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Summary 

Phytophthora secretes a large repertoire of molecules (effectors) during infection to modulate 

host processes and enable infection. Microarray analysis on tomato-P. capsici timecourse 

experiments has revealed dramatic transcriptional changes as a consequence of infection, 

suggesting a role for pathogen effectors in transcriptional reprogramming throughout its disease 

cycle. 

We hypothesise that Phytophthora genomes encode effectors that translocate into host nuclei 

during infection, where they bind DNA and modify gene expression. Computational methods for 

predicting DNA-binding proteins can provide a high-throughput means of candidate selection. 

However, current prediction algorithms are limited in plants and pathogens.  

Here we have created a plant specific prediction model, which we have employed to predict DNA-

binding proteins in the tomato (Solanum lycopersicum) genome. By validating these predictions 

we have demonstrated that this model is suitable for high-throughput prediction of DNA-binding 

proteins and will be a useful tool in genome annotation efforts.  

Applying our prediction model to effectors from P. capsici and P. infestans, we have identified a 

set of candidates which have been prioritised for experimental characterisation. From these 

candidates we have identified chromatin-associated effectors which localise to the nucleus and 

enhance P. capsici virulence. Taken together these results suggest DNA-binding may be an 

important feature for pathogen effectors.  

Finally we have assessed the use of three techniques to validate direct DNA-binding and identify 

target DNA sequences, for which we show preliminary results and outline planned use. Candidate 

DNA-binding effectors will be prioritised for use with these techniques.  

We conclude that this study has provided the means to identify candidate DNA-binding effectors 

which can be adopted by others wishing to study pathogen DNA-binding effectors. This will help 

further our understanding of not only pathogen effectors but also of plant DNA-associated 

processes during infection. 
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Chapter 1: General Introduction 

 

Plants, like all other organisms, use DNA binding proteins to regulate gene expression and to 

control key processes necessary for survival. With plants being sessile organisms it means they are 

continuously under threat of infection from a range of organisms. While plants are capable of 

eliciting an immune response, pathogens are continually challenging and overcoming these 

defences via the secretion of molecules, termed effectors, in to the host plant. Phytophthora 

species are a class of pathogens which are particularly damaging to economically important crops 

and natural environments. In recent times it has become clear that the nucleus and nuclear 

processes are key targets for pathogen effectors which have the potential to disrupt this finely 

balanced control of gene expression. This thesis aims to determine whether Phytophthora 

effectors are capable of directly targeting and binding to DNA resulting in modulation of host gene 

expression. With the large numbers of effectors identified in Phytophthora species it is not feasible 

to test each effector experimentally for DNA-binding function. Therefore I will use a computational 

approach to predict potential DNA-binding effectors which can be used for further 

characterisation. 

In this chapter I will introduce the main concepts outlined above, before going on to discuss my 

findings in subsequent chapters. 

 

1.1 Plant-Microbe Interactions 

Throughout the course of evolution plants have continually had interactions with microbes. It is 

now known that the emergence of land plants, approximately 480 million years ago, was 
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facilitated by symbiotic interactions with arbuscular mycorrhizal fungi (1, 2). This important plant-

microbe interaction can still be seen today where arbuscular mycorrhizal fungi are capable of 

associating with the roots of up to 80% of plants. This beneficial interaction allows for enhanced 

uptake of phosphorous which is essential for plant nutrition and growth (3). Similarly, beneficial 

symbiotic interactions occur between the root nodules of legumes and nitrogen-fixing soil bacteria 

of the genus Rhizobium. Rhizobia are capable of converting atmospheric nitrogen to ammonia, 

which can be used by the plant, allowing growth in nitrogen-deficient soils or a reduction in the 

quantity of fertiliser required (4). 

While plants can benefit from molecular interactions with microbes, the majority of microbes that 

are encountered pose a serious pathogenic threat and can have devastating effects on 

agriculturally important crops. One notorious example is that of the plant pathogen Phytophthora 

infestans which caused the Irish potato famine in the 1840’s, resulting in more than 600,000 

deaths (5). The fungal pathogen Magnaporthe oryzae is a destructive pathogen of rice (causing 

rice blast disease), which infects all foliar tissue. This typically leads to losses in the region of 10-

35%, however, these losses can rise even further during regional epidemics (6). This is a 

particularly economically important disease as more than half of the world population relies on 

rice as a primary food source (7). The bacterial pathogen Pseudomonas syringae encompasses 50 

different pathovars (8) which together are capable of causing devastating infections in a wide 

range of plant species, including tomato, wheat and barley.   

Plant pathogenic microbes do not only cause destruction within crop plants, but also have a 

significant impact on natural environments and ecosystems. The recent well publicised outbreak 

of Chalara ash dieback in the United Kingdom, caused by the fungus Hymenoscyphus fraxineus, is 

one such example of the damage plant pathogens can have on natural environments. There is no 

known treatment for ash dieback and the disease is fatal to infected trees. While the 
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repercussions of this outbreak may not be seen for some time in the United Kingdom, it is 

estimated that 90% of ash trees are under threat and we can already see the significant impact 

that this disease has had on forestry throughout continental Europe (9, 10). Phytophthora 

ramorum is capable of infecting a wide range of oak trees and is the causal agent of sudden oak 

death. Infection of oak trees in California and larch trees throughout the UK have resulted in a 

devastating impact on forestry and forest ecosystems (11).   

Although plant pathogens cause infection in their hosts, the nature of these interactions varies 

depending on the lifestyle of the pathogen. Pathogens can be broadly split in to those which are 

biotrophic and those which are necrotrophic. Biotrophic pathogens infect their host and gain 

nutrients required for growth, without causing disease symptoms. This involves the use of 

specialised infection structures and an ability to suppress host defences for a prolonged period of 

time (12). On the other hand, necrotrophic pathogens quickly kill their host using toxins and 

degradative enzymes and subsequently feed off dead plant tissue as saprotrophs (13). Pathogens 

exist at varying levels within these lifestyles. For example, rust fungi (e.g. Puccinia graminis) are so 

called obligate biotrophs due to their inability to grow without a host (14). Hemi-biotrophic 

pathogens, which include Pseudomonas syringae and Phytophthora infestans, bridge the gap 

between these two lifestyles. After an initial biotrophic phase where the pathogen gathers 

nutrients and grows, there is a switch to a necrotrophic phase allowing further dispersal of the 

pathogen from dead plant tissue (15). Botrytis cinerea is a prime example of a necrotrophic 

pathogen which is known for its lethal infection of a broad range of host plants (13). Regardless of 

the lifecycle used, each pathogen is capable of causing devastating infections on the host plant.  

It is clearly evident that plant pathogens continue to apply serious pressure to agriculture. This 

pressure is only likely to increase with the growing demand on food production as the world 

population continually rises, and challenges we are facing due to shifts in the global climate. New 
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methods of resistance to plant pathogens are therefore critical. Current chemical control methods 

are not a sustainable approach to counteracting disease as changes in European Union legislation 

aim to move towards limiting their use. There are also instances of pathogens developing 

insensitivity to these control chemicals (16–18). Initially attempts at achieving resistance have 

utilised cross breeding to find genetic sources of resistance. Whilst success has been had with 

these resistances (19–21), some have been rapidly overcome in the field (22). More recent 

strategies have looked to a genetic modification approach by stacking multiple resistance genes in 

a plant (23, 24). It is clear that achieving durable resistance will be a difficult task. However, 

increasing our understanding of the molecular basis underpinning plant-microbe interactions is 

what will allow us to make advances towards improved resistance.  

Over the years molecular plant-microbe research has led to significant findings which have 

advanced our understanding of these complex pathogenic interactions. A key finding has been the 

discovery of the first plant pathogen effector (25). Following on from this there has been much 

uncovered about bacterial type III protein secretion systems (T3SS), including their requirement 

for virulence and their role in the delivery of effectors into plant cells (26, 27). A greater 

understanding of the plant immune response was achieved with the identification of the first plant 

receptor which recognised conserved pathogen features (28) and work on resistance genes (29). 

This has allowed scientists to formulate hypotheses of how the plant immune response takes place 

upon pathogen infection, such as the widely accepted zigzag model (30). However, there is still a 

need for improved understanding of how pathogen effectors function and which components and 

processes they are targeting within plant cells. Therefore, new information on effector targets 

generated from studies such as this one will be instrumental in the development of resistant 

crops. 
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1.2 Plant Immunity 

As outlined above, within the natural environment plants are constantly challenged by a diverse 

array of microbes but infection only occurs sporadically. The immune response mounted by the 

plant in reaction to a pathogen is widely thought of in terms of the zigzag model (30).  

As a mechanism to avoid infection, plants deploy membrane bound Pattern recognition receptors 

(PRRs) that bind and recognise microbe-derived molecules (Microbe or Pathogen Associated 

Molecular Patterns (M/PAMPs)) or host-derived damage associated molecules (Damage 

Associated Molecular Patterns (DAMPs)). In this scenario, recognition of microbial patterns or the 

detection of host derived damage signals leads to the rapid induction of signalling cascades that 

ultimately lead to the induction of defence gene expression and activation of plant defence 

responses. Collectively, these processes lead to enhanced immunity to most microbes designated 

as PAMP triggered immunity (PTI) (30, 31). Consistent with a prominent role for pattern 

perception in plants, an increasing number of M/PAMPs have been identified in a wide range of 

divergent organisms. These include peptidoglycans (PGNs) and lipooligosaccharides (LPS) from 

bacterial cell envelopes, bacterial Elongation – Factor - TU (EF-TU (32)), flg22 a 22- amino acid 

peptide derived from bacterial flagellin, chitin from fungal cells walls and glucans as well as 

glycoproteins in oomycetes (33). The observation that many microbial molecules are recognised, 

suggests that pattern recognition is one key feature that shapes induced immune responses in 

plants. 

By definition, microbial pathogenesis must feature compromised structural barriers and the 

prevention or suppression of induced immune responses of the infected host. The vast majority of 

plant pathogenic microbes achieve invasion and colonisation by deploying secreted protein 

repertoires (effectors) that help degrade cellular structures, limit perception and suppress defence 

signalling. Collectively, these effectors reprogram cells into an immuno-compromised state 
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referred to as effector triggered susceptibility (ETS) (30). Given the importance of pathogen 

encoded virulence factors in disease, genome sequencing and functional genomics studies have 

allowed the rapid identification of pathogen effector repertoires, many of which have been 

subject to intense study. Critically, these effectors either function in the apoplast (apoplastic or 

extracellular effectors) or traffic into the host cell (cytoplasmic or intracellular effectors) (34) 

where they perturb or modify cellular processes required for immunity. Intracellular effectors 

have been identified in a wide range of pathogenic microbes amongst which many appear to 

target the nucleus or proteins destined to function in this compartment (35). Taken together, 

these and other observations have led to the suggestion that the host nucleus is an important 

compartment where the fate of plant-microbe interactions is determined (35, 36). 

Resistant plants are capable of recognising certain effectors due to the presence of genes which 

encode resistance (R) proteins. This line of defence is known as effector triggered immunity (ETI). 

R proteins typically belong to the NB-LRR class (Nucleotide Binding site, Leucine Rich Repeat) (37). 

Large numbers of these proteins exist in plants which provide resistance to a range of pathogens. 

149 R genes are present in the Arabidopsis thaliana genome (38), while 438 NB-LRR type R genes 

have been identified in potato (39). Recognised effectors are termed avirulence (Avr) proteins and 

this recognition results in a hypersensitive response (HR), a form of localised programmed cell 

death (40). A well characterised interaction between an R protein and its corresponding Avr 

protein can be seen in P. infestans between R3a and Avr3a. It has been shown that R3a relocalises 

from the cytoplasm to endosomal compartments upon perception of Avr3a which is necessary to 

induce HR (41, 42). This has led to a continuous evolutionary arms race between effectors aiding 

recognition and R genes detecting effectors (43).  

The case of effectors which directly target host DNA add another level of complexity to the model 

of plant immunity. To date, the only direct DNA-binding effectors which have been identified are 
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the Transcription Activator Like (TAL) effectors from Xanthomonas, which will be discussed later. 

These effectors function like transcription factors by binding specific host DNA sequences and 

directly activating genes to modify host processes rather than targeting and suppressing host 

proteins to impact disease progression (44). Other yet unidentified DNA-binding effectors may 

function to directly suppress activation of defence related genes causing us to rethink this 

infection model.  

With the zigzag model being based upon gene-for-gene interactions it does not account for all 

scenarios of infection (45). The Guard (46, 47) and Decoy (48) models offer hypotheses which 

cover some of these other interactions. These cover instances where R proteins may be guarding 

an important effector target or where there is a decoy protein, which mimics an effector target, 

which does not enhance pathogen virulence when targeted or triggers an immune response when 

there is an R protein for the effector. The state-based model (49) goes even further than these 

other models to provide a model which encompasses the dynamic and complex nature of plant-

pathogen interactions. 

 

1.3 Phytophthora as Plant Pathogens 

Oomycetes are a large group of eukaryotic organisms. Initially oomycetes were classified as fungi 

due to their highly similar morphology and filamentous growth. However, further analysis has 

revealed that oomycetes are phylogenetically more closely related to brown algae and diatoms 

rather than true fungi, placing oomycetes in the Chromalveolata kingdom (50, 51). 

Oomycetes can be found in both water and terrestrial environments. The diverse nature of these 

species results in a wide range of hosts. For example, Saprolegnia parasitica is a pathogen of fish, 

amphibians and crustaceans (52)  and Pythium insidiosum is a pathogen of mammals including 
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horses, dogs and humans (53). However, oomycetes are perhaps best known for their plant 

pathogenic species, the most notorious of which are Phytophthora.     

There are currently more than 120 species of plant pathogenic Phytophthora identified which 

together infect a huge number of hosts with wide ranging evolutionary classifications. This poses a 

threat to major food crops (P. infestans, P. capsici, P. sojae), trees (P. ramorum, P. palmivora) and 

native and ornamental plant communities (P. cinnamomi) (54, 55). 

All Phytophthora species exhibit a hemi-biotrophic lifecycle. This involves an early biotrophic 

phase where living plant tissue is required for nutrition, growth and subsequent spread of the 

pathogen throughout the host plant. The following necrotrophic phase results in infected tissue 

being killed allowing further dissemination of the pathogen. Many Phytophthora species can 

reproduce either asexually or sexually. The sexual life cycle occurs in heterothallic species, such as 

P. capsici, and requires two compatible mating types designated A1 and A2 (56). When these two 

mating types are in close proximity it stimulates the formation of male and female gametangia. 

When fertilisation occurs the female gametangia go on to form oospores. These oospores require 

a dormancy period before germination. These spores are highly resilient and can survive harsh 

environmental conditions for several years, making them a threat to future crops. Germination of 

these oospores gives rise to sporangia which can directly infect a host plant, or produce motile 

zoospores. From this point onwards infection proceeds in the same way as in the asexual lifecycle. 

The biflagellate zoospores which are released employ chemotaxis to move towards plant tissue. 

Once the zoospore reaches a plant surface the flagellae are lost, a cyst is formed and a germ tube 

is produced. This germ tube goes on to form an appressorium which, with the aid of secreted 

degradative enzymes, penetrates the plant cuticle. From here hyphae form and spread between 

cells to colonise the host without killing it. After this biotrophic phase a switch to necrotrophy 

takes place. This results in the death of infected cells and tissue collapse. During this phase 
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sporangia are formed which can be dispersed via water or wind and release further zoospores 

ready to infect new plants and begin a new lifecycle (56–58).  

The duration of this lifecycle and optimal environmental conditions vary depending on the 

Phytophthora species. For example, P. capsici infection takes place optimally under environmental 

temperatures from 25 – 30 °C and high humidity, and the lifecycle lasts approximately 2 – 3 days 

from infection to sporulation (58). On the other hand, P. infestans only requires temperatures 

from 10 °C and has a slightly longer lifecycle which lasts 2 – 5 days (22, 59).   

Year on year Phytophthora species continue to have a significant economic impact. This is due to 

the loss of crops due to infection and particularly the high cost of chemical control measures to 

prevent disease. Conservative estimates suggest that P. infestans results in worldwide losses of 

€5.2 billion annually for potato alone (60). The broad host range pathogen P. capsici is capable of 

billions of pounds worth of losses due to infection of solanaceous and cucurbit crops (58, 61). 

These economic losses highlight the need for research geared towards improving our 

understanding of Phytophthora infections to allow us to develop improved methods of managing 

and preventing disease.  

 

1.4 Pathogen Effectors 

Effectors are defined in a broad sense as pathogen molecules which are used to manipulate host 

cell structure and/or function. These result in enhanced pathogen virulence or the initiation of 

plant defence responses (62). The emergence of genome sequencing, bioinformatics approaches 

and functional genomics has allowed large numbers of effectors to be identified in pathogen 

genomes. Effector proteins can be split in to two classes: those which function in the apoplast 
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(apoplastic effectors), and those which are translocated inside host cells (intracellular effectors) 

(34). 

Apoplastic effectors are generally small cysteine rich proteins which often function as inhibitors of 

extracellular hydrolytic enzymes, e.g. proteinases and glucanases (63). Examples of these include 

the glucanase inhibitors GIP1 and GIP2 from P. sojae and the serine protease inhibitors EPI1 and 

EPI10 secreted by P. infestans. GIP1 and 2 have been shown to inhibit EGaseA, an endo-β-1,3 

glucanase from soybean. EGaseA is thought to be involved in the degradation of glucans in the 

pathogen cell wall (64). EPI1 and EPI10 are Kazal-like serine protease inhibitors which have been 

demonstrated to inhibit the action of a subtilisin-like serine protease in tomato. This allows 

secreted P. infestans proteins to be protected from degradation thereby increasing virulence (65, 

66). 

Intracellular effectors are modular proteins which are composed of an N-terminal signal peptide 

and translocation sequence, allowing the protein to be secreted from the pathogen and delivered 

inside host cells respectively, and a C-terminal domain which harbours the biochemical effector 

activity (34). These effectors are characterised by their conserved translocation sequence and can 

be split into two classes: RxLRs and CRNs. 

RxLRs are named after their conserved RxLR translocation motif (Arginine, any amino acid, 

Leucine, Arginine) (67). Large numbers of RxLRs have been discovered in Phytophthora genomes, 

with 563 predicted in P. infestans, 396 in P. sojae and 374 in P. ramorum (59, 68, 69). These 

effectors localise to various cellular organelles indicating the diversity in targets and functions that 

RxLR effectors have (70). However, despite being well studied and characterised, few targets have 

been confirmed for RxLR effectors. 
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Perhaps the best characterised RxLR effector is the avirulence protein from P. infestans Avr3a. 

Two isoforms of Avr3a exist, which result from two differing amino acids: Avr3aEM and Avr3aKI. 

Both isoforms are involved in the suppression of cell death triggered by INF1 through their 

interaction with the E3 ligase CMPG1 (71–73). Avr3a is recognised by the R gene R3a, however, 

only the Avr3aKI isoform is recognised (41). This is further shown by the fact that when 

coexpressed together, R3a relocalises from the cytoplasm to endosomal compartments upon 

perception of Avr3aKI, but not with Avr3aEM, and triggers HR (42).  

CRNs were the second class of intracellular effectors discovered in Phytophthora. These were 

named after the crinkling and necrosis phenotype induced in host plants when CNR1 and CRN2 

were expressed (74). However, it is now known that not all CRNs cause cell death and this is not 

required for effector function (36, 75). CRNs have a conserved N-terminal LxLFLAK motif which, 

like the RxLR motif, is thought to be responsible for effector translocation in to host cells (36). 

CRNs also have a diverse range of C-terminal domains (75). Interestingly, all tested CRNs have 

been shown to localise to the host nucleus (36, 75) and nuclear localised effectors show distinct 

sub-nuclear localisations suggesting diverse nuclear functions (76). This further enhances the 

notion that the nucleus is a key compartment targeted during infection (35, 77).  

One thing that is clear is that despite the characterisation that has been carried out on 

Phytophthora effectors, there is still little known about their targets and mechanisms of actions. 

Research studies, such as this one, are therefore key to improving our understanding of what host 

components are targeted and perturbed during infection.  
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1.5 Nuclear Processes That Drive Immunity and May Be Targeted By Pathogens 

It is clear that the nucleus plays a key role in determining the fate of pathogen infection. This 

section will summarise and highlight exciting advances in our understanding of nuclear processes 

that underpin plant immunity (Figure 1) and also describe the means by which some pathogens 

can modify these processes in their bid to colonise plants. 

