gene regulatory network. 
Network plot of inferred connections between MeJA-induced TFs and genes in transcriptional phases. The 
promoter sequences of genes associated with a transcriptional phase were tested for overrepresentation of 
DNA motifs shown to be bound to TFs that are differentially transcribed following MeJA treatment. Each TF 
with a known motif is represented by a colored circle, and is plotted at the time point that its corresponding 
gene is first differentially expressed. Each transcriptional phase is represented by a rectangle and plotted 
in time according to its onset. An edge between a TF and a phase indicates significant enrichment of the 
corresponding binding motif in that phase. The size of each TF node is proportional to the number of phases 
in which its binding site is overrepresented. To aid interpretation of the network, nodes are grouped and 
colored according to the transcriptional phase where they first become differentially expressed.

Phase Up1 also contained TF genes that were predicted to have a more limited regulatory 
scope, such as the ERF TF gene ORA47, for which the binding motif (consensus, CCG(A/T)
CC) was overrepresented only in the promoters of genes assigned to phase Up3. These
genes included the JA biosynthesis genes LOX2, AOS, AOC1, AOC2, AOC3, ACX and OPR3,
thus suggesting that this cis-element and its cognate TF ORA47 may play a role in
regulating JA production, which reflects the positive feedback loop that is known to
maintain and boost JA levels upon initiation of the JA response (Wasternack, 2015).
Focusing on this predicted subnetwork (Figure 4A), we found that ORA47 and several
of the JA biosynthesis genes were predicted to be targets of MYC2, suggesting that
MYC2 together with ORA47 regulates JA biosynthesis in Arabidopsis. Figure 4B shows
that the presence of the ORA47-binding motif was conserved between the promoters
of AOS, AOC2, OPR3 and LOX3 orthologs of field mustard (Brassica rapa), grape (Vitis
vinifera), and poplar (Populus trichocarpa), pointing to a role for ORA47 and its cognate
binding element in the regulation of JA biosynthesis genes. Moreover, in stimulated
β-estradiol-inducible ORA47 plants, expression of LOX2, LOX3, AOS, AOC1, AOC2 and

2



42

Chapter 2

OPR3 was increased and accumulation of JA and JA-Ile was also enhanced (Figure 4C 
and 4D), which is in line with and extends previous findings (Pauwels et al., 2008; Chen 
et al., 2016). We did not observe a significant increase in expression of JAR1, encoding 
the enzyme responsible for catalyzing conjugation of JA with isoleucine, suggesting that 
basal JAR1 levels are sufficient for the conversion of excess JA into biologically active 
JA-Ile. Taken together, these experimental results supported our model prediction 
that ORA47 is an important regulator of JA biosynthesis and highlight the potential of 
combining time series expression data with motif analysis to infer key regulators and 
their targets in gene regulatory networks.

Figure 4. Prediction and functional analysis of ORA47-controlled subnetwork. 
(A) Expanded sub-network extracted from the global JA gene regulatory network, indicating inferred
regulation of JA biosynthesis genes by ORA47. Nodes indicating TFs and JA biosynthesis genes are colored 
grey and orange, respectively. Directed edges indicate occurrence of TF-binding sites in the promoter of the 
target gene. (B) Evolutionary conservation of ORA47 DNA-binding motif. Occurrences of the ORA47 motif 
(consensus, CCG(A/T)CC) were identified in promoters of an orthologous gene from each of the indicated 
JA biosynthesis genes (top row). Black arrows indicate a significant match within a gene promoter to the 
ORA47 motif. 5’UTR, 5-prime untranslated region; CDS, coding sequence. (C) Induction of genes encoding 
JA biosynthesis enzymes in estradiol-inducible ORA47 plants. Expression levels of JA biosynthesis genes 
were measured in leaves 8 h after application of either estradiol or DMSO (mock) using quantitative RT-PCR 
(qRT-PCR). Shown are the mean expression levels of five biological replicates with mock treatments set at 1. 
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Asterisk indicates significant differences between mock- and estradiol-treated plants (Student’s t test; 
P ≤ 0.05; error bars are SE). (D) Production of JA, JA-Ile, ABA, and SA in estradiol-inducible ORA47 lines. 
Compound levels were measured from the same leaf tissue harvested for the qRT-PCR analysis described 
in C. Asterisk indicates significant difference between mock- and estradiol-treated plants (Student’s t test; 
P ≤ 0.05; error bars are SE).

Inference of regulatory interactions reveals key regulators of JA subnetworks
For the vast majority of TFs in our chronological model, it was unclear which specific 
JA-responsive genes they regulate. To validate and extend our chronological network 
model further, we made use of transcriptome data sets of three Arabidopsis lines 
that are perturbed in TFs that were predicted by our model to regulate downstream 
subnetworks. First, we investigated the effect of the TFs MYB48 and MYB59 by studying 
their target genes in the myb48 myb59 double mutant line. As described above (Figure 
1G; Supplemental Dataset 6), 399 genes were differentially expressed compared to the 
wild type and the overlap between MeJA-responsive and MYB48/59-regulated genes 
was highly significant (164 DEGs, P < 2.2e-16; hypergeometric test). The vast majority of 
these genes were first differentially expressed after induction of MYB48 and MYB59 by 
MeJA treatment (Figure 5A). This pattern suggests that these DEGs may be downstream 
targets of MYB48/MYB59 activity during induced JA signaling. The likelihood of such 
targeting was confirmed by the enrichment of the MYB-binding motif in the promoter 
sequences of the down-regulated DEG set, while the enrichment in the up-regulated 
DEGs for the bHLH-binding motif suggests a role for MYB48/MYB59 in attenuation of 
the MYC branch of the JA pathway.

We also investigated the effect of the TF bHLH27 by studying their target genes in 
the bhlh27 mutant. Transcriptional profiling of leaves from the bhlh27 mutant under 
non-stress conditions, led to the identification of 197 DEGs (Supplemental Dataset 
16). Of these, a significant portion (52 DEGs; P < 4.93e-6; hypergeometric test) was 
also differentially expressed in the MeJA time series. Projecting the common set of 
DEGs onto the transcriptional network model revealed that >95% of these genes were 
present in transcriptional phases that were temporally downstream of the phase 
containing bHLH27 (phase Up2, Figure 5B). Analysis of the overlap between bhlh27 
DEGs and the MeJA-induced coexpression clusters from the present study revealed 
a specific enrichment for bHLH27 targets in cluster 7, 12, 19, 21 and 25, which are 
overrepresented for genes associated with JA-related responses such as JA biosynthesis, 
biological regulation and pigment metabolic process, suggesting a role for bHLH27 in 
the JA gene regulatory network, which may impact the resistance levels to B. cinerea 
positively and to M. brassicae negatively (Figure 1).
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Figure 5. Projection of MYB48/MYB59 and bHLH27 target genes on the JA network model. 
Genes that are differentially expressed in the myb48myb59 double mutant line (A) and bhlh27 (B) were 
overlaid on the network described in Figure 3. Due to space limitations, shown are the top 50 most significant 
differentially expressed overlapping genes. 
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DEGs are indicated by nodes and positioned according to phase membership. Direction of misregulation in 
the mutants is indicated by color; yellow, up-regulated; cyan, down-regulated. Edges are drawn out from a 
red-colored square node, representing myb48 myb59 (A) or bhlh27 (B); the myb48 myb59 double mutant is 
situated between MYB59 in phase Up2 and MYB48 in phase Down1 (A), and the bhlh27 mutant is situated 
in phase Up2 (B). Inset: heatmap indicating hypergeometric enrichment P value of bHLH27 target genes in 
each MeJA-induced coexpression cluster. A similar figure for MYB48/59 target genes is shown in Figure 1G.

Collectively, analysis of the transcriptomes of myb48 myb59 and bhlh27 suggests that 
in the context of the JA gene regulatory network, the studied TFs regulate specific 
subsets of genes and are associated with distinct biological processes. Thus, these 
examples demonstrate the value of leveraging TF perturbation transcriptome data with 
our information-rich MeJA-induced dataset to begin to explore specific transcriptional 
subnetworks, which better define the mechanistic function of individual TFs, and aids 
the holistic understanding of the JA gene regulatory network.

bHLH27 interactome network
Interactions between TFs with other proteins can strongly influence TF functionality. 
To identify binding partners of bHLH27, we conducted yeast two-hybrid (Y2H) screens 
for Arabidopsis proteins that interact with bHLH27. Fusion of bHLH27 to the Gal4 DNA 
binding domain (BD) showed substantial auto activation when used as bait, indicating 
that bHLH27 could activate transcription of the reporter gene. Therefore, we generated 
a series of eight different versions of bHLH27 that were truncated at different positions 
(Figure 6A). Only bHLH27Δ58, which is truncated at the N-terminus, displayed no auto 
activation in yeast when used as bait (Figure 6B).
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Figure 6. Screening of truncated versions of bHLH27 for auto activation-negative Y2H bait 
constructs. 
(A) The bHLH27 coding sequence (cDNA) was truncated at eight different position (Δ51 to Δ58) at both 5’ 
and 3’ of the gene. The amplified fragments were cloned into Y2H bait vectors. (B) bHLH27 auto activation 
in yeast. Deletion fragments of the bHLH27 were assayed for auto activation in the Y2H system. Spots range 
10-1 to 10-5 dilution in different auto activation selection media.

Y2H screens using bHLH27Δ58 as bait recovered nine potential targets, which are 
annotated with diverse molecular functions (Table 1). Three of the putative interacting 
proteins were annotated as regulators of transcription, including the TFs TCP13 and 
TCP21/CHE. These candidates are particularly interesting because the interactions 
between the MeJA-regulated bHLH27 with TCP family TFs may represent a mechanism 
of crosstalk between JA and transcriptional regulation by these TCPs, which regulate 
photomorphogenesis (Baba et al., 2001) and circadian clock (Pruneda-Paz et al., 2009), 
respectively).

The screen also revealed two candidate proteins that are involved in MAP kinase 
signaling, NDPK3 and CKL3, which have been associated with programmed cell 
death (Baek et al., 2004; Hammargren et al., 2008) and blue light signaling (Tan et 
al., 2013), respectively. Also, two candidates related to protein degradation were 
detected: a predicted component of the ubiquitin system, and enzyme CLPP4 that has 
endopeptidase functionality. Thus, these data suggest multiple points in the cellular 



47

The jasmonic acid gene regulatory network

signaling cascade where bHLH27 may act through interaction with other proteins, 
thereby influencing JA responsiveness and functioning in different biological processes.

Table 1. Selected candidate binding partners for bHLH27Δ58.

AGI Gene symbol Description

AT4G11010 NDPK3 nucleoside diphosphate kinase

AT1G72340 translation initiation factor

AT4G28880 CKL3 protein serine/threonine kinase

AT5G45390 CLPP4 serine-type endopeptidase

AT3G02150 PTF1/TCP13 TF

AT5G08330 CHE/TCP21 TF

AT1G03130 PSAD-2 photosystem I reaction center subunit

AT4G38170 FRS9 transcriptional regulator

AT5G32440 ubiquitin system component

DISCUSSION

Our computational analyses of high-density time series of RNA-Seq data obtained 
from Arabidopsis leaves of the same developmental stage (leaf number 6) allowed 
us to provide an unprecedentedly detailed insight into the architecture and dynamics 
of the JA gene regulatory network. Previously, studies on phytohormone-induced 
transcriptional responses have typically included only a limited number of time points or 
focused on the effect of perturbation of specific regulatory proteins on transcriptional 
activity in hormone-controlled gene regulatory networks (Tsuda et al., 2009; Nakata 
et al., 2013). Our time series study shows that MeJA induces a burst of transcriptional 
activity that generates a variety of detailed temporal expression patterns that partition 
into specific gene clusters representing different biological processes (Figure 1, 2 and 
4; Supplemental Figure 1 and 5). Differential expression analysis yielded a considerably 
more comprehensive MeJA-responsive gene set compared to previous transcriptomic 
studies, including a significant number of genes not represented on microarrays. In turn, 
this information yielded insights into the chronology and regulation of the biologically 
relevant JA response.

Network-informed discovery of players in the JA response
Using a dynamic network approach, we systematically determined how the diverse 
positive and negative regulatory components in the JA gene regulatory network function 
over time. MeJA-induced gene activation or repression was shown to be controlled 
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by short transcriptional cascades, yet yield distinctive transcriptional signatures that 
corresponded to specific sets of genes and biological processes (Figure 1). In general, 
it appears that bHLH TFs are master regulators controlling the majority of the MeJA-
inducible genes, while ERF and MYB TFs fine-tune the expression of dedicated sets 
of target genes in specific sectors of the gene regulatory network (Figure 1, 2 and 3). 
Besides the known regulators of the JA pathway, several other TFs, whose functions 
were not previously linked to JA responses, were identified in the network. By using a 
guilt-by-association approach, twelve early MeJA-induced TFs with unknown roles in 
the JA response were selected for validation of their biological function in pathogen or 
insect resistance. Four of these (bHLH27, ERF16, MYB59, and ANAC056) were found to 
play a role in resistance against the pathogen B. cinerea and/or the insect M. brassicae 
(Figure 1), highlighting the high success rate of our approach in the discovery of 
biological functions of genes in the JA network. Collectively, our gene perturbation 
data provide an important starting point for the characterization of so-far unexplored 
components of the JA gene regulatory network, while numerous other early- and late-
expressed TF or enzyme-encoding genes still await further exploration for functionality.

Mutants in bHLH27 and the double mutant lacking MYB48 and MYB59 were more 
susceptible to B. cinerea, yet more resistant to M. brassicae (Figure 1). Although this 
necrotrophic pathogen and chewing insect both stimulate JA biosynthesis, many 
subsequently induced changes in JA-responsive gene expression are specifically directed 
to the different attackers and hence engage different TFs and downstream targets. This 
differential response is coordinated by the mutually antagonistic ERF branch of the JA 
pathway, which is co-regulated by ET, and the MYC branch of the JA pathway, which 
is co-regulated by ABA (Pieterse et al. 2012). Several TFs have been documented to 
differentially affect MYC versus ERF branch-controlled gene expression and associated 
defenses. The best-known example of such a regulator is MYC2, a key positive regulator 
of MYC branch genes and associated defenses against chewing insects (e.g. Helicoverpa 
armigera, Spodoptera littoralis) (Dombrecht et al., 2007; Fernández-Calvo et al., 2011). 
By contrast, MYC2 negatively regulates defenses against necrotrophic pathogens (e.g. 
B. cinerea, Plectosphaerella cucumerina) (Lorenzo et al., 2004; Nickstadt et al., 2004).
JA-inducible NAC TF family paralogs ANAC019 and ANAC055 show the same effect: they
positively regulate MYC branch-associated genes and defenses to S. littoralis, while they
antagonize ERF branch-associated resistance to B. cinerea (Bu et al., 2008; Schweizer et
al., 2013). Oppositely, a positive regulator of the ERF branch, ORA59, controls defenses
to B. cinerea while it antagonizes MYC branch defenses, and ORA59 overexpression lines
become more attractive to P. rapae larvae (Pré et al., 2008; Verhage et al., 2011). Our
data suggest that bHLH27 functions as a negative regulator of the MYC branch, which
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may enhance ERF branch activation, thereby influencing resistance to B. cinerea. Other 
bHLH TFs (so called JAMs) have also been reported to antagonize MYC2-activated gene 
expression and defense to insects (Nakata et al., 2013; Sasaki-Sekimoto et al., 2013), 
but by contrast, ERF branch defense marker genes and resistance against B. cinerea 
were enhanced by the quadruple mutant lacking bHLH3 bHLH13 bHLH14 bHLH17 (Song 
et al. 2013). This finding indicates different underlying mechanisms of the different 
repressive bHLHs. MYB48 and MYB59 also antagonize the MYC branch as evidenced by 
the finding that the myb48 myb59 mutant showed not only enhanced resistance to M. 
brassicae, but also enhanced expression of MYC branch-associated genes (Figure 1E–G; 
Supplemental Datasets 6 and 7). The transcriptome analysis of myb48 myb59 did not 
suggest that the reduced resistance to B. cinerea is due to MYB48/MYB59-mediated 
antagonism of ERF branch. It may be that down-regulation of gene clusters enriched 
in specific secondary metabolism contributes towards compromised immunity in this 
mutant, but this awaits further functional analysis.

Uncovering redundant function by double mutant analysis
Reverse genetic screens are an important approach in the study of gene functions 
in Arabidopsis, but when additional genes have either fully or partially redundant 
functions, which is often the case with TF genes, their utility can be limited (Bolle et 
al., 2011). Redundancy may partially explain why 8 out of the 12 T-DNA insertion lines 
of the predicted JA-responsive TF genes that were tested in this study did not display 
significant changes in JA-associated immunity. By specifically targeting the highly similar 
TF-encoding gene pair MYB48 and MYB59, we generated a double mutant that displayed 
a more severe perturbation of JA-associated gene expression and immunity compared 
to either single mutant (Figure 1E–G and Supplemental Figure 9). Use of higher-order 
mutants can be critical to understand TF gene regulatory functions.

Network reconstruction enables prediction of regulatory interactions
Our time series data discerned a chronology of 10 transcriptional phases, showing that 
the onset of up-regulation preceded that of down-regulation, and that the first phase 
that was initiated within 15 minutes was represented by transcriptional regulators 
(Figure 2). JA biosynthesis is shown to be a first target for activation, followed by 
secondary metabolism, including activation of the tryptophan, glucosinolate and 
anthocyanin biosynthesis pathways. This latter observation correlates with the later 
activation of many MYB TF genes, which are important regulators of secondary 
metabolism, and the enrichment of MYB DNA-binding motifs in the up-regulated genes 
in later phases. Down-regulated genes showed enrichment in WRKY TF-binding motifs, 
which is linked with the suppressed expression of SA-associated defense genes.
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Integrating TF DNA-binding motif enrichment data with our chronological JA network 
model predicted putative causal regulations between TFs and downstream JA-regulated 
subnetworks (Figure 3, 4 and 5). Although subsets of the regulatory predictions were 
supported by the literature and by experimental validation in this study, the presented 
network model is not without limitations. Our approach does not consider potential 
nonlinear relationships between gene expression profiles, and has limited ability to 
account for expression of genes that strongly depend on the joint activity of more than 
one TF. Thus, a future extension of the work presented here could be to utilize these 
data with more formal modeling approaches that better account for combinatorial 
regulation of targets and/or are capable of capturing nonlinear characteristics of 
the regulatory system, such as approaches based on mutual information or dynamic 
Bayesian networks (Margolin et al., 2006; Penfold and Wild, 2011). Even when focusing 
on transcriptional networks as we have done here, it is important to note that some 
TFs may not be regulated transcriptionally themselves and hence are absent from our 
analysis. Additional techniques such as ChIP-seq and Y1H will help incorporate such 
regulators into the JA gene regulatory network model (Windram et al., 2014).

Dataset integration validates TF-specific regulatory functions
Exploring the regulatory predictions between TF regulators and their target genes 
highlighted a local regulatory module centered around the early JA-responsive AP2/
ERF TF ORA47. Based on the occurrence of the ORA47 DNA-binding motif in their core 
promoters, we predicted that this TF targets a large fraction of genes encoding enzymes 
involved in JA biosynthesis in Arabidopsis (Figure 4A) and evolutionarily distant species 
(Figure 4B). Indeed, yeast one-hybrid experiments confirmed that ORA47 binds to 
promoter elements of JA biosynthesis genes (Supplemental Figure 7). Using transgenic 
lines that allow for the conditional expression of ORA47 upon β-estradiol treatment, 
we showed that induction of ORA47 expression significantly increases levels of JA and 
bioactive JA-Ile, indicating that ORA47 is an important activator of JA biosynthesis 
(Figure 4D). Recently, it was demonstrated that ORA47 could bind to the promoters 
of many of the JA biosynthesis genes reported here (Chen et al., 2016); however, the 
consequence for the expression of its target genes was only reported for a small subset. 
Using the β-estradiol conditional overexpression system allowed us to demonstrate 
that induction of ORA47 expression indeed leads to the activation of all 7 important 
JA biosynthesis genes investigated (Figure 4C). Our in silico predictions combined with 
experimental validation underscore ORA47 as a central regulator of JA biosynthesis, 
which may form part of an evolutionarily conserved JA amplification loop (Figure 4B).
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For many known and unknown JA-responsive TFs, their exact role in the JA gene 
regulatory network has remained unresolved. We show how integrating either existing 
or novel transcriptome data with our models of MeJA-mediated gene expression can 
generate hypotheses regarding the roles of specific transcriptional regulators in the 
context of the JA response. In particular, transcriptional profiling of a mutant line of 
the MeJA-responsive TF bHLH27 and subsequent overlay of the gene expression data 
onto our coexpression clusters led to the hypothesis that within the JA gene regulatory 
network bHLH27 plays a role in the regulation of JA biosynthesis-associated genes (Figure 
5B). A similar approach, using the stress-associated TF MYB48/MYB59 (highlighted 
in this study), confirmed and extended the predicted regulatory interactions with 
distinct downstream targets in the JA network model (Figure 5A). Specific co-expressed 
gene clusters in the JA network were shown to be affected in the TF-perturbed lines, 
highlighting the strength of our clustering analysis for inferring functional regulation 
mechanisms. A similar transcriptome overlay approach could be used in future studies 
to further define the roles of other JA-inducible TFs in the diverse JA subnetworks.

Interplay of transcriptome and interactome network
Using Y2H screens we provided evidence that bHLH27 can interact with several different 
functional classes of protein, including proteins involved in signaling, transcriptional 
regulation, and protein degradation. Among these detected interactions where the TFs 
TCP13 and TCP21/CHE. Several members of the TCP family have been implicated in cross-
TF family interactions (Bemer et al., 2017) and interestingly have also been identified 
as hubs in a large-scale protein-protein interaction screen (Arabidopsis Interactome 
Mapping, 2011). CHE (CCA1 HIKING EXPEDITION) is a well-known regulator of the 
circadian clock that has been shown to interact with TFs from the MYB, bZIP families. 
It is well established that the circadian clock regulates JA levels and JA-modulated 
defences; therefore, assessing the regulatory relationship between CHE and bHLH27, 
and the resulting effect on circadian regulation of JA signalling is an important next 
step. However, as with the other candidate bHLH27 interaction partners identified in 
this screen, it will be important to confirm the interaction between CHE and bHLH27 
in planta (e.g., using bimolecular fluorescence complementation).

Summary
This study provides detailed insight into the dynamics and architecture of the JA gene 
regulatory network that is activated in Arabidopsis upon treatment with MeJA, and 
rapidly develops a range of transient or longer-lasting expression changes in specific 
groups of co-expressed genes with distinct biological functions. Our information-rich 
data set offers a potentially high success rate for the discovery of genes with so-far 
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unknown functions in JA-regulated responses related to plant immunity, growth and 
development. Future use of these time series data could include integration with 
additional transcriptome data across diverse environmental conditions, together with 
other ‘omics’ datasets, which will aid in building a comprehensive picture of the JA 
response.

METHODS

Plant materials and growth conditions
All wild-type, mutant, and transgenic Arabidopsis thaliana plants used in this study 
are in the Columbia ecotype (Col-0) background. The following T-DNA insertion 
mutants and transgenic lines were obtained from the Nottingham Arabidopsis 
Stock Centre: ofp1 (At5g01840; SALK_111492C), myb59 (At5g59780; GK-627C09), 
anac056 (At3g15510; SALK_137131C), rap2.6 (At1g43160; SAIL_1225G09), erf16(-
1) (At5g21960; SALK_053563C), erf16-2 (At5g21960; SALK_096382C), at1g10586
(At1g10586; SALK_027725C), bhlh19 (At2g22760; GABI_461E05), bhlh27(-1) (At4g29930;
SALK_049808C), bhlh27-2 (At4g29930; SALK_149244C), bhlh35 (At5g57150;
SALK_100300C), bhlh92 (At5g43650; SALK_033657C), bhlh113 (At3g19500; GK_892H04), 
myb48 (At3g46130; SALK_103847), ora59 (Zander et al., 2014) (At1g06160; GK-
061A12.16), and ORA47 β-estradiol-inducible TRANSPLANTA line (Coego et al., 2014)
(N2101685). The myb48 and myb59 mutants were crossed to generate the myb48
myb59 double mutant. The myc2 myc3 myc4 (myc2,3,4) triple mutant (At1g32640/
At5g46760/At4g17880) has been described previously (Fernández-Calvo et al., 2011).
Seeds were stratified for 48 h in water at 4°C prior to sowing on river sand. After 2
weeks, the seedlings were transferred to 60-mL pots containing a soil:river sand mixture
(12:5) that had been autoclaved twice for 1 h. Plants were cultivated in standardized
conditions under a 10-h day (75 µmol/m2/s1) and 14-h night cycle at 21°C and 70%
relative humidity. Plants were watered every other day and received modified half-
strength Hoagland nutrient solution containing 10 mM Sequestreen (CIBA-GEIGY
GmbH, Frankfurt, Germany) once a week. To minimize within-chamber variation, all
the trays, each containing a mixture of plant genotypes or treatments, were randomized
throughout the growth chamber once a week. Mutants or treatments were indicated
by colored labels of which the code was unknown by the experimenter. T-DNA insertion
lines were confirmed homozygous for the T-DNA in the relevant genes with PCR using
the gene-specific primers listed in Supplemental Table 1.
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RNA-Seq experimental setups
For the MeJA time series, 5-week-old Arabidopsis Col-0 plants were treated by 
dipping the rosette leaves into a mock or MeJA (Duchefa Biochemie BV, Haarlem, 
The Netherlands) solution. The mock solution contained 0.015% (v/v) Silwet L77 (Van 
Meeuwen Chemicals BV, Weesp, The Netherlands) and 0.1% ethanol. The MeJA solution 
contained 0.015% (v/v) Silwet L77 and 0.1 mM MeJA, which was added from a 1,000-
fold stock in 96% ethanol. For time series expression analysis, leaf number 6 (counted 
from oldest true leaf to youngest leaf) was harvested from individual Arabidopsis plants 
and snap frozen in liquid nitrogen for each treatment and time point as indicated in 
Supplemental Dataset 1. Each individual leaf corresponds to one biological replicate 
and four biological replicates for each treatment and time point combination were 
sequenced (see below). For the comparison of the myb48 myb59 mutant with wild-
type Col-0, two mature leaves (number 6 and 7) were harvested per plant from two 
5-week-old plants per genotype, resulting in two biological replicates.

