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IMPROVING THE SPECIFICITY OF TAL EFFECTOR BINDING SITE PREDICTIONS 

 

Katherine Elizabeth Wilkins, Ph. D. 

Cornell University 2016 

 

Transcription activator-like (TAL) effectors are trans-kingdom transcription factors secreted by 

plant pathogenic bacteria of the genus Xanthomonas. A nuclear localization signal, modular 

DNA binding domain, and activation domain enable TAL effectors to enter the nucleus, bind 

promoter regions, and activate downstream genes. TAL effectors can determine the outcome of 

plant-pathogen interactions by activating susceptibility genes or triggering a resistance response, 

while their DNA binding domain is used for targeted genome editing applications. This DNA 

binding domain is composed of a repeated 33-35 amino acid sequence that is highly conserved 

except for two positions known as the repeat variable diresidue (RVD). Each RVD determines 

the identity of one nucleotide in the binding site according to a degenerate code, enabling the 

prediction of TAL effector targets and the design of TAL effectors with custom binding 

specificities. Identification of binding sites of natural TAL effectors provides valuable insight 

into disease mechanisms and possible sources of resistance, while identification of off-targets of 

designer TAL effectors and TAL effector derivatives is critical for genome editing applications. 

The poor specificity of binding site predictions makes this a challenging task.  

We designed a machine learning classifier that distinguished true and false positive binding site 

predictions, based on genomic context, with a specificity of 85% and sensitivity of 92%. We then 

demonstrated that filtering with this classifier significantly increased the number of binding site 

predictions concordant with gene expression data. We also developed a novel method of using 



 

gene expression data from host plants in the presence of each of several Xanthomonas strains, 

combined with knowledge of TAL effector conservation, to eliminate false positive binding site 

predictions. Using this technique on eleven strains, for which we determined TAL effector 

content and host gene expression response, we generated testable numbers of binding site 

predictions for five highly conserved and potentially important TAL effectors. We also created 

the first binding site prediction tool incorporating experimentally determined specificities of rare 

RVDs, previously treated as wildcards. We then present novel, statistically rigorous methods of 

assessing binding site prediction tools and demonstrate that our tool performs as well as any 

created previously.
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CHAPTER 1: INTRODUCTION 

 

Background 

Transcription activator-like (TAL) effectors are trans-kingdom transcription factors secreted by 

plant pathogenic bacteria of the genus Xanthomonas. Each TAL effector has a type III secretion 

signal and a nuclear localization signal that mediate transport into host cells via the type III 

secretion system and into the nucleus respectively [1-5]. The modular DNA binding domain and 

activation domain of each TAL effector then direct sequence specific binding of promoter 

regions and upregulation of the corresponding downstream genes [4]. The presence or absence of 

individual TAL effectors in a plant-pathogen interaction can determine whether the outcome of 

that interaction is disease or resistance, making TAL effectors important determinants of host 

specificity [6]. Some TAL effectors upregulate critical susceptibility genes; Xanthomonas strains 

that lack TAL effectors that can upregulate these genes in a given host genotype cannot cause 

disease [7-10]. Other TAL effectors activate resistance genes that lead to a hypersensitive 

response, in which localized plant cell death prevents bacterial growth and disease symptoms 

[11-15]. 

The TAL effector DNA binding domain is composed of a repeated 33 to 35 amino acid sequence 

that is highly conserved except for hypervariable positions 12 and 13. This high-variability 

region is known as the repeat variable diresidue (RVD). The identity of the RVD in each repeat 

determines the identity of one nucleotide in the corresponding binding site according to a 

degenerate code, enabling the prediction of TAL effector binding sites from their RVD sequence 

[16, 17]. TAL effector binding site predictions have facilitated rapid identification of TAL 

effector targets, while the predictable binding specificity of the TAL effector DNA binding 

domain has been exploited for the creation of designer TAL effectors that can be used to confirm 
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the role of specific TAL effector targets in disease . The TAL effector binding domain has also 

been fused to a variety of functional domains, enabling not only targeted gene activation [18-23] 

but also directed gene repression [24-26], genome editing [18, 22, 27-30], and epigenome editing 

[31-34].   

Rationale 

The major goal for the work described in this dissertation was to improve the specificity of TAL 

effector binding site predictions, enabling rapid elucidation of the role of TAL effectors in plant 

pathology and accurate off-target binding site identification for genome editing applications. 