 

FIGURE 1 – Schematic representation of immunity related nuclear processes. Several nuclear processes have been 

implicated in plant immunity. In green plant proteins involved in plant immunity and in red pathogen effectors that 

target host nuclear processes are highlighted. Nuclear transport: The transport of immune regulators and signalling 

proteins into the nucleus is the first step of the nuclear involvement in immunity. Nuclear transporters as importins and 

proteins of the MOS family have been involved in plant resistance mechanisms. Moreover these transporters were 

shown to be required for the transport of nuclear effectors. PTMs: Post-translational modifications are also believed to 

be an essential mechanism to regulate defence responses in the cytoplasm but also in the host nucleus. 



25 

 

 

Phosphorylation, ubiquitination and sumoylation have been shown to target nuclear proteins such as WRKY 

transcription factors and thus regulate defence responses. Histone and DNA methylation and Histone acetylation: 

Chromatin remodelling modifications like histone acetylation (A) and histone and DNA methylation (M) have also been 

recently connected with immunity. These modifications are thought to alter chromatin structure and therefore alter 

gene expression during a defence response. Transcriptional control: During an infection process dramatic transcriptional 

changes occur. These changes mediated in part by transcription factors (TFs) are crucial for a proper plant immune 

response. Post-transcriptional control: Immunity appears to be regulated not only at the post-translational and 

transcriptional level but as well at the post-transcriptional level.  Processes as alternative polyadenylation (APA), 

alternative splicing (AS) and RNA interference (RNAi) have also been connected with plant immunity. 

 

1.5.1 Nuclear Transport 

Translocation of immune regulatory and signalling proteins into the nucleus marks the onset of 

the host nucleus’ involvement in the immunity process. Nuclear trafficking is mediated by 

importins, exportins and nucleoporins, all of which are involved in transport of cargo across the 

nuclear envelope (35). Proteins representing diverse functions are transported into the nucleus 

and include classes of transcriptional regulators, which form a complex network and direct plant 

immune responses through transcriptional reprogramming (78). Interestingly, an increasing 

number of resistance proteins such as  RRS1, N, MLA, RPS4, RX require nuclear transport for 

activation (reviewed in (79)). Tomato RPS4 recognises Pseudomonas syringae AvrRps4 resulting in 

nuclear accumulation of the plant immune regulator EDS1 (80), while barley MLA was shown to be 

directly associated with several transcription factors (TFs), essential for plant defences (WRKY, 

MYB6) (81). These findings indicate the crucial role of nuclear trafficking in plant immune 

signalling. 

Given the importance of plant nuclear dynamics for plant immunity, it is not surprising that its 

components are targeted, imitated or required by pathogens in order to promote infection. In 
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Nicotiana benthamiana, Xanthomonas campestris pv. vesicatoria AvrBs3 effector was shown to 

contain a NLS and mimic eukaryotic TF, affecting host cell development (82). Effector activity can 

also modify the subcellular localisation of their corresponding target proteins. The Phytophthora 

infestans effector Pi03192 (PITG_03192) targets two NAC TFs, thereby preventing NAC 

relocalisation to the nucleus during infection and after PTI stimulation (83). Furthermore, 

Arabidopsis thaliana nucleo-trafficking proteins of the MOS family were reported to be involved in 

plant basal and constitutive resistance (84). For instance, Agrobacterium tumefasciens NLS-

containing effectors VirD2 and VirE2 can interact with several importins in order to translocate 

bacterial T-DNA into the host nucleus (85, 86). In the meantime, silencing of Importin α 1 or 2 in N. 

benthamiana was shown to negatively affect the nuclear import of several P. infestans effectors 

(87) suggesting requirement of host machinery by the pathogen. These findings illustrate the 

critical role nucleo-cytoplasmic transport plays in immunity and how pathogens either co-opt or 

modify these processes to their benefit. 

 

1.5.2 Post Translational Modifications 

Induction of PTI features the quick initiation of signalling cascades at the cell membrane, followed 

by spatial and temporal channelling of the PTI signal throughout the cell. A key step in this process 

involves the diffusion or transport of many of these proteins into the nucleus. Given that post-

translational modifications (PTMs) are rapid modifiers of the cellular protein complement, protein 

modification is thought to underpin PTI signal transmission and regulation in the plant cell (88, 89). 

With more than 300 different types of PTMs described thus far, the collective activity of the 

principal enzymes driving PTMs generate enormous proteome plasticity (88, 90). Despite their 

importance, there are few examples implicating PTMs in plant immunity with phosphorylation, 

ubiquitination and sumoylation having received most attention in recent years. 
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Phosphorylation of receptor like kinases is crucial for PAMP perception and activation of 

subsequent MAPK signalling cascades (88, 91). In the nucleus, phosphorylation is equally 

important as transcription factors required for immunity (e.g. WRKY and ethylene-responsive type 

TFs (ERFs)) often require phosphorylation for their activation (92). For example, PTI mediated 

activation of MKK4 and MKK5 in Arabidopsis leads to resistance against P. syringae (93), due to 

activation of WRKY mediated gene expression.  

Several effectors were shown to target phosphorylation mediated signalling events in the host 

cytoplasm (E.g. AvrPto and AvrPtoB targeting FLAGELLIN SENSING 2 (FLS2) and BRI1-ASSOCIATED 

KINASE 1 (BAK1); and AvrAC targeting BIK1 and RIPK) (94, 95). This further demonstrates the 

importance of kinase mediated signalling cascades to plant immunity, which can ultimately lead to 

phosphorylation events in the nucleus to drive changes in host gene expression. If true, nuclear 

effectors that target phosphorylation events would be highly useful for successful pathogens. 

CRN8, a nuclear effector from P. infestans, was shown to be a functional kinase and its over-

expression in N. benthamiana leaves increased P. infestans virulence (96). The molecular target(s) 

of this and other nuclear effectors however, are yet elusive, hampering our progress towards 

understanding the modes of action of these proteins towards immunity. 

Ubiquitination involves the reversible conjugation of ubiquitin to specific lysine residues in a target 

protein. Protein ubiquitination affects many processes and has been firmly connected with 

immunity associated signalling events in plants (97, 98). In line with the importance of 

ubiquitination as an immunity-associated PTM, a vast range of plant pathogens target this process 

with their effectors (99).  For example, PthA2, a nuclear type III effector protein from X. 

axonopodis was shown to target the host ubiquitin machinery. It interacts with Ubc13, an 

ubiquitin conjugating enzyme, avoiding K-63 linked ubiquitination required for DNA repair (100). 
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Interestingly DNA damage was recently proposed to be a conserved mechanism deployed by plant 

pathogens (101).  

Sumoylation is another PTM highly connected with nuclear plant defence mechanisms. This is 

evident based on the effects of the mutants of a nuclear A. thaliana E3 sumo ligase Siz1. siz1 

mutants exhibit constitutive expression of pathogenesis-related and disease response genes 

leading to increased resistance to the bacterial pathogen P. syringae pv. tomato (Pst) DC3000 

(102). XopD, a type III secretion effector from the bacterial pathogen X. euvesicatoria was shown 

to target host nuclear sumoylation status. XopD was shown to catalyse the sumo hydrolysis of 

SIERF4, a tomato ethylene responsive transcription factor, causing its destabilisation. The absence 

of SIERF4 avoids the transcription of ethylene defence genes required for immunity against 

Xanthomonas infection (103). It is without question that pathogens target plastic host nuclear 

proteomes (and their PTM status) to suppress immune signalling. The future challenge will be to 

identify and further characterise the PTMs mechanisms generally involved in immunity whilst 

implicating those regulators and their modification in immunity. 

 

1.5.3 Chromatin remodelling and DNA Modification   

Besides inheritance of genes, the modification of histones, chromatin remodelling and DNA 

methylation provides another means by which plants can pass on beneficial (immunity related) 

traits to their progeny. N-terminal histone tails are post-translationally modified, e.g. by 

acetylation, methylation, phosphorylation, ubiquitination etc., by modifying enzymes recruited by 

transcription factors. These enzymes create a “histone code” which causes specific changes in 

chromatin configuration and gene expression. Chromatin configuration is controlled by ATP-

dependent chromatin remodelling complexes which allow or prevent access to DNA by 

transcription factors to regulate essential cellular processes (104).  These chromatin remodelers 
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contain a conserved SUCROSE NONFERMENTING2 (SNF2) catalytic ATPase domain. These use the 

energy from ATP hydrolysis to move, remove or form nucleosomes on DNA (105). DNA 

methylation is controlled by methyltransferases which add a methyl group to the fifth carbon of 

cytosines. Plant DNA methylation patterns can be passed on to progeny to permanently affect 

genome activity through a variety of processes, ultimately regulating plant immunity (106). 

The occurrence of histone modifications at defence related genes leads to transcriptional 

regulation of immunity during infection. Two of the best characterised histone modifications are 

acetylation and methylation. Histone H3/H4 acetylation, which is linked to gene activation, is 

controlled by histone acetyltransfereases (HATs) and histone deacetylases (HDACs) (107). The 

Arabidopsis HDAC, HISTONE DEACETYLASE19 (HDA19) is induced during P. syringae infection to 

help defence. This occurs by repressing the transcription factors WRKY38 and WRKY62 which 

normally negatively regulate the expression of Pathogenesis Related (PR) genes (108). Histone H3 

methylation can be an activating or repressive modification depending on which Lysine or Arginine 

residues the methyl group is added to and the number of groups added (109). The Arabidopsis 

methyltransferase SET DOMAIN GROUP8 (SDG8) is known to activate expression of NB-LRR genes, 

e.g. LAZARUS5 (LAZ5), which has an activating H3K36me3 mark enriched at the LAZ5 locus during 

infection (110). Methylation of H3K4 at the nucleosome of WRKY70 stimulates SA-dependent 

defence responses, which leads to the expression of NB-LRR genes as well as several defence 

related TFs (111). 

If plant defences are under some degree of epigenetic control, it is reasonable to assume that 

these processes would be targeted by pathogens. Cochliobolus carbonum HC toxin produced 

during maize infection inhibits histone deacetylase activity causing hyperacetylation in susceptible, 

but not resistant, maize plants (112). It is therefore not surprising that DNA methylation patterns 

can be altered as a result of pathogen infection. Indeed, Arabidopsis tissue infected with P. 
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syringae shows massive hypomethylation as a direct result of active demethylation (107). 

Although it is now established that pathogen infection alters histone modification, the pathogen 

encoded factors responsible for these processes are yet to be identified.  

 

1.5.4 Transcriptional and post-transcriptional regulation 

Transcriptional reprogramming forms a central component of the plant immune response upon 

perception of a pathogen, whether it occurs during PTI or ETI. As part of a robust defence 

response against pathogen ingress, dramatic transcriptional changes occur, affecting up to 20% of 

the host gene complement (113). Transcriptional reprogramming occurs as a consequence of 

cross-talk between signal transduction pathways that include pattern induced MAPK signalling 

cascades, the production and perception of increased levels of salicylic acid (SA), jasmonic acid (JA) 

and interplay with other plant phytohormones (114). Given the importance of transcriptional 

reprogramming, targeting gene expression must represent an important strategy that most 

pathogens employ to overcome host immune responses. Indeed, H. arabidopsidis has been shown 

to interfere with plant immunity through the secretion of the nuclear localised effector HaRxL44. 

HaRxL44 decreases SA immune processes by interfering with mediator function causing a shift 

towards JA/ET signalling, bringing about enhanced susceptibility to the pathogen (115). The 

Arabidopsis transcription factor TCP14, which has roles in plant development as well as regulation 

of defence genes (116, 117), has been identified as a key target for divergent plant pathogens 

(118, 119). This finding further enhances the notion that targeting transcriptional processes is a 

key strategy employed by many pathogens to evade the host immune response. Besides the 

targeting of host transcription factors, some pathogens secrete effectors that act as transcriptional 

regulators. Xanthomonas species have been shown to use a novel class of effectors, known as 
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transcription activator like (TAL) effectors, which function to bind specific host DNA sequences 

resulting in the expression of host genes that aid pathogen colonisation and infection (120, 121).  

 

1.5.5 RNA Interference 

Similar to many other eukaryotes, plants employ a sophisticated RNA interference (RNAi) 

machinery to control the expression of its gene repertoire and to combat viral infection by 

degrading viral RNA. Generally, plants use RNAi as a defence response in two ways: transcriptional 

gene silencing (TGS) and post-transcriptional gene silencing (PTGS). During TGS, RNA is recognised 

by Dicer to produce small interfering RNAs which are loaded into Argonaute to mediate defence 

through RNA silencing. PTGS on the other hand involves siRNAs being incorporated into the 

ARGONAUTE4 (AGO4) containing RNA-induced transcriptional silencing (RITS) complex which 

guides heterochromatin formation and methylation acting as a positive regulator of plant defence 

(104, 122). Both TGS and PTGS are emerging as important regulators of PTI and ETI signalling as 

well as mediators of R gene silencing. Perhaps not surprisingly, it is now known that besides 

viruses, bacteria and oomycetes produce effectors which suppress RNA silencing. Qiao et al. 

showed that two P. sojae effectors (PsAvh18 and PsAvh146) inhibit biogenesis of small RNAs to 

suppress RNA silencing (123), while Navarro et al. identified effectors from P. syringae that can 

suppress transcription of either PAMP responsive miRNAs or inhibit miRNA function (124). 

 

1.5.6 Alternative Splicing 

Alternative splicing (AS) is a nuclear process by which a single pre-mRNA is processed into multiple 

transcript isoforms, providing a source of diversity within eukaryotic transcriptomes and 

proteomes (125). AS has also been highly connected with plant defence mechanisms. In a RNA-seq 
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based study it was suggested that over 90% of expressed genes can be alternatively spliced during 

P. syringae infection in Arabidopsis (126), although its functional relevance remains largely 

unclear. Importantly, AS has been implicated in plant immune responses more directly through 

the identification of R-gene splice variants for a great number of resistant proteins (127). Although 

most of these splice variants have unknown functions, AS allows generation of functionally diverse 

NB-LRR proteins, providing a raft of conceptual links to immunity that are likely to be explored. 

Moreover AS has been connected to nonsense-mediated mRNA decay (NMD) (128), which is also 

involved in plant immunity (129, 130). 

RPS4, an R protein from Arabidopsis, undergoes AS and the truncated transcripts are required for 

its immune functions. Removal of RPS4 introns abolished RPS4 function, but transgenic 

Arabidopsis lines expressing intron deficient and truncated transgenes of RPS4 showed partial 

resistance to P. syringae. This shows that the alternatively spliced variant of RPS4 has immune 

related functions (131). AS of R genes was also shown to be affected by pathogen challenge. The N 

gene, encoding for an R protein from Tobacco, encodes two transcripts via AS: the full length 

protein (NS); and a truncated version lacking 13 out of the 14 repeats of its LRR domain (NL). The NS 

transcript is more prevalent before and for 3 hours after tobacco mosaic virus (TMV) infection, 

while the NL version is more prevalent 4 to 8 hours post-infection. As in the case of RPS4 both 

transcripts of the tobacco N gene were shown to be required for full resistance against TMV 

infection (132). Another important class of proteins in the plant immune system that were shown 

to undergo AS are the plant immune receptors of the receptor-like kinase (RLK) family. In a recent 

study two splicing factors, SUA and RSN2, were identified as regulators of AS events in two 

Arabidopsis RLKs: SNC4 and CERK1. CERK1 is a chitin receptor and in Arabidopsis mutants lacking 

SUA and RSN2, the chitin mediated production of reactive oxygen species is reduced in contrast 

with the levels of growth of P. syringae in these mutants. This suggests that alternative splicing of 

CERK1 is required for its functions in immunity (133). 
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Despite the importance of alternative splicing to plant immunity, no pathogen effectors are known 

to target this mechanism. Thus a more in depth understanding of AS events in plant defence 

responses and new ways of testing the action of effectors towards AS processes are yet required. 

Functional assays that report on AS induction or perturbation due to effector activity could 

become crucial in understanding plant immunity and susceptibility. 

 

1.5.7 Alternative Polyadenylation 

Alternative polyadenylation (APA) is another nuclear based mechanism used to control gene 

expression at a post-transcriptional level. Immediately after transcription, pre-mRNAs are capped, 

spliced and cleaved, allowing the addition of a poly(A) tail to their 3’ ends. This tail is essential for 

mRNA stability, transport to the cytoplasm, and recognition by the translational machinery. The 

occurrence of APA is dependent on the location at which the pre-mRNA is cleaved (134). 

APA appears to be highly present in plants. A deep-sequencing study showed that APA can affect 

up to 70% transcribed Arabidopsis genes (135). APA has been observed in plants under different 

developmental stages and when treated with salicylic acid. Interestingly, 35% of the genes that 

undergo APA upon salicylic acid treatment are related to biotic or abiotic stresses which may 

indicate a function for APA in adjusting the expression of certain immunity related genes (134). 

APA functions in plants are largely unknown with exception to its connections with flowering time 

control (136). However, a few recent studies connect APA with plant immunity. A recent study 

showed that the Arabidopsis RNA binding protein FPA, which regulates several APA processes, 

negatively regulates PTI processes through the immune related protein ETHYLENE RESPONSE 

FACTOR 4 (ERF4). ERF4 undergoes APA upon flg22 detection in Arabidopsis and FPA prevents it 

(137). In another study the Arabidopsis resistance protein RPP7 was shown to undergo APA in 

order to control its expression in a histone methylation dependent manner (138). Largely because 
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the links between APA and immunity have only become clear in recent years, evidence that ties 

effector action to APA and immunity is lacking.  

 

1.6 DNA-Binding 

As outlined in the previous section, nuclear processes are highly important for the host plant. 

Proteins which bind DNA are an essential component in many of these processes. DNA-binding 

proteins are vital for the survival of an organism as they play key roles in cellular processes such as 

replication, transcriptional control, chromatin stability and modification, and epigenetic regulation 

(139, 140). When these processes are impaired it can have serious repercussions for the plants 

growth and development, metabolic regulation and ability to mount an immune response to 

pathogens. For this reason they are likely to be targeted by pathogens to enhance virulence. In 

fact we already know that pathogen effectors target nuclear and transcriptional processes, as 

highlighted above. We also know that there are dramatic changes in host gene expression taking 

place during the infection process (141). While this may be attributed to the host plant reacting to 

pathogen invasion, some of these gene expression changes may also be mediated by pathogen 

effectors directly targeting host DNA to aid infection. 

A class of effectors which directly target host DNA have been identified in the bacterial plant 

pathogens Xanthomonas (120, 121) and Ralstonia solanacearum (142, 143). These are known as 

Transcription Activator-Like (TAL) effectors due to their ability to mimic host transcription factors 

and activate specific genes to reprogram host cells to increase pathogen virulence. TAL effectors 

share a similar structure with each having a nuclear localisation signal, an acidic transcriptional 

activation domain, and a central region of tandem repeats. It is the number and order of these 

repeat regions which determines the DNA binding sequence targeted by the effector (120, 121). 
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The best characterised TAL effector is AvrBs3 from Xanthomonas campestris. Expression of AvrBs3 

results in hypertrophy of host mesophyll cells and contributes to the spread of the bacteria. 

Several target genes have been identified for AvrBs3, however, one of these genes encodes a basic 

helix-loop-helix transcription factor which is an important regulator of cell hypertrophy which is 

induced by AvrBs3 (82, 144).  

The information presented thus far suggests that DNA may be a conserved target for effectors 

from plant pathogens. The presence of DNA-binding effectors in bacterial plant pathogens raises 

the question of whether this is also a strategy employed by other plant pathogens, such as 

Phytophthora. However, as of yet, DNA-binding effectors have not been identified in eukaryotic 

pathogens. Therefore, research aimed at uncovering potential DNA-binding effectors in eukaryotic 

pathogens, such as Phytophthora, is crucial to improving our understanding of pathogen 

infections. 

 

1.7 Computational Approaches and Functional Genomics to Identify DNA-Binding 

Proteins  

The emergence of next generation sequencing (NGS) technologies has led to unprecedented levels 

of sequence information available for both plants and their pathogens. Despite this, our 

understanding of many processes is still hindered by a lack of functional annotation of protein 

functions (145). Due to the huge amount of sequencing data, experimental assays cannot solely be 

used to assign functions to proteins. Computational approaches to predict protein function are 

therefore becoming essential for initial annotation and aiding in informed selection of candidates 

for further experimental analysis (146). It is evident that DNA-binding proteins are crucial for host 

plant processes and as targets, and potentially a function, of pathogen effectors (82, 83, 139, 140). 
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Therefore, computational prediction approaches tailored to detect DNA-binding proteins from 

plants species and plant pathogens can be highly useful.  

Once candidate DNA-binding proteins have been identified, functional genomics can be used to 

verify molecular functions. Access to –omics platforms is becoming cheaper and data analysis 

becoming more straightforward making this an accessible toolset for identifying specific protein or 

effector functions. For example, NGS based functional genomics techniques, such as ChIP-seq 

(chromatin immunoprecipitation combined with NGS), can be used to identify DNA sequences 

targeted by DNA-binding proteins.  