Induction of the ORA47 β-estradiol-inducible line and hormone analysis
Five-week-old ORA47 inducible overexpression lines were treated by dipping the rosette 
leaves into a mock or β-estradiol (Sigma-Aldrich, Steinheim, Germany) solution. The 
mock solution contained 0.015% (v/v) Silwet L77 and 0.1% DMSO. The β-estradiol 
solution contained 0.015% (v/v) Silwet L77 and 10 μM β-estradiol, which was added 
from a 1,000-fold stock in DMSO.

Hormone analysis was performed as described previously (Vos et al., 2013b). Briefly, 
for JA, JA-Ile, SA, and ABA quantification, 0.5 g of leaf tissue was ground to a fine 
powder using liquid nitrogen. Samples were homogenized in 0.5 ml of 70% methanol 
using a Precellys24 tissue homogenizer (Bertin Technologies) by shaking at 6,000 rpm 
for 40 s. The resulting homogenates were centrifuged at 10,000 x g for 20 min at 4°C. 
Hormone levels were analyzed by liquid chromatography-mass spectrometry (LC-MS) on 
a Varian 320 Triple Quad LC-MS/MS. JA and JA-Ile levels were calculated by correcting 
for the internal standard of JA and for leaf weight. ABA and SA levels were calculated 
by correcting for leaf weight and their respective internal standards.

Insect performance and disease bioassays
Botrytis cinerea disease resistance was determined essentially as described previously 
(Van Wees et al., 2013). In brief, B. cinerea was grown on half-strength Potato Dextrose 
Agar (PDA; Difco BD Diagnostics, Franklin Lakes, NJ, USA) plates for 2 weeks at 22°C. 
Harvested spores were incubated in half-strength Potato Dextrose Broth (PDB; Difco) 
at a final density of 5 x 105 spores/mL for 2 h prior to inoculation. Five-week-old plants 
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were inoculated by placing a 5-µL droplet of spore suspension onto the leaf surface. 
Five leaves were inoculated per plant. Plants were maintained under 100% relative 
humidity with the same temperature and photoperiod conditions. Disease severity 
was scored 3 days after inoculation in four classes ranging from restricted lesion (<2 
mm; class I), non-spreading lesion (2 mm) (class II), spreading lesion (2-4 mm; class III), 
up to severely spreading lesion (>4 mm; class IV). The distribution of disease categories 
between genotypes were compared using a Chi-squared test.

Mamestra brassicae eggs were obtained from the laboratory of Entomology at 
Wageningen University where they were reared as described previously (Pangesti et 
al., 2015). Per 5-week-old Arabidopsis plant one freshly hatched first-instar (L1) larva 
was directly placed on a leaf using a fine paintbrush. Larval fresh weight was determined 
after 8–12 days of feeding. To confine the larvae, every plant was placed in a cup that 
was covered with an insect-proof mesh. Significant differences in larval weight between 
genotypes were determined using a two-tailed Student’s t test.

High-throughput RNA-sequencing
Arabidopsis leaves were homogenized for 2 x 1.5 min using a mixer mill (Retsch, Haan, 
Germany) set to 30 Hz. Total RNA was extracted using the RNeasy Mini Kit (Qiagen) 
including a DNaseI treatment step in accordance with manufacturer’s instructions. 
Quality of RNA was checked by determining the RNA Integrity Number (RIN) using an 
Agilent 2100 Bioanalyzer and RNA 6000 Nano Chips (Agilent, Santa Clara, United States). 
For Illumina TruSeq RNA library preparation (see below) only RNA samples with a RIN 
value of ≥ 9 were used.

For the time series experiment, RNA-Seq library preparation and sequencing was 
performed by the UCLA Neuroscience Genomics Core (United States). Sequencing 
libraries were prepared using the Illumina TruSeq mRNA Sample Prep Kit, and 
sequenced on the Illumina HiSeq2000 platform with read lengths of 50 bases. In total, 
12 randomized samples were loaded per lane of a HiSeq2000 V3 flowcell, and each mix 
of 12 samples was sequenced in 4 different lanes over different flow cells to account for 
technical variation. A complete scheme of all biological replicates, technical replicates, 
barcoding used per sample, lane and flow cell usage is provided in Supplemental Dataset 
1. For each of the 15 time points, 4 biological replicates were sequenced in 4 technical
replicates, resulting in ~60 million reads per sample with a read length of 50 bp single
end. Complete sequencing setup details can be found in Supplemental Dataset 1.
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Basecalling was performed using the Casava v1.8.2. pipeline with default settings except 
for the additional argument ‘--use-bases-mask y50,y6n’, to provide an additional Fastq 
file containing the barcodes for each read in each sample. Sample demultiplexing was 
performed by uniquely assigning each barcode to sample references, allowing for a 
maximum of 2 mismatches (the maximum allowed by the barcode) and only considering 
barcode nucleotides with a quality score of 28 or greater.

For the analysis of the myb48 myb59 double mutant and the bhlh27-2 mutant, RNA-Seq 
library preparation and sequencing was performed by the Utrecht Sequencing Facility 
(the Netherlands). Sequencing libraries were prepared using the Illumina Truseq mRNA 
Stranded Sample Prep Kit, and sequenced on the Illumina NextSeq5000 platform with 
read lengths of 75 bases.

The raw RNA-Seq read data are deposited in the Short Read Archive (http://www.ncbi.
nlm.nih.gov/sra/) and are accessible through accession numbers PRJNA224133 (time 
course of MeJA and mock treatment) and PRJNA395645 (myb48 myb59 mutant and 
Col-0 wild type).

Processing of RNA-Seq data
Read alignment, summarization and normalization followed the pipeline as previously 
described (Van Verk et al., 2013). Reads were aligned to the Arabidopsis genome (TAIR 
version 10) using TopHat v2.0.4 (Trapnell et al., 2009) with the parameter settings: 
‘transcriptome-mismatches 3’, ‘N 3’, ‘bowtie1’, ‘no-novel-juncs’, ‘genome-read-
mismatches 3’, ‘p 6’, ‘read-mismatches 3’, ‘G’, ‘min-intron-length 40’, ‘max-intron-length 
2000’. Aligned reads were summarized over annotated gene models using HTSeq-count 
v0.5.3p9 (Anders et al., 2015) with settings: ‘-stranded no’, ‘-i gene_id’. Sample counts 
were depth-adjusted using the median-count-ratio method available in the DESeq R 
package (Anders and Huber, 2010).

Differential gene expression analysis
Genes that were significantly differentially expressed after MeJA treatment compared 
to mock were identified using a generalized linear model (GLM) with a log link function 
and a negative binomial distribution. Within this model we considered both the time 
after treatment and the treatment itself as factors. To assess the treatment effect on 
the total read count for each gene, a saturated model (total counts ~ treatment + time + 
treatment:time) was compared to a reduced model considering time alone (total counts 
~ time) using ANOVA with a Chi-squared test. For all genes, the P values obtained from 
the Chi-squared test were corrected for multiple testing using a Bonferroni correction. 
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All genes that did not meet the following requirement were omitted from further 
analysis: a minimum 2-fold difference in expression on at least one of the 14 time points, 
supported by a minimum of 10 counts in the lowest expressed sample, and a P value 
≤ 0.01 for that time point. Remaining genes with Bonferroni-corrected P value ≤ 0.05 
were called as differentially expressed genes (DEGs). All statistics associated with testing 
for differential gene expression were performed with R (http://www.r-project.org).

Of all the DEGs, the time point of first differential expression was predicted. To this 
end the significance of the treatment effect at each time point was obtained from 
the GLM, represented by its z score. These values were used as a basis to interpolate 
the significance of the treatment effect in between the sampled time points. This was 
done using the interpSpline function in R using 249 segments. The first time point of 
differential expression was set where the z score was higher than 2.576 (equivalent of 
P value 0.01) for up-regulation or lower than -2.576 for down-regulation.

Differentially expressed genes between Col-0 and myb48 myb59 and bhlh27 (|log2-fold
change| >1; FDR ≤0.05) were identified using DESeq (Anders and Huber, 2010).

Clustering of gene expression profiles
Clustering of DEGs was performed using SplineCluster (Heard et al., 2006) on the 
profiles of log2-fold changes at each time point (MeJA-treated versus mock), with a prior 
precision value of 10-4, the default normalization procedure and cluster reallocation 
step (Heard, 2011). All other optional parameters remained as default.

TF family and promoter motif analyses
To determine which TF families were enriched among the genes differentially expressed 
in response to application of MeJA, we tested for overrepresentation of 58 TF families 
described in the TF database PlantTFDB version 3.0 (Jin et al., 2014). Overrepresentation 
of TF families within a set of genes was analyzed using the cumulative hypergeometric 
distribution, with the total number of protein coding genes (TAIR version 10) as the 
background. P values were corrected for multiple testing with the Bonferroni method.

For promoter motif analysis, the promoter sequences defined as the 500 bp upstream 
of the predicted transcription start site (TSS) were retrieved from TAIR (version 10). De 
novo promoter motifs were identified by applying the motif-finding programs MEME 
(Bailey and Elkan, 1994) and XXmotif (Hartmann et al., 2013) to the promoters of all 
genes present in a given coexpression cluster. This approach exploited the strengths 
of different motif-finding strategies, which has been demonstrated to improve the 
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quality of motif detection (Tompa et al., 2005). Both algorithms searched for motifs on 
the forward and reverse strands and used the zero-or-one occurrences per sequence 
(ZOOPS) motif distribution model. MEME was run using a 3rd-order Markov model 
learned from the promoter sequences of all genes in the Arabidopsis genome, using 
parameter settings: ‘-minw 8 -maxw 12 -nmotifs 10’. XXmotif was run using a 3rd-order 
Markov model and the medium similarity threshold for merging motifs, with all other 
parameters kept as default. This analysis yielded a large number of motifs, many of 
which were highly similar. To reduce redundancy amongst motifs, a post-processing 
step was performed using the TAMO software package (Gordon et al., 2005). Motifs 
were converted to TAMO format, clustered using the UPGMA algorithm, and merged 
to produce consensus motifs. The set of processed motifs was converted to MEME 
format for all subsequent analyses using the tamo2meme function available in the 
MEME Suite (Bailey et al., 2009). For the analysis of known motifs originating from 
protein-binding microarray (PBM) studies (Franco-Zorrilla et al., 2014; Weirauch et al., 
2014), the published weight matrices were converted into MEME format.

The presence or absence of a given motif within a promoter was determined using 
FIMO (Grant et al., 2011). A promoter was considered to contain a motif if it had at 
least one match with a P value ≤ 10-4. For each de novo- and PBM-derived motif, the 
statistical enrichment of each motif within the promoters of coexpression gene clusters 
or transcriptional phases was tested using the cumulative hypergeometric distribution. 
This test computed the probability that a motif was present within a set of promoter 
sequences at a frequency greater than would be expected if the promoters were 
selected at random from the Arabidopsis genome.

Analysis of the ORA47 DNA-binding motif conservation across different plant species 
was performed using the promoters of genes orthologous to Arabidopsis AOC2, 
AOS, OPR3 and LOX3. Orthologs were identified in Vitis vinifera, Populus trichocarpa 
and Brassica rapa genomes (Ensembl database release 25) using the reciprocal best 
BLAST hit method (Tatusov et al., 1997). Presence or absence of the ORA47 motif in 
the promoters (500 bp upstream of predicted TSS) of these orthologous genes was 
determined using FIMO as described above.

Gene Ontology analysis
Gene ontology (GO) enrichment analysis on gene clusters was performed using GO 
term finder (Boyle et al., 2004) and an Arabidopsis gene association file downloaded 
from ftp.geneontology.org on 2nd May 2013. Overrepresentation for the GO categories 
‘Biological Process’ and ‘Molecular Function’ was identified by computing a P value 
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using the hypergeometric distribution and false discovery rate for multiple testing (P 
≤ 0.05).

Identification of chronological phases in MeJA-induced gene expression
To identify phases of MeJA-induced changes in transcription we first divided all DEGs 
depending on whether they were either up- or down-regulated in response to MeJA 
and then further according to their function as either a transcriptional regulator 
(termed regulator genes) or having a different function (termed regulated genes). 
To identify DEGs that encode transcriptional regulators, we used the comprehensive 
list of Arabidopsis TFs and transcriptional regulators described by Pruneda-Paz et al., 
(2014) and subjected it to minor additional manual literature curation. This filtering 
yielded four mutually exclusive sets of MeJA-responsive genes (i.e. regulator genes up 
and down, regulated genes up and down). For each of the four gene sets, the depth-
normalized expression values (see above) for all pairs of time points were compared 
pairwise using the Pearson correlation measure. Each resulting correlation matrix was 
then clustered using the Euclidean distance measure with average linkage. The resulting 
dendrograms were used to infer distinct phases of MeJA-induced transcription, where 
each phase had a start and end time. Each gene present in one of the four final gene 
sets was assigned to a transcriptional phase based on its time point of first differential 
expression (Supplemental Figure 5). All genes that were for the first time differentially 
expressed before, or equal to, the final time point in a given phase (clustered group of 
time points), and after the final time point of a preceding phase, were assigned to that 
transcriptional phase (see Supplemental Figure 6 for overview of the method).

Network construction
The identification of potential regulatory network connections between TFs and 
transcriptional phases was performed with a set of TFs that met two criteria: (1) They 
were differentially expressed in response to application of MeJA (and thus belonged 
to a phase). (2) They had an annotated DNA-binding motif (as described in “TF family 
and promoter motif analyses”). Each set of genes that constituted a transcriptional 
phase (10 phases in total) was tested for overrepresentation of each motif using the 
hypergeometric distribution as described above. A directional edge was drawn from a 
TF to a phase when its cognate binding motif was overrepresented in the promoters of 
genes belonging to that phase (hypergeometric distribution; P ≤ 0.005). The resulting 
network was visualized using Cytoscape (Shannon et al., 2003).



59

The jasmonic acid gene regulatory network

Quantitative RT-PCR analysis
For quantitative RT-PCR (qRT-PCR), RNA was extracted as previously described 
(Oñate-Sánchez and Vicente-Carbajosa, 2008) and subsequently treated with DNaseI 
(Fermentas, St. Leon-Rot, Germany) to remove genomic DNA. Genomic DNA-free 
total RNA was reverse transcribed by using RevertAid H minus Reverse Transcriptase 
(Fermentas, St. Leon-Rot, Germany). PCR reactions were performed in optical 384-well 
plates with a ViiA 7 realtime PCR system (Applied Biosystems, Carlsbad, CA, USA), with 
SYBR® Green (Applied Biosystems, Carlsbad, CA, USA). A standard thermal profile was 
used: 50°C for 2 min, 95°C for 10 min, followed by 40 cycles of 95°C for 15 s and 60°C 
for 1 min. Amplicon dissociation curves were recorded after cycle 40 by heating from 
60 to 95°C with a ramp speed of 0.05°C/sec. All primers used for qRT-PCR are listed in 
Supplemental Table 1. The gene At1g13320 was used as reference for normalization of 
expression (Czechowski et al., 2004).

Generation of the Y2H prey library and bait constructs
RNA originating from 15-day-old Arabidopsis seedlings was isolated using phenol/
chloroform extraction and cDNA library was constructed using Invitrogen Custom 
Services (Invitrogen, Carlsbad, CA). A three-open reading frame, uncut cDNA library 
integrated into pENTR222 was created from 2 mg RNA using Gateway cloning 
technology. The library was subcloned into Y2H destination vector pDEST22 to generate 
GAL4-AD-fused constructs. Full-length bHLH27 and truncated forms were amplified 
from cDNA and cloned into entry vector pENTR/D-TOPO (Invitrogen). Entry vectors 
were recombined with pDEST32 using LR Clonase (Invitrogen) to generate GAL4-BD-
bHLH27 fusion constructs.

Yeast strains and transformation
To create competent yeast, cells were grown o/n in 250 ml YEPD at 28 °C and 200 rpm 
to an OD600 of 0.2-0.8. Cells were centrifuged at 1800 rpm for 5 min, washed with 50 
ml sterile ddH2O, centrifuged again and washed a final time with 50 ml TE/LiAc (100 
mM LiAc, 10 mM Tris, 1 mM EDTA, pH 8.0). After a final centrifugation step, yeast 
cells were resuspended in TE/LiAc and diluted to an OD600 of 0.2. For single construct 
transformation, 20 μl of competent yeast cells were incubated with 200 ng plasmid 
and 20 μl salmon sperm DNA (Sigma #D1626; 2 mg/ml in TE, heated at 95 °C for 5 min 
and transferred to ice) in 11 μl 10xTE buffer (100 mM Tris, 10 mM EDTA, pH 8.0), 13 μl 
1 M LiAc, 82 μl 60% PEG at 30 °C for 30 min, and then to a water bath at 42 °C for 15 
min. To each transformation reaction 1 ml ddH2O was added and centrifuged at 5000 
rpm for 30 sec and resuspended in ddH2O. Bait strains were selected on synthetic 
complete (Sc) –Leu medium and prey strains were selected on Sc –Trp medium. For 
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library transformation the protocol was scaled up to 3200 μl competent yeast cells 
and 90 μg plasmid DNA. Yeast colonies were harvested in YEPD medium + 20% (v/v) 
glycerol and 1 ml aliquots with an OD600 of 40 were frozen at -80 °C. The yeast prey 
library consisted of 1.1 x 106 – 1.5 x 106 individual colonies. Yeast strain Y8800 (genotype 
MATa trp1−901 leu2−3,112 ura3−52 his3− 200 gal4Δ gal80Δ cyh2R GAL1::HIS3@LYS2 
GAL2::ADE2 GAL7::LacZ@met2) was used for prey and yeast strain Y8930 (genotype 
MATα trp1−901 leu2−3,112 ura3−52 his3−200 gal4Δ gal80Δ cyh2R GAL1::HIS3@LYS2 
GAL2::ADE2 GAL7::LacZ@met2) was used for bait. Bait strains that grew on Sc –Leu –His 
plates in the absence of prey were considered auto-activating and discarded (Schiestl 
and Gietz, 1989).

Library screening
Library screening was performed using the mating method (Fromont-Racine et al., 
2002). A 1 ml yeast library aliquot was used to inoculate 100 ml YEPD medium, and 
incubated with shaking at 28 °C for 1 h, after which the yeast cells were centrifuged at 
1800 rpm for 5 min and washed twice with ddH2O. Yeast were resuspended in YEPD 
medium to OD600 = 1. Six ml of yeast library was combined with an equal amount of 
overnight-cultured bait-strain cells, collected by centrifugation, resuspended in 300 
μl ddH2O and plated on YEPD medium supplemented with 100 μg/ml ampicillin. After 
incubation at 30 °C for 4 h, 2 ml ddH2O was added to the plate to resuspend the yeast, 
which were collected by centrifugation and resuspended in 600 μl ddH2O. Yeast was 
plated on Sc –Leu –Trp –His + amp medium and incubated at 30 °C for four days. The 
yeast suspension was diluted 105-fold and plated on Sc –Leu –Trp + amp medium to 
determine the number of diploid yeast screened. For each bait a minimum of 106 diploid 
cells were screened. Up to 96 colonies per Sc –Leu –Trp –His + amp plate were picked, 
resuspended in 25 μl ddH2O and spotted on fresh Sc –Leu –Trp –His + amp medium in 
duplo. After incubation at 30 °C for two days, one plate was used for replica plating 
and the other for colony PCR. Yeast was replica plated on Sc –Leu –Trp –His + 2 mM 
3-amino-1,2,4-triazole (3AT) (Formedium) + amp medium and Sc –Leu –Trp –His +5 mM
3AT + amp medium followed by incubation at 30 °C for two days, and plated on Sc –
Leu –Trp –Ade + amp medium followed by incubation at 20 °C for five days. For colony
PCR, yeast patches from a Sc –Leu –Trp –His + amp plate were touched with a pipette
tip, resuspended in 30 μl 0.02 M NaOH and boiled at 99 °C for 10 min. Lysates were
spun down briefly and 1 μl of the supernatant was used for a 10 μl PCR reaction with
DreamTaq DNA polymerase (ThermoScientific) and primers pDEST22 and pDEST22/32
(Supplemental table 1). Prey PCR products were purified using Agencourt AMPure XP
beads according to the manufacturer’s protocol and Sanger sequenced.
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Accession numbers
RNA-Seq data, including gene accession numbers, are available in the NCBI SRA under 
accession numbers PRJNA224133 (MeJA time series) and PRJNA395645 (Col-0 and 
myb48 myb59).

Supplemental Data
Additional supporting information Supplemental File 1, Supplemental Figures S1 to S9, 
and Supplemental Data S1 to S16 may be found in the online version of Hickman et al., 
(2017): http://www.plantcell.org/content/29/9/2086

Figure S1. SplineCluster analysis of MeJA-responsive gene expression profiles.

Figure S2. B. cinerea disease severity assay with selected mutant lines. 
Quantification of B. cinerea disease severity at 3 days after inoculation of T-DNA insertion lines for selected 
genes encoding predicted early regulators of the JA pathway. bHLH19, RAP2.6, bHLH027 belong to Cluster 
1; AT1G10586, RAP2.6L, OFP1, ERF16 belong to Cluster 2; MYB59 belongs to Cluster 4; bHLH92 belongs to 
Cluster 6; bHLH35 belongs to Cluster 7; ANAC056 belongs to Cluster 13; bHLH113 belongs to Cluster 14. 
Disease severity of inoculated leaves was scored in four classes ranging from restricted lesion (class I), 
non-spreading lesion (class II), spreading lesion (class III), up to severely spreading lesion (class IV). The 
percentage of leaves in each class was calculated per plant (n=20). Asterisk indicates statistically significant 
difference from Col-0 (Chi-squared test; P ≤ 0.05). Most genotypes were tested multiple times.

2
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Figure S3. B. cinerea disease severity and growth of M. brassicae larvae on additional mutant 
alleles. 
(A) Quantification of B. cinerea disease severity at 3 days after inoculation of T-DNA insertion lines harboring 
an bHLH27 or ERF16 mutation (bhlh27-2, erf16-2) different from that in the mutant lines tested in main
Figure 2 (and Supplemental Figures 3 and 5). Disease severity of inoculated leaves was scored in four classes 
ranging from restricted lesion (class I), non-spreading lesion (class II), spreading lesion (class III), up to 
severely spreading lesion (class IV). The percentage of leaves in each class was calculated per plant (n=20).
Asterisk indicates statistically significant difference from Col-0 (Chi-squared test; P ≤ 0.05). (B) Larval fresh 
weight of M. brassicae was determined after 8 days of feeding on bhlh27-2. Asterisk indicates statistically 
significant difference from Col-0 (two-tailed Student’s t test for pairwise comparisons; P ≤ 0.05; n > 10; 
error bars are SE).
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Figure S4. Growth of M. brassicae larvae on selected mutant lines. 
T-DNA insertion lines were chosen based on the MeJA-induced expression of the TF genes they are mutated 
in. See for information on which coexpression gene cluster the genes belong to the Legend to Supplemental 
Figure 3. Larval fresh weight was determined after 8 days of feeding on T-DNA insertion lines for selected 
genes encoding predicted regulators of the JA pathway. Values represent mean weight (±SE) of the larvae. 
Asterisk indicates statistically significant difference from Col-0 (two-tailed Student’s t test for pairwise 
comparisons; P ≤ 0.05; n=30; error bars are SE). Most genotypes were tested multiple times.

Figure S5. Timing of differential expression for all differentially expressed genes.

Figure S6. Identification of transcriptional phases induced in response to MeJA treatment.

2
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Table S1. List of primers used for genotyping of T-DNA mutants, qRT-PCR analysis and promoter 
cloning for Y2H assays.

Primers used for genotyping T-DNA mutants

T-DNA line Forward primer (5’-3’) Reverse primer (5’-3’)

SALK_111492C ATTGGGCCGAAAACATATAGG CGACCGCATTCTAAGTCTCAC

GK-627C09 AAGAGGAATGCCATAGGTTCC AGTGGGTGGTGATTTTTGATG

SALK_137131C GGCACTGCGTCGTTATATAGG AGACTCCACCATTGATGCAAC

SALK_051006C TTCGGTTCGTGTGTTTTTCA TATGCTGATCGGTGGTTCAA

SAIL_1225G09 TCAATCAACGTGTCATGAAGG TCAGACTGAAGTTGTATTGGGAG

SALK_053563C GCCACGGCTCATTTATTTTAAG CGGCTCTTTACTGTCTTCGTG

SALK_027725C GATGAATGTCCTTGCTATCGC TTTATTGGCACCAACAGTTGC

GABI_461E05 ATCAAATGCATTTTGAGTGCC CACGAAACGATTGTGTCAATG

SALK_049808C AAACAAAAATTGCTGGTGACG GGCCATAATCATTACGTACGC

SALK_100300C CCAAGAAAAAGTAAAAGGGAACC TAGCAATTGCAATCTGCTGC

SALK_033657C AAATTTTGTTGCCAAGACACG AATCTCATCCACGGCTTTTTC

GK_892H04 CCCCTCTAAAAAGGTACACATTG AAGGAGTAACGAGCTTCTCCG

Primers used for qRT-PCR

Gene Forward primer (5’-3’) Reverse primer (5’-3’)

ORA47 TCCACCGTCGATCTCCGTAGAAAA GCGAATCTAGCAGCAGCTTCCTGA

LOX2 ACAGCCAAGGGCACTTCATT TGATTCTGGGGAGCAGAGGT

LOX3 AACACAACCACATGGTCTTAAACTC GGAGCTCAGAGTCTGTTTTGATAAG

AOS TCCGATTTCTCTCCACCCAAA TGACCCGGAAGCTTTGATCG

AOC1 CTCTCAGAACTTGGGAAATAC GATCTCCGAGACCAAAACCTA

AOC2 ATCGAAAACCCTAGACCAAGC CGAGACCGAACATTAAGCTGA

AOC3 CGAAGGAGATAGAAACAGTCCAGC CCGAGACAAAGCTCTGTTGGTT

OPR3 CCGGCGGTTTTCTCATCTC GCTTCCATGCTTCTACTTGT

JAR1 GGGTTGTATCGATACCGGCTTGG CTTCTGAGAGTCTCTTTGCAGCCG

Primers used for cloning for Y2H assay

Promoter Primer (5’-3’)

bHLH27 - FW ATGGAAGATCTCGACCATGAGTACAAGA

bHLH27 - RV TTAGAAGTTGATAAGACAATTTGGATCATTATAAGC

Δ51 – RV TTACGCCTGGAGGAAGAGGGTGGT

Δ52 – RV TTACTTGCTACATGTTATGCATACCACTACCGT

Δ53 – RV TTAGTGTTGTACTCTAGTACTGTAATCCATCTG

Δ54 – RV TTAGCAATCGTAATCTCTTACCGGATTTTCTAG

Δ55 – FW GCGTTTTCGGGTTCCGGCGAG

Δ56 – FW GCTCTCCGGTCAGTTGTTCCCAAT
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Table S1. Continued

Primers used for cloning for Y2H assay

Δ57 – FW GACTATATGCAAGAACTTATTGATCAAGAGAAGACT

Δ58 - FW GATTGCAATTTTGCGGAAACTCATCTGCAA

pDEST22 - FW TATAAGCCGTTTGGAATCACT

pDEST22/32- RV AGCCGACAACCTTGATTGGAGAC

Supplemental Data Set 1. Time series experimental setup and mRNA sequencing details.

Supplemental Data Set 2. Median-count ratio normalized expression values of all genes and 

biological replicates for t = 0 h and the 14 time points after MeJA and mock treatments.

Supplemental Data Set 3. Mean expression values for all genes across the time series following 

MeJA treatment.

Supplemental Data Set 4. Arabidopsis Gene Identifier codes for members of each of the 27 gene 

coexpression clusters identified by SplineCluster.

Supplemental Data Set 5. GO terms overrepresented in each of the 27 coexpression gene 

clusters.

Supplemental Data Set 6. Lists of genes differentially expressed in myb48 myb59 compared 

with Col-0.

Supplemental Data Set 7. GO terms overrepresented in the upregulated and downregulated 

myb48 myb59 differentially expressed gene sets.

Supplemental Data Set 8. Enrichment of known TF DNA binding motifs in each of the 27 

coexpression gene clusters.

Supplemental Data Set 9. De novo-derived motif enrichment in each of the 27 gene coexpression 

clusters.

Supplemental Data Set 10. De novo-derived sequence motifs in Weblogo and position weight 

matrix format.

Supplemental Data Set 11. Arabidopsis Gene Identifier codes for members of each of the 10 

transcriptional phases that are initiated after MeJA treatment.

Supplemental Data Set 12. GO terms overrepresented in each of the 10 transcriptional phases 

that are initiated after MeJA treatment. 

Supplemental Data Set 13. Known TF DNA binding motif enrichment in each of the 10 

transcriptional phases that are initiated after MeJA treatment.

Supplemental Data Set 14. De novo-derived motif enrichment in each of the 10 transcriptional 

phases that are initiated after MeJA treatment.

Supplemental Data Set 15. List of differentially expressed TF genes and enrichment of their 

corresponding TF DNA binding motif in the promoters of genes within a transcriptional phase.

Supplemental File 1. Gene ID-searchable significance of differential expression over time for all 

DEGs in the 27 clusters of coexpressed genes in response to MeJA treatment.
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The work described in Chapter 3 is a large study with important contributions of different 
authors. Marciel Pereira Mendes was one of the main contributors to this story, which 
includes the screening of transcription factor mutants in bioassays (Fig. 7), and all work 
(bioassays, RNA-seq, coexpression analysis, RT-qPCR) related to NAC61 NAC90 (Fig. 8, 
9, and 10; Supplemental Fig. S2).



69

The salicylic acid gene regulatory network

3

ABSTRACT

The phytohormone salicylic acid (SA) is a central regulator of plant immunity. To 
better understand SA-mediated transcriptional reprogramming, we performed high-
resolution RNA-seq time series of Arabidopsis leaves treated with SA. Analysis of this 
large-scale, information-rich data set revealed that approximately one-third of the 
Arabidopsis genome was differentially expressed in response to SA over a 16-h period. 
The temporal changes in gene expression occurred in well-defined process-specific 
waves of induction or repression that partitioned into distinct clusters representing 
coregulated genes covering a broad-range of biological processes. Promoter analysis 
of these clusters generated novel insights into the underlying regulatory mechanisms 
recruited by the specific SA network. Finally, we demonstrated the utility of our dataset 
for the identification of novel defense regulators by demonstrating that knockout of 
the predicted SA pathway regulators ANAC061 and ANAC090 resulted in increased 
disease resistance and enhanced SA signaling in specific sectors. Collectively, our data 
provide an unprecedented level of detail about transcriptional changes during the SA 
response, revealing previously unknown regulators, and serving as a valuable resource 
for functional studies on SA network components in plant defense.
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INTRODUCTION

In plants, like all complex organisms, the execution of specific gene expression programs 
is required to ensure proper development and appropriate responses to environmental 
perturbations and stresses. Phytohormones play important roles in regulation of 
gene expression programs.  Direct and indirect interactions between genes and their 
molecular regulators, such as transcription factors (TFs), determine the complexity of 
the global large-scale reprogramming of gene activity (MacNeil and Walhout, 2011). 
Understanding the organization of these gene regulatory networks (GRNs) and how they 
ultimately drive specific biological outputs are key questions in plant biology, with the 
resulting knowledge important for driving improvement of agronomically important 
traits in crops (Ferrier et al., 2011; Krouk et al., 2013; Lavarenne et al., 2018).

To understand the dynamic organization and regulation of complex gene expression 
programs plant biologists are increasingly seeking to study systems in their entirety 
rather than focus on a small number of genes (Long et al., 2008). Such systems biology 
approaches are being driven by high-throughput omics technologies that can monitor 
different aspects of gene expression on a whole-genome scale. In particular, the 
accumulation of mature mRNA as determined by microarrays and high-throughput 
RNA sequencing (RNA-seq) analyses has emerged as the leading method for systems 
level gene expression profiling. Moreover, most biological processes are dynamic, and 
by collecting transcriptome data of high-resolution time series the regulatory networks 
and their sub-modules underlying gene expression programs can be more accurately 
deciphered. Several of these large-scale transcriptome studies have generated key 
biological and regulatory insights into a wide-range of plant responses, including for 
example, development, hormone signaling, and abiotic and biotic stresses (Chapter 2; 
Brady et al., 2007; Krouk et al., 2010; Breeze et al., 2011; Bechtold et al., 2016; Hickman 
et al., 2017; Hillmer et al., 2017; Mine et al., 2018). While many studies used time series 
mRNA data alone to successfully infer plant GRN models (Krouk et al., 2010; Breeze et 
al., 2011; Windram et al., 2014; Lewis et al., 2015; Bechtold et al., 2016; Walker et al., 
2017), a small number of recent studies have combined dynamic time series data with 
protein–DNA interaction data (Song et al., 2016; Varala et al., 2018), which typically 
enhance the confidence of reconstructed GRN models and their regulatory predictions. 

Phytohormones are key regulators of GRNs that are essential for a wide range of 
biological processes, including plant growth, development, reproduction, and survival. 
Changes in hormone concentration or sensitivity, as triggered among others by biotic 
stresses, induce gene expression programs that orchestrate a range of adaptive plant 
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responses (Pieterse et al., 2012). Salicylic acid (SA) and jasmonic acid (JA) are major 
players in plant defense (Pieterse et al., 2012; Howe et al., 2018). While the JA pathway 
is generally induced by and effective against necrotrophic pathogens and herbivorous 
insects, the SA pathway is generally regulating resistance against (hemi-)biotrophic 
pathogens that feed and reproduce on living host tissue, such as Pseudomonas syringae 
and Hyaloperonospora arabidopsidis on Arabidopsis thaliana (hereafter Arabidopsis). SA 
has a well-established central role in the two major layers of plant immunity: pathogen-
associated molecular pattern (PAMP)-triggered immunity (PTI), which is activated after 
pattern recognition receptors recognize conserved microbial patterns, and effector-
triggered immunity (ETI), which is activated when the host detects perturbations in host 
cells caused by pathogen effector molecules (Klessig et al., 2018). Also, SA is involved 
in the broad-spectrum induced immune mechanism, well-known as systemic acquired 
resistance (SAR) (Fu and Dong, 2013). Numerous studies, many of which utilized mutant 
screens, have revealed a diverse set of pathways, effector genes and host cellular 
processes as regulatory targets of SA (Vlot et al., 2009), including the production 
of antimicrobial pathogenesis-related (PR) proteins that promote immunity against 
diverse pathogens (Van Loon et al., 2006). In addition to its role in defense, SA also 
plays important roles in plant growth, development, thermotolerance, leaf senescence, 
responses to ultraviolet light and shade avoidance (Vlot et al., 2009; Nozue et al., 2018).

Over the past decade, studies in the reference plant Arabidopsis have dramatically 
enhanced our understanding of how SA is perceived and how this perception leads 
to changes in defense gene expression. Recent studies support a model in which the 
regulatory protein NONEXPRESSOR OF PR GENES1 (NPR1), and two close relatives, NPR3 
and NPR4 each function as SA receptors (Fu et al., 2012; Wu et al., 2012; Ding et al., 
2018; Innes, 2018). In the absence of a pathogen, when SA levels are low, NPR3- and 
NPR4-containing complexes are active and suppress the transcription of defense-related 
genes, while the activity of NPR1, which is a positive regulator of defense-related gene 
expression, is constrained at low levels of SA. Following pathogen detection, elevated 
SA levels and increased binding of SA by all three NPR proteins leads to reverses in NPR 
activity. Binding of SA to NPR3 and NPR4 inactivates the co-transcriptional complexes, 
relieving their repressive activities (Ding et al., 2018), while NPR1 is activated by SA 
binding, leading to enhanced transcription of downstream target genes (Wu et al., 
2012; Ding et al., 2018). NPR1 has been shown to be critical for the activation of a 
large fraction of SA-responsive genes, with a minority being regulated by an NPR1-
independent mechanism (Wang et al., 2006). 
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Transcriptional reprogramming is a major feature of the SA response, and several 
studies have identified thousands of Arabidopsis transcripts that change in expression 
after treatment with either SA or benzothiadiazole S-methylester (BTH; a functional 
analog of SA) (Wang et al., 2006; Goda et al., 2008; Blanco et al., 2009), pointing to the 
existence of a complex GRN of TFs and target genes downstream of the core NPR-TGA 
transcriptional complexes. Several groups of TFs have been identified as regulators of 
the SA-mediated response. The role of members of the WRKY TF family in host immunity 
is firmly established, and several of them have been implicated in the regulation of SA-
mediated transcriptional reprogramming by functioning as either positive or negative 
regulators of SA-responsive genes, including SA biosynthesis genes (Fu and Dong, 2013; 
Tsuda and Somssich, 2015). Selected members from other TF families, including NAC, 
TCP, CAMTA and E2F, have also been reported to regulate SA-responsive genes (Du et al., 
2009; Zheng et al., 2012; Chandran et al., 2014; Wang et al., 2015c; Zheng et al., 2015).

Different combinations of phytohormones organize the plant’s reaction to multiple 
environmental inputs it perceives at the same time. Crosstalk between hormone 
signaling pathways generates an extra layer of complexity in the GRNs, which finetunes 
the adaptation responses in a cost-efficient manner (Spoel and Dong, 2008; Vos et al., 
2013a; Vos et al., 2015). In particular, the SA response is influenced by the antagonistic 
or synergistic action of other defense-associated hormones, like JA, ABA, and auxin 
(Pieterse et al., 2012; Caarls et al., 2015). Antagonistic cross-communication between 
the SA and JA pathways, in both directions, is a paradigm for hormone pathway crosstalk, 
and has been demonstrated in several plant species (Pieterse et al., 2012). Attackers can 
exploit this antagonistic relationship to rewire the host immune response for their own 
benefit by the production of effector molecules that specifically activate either the SA or 
JA pathway to attenuate otherwise effective JA- or SA-mediated defenses, respectively 
(Brooks et al., 2005; El Oirdi et al., 2011; Gimenez-Ibanez et al., 2014). Recent studies 
have begun to provide insights into the mechanisms underlying crosstalk between the 
SA and JA pathways. The ERF TF ORA59 had reduced transcript and protein levels upon 
activation of the SA pathway (Van der Does et al., 2013; Zander et al., 2014). The SA 
response was antagonized by three closely related JA-induced NAC TFs, which affected 
SA biosynthesis and metabolism (Zheng et al., 2012).

Despite the major role of the SA pathway in mediating plant immunity, relatively 
little is known about the organization of the GRNs that operate downstream of SA 
perception and the NPR signaling module, and which members from the diverse TF 
families orchestrate the elaborate gene expression programs that lead to SA-mediated 
immunity. Moreover, the dynamics of SA responses, such as which genes are targeted 
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when, affecting which biological processes, and what are the underlying regulatory 
mechanisms, remains poorly understood. Previously, we used high temporal resolution 
transcriptome profiling of MeJA-treated Arabidopsis leaves (Chapter 2; Hickman et al., 
2017). In the present study, we profiled the dynamics of the transcriptional response to 
treatment with of Arabidopsis leaves with SA to (1) obtain a detailed understanding of 
the architecture and dynamics of the GRN that underlie the SA response, and (2) predict 
and validate novel regulators of the SA-controlled GRN and SA-mediated immunity.

RESULTS

A time course of SA-elicited transcriptional reprogramming
We performed high-resolution transcriptional profiling of the SA response in Arabidopsis 
by using RNA-seq to measure mRNA levels in leaves harvested just before the treatments 
(t = 0 h) and at 14 consecutive time points (15 and 30 min, and 1, 1.5, 2, 3, 4, 5, 6, 7, 
8, 10, 12 and 16 h) following treatment with SA or a mock control. True leaf 6 from 
four independent 5-week-old Col-0 plants that were rosette-dipped in the SA or mock 
solution, was sampled in quadruplicate, providing four biological replicates per time 
point, per treatment. This leaf tissue was treated and harvested simultaneously with the 
material used in our previously published time series study of the JA response (Chapter 
2; Hickman et al., 2017). Also, the RNA-seq libraries preparation and sequencing was 
performed in parallel with that of the MeJA study, and therefore the mock-treated 
control samples are shared between the two studies. To identify genes that responded 
to SA, we fitted a generalized linear model (GLM) to our transcription data, which led 
to the identification of 9524 differentially expressed genes (DEGs) between SA and 
mock treatments over the time course (Supplemental Data Set S1; see Methods). Many 
of these genes were not previously described as SA responsive in earlier array-based 
studies, where one to three time points were assayed in seedlings treated with SA 
(Goda et al., 2008; Blanco et al., 2009) or whole plants treated with benzothiadiazole 
S-methylester (BTH; a functional analog of SA) (Wang et al., 2006). Moreover, in our
experiment the SA treatment clearly had a greater effect on the overall gene expression
than MeJA treatment that changed the expression of 3611 genes (Chapter 2; Hickman
et al., 2017).

Inspection of the expression profiles for known SA responsive genes revealed a variety 
of dynamic expression patterns, including genes that showed transient responses, 
sustained induction/repression, and some with complex behavior. To achieve this, 
we estimated the time at which each gene first became differentially expressed using 
a previously outlined strategy (Chapter 2; Hickman et al., 2017) and we divided the 
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genes in two sets of up- and downregulated DEGs (based on agglomerative hierarchical 
clustering, described in greater detail below). Plotting of the time point of first 
differential expression for all up- and downregulated DEGs indicated key time points 
of transcriptional change, which pointed to distinct transcriptional waves (Figure 1). 
Three waves of upregulation and two waves of downregulation were identified. For 
both gene sets the first wave of expression (0–2 h after SA treatment), representing the 
immediate transcriptional response to SA, contains a far greater number of DEGs than 
the subsequent waves, representing the intermediate/late SA response.
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Figure 1. Major transcriptional waves of the SA response. 
Shown is the number of genes estimated to be first differentially expressed in 30 min time windows for 
genes upregulated (A) and downregulated (B) in Arabidopsis leaves following exogenous application of SA. 
Colored bars indicate waves of transcription, with green, orange and purple indicating the first, second and 
third waves respectively. Transcriptional waves are annotated with the most significant functional categories 
in each wave together with additional selected significant terms.
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To investigate the biological relevance of these transcriptional waves, the genes 
assigned to each wave were tested for overrepresented functional categories using 
Gene Ontology (GO) term enrichment analysis. Interestingly, we found that each 
wave was enriched for distinct annotations, indicating a chronology in the regulation 
of different biological processes mediated by SA signaling. The first and largest wave 
of gene upregulation (Figure 1A) was linked to immune signaling, such as ‘protein 
phosphorylation’, ‘signal transduction’, ‘vesicle mediated transport’ and ‘programmed 
cell death’. Genes upregulated in the second wave (2–4 h) were enriched for JA-related 
defensive functions such as ‘response to chitin’ and ‘response to wounding’. The 
third, and final, wave of upregulation (4 h onwards) was associated with cell cycle and 
DNA repair. Both waves of downregulated gene expression by SA (Figure 1B) were 
overrepresented for terms related to photosynthesis and include genes related to 
photosystem I and II, and chlorophyll biosynthesis. Distinct term enrichment was also 
apparent; for example, the terms ‘response to auxin’ and ‘starch metabolism’ were 
selectively enriched in the first and second waves, respectively. Concluding, this analysis 
showed that distinct pathways became active at different times during the SA response, 
which makes these transcriptome data more suitable than previously generated data 
sets for delineating the transcriptional programs induced by SA.

Coherent functional modules of coexpressed genes
To characterize the key patterns of gene regulation during the SA response, we used the 
time-series clustering algorithm SplineCluster to group the 9524 DEGs into 45 clusters 
of coexpressed genes that share similar expression profiles (Figure 2A; Supplemental 
Data Set S2). To investigate the biological significance of the distinct dynamic expression 
patterns, the genes in each cluster were tested for overrepresented functional 
categories using GO term enrichment analysis (Supplemental Data Set S2). Many of 
the clusters showed enrichment for coherent functional annotations and showed a 
wide range of distinct biological processes to be regulated by SA (Figure 2B).



77

The salicylic acid gene regulatory network

3

Figure 2. Temporal analysis of SA-responsive genes reveals coherent functional modules of 
coexpressed genes. 
(A) The set of 9524 genes showing differential expression in response to SA were partitioned into 45 (c1–c45) 
distinct coexpressed gene clusters using SplineCluster. Each row of the heatmap represents an individual 
gene and indicates level of expression, with red and blue indicating increased and decreased expression 
(standardized on a per gene basis across mock and SA treatments), respectively. (B) Representative 
coexpression modules with distinct functional enrichment. Shown is the mean expression profile for a 
module (black line), with grey areas indicating median absolute deviation. Cluster number and size (n) is 
indicated above each plot. Selected overrepresented functional categories (F) and representative genes 
(G) are denoted.

As expected, several upregulated coexpression clusters were enriched in immune-
related annotations (e.g., c13, c19, c20), and correlate with many previously described 
primary SA-responsive genes, including genes involved in SA metabolism (ICS1, PBS3, 
EDS5, DMR6, CBP60g, and SARD1), and known regulators of the SA pathway (TGA1, 
TGA5, NPR4, NIMIN1, NIMIN2, WRKY18, WRKY51, WRKY54 and WRKY70). Some 
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coexpression modules were enriched for other defined SA-regulated biological pathways 
and processes. For example, c8 was associated with the protein folding response (Wang 
et al., 2005), and c10 was highly enriched for genes involved in DNA replication and cell 
cycle regulation (Wang et al., 2010; Wang et al., 2014).

Downregulated clusters showed how SA may regulate the switch from normal growth 
to defense with broad overrepresentation for functional terms associated with growth 
and development, and primary metabolism. Strikingly, there was strong enrichment of 
genes associated with photosynthesis among downregulated genes. Clusters c41–c45, 
all of which showed a marked decrease in transcript levels following SA treatment, were 
overrepresented for photosynthesis and plastid-related genes. Distinct enrichment of 
genes associated with development was also evident; for example, c35 and c39 are 
specifically overrepresented for genes associated with cell wall organization/biogenesis 
and auxin signaling, respectively. SA-mediated suppression of the auxin pathway has 
been shown to be an important component of plant defense (Wang et al., 2006).

Thus, our information-rich time series expression profiles revealed in unprecedented 
detail the broad range of biological processes differentially regulated by SA and refines 
the breadth of the SA-responsive gene expression program. The specific and coherent 
functional enrichment of genes in both up- and downregulated gene clusters suggests an 
elaborate GRN controlling the phasing of the changes in expression of these genes and 
biological processes to ultimately favor defense over normal growth and development. 

Transcriptional control of the SA response
To investigate mechanisms of gene regulation underlying the SA response, we analyzed 
the coregulation of transcriptional response of Arabidopsis to SA at two levels of 
granularity. First, we created a set of coarse-grain SA-response modules, which we 
defined as the unions of upregulated (c1–c25) and downregulated (c26–c45) gene 
clusters, and analyzed these large gene list for enriched TF-families and cis-regulatory 
elements in order to capture broad mechanisms of coregulation.