This information suggests that when used in combination, computational predictions and 

functional genomics can be a powerful approach to identify and characterise DNA-binding 

functions. 

 

1.8 Outline of Thesis 

It is already abundantly clear that the next step towards the development of resistant crops 

involves improving our understanding of how pathogen effectors function and identifying which 

host components are being targeted. This thesis project hypothesises that Phytophthora genomes 

encode effectors that bind host DNA to modify gene expression and aid the infection process. It 

can be anticipated that these DNA binding effectors may function to alter plant immune signalling, 

to directly aid infection, or by altering host development and metabolism, to aid pathogen growth 

and subsequent spread to other plants. To determine if this is the case we aim to identify the 

presence of DNA-binding effectors in Phytophthora and to uncover their function during infection.  

The large number of effectors found within Phytophthora genomes means that experimental 

methods are not feasible for generating a set of candidate DNA-binding effectors. Therefore I have 
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utilised a computational approach allowing prediction of candidate DNA-binding effectors which 

can be prioritised for functional characterisation using molecular biology and biochemistry 

techniques.  

Despite the importance of DNA-binding proteins current prediction algorithms are lacking in their 

ability to predict candidates on a genome-wide scale. There are also no existing prediction models 

which perform accurate DNA-binding predictions on specific species or lineages. In chapter 2, I 

demonstrate that we have created a plant specific support vector machine (SVM) prediction tool 

which overcomes these limitations and allows prediction of DNA-binding proteins in plant 

genomes. I have applied this model to the prediction of DNA-binding proteins in the tomato 

(Solanum lycopersicum) genome and validated these predictions using a combined computational 

and experimental approach.  

In chapter 3 I have applied this DNA-binding protein prediction tool to effector sets from P. capsici 

and P. infestans to select candidate DNA-binding effectors for further work. From the list of 

candidate DNA-binding effectors obtained from these predictions I have used a chromatin 

fractionation assay to screen 21 effectors, 14 of which are associated with chromatin. Taking 6 of 

these forward for further characterisation I have identified that each effector shows signs of 

nuclear localisation, while 4 of these 6 enhance P. capsici growth in ectopic virulence assays. These 

results give evidence of effectors which are potentially DNA-binding.  

Chapter 4 will outline different approaches which can be used to validate direct DNA-binding and 

identify target DNA sequences for these candidate DNA-binding effectors. Firstly we present 

evidence that FLIM-FRET microscopy can be used to confirm direct interactions between proteins 

and DNA. We follow this up by showing preliminary results for ChIP-seq and the planned use of a 

DNA adenine methyltransferase identification (DAM-ID) technique.   
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Finally, I will discuss this research and its importance in the context of current work. I will highlight 

future research that is necessary to carry on this work. This research will highlight another 

conserved target of Phytophthora effectors and will take us another step towards fully 

understanding Phytophthora infection mechanisms and discovering new ways to preventing crop 

disease.   
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Chapter 2: DNA-binding protein prediction using plant specific support 

vector machines: validation and application of a new genome annotation 

tool 

 

2.1 Introduction 

There are currently 151 draft plant genomes available in the NCBI genome database (accessed 

09/02/15), collectively representing more than 115 gigabases. However, a genome is only of value 

if genes can be identified and functions assigned. Assigning functions to the protein products of 

genes is a complex task, partly as function can be defined on different levels, including cellular 

location, molecular functions, biological processes (145), as well as post-translational 

modifications. Using experimental assays to assign function, whilst accurate, is both difficult, costly 

and time consuming, and currently cannot keep pace with the volume of sequenced data (146). 

Therefore, accurate computational predictions are essential to annotate genomes in the first 

instance, and to provide focus for functional assays in downstream analysis.  

 

Gene Ontology (GO) terms (145) can be used to assign molecular functions to proteins to assess 

levels of genome annotation. On average 44% of proteins within the Viridiplantae (Green plants) 

are annotated with molecular function GO terms, with levels varying from 33% for the moss 

Physconitrella patens, to 56% for the model species Arabidopsis thaliana. Economically important 

crop plants also have low levels of molecular function annotation: Oryza sativa (35%), Solanum 

tuberosum (43%), Zea mays (45%) and Solanum lycopersicum (45%). Therefore, while it is clear 

that functional annotations on a genomic scale are the key to understanding plants at the 

molecular level, this is severely limited by the current level of annotation. As a consequence the 
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development of computational protein function prediction methods is a key research area.  The 

first large scale Critical Assessment of protein Function Annotation (CAFA) experiment featured 

more than 50 competing algorithms (147), and found that tools which predicted molecular 

functions provided a greater level of accuracy compared to those which predicted a protein’s 

involvement in a biological process. Overall, the prediction algorithms were less accurate at 

predicting the function of multi-domain proteins compared to single-domain proteins, which led 

to the conclusion that algorithms needed to be developed to make predictions for specific 

molecular functions for multi-domain proteins. One group of proteins which are predominantly 

multi-domained (148), and are of particular importance in eukaryotic biology, are those that bind 

DNA.   

 

It is estimated that DNA-binding proteins (DNA-BPs) comprise 6-7% of eukaryotic proteomes (149). 

They are crucial for many fundamental cellular processes, including replication, transcriptional 

control, chromatin stability and modification, and epigenetic regulation (139, 140). The large 

number of DNA-binding protein families, and the diverse DNA features that these proteins 

recognise makes identification of DNA-BPs within proteomes a difficult task (149, 150). Prediction 

of DNA-BPs has been approached using information from protein sequences and/or protein 

structures. Prediction tools can be divided into 3 groups, those that (a) use protein sequence 

information to make DNA-binding predictions at the protein level, (b) use protein structural 

information to make DNA-binding predictions at the protein level and (c) use protein sequence 

information to make predictions as to which residues interact with DNA, but do not give a 

prediction of DNA-binding at the protein level. In addition there are tools that use combinations of 

the above approaches. Tools in group (a) are summarised in Table 1, and tools representing the 

other groups have been reviewed previously (151). Although structure based predictions are more 

accurate than sequence based ones, the lack of structural information for many proteins makes 
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this method inappropriate for high-throughput annotation. Hence, many existing methods have 

focused on predictions at the whole protein level using amino acid sequence information, and 

many of these apply supervised machine learning methods (151–163). Supervised machine 

learning involves the use of algorithms which can learn from validated data sets how to make 

predictions on new data. Many machine learning methods have been used to predict protein 

function from amino acids sequence information, but support vector machines (SVMs) have 

proved in many circumstances to have the best performance (164). SVMs are a supervised 

learning method used for data classification. Using a set of features which describe the data, the 

SVM learns to classify training data, where the class value is already known, to create a prediction 

model. The resulting model can then be applied to data where the class is unknown to predict the 

values (165). SVMs are specifically suited to the problem of predicting function from sequence as 

they can be trained on many different types of data, they are suited to noisy datasets, and are less 

susceptible to overfitting (166). When predicting DNA-BPs it is important to have a high quality 

dataset to train the SVM, and a feature vector which adequately describes the data. One of the 

simplest and most common features selected to predict protein function is amino acid 

composition. 

 

 

 

 

 

 

 

 

 



42 

 

 

 



43 

 

 

A number of models have previously been developed to predict DNA-BPs from amino acid 

sequence (summarised in Table 1), but most have many limitations that restrict their application 

to whole genome DNA-BP annotation in plants. We identified five limitations shared by previous 

models; (a) the use of sequences from mixed prokaryotic, eukaryotic and species datasets for 

training, (b) the restriction of training datasets to proteins with solved structures bound to DNA, 

(c) reliance upon evolutionary relationships evident in position-specific-scoring matrices (PSSMs),  

(d) use of complex models with large numbers of feature vectors giving slow running times, (e) 

lack of publically available website or software suitable for whole genome predictions. 

 

The development of models based on proteins from a wide range of eukaryotic and prokaryotic 

species results in generic models, but these often lack the specificity required to annotate lineage 

specific DNA-BPs. For example, transcription factors are known to be highly specific to each 

kingdom, with up to 47% of DNA binding transcription factors belonging to lineage-specific 

families (167). In addition, RNA-binding proteins have been shown to have amino acid binding 

propensities that are lineage specific (168). Despite such observations, very few studies have been 

conducted on the use of lineage specific models. One study analysed the potential of using lineage 

specific models in prokaryotes, but this was limited to a small number of closely related bacteria 

(169). Hence, there is a need to assess the performance of species/lineage specific prediction 

models for DNA-BPs. 

 

The use of DNA-BPs for which there is a solved structure of the protein-DNA complex available in 

the Protein Data Bank (PDB), severely restricts the number of proteins that can be used to 

effectively train a SVM. This also impacts on the potential to implement a lineage/species specific 

approach. The use of evolutionary profiles as a feature vector for predictions represents an 

additional problem when predictions are required for non-model organisms. Many plants have 
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few close relatives with sequenced genomes, meaning that useful PSSMs cannot be created, 

limiting the use of prediction methods that use evolutionary profiles. 

 

The prediction algorithms surveyed in Table 1, show a trend for increasingly complex models 

based on large numbers of sequence features (e.g. Zhang et al. (158) use a 128 feature model and 

Zou et al. (156) use a 153 feature model), using more complex concepts from computer sciences 

(e.g. chaos game theory (155)). Whilst such models can be shown to have increased accuracy on 

test datasets, they are primarily focussed on theoretical method development rather than 

application. This complexity hinders the application of these models to proteome wide 

predictions, due to their long running time and limitations on the number of input sequences. The 

final limitation of many of the prediction algorithms is that they are no longer publically available 

or have software dependencies that are no longer functioning. Of the 12 algorithms surveyed, only 

DNAbinder (152) could be applied to whole proteome function prediction.  

 

In this work we develop a prediction tool that overcomes these limitations and is applicable to the 

prediction of DNA-BPs in plant genomes. We have created species and lineage specific models 

using experimentally validated DNA-BPs, selected using molecular function GO terms. The model 

only uses a single feature vector, amino acid composition, and this combined with its 

implementation through the WEKA workbench software (170) means we have created a plant 

genome annotation tool that can be used by others on genome sequences. For the development 

of our model we firstly demonstrate that using species specific prediction models, with the 

dicotyledonous model plant Arabidopsis (Arabidopsis thaliana) and yeast (Saccharomyces 

cerevisiae), gives more accurate predictions than the generic DNAbinder model (152). Building 

upon this we created a plant specific model and tested its application to realistic datasets, 

designed to simulate the relative proportion of DNA-BPs within a plant genome. This allowed us to 
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show that our predictions still perform well when there is not an equal number of DNA-binding 

and non-DNA-BPs. Finally, we demonstrate the application of the plant model to the prediction of 

DNA-BPs in the tomato (Solanum lycopersicum) genome. Tomato is an economically important 

crop plant which is used as a model species for fruit development and whose draft genome has 

been recently sequenced (171). Analysis of GO annotation of the genome reveals that only 43% of 

proteins have a molecular function assigned, and hence this provided a good system on which to 

apply our model. We made proteome wide predictions for the tomato genome and compared the 

results to current annotations and results from mass spectrometry analysis of chromatin-

associated protein fractions. These predictions reveal a large number of tomato proteins (1459) 

that have possible DNA binding activity and from these, we highlight 36 currently uncharacterised 

proteins, which we propose to be putative DNA-BPs. 

 

2.2 Materials and Methods 

2.2.1 Datasets 

Three types of dataset were used to create and evaluate our species and lineage specific 

prediction models. Details of their creation and composition are summarised in Figure 1 and 

detailed below. 

● Equal Datasets: Full length protein sequences were obtained from the Gene Ontology 

database (145) using AmiGO (version 1.8) (172), by searching for Arabidopsis (A. thaliana) 

(accessed: 07/12/13) and yeast (S. cerevisiae) (accessed: 26/01/14) proteins which had a 

molecular function with an experimental evidence code of IDA (function inferred by direct 

assay). DNA-BPs were selected using GO terms associated with DNA binding (GO:0003677, 

GO:0003700, and their child terms). Proteins less than 40 amino acids in length were 

removed to ensure only full length proteins were present. BLASTclust, from the NCBI-
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BLAST package (173), was then used to remove homologous proteins (with ≥35% 

sequence identity over ≥90% sequence length) and a sequence was selected randomly 

from each cluster to give a representative dataset (Supplementary File 1). Final training 

sets were obtained by randomly selecting 294 DNA-BPs and 294 non-DNA-BPs from our 

yeast representative dataset, and 129 DNA-BPs and 129 non-DNA-BPs from our 

Arabidopsis representative dataset. The remaining 100 DNA-BPs for each species were 

used, along with 100 randomly selected remaining non-DNA-BPs to create datasets for 

testing. This allowed us to maximise the number of DNA-BPs used to create these models 

while retaining a suitable number of proteins for testing.  

● Realistic Dataset: In reality proteomes comprise many more non-DNA-BPs than DNA-BPs 

(the estimated ratio is 10:1), and hence a realistic dataset for Arabidopsis was created to 

reflect this. The workflow used to identify non-DNA-BPs from Arabidopsis gave a total 

number of 1767 non-homologous proteins. This set was divided in two, giving 884 non-

DNA-BPs for the training set, and 883 for the test set. To give a ratio of 10:1 the maximum 

number of DNA-BPs used was 88 in both the training and testing datasets. 

● ‘Other-Plant’ Dataset: To determine how well the Arabidopsis model performed 

predicting DNA-BPs from other plant species, a dataset which included ‘other-plant’ 

species was created. Proteins from all Viridiplantae species (excluding Arabidopsis) with a 

DNA-binding molecular function GO term (GO:0003677, GO:0003700, and their child 

terms) and manually annotated evidence code were extracted using QuickGO (174). A 

non-DNA-BP dataset was extracted in a similar way, except the GO terms selected were 

not associated with DNA-binding. Proteins with less than 40 amino acids in length were 

removed. In addition proteins with homologs (with ≥35% sequence identity over ≥90% 

sequence length) within the dataset and to proteins in the Arabidopsis Representative 

dataset were removed. This resulted in a final representative ‘other-plant‘ dataset 
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consisting of 111 DNA-BPs and 516 non-DNA-BPs (Supplementary File 1). The ‘other-plant’ 

dataset was then used as an independent test set to evaluate the performance of the 

Arabidopsis model. 

 

FIGURE 1 – Workflow of dataset extraction. Summary of the methods used to obtain proteins and create each dataset. 

 

2.2.2 Support Vector Machine (SVM) Prediction Models 

The SVM models developed to predict DNA-BPs from protein sequence information were created 

using WEKA, a software workbench that integrates a collection of machine learning tools (170). 
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We used the libSVM library (175) with the Radial Basis Function (RBF) kernel (176). The RBF kernel 

nonlinearly maps data into a higher dimensional space, so it can be used for data in which the 

relationship between class labels and attributes are not linear, as is the case for the amino acid 

sequence data used in our model. The RBF kernel  has been used in many other SVMs for 

prediction of protein-DNA interactions (153, 156, 157) and protein-RNA interactions (177), and 

hence we selected it to test our models. In each case, we created our models by optimising the 

cost and γ parameters, using a grid search on the training data. 

 

2.2.3 Evaluation of SVM Prediction Models 

Five-fold cross validation has been used to evaluate the performance of our models. This involves 

randomly splitting the dataset into five equal groups. Four of these groups are used for training 

while the remaining group is used for testing. This process is repeated five times so that each 

group is used once for testing.  

Using the numbers of true positives (TP), true negatives (TN), false positives (FP) and false 

negatives (FN), four statistics were calculated to determine the SVM performance: 

● Accuracy = 
(𝑇𝑃+𝑇𝑁)

(𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁)
 , measure of the overall number of correct predictions 

● Sensitivity = 
𝑇𝑃

(𝑇𝑃+𝐹𝑁)
 , measure of correct true positive predictions 

● Specificity = 
𝑇𝑁

(𝑇𝑁+𝐹𝑃)
 , measure of correct true negative predictions 

● Matthews correlation coefficient (MCC) = 
(𝑇𝑃×𝑇𝑁)−(𝐹𝑁×𝐹𝑃)

√(𝑇𝑃+𝐹𝑁)(𝑇𝑃+𝐹𝑃)(𝑇𝑁+𝐹𝑁)(𝑇𝑁+𝐹𝑃)
, measure of the 

quality of the classification. 

Our species specific models created with equal datasets were benchmarked against the Alternate 

DNAbinder model using a threshold of 0.2, the optimal parameter (152). This model was used as 

the benchmark as it is based equal sized training and testing sets of full-length sequences. 
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2.2.4 SVM Plant Model and its Application to Tomato Genome Annotation 

A plant lineage specific SVM model was created using a dataset of all 340 plant DNA-BPs and 340 

randomly selected non-DNA-BPs from the Arabidopsis and ‘other-plant’ representative datasets 

(170 from Arabidopsis, 170 from ‘other-plant’) (Figure 1). This plant lineage model was applied to 

the tomato (Solanum lycopersicum) genome (release ITAG2.4), which is comprised of 34725 

proteins. A probability score (ranging from 0.5 to 1.0) was assigned by the model to each predicted 

protein. This score represents the likelihood of that prediction being correct. For the tomato 

proteome we used a probability score ≥0.85 to designate putative DNA-BPs. Further details of this 

model and the datasets can be found in Supplementary Files 2-4. 

 

2.2.5 Annotation comparisons for Tomato Genome Predictions 

The proteins predicted to be putative DNA-BPs were assessed by extracting information from the 

current tomato genome annotations (171) which included GO terms and assigned Interpro 

domains, and by assigning Pfam domains in a separate process (178). In this way we assigned 

proteins to one of 3 sets: GOA-DB (Gene Ontology Annotation - DNA binding), GOA-Other and 

GOA-Unknown. Proteins which had evidence of being DNA-binding were designated as GOA-DB 

and those which had alternative molecular functions were designated as GOA-Other. Proteins that 

either had no GO term or Interpro domain, or had annotations with insufficient information to 

assign function were designated as GOA-Unknown. 

 

2.2.6 Nuclear Localisation Enrichment Analysis of Tomato Genome Predictions 

In order to further assess the likelihood of the 1459 predicted proteins having a DNA-Binding 

function, we used WoLF PSORT (179), to predict which proteins were localised to the nucleus.  We 

used all proteins ranked 1 by WoLF PSORT (179) (the highest level of confidence for nuclear 
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localisation) to calculate a nuclear localisation enrichment score. This score was calculated as  

 

 
 
 

 

 

Where: 

nNLDNA-BP  = number of predicted nuclear localised proteins in 1459 putative DNA-BPs 

nDNA-BP  = number of putative DNA-BPs = 1459 

nNLTProt = number of predicted nuclear localised proteins in tomato proteome 

nTProt  = number of proteins in tomato proteome = 34725 

 

2.2.7 GO Enrichment Analysis of Tomato Genome Predictions 

To determine which Gene Ontology molecular function terms were significantly enriched in our 

predicted DNA-BPs from the tomato proteome, we used agriGO (180) to conduct singular 

enrichment analysis (SEA). Any proteins without an associated GO term were removed from the 

analysis. The GO enrichment analysis was also conducted on a reference set of GO terms in the 

tomato proteome for comparison. Significant results (p<0.05) were determined using Fisher’s 

exact test with false discovery rate correction. 

 

2.2.8 Experimental validation of DNA-BP predictions in Tomato 

We initially evaluated the predicted DNA-BP proteins from tomato against current electronic 

annotations in the Gene Ontology to assess the overlap between known and predicted DNA-BPs. 

Whilst this was a useful first step, protein function can only be confirmed using experimental 

assays. However, the major problem for this work was the fact that a high throughput assay for 

direct DNA-binding in tomato proteins is not feasible. However, the identification of proteins 
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associated with chromatin is possible. Chromatin is a macromolecule comprising proteins, DNAs 

and RNAs; and within this structure only a subset of proteins will directly bind to DNA. Hence the 

identification of proteins associated with chromatin is one essential first step in the experimental 

validation of DNA-binding function of tomato proteins. Whilst identifying a protein as chromatin-

associated does not definitely define it as a DNA-BP, it provides a means of prioritising proteins for 

further experimental investigation. The identification of proteins as chromatin-associated involved 

3 steps: chromatin fractionation, mass spectroscopy and Western blotting. 