Within the SA-upregulated coarse-grained module, genes encoding members of the 
WRKY and NAC TF families were significantly overrepresented (Figure 3A). In line with 
the enhanced activity of genes encoding these TFs, motifs corresponding to DNA binding 
sites of WRKY and NAC TFs were also overrepresented in the group of upregulated genes, 
suggesting that these TF families dominate the onset of SA-induced gene expression 
(Figure 3B). Genes in the downregulated coarse-grained module were overrepresented 
for members of the HD-ZIP, CO-like and bHLH TF-families (Figure 3A), which have been 
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shown to regulate processes associated with development, photosynthesis, and JA-
dependent responses (Ariel et al., 2007; Leivar and Quail, 2011; Gangappa and Botto, 
2014). The SA-mediated downregulation of genes associated with these processes, 
may be achieved through SA suppressing members of these TF families. Interestingly, 
bHLH and bZIP TF binding motifs, which both share the same G-box core, are both 
similarly enriched in up and downregulated coarse-grained modules, and may reflect 
both positive and negative roles for members of these TF families in the regulation of 
the SA response. 
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Figure 3. Enriched TFs and DNA-binding motifs in genes upregulated and downregulated in 
response to SA. 
(A) Significantly overrepresented genes of TF families within the unified upregulated (c1–25; red or 
downregulated (c25–45; blue) gene clusters in response to SA treatment. Corrected P value < 0.01 (indicated
by dashed grey line) (hypergeometric test). (B) Significantly overrepresented DNA-binding motifs in the 
promoters of genes upregulated or downregulated in response to SA treatment. Motifs are grouped 
according to cognate TF family. The size and color of each circle represent the per-family motif count and 
enrichment P value range (hypergeometric test), respectively. Significantly enriched motif frequencies are 
indicated by red coloring.
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Next, we investigated more specific regulatory mechanisms that may control the smaller 
subsets of process-specific SA-responsive genes, by analyzing motif enrichment within 
each of the 45 fine-grained coexpression modules identified by the SplineCluster 
analysis (Figure 4). This revealed promoter elements that were selectively enriched in 
specific clusters, and offered a more precise link between motifs and module-specific 
expression patterns. DNA-binding motifs associated with WRKY TFs were highly enriched 
in many upregulated coexpression clusters, further demonstrating the importance of 
this TF family and its cognate binding sites in the regulation of the SA response. Binding 
sites for NAC TFs were also significantly and selectively overrepresented in a number 
of upregulated clusters. For both the WRKY and NAC DNA-binding motifs, the broad 
pattern of enrichment is consistent with the large-scale induction of genes that encode 
TFs from these families following SA treatment (Figure 3A). Despite its prevalence among 
upregulated clusters, several upregulated clusters lacked enrichment for the WRKY 
binding motif (W-box), suggesting additional TFs and cis-elements primarily regulate 
genes in these groups. For example, c9 and c10 are enriched for E2F TF DNA-binding 
motifs, while c12 and c22 are enriched for binding sites for HSF and CAMTA TF families, 
respectively. Consistent with the functional term analysis results, TF families implicated 
with regulation of growth and development are enriched in several downregulated 
clusters. For example, TCP and HD-ZIP TF DNA-binding motifs are selectively enriched 
in downregulated clusters, and members of both of these families are linked with 
regulation of growth and development (Martín-Trillo and Cubas, 2010). Binding sites 
for bHLH and bZIP TF families (both of which can bind DNA sites that contain the core 
G-box motif) were enriched in both selected upregulated and downregulated clusters,
suggesting that G-box motifs play an important role in directing both the activation
and suppression of target genes as part of the SA response.



82

Chapter 3

Figure 4. Enriched cis-regulatory motifs in SA-responsive gene coexpression clusters. 
Known TF DNA-binding motifs are differentially enriched in the promoters of genes clustered on the basis 
of their expression following application of SA. Rows indicate motifs and are colored by corresponding TF 
family. A maximum of 25 motifs are shown per family. Columns indicate coexpression clusters, with red 
and blue column colors differentiating between up and downregulated clusters respectively. Red boxes 
indicate a motif that is significantly overrepresented (hypergeometric test).

To complement the motif analysis, we also tested clusters for enrichment of TF targets 
inferred from DNA affinity purification sequencing (DAP-seq) data (O’Malley et al., 
2016) (Supplemental Figure S1). Target genes (inferred from TF-binding peaks) for a 
total of 349 Arabidopsis TFs were available in the Plant Cistrome Database (http://
neomorph.salk.edu/PlantCistromeDB). The patterns of enrichment across clusters 
were in broad agreement with the promoter motif analysis, however, some notable 
differences were also apparent. This included overrepresentation for targets of some 
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ERF family TFs among several coexpression clusters. ERF DNA-binding motifs were not 
detected as widely enriched in our promoter analysis, which may reflect additional 
complexity in TF-DNA binding that is not accounted for in the weight matrix models of 
TF binding specificities. These findings highlight the potential added value of utilizing 
complimentary TF interaction data sets.

Regulation of gene expression often occurs through the coordinated action of multiple 
TFs. To obtain insight into this multi-factorial transcriptional control of the SA-induced 
response, we next used the DAP-seq data to determine the overlap in SA-induced target 
genes by the SA-induced TFs. For the 129 SA-responsive TFs for which DAP-seq DNA 
binding profile data were available, we computed the Jaccard similarity index (i.e., the 
fraction of shared target genes) over all possible pairs of target genes. Unsupervised 
hierarchical clustering largely grouped TFs according to their family, but weaker overlap 
was observed between the members within the different families (Figure 5). The WRKY 
family displayed the highest degree of within-family overlap, targeting broadly similar 
sets of genes. Differences among TFs belonging to the same family were also evident, 
as shown for the NAC, the ERF, and the bZIP TFs, for clear differences in the degree of 
similarity between family members was highlighted, suggesting within-family specificity 
targeting distinct sets of SA response genes.

Figure 5. Overlap between the target genes of SA-responsive TFs. 
Heatmap depicting the overlap in TF target genes by different members of TF families (inferred from DAP-
seq data) as measured by the Jaccard similarity index, where both TF and target genes were differentially 
expressed in response to SA treatment. The pairwise matrix of Jaccard indices are organized via unsupervised 
hierarchical clustering. Sidebars indicate TF family membership.
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In summary, our analyses suggest a complex array of different cis-regulatory motifs, 
their combinations and cognate TFs that allow SA to coordinate the expression of 
distinct gene modules that comprise the SA response.

Chronology of SA-mediated transcriptional reprogramming
The above analyses clearly showed that the SA response is associated with waves 
of distinct transcriptional signatures. To investigate the temporal regulation driving 
dynamic expression patterns during the SA response, we used Dynamic Regulatory 
Events Miner (DREM) (Schulz et al., 2012) to model the SA gene regulatory network. 
DREM integrates static protein–DNA interaction with time course expression data by 
searching the time series for bifurcation events, which are time points where subsets of 
coexpressed genes diverge from each other and predicting the TFs that regulate these 
routes. Figure 6 shows the reconstructed temporal transcriptional network, built with 
the 129 SA-responsive TFs where interaction information could be inferred from DAP-
seq data (O’Malley et al., 2016).
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Figure 6. Modeling the SA pathway TF network (GRN). 
Simplified DREM model annotated with TFs based on DAP-seq data. Each path corresponds to a set of 
genes that were coexpressed. Green nodes represent a bifurcation point where coexpressed genes diverge 
in expression. Only the top three TFs (strongest associations) and summary of TF families involved are 
shown. In order to improve readability, only time points until 10 h are shown as no additional path splits 
were identified after this time. Selected paths are annotated with the most significant functional category 
overrepresented among the genes assigned to a given path.

This SA GRN model contains 27 unique paths controlled by a wide range of TF families. 
Bifurcation points were identified at several time points and suggest complexity in the 
network. In line with our analysis of time of first differential expression (Figure 1), the 
majority of transcriptional switch points occur early on in the time course, within 4 h 
of SA treatment. The biological coherence of the identified paths was confirmed with 
GO term analysis, which revealed that most paths were enriched for distinct biological 
processes, with many of these being SA related and consistent with the SplineCluster 
analysis. Among the upregulated paths this included broad terms like ‘response to 
biotic stimulus’ and ‘response to stress’, as well more specific ones such as ‘vesicle 
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mediated transport’ and ‘DNA replication’, whereas downregulated paths included 
‘photosynthesis’ and ‘cell wall organization’. Regulation of the first path upregulated 
by SA is enriched for WRKY TFs. Among these is the well-studied WRKY70, which plays 
an important role as a positive regulator of SA-mediated defense, but is also a negative 
regulator of SA accumulation (Li et al., 2004; Wang et al., 2006; Knoth et al., 2007). 
The model also predicted WRKY75 as a regulator of the immediate transcriptional 
response to SA. This is in line with the recent finding that WRKY75 positively regulates 
SA accumulation through direct activation of ICS1 (Guo et al., 2017), but our model also 
predicts a broader role of WRKY75 in the immediate transcriptional regulation of genes 
induced following SA pathway stimulation. Two NAC TFs, ANAC075 and ANAC002/ATAF1 
are also assigned to this first path of upregulation. Thus, our model suggests that WRKY 
and NAC TFs are the dominant regulators of genes that are induced in the first stage 
of the SA response. Interestingly, when this first upregulated path splits at 0.5 h, the 
WRKY and NAC TF families were assigned to different paths in the bifurcation point, 
suggesting specificity in regulatory roles at this time point. bZIP family-member TGA 
TFs also appeared on the same path as the NAC TFs, suggesting possible connective 
regulation of genes in this group. As time progresses, additional bifurcation points in 
the model give rise to an increasing number of paths, which are then annotated with 
distinct sets of TF members from different families, including WRKY, NAC, E2F and 
ERF. Downregulated gene paths were also annotated with coherent sets of TFs. For 
example, several early downregulated paths were annotated with homeobox (HB) TFs, 
and several of these TFs were themselves downregulated by SA treatment. Another 
notable prediction was the coordinated early downregulation of SA target genes by the 
SA-upregulated zinc finger TF STZ, which has been shown to function as a repressor of 
transcription (Saibo et al., 2009).

Thus, while static binding data are available for only a subset of SA-inducible Arabidopsis 
TFs, the dynamic network model that was inferred by DREM identified known regulators 
of the SA response and in addition, predicted many more. As the model is able to 
account for temporal regulatory binding it was able to differentiate between early 
and secondary response regulators of the dynamic SA transcriptional regulatory 
network. It is also noteworthy that many of the genes assigned to specific paths by 
DREM are enriched for similar sets of distinct annotations as present in the different 
coexpression clusters identified by the SplineCluster analysis. This is in spite of the 
genes being grouped together by expression behavior using two distinct theoretical 
models (SplineCluster uses Bayesian agglomerative clusters, while DREM uses input-
output hidden Markov models). This observation underlines how our time series is 
sufficiently detailed to capture discrete sectors of the SA-controlled gene network that 
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represent specific pathways and processes, which are likely to have roles in SA-mediated 
immunity.

Network analysis identifies novel regulators of the SA response
Our analysis of SA-mediated transcriptional reprogramming uncovered known aspects 
of the SA gene regulatory network and predicted many more. For example, our 
coexpression clustering analysis identified coherent gene modules, which can be used 
to associate genes of unknown function with particular biological processes. This guilt-
by-association approach is an often-used technique that we, and others, have previously 
demonstrated as a successful approach to uncover novel regulators of particular 
biological processes and pathways in Arabidopsis (Chapter 2; Lewis et al., 2013; Song 
et al., 2016; Hickman et al., 2017; Walker et al., 2017). To identify novel regulators of 
the SA response, we selected TF-encoding genes with no previously reported roles 
in the SA response pathway that were present in clusters that are enriched for terms 
related to defense responses. We paid particular attention to members of the NAC 
and WRKY TFs because these families were most significantly overrepresented in the 
SA-induced DEG set (Figure 6). In total we identified homozygous Arabidopsis T-DNA 
insertion lines for 18 thus far uncharacterized TF-encoding genes. In some cases, pairs of 
candidate TFs displayed high sequence similarity and we predicted that single mutants 
might not display the full effects on host immunity. To account for this possibility, we 
identified three pairs of genetically-unlinked paralogous genes from our candidate list 
and either generated double mutants by crossing the single mutants or obtained the 
double mutants from the GABI-DUPLO collection (Bolle et al., 2013). 

We then functionally analyzed the selected single and double mutants for their 
resistance against the hemi-biotrophic bacterial pathogen Pseudomonas syringae pv. 
tomato DC3000 (Pto DC3000) that is controlled by SA-inducible defenses (Pieterse et 
al., 2012). A list of the 20 mutants examined for altered susceptibility to Pto is shown 
in Figure 7. Of the 20 TF mutants tested, the single mutant of the TF ANAC090, and the 
double mutant of ANAC090 and its paralog ANAC061, had an altered level of resistance 
to Pto DC3000, being more resistant.  
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Figure 7. All mutant alleles for predicted SA pathway regulators and their Pto DC3000 disease 
resistance phenotypes. 
Pto DC3000 resistance phenotypes of TF mutant lines based on bacterial growth in leaves 72 h after pressure 
infiltration. Mutants were tested in different batches together with Col-0 (WT). One-way Anova with 
Dunnett’s post-hoc test was used to compare the log10-transformed cfu/cm2 of leaf tissue of the different 
genotypes to WT.*P< 0.05; **P < 0.001; NS, no significant difference.

The expression kinetics of the ANAC061 and ANAC090 genes in wild-type Col-0 plants 
in response to SA was similar and both genes were therefore assigned to SA response 
cluster c22 (Figure 8A), which is enriched for genes associated with plant defense 
(see analysis of the SA coexpression clusters described above). Furthermore, a public 
database search using the Arabidopsis eFP Browser (Winter et al., 2007) revealed that 
both ANAC061 and ANAC090 were highly induced upon treatment with bacterial-
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derived elicitors, flg22 or HrpZ (assayed 1 h post treatment), further supporting a 
role for these TFs in the immune response. The expression behavior of the ANAC61 
and ANAC90 genes in the anac061, anac090, and anac061 anac090 mutant lines was 
verified by qRT-PCR analysis (Supplemental Figure S2). This showed extremely low or 
undetectable expression levels if the (single and double) mutants carried the mutation 
in that gene, and overcompensation in expression of the homologous gene in the two 
single mutants. 

Figure 8. Identification of ANAC061 and ANAC090 as coexpressed homologous TFs that regu-
late resistance to P. syringae and H. arabidopsidis. 
(A) ANAC061 and ANAC090 belong to the same coexpression cluster (c22) following SA treatment. (B) 
Quantification of bacterial growth in leaves of Col-0 (WT), anac61, anac90, anac61 anac90, and dmr6-3 lines
at 72 h after pressure infiltration with P. syringae pv. tomato (Pto) DC3000. One-way ANOVA and post-hoc 
Tukey test was used to compare the log10-transformed Pto growth data between different genotypes (n=8; 
error bars indicate SE). (C) Amount of H. arabidopsidis Noco2 spores on Col-0 (WT), anac61, anac90, anac61
anac90, and dmr6-3 lines at 7 dpi. One-way ANOVA and post-hoc Tukey test was used to compare the count 
data of different genotypes to WT (n=10; error bars indicate SD). (D) Volcano plot depicting differentially 
expressed genes (FDR < 0.05, |log2 fold change| > 1; indicated by dashed grey lines) in anac61 anac90 
compared to WT in basal conditions. Genes that are up- and downregulated following SA treatment of Col-0 
(WT) are colored red and blue, respectively. Selected genes with defense-related functions are labeled. 
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(E) Heatmap indicating hypergeometric enrichment P value (after Bonferroni correction) of genes with
significantly increased (red gradient) or decreased (blue gradient) transcript levels in anac61 anac90 in 
each SA-responsive coexpression cluster (see Figure 2A). Clusters are grouped according to classification 
as upregulated (red bar) or downregulated (blue bar) following SA treatment. (F) Coexpression network 
obtained using public whole-genome transcriptome data sets with ANAC061 and ANAC090 as baits. Genes 
encoding receptor or receptor-like proteins are marked with a red border.

Figure 8B shows that the single anac090 mutant displayed a reduction in the growth 
of Pto DC3000, while there was no difference with wild-type Col-0 plants in the 
anac061 mutant. The anac061 anac090 double mutant accomplished an even greater 
reduction of bacterial growth than the single anac090 mutant, and was less diseased 
than the positive control mutant dmr6-3 (Zeilmaker et al., 2015). A similar reduction in 
bacterial growth was also observed for Pseudomonas syringae pv. maculicola ES4326 
(Pma ES4326) in the anac090 single mutant and the anac061 anac090 double mutant 
(Figure 9A). We then also tested the anac061, anac090, and anac061 anac090 mutants 
for their resistance against the SA-controlled oomycete pathogen Hyaloperonospora 
arabidopsidis (Hpa) isolate Noco2. As shown in Figure 8C, the level of susceptibility 
to Hpa Noco2, based on quantification of sporulation, was reduced in the anac090 
mutant, whereas anac061 developed symptoms similar to wild-type plants. Again, the 
anac061 anac090 double mutant displayed even greater levels of resistance, reaching 
a similar reduction in Hpa sporulation as the dmr6-3 mutant. Furthermore, we also 
tested the anac mutant for resistance to the JA-controlled necrotrophic fungal pathogen 
B. cinerea and chewing caterpillar M. brassicae and found these did not differ from
wild-type plants (Figure 9B-C). Taken together, these results suggest that anac061 and
anac090 have shared activities as negative regulators of immunity against biotrophic
and hemi-biotrophic pathogens.
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Figure 9. Arabidopsis ANAC061 and ANAC090 play overlapping roles in regulating resistance 
Pma ES4326, but without role in B. cinerea and M. brassicae resistance. 
(A) Quantification of bacterial growth in leaves of Col-0, anac061, anac090, anac061 anac090 and dmr6-3 
mutant lines 72 h after pressure infiltration with Pma ES4326. One-way ANOVA and post-hoc Tukey test 
was used to compare the log10-transformed data of different genotypes (n=8; error bars are SE). (B) Lesion
size (cm2) of B. cinerea in leaves of Col-0, anac061, anac090, anac061 anac090 and highly susceptible ora59 
mutant lines 72 h after inoculation with B. cinerea. ANOVA and Tukey’s test was used to compare the data 
of different genotypes (n=20; error bars are SD). (C) Performance of M. brassicae larvae on Col-0, anac061, 
anac090, anac061 anac090 and highly susceptible triple bHLH TF mutant myc2,3,4 mutant lines. The larval
fresh weight was determined after 13 days of feeding. ANOVA and Tukey’s test was used to compare fresh 
weight data of different genotypes (n=20; error bars are SD).

To provide insight into the biological processes contributing to reduced biotrophic 
pathogen performance on anac061 anac090, we performed RNA-seq analysis on 
leaves harvested from the double mutant and wild-type Col-0. A total of 592 genes 
were differentially expressed between anac061 anac090 and wild-type plants (453 
were upregulated and 139 were downregulated in the double mutant; Supplemental 
Data Set S3). Functional category analysis showed that for genes with upregulated 
expression in the double mutant versus wild type, processes such as “defense response” 
and “response to SA” were among the most significantly enriched terms, while 
downregulated genes were associated with primary metabolism (Supplemental Data 
Set S3). Volcano plot visualization demonstrated that the transcriptional signature of 
anac061 anac090 was characterized by an upregulation of many genes that were also 
induced by SA in wild-type plants in our time series data set and include important 
regulators of SA signaling and immunity (e.g., SARD1, CBP60g, ACD6, CRK9, LURP1) 
(Figure 8D). Genes that were downregulated in anac061 anac090 generally overlap 
with genes that were downregulated by SA. In accordance with these findings 
anac061 anac090-upregulated DEGs were specifically overrepresented in several 
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coexpression clusters of the SA-induced DEGs, and many of these are enriched for 
defense-related functions. Furthermore, anac061 anac090-downregulated DEGs were 
only overrepresented among downregulated coexpression clusters (Figure 8E). Thus, 
these RNA-seq data indicate that ANAC061 and ANAC090 are negative regulators of 
SA-mediated immunity and specifically target certain sectors with the SA network. This 
hypothesis was further supported by gene coexpression network analysis performed on 
public data sets of different perturbation experiments with Arabidopsis transcriptome 
data using ATTED-II (Obayashi et al., 2017), which demonstrated coregulation of the 
ANAC061 and ANAC090 genes with genes with immune annotations including a large 
proportion that encode receptor-like proteins (Figure 8F).

Role of NAC TFs in plant growth
Because enhanced resistance can often be accompanied by a growth penalty, we 
investigated this trait for Col-0, anac061, anac090, anac061 anac090 single and double 
mutants and mutant dmr6-3 (which shows reduced growth alongside enhanced disease 
resistance in the background of accession Col-0). We measured the rosette area at 3 
different plant ages. Plant size measurements (Figure 10) showed that after 5 weeks 
of cultivation only the dmr6-3 mutant had a slightly smaller size compared to Col-0. 
However, the differences between genotypes increased over time, and after 6 weeks 
of growth, also anac090 and anac061 anac090 plants were evidently smaller in size 
compared to wild type. 
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Figure 10. Arabidopsis anac061, anac090 mutants and anac061 anac090 double mutants 
growth development. 
(A) Total leaf area was measured in 5- and 6-week-old plants. (B) Representative photos of 5-week-old
plants for each of the assayed genotype. One-way ANOVA and post-hoc Tukey test was used to compare 
the data of different genotypes per plant age (n=29 error bars indicate SD).

DISCUSSION

Plant immunity is regulated by a complex network of cross-communicating signaling 
pathways that control gene expression programs responsible for mediating a range 
of adaptive defense responses. SA is a key immune signaling hormone that controls 
defense responses that are effective against pathogens with (hemi)-biotrophic lifestyles 
(Vlot et al., 2009). 

Previous transcript profiling studies of the SA response in Arabidopsis have analyzed 
these processes with a limited number of time points after exogenous application of 
SA or BTH or tracked the effects of induced SA signaling by transcriptome profiling in 
a SA signaling mutant after pathogen stimulation (Goda et al., 2008; Kim et al., 2014; 
Hillmer et al., 2017). These studies gave a static picture of the overall changes in gene 
expression that occur in response to SA, and provided limited information on the timing 
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and sequence of transcriptional changes and related biological processes affected, and 
lack the resolution required to infer an in depth understanding of the dynamic GRN 
underlying the SA responses. To move knowledge beyond these previous studies, this 
chapter describes the generation and analysis of an information-rich, high-resolution 
time-course gene expression data set to analyze the response of Arabidopsis leaves 
to SA treatment.

Temporal transcription landscape and dynamic GRN modeling of the SA response
Analysis of this gene expression time series showed that SA induces large-scale 
transcriptional reprogramming with approximately one-third of the Arabidopsis genome 
changing in expression during the first 16 h following application of SA. Our analysis 
of differential gene expression greatly expanded the number of genes that respond in 
a SA-dependent manner, including hundreds of transcripts that could not have been 
detected previously with microarrays. From these data, we were able to make a series of 
detailed regulatory insights into the SA response, including the timing of transcriptional 
response, patterns of coregulation, and biological processes targeted.

One striking finding from our analysis was that SA-mediated differential expression 
occurs in clearly defined temporal waves, which were enriched for genes corresponding 
to distinct biological processes (Figure 1). The majority of gene expression changes 
(upregulation and downregulation) occurred rapidly within the first 2 h after SA 
treatment, taking place in the first wave (Figure 1). Within the first wave of gene 
upregulation were many well-established immune response genes. The second wave 
of upregulation (2–4 h) was associated with genes involved in the wounding response. 
Interestingly, within the third wave (4 h onwards) were many genes associated with cell 
cycle and DNA repair. The two discernable waves of downregulated genes were both 
associated with different categories of metabolism: photosynthesis and development 
(wave 1) and starch (wave 2). The ability to see these differences in transcriptional 
activity over time provides an unprecedently nuanced view of the genes and respective 
biological processes involved in the SA response. The cluster analysis identified groups 
of SA-responsive genes that had not been observed previously with more limited time 
series data (Figure 2). Analysis of the individual clusters identified groups of genes 
involved in a common process among both upregulated and downregulated genes. 
Annotations among upregulated clusters included classical immune responses (e.g., 
signal transduction, protein phosphorylation, etc), as well more specific terms, such as 
unfolded protein response and DNA repair; downregulated clusters were associated with 
processes related to primary metabolism and development, such as photosynthesis, 
chlorophyll metabolism, and auxin signaling. 
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It seems likely that genes involved in the same process, with similar expression profiles, 
are coregulated rather than simply coexpressed during the SA response, and this 
prediction is strengthened by the analysis of promoter motifs and TF binding. In general, 
we find significant correspondence among expression pattern, gene functions, and 
promoter enrichment for known TF motifs in and TF binding (DAP-seq data) (Figure 4 
and S1). This combined analysis re-identified many known regulatory components and 
suggested additional roles for other trans- and cis-acting factors in regulation of the 
SA response.

Previous studies have highlighted several members of the WRKY TF family as 
components in a SA-mediated regulatory network that function as either positive or 
negative regulators of target genes (Wang et al., 2006). The importance of WRKY TF 
families in promoting the SA-response in Arabidopsis was clearly illustrated through the 
specific and highly significant enrichment for WRKY binding sites for these regulators 
in the promoters of multiple clusters of upregulated genes (Figure 4). 

Upregulated gene clusters that were not enriched for WRKY binding motifs were 
typically enriched for motifs corresponding to other TF families, such as NAC, CAMTA, 
HSF, and E2F (Figure 4). The distribution of enrichment for these motifs suggests that 
they act to fine-tune the expression of dedicated sets of target genes in specific sectors 
of the SA GRN and demonstrates the diversity in regulation underlying the SA response.

Dynamic network modelling enables prediction of regulatory interactions
Efforts aimed at reconstructing GRNs can be greatly assisted by genome-wide TF-DNA 
binding data. However, until recently very few comprehensive studies of genome-wide 
DNA-binding of TFs were available for plants. Utilizing, recently published information 
on target genes derived a large-scale, genome-wide study of Arabidopsis TF-DNA 
binding profiles (O’Malley et al., 2016), we were able to leverage these data with 
our transcriptional time series to generate a dynamic transcriptional map of the SA 
response. To achieve this, we used DREM (Ernst et al., 2007), a tool specifically designed 
to integrate information on TF-gene interactions with time series gene expression data 
to identify patterns of temporal gene expression, the associated regulators and the 
dynamics of the interactions.

From the resulting temporal map (Figure 6) we could generate new insights and 
predictions about the regulation of the SA response. In line with current models of 
SA-signaling, the DREM model indicates that several different WRKY TFs act as master 
regulators of the SA pathway. For example, WRKY15, WRKY75 and WRKY55 were among 
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the top ranked TFs assigned to the first path of gene upregulation, suggesting important 
roles in regulating the immediate/early SA-response. Validating their importance to the 
SA-response and SA-mediated immunity through, for example, the use of mutant and 
transgenic TF lines, will be important focus of future research

Following the initial activation response, the network is subject to a series of splits, 
which represents divergence of genes that were co-regulated up until that point.  Many 
of these expression paths are enriched for specific biological processes, and this set 
shares a high level of overlap with the different processes also found in SplineCluster 
analysis described above. While some WRKY TFs are predicted to regulate splits in 
gene expression trajectories, the model generally predicts a different set of secondary 
regulators to be responsible for determining the patterns of genes linked to specific 
pathways and processes, and include members of the bZIP, NAC and E2F families. 
Thus, by combining high-resolution expression time series with static TF-DNA binding, 
we were able to infer a temporal cascade of TFs that regulate the SA-response and 
highlights differences between master and secondary transcriptional regulators in the 
network.

An important caveat is that the DREM analysis was limited to the 349 Arabidopsis TFs 
for which high-quality binding profiles are currently in the DAP-seq database (O’Malley 
et al., 2016). Thus, hundreds of known and potentially important regulators of the 
SA pathway are missing from our analysis.  The generation of genome-wide binding 
profiles for additional SA-regulated TFs will be required to identify the full complement 
of master and secondary TFs that orchestrate the SA response.

Obviously, transcriptional regulation is only one of several mechanisms of gene 
regulation in plants, and complex patterns of gene expression can also be controlled 
at posttranscriptional or posttranslational level. For example, the initial steps in the 
SA response are regulated through the posttranslational modifications of NPR1, NPR3 
and NPR4 (Tada et al., 2008; Fu et al., 2012; Wu et al., 2012; Ding et al., 2018). The 
next challenge is to link non-transcriptional regulation such as mRNA stability, mRNA 
translation, and protein stability to transcriptional network models.

Emerging role for NAC TFs in the SA response
The plant-specific NAC family of TFs plays diverse roles regulating plant growth, 
development and responses to environmental stress. In recent years, the majority 
of studies have focused on the roles of NAC family members in the regulation of 
development processes such as cellular differentiation and senescence, and abiotic 
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stresses such as drought and high-salinity (Olsen et al., 2005; Nakashima et al., 2012; 
Kim et al., 2016). In recent years, several NAC TFs, including ANAC019, ANAC055 and 
ANAC032 have also been identified as important components of the SA pathway 
(Zheng et al., 2012; Allu et al., 2016). Several lines of evidence in this study pointed to 
the NAC TF family playing an extended role in regulating the SA response. First, our 
comprehensive cataloguing of SA-responsive genes revealed that, after the WRKY TF 
family, genes encoding NAC TFs displayed the most significant enrichment among those 
upregulated in response to SA (Figure 3A). Secondly, motif analysis of promoters of 
coexpressed genes identified NAC TF motifs as enriched within several clusters (Figure 
3B and 4). Third, our dynamic regulatory model of the SA-response predicted several 
NAC TFs were responsible for regulating several dynamic paths of coexpression (Figure 
6). 

Using a guilt-by-association approach, we identified several NAC TFs as candidate 
regulators of the SA-response and screened their respective mutants, and in some 
cases, double mutants for altered resistance against SA-inducing pathogens. This 
reverse-genetic screen identified the single anac090 mutant, and the double anac061 
anac090 mutant as displaying enhanced resistance to Hpa Noco2 and Pto DC3000 when 
compared to wild-type plants (Figure 8A-B). The anac061 anac090 double mutant was 
the most resistant, indicating that this paralogous TF pair acts redundantly. Furthermore, 
we also tested the anac mutant for resistance to the JA-controlled necrotrophic fungal 
pathogen B. cinerea and chewing caterpillar M. brassicae and found these did not differ 
from wild-type plants (Figure 9B-C), suggesting that the NAC61 and NAC90 defense 
module plays no role in the control of these attackers. Transcriptome analysis of the 
double mutant confirmed upregulation of many SA pathway genes (Figure 8D-E), which 
likely explains the enhanced resistance against the (hemi)-biotrophic pathogens. In 
support of our findings, a recent study of a NAC TF network during developmental leaf 
senescence by (Kim et al., 2018) also linked ANAC090 to SA signaling. In that study, 
ANAC090 was identified as a negative regulator of SA-mediated leaf senescence and 
they showed that loss of ANAC090 led to increased SA levels and accelerated leaf 
senescence. Furthermore, using ChIP-qPCR technology they showed that ANAC090 
binds upstream of several important SA-signaling genes, including ICS1 and EDS5. We 
observed a reduced growth of the Arabidopsis anac061 anac090 double mutant, but 
not to the same extent as the SA hydroxylase mutant dmr6-3 (Figure 10).

High sequence similarity and genetic redundancy between TF family members can often 
mask the contribution of individual TFs towards regulation of a specific process. This 
may explain why most of other ANAC single mutants tested did not display significant 
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effects on host immunity in the above-described analyses, even if these individual TFs 
would constitute valid nodes in the SA GRN. An important step in future research will 
be to generate higher order mutants of related NAC TFs and others predicted to play 
a role in regulating the SA response.

METHODS

Plant materials and growth conditions
All wild type, mutant, and transgenic Arabidopsis thaliana plants used in this study 
are in the Columbia accession (Col-0) background. The following T-DNA insertion 
mutants and transgenic lines were obtained from the Nottingham Arabidopsis Stock 
Centre: bzip17 (At2g40950; SALK_004048C), anac017 (At1g34190; SALK_022174C), 
anac047 (At3g04070; SALK_066615), anac053 (At3g10500; SALK_009578), anac061 
(At3g44350; SALK_041446), anac078 (At5g04410; SALK_040812), anac082 (At5g09330; 
GK-282H08), anac087 (At5g18270; SALK_079821) anac090 (At5g22380; SALK_011849C), 
anac104 (At5g64530; SALK_022552), myb50 (At1g57560; SALK_035416C) myb61 
(At1g09540; SALK_106556C), wrky64 (At1g66560; GABI_519C02), wrky66 
(At1g80590; SALK_055084C), wrky67 (At1g66550; SALK_027849C), and anac053 
anac078 double mutant from the GABI-DUPLO collection (Bolle et al., 2013) (N2103080). 
The myb50 myb61 and anac061 anac090 double mutants were generated by crossing 
the single mutants listed above. Mutants eds2-1 (Bartsch et al., 2006), dmr6-3 (Van 
Damme et al., 2008), ora59 (Zander et al., 2014), and myc2 myc3 myc4 (Fernández-Calvo 
et al., 2011) were kind gifts from the Parker, Van den Ackerveken, Gatz, and Solano 
groups, respectively.

Plants were grown as described previously (Chapter 2; Hickman et al., 2017). In brief, 
seeds were stratified at 4°C for 48 h prior to sowing on river sand supplemented with 
modified half-strength Hoagland nutrient solution containing 10 mM Sequestreen 
(CIBA-GEIGY GmbH, Frankfurt, Germany). Two weeks after germination, the seedlings 
were transferred to 60-mL pots containing a soil:river sand mixture (12:5) that had been 
autoclaved twice for 1 h. Plants were cultivated in a growth chamber under a 10-h day 
(75 µmol/m2/s1) and 14-h night cycle at 21°C and 70% relative humidity. Plants were 
watered every other day and received the modified Hoagland solution once a week.

RNA-seq experimental setups 
For the SA time series experiments, 5-week-old Arabidopsis Col-0 plants were treated 
by dipping the rosette leaves into a solution containing 0.015% (v/v) Silwet L77 (Van 
Meeuwen Chemicals BV) and either 1 mM SA (Mallinckrodt Baker). Subsequently, 
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developmental leaf six was harvested from four individual SA-treated plants at each 
of the following time points post-treatment: 15 min, 30 min and 1, 1.5, 2, 3, 4, 5, 6, 7, 
8, 10, 12 and 16 h. The SA treated samples were harvested simultaneously with MeJA 
and mock-treated samples described in a previously published time series analysis of 
phytohormone responses (Chapter 2; Hickman et al., 2017). For the comparison of the 
anac061 anac090 double mutant with wild-type Col-0, two mature leaves (number 6 
and 7) were harvested per plant from two 5-week-old plants per genotype, resulting 
in two biological replicates.

RNA-seq library preparation and sequencing 
Total RNA was extracted using the RNeasy Plant mini kit (Qiagen), including a DNase 
treatment step in accordance with the manufacturer’s instructions. For the time series 
experiment, RNA-Seq library preparation and sequencing was performed as described 
previously (Chapter 2; Hickman et al., 2017).  Libraries were prepared using the Illumina 
TruSeq mRNA Sample Prep Kit and sequenced on the Illumina HiSeq 2000 platform with 
read lengths of 50 bases. For the analysis of the anac061 anac090 double mutant, RNA-
Seq libraries were prepared using the Illumina Truseq mRNA Stranded Sample Prep Kit, 
and sequenced on the Illumina NextSeq 500 platform with read lengths of 75 bases. All 
raw RNA-Seq read data are deposited in the Sequence Read Archive (http://www.ncbi.
nlm.nih.gov) with BioProject ID PRJNA224133 and PRJNA395645.

RNA-Seq analysis
Quantification of gene expression from RNA-seq data was performed as described 
previously (Chapter 2; Hickman et al., 2017). Sequencing reads were aligned to the 
Arabidopsis genome (TAIR version 10) using TopHat v2.0.4 (Trapnell et al., 2009), 
summarized over annotated gene models using HTSeq-count v0.5.3p9 (Anders et al., 
2015) and normalized using the DESeq R package (Anders and Huber, 2010). 

To identify genes whose transcript levels differed significantly over time between a given 
pair of hormone treatments we used the approach previously described in Chapter 
2 (Hickman et al., 2017). Briefly, for each gene a negative binomial generalized linear 
model was fit to the normalized gene counts with treatment and time as covariates. 
We then used ANOVA to compare to the full model to a reduced model without the 
treatment variable. To adjust for multiple comparisons, we adjusted the resulting P 
values using the Bonferroni method. Genes with an adjusted P value < 0.05 and a 
fold change > 2 at one or more timepoints were called as DEGs. Genes differentially 
expressed between MeJA- and mock-treated leaves were described previously (Chapter 
2; Hickman et al., 2017). Genes differentially expressed between Col-0 and anac061 
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anac090 (|log2-fold change| >1; false discovery rate < 0.05) were identified using 
DESeq2 (Love et al., 2014) with default settings.

Clustering of gene expression profiles 
Clustering of DEGs was performed using SplineCluster (Heard et al., 2006). Genes for the 
SA vs mock comparison were clustered with a prior precision value of 10-5 on the basis 
of SA expression. An additional reallocation function (Heard, 2011) that redistributes 
cluster outliers into more appropriate clusters was also performed.

Gene Ontology analysis 
GO enrichment analysis on gene clusters was performed using GO term finder (Boyle et 
al., 2004) and an Arabidopsis gene association file downloaded from ftp.geneontology.
org on 10th Feb 2017. To remove generic GO terms, only GO categories at level three 
and above in the GO hierarchy were included in the GO analysis. Overrepresentation for 
the GO categories ‘Biological Process’, ‘Molecular Function’ and ‘Cellular Component’ 
were identified by computing a P value using the hypergeometric distribution and 
false discovery rate for multiple testing (P < 0.05). GO analysis of DREM paths was 
performed using DREM’s in-built GO enrichment method (Schulz et al., 2012), using 
the gene association file described above.

TF family analysis
Overrepresented TF families within a set of genes were analyzed as described in Chapter 
2 (Hickman et al., 2017). TF family annotations were retrieved from PlantTFDB version 
3.0 (Jin et al., 2014) and tested for enrichment using the hypergeometric distribution 
with P values corrected for multiple testing with the Bonferroni method.

Promoter motif and transcription factor binding analysis
For the analysis of known Arabidopsis TF DNA-binding motifs we retrieved published 
position specific weight matrices from CIS-DB version 1.02 (Weirauch et al., 2014) and 
those described in Franco-Zorrilla et al. (2014). Promoter sequences defined as the 
500 bp upstream of the transcription start site (TSS) were retrieved from TAIR (version 
10). The occurrence of a motif within a promoter was determined using FIMO (Grant 
et al., 2011), where a promoter was considered to contain a motif if it had at least one 
match with a P value < 10-4. Motif enrichment was assessed using the hypergeometric 
distribution against the background of all Arabidopsis genes.

TF-gene interactions were inferred from DAP-seq (DNA affinity purification sequencing) 
experiments, which provide the genome-wide binding profiles of in-vitro-expressed 
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TFs (O’Malley et al., 2016). DAP-seq peaks for 349 Arabidopsis TFs with a FRiP (fraction 
of reads in peaks) score ≥5% were retrieved from the Plant Cistrome DB (O’Malley 
et al., 2016). To improve the interpretability of our models we took an approach 
based on that outlined in Narsai et al. (2017), and reduced the size of the TF-gene 
interaction dataset by keeping the strongest 25% DAP-seq peaks for each TF and used 
ChIPpeakAnno to assign their target genes using a TSS distance threshold of -2000 with 
all other parameters kept as default (Zhu et al., 2010). The enrichment of TF targets 
within coexpressed gene clusters was assessed using the hypergeometric distribution 
as described above.

Coexpression network analysis
The coexpression network was obtained using the ATTED-II Network Drawer tool 
(http://atted.jp/cgi-bin/NetworkDrawer.cgi) (Obayashi et al., 2017) using ANAC061 and 
ANAC090 as query genes.

Disease bioassays and insect performance
Pseudomonas syringae pv. tomato DC3000 (Pto DC3000) was cultured in King’s B 
medium supplemented with 50 mg/L rifampicin at 28°C overnight. Bacteria were 
collected by centrifugation for 10 min at 4000 rpm, and re-suspended in 10 mM MgSO4. 
The suspension was adjusted to OD600=0.005 and pressure infiltrated into three mature 
leaves of 5-week-old plants with a needleless syringe as described previously (Van Wees 
et al., 2013). After three days, leaf discs from infected leaves were harvested from two 
inoculated leaves per plant to give a single biological replicate. Eight biological replicates 
were harvested for each genotype. Subsequently, 500 µl of 10 mM MgSO4 was added 
to the samples, after which they were macerated using a TissueLyser (Qiagen). Serial 
ten-fold dilutions were made in 10 mM MgSO4, and 30 µl aliquots plated onto KB agar 
plates containing 50 mg/mL rifampicin. After 48 h incubation at 28°C, bacterial colonies 
were counted. Bacterial growth in the mutant lines was compared with that of the wild 
type (Col-0) using ANOVA followed by Dunnett’s multiple comparison tests for mutant 
screening and ANOVA followed by Tukey’s multiple comparison test for specific ANAC 
assays, as indicated in the figure legends.

Hyaloperonospora arabidopsidis isolate Noco2 (Hpa Noco2) spores were harvested 
from infected (eds2 mutant) plants, eluted through Miracloth, and diluted in water to 
50 spores/µl. For the disease bioassay, five-week-old plants were spray inoculated with 
this spore suspension. Plants were subsequently placed at 100% RH, under short day 
conditions (9 h light/15 h dark) at 16°C. After 9 days the spores from eight individual 
rosette plants were harvested in 5 ml of water and the number of spores per milligram 
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of plant tissue (fresh weight of aerial parts) was counted using a light microscope. Spore 
counts in the mutant lines were compared with that of the wild type (Col-0) using 
ANOVA followed by Tukey’s multiple comparison test.

Pseudomonas syringae pv. maculicola ES4326 (Pma ES4326) was cultured in King’s B 
medium supplemented with 50 mg/L streptomycin at 28 °C overnight. Bacteria were 
collected by centrifugation for 10 min at 4000 rpm, and re-suspended in 10 mM MgSO4. 
The suspension was adjusted to OD600=0.002 and pressure infiltrated into 2 mature 
leaves of 5-week-old plants with needleless syringe. The protocol as described above 
for Pto was followed, except that 30 µl aliquots of serial dilutions were plated onto KB 
agar plates containing 50 mg/mL streptomycin. After 48 h incubation at 28°C, bacterial 
colonies were counted. Statistical analyses were performed using ANOVA followed by 
Tukey’s multiple comparison test for means of log10-transformed colony counts.

Botrytis cinerea disease resistance was determined essentially as described previously 
(Van Wees et al., 2013). In brief, B. cinerea was grown on half-strength Potato Dextrose 
Agar (PDA; Difco BD Diagnostics, Franklin Lakes, NJ, USA) plates for 2 weeks at 22°C. 
Harvested spores were incubated in half-strength Potato Dextrose Broth (PDB; Difco) 
at a final density of 5 x 105 spores/ml for 2 h prior to inoculation. Five-week-old plants 
were inoculated by placing a 5-µl droplet of spore suspension onto the leaf surface. Five 
leaves were inoculated per plant. Plants were maintained under 100% relative humidity 
with the same temperature and photoperiod conditions. Disease severity was scored 3 
days after inoculation in lesion area. Statistical analyses were performed using ANOVA 
and Tukey’s test of the differences between means of lesion area.

Mamestra brassicae eggs were obtained from the laboratory of Entomology at 
Wageningen University where they were reared as described previously (Pangesti et 
al., 2015). Per 5-week-old Arabidopsis plant one freshly hatched first-instar (L1) larva 
was directly placed on a leaf using a fine paintbrush. Larval fresh weight was determined 
after 8–12 days of feeding. To confine the larvae, every plant was placed in a cup that 
was covered with an insect-proof mesh. Significant differences in larval weight between 
genotypes were determined using a statistical analysis were performed using ANOVA 
and Tukey’s test of the differences between means of larval weight.

Rosette area quantification
To monitor plant growth, photographs of the same 29 plants for each genotype were 
taken once per week over a period of 2 weeks. Rosette area was measured using Image 
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J software. Significant differences in leaf surface area between genotypes was identified 
using ANOVA followed by Tukey’s multiple comparison test.

Supplemental data

Figure S1. Enriched TF targets in SA-responsive gene coexpression clusters. 
TF targets inferred from DAP-seq data are differentially enriched in the promoters of genes clustered on the 
basis of their expression following application of SA. Rows indicate TFs and are colored by corresponding 
family. Columns indicate coexpression clusters, with red and blue column colors differentiating between up- 
and downregulated clusters respectively. Red boxes indicate a TF targets are significantly overrepresented 
among genes in a given cluster (hypergeometric test).



104

Chapter 3

Figure S2. Expression of ANAC061 and ANAC090 in the wild type, anac061, anac090 and 
anac061 anac090. 
Transcript abundance of ANAC061 (A) and ANAC090 (B) in single mutant insertion alleles and corresponding 
double mutant determined using qRT-PCR, 1 h after leaves were syringe-inoculated with 1 μM of flg22. 
Transcript abundance is expressed relative to the wild type (Col-0) and is the average and SE of three 
biological replicates (***P value < 0.0001; Student’s t test).

The following data sets are available upon request.

Supplemental Table 1. List of primers used for genotyping of T-DNA mutants and qRT-PCR 

analysis.

Supplemental Data Set 1. SA-responsive DEGs.

Supplemental Data Set 2. Cluster membership for SA-responsive DEGs following clustering using 

SA-treated gene expression profiles. GO terms overrepresented in the clusters.

Supplemental Data Set 3. List of DEGs in anac61 anac90 compared to wild-type Col-0.
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ABSTRACT

The biological function of the majority of genes that are induced during a plant immune 
response is unknown. Here, a bioinformatics pipeline, using whole transcriptome time 
series data of Arabidopsis thaliana treated exogenously with the defense hormone 
salicylic acid (SA), unearthed more than a hundred groups of related, SA-responsive 
genes with no previously characterized functions in plant immunity. One of these gene 
families consists of eight members, encoding small proteins that contain a cysteine-
rich transmembrane domain. To reflect their high levels of gene expression induced 
by various pathogens and their immune elicitors, we named them Pathogen-induced 
Cysteine-rich transMembrane proteins (PCMs). Coexpression network analysis revealed 
that the PCM genes were co-expressed with several known defense-related genes. 
Only one of the PCM members, also known as PCC1, has been reported to exert a 
role in immunity. Transient expression assays in Nicotiana benthamiana with PCMs 
tagged with fluorescent proteins revealed for most of the PCMs that they were localized 
at the plasma membrane. Stable PCM-overexpressing Arabidopsis lines displayed 
enhanced resistance against the (hemi-)biotrophic pathogen Hyaloperonospora 
arabidopsidis Noco2 and one of the PCM sub-families was also more resistant to the 
(hemi-)biotrophic pathogen Pseudomonas syringae pv. tomato DC3000. Transcriptome 
analysis of PCM-overexpressing lines revealed no enrichment of typical immune-related 
genes and processes. Instead, genes related to light signaling and development were 
induced. In accordance, PCM-overexpressing seedlings displayed elongated hypocotyl 
growth. These results point to a function of PCMs in both disease resistance and 
photomorphogenesis, connecting both biological processes, possibly via effects on 
membrane structure or activity of interacting proteins at the plasma membrane. 
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INTRODUCTION

In nature and in agriculture, plants are exposed to many different pathogenic 
microorganisms. To counter these threats, plants have evolved a complex immune 
system that can perceive pathogens and activate an appropriate response. These 
induced defense responses aim to fortify physical barriers against pathogen entry, of 
which callose deposition at the site of interaction with the invader is well studied (Luna 
et al., 2011). In addition, defensive compounds accumulate like secondary metabolites 
and pathogenesis-related proteins (PRs), some of which have been demonstrated to 
possess in vitro antimicrobial activity and it is associated with plant resistance (Van 
Loon et al., 2006; Sels et al., 2008; Gamir et al., 2017). Plants can choose from a rich 
repertoire of defense compounds to combat different infecting agents. Still, many of 
the induced genes during pathogen infection have an unknown function, even though 
a role in defense can be expected for many of them. 

The upstream multi-layered and intertwined immune circuitry instructs which responses 
are expressed upon recognition of the invader. A combination of conserved microbe-
associated molecular patterns (MAMPs) and specific pathogen effectors are perceived 
by plant receptors (Dodds and Rathjen, 2010), which activates diverse signaling cascades 
that require elevated levels of reactive oxygen species and calcium, modification of 
enzymes, and changes in hormone levels (Boller and Felix, 2009). The phytohormone 
salicylic acid (SA) plays a key role as signaling molecule in the regulation of plant immune 
responses, which are primarily effective to fight biotrophic pathogens (Fu and Dong, 
2013). In SA-activated cells, the transcriptional cofactor NONEXPRESSOR OF PR GENES1 
(NPR1) interacts with members of the TGA family of transcription factors, leading to 
transcriptional activation of different other transcription factors, like members of the 
WRKY family, and downstream SA-responsive defense genes (Tsuda and Somssich, 2015; 
Chapter 3). Microarray analysis of Arabidopsis thaliana (hereafter: Arabidopsis) plants 
expressing an NPR1-GR (glucocorticoid receptor) fusion protein (Wang et al., 2006) 
showed that several well-known SA-related genes, like PRs and WRKYs, were among 
the differentially expressed genes (DEGs) following SA treatment and dexamethasone-
induced nuclear localization of NPR1. Almost 20% of the 64 direct target genes regulated 
by NPR1 (insensitive to cycloheximide) were described as having an unknown or 
uncharacterized function. The family of transmembrane cysteine-rich domain proteins 
that we characterize in this study was present in this group of NPR1-regulated direct 
target genes. Transmembrane cysteine-rich domain proteins have been predicted to 
be involved in biotic and abiotic stress responses (Venancio and Aravind, 2010). For one 
of the family members (PCC1) a role as positive regulator of defense to the biotroph 

4
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Hyaloperonospora arabidopsidis has been demonstrated (Sauerbrunn and Schlaich, 
2004), while for another family member (CYSTM3) a role as a negative regulator of salt 
stress responses has been reported (Xu et al., 2019).

The set of SA-activated genes encode proteins with diverse functionality, and are 
associated with a variety of biological processes (Chapter 3). While the role of SA in 
regulating responses to pathogen infection is well established, it is also known to have 
a broader influence, regulating responses to abiotic stresses, such as cold, heat shock, 
drought, high salinity, UV radiation, and shade avoidance (Hayat et al., 2010; Nozue et 
al., 2018). SA also impacts plant growth by inhibiting auxin signaling (growth hormone) 
and contributes to developmental processes such as flower formation. The latter is 
delayed in SA-deficient Arabidopsis genotypes (NahG, eds5, and sid2), suggesting an 
interplay of SA with photoperiod and autonomous (flowering) pathways (Martinez et 
al., 2004; Rivas-San Vicente and Plasencia, 2011).  