 

2.2.9 Chromatin Fractionation  

Chromatin-associated and non-chromatin-associated protein samples from tomato tissues were 

prepared for mass spectrometry analysis using the chromatin fractionation method, as follows:  

Tomato leaf tissue was harvested and ground under liquid nitrogen. Ground leaf tissue was 

suspended in 10 ml ice cold buffer (10 mM PIPES, 10 mM KCl, 1.5 mM MgCl2, 340 mM sucrose, 10% 

glycerol, 0.5% Triton X-100 and 1X SIGMAFAST protease inhibitor cocktail (Sigma), pH 6.8) and 

filtered through Miracloth (Calbiochem). A 6 ml aliquot of this whole cell extract was taken and 

centrifuged at 3000g for 10 minutes at 4 °C. 1 ml of TCA-A (10 ml acetone, 2 ml TCA (20% w/v in 

H2O), 8 µl β-mercaptoethanol) was used to resuspend the pellet, containing chromatin bound 

proteins. After brief vortexing, these samples were stored at -20 °C for 1 hour. Samples were 

centrifuged at 16000g for 30 minutes at 4 °C and the resulting pellets were washed 3 times with 

a/β-me solution (8 µl β-mercaptoethanol in 10 ml acetone) before resuspending in 100 µl SDS 

loading buffer. 
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2.2.10 Mass Spectrometry  

Three chromatin fractionation replicates were processed for mass spectrometry as follows: 

Non-chromatin associated and chromatin associated protein samples were loaded onto 4-

20% precast polyacrylamide gels (BioRad) and the samples run ⅔ of the gel. Each lane was cut into 

six equally sized pieces, with each section then cut into 1 mm square cubes. Gel pieces were 

washed with 100 mM NH4HCO3 and acetonitrile followed by reduction with 10 mM DTT and 

alkylation with 55 mM iodoacetamide. Proteins were subject to in-gel digestion with sequencing 

grade trypsin (Roche) at 37 °C overnight, generating peptides. A C18 (POROS R2, Applied 

Biosystems) column, which had been activated with 50% acetonitrile, 0.1% trifluro acetic acid 

(TFA) and washed with 0.1% TFA, was used to clean the peptides. Peptides were loaded onto the 

column and washed with 0.1% TFA. Peptides bound to the column were eluted using 2 x 40 μl of 

50% aectonitrile, 0.1% TFA. Peptide samples were dried down to approximately 10 μl using a 

vacuum centrifuge before adjusting to a final volume of 30 μl using 0.1% TFA. 

Peptide samples were run on a LTQ Orbitrap Velos Pro (Thermo Scientific) mass 

spectrometer, on a 95 minute run. The MS resolution was set to (FTMS) 60,000. MS/MS was done 

on the top 16 ions, using Collision Induced Dissociation (energy 35) on a minimum signal of 5000, 

with an isolation window of 2 ppm. Unassigned and 1+ ions were rejected. Dynamic exclusion was 

used with a repeat count of 1, repeat duration of 30 seconds and exclusion duration of 45 seconds. 

Protein identification and quantification was done using MaxQuant software version 

1.4.1.2 (181). Raw data files were searched against the predicted proteins of the S. lycopersicum 

genome ITAG2.3 release. The resulting data was then filtered to obtain all chromatin associated 

proteins which were found in at least one replicate. 
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2.2.11 Western Blotting  

To assess the levels of nuclear and non-nuclear proteins in our mass spectrometry samples, we 

carried out Western blots using specific antibodies. Tomato leaf tissue chromatin fractionation 

samples, which were submitted for mass spectrometry analysis, were run on Biorad TGX gels 

before being transferred to PVDF membranes with the Biorad Trans Blot Turbo System. Blots were 

blocked for 30 minutes with 5% milk in TBS-T (0.1% Tween 20) before being probed with Calnexin 

(endoplasmic reticulum protein), UGPase (cytoplasmic protein) or Histone H3 primary antibody. 

The blots were washed three times with TBS-T for 10 minutes before addition of the 

corresponding secondary antibodies, and leaving for 2 hours. Blots were washed with TBS-T three 

times for 10 minutes before incubation with SuperSignal West Femto Maximum Sensitivity 

substrate (Thermo Scientific) and imaging with a Syngene G:Box TX4 Imager. After imaging 

Coomassie brilliant blue (Cbb) stain was used on each membrane to visualise total protein levels 

and the level of RuBisCO in each sample. 

 

2.3 Results and Discussion 

In this work we have shown that species-specific models for the prediction of DNA-binding 

proteins outperform a generic model based on proteins from multiple species (DNAbinder (152)). 

We have used this result to create a plant specific model, and applied it to the prediction of DNA-

BPs in the tomato genome. In doing so we have assigned putative DNA-binding function to 36 

currently uncharacterised tomato proteins. This is the first time species-specific SVM models have 

been shown to perform better than generic models for DNA-BP function prediction, and this has 

led to a high throughput DNA-BP prediction tool suitable for plant genomes.  
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2.3.1 Species-specific models perform better than a generic model 

We hypothesised that a species-specific DNA-BP prediction model would give more accurate 

predictions for proteins from that species, than a generic model. To test this we created 

Arabidopsis and yeast models using equal numbers of DNA-binding and non-DNA-binding proteins 

(Figure 1). We then compared these against the generic DNAbinder model, which is trained on a 

mixed dataset of eukaryotic and prokaryotic DNA-BPs (152). The 5-fold cross validation of these 

models showed that our Arabidopsis and yeast specific models have an increased accuracy and 

MCC compared to DNAbinder (Table 2). To substantiate this finding we evaluated our yeast model 

on our Arabidopsis dataset and vice versa (Table 2). This confirmed that prediction accuracy was 

reduced when non-species specific models were used. 

 

TABLE 2 – Evaluation statistics of species specific libSVM models and comparison with DNAbinder model using equal 

datasets.  Results are shown in order of decreasing Matthews Correlation Coefficient (MCC). 

libSVM Model Test Dataset Accuracy Sensitivity Specificity MCC 
Arabidopsis Arabidopsis 0.81 0.77 0.85 0.62 

Yeast Yeast 0.76 0.81 0.71 0.52 
Arabidopsis Yeast 0.74 0.66 0.81 0.48 

DNAbinder 
(152) 

Arabidopsis 0.74 0.75 0.72 0.47 

Yeast Arabidopsis 0.67 0.53 0.81 0.35 
DNAbinder 
(152) 

Yeast 0.65 0.84 0.47 0.33 

 

These results raise the question of why species-specific models give more accurate predictions. It 

is known that a number of DNA-binding protein families, such as histones and core transcription 

factors (182, 183), are conserved across diverse lineages. However, there are also families of DNA-

BPs and transcriptional regulators which are highly specific to eukaryotic lineages and participate 

in lineage specific processes (184). Most relevant to the current results are the many plant specific 
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families of DNA binding transcription factors (TFs) (185). Arabidopsis, for example has a large 

repertoire of TFs, 45% of which are lineage specific (167). If training sets of representative DNA-

BPs are extracted from diverse species then the models based on them may lack sequence 

information from species-specific proteins. This is an important factor especially relevant for DNA-

BP prediction in non-model species, as many existing prediction methods rely upon sequence 

similarity for some aspect of the prediction (Table 1).  

 

Another factor that will influence the increased accuracy of the species-specific models, is the fact 

that DNAbinder is only trained on DNA-BPs that have solved 3-D structures of the protein in 

complex with DNA. The SQUAMOSA promoter binding (SPB) protein and B3 are both plant specific 

transcription factors (included in our Arabidopsis DNA-BP dataset) that do not have a crystal 

structure available in complex with DNA. Hence these plant-specific DNA-BPs are excluded from 

models based on protein structures; which includes 11 of the 12 existing models summarised in 

Table 1. Our models are trained on protein sequences with GO annotations, and are not restricted 

to proteins with DNA bound structures, ensuring that many important lineage specific DNA-

binding families are included within the model, thus contributing to their increased accuracy. 

 

2.3.2 Performance of Arabidopsis SVM model on the realistic datasets 

The Arabidopsis model based on a realistic dataset achieved an accuracy of 91% and a MCC of 

0.51, whilst retaining a high sensitivity (Table 3).  

 

TABLE 3 – Evaluation statistics of the realistic Arabidopsis model tested on realistic Arabidopsis and ‘other-plant’ 

datasets. Results are shown in order of decreasing Matthews Correlation Coefficient (MCC). 

libSVM Model Test Dataset Accuracy Sensitivity Specificity MCC 
Arabidopsis Arabidopsis 0.91 0.61 0.94 0.51 

Arabidopsis ‘Other-Plant’ 0.80 0.27 0.91 0.2 
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This showed that the effectiveness of using species-specific models is retained when making 

predictions for realistic datasets. This is an important result if the models are to be used on a 

genomic scale, where DNA-BPs will form only a small percentage of the total protein content. 

 

2.3.3 Performance of Arabidopsis SVM model on the ‘other-plant’ dataset 

In total 1322 DNA-BPs were extracted from all available Viridiplantae genomes, but only 8.4% 

were from species other than Arabidopsis (Figure 2).  

 

 

 FIGURE 2 – DNA-BPs in Other Plant dataset. Bar chart showing the species distribution of the DNA-BPs in the ‘Other-

plant’ dataset.  

 

A large proportion of the additional proteins were from rice (Oryza sativa), which has a high level 

of manual annotations, most likely reflective of its status as a model organism for cereals (Figure 

2). These data provide further evidence that there is a need for high throughput methods for 
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protein annotation in plants.  

 

When evaluated against this ‘other-plant’ dataset, our Arabidopsis model achieved reasonable 

accuracy (80%) but a very low sensitivity (0.27) (Table 3); suggesting that the model is not suitable 

for predictions of DNA-BPs from evolutionary diverse plant species. One possible explanation for 

this is that there are a significant number of species-specific DNA-binding proteins that are not 

included within our Arabidopsis training data. This could be reflective of the high proportion of 

monocots in the ‘other-plant’ dataset, when the model is based on the dicot Arabidopsis. Whilst 

there are TFs which are shared between monocots and dicots, there are also proteins which are 

specific to each (186). However, BLASTP analysis of our ‘other-plant’ dataset against the 

Arabidopsis proteome (TAIR10 release) revealed that all proteins had a close homolog (e-value<10-

3) (Supplementary File 5.1). This suggests that the Arabidopsis homologs were not in our initial 

representative Arabidopsis dataset, possibly due to the lack of an experimentally validated DNA-

binding function annotated in the Gene Ontology. Therefore, to ensure that these proteins were 

represented in our final model we combined our datasets of all the DNA-BPs proteins used from 

Arabidopsis and the ‘other-plant’ dataset (340 DNA-BPs) with an equal number of non-DNA-BPs. 

This dataset was used to create a final plant model, suitable for making predictions across diverse 

plant genomes.  

  

2.3.4 Prediction of DNA-BPs from tomato using a plant model 

The predictions made for the tomato proteome (S. lycopersicum) (171) using the plant model 

resulted in 1459 proteins being designated as having putative DNA-binding function 

(Supplementary File 5.2). These predictions were completed in ~20 seconds using the plant SVM in 

WEKA (170) (run on a laptop with an Intel core i5-3360M @ 2.80GHz processor with 16.0GB RAM). 

This short execution time shows that the method is suitable for predicting DNA-BP function on a 



58 

 

 

genomic scale. These 1459 proteins predicted to bind DNA were assigned to one of three 

annotation sets (GOA-DB, GOA-Other, GOA-Unknown). In total 1006 had a function assigned 

(GOA-DB and GOA-Other), and of these 68.8% were annotated as putative DNA-BPs. Many of the 

proteins annotated as GOA-Other, had RNA-binding functions or were zinc finger domains 

putatively involved in protein-protein interactions. Our plant model is based upon amino acid 

composition, and hence it was to be expected that proteins sharing similar sequence 

characteristics to DNA-BPs were miss-annotated. Like DNA, RNA is a negatively charged and 

therefore interacting proteins prominently feature positively charged residues within their binding 

sites (187, 188). Similarly, many zinc finger proteins bind DNA whereas others engage exclusively 

with proteins or RNA molecules (189), leaving it difficult to define binding preference on amino 

acid composition alone. A further issue with the GO annotations is that many proteins have 

multiple domains with different functions (148), and as a result one protein may have several GO 

terms assigned. Therefore, it is still possible that proteins we have designated as GOA-Other may 

have as yet unassigned DNA binding functions.  

 

Using our final plant model we predicted 1459 DNA-BPs in the tomato proteome using a threshold 

of ≥0.85. This threshold was chosen based on the number of DNA-BPs predicted. Early estimates 

suggested that DNA-BPs make up 6-7% of a proteome (149), and for tomato, with a proteome of 

34725 proteins, this means that we would expect to see approximately 2084 proteins with DNA-

binding function. We made predictions for the tomato proteome with different thresholds, to see 

which gave a number of putative DNA-BPs close to the expected number (Figure 3).  
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FIGURE 3 – Probability distribution of predicted DNA-BPs from tomato. Line graph showing the relationship between 

increasing probability and the number of predicted DNABPs (total, GOA-DB, GOA-Other and GOA-Unknown) greater 

than or equal to the corresponding probability.  

 

A 0.90 threshold gave a predicted dataset of 659 (lower than expected) and at 0.80 the predicted 

set is 2438 (higher than expected). The probability of 0.85 was used, because it gave a dataset size 

in the region of, but smaller than, the expected. The smaller size was justified as it made manual 

annotation mappings (which was necessary for some parts of the analysis) possible. 

 

It is also possible for users of our model to test different probability thresholds themselves, to 

create larger or smaller predicted protein datasets. Figure 3 shows the relationship between the 

number of predicted DNA-BPs at different probability thresholds, along with the corresponding 

ratio of GOA-DB, GOA-Other and GOA-Unknown. This shows that as the probability score increases 

so does the number of GOA-DB compared to GOA-Other. At a probability of ≥0.85 (1459 predicted 

DNA-BPs) there are 692 GOA-DB (47.4%) compared to 314 GOA-Other (21.5%). When this 

threshold is increased to ≥0.9 (659 predicted DNA-BPs) there are 354 GOA-DB (53.7%) compared 
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to 116 GOA-Other (17.6%). This ratio of GOA-DB to GOA-Other increases further at a probability 

≥0.95. This relationship gives users the option to select a probability threshold that reflects the 

accuracy and sensitivity of the predictions they wish to make.  

 

To further validate the predicted dataset, we calculated nuclear localisation (NL) and GO term 

enrichment scores. The NL enrichment score showed that the 1459 predicted DNA-BPs were 2.9 

fold enriched for predicted nuclear localised proteins, compared to the tomato proteome as a 

whole.  This provided further evidence that the plant model has identified potential DNA-BPs in 

tomato. The GO term enrichment analysis, using agriGO (180), was conducted on the 1259 

predicted DNA-BPs which had an associated GO term (Figure 4; Supplementary File 5.3).  

 

 

 

FIGURE 4 – Gene Ontology (GO) term enrichment analysis. Histogram showing the percentage of genes which have a 

GO term relating to a molecular function which is significantly enriched in our predicted tomato DNA binding proteins 

(black) compared to the reference tomato proteome (grey). 
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From this analysis it is apparent that our predictions significantly enrich for DNA binding and 

associated transcriptional molecular processes compared to the tomato proteome. The predicted 

protein set is enriched for three high level molecular function terms (nucleic acid binding, DNA 

binding and sequence-specific DNA binding transcription factor activity) as expected, and 4 

additional terms (Figure 4). Three are child terms of protein-binding (transcription cofactor 

activity, histone binding and heat shock protein binding) and one is a child term of ion-binding. 

This reflects the fact that proteins binding to DNA often comprise large complexes that include 

other proteins and molecules. For example transcription factors bind DNA in combination with co-

factors (78, 190), and zinc finger proteins are one of the largest families of transcription factors in 

plants where DNA-binding is coordinated by zinc ions (191). Histones are proteins that occur as 

large protein complexes that fold DNA into structural units called nucleosomes (183). Heat shock 

proteins are produced during stress responses and many act as chaperones involved in protein 

folding events (192). In plants, heat shock transcription factors regulate gene expression in 

response to environmental stress (192, 193).  Hence, whilst we predict proteins with molecular 

functions other than DNA-binding, many are related to transcriptional processes where DNA or 

DNA packaging and modification is involved.  

 

65% of 34725 tomato proteins do not have an annotated molecular function GO term, leaving 

them as functionally uncharacterised proteins. From the 1459 predicted DNA-BPs in tomato, we 

have identified 28 proteins with at least one source of evidence for DNA-binding function that are 

currently annotated as uncharacterised proteins in UniProt Knowledgebase (UniProtKB) (194) 

(Supplementary File 5.4).  

 

The tomato proteome annotation file initially available for our work (ITAG2.4) was generated on 

23/02/14, and may have since been superseded by annotations in UniProtKB. Hence, we also 
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compared our 1459 predicted tomato DNA-BPs to 1939 tomato proteins which have a GO term for 

DNA binding (GO:0003677, GO:0003700) in UniProtKB (accessed 22/09/14) (Figure 5).  

 

 

FIGURE 5 – Comparison of predicted tomato DNA-BPs to an existing dataset and an experimental dataset. Venn 

diagram showing the number of predicted DNA-BPs from tomato (probability ≥0.85) which are also annotated as DNA 

binding in UniProtKB (419 proteins) and found in our experimental dataset from mass spectrometry analysis of tomato 

chromatin protein fractions (105 proteins).  

 

This shows that only 419 of the predicted DNA-BPs were also found in this UniProtKB dataset. The 

low level of overlap prompted us to further investigate the annotations presented in UniProtKB. In 

doing so we found that of the 1939 tomato UniProtKB proteins, only 36 are reviewed proteins (i.e. 

have been reviewed and evidence interpreted by an annotator). The majority of these reviewed 

protein annotations described multiple members of the same family (i.e. 15 of the 36 reviewed 

proteins are annotated histones). The remaining un-reviewed proteins (1903 proteins) have 

annotations that are inferred from electronic annotation, which is an automatically assigned 

evidence code. This evidence code results from sequence similarity searches and keyword 
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mappings, and hence could be far from robust. This raises the issue that the UniProtKB dataset is 

very inclusive, and potentially comprises large families of proteins that are not DNA-binding. In 

addition, some of the UniProtKB proteins that do not overlap with our predictions have different 

annotations from the ITAG2.4 release of the tomato genome. For example, the protein 

Solyc01g100240.2.1 has a molecular function GO term for calmodulin binding (GO:0005516) as 

well as a calmodulin binding protein-like domain from Interpro (IPR12416) assigned in the ITAG2.4 

release. However, in UniProtKB it is annotated with sequence-specific DNA binding (GO:0043565) 

and sequence-specific DNA binding transcription factor activity (GO:0003700) GO terms, despite 

no change in the evidence code or reviewed status. The annotation process and anomalies similar 

to the one described here, partly explain the relative low level of overlap observed in Figure 5. The 

low overlap is also partly explained by the final plant model predicting false positives and 

negatives, as is expected with any machine learning algorithm.  

 

Evaluating our predictions against current electronic annotations is useful as a first step, but 

ultimately functions can only be confirmed using experimental assays. The lack of a high 

throughput assay, suited to validate DNA-BPs in tomato led us to use mass spectrometry to 

identify chromatin-associated proteins from tomato leaf tissue samples, as an initial experimental 

validation step.  The chromatin fractionation and subsequent mass spectrometry led to a dataset 

of 2415 proteins proposed to associate with chromatin. We compared the overlap of proteins in 

this chromatin-binding dataset with the 1459 predicted DNA-BPs and the 1939 DNA-BPs 

annotated in UniProtKB (Figure 5). From the 1040 proteins that have no DNA-binding annotation 

in UniProtKB, 88 have been shown to have an association with chromatin (Figure 5). Eight of these 

88 proteins are currently annotated as uncharacterised in UniProtKB (Supplementary File 5.4), 

hence we propose they should be annotated as chromatin associated and putative DNA binding 

proteins. 
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The overlap between the chromatin-associated proteins and the predicted DNA-BPs is small, and 

there are a number of reasons for this. The chromatin fractionation assay is not a conclusive 

approach for experimentally identifying DNA-BPs. Chromatin-associated proteins will include not 

only DNA-binding proteins but proteins with other functions, many of which will be protein-

protein binding. In addition the chromatin fractionation assay indicates potential chromatin-

associated proteins by selecting those that are significantly enriched at a certain threshold 

(Supplementary File 6). Hence, dependent upon the threshold, non-chromatin-associated proteins 

may also be included. However, to further validate the 2415 proteins identified as chromatin-

associated in our assay, we carried out Western blots using the protein samples submitted for 

mass spectrometry (Supplementary File 6) to see if this set was enriched or depleted in specific 

proteins. This showed there was a depleted amount of the non-nuclear proteins calnexin, which is 

found in the endoplasmic reticulum, the cytosolic protein UGPase, and RuBisCO. Importantly, we 

also see that there is an enrichment of histone H3, one key structural components of chromatin, 

which interacts with DNA. This suggests that we are enriching specifically for chromatin-associated 

proteins in our assay (Supplementary File 6).  