Even though the complete Arabidopsis genome has been known for nearly two 
decades (Arabidopsis Genome Initiative, 2000), a large fraction of the protein-coding 
genes is still lacking a meaningful characterization (Niehaus et al., 2015). A common 
starting point for gene characterization is to reveal the conditions under which genes 
are expressed. Transcriptome analysis has been extensively used to pinpoint genes 
that are active in specific tissue/cell types, at developmental stages or in response to 
different stimuli. Recently, several research groups, including our own, have utilized 
time-series transcriptome experiments in the model plant Arabidopsis under different 
conditions, which provides a wealth of functional and regulatory information regarding 
the complete set of genes that are differentially expressed during diverse situations 
(Chapters 2 and 3; Krouk et al., 2010; Breeze et al., 2011; Bar-Joseph et al., 2012; 
Windram et al., 2012; Lewis et al., 2015; Coolen et al., 2016; Hickman et al., 2017). In our 
recent study, we utilized high-resolution RNA sequencing (RNA-seq) time series to show 
that approximately one-third of the Arabidopsis genome was differentially expressed in 
leaves upon treatment with SA over a 16-h time course, with changes in gene expression 
occurring in well-defined process-specific waves of induction or repression (Chapter 3). 
Here, this SA-responsive gene set was analyzed with the comparative genomics tools 
OrthoMCL and JackHMMER to identify homologous groups of uncharacterized genes 
that may play a role in SA-associated immunity. This integrated analysis categorized over 
a hundred SA-responsive gene groups, including one group of 8 genes encoding short 
proteins that share a cysteine-rich transmembrane domain and are also responsive 
to various pathogens and immune elicitors, which we therefore named Pathogen-
induced Cysteine-rich transMembrane proteins (PCMs). Analysis of Arabidopsis PCM-
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overexpressing lines revealed a novel, positive role of these proteins in immunity against 
pathogens with biotrophic lifestyles. Furthermore, we expanded the potential scope of 
their function to a role in photomorphogenesis and hypocotyl development. 

RESULTS

Analysis of uncharacterized SA-responsive genes identifies a family of cysteine-rich 
transmembrane proteins 
Recently, we used high-throughput RNA-seq to profile genome-wide changes in mRNA 
abundance in Arabidopsis leaves following treatment with SA over a 16-h period. 
Analysis of these transcriptome data identified 9524 genes that were differentially 
expressed between mock- and SA-treated leaves (Chapter 3). Subsequent investigation 
of functional annotations associated with these differentially expressed genes (DEGs), 
revealed that 630 genes encode proteins of unknown or uncharacterized function. 
Because of SA’s central role in defense against pathogen infection we hypothesized that 
among these would be genes with undiscovered roles in plant immunity. To simplify the 
analysis and functional interpretation of these uncharacterized genes, we first divided 
them in groups based on amino acid sequence similarity. To achieve this, we used 
OrthoMCL (Li et al., 2003), which is a tool for identifying homologous relationships 
between sets of proteins. This analysis resulted in a division of 101 groups of putative 
homologs (Supplemental Dataset 1; Figure 1A). Because we were specifically interested 
in genes that are involved in defense against pathogens, we analyzed gene behavior, 
using available gene expression data from Genevestigator (http://www.genevestigator.
ethz.ch/) (Hruz et al., 2008). This pointed to a group of seven genes that were highly 
induced by a variety of immune-elicitors and pathogens (Figure 2A) and were responsive 
to SA in our RNA-seq experiment (Figure 2B).

4
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Figure 1. Identification of groups of homologous, uncharacterized SA-inducible genes; Selec-
tion of the PCM gene family. 
(A) Workflow to identify groups of homologous, unknown SA-inducible genes. First, SA-induced DEGs were 
grouped by DNA similarity using OrthoMCL. One pathogen-responsive group was subjected for further 
analysis using JackHMMER, followed by pair-wise similarity clustering, revealing a distinct family of eight 
homologous PCM genes. (B) DNA similarity matrix showing the 14 genes identified by the JackHMMER 
search. Red and blue indicate high and low similarity, respectively. Unsupervised hierarchical clustering 
identified a distinct group of PCM genes with high DNA similarity. (C) Amino acid sequence alignment of the 
eight PCMs. The conserved cysteine-rich transmembrane domain is highlighted. (D) The locations of the 
eight PCM genes on the Arabidopsis chromosomes (Chr1 to Chr5). The different color gene names reflect 
PCM distribution across chromosomes.
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To identify all possible paralogs (including remote paralogs), the seven genes were 
used as queries in JackHMMER (Finn et al., 2015) (www.ebi.ac.uk/Tools/hmmer/
search/jackhmmer). JackHMMER is a highly sensitive homology detection tool that can 
identify shared protein domains among matched sequences, as defined according to 
Pfam domains (Finn et al., 2015). This analysis led to the prediction of seven additional 
paralogs (Supplemental Dataset 2). Next, we quantified the degree of nucleotide 
sequence identity between the 14 proteins by constructing a nucleotide sequence 
identity matrix (Figure 1B), which was followed by unsupervised clustering of the 
similarity matrix, leading to the identification of a distinct family of eight small genes 
(<82 AA) with high nucleotide identity (>38%). All the seven originally selected unknown 
genes belong to this group, including PCC1 (PCM4 in Figure 1), which has a reported role 
in defense and is regulated by the circadian clock (Sauerbrunn and Schlaich, 2004). One 
other member, CYSTM3 (PCM8 in Figure 1) has very recently also been characterized 
and shown to negatively influence salt stress resistance (Xu et al., 2019). Supplemental 
Table 1 lists all the PCM genes with their AGI number and alternative name. The genes 
in this family all encode short proteins (71-82 AA) with a conserved cysteine-rich 
transmembrane (CYSTM) domain, as predicted by the JackHMMER analyses (Figure 1C). 
To reflect their regulation and enrichment for cysteine residues, this eight-member gene 
family was named pathogen-induced cysteine-rich transmembrane proteins (PCMs). 
The PCM gene family contains two distinct gene clusters; the PCM1, PCM2 and PCM3 
genes are situated in tandem on Arabidopsis chromosome 2, while PCM4 (PCC1), PCM5 
and PCM6 are tandemly arrayed on chromosome 3 (Figure 1D). Furthermore, PCM7 and 
PCM8 (CYSTM3) are positioned at distant locations on chromosome 1. The expression 
behavior of the eight PCM genes is broadly along the lines of the three subgroups, 
showing overlap but also differences with members of the other subgroups (Figure 2A 
and 2B). This is in accordance with varying overrepresentation of different transcription 
factor-binding DNA motifs in the promoters of the eight PCM genes (Figure 2C). The 
remainder of this paper explores the significance of the PCM protein family and its 
three subgroups in plant immunity.

4
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Figure 2. Expression behavior of PCM genes. 
(A) Genevestigator expression analysis. Shown is a heatmap of expression ratios for the PCM genes following 
treatments with biotic stressors/elicitors. On the microarrays from which these data are derived (P < 0.001), 
probes for PCM2 are missing, and the probes for PCM5 and PCM6 are shared. (B) Temporal expression of 
PCM genes over a 16-h time course upon exogenous application of SA. Red and blue indicate increased 
and decreased expression, respectively. (C) Representation of DNA-binding motifs in the promoters of the 
PCM genes. Motifs are grouped according to cognate transcription factor family. The size and number in 
each circle represent the per-family motif count.
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Subcellular localization of PCMs 
The characteristic CYSTM domain that resides in the PCM protein family is encoded 
by a total of 98 genes across 33 plant species (Supplemental Figure 1). Typically, a 
transmembrane domain plays a role in mediating responses between the interior 
and exterior of the cells (Luschnig and Vert, 2014), and such transmembrane domains 
are often conserved across kingdoms when it has a specialized function (e.g., 
photoreceptors in eyes of mammals and insects) (Fischer et al., 2004). To begin to 
characterize the PCMs, we determined their subcellular localization by fusing yellow 
fluorescent protein (YFP) to the C-terminus of all eight PCM proteins and expressing 
these fusion proteins under the control of the constitutively active CaMV 35S promoter. 
Expression of empty vector (EV-YFP) served as a control, and the dye FM 4-64 dye was 
used as a membrane marker. Confocal microscopy analysis of Agrobacterium-infiltrated 
Nicotiana benthamiana leaves transiently expressing the fusion proteins, confirmed 
plasma membrane localization for five of PCM-YFP variants (Figure 3). PCM1, PCM2, 
PCM3, PCM4 and PCM5 all localized exclusively at the plasma membrane, with YFP 
signals overlapping with the plasma membrane-localized FM 4-64 dye. The YFP-tagged 
family members PCM6, PCM7 and PCM8 were detected prevalently in the cytoplasm 
and nucleus.

4



116

Chapter 4

Figure 3. Subcellular localization of PCM-YFP fusions. 
Confocal images of transiently transformed N. benthamiana epidermal leaf cells expressing the eight YFP-
tagged PCM proteins under control of the 35S promoter. Representative fluorescence images are shown 
of PCM-YFP or free YFP (control) in the top panels, of FM 4-64 labelling of the membranes in the middle 
panels, and of the overlay of YFP and FM 4-64 in the bottom panels. Bar = 10 μm.
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PCM coexpression analysis points to specificity in PCM function
Because genes with related biological functions often have similar expression patterns, a 
well-established method to investigate gene function is by the construction and analysis 
of gene coexpression networks (Vandepoele et al., 2009). Using the eight PCM genes 
as query genes we generated PCM coexpression networks using publicly available 
microarray and RNA-seq datasets with the ATTED-II coexpression tool (Obayashi et al., 
2018) (Figure 4). The PCM coexpression network was enriched for genes associated with 
defense responses (P < 0.01; hypergeometric test) and included known defense-related 
genes such as LURP1, ACD6, RLP36, NTL6, NAC61, NAC90, ZFAR, PDR12, WRKY75 and 
MPK11, suggesting a role for the PCM protein family in plant defense. Within the PCM 
coexpression network, coexpression neighborhoods of members of the three PCM sub-
groups (Figure 2) overlap. Interestingly, the coexpression neighborhood occupied by 
subgroup PCM4, PCM5 and PCM6 was distinct from that of all other PCM genes. Also, 
PCM7 was part of a relatively isolated coexpression subnetwork. On the other hand, 
PCM8 shared its coexpression neighborhood to a large extent with that of subgroup 
PCM1, PCM2 and PCM3. In sum, our coexpression network analysis suggests a role for 
all eight PCM genes in plant defense, and highlights subnetworks suggesting functional 
specificity and/or differential regulation of PCM subgroups. This is supported by the 
distinct gene expression behavior of the different PCM subgroups after treatment with 
pathogens or exogenous SA and the presence of different transcription factor binding 
sites in the promoters of the PCM genes (Figure 2).

4
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Figure 4. PCM coexpression networks. 
Coexpression network obtained using the ATTED-II Network Drawer tool on whole-genome transcriptome 
data sets with PCM genes as bait. Hexagonal-shaped nodes indicate genes encoding transcriptional 
regulators. The thickness of the lines is proportional to the extent of coexpression of the linked gene.  

PCM-overexpressing lines are enhanced resistant to (hemi)-biotrophic pathogens
To further investigate the hypothesis that members of the PCM protein family play a 
role in plant immunity, transgenic Arabidopsis lines expressing the individual PCM genes 
under the control of the CaMV 35S promoter were generated. Because the PCM gene 
family responded to exogenous SA treatment (Figure 2B), the PCM-overexpression 
lines (PCM-OX) were screened for an altered level of resistance to two pathogens 
that are controlled by SA-dependent defenses: the obligate biotrophic oomycete H. 
arabidopsidis Noco2 (Hpa Noco2) and the hemi-biotrophic bacterium P. syringae pv. 
tomato DC3000 (Pto DC3000). For both assays, the performance of the PCM-OX lines 
was compared to that of the wild-type (Col-0) and the enhanced susceptible mutant 
eds1-2. With the exception of PCM6, overexpression of all other PCM genes led to 
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reduced Hpa Noco2 spore formation when compared to wild-type plants (Figure 5A). 
Pto DC3000 growth was significantly decreased in the PCM1-OX, PCM2-OX, and PCM3-
OX lines but not in the other lines (Figure 5B). These findings suggest that the vast 
majority of PCM family members is positively involved in host defense against Hpa 
Noco2, while a protective effect against Pto DC3000 is evident for subgroup PCM1, 
PCM2, and PCM3 of the PCM protein family. 

Figure 5. Overexpression of PCMs enhances resistance to Hpa and Pto DC3000. 
(A), Quantification of Hpa Noco2 sporulation on 5-week-old wild-type (Col-0), eds1-2 and transgenic lines 
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constitutively overexpressing individual  PCM genes under the control of the CaMV 35S promoter (PCM-OX) 
at 10 dpi by spraying (n = 9-12). (B), Bacterial multiplication of Pto DC3000 in wild-type (Col-0), eds1-2 and 
PCM-OX lines at 3 dpi by pressure infiltration (n = 8). Means ± SE (error bars) are shown. Letters denote 
significant differences between genotypes (one-way ANOVA, Tukey’s post-hoc test, P < 0.05).

Transcriptome analysis of PCM-OX lines reveals no upregulation of typical immune 
responses 
To gain insight into the mechanisms underlying the enhanced disease resistance 
obtained by overexpression of the PCM genes, we analyzed the transcriptome of three 
PCM-OX lines, each representing a member of the three PCM subgroups: PCM1-OX, 
PCM5-OX, and PCM7-OX represent the PCM1-PCM3, PCM4-PCM6, and PCM7-PCM8 
subgroups, respectively. RNA-seq was performed on leaf tissue harvested from 5-week-
old, non-treated plants. Differential expression analysis revealed that in the PCM1-OX, 
PCM5-OX and PCM7-OX lines 934, 873, and 515 genes, respectively, were differentially 
expressed in comparison to the wild-type Col-0 plants (P < 0.05, fold change > 2) 
(Supplemental Dataset 2). There was considerable overlap between the expression 
profiles of the three PCM-OX lines (Figure 6A). Of all DEGs, 27% were upregulated or 
downregulated in all three lines (in the same direction), whereas 44% were specifically 
up- or downregulated in a single overexpression line (Figure 6B). More genes were 
downregulated (60%) than upregulated (40%). 
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Figure 6. Transcriptome analysis of PCM-OX lines. 
(A), Heatmap (left) showing up- and downregulation of genes in the PCM1-OX, PCM5-OX or PCM7-OX lines in 
comparison to wild-type Col-0 plants, as revealed by RNA-seq analysis. (B), Venn diagrams (right) indicating 
the overlap between DEGs in each of the PCM-OX lines.

The overlapping 131 upregulated DEGs shared by all three PCM-OX lines were not 
enriched for typical immunity-related functions (Figure 7). Instead, the term ‘circadian 
rhythm’ was the most significantly enriched specific category, with additional enriched 
terms including ‘regulation of multicellular organismal development’ ‘plant cell wall 
loosening’, and ‘response to red or far red light’. The shared 214 downregulated 
DEGs by all three PCM-OX lines were associated with functional categories such as 
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‘rRNA processing’, ‘response to cytokinin’ and ‘response to light stimulus’ (Figure 7). 
There was also no enrichment of purely immunity-related categories DEGs that were 
specifically up- or downregulated in either one of the PCM1-OX, PCM5-OX or PCM7-OX 
lines. General terms like ‘response to hormone’ were overrepresented in different lines 
though, while ‘glycosinolate process’ was specifically enriched in up-regulated DEGs of 
PCM7-OX, and ‘nucleolus’ was overrepresent in PCM7-OX (up- and downregulated) and 
PCM5-OX (only downregulated). Based on these data, we hypothesize that pathogen-
induced PCM production contributes to an increased level of defense through an impact 
on developmental processes in the cells may affect pathogen performance.

Figure 7. GO terms enriched among genes up- or downregulated in PCM-OX lines.
Shown are the GO terms significantly enriched among the genes that are significantly upregulated (top) or 
downregulated (bottom) in PCM1-OX, PCM5-OX and PCM7-OX, when compared to wild type. 

Involvement of PCMs in hypocotyl elongation
There was no clear link to plant immunity among the genes differentially expressed in 
the three PCM-OX lines assayed, while the association with developmental processes 
and light responses was obvious. In all three PCM-OX lines, the HY5 and HYH genes, 
which are master regulators of light signaling and also respond to pathogen infection 
(Genevestigator), were upregulated. This prompted us to investigate morphogenic 
responsiveness of the PCM-OX lines. In shade avoiding plants such as Arabidopsis, 
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perception of far-red light triggers morphological adaptations such as elongation of 
the hypocotyl and petioles in order to reach for better quality light (Ballaré, 2014). The 
hy5 hyh double mutant, which is affected in HY5 and its close relative HY5 homolog 
(HYH), displays such elongated hypocotyl growth compared to wild-type plants when 
cultivated in white light (Van Gelderen et al., 2018). Unexpectedly, the hypocotyl length 
of the PCM1-OX, PCM5-OX, and PCM7-OX lines was also greater than that of the wild 
type, and the hypocotyl of PCM7-OX was even of the same size as that of hy5 hyh (Figure 
8). This points to a role for PCMs in growth and development. Possibly, the PCMs affect 
HY5 protein activity or stability, which is compensated by an enhanced expression level 
of the HY5 gene. Altogether, our data suggest dual roles for PCMs in defense and in 
photomorphogenesis. 

Figure 8. PCM1, PCM5, and PCM7 influence hypocotyl elongation. 
Hypocotyl lengths of 7-day-old Col-0, PCM1-OX, PCM5-OX, PCM7-OX and hy5hyh seedlings grown in vitro 
in white light (n = 20). Means ± SE (error bars) are shown. Letters denote significant differences between 
genotypes (one-way ANOVA, Tukey’s post-hoc test, P < 0.05). Inset: representative pictures of 7-day-old 

seedlings.
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DISCUSSION

Despite over two decades of research efforts focused on the model plant Arabidopsis, 
a significant fraction of genes found in this plant are not characterized to any extent. 
Our analysis of SA-responsive genes in Arabidopsis leaves revealed that 630 genes 
encode proteins of unknown function at the beginning of our study. Using a protein 
homology search we grouped these uncharacterized genes into 101 groups of paralogs 
that likely encode proteins with similar functions (Figure 1A; Supplemental dataset 
1). We validated whether such an approach could aid the functional annotation of 
such groups of unknown genes. Therefore, we selected and further characterized a 
novel family of eight pathogen-induced cysteine-rich transmembrane proteins (PCMs). 
The PCM genes formed three subgroups, based on their nucleotide similarity and 
chromosomal position (Figure 1B and 1D). The expression profiles of the PCM members 
under different biotic stress conditions and SA treatment broadly followed that of 
the three subgroups, showing overlap but also differences between the subgroups 
(Figure 2A and 2B). This is in agreement with the commonalities and dissimilarities in 
transcription factor binding sites detected in the promotor regions of the eight PCM 
genes (Figure 2C), and the overlap or isolation of the coexpression networks of the 
PCM genes (Figure 4). Moreover, overexpression of one PCM member of each of the 
three subgroups (PCM1-OX, PCM5-OX and PCM7-OX) revealed 27% overlap of all DEGs, 
and 44% specific expression by one of the PCM genes (Figure 6). A function for the 
PCMs in defense was evidenced by the enhanced resistance of PCM overexpression 
lines to the biotrophic pathogens Hpa Noco2 and Pto DC3000 (Figure 5). Moreover, 
PCM overexpression resulted in differential expression of genes related to light and 
development, and seedlings displayed elongated hypocotyl growth, suggesting an 
additional role for PCMs in photomorphogenesis (Figure 8).

The function of CYSTM domain-containing PCMs in plant defense
The PCMs are small proteins (<84 AA) that contain a cysteine-rich transmembrane 
C-terminus domain (CYSTM), which is a rare domain, but highly conserved among
eukaryotic organisms. CYSTM domain-containing proteins are present in diverse species,
including Homo sapiens, Caenorhabditis elegans, Candia albicans, Mus musculus, Oryza
sativa, Saccharomysces cerevisae, Zea mays and Arabidopsis (Venancio and Aravind,
2010). The molecular mechanism by which the CYSTM module functions is not clear
yet, but the proteins appear to play a role in stress tolerance for example by altering the
redox potential of membranes thereby quenching radical species to protect the plant
or changing membrane-associated protein functions (Kuramata et al., 2009; Venancio
and Aravind, 2010).
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The conserved cysteines may serve to interact with a ligand, which could be 
homodimerization with self or heterodimerization with other PCMs, as shown in 
yeast expression systems for several Arabidopsis family members (Xu et al., 2018; 
Mir and Leon, 2014). However, the PCMs can potentially also interact with other 
protein partners, as shown for PCM4/PCC1, which interacts with its N-terminal part 
(cytoplasm-faced, non-CYSTM containing) with the subunit 5 of the COP9 signalosome 
at the plasma membrane. This may lead to post-translational control of multiple protein 
targets involved in diverse biological processes such as light signaling, development, 
and immunity (Mir and Leon, 2014; Mir et al., 2013).

Furthermore, the tight association with lipids, that we have also experimentally 
shown for PCM1-PCM5 (Figure 3) confirms that these proteins are anchored to the 
plasma membrane, which could potentially change the lipid composition, as shown 
for PCM4/PCC1 (Mir et al., 2013), and the structure of the membrane. This may be 
related to the changes in gene expression observed in the PCM-OX lines that highlighted 
enrichments in GO terms related to ‘response to lipid’, cell wall modification’, and 
‘regulation of development’ (Figure 7). Moreover, membrane alterations may block 
the invasion of intracellular pathogens like Hpa (Figure 5A) that form an interface with 
the host membrane. There may also be consequences for membrane permeability or 
activity of (defense regulatory) proteins associated with the plasma membrane. While 
plasma membrane localization of PCM1-PCM5 was confirmed using YFP-tagged PCMs 
in transiently transformed N. benthamiana leaves, this was not the case for PCM6-
PCM8 (Figure 3). We cannot exclude that the detected cytoplasmic localization is due 
to degradation of the PCM-YFP fusion protein in this experiment, but a recent study by 
Xu et al. (2018) also showed cytoplasmic localization of these proteins using the same 
study system. However, these authors also reported cytoplasmic localization for PCM1, 
PCM2, PCM3 and PCM5 for which we detected solely plasma membrane localization, 
which is in line with the expectations based on the presence of the CYSTM domain 
(Venancio and Aravind, 2010) and early reports on PCC1/PCM4 (Mir and Leon, 2014).

The PCM4 gene is also known as PCC1 and has previously been identified as an early-
activated gene upon infection with the bacterial pathogen Pto carrying the avirulence 
gene AvrRpt2 and to be controlled by the circadian clock (Sauerbrunn and Schlaich, 
2004). Microarray analysis of mutant npr1-1 showed that in addition to several PR 
genes, the expression of PCC1 was affected, as well as that of PCM6 (Wang et al., 2006). 
Later, PCC1 was identified to be induced by UV-C light in a SA-dependent manner, 
potentially playing a role as activator of stress-stimulated flowering in Arabidopsis 
(Segarra et al., 2010). Transgenic plants carrying the GUS reporter gene showed that 
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the expression of PCC1 in the seedling stage was confined to the root vasculature and 
the stomata guard cells of cotyledons, but spread to the petioles and the whole limb 
of fully expanded leaves (Mir et al., 2013). PCC1 -OX lines were enhanced resistant to 
Hpa (Sauerbrunn 2004; Figure 5A), while RNAi plants were more susceptible to the 
hemi-biotrophic oomycete pathogen Phytophthora brassicae and more resistant to the 
necrotrophic fungal pathogen Botrytis cinerea when compared with wild-type plants 
(Mir et al., 2013). We confirm that PCM4 (PCC1) overexpression lines are resistant 
to Hpa and extend this finding to additional PCMs: Overexpression of PCM1, PCM2, 
PCM3, PCM5, PCM7, and PCM8 also provided protection against Hpa infection (Figure 
5A). This points to a common underlying defense mechanism that is activated by the 
PCMs, which we discussed in the previous paragraphs. This mechanism may also be 
responsible for the enhanced protection against Pto infection that we observed by 
overexpressing PCM1, PCM2, and PCM3 (Figure 5B). The lack of effect on Pto of the 
other PCM-OX lines however also points to divergent effects of the different PCMs, 
which is corroborated by the partly distinct DEG sets of the PCM1-, PCM5-, and PCM7-
OX lines (Figure 7B). We also assayed the PCM1, PCM5 and PCM7 overexpressors for 
resistance to the biotrophic powdery mildew fungus Golovinomyces orontii, but found 
that our lines displayed the same disease development as the wild type, whereas the 
positive control triple mutant mlo2 mlo6 mlo12 was highly resistant (Supplemental 
Figure 2). It may be that the protection mechanism provided by the PCMs is not effective 
against this pathogen strain, but it may also be that the strain was so virulent that it 
could have overcome the quantitative resistance accomplished by PCM overexpression.

Interplay between immunity and photomorphogenesis
Our transcriptome data revealed that the PCM1-, PCM5-, and PCM7-OX lines were 
enriched for genes and biological functions related to circadian rhythm, light signaling, 
and growth and development. The PCM4/PCC1 gene had previously been reported to 
respond to circadian rhythm and UV-C light, and to have an effect on stress-induced 
flowering (Segarra et al., 2010). Here, we show that the PCM1-, PCM5-, and PCM7-
OX lines exhibit elongated hypocotyl growth compared to wild-type plants (Figure 8). 
This phenotype is shared with the hy5 hyh double mutant, suggesting that the PCMs 
promote photomorphogenesis. Several studies have addressed the connection between 
plant defense and light signaling; e.g. UV-C induces SA-dependent defenses, and high 
levels of far red light (as in shade) repress both pathogen and insect defenses (reviewed 
by Ballaré (2014). A recent paper by Nozue et al. (2018) reported that SA pathway 
genes are key components of shade avoidance, and PCM4 and PCM5 were found to be 
downregulated by high far red levels, and to have an altered expression level in shade 
avoidance syndrome mutants. Therefore, a double role for the PCMs in defense and 
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photomorphogenesis is not unexpected. How the PCMs accomplish this double role is 
not clear yet. Like discussed earlier, the PCMs might influence membrane structure and 
activity of proteins that reside in the membrane or that bind to PCMs, like the subunit 5 
of the COP9 signalosome (Mir 2013, Mir 2014). These diverse effects may independently 
influence defense and photomorphogenesis, but an interdependence between the 
two biological processes, where one is a consequence of the other, is also a possibility.

In conclusion, our approach led to the identification of the family of PCM proteins that 
carry the unique CYSTM module, and which have a broad biological impact on plant 
performance, as shown for enhanced protection against biotrophic pathogens and 
enhanced hypocotyl growth. We elucidated some molecular effects of the PCMs by 
showing that the majority of the PCM members localize to the plasma membrane, that 
the PCM genes are induced by SA and pathogen challenge, and that overexpression of 
PCMs leads to the induction of genes associated with light responses and development, 
but not typical defense-associated responses.

MATERIAL AND METHODS

Plant material and cultivation conditions
Arabidopsis thaliana accession Col-0 wild type, mutant eds1-2 (Bartsch et al., 2006), 
triple mutant mlo2 mlo6 mlo12 (Consonni et al., 2006), hy5 hyh (Van Gelderen et al., 
2018) or PCM overexpression lines were used in this study. For whole plant assays 
with pathogen infection and SA treatment, the seeds were stratified for 48 h in 0.1% 
agar at 4°C prior to sowing them on river sand that was saturated with half-strength 
Hoagland nutrient solution containing 10 mM Sequestreen (CIBA-GEIGY GmbH, 
Frankfurt, Germany). After 2 weeks, the seedling were transferred to 60-mL pots 
containing a soil:river sand mixture (12:5 vol/vol) that had been autoclaved twice for 
1 h. Plants were cultivated in standardized conditions under a 10-h day (75 μmol/m2/
s1) and 14-h night cycle at 21°C and 70% relative humidity. Plants were watered every 
other day and received modified half-strength Hoagland nutrient solution containing 
10 mM Sequestreen (CIBA-GEIGY GmbH, Frankfurt, Germany) once a week. To minimize 
within-chamber variation, all the trays, each containing a mixture of plant genotype 
or treatments, were randomized throughout the growth chamber once a week. For 
the hypocotyl elongation assay seeds were surface-sterilized and sown on MS plates 
(8 g l-1 agar and 1 g l-1 Murashige and Skoog (Duchefa Biochemie B.V., Haarlem, The 
Netherlands)). The seeds were stratified in the dark at 4°C for 2-3 days before being 
moved to a climate chamber with long-day conditions (16h light:8h dark). After 7 days 
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the plates were photographed and hypocotyl length was measured using ImageJ as 
described previously (de Wit et al., 2016).

The Arabidopsis PCM overexpression lines were generated by amplifying the coding 
sequence of genes At2g32190 (PCM1), At2g32200 (PCM2), At2g32210 (PCM3), 
At3g22231 (PCM4), At3g22235 (PCM5), At3g22240 (PCM6), At1g05340 (PCM7) and 
At1g56060 (PCM8) from accession Col-0. The PCM genes were part of a recent paper by 
Xu et al. (2018) and were named differently, as clarified in Supplemental Table S1. The 
primers used for cloning are also listed in Supplemental Table S1. The DNA sequence of 
the PCR fragments was verified and then cloned using Gateway® cloning (Invitrogen) in 
the pENTR vector, and subsequently in the pFAST-GO2 Gateway® (Shimada et al., 2010) 
compatible binary vector under control of the 35S promoter, followed by sequence 
verification. Binary vectors were transformed into Agrobacterium tumefaciens strain 
C58C1 containing pGV2260, which was used to transform accession Col-0 using the 
floral dip method (Clough and Bent, 1998). Transformants were selected by growth 
on ½ MS plates containing DL-Phosphinothricin BASTA, and resistant T1 seedlings were 
transplanted to soil for seed production. T2 lines were selected for single insertion of 
the transgenes using BASTA resistance. Finally, T3 seeds were screened for homozygosity 
using GFP signal in dry seeds. Experiments were performed using T3 or T4 seeds.

RNA-seq library preparation and sequencing
The experimental design of the RNA-seq time series experiment with SA-treated 
Arabidopsis has been described previously (Caarls et al., 2017). In brief, the rosette of 
five-week-old Arabidopsis accession Col-0 plants was dipped into a solution containing 
1 mM SA (Mallinckrodt Baker) and 0.015% (v/v) Silwet L77 (Van Meeuwen Chemicals 
BV). For mock treatments, plants were dipped into a solution containing 0.015% (v/v) 
Silwet L77. The sixth leaf (counted from the oldest to the youngest) was harvested 
from four individual SA- or mock-treated plants at each of the following time points 
post-treatment: 15 min, 30 min and 1, 1.5, 2, 3, 4, 5, 6, 7, 8, 10, 12 and 16 h. Total RNA 
was extracted using the RNeasy Mini Kit (Qiagen), including a DNase treatment step 
in accordance with the manufacturer’s instructions. RNA-seq library preparation and 
sequencing was performed by UCLA Neuroscience Genomics Core (Los Angeles, CA, 
USA). Sequencing libraries were prepared using the Illumina TruSeq RNA Sample Prep 
Kit, and sequenced on the Illumina HiSeq 2000 platform with single read lengths of 50 
bases.

For the comparison of the PCM1-OX, PCM5-OX and PCM7-OX lines with wild-type Col-0, 
two mature leaves (developmental leaf number six and seven) were harvested from 
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two 5-week-old plants per genotype, resulting in two biological replicates. RNA-seq 
library preparation and sequencing was performed by the Utrecht Sequencing Facility 
(Utrecht, Netherlands). Sequencing libraries were prepared using the Illumina Truseq 
mRNA Stranded Sample Prep Kit, and sequenced on the Illumina NextSeq 500 platform 
with read lengths of 75 bases.

RNA-seq analysis
Quantification of gene expression from RNA-seq data was performed as described 
previously (Chapters 2 and 3; Caarls et al., 2017; Hickman et al., 2017). Reads were 
mapped to the Arabidopsis genome (TAIR version 10) using TopHat version 2.0.4 
(Trapnell et al., 2009) and aligned reads summarized over annotated gene models using 
HTseq-count (Anders et al., 2015). Genes that were significantly altered over time in 
response to SA in comparison to the mock treatment were identified using a generalized 
linear model implemented with the R statistical environment (www.r-project.org). 
Genes that were differentially expressed between Col-0 and PCM1-OX, PCM5-OX, or 
PCM7-OX were identified using DESeq2 (Anders and Huber, 2010; Love et al., 2014).

Identification of uncharacterized gene families
Protein sequences of the 630 SA-responsive DEGs with unknown/uncharacterized 
function (based on gene annotations retrieved from TAIR version 10 (retrieved in 
2016) were run through OrthoMCL with default parameters (www.orthomcl.org) (Li 
et al., 2003). JackHMMER (www.ebi.ac.uk/Tools/hmmer/search/jackhmmer) was then 
used to identify additional paralogs belonging to the groups identified with OrthoMCL. 
The phylogenetic tree of PCM homologs was generated using PLAZA v4.0 (https://
bioinformatics.psb.ugent.be/plaza/) with the PCM1 gene as a query (Van Bel et al., 
2018).

Determination of transcription factor binding motifs
TF-gene interactions were inferred from DAP-seq (DNA affinity purification sequencing) 
experiments, which provide the genome-wide binding profiles of in-vitro-expressed TFs 
(O’Malley et al., 2016). DAP-seq peaks for 349 Arabidopsis TFs with a FRiP (fraction of 
reads in peaks) score ≥5% were retrieved from the Plant Cistrome DB (O’Malley et al., 
2016). DAP-seq peaks were used to infer representation of DNA-binding motifs in the 
promoters of the PCM genes. Motifs are grouped according to cognate transcription 
factor family.
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Coexpression network analysis
The PCM coexpression network was obtained using the ATTED-II Network Drawer tool 
with the Ath-r platform (http://atted.jp/cgi-bin/NetworkDrawer.cgi) (Obayashi et al., 
2017) using the PCM genes as query genes. Coexpression networks were visualized 
using Cytoscape v.3.5.1 (Shannon et al., 2003).

Functional enrichment analysis
GO-term enrichment analysis on gene lists was performed using the GO term finder 
tool (Boyle et al., 2004). Where indicated, generic GO terms were removed from the 
analysis by limiting the maximum size of functional categories to 1500 genes.

Construction of YFP-tagged PCMs and visualization by confocal microscopy
For in planta localization experiments, cDNA extracted from Arabidopsis was used 
to amplify the CDSs without the stop codon of PCMs using the primers listed in the 
supplemental table 1. The PCR products containing attB sequence were cloned into 
the Gateway pDONR221, then the resulting entry vectors containing PCM genes 
were recombined into the Gateway expression vector pB7WGY2 which contain venus 
fluorescent protein (YFP).

Competent cells of A. tumefaciens were transformed with the Gateway expression 
vector described in the previous paragraph made for protein localization. Transformed 
colonies were selected using the antibiotic resistance of vector and with rifampicin 
carried by A. tumefaciens. Single colonies were grown for 2 days at 28ΟC in 20 ml 
LB medium under shaking conditions. After, the OD600 was measured, the cells were 
pelleted and resuspended to a final OD600 of 0.5 with a ½ MS medium (Duchefa 
Biochemie) supplemented with 10 mM MES hydrate (Sigma-Aldrich), 20 g/L sucrose 
(Sigma-Aldrich), 200 µM acetosyringone (Sigma-Aldrich) at pH 5.6 and incubated in 
darkness for at least 1 h. The solutions were used to agroinfiltrated the abaxial side of 
4-5-week-old N. benthamiana leaves using a 1 ml syringe. The plants were left to grow
in normal light conditions and after 2 days leaf sections were taken from agroinfiltrated
regions and visualized with confocal microscope.

Microscopy was performed using a Zeiss LM 700 (Zeiss, Germany) confocal laser-scanning 
microscope. Fresh leaf material was prepared on glass slide with cover slip. Excitation of 
YFP and RFP (plasma membrane FM4-46 dye (Sigma-Aldrich) plus autofluorescence of 
chlorophyll were done at 488 nm. Light emission of YFP was detected at 493-550 nm and 
RFP at 644-800 nm. Analyses of the images were performed with ZEN lite (blue edition).



131

Cysteine-rich transmembrane proteins

Pathogen cultivation and bioassays
Hyaloperonospora arabidopsidis isolate Noco2 (Hpa Noco2) spores were harvested 
from infected (eds2 mutant) plants, eluted through Miracloth, and diluted in water to 
50 spores/µL. For the disease bioassay, five-week-old plants were spray inoculated with 
this spore suspension. Plants were subsequently placed at 100% RH, under short day 
conditions (9 h light/15 h dark) at 16°C. After 9 days the spores from eight individual 
rosette plants were harvested in 5 mL of water and the number of spores per milligram 
of plant tissue (fresh weight of aerial parts) was counted using a light microscope. Spore 
counts in the mutant and overexpression lines were compared using ANOVA followed 
by Tukey’s multiple comparison tests.

Pseudomonas syringae pv. tomato (Pto) DC3000 was cultured in King’s B medium 
supplemented with 50 mg/L rifampicin at 28°C overnight. Bacteria were collected 
by centrifugation for 10 min at 4000 rpm, and re-suspended in 10 mM MgSO4. The 
suspension was adjusted to OD600=0.0005 and pressure infiltrated into 3 mature 
leaves of 5-week-old plants with a needleless syringe. After 3 days, leaf discs of 5-mm 
diameter were harvested from two inoculated leaves per plant, representing a single 
biological replicate. Eight biological replicates were harvested for each genotype. 
Subsequently, 500 µl of 10 mM MgSO4 was added to the leaf discs, after which they 
were ground thoroughly with metal beads using a TissueLyser (Qiagen). Serial ten-fold 
dilutions were made in 10 mM MgSO4, and 30 µl aliquots plated onto KB agar plates 
containing 50 mg/mL rifampicin. After 48 h of incubation at 28°C, bacterial colonies 
were counted. Statistical analyses were performed using ANOVA followed by Tukey’s 
multiple comparison test for means of log10-transformed colony counts.

For powdery mildew assays, Arabidopsis plants were inoculated with powdery 
mildew at roughly 2.5 cm (radius) rosette size at four to five weeks after germination. 
Golovinomyces orontii is adapted to infection of Arabidopsis (Kuhn et al., 2016) and 
was cultivated on susceptible eds1-2 plants. Inoculation was conducted by leaf-to-
leaf transfer of conidiospores. Leaves from five individual plants were collected at 
48 hpi and bleached in 80% ethanol at room temperature for at least two to three 
days. Prior to microscopic analysis, fungal structures were stained by submerging the 
leaves in Coomassie staining solution (100% v/v ethanol acid, 0.6% w/v Coomassie 
blue R-250; Carl Roth, Karlsruhe, Germany) twice for 15-30 s and shortly washed in tap 
water thereafter. The samples were analyzed with an Axiophot microscope (Carl Zeiss 
AG, Jena, Germany). The fungal penetration rate was determined as the percentage 
of spores successfully developing secondary hyphae over all spores that attempted 
penetration, visible by an appressorium (Haustorium index). Macroscopic pictures of 
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G. orontii-infected plants were taken at 7 dpi with a Coolpix P600 camera (Nikon).
Susceptible Col-0 and the fully resistant mlo2-5 mlo6-2 mlo12-1 triple mutant (Consonni
et al., 2006) served as positive and negative control, respectively. Haustorium index in
the mutant and overexpression lines were compared using ANOVA followed by Tukey’s
multiple comparison tests.

Supplemental data

Supplemental Figure S1. 
Phylogenetic relationship of closely related homologs of the PCM gene family in Arabidopsis and 32 other 
plant species. The PLAZA platform included the isoform of PCM8 in which the CYSTM domain is excised, 
for this reason, PCM8 is not included in the phylogenetic tree.
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Supplemental Figure S2. 
Powdery mildew infection in PCM-OX lines. Quantitative analysis of host cell entry (after 48 hpi) on wild-
type Col-0, fully resistant mlo2-5 mlo6-2 mlo12-1 triple mutant and PCM1-OX, PCM5-OX and PCM7-OX. 
Letters denote significant differences between genotypes (one-way ANOVA, Tukey’s post-hoc test, P < 0.05).
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Supplemental Table S1. 
List PCM genes, their AGI numbers (ID) and alternative names. Primer sequences used for 
cloning.

ID Other name Forward and reverse primers (5’ – 3’)

PCM1 AT2G32190 ATCYSTM4
F: ATGAGCCAATACAGCCAAAACCAATCTTC
R: GAAGCAGGCGTCGAGGACACAA

PCM2 AT2G32200 ATCYSTM5
F: ATGAGCCAATACAGTCAAAACCAATATGCAG
R: GAAAATGCATGCGTCGAGGACGCAA

PCM3 AT2G32210 ATCYSTM6
F: ATGAGTCAATACAGCCAAAACCAATCTTCAG
R: GAAGCATGCGTCGAGGACACAACAA

PCM4 AT3G22231 PCC1
F: ATGAATCAATCCGCGCAAAATTACTTTTCCG
R: CTCTGATGTACAGAGGCTGGAGCAT

PCM5 AT3G22235 ATCYSTM8
F: ATGAATCAATCCGCGCAAAATTACTTTTCCG
R: GAAGCATGCATCCAGGACACAACAG

PCM6 AT3G22240 ATCYSTM9
F: ATGAATCCATCCGAGCAGAATCACTTGTC
R: GAAGCATGCATCCAGGACACAACAG

PCM7 AT1G05340 ATCYSTM1
F: ATGAGCCAGTACGATCACAACCAGTC
R: GAAGCAAATGTCCAGGGCACAACAG

PCM8 AT1G56060 ATCYSTM3
F: ATGGCTCAGTATCATCAACAGCATGAAATG
R: GAAGACACAATCCAAAACGCAGCAGC

The following data sets are available upon request.

Supplemental Dataset S1. Set of 103 groups of putative homologs among the set of 

uncharacterized SA-induced genes, identified using OrthoMCL.

Supplemental Dataset S2. Genes differentially expressed in PCM1-OX, PCM5-OX and PCM7-OX 

lines in comparison to wild-type plants.

Supplemental Dataset S3. GO terms overrepresented in the upregulated and downregulated 

DEGs sets of PCM1-OX, PCM5-OX and PCM7-OX.



135

Cysteine-rich transmembrane proteins

4





5
Summarizing discussion



138

Chapter 5

Activation of the innate immune system is essential for a plant’s survival in hostile 
environments. The plant immune system relies on an expanded repertoire of immune 
receptors on the cell surface or inside the cell to detect molecular signatures associated 
with microbial invasion or pest attack. Conserved pathogen-associated molecular 
patterns (PAMPs), such as bacterial flagellin, or endogenous damage-associated 
molecular patterns (DAMPs) derived from pathogen- or insect-caused damage of host 
cells, or possibly herbivore-associated molecular patterns (HAMPs) are perceived by 
cell surface localized pattern recognition receptors (PRRs), which leads to activation 
of PAMP-triggered immunity (PTI) (Boller and Felix, 2009; Erb and Reymond, 2019). 
Successful pathogens and insects can overcome this immune activation by delivering 
effector molecules into host cells that inhibit defense signaling. To counteract pathogen 
threat, plants in turn evolved intracellular nucleotide-binding site leucine-rich repeat 
(NLR; also known as NBS-LRR) receptors that recognize pathogen-derived effector 
molecules, which activates the second layer of immunity, called effector-triggered 
immunity (ETI) (Jones and Dangl, 2006). PTI and ETI both activate a variety of signaling 
pathways, which trigger a range of adaptive responses to restrict microbial infection 
and herbivorous insect proliferation. The network of complex interactions between 
the diverse sets of different immune receptors, and downstream immune signaling 
components and hormone networks is collectively defined as the plant immune network 
(Nobori et al., 2018). Phytohormone signaling networks play a critical role in regulating 
large-scale changes in gene expression that lead to an array of physical and chemical 
defensive outputs. Almost all known phytohormones contribute towards modulation 
of the immune signaling networks in some capacity, either by positive regulation of 
defense gene expression or via antagonistic or synergistic crosstalk with defense-related 
hormone pathways (Pieterse et al., 2012; Caarls et al., 2015). 

Following pathogen or insect attack plants accumulate a blend of hormones that is 
largely specific to the attacker present (De Vos et al., 2005). Research over the past two 
decades has highlighted the role of jasmonic acid (JA) and salicylic acid (SA) as major 
defense hormones that form the backbone of the plant immune signaling network. In 
general, JA and SA regulate defenses against different types of attackers, whereby JA 
is induced by and activates defenses against necrotrophic pathogens and herbivorous 
insects, whereas SA induction and signaling plays a key role in regulating responses to 
biotrophic pathogens (Pieterse et al., 2012). While these hormones have been implicated 
in regulating distinct defenses, both JA and SA can accumulate following infection by 
the same pathogen (Van Wees et al., 1999; Betsuyaku et al., 2018). The JA and SA 
pathways can antagonize each other’s activity, but synergistic effects on downstream 
responses also exist (Mur et al., 2006). Other hormones with important functions in 
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regulation of the plant immune network are ethylene (ET) and abscisic acid (ABA), which 
fine-tune the activation of JA-dependent defenses against necrotrophic pathogens 
and herbivorous insects, respectively, and also affect SA-dependent defense signaling 
against pathogens (Pieterse et al., 2012). Because induction of immune responses comes 
with fitness costs, fine tuning of defense signaling via defense hormone crosstalk is 
essential to optimize both defense and maintain plant growth (Vos et al., 2013a; Vos 
et al., 2013b). Hormones associated with the promotion of growth and reproduction, 
such as auxin, brassinosteroids, and gibberellin, are typically antagonized by immune 
hormone pathways as a mechanism to balance tradeoffs between growth and defense 
(Lozano-Duran and Zipfel, 2015).  

The regulation of gene expression can be controlled at several levels, including 
transcription, mRNA stability, mRNA translation, and protein stability. While all these 
layers of control have been implicated in the modulation of hormone pathways, 
hormone-responsive genes are predominantly regulated at the level of mRNA synthesis, 
whereby TFs control gene expression by directly interacting with cis-regulatory DNA 
sequences that are typically located adjacent to their target genes. Transcription factors 
(TFs) may act in combination with transcriptional co-regulators via protein-protein 
interactions. Over the past couple of decades, several master transcriptional regulators 
of both JA and SA response pathways have been elucidated. Many of these master 
regulators were identified through mutant screens and reverse genetics studies, with 
the identified mutants often resulting in severe misregulation of the relevant hormone 
pathway response. Examples of master regulators of JA signaling discovered in this 
way include COI1, MYC2 and the JAZ repressors (Xie et al., 1998; Lorenzo et al., 2004; 
Chini et al., 2007), whilst NPR1 was identified as a master regulator of the SA response 
(Cao et al., 1994; Glazebrook et al., 1996). Yet, the wide range of biological processes 
and pathways that are activated by JA and SA at the transcriptional level imply that 
many additional regulators function in a complex manner downstream of the master 
regulators that sit at the very top of regulatory hierarchy to orchestrate the regulation 
of specific sets of genes. 

Previous attempts to identify JA- and SA-responsive genes and their possible regulators 
have typically used microarrays to monitor genome-wide changes in gene expression 
in response to phytohormone treatment. However, these studies were often limited 
in their temporal resolution, therefore lacking the power to identify the complete 
set genes responding to a particular hormone, including genes that display transient 
changes in expression; this limited temporal information also does not suffice to detect 
tightly coregulated genes, thereby restricting the insights that can be gained into 
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underlying regulatory mechanisms. Chapters 2 and 3 describe the generation of high 
temporal transcriptional time series data sets of Arabidopsis in response to the immune 
hormones JA (Chapter 2) and SA (Chapter 3). By sampling Arabidopsis leaves at 14 time 
points over a 16-h period following treatment with either MeJA (rapidly converted into 
JA by the plant) or SA, the goal of these experiments was to move knowledge beyond 
previous transcriptome studies of these two hormones, in which typically single or a few 
time points were analyzed. The resulting high-information transcript profiles allowed 
us to investigate multiple aspects of the JA and SA responses, including: chronology 
of transcriptional events and their biological functions triggered, dynamic patterns of 
gene co-regulation, and possible regulatory mechanisms underlying these expression 
patterns. Using the “guilt-by-association” principle, Chapters 2 and 3 also describe the 
prediction and validation of novel TFs with a role in JA and SA signaling and in resistance 
against pathogens or insects. 

Transcriptional networks ultimately lead to the expression of proteins that perform 
physical or biochemical functions as part of the defense response. JA-associated 
defense outputs include the production of anti-insect or anti-microbial compounds, 
comprising proteins such as thionins, chitinases and proteinase inhibitors, and secondary 
metabolites such as glucosinolates, anthocyanins, and camalexin (De Geyter et al., 
2012; War et al., 2012). SA-associated defense outputs include pathogenesis-related 
(PR) proteins with anti-microbial activity, such as sterol-sequestering proteins and 
glucanases, chemicals such as anti-microbial phytoalexins, and the cell wall fortifying 
polysaccharide callose (Sels et al., 2008; Luna et al., 2011; Gamir et al., 2017; Klessig 
et al., 2018). Since sequencing of the Arabidopsis genome in the year 2000 and the 
identification of approximately 27,000 protein-coding genes, hundreds of proteins have 
been shown to play significant roles in plant defense. Yet, despite almost two decades 
of post-genome research it is estimated that around a third of all known protein coding 
genes in Arabidopsis have uncharacterized or unknown functions (Niehaus et al., 2015). 
The thousands of JA- and SA-inducible genes that we identified in our transcriptome 
time series analysis as described in Chapters 2 and 3 included many genes with 
uncharacterized functions that may potentially have important defensive functions that 
can be targeted in plant breeding or engineering approaches aiming the development 
of improved resistant crops. In Chapter 4, starting from a pool of 630 uncharacterized 
genes that were induced by SA, we identified a family of genes encoding pathogen-
inducible cysteine rich transmembrane proteins (PCMs), for which we validated their 
role in defense to biotrophic pathogens, and investigated their mode of action.