 

A further point to highlight is that, DNA-binding is a highly dynamic process. Many different DNA-

BPs are involved in the regulation of gene expression, and expression of these proteins may vary in 

response to different times of the day, different environmental conditions and in different plant 

tissues. Our chromatin fractionation assay was conducted using a single plant tissue type and at a 

single time point, hence we know that we are only detecting a small proportion of potential DNA-

BPs. We propose that researchers looking to select a reduced number of putative DNA-BPs from 

the list of 1459 would begin with some of the 88 proteins that overlap with chromatin-associated 

proteins, but lack UniProtKB annotation.  
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2.4 Concluding Remarks 

In this work, we have developed a lineage specific model that allows accurate prediction of DNA-

BPs in plant proteomes. This model overcomes the limitations of previous annotation methods, is 

publically available and capable of high-throughput predictions on a genomic scale. This 

represents a significant advance in prediction tool development, which will contribute to the 

annotation of plant genomes in the future. We demonstrated the high throughput capabilities of 

our plant specific model by making DNA-BP predictions for the whole tomato proteome. This 

identified a significant percentage of putative DNA-BPs for further analysis and specifically 

provided predicted DNA-BP annotations for 36 proteins, previously of unknown function. We 

anticipate that this lineage specific model will form an important complementary genome 

annotation tool, and suggest that the development of analogous models in other lineages will 

improve DNA-BP predictions in other systems. 
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2.7 Description of Supplementary Files 

Supplementary File 1: Multi-fasta file containing the amino acid sequences for the following 

representative datasets:  394 yeast DNA-BPs, 1753 yeast non-DNA-BPs, 229 Arabidopsis DNA-BPs, 

1767 Arabidopsis non-DNA-BPs, 111 DNA-BPs in our other plant dataset and 516 non-DNA-BPs in 

our other plant dataset. 

 

Supplementary File 2: Perl script used for calculating the percentage amino acid composition of 
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the input protein sequences and converting to .arff format for input into WEKA.  

 

Supplementary File 3: File for our plant lineage specific prediction model.  

 

Supplementary File 4: Instructions for use of plant specific prediction model in WEKA. 

 

Supplementary File 5: Excel file containing tables for the following information. 5.1: BLAST results 

for proteins in our other plant dataset against the Arabidopsis thaliana proteome. Top hits with 

the corresponding e-values are shown. 5.2: 1459 tomato proteins predicted to be DNA binding 

(probability score ≥0.85). File contains the Solyc id for each protein along with the corresponding 

functional description and any functional annotations from Gene Ontology, Interpro and the 

presence of a DNA binding domain predicted by Pfam. 5.3: All GO terms found in enrichment 

analysis for our predicted DNA-binding proteins from tomato. The number of times each term 

appears in the input and reference (tomato proteome) is shown along with the p-value, which was 

used to select significant enrichment. 5.4: Uncharacterised tomato proteins which are predicted to 

be DNA binding as well as having another source of evidence for DNA binding function. 

 

Supplementary File 6: Western blot showing depletion of non-nuclear proteins and enrichment of 

histone H3 in non-chromatin and chromatin associated protein samples taken from tomato leaf 

tissue. Each of the three replicates used for mass spectrometry were probed with antibodies for 

calnexin (a protein found in the endoplasmic reticulum), UGPase (a cytosolic protein) and histone 

H3 (which is associated with DNA). Coomassie brilliant blue (Cbb) stain was used to show a 

depletion of RuBisCO in chromatin associated protein samples compared to non-chromatin 

associated protein samples. 
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Chapter 3: Application of a plant species specific DNA-binding protein 

prediction model to Phytophthora effectors reveals candidates which show 

evidence of potential DNA-binding function upon experimental 

characterisation 

 

3.1 Introduction 

Plants are continuously challenged by a wide range of organisms which have the potential to cause 

disease. Plant pathogenic oomycetes, in particular members of the Phytophthora genus, are 

responsible for some of the most economically and environmentally damaging plant diseases. 

With over 120 species identified, collectively affecting nearly all dicot plant species, Phytophthora 

species inflict widespread damage on crops and wreak havoc in natural environments (195). Some 

of the most notable of these species include Phytophthora infestans, the causal agent of late blight 

in potatoes (22), the broad host-range pathogen Phytophthora capsici (58), Phytophthora sojae 

which causes stem and root rot in soybean (68), and Phytophthora ramorum, which causes sudden 

oak death resulting in problems to forestation throughout the UK and US as well as destruction of 

forest ecosystems (11). 

Generally, plants are immune to most microbes they encounter yet are still capable of forming 

mutualistic interactions with beneficial organisms (3, 4). This suggests plants have developed a 

finely tuned immune system that is robust enough to ward off most pathogenic threats. Upon 

microbial attacks, host pathogen recognition receptors (PRR’s) recognise pathogen surface 

molecules known as pathogen associated molecular patterns (PAMPs) allowing Pattern/PAMP-

triggered immunity (PTI) to be induced (31, 196).  In order to cause such devastating diseases, 
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successful pathogens must therefore have evolved mechanisms to subvert or modulate the host 

immune system. Genomics based approached have led to the identification of large repertoires of 

molecules, known as effectors, which pathogens secrete in to their host. These effectors in turn 

are thought to allow the pathogen to suppress PTI and thus cause effector-triggered susceptibility 

(ETS) (30). Host adaptation and constant co-evolution have led to these large effectors sets being 

highly diverse (62). As a result, little is known about the functional domains of these proteins, 

making it unclear (i) which molecules they are targeting in the host plant and (ii) what the 

modifications are that lead to perturbation of host cellular processes. 

Genome sequencing and subsequent functional analyses have led to the discovery that 

Phytophthora genomes encode a class of effectors that target the apoplast (apoplastic effectors) 

and another major class that translocate inside host plant cells (intracellular effectors) (63). 

Intracellular effectors include two classes: RxLR’s and CRN’s (34). These effectors are modular 

proteins with an N-terminal signal peptide which ensures the protein is secreted by Phytophthora 

and a conserved N-terminal motif (RxLR or LFLAK, for RxLR and CRN effectors respectively) 

involved in translocation into host cells. Diverse C-terminal domains dictate the function of the 

effector (63). Much of the current research is focused on the identification of host proteins that 

are targeted by effectors and contribute to immunity or susceptibility. 

Studies on Phytophthora host interactions have revealed that major transcriptional 

reprogramming is taking place in both host and pathogen and has suggested that the onset of P. 

capsici infection is associated with large scale transcriptional reprogramming (141). While many of 

these changes will be a result of the host plant working to combat P. capsici colonisation and 

infection, it also raises the possibility that some effectors produced by Phytophthora act to 

reprogram host cells at the transcriptional level. This leads us to question whether the use of DNA-

binding effectors is a strategy employed by broad host range pathogens to successfully cause 
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infection in numerous plant species. Many Phytophthora species, including P. capsici, infect a 

broad range of host plants (58) which would suggest effectors function against conserved or 

similar host targets (118). With DNA being a highly conserved structure and a high level of gene 

conservation existing between plant species (197, 198), a core set of effectors could in principal be 

used by these pathogens for this purpose. Regulation of host genes by Phytophthora could enable 

host colonisation and infection to take place. Although DNA-binding effectors are yet to be 

discovered in eukaryotic plant pathogens, evidence exists which strengthens this hypothesis. The 

bacterial plant pathogen Xanthomonas is known to produce a class of effectors, known as 

transcription activator like (TAL) effectors. TAL effectors bind specific host DNA sequences 

resulting in activation of host genes which aid pathogen colonisation and infection (120, 121). 

These effectors have also been identified in the another bacterial plant pathogen, Ralstonia 

solanacearum (142, 143). Also, while effectors localise to many distinct cellular compartments, the 

identification of large numbers of nuclear localised pathogen effectors makes it apparent that the 

nucleus is a key organelle during the infection of host plants (77, 199). All identified CRN’s have 

been shown to localise to the nucleus (75), while many RxLR’s also have nuclear targets (200). 

Within the nucleus crucial host processes including immunity and metabolic pathways are 

controlled via the tight regulation of gene transcription (201–203). Direct targeting of these 

processes by pathogen effectors would have drastic effects on the host plant and potentially 

increase the chances of successful infection taking place. 

The sequencing of Phytophthora genomes has identified large numbers of effector proteins (59, 

61, 68, 69), with the vast majority of these having unknown targets and/or functions in host 

plants. Although some experimental approaches to test DNA-binding activity are accurate, many 

are costly, time consuming and not suited to screen large sets of candidates (146). This means that 

due to the large numbers of Phytophthora effectors it is not feasible to experimentally test each 
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effector for DNA-binding activity. It is therefore necessary to use methods to select a reduced set 

of candidate effectors for experimental validation.  

Computational predictions can be extremely useful in assigning putative molecular functions to 

proteins of unknown function. Computational annotation tools are therefore essential in genome 

annotation exercises (145, 147). Unfortunately, most annotation tools are generic and rely on 

similarity based prediction algorithms, limiting the identification of specific protein features as 

well as novel functional domains. This is particularly true for proteins that bind DNA, for which 

only a few well-characterised examples are known in plants. DNA-binding protein prediction 

models which function on a high-throughput scale and only use amino acid composition are 

available (35, 36; Chapter 2). Given the lack of information available for many effectors, 

predictions where only the primary amino acid sequence is required are ideal to implicate DNA-

binding effectors. The use of such prediction models can potentially allow identification of a set of 

candidate DNA-binding effectors. These can then be taken forward for further experiments to 

determine whether or not they have a DNA-binding function. In Chapter 2 we demonstrate that 

our plant specific model (204) provides more accurate predictions for plant proteins compared to 

a generic model (152). However, given that there are only a few DNA-binding proteins 

characterised in Phytophthora this approach cannot be taken for this group of pathogens. In 

addition and perhaps more importantly, P. capsici and P. infestans are pathogens that have 

evolved the means to infect plants, through the secretion of effectors. This raises the possibility 

that DNA-binding effectors mimic plant DNA-binding protein composition in order to modulate 

host processes linked to transcriptional regulation. If this is the case, a plant based DNA-binding 

protein prediction model would be expected to give more accurate results compared to a generic 

model.  
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Here, we aimed to identify DNA-binding effectors from P. infestans and P. capsici. For this 

purpose, we employed a SVM prediction approach using a plant specific model to implicate a set 

of effectors as candidate DNA-binding proteins. For comparison we have also carried out 

prediction of effectors using the generic DNAbinder model (152). 

This work has created a pipeline for the identification and characterisation of candidate DNA-

binding effectors (Figure 1). We have applied our plant specific DNA-binding protein prediction 

model (204) to effector sets from two economically important Phytophthora pathogens: P. capsici 

and P. infestans. From the effectors which had a predicted DNA-binding function we have taken a 

subset forward for further experimental characterisation. Using a chromatin fractionation assay 

we have been able to show these effectors associate with chromatin, giving further evidence of 

potential DNA-binding. Taking forward 6 of these chromatin associated effectors we have shown 

that each is localised in the nucleus, with 4 also giving a boost to P. capsici growth. This suggests 

an important role in virulence activity. Taken together these results demonstrate that we have 

built up a profile for putative DNA-binding effectors which are worth investigating further to 

determine a direct DNA-binding function. 
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FIGURE 1 – Overview of the identification and characterisation of candidate DNA-binding effectors. Effectors sets from 

P. capsici and P. infestans were used in computational predictions of DNA-binding function. Form these predicted DNA-

binding effectors, 21 candidates were selected for further experimental characterisation. Experimental analysis resulted 

in 4 effectors which would be prioritised for future validation of direct DNA-binding activity. 

 

3.2 Materials and Methods 

3.2.1 Prediction and selection of candidate DNA-binding effectors 

Prediction of candidate DNA-binding effectors was carried out using the ‘final plant model’ as 

described in (204) with a probability threshold of 0.5. RxLR and CRN effector sets from P. capsici 

(75, 141) and P. infestans (59) were used. These consisted of: for P. capsici, 515 RxLRs and 84 

CRNs, and for P. infestans, 563 RxLRs and 196 CRNs (Figure 1). Predictions were carried out on 

both the full length amino acid sequence and, in the case of the RxLRs, the C-terminal effector 
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domain (sequence after the RxLR-EER motif). Predictions were also carried out for full length 

effector sets using a generic prediction model (DNAbinder webserver) (152). DNAbinder 

predictions used the alternate dataset (DNAaset), as this is created using full length DNA-binding 

proteins, and an SVM threshold of 1.0 to give the highest stringency settings.  

From those effectors predicted to be DNA-binding, candidates were selected for further 

experimental work based on several criteria. Firstly those effectors with highest prediction 

probability scores were prioritised. Secondly, effector expression data from a microarray 

experiment conducted on different timepoints during P. capsici infection of tomato was used 

(141). Effectors which were detected in the microarray were prioritised since they were known to 

be expressed during infection. Finally, MCL cluster analysis of effectors based on amino acid 

sequence similarity, using an e-value of 1e-5 and an inflation value of 6, was used to identify 

related effectors from P. capsici and P. infestans (Gaëtan Thilliez, unpublished results). A range of 

effectors were selected which were found clustered with other effectors from only one species, or 

which cluster with other effectors from both P. capsici and P. infestans. 

 

3.2.2 Transient overexpression of proteins in planta  

Agrobacterium tumefaciens strain AGL1 containing pB7WGF2 plasmids with effector or TCP14-2 

inserts were grown in liquid Luria broth (LB) medium, supplemented with Rifampicin (100 µg/ml) 

and Spectinomycin (50 µg/ml), at 28 °C shaking at 225 rpm until they had reached mid-log phase 

of growth. Optical density (OD) was measured at 600 nm and cells were adjusted to the required 

density using infiltration buffer (10 mM MgCl2 and 150 µM acetosyringone). Plants were grown in 

a glasshouse with 16 hours of light and a temperature maintained at ~25 °C during the day and 22 

°C at night.  
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3.2.3 Chromatin fractionation 

EGFP tagged candidate proteins were overexpressed in N. benthamiana as described above. For 

chromatin fractionation assays an OD600 of 0.5 was used and cells were mixed 1:1 with infiltration 

buffer containing the plant viral protein P19 RNA silencing suppressor at the same OD600 to give a 

final OD600 of 0.25. Leaves were harvested and ground under liquid nitrogen 3 days post 

infiltration. Ground leaf tissue was suspended in 10 ml ice cold buffer (10 mM PIPES, 10 mM KCl, 

1.5 mM MgCl2, 340 mM sucrose, 10% glycerol, 0.5% Triton X-100 and 1X SIGMAFAST protease 

inhibitor cocktail (Sigma), pH 6.8) and filtered through Miracloth (Calbiochem). A 4 ml aliquot of 

this whole cell extract was taken and centrifuged at 3000g for 10 minutes at 4 °C. 1 ml of TCA-A 

(10 ml acetone, 2 ml TCA (20% w/v in H2O), 8 µl β-mercaptoethanol) was used to resuspend the 

pellet, containing chromatin bound proteins. After brief vortexing, these samples were stored at -

20 °C for 1 hour. Samples were centrifuged at 16000g for 30 minutes at 4 °C and the resulting 

pellets were washed 3 times with a/β-me solution (8 µl β-mercaptoethanol in 10 ml acetone) 

before resuspending in 350 µl 4x SDS loading buffer. 

 

3.2.4 Western blotting 

Chromatin fractionation samples were run on Biorad TGX gels before being transferred to PVDF 

membranes with the Biorad Trans Blot Turbo System. Blots were blocked for 30 minutes with 5% 

milk in TBS-T (0.1% Tween 20) before being probed with mouse anti-GFP (1:2500) (Santa Cruz 

Biotechnology) or rabbit anti-Histone H3 (1:2500) (Abcam) primary antibody. The blots were 

washed three times with TBS-T for 10 minutes before addition of the corresponding HRP 

conjugated secondary antibodies (1:20000) (Santa Cruz Biotechnology), and leaving for 1 hour. 

Blots were washed with TBS-T three times for 10 minutes before incubation with Luminata Forte 
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Western HRP substrate (Millipore) and imaging with a Syngene G:Box TX4 Imager. After imaging 

Coomassie brilliant blue (Cbb) stain was used on each membrane to visualise total protein levels. 

 

3.2.5 Confocal microscopy 

A. tumefaciens carrying RxLR effectors in pB7WGF2, or empty pB7WGF2, were co-infiltrated 1:1 

with A. tumefaciens cells containing an mRFP-fibrillarin expression construct (205), to give a final 

OD600 of 0.05, in N. benthamiana as described above. Confocal imaging was carried out 2 days post 

infiltration. Images were collected on a Zeiss LSM 710 confocal microscope with a W Plan 

Apochromat 40x /1.0 DIC M27 water dipping lens. GFP was imaged using 488 nm excitation and its 

emission collected from 500 to 530 nm. mRFP was imaged using 561 nm excitation and its 

emission collected from 600 to 630 nm. 

 

3.2.6 Virulence assays  

N. benthamiana leaves were infiltrated half with A. tumefaciens carrying RxLR effector in 

pB7WGF2 and half with empty pB7WGF2 vector, each at an OD600 of 0.5, as described above. Two 

days post infiltration, each half of the leaves were drop inoculated with a 10 µl drop of zoospore 

solution (50000 spores per ml of water) from P. capsici strain LT1534. Maximum lesion diameters 

were then measured 2 days post inoculation. 
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3.3 Results and Discussion 

3.3.1 Prediction of DNA-binding effectors from P. capsici and P. infestans using a plant specific 

model 

The nucleus plays an important role in the host response to infection and is targeted by many 

effectors (206). It has previously been shown that dramatic transcriptional changes are observed 

during P. capsici infection (141). The discovery of TAL effectors in the bacterial pathogen 

Xanthomonas has demonstrated that the targeting of DNA and gene expression is a strategy 

employed by a plant pathogen to enhance virulence (82, 144). However, it has yet to be proved 

that DNA is a conserved target of effectors found in eukaryotic plant pathogens. Based on the 

information available we have hypothesised that Phytophthora species encode effectors which 

target host DNA to enhance virulence. 

To test this hypothesis we firstly looked to identify a set of potential DNA-binding effectors using 

computational predictions. Using the plant specific prediction model outlined in (Chapter 2; 36) we 

tested effector sets from P. capsici and P. infestans. This resulted in 142 RxLRs (28%) and 23 CRNs 

(27%) from P. capsici and 124 RxLRs (22%) and 11 CRNs (6%) from P. infestans which were 

predicted to be DNA-binding proteins (Supplementary File 1). The fact that more RxLRs were 

predicted to be DNA-binding, combined with the increased availability of information about these 

effectors, led us to focus on this class of effectors for further experimental validation. 

Effectors are modular proteins with the C-terminal domain carrying the biochemical effector 

activity (34). We therefore made predictions using only this domain for our sets of RxLRs and 

found that this greatly increased the number of effectors predicted to be DNA-binding. 238 RxLRs 

from P. capsici, 121 of these being additional effectors not found in the full length predictions, and 
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211 from P. infestans, 138 of these additional effectors, were predicted as DNA-binding (Figure 1; 

Supplementary File 1).  

Unsurprisingly, when predictions were carried out using only the C-terminal effector domain many 

more effectors were predicted to be DNA-binding. With the predictions being based on amino acid 

composition it means using only part of a protein sequence is likely to mean some amino acids are 

more abundant relative to in the full length protein. Therefore, this may not give an accurate 

representation of whether the protein is DNA-binding or not. Although the C-terminal domain is 

responsible for the effector activity (34), it is only a small portion of the mature protein which is 

translocated in to host cells. On the other hand, DNA-binding proteins are typically multi-

domained proteins with one domain involved in DNA-binding activity (148). In this work we have 

primarily focused on effectors which were predicted to be DNA binding using both the full length 

and C-terminal amino acid sequences. However, as our understanding of effector function 

improves and further characterisation is carried out on predicted DNA-binding effectors it will 

shed light on which predictions are most accurate for pathogen effectors. 

 

3.3.2 Selection of candidate DNA-binding effectors for further experimental work 

Using the prediction model, we were able to select a smaller set of effectors with possible DNA-

binding activity (Figure 1). Given that this set was still extensive, we imposed additional criteria to 

aid the selection of a workable set of effectors for further characterisation. 

Firstly, when the predictions are carried out each effector is given a probability score showing the 

likelihood of the given prediction being correct (Chapter 2, section 2.3.4). This allows us to rank 

effectors by their probabilities, with high scores being prioritised. Having predictions for both full 

length and the C-terminal domains of the RxLRs meant that we could focus our attention on those 
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effectors which were predicted to be DNA-binding in both these approaches. While this is the 

case, the prediction probability scores obtained for Phytophthora effectors were quite wide 

ranging, going from 0.5 to 0.877. Due to the lack of knowledge of effector function it is difficult at 

this stage to select a more stringent threshold to obtain fewer candidates. As more effector 

functions are unveiled and characterisation takes place this will become possible. 