141

Summarizing discussion

Novel regulators of defense hormone-controlled immune regulatory networks
In Chapters 2 and 3 the computational analysis of high-density time series of RNA-Seq 
data obtained from leaves of Arabidopsis treated with MeJA or SA are described. This 
provided an unprecedented detailed insight into the dynamics of JA- and SA-mediated 
transcriptional reprogramming. Our study showed that over a time course of 16 h, JA 
significantly altered the expression of 3611 genes, while SA affected far more genes, 
namely 9524. For both JA and SA, a wide variety of transcript profiles were observed. 
Some genes displayed transient up or down-regulation, whereas others displayed 
sustained changes, and some showed more complex expression patterns. The first time 
of differential expression varied per hormone treatment: 90% of all JA-inducible genes 
were differentially expressed within 2 h, but it took 5 h for 90% of the SA-inducible gene 
set to become differentially expressed. Clustering of the diverse expression profiles 
of the JA- and SA-inducible gene sets revealed the main patterns of coregulation, and 
identified groups of genes that share common biological processes. 

Analysis of the upstream regulatory regions of coexpressed genes revealed potential 
TF DNA binding motifs that are likely to contribute to the coregulation of genes 
involved in the JA and SA responses. Certain known TF motifs were clearly enriched in 
the promoters of genes that shared similar expression profiles, with some TF families 
represented across broad sets of clusters, while others appeared in more specific 
clusters. From this analysis, it became clear that two major types of cis motifs largely 
discriminate between JA and SA up-regulated genes: the G-box motif (consensus 
CACGTG) was enriched among many of the clusters of genes upregulated in response 
to JA, while this motif was not enriched in SA-upregulated gene clusters; the W-box 
motif (TTGAC[C|T]) displayed the opposite pattern, as it was highly enriched among 
the promoters of genes falling in clusters that were upregulated in response to SA, 
but absent from the JA-upregulated gene clusters. This pattern of motif enrichment 
also correlates with the gene expression activity of the TF families that recognize each 
of these discriminating motifs. The master regulators of JA signaling, MYC2, MYC3 
and MYC4 are members of the bHLH TF family that specifically bind to G-box motif 
elements in the promoters of target genes. WRKY family TFs such as WRKY18, WRKY51, 
WRKY54 and WRKY70 play key roles in the regulation of the SA response (Wang et al., 
2006; Pandey and Somssich, 2009). Strikingly, in line with the antagonistic relationship 
between the JA and SA pathways, genes that were downregulated by JA were found 
to be enriched for the W-box motif, whereas SA-downregulated genes were enriched 
for G-box motifs. Collectively, these findings suggest that the G-box and W-box cis-
regulatory elements are highly specialized in regulating activation and suppression of 
JA- and SA-induced responses. Because a large fraction of each TF family that can bind 
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to the core G-box and W-box motifs, and many of the genes encoding such TFs are JA or 
SA responsive, a key future challenge will be to pinpoint the exact set of TFs that bind 
to a given motif occurrence and regulate target gene expression. Flanking sequences 
can play an important role in defining motif specificity, as has been recently shown for 
the G-box motif family (Ezer et al., 2017). Such investigations of flanking sequences are 
reliant on experimental TF-DNA interaction data, and will therefore require the use of 
relevant techniques like chromatin immunoprecipitation (ChIP) assays with sequencing 
or yeast-1-hybrid assays.

Besides the domination by the bHLH and WRKY TF families of the JA and SA regulatory 
networks, respectively, we could also identify enrichment of binding motifs for a wide 
range of other TF families in specific coexpression clusters. In particular, ERF and MYB 
TFs appeared to regulate the expression of dedicated sets of target genes in specific 
sectors of the JA network. Motif enrichment among the SA coexpression clusters was 
more diverse than for the JA response, and pointed to engagement of members of the 
bZIP, CAMTA, E2F, MYB, HSF, and NAC TF families in the SA network. Thus, it appears that 
both JA and SA pathways recruit specific sets of TFs from different families to regulate 
distinct sectors of the immune regulatory network controlling specific biological 
responses.

The identification of sets of tightly co-regulated genes also provided an opportunity 
to predict novel regulatory factors within the hormone response networks. The key 
assumption in this approach is that coexpressed neighbors of important immune 
regulators are likely to perform a similarly important function. The so-called “guilt-by-
association” paradigm is a long-used technique with a strong track record of successfully 
annotating genes to biological processes (Lee et al., 2011). For each hormone treatment 
dataset, we explored upregulated gene clusters and identified biological process-
unknown TF encoding genes among clusters that were enriched for functional terms 
associated with immunity or plant defense. Subsequent, screening of the respective 
mutants for dozens of candidate TFs in resistance bioassays using relevant JA- or SA-
inducing pathogens or insects confirmed the role of some as regulators of hormone-
mediated immunity. When considering single gene insertion mutants, four of the JA 
pathway candidate TFs (bHLH27, ERF16, MYB59, and ANAC056) tested were found to 
play a role in resistance against the assayed pathogen Botrytis cinerea and/or the insect 
Mamestra brassicae, whilst only one of the tested candidate regulatory TFs in the SA 
pathway (ANAC090) displayed a disease phenotype against the assayed pathogen 
Pseudomonas syringae DC3000. Thus, while our approach could clearly identify TFs 
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with novel roles in regulating resistance, we did not observe phenotypes for many of 
these single order mutants, especially for the SA candidates.

Functional redundancy, whereby closely related TFs target the same or highly 
overlapping sets of genes is a likely explanation for the low score of disease phenotypes 
by the single mutants tested. This can be attributed to genetic redundancy arising from 
segmental duplications within the Arabidopsis genome. A study by Armisén et al. (2008) 
reported that more than 90% of genes in the Arabidopsis genome have at least one 
additional homolog. Full redundancy of duplicated genes prevents deleterious effects 
if one copy is lost (Figure 1). However, if two gene copies that originate from one 
ancestral gene undergo different mutations, then this may lead to functional divergence 
between the two, which may result in differential sub-functionalization for each of the 
gene copies, or in the acquirement of completely novel functions (Rutter et al., 2012; 
Bolle et al., 2013) (Figure 1). Often, gene duplications lead to partly redundant but also 
distinct functions, as is shown for the different members of the JAZ protein family that 
regulate JA signaling (Howe et al., 2018). 

Figure 1. TFs redundancy model. 
Homologous TFs sharing function in hormone biosynthesis, by binding to the same or 
different TF binding sites (TF activity). White and red boxes indicate different cis-elements, 
which affect the TF activity. In the case of full redundancy, as exemplified by TFs X and Y, 
both TFs have exactly the same function and bind to the same cis-element (white box in 
the different genes A to E, encoding precursors for the hormone production), so that either 
one of the TFs suffices. In case of neofunctionalization, as exemplified by TFs W and Z, the 
combination of the TFs is more active, e.g. by binding to different cis-elements (white and red 
box in the genes), so that together they have a synergistic effect on the hormone response. 
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By specifically targeting highly similar TF-encoding gene pairs from both 
JA- and SA-candidate lists, we were able to generate double mutants that displayed 
more severe perturbation of host defenses compared to either single mutant alone. 
The double mutant for JA-responding paralogous TF genes MYB48 and MYB59 
displayed highly elevated resistance to caterpillar feeding, and the double mutant for 
SA-responding ANAC061 and ANA090 displayed highly increased resistance to both 
bacterial and oomycete biotrophic pathogens, when compared to the performance 
of the corresponding single mutants. These findings demonstrate the importance of 
utilizing higher-order mutants for the understanding of TF regulatory functions and 
their role within the wider gene regulatory networks. Future research will increasingly 
necessitate the generation of higher order mutants that knockout or knockdown two 
or more homologous TFs in order to shed light on TF function. In particular, the use of 
CRISPR/Cas9-based gene editing to generate knock-out alleles for several related TF 
encoding genes will be particularly powerful in this endeavor (Swinnen et al., 2016). 

Two homologous NAC TFs function in SA signaling
In Chapter 3, we show how analysis of the transcriptional response to SA led to the 
characterization of a NAC TF double mutant, anac61 anac90, that displayed increased 
resistance to the biotrophic pathogens P. syringae and Hyaloperonospora arabidopsidis. 
The single mutants of the respective genes showed an intermediate (anac090) or no 
significant (anac061) effect on the resistance level compared to that of the wild type 
against both pathogens, pointing to functional redundancy of these two homologous 
TFs. Interestingly, the growth penalty of the anac061 anac090, as measured by leaf area, 
was relatively small. Mutant dmr6, that contains elevated SA levels due to impaired 
SA hydroxylase activity, is also enhanced resistant to these biotrophic pathogens 
(Zeilmaker et al., 2015; Zhang et al., 2017a), but in the background of accession Col-0 
the mutation in DMR6 causes a more severe growth reduction phenotype than the 
NAC double mutation (Chapter 3). We also tested the anac061 anac090 double mutant 
for resistance to the JA defense-inducing necrotrophic fungal pathogen B. cinerea and 
found this did not differ from wild-type plants (Chapter 3). Transcriptome analyses of 
the anac61 anac90 mutants, under non-stress conditions, revealed that several SA-
related processes were upregulated. This observation is in line with a recent publication 
that pointed to ANAC90 as a negative regulator of senescence, which was associated 
with repression of multiple downstream-targeted NAC genes and of SA content 
(Kim et al., 2018). Both ANAC061 and ANAC090 genes were found to be upregulated 
during infection by different pathogens and their elicitors (publicly available data in 
the Genevestigator database), indicating that they are an integral part of the plant 
response to pathogens. In recent literature, different NAC TFs from several species have 
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been reported as a new class of positive and negative regulators of hormone-regulated 
networks, influencing development (Kim et al., 2018) and immunity (Yoshii et al., 2010; 
McLellan et al., 2013; Wang et al., 2015b; Wang et al., 2016).

The NAC family of TFs, which is comprised of 117 members in Arabidopsis, is among 
one of the largest plant-specific TF families. NAC TF family members contain two key 
protein domains: a highly conserved N-terminal DNA-binding domain, and a highly 
variable C-terminal transcriptional activation region (TER) that plays a major role in 
transcriptional regulation (Olsen et al., 2005). A phylogenetic study of NAC proteins 
divided family members into 14 specific subgroups (Ooka et al., 2003). The majority of 
NAC TFs that have been implicated in regulating stress responses fall within the SNAC 
subgroup (Nuruzzaman et al., 2013). Interestingly, phylogenetic analysis performed by 
Wang et al. (2016; Figure 2) assigned ANAC061 and ANAC090 to the TERN subfamily, 
which also contains the tobacco TF TERN (the name giver of the subfamily), the rice 
TF ONAC012, and an ortholog in cotton, GbNAC1, that was demonstrated to confer 
resistance against the soil-borne pathogen Verticillium dahliae when overexpressed in 
cotton. This suggests a role for members of the TERN subfamily in plant immunity. Wang 
et al. (2016) reported that the TERN subfamily members contain a conserved motif 
at the NAC subdomain C (Figure 2A), which differentiates them from SNAC subfamily 
members (Figure 2B).
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Figure 2. Amino acid alignment of the TERN subfamily of NAC TFs in different plant species (A) 
and of the TERN and SNAC ANAC representatives from Arabidopsis (B); 
(A) ANAC61, ANAC90, TERN (N. benthamiana) and representative orthologs of TERN sub-family member 
ONAC12 from rice (Oryza sativa). The NAC sub domains are indicated with the letters A to E. The red box 
indicates the highly conserved amino acids in the TERN subgroup (Adapted from Wang et al., 2016). (B) 
Amino acid alignment of the Arabidopsis ANACs TFs comparing TERN and SNAC subgroups: ANAC061 and
ANAC090 represent TERN, while ANAC019, ANAC055 and ANAC072 represent SNAC. The TERN conserved 
motif is not present in the SNAC subgroup. The red asterisks (*) indicate the position of distinct amino 
acids between the TERN and SNAC subfamilies. Lower panel indicates full protein sequence alignment of 
ANAC061, ANAC090, ANAC019, ANAC055 and ANAC017, in which the NAC domain is highlighted. 
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Little is known about the contribution of the TERN sub family and the role of their 
characteristic protein domain in plant defense, which may define an important role in 
defense signaling. A future challenge will be to identify how TERN subfamily domain 
structure defines functionality of these TFs and how this differs from other members 
of the NAC family. 

Novel defensive outputs of the SA response
While it is the concerted action of many transcriptional regulators such as TFs and 
their co-activators/repressors that underlies immune hormone gene regulatory 
networks, the defense outputs are ultimately the changed expression levels of genes 
that encode proteins that have either direct anti-microbial properties, or are responsible 
for production or transport of such proteins or other antimicrobial compounds. For 
example, SA activates not only expression of antimicrobial PR genes, but also that 
of ER resident genes to facilitate the correct folding and secretion of the PR proteins 
(Wang et al., 2005). For a fraction of all SA-responsive genes, their role in defense is 
known, but many proteins with novel immune-associated functionality have remained 
undiscovered.

In Chapter 4 we studied this problem by deliberately targeting SA-activated genes 
that were lacking meaningful functional characterization. We identified 630 biological 
process-unknown genes and based on sequence similarity divided them over groups 
of homologous proteins. As a proof of concept, we focused on one of the largest 
identified groups, which we defined as a family of eight cysteine-rich polypeptides 
with a transmembrane domain, ranging in size from 71 to 82 amino acids. Because the 
expression of many of these family members is also induced by a range of pathogens 
or pathogen-derived elicitors we named this group the pathogen-induced cysteine-rich 
transmembrane protein (PCM) family. Interestingly, the PCM family also contains PCC1 
(PCM4), a protein that has been described previously as regulated by both pathogen 
infection and the circadian clock and overexpression was demonstrated to result in 
enhanced resistance against H. arabidopsidis (Sauerbrunn and Schlaich, 2004). A recent 
publication showed a role for PCM8 (named CYSTM3) in salt stress resistance (Xu et al., 
2019). Yet, the remaining six PCM family members had not been characterized to any 
significant degree. By using transgenic Arabidopsis lines that overexpress each of the 
PCM family members, we showed plasma membrane localization for PCM1 to PCM5, 
while PCM6 to PCM8 were detected in the cytoplasm, but we had not determined 
whether this could be due to degradation of the YFP-tagged protein. A number of 
PCM-OX lines was found to be more resistant to the biotrophic pathogens P. syringae 
(PCM1, PCM2 and PCM3) and H. arabidopsidis (PCM1, PCM2, PCM3, PCM4, PCM5 and 
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PCM7). Moreover, we showed that subgroups of the PCMs had overlapping coexpression 
networks, in which several known defense-related genes were present. RNA-Seq analysis 
of three of the overexpression lines (PCM1-OX, PCM5-OX, and PCM7-OX, representing 
the three subgroups) pointed to enrichment of light- and development-related genes 
being differentially expressed, while no typical defense-related genes were induced. 
While we were able to demonstrate that this family of proteins likely plays an important 
role in plant immunity, the exact functional mechanism that underlies this positive 
effect on resistance remains enigmatic. We hypothesize that PCM overexpression 
can change membrane structure, which may affect infection structures, or PCMs may 
interact with other proteins, which has multiple consequences on different biological 
functions of the plant. The creation of knock-out lines for the PCMs, although difficult 
because of their high sequence similarity, should be conducted to prove more insight 
in their roles. Future work on the mechanistic basis of PCMs’ role in pathogen defense 
may lead to insights that can be applied to crops, since the CYSTM family, to which the 
PCMs belong are a very widespread family among organisms, suggesting they have a 
conserved and important role (Venancio and Aravind, 2010; Xu et al., 2018). The fact 
that the PCMs also seem to play an important role in tolerance to abiotic stresses (Xu 
et al., 2018; Xu et al., 2019) and in plant growth (Chapter 4), impacts their applicability. 

CONCLUDING REMARKS

The importance of plant hormones as key regulators of induced plant immune responses 
is well established. In this thesis, the complexity of the gene regulatory networks, as 
induced by the two major defense hormones, JA and SA, is revealed using RNA-Seq data 
and computational analyses. We have predicted and validated novel components in 
these networks. Several JA- and SA-responsive TFs were characterized, allowing us to 
add small pieces to the big puzzle representing the complex plant immune regulatory 
network. However, their effective transcriptional activity still needs to be validated by 
experimental approaches such as protein-DNA interactions methods. In vivo binding of 
TFs to DNA is dependent on chromatin accessibility, DNA methylation, TF cooperativity, 
and TF interactions with non-binding cofactors and the transcription machinery. For 
instance, ChIP-seq would be an optimal technique to identify the binding sites (motifs) of 
DNA-associated proteins (TFs) predicted in this thesis. Furthermore, analysis of genome-
wide gene expression changes in SA or/and JA accumulation at multiple regulatory 
steps would definitely add to our understanding of how the plant immune regulatory 
network functions. The recently developed assay for transposase-accessible chromatin 
(ATAC)-seq provides detailed information on nucleosome position and how chromatin 
compaction and DNA-binding proteins regulate gene expression at high resolution 
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in planta. Its application to single cells offers a look at the variability in chromatin 
organization and TF binding sites in different cell types (Sullivan et al., 2014; Buenrostro 
et al., 2013; Cusanovich et al., 2015). Once transcription is initiated, a variety of critical 
and highly-regulated co- and post-transcriptional pre-mRNA processing steps occur in 
the nucleus, prior to export of mature mRNA to the cytoplasm. Among these processes 
are transcript elongation, which can be determined by Global Run-On sequencing (GRO-
seq), measuring nascent RNA that is undergoing transcription by RNA polymerase in 
the nucleus. Comparison of GRO-seq data with RNA-seq data exposes differences 
in the contribution of different co- and post-transcription processes. Furthermore, 
translation efficiency of mRNA into protein can be an important step in the regulation 
of immune responses. The Ribo-seq methodology determines which mRNAs are 
undergoing translation. Collectively, the wealth of data on the JA and SA gene regulatory 
networks and the possible roles of their players in plant immunity form a rich reservoir 
of knowledge that in the future may be utilized via e.g. gene editing technologies to 
improve or rewire defense-related signaling pathways in future crop that can maximize 
both growth and defense. 5
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Samenvatting

SAMENVATTING

Om optimaal te kunnen functioneren moeten planten, net zoals alle andere organismen, 
anticiperen op veranderingen in hun omgeving. Ter verdediging tegen ziekten en 
plagen brengen planten hun immuunsysteem in stelling. Moleculen die afkomstig 
zijn van micro-organismen of insecten, of moleculen die vrijkomen bij beschadiging 
van plantendelen als gevolg van infectie of vraat, worden herkend door de plant als 
tekens van potentieel gevaar. Daarop volgend reageert de plant met een adequate 
afweerreactie die kwaadaardige belagers bestrijdt, of goedaardige organismen juist 
toegang biedt om een langdurige samenwerking met de plant aan te gaan. De efficiëntie 
waarmee de plant op de grote verscheidenheid aan micro-organismen en insecten 
reageert, is bepalend voor hoe goed hij zich kan handhaven in een wisselende omgeving. 

Plantenhormonen, en met name de hormonen jasmonzuur (JA) en salicylzuur (SA), zijn 
belangrijke regelaars van het cellulaire signaleringsnetwerk wat het immuunsysteem 
van planten aanstuurt. Het hormoon JA is essentieel voor het activeren van de afweer 
tegen insecten die de plant aanvreten en tegen necrotrofe schimmels en bacteriën 
die plantencellen vernielen om zich zo toegang tot de nutriënten van de plant te 
verschaffen. Het hormoon SA activeert met name afweerreacties die gericht zijn 
tegen biotrofe pathogenen (schimmels, bacteriën, oomyceten), die het geïnfecteerde 
plantenweefsel intact laten om zo nutriënten uit de plant te onttrekken. Herkenning 
van micro-organismen of insecten leidt tot veranderingen in hormoonconcentratie 
en/of -gevoeligheid. Hierdoor worden bepaalde sectoren van de ingenieuze hormoon-
gestuurde signaleringsnetwerken geactiveerd of onderdrukt. Via regulatie van 
genexpressie door onder meer transcriptiefactor eiwitten leidt dit tot productie van 
specifieke fysische of chemische afweerstoffen die gericht zijn tegen de belagers. 
Anderszijds wordt doelgericht de groei van de plant tijdelijk afgeremd om afweer te 
kunnen prioriteren.

Om meer inzicht te krijgen in de verschillende mechanismen in het 
genreguleringsnetwerk dat aangestuurd wordt door de afweerhormonen SA en JA, is 
in dit proefschrift op detailniveau bestudeerd hoe de modelplant Arabidopsis thaliana 
(zandraket) reageert op deze hormonen. Hiertoe hebben we de verandering in expressie 
van alle ~27.000 genen van Arabidopsis bladeren gemeten over een tijdspanne van 
16 uur op 14 tijdstippen na toediening van SA of JA. Met behulp van bioinformatische 
methodieken hebben we vervolgens nauwkeurig de architectuur en dynamiek van de 
SA en JA genreguleringsnetwerken gekarakteriseerd en beschreven. Met behulp van 
deze aanpak waren we in staat om te voorspellen welke genen en hun regulerende 
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transcriptiefactoren op welk moment een belangrijke rol spelen in de door SA en JA 
aangestuurde immuun signaleringsnetwerken van de plant. Een aantal van deze nieuwe 
componenten is nader experimenteel onderzocht en hun functie in het afweersysteem 
van de plant is blootgelegd. Deze expressiestudies zijn een waardevolle bron van nog 
vele andere voorheen onbekende regulatoren, waarvan we de doelgenen kunnen 
voorspellen, en potentieel bijdragen aan de immuunrespons. 

We hebben 3611 genen geïdentificeerd die werden geactiveerd of onderdrukt  door JA 
toediening over de periode van 16 uur waarin we hebben gemeten (Hoofdstuk 2). SA 
behandeling leidde tot verandering in expressieniveau van 9524 genen (Hoofdstuk 3). De 
reactie op de hormonen was zeer snel geïnduceerd: 90% van alle genen die reageerden 
deed dat binnen 2 uur op JA behandeling en binnen 5 uur op SA behandeling. Door de 
genen te clusteren volgens overeenkomstige expressieprofielen over de tijd konden 
we voorspellen welke transcriptiefactoren verantwoordelijk zijn voor veranderingen 
in het expressiepatroon. De dynamische JA en SA genreguleringsnetwerken die we 
op basis van deze informatie hebben geconstrueerd geven inzicht in hoe en wanneer 
verschillende sectoren binnen het netwerk gereguleerd worden door JA of SA. De 
bHLH- en WRKY-klasse van transcriptiefactoren bleken dominante regulaars te zijn van 
respectievelijk de activering en onderdrukking van de JA reactie, en vice versa voor de SA 
reactie. We vonden echter ook dat specifieke andere transcriptiefactoren, zoals van de 
ERF-, MYB-, en NAC-klasse, specifieke sectoren in de JA en SA netwerken reguleerden. 
Voor sommige transcriptiefactoren, zoals MYB59, bHLH27, ERF16, ANAC56 en ANAC90, 
konden we middels biotoetsen met mutanten van deze transcriptiefactoren een rol 
in afweer tegen pathogenen of insecten bevestigen. Dubbelmutanten van homologe 
genen, zoals myb48 myb59 en anac61 anac90 vertoonden nog grotere effecten op 
afweer, wat aangeeft dat effecten van genen vaak gemaskeerd worden door functionele 
redundantie, en dat het belangrijk kan zijn om homologe genen tegelijkertijd uit te 
schakelen om de rol van een eiwit (zoals een transcriptiefactor) in een bepaald proces 
te bestuderen.

Van veel genen is de functie nog onbekend. De gezamenlijke ativiteit van 
transcriptiefactoren en co-regulatoren orkestreert het signaleringsnetwerk, maar de 
doelgenen van deze regulatoren, die bijvoorbeeld belangrijk zijn voor de biosynthese 
of transport van anti-microbiële stoffen, vormen het afweergeschut tegen de belager. 
In Hoofdstuk 4 onthullen we de functie van een familie van acht kleine genen met 
een grotendeels onbekende functie, die worden geïnduceerd door SA behandeling 
en infectie met verschillende pathogenen: de Pathogeen-geïnduceerde Cysteïnerijke 
transMembraan eiwitten (PCM). Stabiele PCM-overexpressie Arabidopsis-lijnen 
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vertoonden verhoogde resistentie tegen bepaalde biotrofe pathogenen. Verder 
hebben transcriptoomanalyses van PCM-overexpressie lijnen een mogelijk verband 
met ontwikkeling en lichtsignalering blootgelegd. Het werkingsmechanisme van 
PCM in afweer zou verband kunnen houden met hun cysteïnerijke transmembraan 
domein waarmee ze zich in de plasmamembraan vestigen en daar misschien de 
membraanstructuur veranderen of met andere eiwitten interacteren, maar dit behoeft 
verder onderzoek.

Het werk wat in dit proefschrift beschreven staat biedt nieuwe inzichten in hoe planten 
hun afweerreactie reguleren na inductie van JA of SA signalering. Een rol voor nieuwe 
transcriptiefactoren en PCM eiwitten in verdediging tegen verschillende type belagers 
is vastgesteld. We hebben aangetoond dat onze onderzoeksmethode heel effectief is 
voor het ontdekken van nieuwe eigenschappen van de plant die een bijdrage kunnen 
leveren aan ziekteresistentie. De nieuwe ontdekkingen geven een goede basis voor 
verder onderzoek en kunnen leiden tot toekomstige gewassen die beter bestand zijn 
tegen ziekten en plagen.
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