Secondly, we incorporated the results of another DNA-binding prediction algorithm which is not 

targeted towards specific species (152) using only those predictions which met the highest 

stringency settings. Even at the highest threshold settings the DNAbinder model predicted a high 

number of candidates, with 69 (13%) P. capsici RxLRs and 104 (19%) P. infestans RxLRs being 

predicted as DNA-binding proteins. By getting a consensus prediction from two models it suggests 

the results are more reliable and robust than predictions from a single model. Therefore, effectors 

which were predicted to be DNA-binding by this DNAbinder model as well as our own prediction 

model were prioritised.  

Finally, we made use of expression data (141) by prioritising effectors which were known to be 

expressed during infection and MCL cluster analysis data (Gaëtan Thilliez, unpublished results) 

which allowed us to select effectors based on whether they were in species specific groups (i.e. 

only P. capsici or P. infestans proteins in the cluster) or in mixed species groups (i.e. proteins from 

multiple Phytophthora species in the same cluster). 

From this information we selected 21 effectors to take forwards for further testing. The one 

exception to this selection process was the P. infestans RxLR PITG_04145, for which only the C-

terminal domain was predicted to be DNA-binding using our prediction model. It has been shown 

that PITG_04145 results in reduced flg22 induced immune responses (207), however, existing data 

from yeast-two-hybrid experiments showed that this effector did not yield a protein target during 
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screens. This suggested the effector may be targeting another macromolecule within the host 

plant, prompting us to select it to test for potential DNA-binding activity. 

 

3.3.3 Chromatin fractionation: a method for identifying chromatin associated proteins 

After selection of our candidates it was necessary to determine if they were potentially DNA-

binding before further functional characterisation. However, as mentioned previously, current 

experimental methods to determine direct DNA-binding are time consuming and not appropriate 

for high-throughput application. A suitable alternative is the use of a chromatin fractionation assay 

which allows identification of proteins which are associated with chromatin. Although chromatin 

associated proteins may also include those which are binding to transcription factors, histones or 

other DNA-bound complexes, it does allow proteins with a DNA-related function to be identified. 

The quick and reliable nature of this assay also makes it applicable to larger sets of proteins, giving 

us a means of selecting candidate proteins involved in a DNA-targeted related process. 

To test and validate the use of this assay we over expressed the tomato (Solanum lycopersicum) 

EGFP-tagged DNA-binding transcription factor TCP14-2, as a positive control, and EGFP empty 

vector (EGFP-EV), as a non-DNA-binding control, in Nicotiana benthamiana (Figure 2). 
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FIGURE 2 – Validation of chromatin fractionation method. Western blot probed with the indicated antibodies. EGFP-EV 

is only detected in the non-chromatin associated fraction, while EGFP-TCP14-2 can be detected in the chromatin 

associated fraction. Second blot shows enrichment of DNA bound histone H3 in the chromatin associated fraction. 

Coomassie brilliant blue (Cbb) stain confirms equal loading for the samples in each fraction. 

 

As expected, analysis of the chromatin associated fraction shows specific detection of signal for 

EGFP-TCP14-2 and histone H3, whereas these proteins are not detected in the non-chromatin 

associated fraction. The fact that no EGFP-EV is detected in the chromatin associated fraction 

indicates that over expressed proteins are not only detected in the chromatin associated fraction 

due to their abundance and must harbour a chromatin associated function. This suggests that this 

chromatin fractionation assay can be used as a quick and reliable test for chromatin association of 

transiently expressed proteins. 

Furthermore, the P. capsici effector CRN12_997 has been shown to target TCP14-2. A 

hypothesised method of action is that CRN12_997 interferes with the DNA-binding action of 

TCP14-2 to prevent its regulation of target genes. By over expressing both TCP14-2 and 
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CRN12_997 constructs in N. benthamiana this could be tested using the chromatin fractionation 

assay (Figure 3).  

 

 

FIGURE 3 – TCP14-2 binding to chromatin is reduced in the presence of CRN12_997. Western blot probed with the 

indicated antibodies. (A) EGFP-tagged TCP14-2 was expressed alone or co-expressed with the FLAG tagged effectors, 

CRN12_997 or CRN125_11. Top panels show expression of EGFP-TCP14-2 and the second panels show FLAG-CRN12_997 

and FLAG-CRN125_11, all at the expected sizes. (B) Free EGFP was expressed alone or co-expressed with the FLAG 

tagged effectors, CRN12_997 or CRN125_11. Absence of EGFP in the chromatin bound fraction demonstrates no, or very 

low, contamination of soluble protein. The second panel shows FLAG-CRN12_997 and FLAG-CRN125_11. Bottom panels 

on each shows enrichment of DNA bound histone H3 in the chromatin bound fraction and coomassie brilliant blue (Cbb) 

stain confirms equal loading for the samples in each fraction.  

 

Results showed that TCP14-2 can be found in the chromatin associated fraction when expressed 

alone. However, when co-expressed with CRN12_997 there is a marked reduction in TCP14-2 

detected when compared to TCP14-2 co-expression with either free EGFP or CRN125_11.  This 

suggests a mechanism of CRN12_997 mediated dissociation of TCP14-2 from DNA. This further 

demonstrates the use of this method to detect proteins which are interacting with DNA. 
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3.3.4 Predicted DNA-binding effectors are shown to associate with chromatin 

Using the 21 RxLR effectors (15 from P. capsici and 6 from P. infestans) selected from our DNA-

binding protein predictions we tested whether or not these effectors were found to be associated 

with chromatin by overexpressing EGFP-RxLR fusion proteins in planta and subjecting to chromatin 

fractionation (Figure 4). 

 

FIGURE 4 – Identification of chromatin associated effectors. Western blot probed with the indicated antibodies. 

Effectors detected in either the non-chromatin associated fraction (A) or chromatin associated fraction (B). Probing with 

histone H3 antibody shows enrichment of DNA bound histone in the chromatin associated fraction, while staining with 

Coomassie brilliant blue (Cbb) shows equal loading for the samples in each fraction. 
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From these western blots we can see that 14 of these effectors are detected in the chromatin 

associated fraction. The remaining effectors can only be seen exclusively in the non-chromatin 

associated fraction.  

Hence the chromatin fractionation assay provided further evidence for potential DNA-binding 

activity for 14 of our 21 effectors tested. The detection of chromatin associated proteins from our 

set of candidate DNA-binding effectors also suggests that our plant specific DNA-binding protein 

prediction model is successfully selecting appropriate plant pathogen effectors for further analysis. 

From these 14 RxLRs, 6 were selected for further functional analysis (PITG_04145, PITG_15337, 

PcRxLR114, PcRxLR180, PcRxLR202 and PcRxLR449). 

 

3.3.5 Candidate DNA-binding effectors show nuclear and nucleolar localisation patterns 

Previous studies have revealed that the nucleus is an important organelle targeted by pathogen 

effectors during infection (70, 200, 208). In order for an effector to target DNA it would be 

expected that it is present in the nucleus. We therefore used confocal microscopy to assess the 

localisation of these 6 RxLR effectors (Figure 1; Figure 5). 
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FIGURE 5 – Candidate DNA-binding effectors show nuclear and nucleolar localisations. EGFP fusion constructs were co-

expressed with mRFP-fibrillarin and overexpressed in N. benthamiana. 2 days post infiltration, leaves were imaged by 

confocal microscopy. Scale bars = 5 µm. 

 

Confocal imaging reveals that each effector localises to either the nucleus or nucleolus, while 

PITG_15337 appears to show a nucleo-cytoplasmic localisation similar to that of EGFP-EV. 

Although this is the case for the localisation of PITG_15337, unlike EGFP-EV, it is found to be 

chromatin associated. Interestingly, many of these chromatin associated effectors show strong 

nucleolar localisations, evident through co-localisation with mRFP-fibrillarin. Notably, PcRxLR202 

appears to severely distort the structure of the nucleolus. In addition to this, PcRxLR114 shows an 

amorphous sub-nuclear localisation which cannot be fully resolved using confocal microscopy.  

The observation that each of these effectors can be seen in the nuclear compartment 

complements that they are chromatin associated (Figure 4) and provides further evidence that 

these effectors may possess a DNA-binding function. This finding also suggests that our prediction 

model is enriching for nuclear localised effectors, further demonstrating its use for selecting 

candidates for further analysis.  

 

3.3.6 Four predicted DNA-binding effectors give a boost to P. capsici virulence when expressed 

in planta 

The identification of nuclear localised effectors which are associated with chromatin (Figures 4 and 

5) suggests that important nuclear processes are being targeted. If this is the case we would 

expect these effectors to play a significant role during Phytophthora infection and possibly 
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enhance virulence. To test this we performed drop inoculations of P. capsici on leaves transiently 

expressing each RxLR effectors (Figure 1; Figure 6). 

 

FIGURE 6 – Analysis of predicted DNA-binding effectors’ impact on P. capsici virulence. Four predicted DNA-binding 

effectors gave a direct boost to P. capsici growth compared to the EGFP-EV control (PcRxLR180, PcRxLR202, PITG_15337 

and PITG_04145). (B) PITG_04145 resulted in strong cell death after two days making lesion diameter measurements 

less accurate. Error bars show standard error of the mean for each sample. 

 

Analysis of each effectors impact on virulence revealed that 4 effectors (PcRxLR180, RcRxLR202, 

PITG_15337 and PITG_04145) give a boost to P. capsici growth. While it remains unclear how 

expression of these effectors results in enhanced virulence, given that each effector has been 

shown to be associated with chromatin (Figure 4) it would suggest that key nuclear components 

possibly involved in transcriptional processes are being targeted in the host plant. Interestingly, 

both P. infestans RxLRs give a boost to P. capsici virulence. This would appear to suggest that these 

effectors are involved in the targeting of host processes which generally promote pathogen 

virulence. Further analysis of these effectors impacts on P. infestans virulence would allow us to 

discern whether these P. infestans effectors also result in a boost to P. infestans virulence, and 

similarly do the P. capsici effectors also promote P. infestans growth.  
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It was evident two days post infiltration that expression of PITG_04145 results in the onset of a cell 

death phenotype in planta. This made lesion measurements particularly difficult when trying to 

distinguish between the lesions and cell death (Figure 6B). While it seems clear that PITG_04145 is 

giving a boost to P. capsici growth, additional experiments using an OD600 of this effector that 

results in less prominent cell death would verify this result.  

 

3.4 Concluding Remarks 

While we have identified candidate effectors which may be directly interacting with DNA, we have 

still only analysed a small proportion of the effectors which were predicted to be DNA-binding. 

The insight that we gain from further analysis of the effectors selected for this study will aid 

selection of future candidate DNA-binding effectors.  

In this work we have successfully applied a DNA-binding protein prediction model to effector sets 

from P. capsici and P. infestans to identify and select candidate DNA-binding effectors. From 

starting with 1538 effectors, we reduced this to 300 using computational predictions before using 

additional criteria to select 21 RxLRs for further characterisation. Initial tests using these 21 

effectors revealed 14 of them which were associated with chromatin (Figure 4), 6 of which were 

selected for additional characterisation. Each of these 6 effectors shows a level of nuclear or 

nucleolar localisation (Figure 5), with 4 of these resulting in enhanced P. capsici virulence during 

ectopic assays (Figure 6). These final 4 effectors display 4 levels of evidence suggesting an 

important function related to targeting DNA. These would therefore be prioritised for experiments 

to validate direct DNA-binding activity. 

Taken together, these results suggest that we have identified potential DNA-binding effectors in 

Phytophthora species which play an important role in virulence. This study could serve as a future 
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pipeline for identification of effectors targeting host DNA-related processes. The application of 

targeted functional genomics and other advanced techniques could allow us to conclude if these 

effectors are in fact directly binding to host DNA. 
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3.7 Description of Supplementary Files 

Supplementary File 1: Excel file containing predicted RxLRs and CRNs from P. capsici and P. 

infestans along with prediction probability scores for predictions using full length sequences. For 

RxLRs, which were the effector class focused on in this study, probability scores are included for 

those also predicted to be DNA-binding using only the C-terminal effector domain. Prediction 

results from DNAbinder, microarray expression data, and MCL cluster analysis data are also 

included. 
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Chapter 4: Assessment of three methods to validate and identify target 

DNA-sequences for candidate DNA-binding effectors 

 

4.1 Introduction 

Plant pathogenic oomycetes continue to cause world-wide devastation to crop production and 

natural environments (195, 209). Within this group of pathogens, Phytophthora species are 

perhaps the most damaging (11, 22, 58, 60, 61, 210, 211). While plants have an immune response 

to deal with most microbial threats (196), adapted pathogens have evolved means to overcome 

these defences. By secreting a large and diverse arsenal of proteins, termed effectors (62), in to 

the host these pathogens overcome immunity and cause host susceptibility (30, 73). 

Recently, it has become evident that the nucleus is a key compartment targeted by many 

pathogen effectors (70, 75, 76, 200) and that these interactions play a key role in the outcome of 

infection (35, 77, 79, 199). Localisation of 49 Hyaloperonospora arabidopsidis (Hpa) RxLR effectors 

revealed that 66% of these localised to the nucleus (70). In P. capsici studies on CRNs have 

revealed that a diverse range of C-terminal effector domains all localise to the host nucleus (75). 

To impact infection these nuclear localised effectors must target important nuclear components. 

Within the nucleus DNA-binding proteins play wide-ranging and essential roles, which are evident 

in all organisms. These functions include the structural assembly and organisation of DNA into 

chromatin (105, 109), DNA replication (212), transcriptional control of gene expression (213–215), 

epigenetic regulation (216, 217), and many more (139, 140). These functions encompass processes 

which are key to the host during pathogen infection, including transcriptional control of immunity 

and metabolic pathways (201–203). This is clear from the large-scale transcriptional changes that 

occur during the onset of infection (113, 141). Given that DNA-binding proteins participate in 
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immunity associated processes, makes them a key target for pathogen effectors (83, 115, 218). 

The Hpa effector HaRxL44 targets are degrades a subunit Mediator complex, which acts as a 

transcription coactivator. This results in a disruption of host transcriptional regulation and an 

enhanced susceptibility to Hpa (115). The Xanthomonas campestris pv vesicatoria effector XopD 

has been shown to target a MYB30 transcription factor and inhibit its activity in defence responses 

to enhance disease (219). There is also evidence that pathogen effectors directly mimic host DNA-

binding proteins, or have independently evolved to interact with host DNA (120, 121), to hijack 

gene expression processes. Transcription activator-like (TAL) effectors, produced by the bacterial 

pathogens Xanthomonas spp. and Ralstonia solanacearum, have been shown to directly bind to 

specific host DNA sequences to activate expression of host genes to enhance pathogen 

colonisation and infection (82, 142–144). AvrBs3, a TAL effector from X. campestris, activates the 

expression of a basic helix-loop-helix transcription factor involved in regulation of cell size. This 

induces cell hypertrophy which allows increased growth and spread of bacterial infection (82). 

However, DNA-binding effectors are yet to be identified in eukaryotic plant pathogens, such as 

Phytophthora. 

Previously we have created a pipeline to identify candidate DNA-binding effectors (Chapter 3). 

Therefore, we are now in a position where we have the methods to identify DNA-binding effectors 

and the techniques available to validate direct DNA-binding and map target DNA sequences 

necessary to confirm the function of these effectors. There are 3 techniques that can be used to 

assay for direct protein-DNA binding: FLIM-FRET microscopy, ChIP-seq and DAM-ID. While FLIM-

FRET allows direct DNA-binding to be validated, it does not inform on the DNA sequences being 

targeted. For this, targeted functional genomics approaches need to be used. Chromatin 

immunoprecipitation with NGS (ChIP-seq) is now a commonly used method for identifying target 

DNA sequences (220), although DNA adenine methyltransferase identification (DAM-ID) appears 

to be a promising alternative approach (221, 222) (Figure 1).  
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FIGURE 1 – Approach to identify and validate DNA-binding effectors. Outline of the steps to identify candidate DNA-

binding effectors and techniques to validate direct DNA-binding, along with their advantages and disadvantages. 

 

FLIM-FRET microscopy 

Advanced microscopy techniques such as fluorescence lifetime imaging with Förster resonance 

energy transfer (FLIM-FRET) can be used to validate protein-DNA interactions (223) or to identify 
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protein-protein interactions (224, 225). This method uses two fluorophores, one donor and one 

acceptor. When donor and acceptor molecules come in to close proximity, such as during a 

protein-protein or protein-DNA interaction, energy is transferred from the donor to the acceptor. 

This causes a reduction of donor fluorescence and a decrease in donor lifetime, which can be 

measured using laser assisted confocal microscopy (226, 227). In plant-pathogen systems this has 

been used to identify interactions between pathogen effectors and their targets (219, 228). More 

recently this has also been used to identify protein-DNA interactions in plants (229). Le Roux et al. 

(229) use FLIM-FRET microscopy to show that the WRKY domain of the resistance protein RRS1-R 

is capable of binding directly to DNA. Furthermore FLIM-FRET analysis shows that addition of the 

Ralstonia solanacearum effector PopP2 dissociates RRS1-R from DNA.  

ChIP-seq 

ChIP-seq involves the use of crosslinking to fix DNA-binding proteins to their target sites. By 

shearing chromatin and its associated complexes into short fragments, specific DNA-protein 

interactions can be enriched for by immunoprecipitation (IP) and sequenced (230). Subsequent 

sequencing is then used to identify target sequences or regions by mapping protein binding sites. 

This serves as a powerful technique to investigate protein-DNA interactions, allowing transcription 

factor binding sites, histone modifications and variants, and nucleosome positioning to be 

investigated (231). This approach has been used widely in mammalian systems for these purposes 

(232–234). It is also becoming an important method in plant biology with experiments taking place 

on an increasing number of plant species (235–239), leading to improvements in experimental 

setups and protocols available. For example, this approach has been used to uncover the target 

genes of the drought stress responsive transcription factor, ASR1. By performing ChIP-seq on 

drought stressed tomato leaves and using an antibody against ASR1, a consensus DNA motif 

targeted by ASR1 was found. Characterisation of ASR1 targets revealed that this protein regulates 
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the expression of genes involved in cell wall synthesis and remodelling as well as aquaporin 

encoding genes, which are involved in water transport. These targeted genes are consistent with 

the ASR1’s role in drought responses. This study has led to a clearer understanding of stress 

response pathways in plants, illustrating the usefulness of this technology for dissecting complex 

traits (237). Next generation sequencing (NGS) platforms are powerful systems that allow the in 

depth study of molecular processes on the nucleotide level. Experimental success requires robust 

and reliable computational strategies to distil meaningful information from complex datasets. Not 

surprisingly, data analysis is continually improving, with specialised software available for each 

stage of analysis (220). Firstly, poor quality sequences need to be removed to increase accuracy of 

the results. Sequences of sufficient quality are then aligned to the genome of interest. Various 

programs are available for this which are reviewed in (240). Once aligned, duplicate sequences can 

be removed. ‘Peak’ calling is then carried out which identifies regions of the genome with enriched 

signal from the aligned sequences, indicating protein binding (241, 242). Despite these advances, 

there are still problems to overcome when adapting this to investigate effectors in host plants. To 

date, ChIP studies have been based on the use of specific antibodies raised against endogenous 

plant proteins, rather than transiently expressed proteins, as would be the case with Phytophthora 

effectors in a host plant. Ultimately, to understand effector function, we need to identify the 

molecule(s) they are targeting, whether this is proteins or DNA. In the case of DNA-binding 

effectors we therefore need to verify DNA-binding and determine the binding sites being targeted. 

By optimising ChIP experiments for this purpose it will open up new ways to study pathogen 

effector functions.  

DAM-ID 

DAM-ID is emerging as an alternative approach to ChIP-seq to profile DNA-binding proteins and 

binding sites (243). This involves the use of a candidate DNA-binding protein fused to a DNA 
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adenine methyltransferase (DAM) from Escherichia coli  (221). This takes advantage of the 

prokaryotic methylation pattern of this enzyme, where the N6 position of adenine in the DNA 

sequence GATC is methylated (244). When a protein fused to DAM binds DNA it results in 

methylation of the surrounding GATC DNA sequences. The lack of adenine methylation and the 

abundance of GATC sequences in eukaryotes make this a useful tool (243, 245, 246). Methylation 

sensitive restriction enzymes can therefore be used to selectively digest sites that are not 

methylated and prepare a fraction of undigested DNA, already enriched and suited for sequencing 

(247). Subsequent data analysis steps largely fit in with ChIP-seq data analyses workflows. This 

method has been successfully used in Drosophila melanogaster and Saccharomyces cerevisiae to 

profile DNA-binding proteins (222, 247–251). It has also been adapted for use in plants with 

Arabidopsis thaliana (252, 253). This was done by firstly introducing DNA binding sites for the well 

characterised yeast transcription factor GAL4 in to the Arabidopsis thaliana genome. By 

monitoring the methylation pattern of a DAM-GAL4 fusion protein, a methylation sensitive 

restriction enzyme could be used and the sequences analysed by quantitative PCR. This showed 

that the expected DNA regions were targeted, validating the use of this technique. This approach 

was then used to identify the target regions of the A. thaliana euchromatin associated protein 

LHP1. Analysis uncovered that this protein targeted the promoter and transcribed regions of four 

loci, three of which encoded MADS family transcription factors and one a kinase inhibitor (252). 

This study has given us a starting point for developing the use of DAM-ID for candidate DNA-

binding effectors in Nicotiana benthamiana. 

 

In this chapter, three experimental techniques (FLIM-FRET, ChIP-seq and DAM-ID) to assess direct 

binding of a protein to DNA are described and initial work conducted to use these techniques on 

candidate DNA-binding effectors is presented. For these experiments the tomato (Solanum 
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lycopersicum) transcription factor TCP14 is used as it is known to bind DNA and represents an 

important hub protein targeted by pathogen effectors (118). TCP14 has two isoforms, TCP14-1 and 

TCP14-2. The candidate DNA-binding effector PITG_04145 from P. infestans (Chapter 3) is also 

used for initial experiments. Using FLIM-FRET microscopy we have demonstrated that TCP14-1 and 

TCP14-2 are directly interacting with DNA. Results from preliminary ChIP experiments using 

PTIG_04145 and TCP14 have suggested the successful optimisation of a ChIP protocol using 

transiently expressed proteins in N. benthamiana. Finally, we have created a construct for use in 

DAM-ID experiments giving us another resource for identifying target DNA sequences. By 

implementing these approached it will provide us with the tools necessary to validate and study 

the function of DNA-binding effectors.  

 

4.2 Materials and Methods 

4.2.1 Transient overexpression of proteins in planta  

Agrobacterium tumefaciens strain AGL1 containing pB7WGF2 plasmids with effector or TCP14-2 

inserts were grown in liquid Luria broth (LB) medium, supplemented with Rifampicin (100 µg/ml) 

and Spectinomycin (50 µg/ml), at 28 °C shaking at 225 rpm until they had reached mid-log phase 

of growth. Optical density (OD) was measured at 600 nm and cells were adjusted to the required 

density using infiltration buffer (10 mM MgCl2 and 150 µM acetosyringone). Nicotiana 

benthamiana plants were grown in a glasshouse with 16 hours of light and a temperature 

maintained at ~25 °C during the day and 22 °C at night. 
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4.2.2 Chromatin Fractionation 

EGFP tagged candidate proteins were overexpressed in N. benthamiana as described above. For 

chromatin fractionation assays an OD600 of 0.5 was used and cells were mixed 1:1 with infiltration 

buffer containing the plant viral protein P19 RNA silencing suppressor at the same OD600 to give a 

final OD600 of 0.25. Leaves were harvested and ground under liquid nitrogen 3 days post 

infiltration. Ground leaf tissue was suspended in 10 ml ice cold buffer (10 mM PIPES, 10 mM KCl, 

1.5 mM MgCl2, 340 mM sucrose, 10% glycerol, 0.5% Triton X-100 and 1X SIGMAFAST protease 

inhibitor cocktail (Sigma), pH 6.8) and filtered through Miracloth (Calbiochem). A 4 ml aliquot of 

this whole cell extract was taken and centrifuged at 3000g for 10 minutes at 4 °C. 1 ml of TCA-A 

(10 ml acetone, 2 ml TCA (20% w/v in H2O), 8 µl β-mercaptoethanol) was used to resuspend the 

pellet, containing chromatin bound proteins. After brief vortexing, these samples were stored at -

20 °C for 1 hour. Samples were centrifuged at 16000g for 30 minutes at 4 °C and the resulting 

pellets were washed 3 times with a/β-me solution (8 µl β-mercaptoethanol in 10 ml acetone). 

Pellets were then resuspended in 350 µl TE buffer, for DNase I treatment, or 350 µl Benzonase 

buffer (50 mM Tris-HCl pH 8.0, 1 mM MgCl2, 0.1 mg/ml BSA), for Benzonase treatment.  

 

4.2.3 DNA removal 

In order to remove DNA from the chromatin associated samples, each was treated with DNase I 

(Ambion, Invitrogen) or Benzonase nuclease (Sigma). A 50 µl aliquot of each chromatin associated 

sample was taken and treated following each manufacturers instructions. Control samples were 

treated with nuclease free water. Samples were then analysed by Western blotting.  
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4.2.4 Western blotting 

Chromatin fractionation samples were run on Biorad TGX gels before being transferred to PVDF 

membranes with the Biorad Trans Blot Turbo System. Blots were blocked for 30 minutes with 5% 

milk in TBS-T (0.1% Tween 20) before being probed with mouse anti-GFP (1:2500) (Santa Cruz 

Biotechnology) or rabbit anti-Histone H3 (1:2500) (Abcam) primary antibody. The blots were 

washed three times with TBS-T for 10 minutes before addition of the corresponding HRP 

conjugated secondary antibodies (1:20000) (Santa Cruz Biotechnology), and left for 1 hour. Blots 

were washed with TBS-T three times for 10 minutes before incubation with Luminata Forte 

Western HRP substrate (Millipore) and imaging with a Syngene G:Box TX4 Imager. After imaging 

Coomassie brilliant blue (Cbb) stain was used on each membrane to visualise total protein levels. 

 

4.2.5 FLIM-FRET analysis  

Constructs were infiltrated at a final OD600 of 0.2 in 4 week old N. benthamiana plants, which were 

incubated for 48 hours before preparation for imaging. Plant growth conditions, samples 

preparation and FLIM-FRET measurements were performed as described by Le Roux et al. (229).  

 

4.2.6 Chromatin immunoprecipitation  

EGFP tagged proteins and FLAG-tagged controls were infiltrated in to N. benthamiana plants at an 

OD600 of 0.5 as described above (4.2.1).  

Two days post infiltration leaf tissue was harvested in to 30 ml fixation buffer (1 M HEPES-

NaOH, pH 7.4, 1% [v/v] formaldehyde) and crosslinking was carried out under vacuum infiltration 

for 5 minutes, 10 minutes then 5 minutes, with the pressure being released in between each. 2 M 
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glycine was then added to a final concentration of 200 mM and vacuum infiltration carried out for 

a further 5 minutes. Leaf tissue was then rinsed with 10 mM HEPES-NaOH, pH 7.4, and dried. Leaf 

tissue was ground under liquid nitrogen to a fine powder and stored at -80 °C until needed. 

 All steps of chromatin isolation were carried out as follows on ice or at 4 °C. 20 ml of 

extraction buffer 1 (0.4 M sucrose, 10 mM Tris-HCl, pH 7.4, 0.035% β-mercaptoethanol, 50 µM 

MG132 (Sigma), 1X SIGMAFAST protease inhibitor cocktail (Sigma)) was added to leaf tissue 

powder and incubated on ice for 5 minutes with occasional mixing. Samples were then filtered 

through two layers of Miracloth (Calbiochem) and the resulting filtrate centrifuged at 2880g, 4 °C, 

for 20 minutes. The supernatant was carefully discarded and the pellet resuspended in 2 ml of 

extraction buffer 2 (0.25 M sucrose, 1% Triton X-100, 10 mM MgCl2, 10 mM Tris-HCl, pH 7.4, 

0.035% β-mercaptoethanol, 50 µM MG132 (Sigma), 1X SIGMAFAST protease inhibitor cocktail 

(Sigma)) and transferred to a 1.5 ml Eppendorf tube. These were then centrifuged at 12000g, 4 °C, 

for 20 minutes. The supernatant was discarded and pellet thoroughly resuspended in 500 µl 

extraction buffer 3 (1.7 M sucrose, 0.15% Triton X-100, 10 mM Tris-HCl, pH 7.4, 2 mM MgCl2, 

0.035% β-mercaptoethanol, 50 µM MG132 (Sigma), 1X SIGMAFAST protease inhibitor cocktail 

(Sigma)). In a clean 1.5 ml Eppendorf tube, 500 µl extraction buffer 3 was added and the 

resespended pellets were carefully layered on top of this. Samples were centrifuged at 16000g, 4 

°C, for 30 minutes. This step was repeated again after removing the supernatant and resuspending 

the resulting pellets in 500 µl extraction buffer 3. Each sample was then resuspended in 600 µl 

nuclei lysis buffer (50 mM Tris-HCl, pH 7.4, 0.5% sarkosyl, 100 mM NaCl, 2 mM EDTA, 50 µM 

MG132 (Sigma), 1X SIGMAFAST protease inhibitor cocktail (Sigma)) and gently rotated at 4 °C for 

20 minutes. Chromatin was sheared to obtain DNA with sizes ranging between 200 and 500 bp 

using a Diagenode Bioruptor (5 cycles, high power, on for 30 seconds, off for 90 seconds, repeated 

three times with 1 minute on ice in between). After sonication samples were centrifuged at 

16000g, 4 °C, for 10 minutes. Supernatants were transferred in to clean Eppendorf tubes and 
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stored at -80 °C until needed. A 25 µl sample was taken to extract DNA and run on a 1.5% agarose 

gel to check sonication efficiency.   

 Immunoprecipitation was carried out as follows with all steps carried out on ice or at 4 °C. 

100 µl Dynabeads Portein G magnetic beads (Novex by Life Technologies) were aliquoted in to 

Eppendorf tubes for each reaction and washed three times with 1.5 ml PBS-BSA buffer (4 ml 10x 

PBS, 200 mg BSA, 36 ml dH20). 10 µg of polyclonal anti-GFP antibody (Invitrogen, A11122) and 250 

µl PBS-BSA buffer was added to each tube of magnetic beads and incubated for 6 hours on a 

rotator at 4 °C. Beads were then washed three times in PBS-BSA buffer. 300 µl of supernatant from 

the chromatin preparation was diluted in 1200 µl ChIP dilution buffer (50 mM Tris-HCl, pH7.4, 1% 

Triton X-100, 100 mM NaCl, 2 mM EDTA, 50 µM MG132 (Sigma), 1X SIGMAFAST protease inhibitor 

cocktail (Sigma)) and added to the magnetic beads. Samples were incubated overnight on a 

rotator at 4 °C. 60 µl of chromatin was kept as an input control.  

After incubation 100 µl of flow through was kept. Beads were then washed twice each 

with low salt buffer (50 mM Tris-HCl, pH 7.4, 150 mM NaCl, 2 mM EDTA, 0.5% Triton X-100), high 

salt buffer (50 mM Tris-HCl, pH 7.4, 500 mM NaCl, 2 mM EDTA, 0.5% Triton X-100) and final wash 

buffer (50 mM Tris-HCl, pH 7.4, 50 mM NaCl, 2 mM EDTA). Beads were then resuspended in 100 µl 

elution buffer (50 mM Tris-HCl, pH8.0, 10 mM EDTA, 1% SDS) and incubated at 65 °C for 15 

minutes. This was repeated for a second elution and the eluents combined. 140 µl elution buffer 

was added to the 60 µl input control samples. All samples were incubated overnight at 65 °C to 

reverse crosslinking. After crosslink reversal an aliquot of each sample was stored for Western blot 

analysis.  

 To each sample 20% Chelex solution in water was added and mixed at room temperature 

for 5 minutes before boiling for 10 minutes. Once samples had returned to room temperature 20 

µg of proteinase K was added, mixed, and incubated at 50 °C for 30 minutes, followed by boiling 
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for 10 minutes. Samples were centrifuged at 16000g for 1 minute and supernatants carefully 

collected and retained. Beads were then washed with 100 µl TE and the wash added to the 

previous supernatant. 5 µg RNaseA was added to each sample and incubated at 37 °C for 30 

minutes. Samples were extracted once using phenol:chloroform:isoamylalcohol (25:24:1) and 

once using chloroform extraction. DNA was then precipitated by adding 2 µl linear polyacrylamide, 

0.1 volume of 3 M sodium acetate, pH 5.2, 2.5 volumes of ethanol, and incubated at -80 °C for 1 

hour. DNA pellet was recovered by centrifugation and washed using 70% ethanol. DNA was 

resuspended in 50 µl dH20. 

 

4.2.7 DAM-ID construct design 

The initial DAM-EGFP construct was synthesised (GenScript) for cloning using the Gateway system 

(254) in to the vector pK7WG, which contains no promoter or tags. It was composed of the 

following components. An N-terminal FLAG-tag was followed by the Escherichia coli DNA adenine 

methyltransferase sequence. A bipartite nuclear localisation signal (NLS) (from the Agrobacterium 

tumefaciens VirD2 protein) was used to ensure localisation of the final protein to the nucleus. 

EGFP was used in the initial construct as this would be used for our negative control. Finally the 

EGFP sequence was surrounded by AscI and PsiI restriction sites. 

 

4.3 Results and Discussion 

4.3.1 04145 stability is impaired when DNA is removed 

Previously we have identified the P. infestans RxLR 04145 (PITG_04145) as a high priority 

candidate for having DNA binding activity (Chapter 3). In order to determine if the detected level 
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of 04145 was altered when DNA was absent, we removed DNA from chromatin associated 

samples using either DNase I or Benzonase nuclease (Figure 2). 

 

 

FIGURE 2 – PITG_04145 detection in the absence of DNA. Western blot probed with the indicated antibodies. 

Chromatin associated fractions are treated with either DNase I (A) or Benzonase nuclease (B). Probing with GFP antibody 

shows that EGFP-04145 is detected at a lower level when DNA is removed compare to untreated samples. Detected 

levels of EGFP-TCP14 are unaffected, while EGFP-EV is not present in chromatin associated fractions as expected. 

Probing with histone H3 antibody shows enrichment of DNA bound histone in the chromatin associated fractions, while 

staining with Coomassie brilliant blue (Cbb) shows equal levels of protein in (B). Running samples on an agarose gel 

confirms that DNA is present in the untreated samples and has been removed after treatment with Benzonase nuclease 

(B). 

 

Comparison of untreated chromatin associated protein samples with ones which had been treated 

with either DNase I (Figure 2A) or Benzonase nuclease (Figure 2B) reveals that the signal detected 

for EGFP-TCP14 is similar in each sample, while as expected free EGFP is not present in the 

chromatin associated fraction. The fact that the detected signal for EGFP-TCP14 is the same in 

untreated samples and those with DNA removed suggests that, in this case, the removal of DNA 
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from the sample has no impact on the signal that can be detected from proteins that are bound to 

DNA. On the other hand, after either treatment the detectable signal for EGFP-04145 is reduced.  

Recognition of DNA by proteins often involves changes in conformation which is required for a 

functional complex to form (255, 256). This is also the case with proteins interacting with other 

ligands, including RNA (257). If this is the case for PITG_04145 it could suggest that after removal 

DNA, the altered conformation of the effector is less stable and more prone to degradation. This 

could indicate DNA is required for PITG_04145 to maintain stability, giving further evidence 

suggesting a DNA-binding function.  

Although this has been verified using two methods of DNA removal, this remains a preliminary 

result. This could be followed up by mis-localising PITG_04145 to another cellular compartment 

where it cannot interact with DNA, for example, by using a nuclear exclusion signal or adding a 

myristoylation signal to target the protein to the cell membrane. By comparing this to the wild 

type PITG_04145 with DNA and with DNA removed, any differences in detected signal after 

Western blotting could be observed. Additionally, this experiment could be repeated with the 

inclusion of proteasome inhibitors with would show if this observation is due to proteasomal 

degradation. 

 

4.3.2 FLIM-FRET microscopy to identify protein-DNA interactions: validation using the tomato 

TCP14 transcription factor 

FLIM-FRET microscopy can be used to determine a direct interaction between proteins and DNA. 

In order to assess how well this technique works using plant tissue we used the known DNA-

binding tomato transcription factor TCP14. 
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FIGURE 3 – FLIM-FRET can be used to identify an interaction between a tomato transcription factor and DNA. 

Histogram showing the distribution of nuclei (%) according to GFP lifetime for (A) EGFP-TCP14-1 and (B) EGFP-TCP14-2 in 

the absence (blue bars) or presence (red bars) of Sytox stained DNA. A decrease in GFP lifetime is seen for both protein 

in the presence of Sytox stained DNA, indicating that the protein is directly binding to DNA.  

 

This involved the expression of EGFP-tagged TCP14-1 and TCP14-2 either alone or with Sytox 

Orange stained DNA. Here the shorter GFP lifetime observed for each donor EGFP-TCP14 in the 

presence of Sytox stained DNA compared to each EGFP-TCP14 isoform on its own indicates that a 
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direct interaction is taking place between the protein and DNA (Figure 3) (experiments were 

performed by Dr. Andrew Howden in collaboration with Dr. Susana Rivas’ laboratory). 

DNA-binding protein not only target specific DNA sequences, some function by binding to certain 

DNA structures (258–260). One of the advantages that FLIM-FRET offers is the ability to identify 

proteins that interact with DNA via sequence specific or structure specific binding. Since it is not 

known how Phytophthora effectors may interact with DNA, this is a distinct advantage over either 

ChIP-seq or DAM-ID. However, like ChIP-seq and DAM-ID, it is not possible to screen candidate 

effectors on a high-throughput manner due to the time consuming nature of the experiments. This 

means that characterisation of candidate DNA-binding effectors still needs to be carried out to 

select those with high chance of DNA-binding functions (Chapter 3). This need for specialist 

microscopy equipment means that this technique is not readily accessible to anyone looking to 

study protein-DNA interactions. These results do suggests that FLIM-FRET microscopy may serve 

as a key method of initially selecting effectors which bind DNA before using a functional genomics 

approach to map potential target DNA sequences. 

 

4.3.3 Optimisation of a ChIP protocol for transiently expressed effectors in N. benthamiana 

Seeing as ChIP-seq can be used to identify DNA sequences targeted by DNA-binding proteins we 

aimed to implement this technique to determine if candidate DNA-binding effectors displayed 

DNA-binding function. However, in plant systems the majority of established protocols involve the 

use of Arabidopsis thaliana and make use of antibodies against endogenous proteins (261). While 

it can be difficult enough to optimise ChIP for other plant species, there is also the problem that 

there are not commercial ChIP grade antibodies available for effector proteins.  
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To identify target DNA sequences we initially used the candidate DNA-binding effector 

PITG_04145 and the tomato transcription factors TCP14-1 and TCP14-2. We transiently expressed 

each EGFP-tagged transcription factor and effector constructs in N. benthamiana. We also 

expressed EGFP-EV as a non-DNA-binding control and FLAG-tagged TCP14-1 and TCP14-2 as 

negative controls for the immunoprecipitation (Figure 4).  

 

 

FIGURE 4 – Optimisation of ChIP protocol. (A) Sonicated DNA samples run on a 1.5% agarose gel. DNA can be seen 

distributed between the desired 200 – 500 base pair range. (B) Western blot probed with GFP (top panel) or FLAG 

antibodies (bottom panel) showing the presence of epitope tagged input samples detected before immunoprecipitation. 

All samples are detected apart from FLAG-TCP14-2. (C) Western blot probed with GFP or FLAG antibodies confirming 

specific immunoprecipitation of EGFP constructs and non-specific FLAG antibody binding.   

 

For target DNA sequences to be efficiently aligned to the genome it is necessary to ensure that we 

have efficient sonication which yields DNA fragments between 200 and 500 base pairs in length 

before immunoprecipitation. To determine if this was the case, DNA was extracted from each 

sample after sonication, and run on an agarose gel. As seen in Figure 4A, a smear of DNA is seen 

for each sample between the required size range. This indicates that we have successfully 

optimised the sonication conditions for each sample. After sonication, it is also necessary that 

each protein sample can be detected so that proteins can be immunoprecipitated. Western blot 
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analysis of protein samples post-sonication revealed that each fusion protein is being expressed 

and can be detected at the expected size, except for FLAG-TCP14-2 (Figure 4B). The FLAG-TCP14-1 

and FLAG-TCP14-2 constructs are included as non-binding controls for the immunoprecipitation as 

this is carried out with a GFP specific antibody. Although FLAG-TCP14-2 was not detected, FLAG-

TCP14-1 could still be used as a control sample. After immunoprecipitation, each sample was again 

subjected to Western blot analysis prior to removal of the proteins and DNA extraction. Figure 4C 

highlights that each EGFP construct can be detected, although EGFP-TCP14-2 appears to show 

cleavage or protein degradation evident by the smaller size protein detected compared to its 

detection in Figure 3B. Only non-specific binding of the FLAG antibody can be seen. This is evident 

based on the fact that the strongest signal is detected for FLAG-TCP14-2, which we know from 

Figure 3B was not being expressed, and that a similar pattern of bands is seen in the EGFP-tagged 

protein samples as well. This indicates that the immunoprecipitation was specific for EGFP-tagged 

proteins. Taken together, these results suggest that the ChIP protocol has been successfully 

optimised and carried out using transiently expressed proteins in N. benthamiana. All that remains 

is for sequencing to be carried out on the DNA extracted from each of these samples. 

 

4.3.4 DAM-ID for identifying DNA-binding proteins: construct design 

DAM-ID is an alternative to the use of ChIP-seq for identifying the target sequences of DNA-

binding proteins and validating direct DNA-binding activity. By comparing the basal methylation 

pattern of a non-DNA-binding protein fused with the E. coli DAM or free DAM to a candidate DNA-

binding effector-DAM protein we can determine if DNA-binding is taking place. In order to 

implement this method in N. benthamiana with candidate DNA-binding effectors we designed an 

initial DAM-EGFP construct (Figure 5). 
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FIGURE 5 – Schematic representation of DAM-EGFP construct. An E. coli DAM construct was designed with an N-

terminal FLAG-tag, a bipartite nuclear localisation signal (NLS) and EGFP surrounded by AscI and PsiI restriction sites. 

 

The DAM-EGFP construct comprises several components (Figure 5), described as follows. An N-

terminal FLAG-tag was selected due to its small size and the need to be able to ensure that the 

protein is being expressed in planta. Following this is the E. coli DNA adenine methyltransferase, 

which exhibits a prokaryotic-specific methylation pattern meaning that adenine methylation is 

almost completely absent in eukaryotes (245, 246). This ensures that methylation patterns from 

candidate DNA-binding proteins are not obscured by endogenous methylation patterns in a 

eukaryotic system. A bipartite NLS is used to increase localisation efficiency of the construct to the 

nucleus. However, it has already been shown that DAM-fusion proteins localise to the nucleus 

without the aid of an NLS (221). EGFP was included in the initial construct as this will be used as a 

non-DNA-binding control. Using this first will allow any transient DNA methylation to be observed 

and compared to our candidate DNA-binding proteins. By surrounding the EGFP sequence with 

restriction sites, this sequence can easily be removed and replaced by a candidate effector.  

We have identified the pK7WG Gateway vector (254) as being suitable for these experiments. This 

vector has no tags or promoters which mean it can be fully tailored to our needs. With necessity 

for low levels of expression this means that we can insert a suitable promoter for our system.  

DAM-ID appears to be a promising alternative approach to ChIP-seq for the identification of DNA-

binding proteins and their target DNA sequences. Unlike ChIP, DAM-ID does not require the use of 

chemical crosslinking, which can induce fixation of unrelated protein complexes to DNA and 

therefore requires careful optimisation. There is also no need for specific antibodies whereas the 
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success of a ChIP experiment can be determined by the quality and specificity of the antibody 

being used for the immunoprecipitation. This construct will initially be tested using EGFP to ensure 

that methylation is taking place and can be detected. We can then compare this with a known 

DNA-binding protein, such as TCP14, to observe specific methylation patterns before use with 

candidate DNA-binding effectors.  

  

4.4 Concluding Remarks 

Here we show preliminary results and assess the outlook for three techniques (FLIM-FRET, ChIP-

seq and DAM-ID) to characterise candidate DNA-binding effector interactions with host plant DNA. 

Previously, we have identified the P. infestans RxLR PITG_04145 as a prime candidate for having 

DNA-binding activity (Chapter 3). We have added to this evidence with results suggesting that DNA 

is required for this effector to maintain stability or avoid degradation (Figure 2). Therefore, 

PITG_04145 has been used along with the DNA-binding transcription factors TCP14-1 and TCP14-2 

in initial investigation of these techniques. Firstly, data has been collected using FLIM-FRET 

microscopy which shows that the tomato transcription factors TCP14-1 and TCP14-2 are directly 

interacting with DNA (Figure 3). While this has validated direct DNA-binding, target DNA 

sequences cannot be identified by microscopy. For this we turned our attention to two targeted 

functional genomic approaches. Using GFP-tagged PITG_04145 and FLAG-tagged TCP14, we have 

attempted to optimise a ChIP protocol for use with transiently expressed proteins in N. 

benthamiana. Preliminary analyses suggests that these experiments are feasible, allowing for the 

mapping of DNA binding using transient over-expression assays in plants (Figure 4). The creation of 

a DAM-ID construct (Figure 5) also means we now have the resources in place to implement this 

method for candidate DNA-binding effectors. 
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The establishment of these methods will provide ways of validating previously identified DNA-

binding effectors from Phytophthora species (Chapter 3). Each of the methods outlined has clear 

advantages and disadvantages when it comes to detecting DNA-binding proteins (Figure 1). The 

differences in the methodologies between each of these approaches suggest that these can be 

used to complement and validate each other in the ongoing work to identify and characterise 

DNA-binding effectors.  
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Chapter 5: General Discussion 

 

Dramatic improvements in genome sequencing technologies and approaches has led to a rapid 

increase in the number of genome sequences for pathogens and their host plants (61, 68, 171, 

262–264). This has not only aided effector identification but is also allowing new experimental 

approaches to be taken to characterise effectors due to increased access to –omics platforms and 

understanding to data analysis. Subsequent research in to the molecular mechanisms behind 

plant-pathogen interactions has led to significant advances and improved understanding of these 

complex interactions. Phytophthora species are a particularly well studied group of pathogens due 

to their significant impact on agriculture and forestry (11, 22, 58, 195, 210). The finding that 

pathogens, like Phytophthora, employ effector proteins which disrupt host processes and enable 

infection has led to numerous studies with the aim of characterising effectors and identifying their 

targets. However, despite the continued research in to Phytophthora effectors, only few targets 

have been identified. This is in part due to the large and diverse repertoire of effectors encoded by 

these pathogens (34). We now face the problem of developing strategies to prioritise and select 

candidate effector for further study. 

Proteins which bind DNA are crucial for many cellular processes, including the activation and 

control of immune responses during pathogen infection (199). This means that DNA-binding 

proteins are likely targets of pathogen effectors, but it is also reasonable to assume that pathogen 

effectors will directly target DNA to disrupt these processes (82, 83, 218). Currently the 

identification of DNA-binding effectors is problematic, with a robust toolset for identification and 

validation lacking. This PhD project has aimed to address these problems by identifying and 

characterising potential DNA-binding effectors in Phytophthora species. 
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5.1 Identification of DNA-binding effectors is the limiting step in their characterisation 

All Phytophthora effector targets identified to date are host proteins. While it is clear that most 

effectors targets are proteinaceous, their discovery has been feasible due to the availability of a 

robust toolset to identify and validate protein-protein interactions. For example, yeast-two-hybrid 

screens are routinely used to first identify putative interactors, which can then be complemented 

by protein co-immunoprecipitation experiments. The availability of advanced and sensitive 

proteomics also allows the purification of host complexes, bound to a given effector and 

subsequent determination of complex constituents through mass spectrometry.  

In sharp contrast to protein-protein interaction assays, equivalent techniques are lacking for DNA-

binding proteins. The identification of DNA-binding effectors and their subsequent 

characterisation has therefore been hampered and is likely responsible for the under-

representation of known DNA targeting effectors.  

The presence of DNA-binding effectors in eukaryotic plant pathogens, like Phytophthora, has been 

hypothesised but to date effectors carrying out this function have not been identified. However, 

evidence points towards a potential DNA-binding function for Phytophthora effectors. DNA-

binding effectors have already been discovered in bacterial plant pathogens. Xanthomonas species 

and Ralstonia solanacearum both use transcription activator like (TAL) effectors, which function by 

directly binding to host DNA and activating expression of genes to enhance virulence (82, 120, 

121, 142–144). The observation that bacterial plant pathogens use strategies that rely on direct 

DNA binding and modifications raises the possibility that eukaryotic plant pathogens have 

acquired, evolved and adopted similar strategies. If true, and given the vast number of candidate 

effectors identified in eukaryotes, systematic evaluation of effector repertoires and subsequent 

validation of DNA-binding effector candidates has the potential to unveil a significant set of novel 

virulence functions that require DNA binding.  
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Confocal microscopy has revealed that many effectors localise or traffic to the nucleus (36, 70, 75, 

76, 200). With many key processes which could determine that fate of infections occurring in this 

organelle it is unsurprising that many effectors travel here (35, 77, 199). With many nuclear 

associated processes featuring chromatin bound complexes, nuclear effectors could target DNA. 

There are also cases where conventional methods for identifying protein-protein interactions, 

such as yeast-two-hybrid, have not yielded putative protein interactors for nuclear effectors. This 

suggests that these effectors target other macromolecules within the nucleus, such as DNA. 

Finally, during P. capsici infection of tomato it has been observed that dramatic transcriptional 

changes are taking place (141). Whilst the involvement of host transcriptional regulators are likely 

to be responsible for the bulk of gene expression changes, pathogen effector activity may still 

underpin the transcriptional activation and repression of specific gene repertoires, required for 

infection. This thesis has generated significant new evidence supporting this hypothesis. The 

prediction DNA-binding function for pathogen effectors indicates this is a potential function. 

Characterisation of these DNA-binding candidates has revealed effectors which localise to the 

nucleus and associate with chromatin. Four of these effectors were shown to enhance P. capsici 

virulence, pointing towards an important role during infection (Chapter 3).   

This study has resulted in new approaches for identifying DNA-binding effectors. Using a plant 

specific prediction model (204) (Chapter 2) we show that P. infestans and P. capsici carry large 

repertoires of candidate DNA-binding effectors, many of which appear to associate with chromatin 

(Chapter 3). We thus conclude that DNA binding represents a novel feature in effectors from 

eukaryote pathogens whose significance and mechanistic basis towards effector triggered 

susceptibility (ETS) needs elucidation. Having identified candidate DNA-binding effectors in both P. 

capsici and P. infestans, we were in a unique position to assess the contribution of such effectors 

towards virulence. Ectopic expression of 6 effectors and subsequent virulence assays identified 4 

candidate DNA-binding effectors that promoted virulence (Chapter 3). Importantly, expression of 
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PITG_04145, a P. infestans effector, led to enhanced P. capsici virulence, suggesting that binding of 

this effector to DNA impacts processes required for virulence of both pathogens. Having 

generated significant evidence suggesting DNA-binding activity, there is now an immediate need 

for independent methods that allow (i) validation of direct DNA-binding and (ii) identification of 

(specific) effector-DNA binding sites. To meet these demands, we have gone on to identify or 

develop techniques which can be used to validate direct effector-DNA interactions and which can 

be used for these effectors in future studies (Chapter 4). We have therefore created a pipeline 

that starts with computational predictions to generate lists of candidate DNA-binding effectors, 

followed by confocal microscopy to verify nuclear localisation and chromatin fractionation assays 

to demonstrate effector association with DNA. Finally, resulting candidates are considered strong 

candidates suited for assays that aim to validate direct DNA-binding. Although not completely 

implemented, our pipeline represents a valuable approach that can be universally adopted to 

investigate DNA-binding effectors in Phytophthora and other plant pathogen species. We 

therefore envision the emergence of validated DNA-binding effectors encoded by eukaryotic 

pathogens. In addition and by extension, novel functionalities towards DNA targets will be 

unveiled and their target mechanistic roles towards virulence dissected.   

The identification of target DNA sequences of DNA-binding effectors will in turn enable more 

characterisation to be carried out. Using the target DNA sequence we can map this to the host 

genome, uncovering which genes are being manipulated by these DNA-binding effectors. This will 

also allow us to learn more about DNA-binding effectors themselves and how they compare to 

other effectors. Many effectors are under diversifying selection. Is this also the case for DNA-

binding effectors? It has been shown that effectors target key hubs of proteins to cause infection 

(118). Do DNA-binding effectors target a small number of conserved DNA sequences with 

important functions? Characterising these functions and answering these questions will in turn 
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enhance our understanding of not only host transcriptional processes during infection, but also 

the mechanisms behind Phytophthora virulence. 

 

5.2 DNA-binding effectors as probes of molecular functions 

Previously it was highlighted that many nuclear processes contribute to plant immunity, with 

chromatin and DNA being central to several of these (Chapter 1). This opens up the possibility to 

use DNA-binding effectors as probes in studies that aim to understand chromatin structure and 

function in relation to important phenomena such as development, response to abiotic stress as 

well as immunity to pathogens. Effectors have already been used as probes to improve our 

understanding of biological functions and processes in plants (200, 265–268). Characterisation of 

the effectors AvrPto and HopAB2 from Pseudomonas syringae have helped clarify the MAPK 

signalling pathway during immune responses (269, 270). Similarly, characterisation of the Ps. 

syringae effector HopU1 interaction with the RNA-binding protein, GRP7 has allowed further 

elucidation of GRP7 function. HopU1 ADP-ribosylates arginine 49 of the RNA recognition motif in 

GRP7 which is thought to disrupt RNA processing and its subsequent activities in innate immunity 

(271, 272). The diverse localisation patterns identified for effectors also suggests a potential role 

for them as molecular markers (36, 70, 75, 76, 273). If we can harness identified DNA-binding 

effectors in a similar manner it could further enhance our understanding of the role that DNA and 

chromatin structure play in plants. 

The identification of Phytophthora DNA-binding effectors will result in the development of more 

tools and techniques to characterise and analyse their function further. To date only one DNA-

binding function has been uncovered for DNA-binding effectors, the activation of gene expression 

by TAL effectors (82, 120, 121). Whilst these effectors have been adapted to create successful 
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commercial products and tools for molecular biology (274, 275), this is only taking advantage of 

one potential DNA-binding function. However, the adaptation of effectors to create novel function 

highlights that pathogens have developed these abilities themselves, illustrating the diverse 

mechanisms employed to successfully cause infection.  

Proteins that bind DNA have a wide range of functions which are not limited to the activation of 

gene expression (Chapter 1). This highlights the many other potential functions of DNA-binding 

effectors. These effectors could also be repressors of gene expression, be involved in chromatin 

remodelling and targeting of nucleosomes, or result in particular post translational modifications 

on DNA. Each of these instances would have an impact on gene expression and could be used to 

enhance infection. 

 

5.3 Implications of DNA-binding effectors on pathogen host range 

In order for a pathogen to infect a plant it must overcome host defences, which is achieved 

through the use of effectors (30). If these effectors are the determinants of successful infection, 

one could argue that these will also impact the host range of a pathogen. While the evolutionary 

relationship between hosts will be a deciding factor of host range (276), this can be primarily due 

to significant differences in protein repertoires between evolutionary distant plants. By targeting 

conserved plant proteins a pathogen would therefore be able to infect more plant species. This 

makes it no surprise that it has already been shown that independently evolved pathogen 

effectors target common hubs of proteins involved in plant immunity (118). This raises the 

question of whether the targeting of DNA is a strategy used by broad host range pathogens. 

Despite effector diversification and co-evolution leading to host-microbe interactions, broad host 

range pathogens are still able to infect many hosts with the same effector repertoire. Plants share 
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significant similarities in the genes that are required for many processes (197, 198). With DNA 

being highly conserved, effectors targeting it would allow a pathogen to use the same effectors to 

overcome the defences of many different host plants. This makes DNA a likely target for plant 

pathogens. This raises the question of whether DNA-binding effectors are responsible for 

suppression of host PTI through the targeting of conserved DNA sequences. This work has 

provided evidence towards this by showing that 4 candidate DNA-binding effectors enhance P. 

capsici virulence (Chapter 4). However, this does not fully answer this question. By implementing 

the methods we have outlined to validate and identify target DNA sequences for these 4 effectors 

we can determine which genes are being acted upon (Chapter 4). The identification and 

subsequent characterisation of DNA-binding effectors as well as their targets will shed light on 

their role in infection and may explain the ability of some pathogens to infect numerous hosts. 

 

5.4 Improvement of prediction model and application of this approach to other systems 

We have demonstrated that species specific prediction models perform better than generic 

models for the identification of DNA-binding proteins (Chapter 2). On the basis of this principal, we 

created a plant specific prediction model and validated our approach on the tomato (Solanum 

lycopersicum) proteome (204). We found that our plant specific model was capable of identifying 

DNA-binding proteins in the tomato proteome on a high-throughput scale. In doing so, we 

identified 36 perviously uncharacterised protein for which we have assigned a putative DNA-

binding function.  While this represents a step forward in the annotation of plant genomes, this 

model can still be improved further. 

Creation of a prediction model for DNA-binding proteins relies on the availability of proteins with a 

validated molecular function to work with. However, annotated DNA-binding proteins are lacking 
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for many species. With genome sequencing now occurring at a rapid rate, more and more plant 

species now have draft genomes (171, 263, 264). Computational models, such as this one (Chapter 

2), will provide a significant step in the efforts to increase annotation levels. With more putative 

DNA-binding proteins annotated it will become easier for researchers to select candidates to study 

and validate DNA-binding molecular functions. This will in turn open up the possibility for newly 

validated plant DNA-binding proteins to feed back in to the datasets used to create our prediction 

model and further increase its accuracy for plant proteins.  

Another option for the improvement of this model lies in the implementation of additional feature 

vectors, whilst ensuring that the high-throughput application of the model is unaffected. Although 

we have shown that amino acid composition is an accurate descriptor for the identification of 

DNA-binding proteins, it is still only one feature which can be used in their identification. The 

physiochemical properties of amino acids have been successfully used in numerous prediction 

models of protein function, including for DNA-binding (154, 156, 158, 277–280). This involves the 

use of features such as hydrophobicity, charge and solvent accessibility, all of which would 

influence binding of a protein to DNA. The database, AA-index (281), provides a comprehensive list 

of this amino acid information. A study conducted by Huang et al. (279) determined which of these 

properties were the most informative in the prediction of DNA-binding proteins. Using this 

information, physiochemical properties of amino acids could be incorporated to create an 

enhanced plant species specific DNA-binding protein prediction model.  

Our finding that species specific DNA-binding protein prediction models perform better than 

generic models (204) is a significant step forward in annotation efforts as this approach had not 

been taken before. This opens up the possibility of translating this methodology to other species 

systems to aid in functional annotation of proteomes. 
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While we are interested in plant pathogenic Phytophthora species, there are not enough validated 

DNA-binding proteins in Phytophthora, or even oomycetes, to create a prediction model. In this 

case we have implemented our plant species specific prediction model (9; Chapter 2) to effectors 

from P. infestans and P. capsici. With species being plant pathogens we proposed that any 

effectors with a DNA-binding function may mimic the amino acid composition of host plant DNA-

binding proteins. Using this approach we have shown that a plant specific model is sufficient for 

predicting candidate DNA-binding effectors from plant pathogens (Chapter 3). This is evident 

based on the finding that predicted DNA-binding effectors have been shown to associate with 

chromatin. When 6 of these chromatin associated effectors were further characterised it was 

found that each of them was found localised in the nucleus or nucleolus, with 4 of these also 

providing a boost to P. capsici virulence. This suggests that these play important roles during 

infection, highlighting them as prime candidates for methods to validate direct DNA-binding 

(Chapter 4). 

These results suggest that this approach could be applied to effectors from other plant pathogens. 

This could lead to the wider identification and characterisation of DNA-binding effectors. This in 

turn would allow this prediction model to be improved further. By incorporating validated DNA-

binding effectors in to the datasets used to create the prediction model it could be further tuned 

to improve accuracy when it comes to identifying candidate DNA-binding effectors.   

The use of a plant specific DNA-binding protein prediction model to successfully predict candidate 

plant pathogen DNA-binding effectors raise the question of whether or not this is a general 

concept, where a prediction model based on host proteins is sufficient to predict pathogen 

effector functions. If so, this could be a significant finding with wider implications. Typically there 

is more information known about the host system that the pathogen system. Following this 

theory, using host models could significantly increase the discovery of pathogen DNA-binding 
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effectors. There is also the potential for this approach to be adapted for use in mammalian 

systems, creating a wider appeal for this work.  

 

5.5 Concluding Remarks 

This study has made clear strides forward in the field of eukaryotic pathogen DNA-binding 

effectors. Previously, the means by which candidate DNA-binding effectors could be selected for 

further analysis had been lacking. This has been addressed by this work through the 

implementation of a computational prediction model (Chapter 3). Additionally this prediction 

model has been used to identify and annotate DNA-binding proteins in plant species (Chapter 2). 

The pipeline that we have used for characterisation of candidate DNA-binding effectors (Chapter 3 

and 4) can be used by future studies to analyse other effectors. Ultimately, this will lead to an 

improved understanding of not only pathogen effector activity during infection, but also of host 

plant systems. By improving our knowledge of the mechanisms and processes targeted by 

effectors during infection it takes us another step towards the creation of resistant crops and 

combating pathogen infections. 
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