Although theoretically every TAL effector binding site in a promoter should drive upregulation 

of the corresponding gene, the proportion of binding site predictions for which the corresponding 

gene is truly upregulated is less than 1% in some cases [35]. TAL effector binding site 

predictions may even be less specific than this figure suggests, as another study found that 51% 

of the predicted binding sites in the promoters of upregulated genes were false positives [8]. This 

study provided an unprecedentedly large dataset of true and false positive binding prediction. 

Closer examination revealed that binding sites in these two categories differed not only in the 

score they were assigned by a model of TAL effector binding, but in their location relative to 

several genomic elements: transcriptional and translational start sites, TATA boxes, and Y 

patches[8]. Binding sites that are concordant with gene expression data also occur near the 

transcriptional and translational start site more often than expected by chance and are enriched 

for TATA box sequences [35].  I therefore decided to create a machine learning classifier with 

which to distinguish true and false positive binding site predictions based on the relationship of 

those binding sites to these genomic features. The logistic regression classifier I created achieved 

an AUC of .88, eliminating 85% of the false positive predictions (17 out of 20) at the expense of 
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only 10% of the true positives (2 out of 24), as presented in Chapter III. 

Although the logistic regression classifier I developed had high specificity on the cross-

validation dataset, the training set is small, so performance may be lower on binding site 

predictions not included in the training data. The number of predictions for some TAL effectors 

is also so large that even filtering with the logistic regression classifier does not lead to a testable 

number of predictions. Likewise, even if the same specificity is achieved on novel data as for the 

cross-validation set, the number of false positive predictions that pass the classifier can still be 

large. I therefore sought another method of increasing the specificity of TAL effector binding 

predictions. Previously, changes in gene expression in the presence of a single strain of 

Xanthomonas had been used to eliminate false positive binding site predictions, but success was 

limited because these datasets reflect all changes in gene expression driven by any Xanthomonas 

effectors. The alternative of generating gene expression data in the presence and absence of each 

individual TAL effector can be prohibitively costly with some strains possessing as many as 27 

TAL effectors. Instead, I suggest taking advantage of TAL effector conservation across strains to 

eliminate from consideration genes upregulated by any effectors that are differentially distributed 

among strains compared to the TAL effector in question. My results, presented in Chapter IV, 

show that for many TAL effectors, this method, combined with my logistic regression classifier, 

results in testable numbers of binding site predictions. The many strains sequenced in this project 

also provide a valuable resource for identifying highly conserved and potentially important TAL 

effectors and enabled some conclusions about TAL effector evolution. 

The population survey completed for this previous project revealed two novel RVDs, bringing 

the number of observed RVDs for which no TAL effector binding site prediction tool includes a 

non-arbitrary specificity to 12 (39% of all observed RVDs). Current binding site prediction tools 
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rely on the assumption that these RVDs are equally likely to interact with any of the four 

nucleotides. If incorrect, this assumption can potentially quadruple the number of binding sites 

predicted for a given TAL effector for every RVD of unknown specificity it contains. However, 

surveys assessing the relative binding affinity and ability to drive gene activation of all 400 

possible two amino acid RVDs at “guest” positions in otherwise constant “host” TAL effectors 

have been completed [36, 37]. The results of these surveys indicate that many of these RVDs 

have high enough binding affinity that could be a valuable resource for designing TAL effectors 

with more nuanced specificities, yet no binding site prediction tool incorporated this data for 

either prediction of TAL effector binding sites or TAL effector design. In chapter V, I show that 

the results of these surveys can be used to incorporate experimentally determined RVD 

specificities into an existing TAL effector binding prediction tool with no decrease in 

performance.  

Organization 

This dissertation begins with an overview of the field of TAL effector research with a focus on 

relevant to TAL effector binding site predictions in Chapter II. The remaining chapters are three 

original research papers to which my contribution was driven by the goal of improving TAL 

effector binding specificity. Chapter III is in part a description of a machine learning classifier 

designed to distinguish true and false positive binding site predictions based on genomic context. 

Chapter IV describes the use of population conservation of TAL effectors to eliminate genes that 

are not up-regulated in a TAL effector-dependent fashion from binding site predictions. Chapter 

V presents several novel and updated binding site prediction tools incorporating rare RVD 

specificities. Finally, Appendix I describes other published papers to which I contributed, but 

which are not directly related to improving the specificity of TAL effector binding site 
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predictions. I contributed each chapter as follows: 

 I prepared the literature review in Chapter II and summary of publications in Appendix I 

for this dissertation. 

 Chapter III is a published paper describing the identification of the first susceptibility 

gene for bacterial blight and of 41 additional true and false positive binding sites of 

Xanthomonas oryzae  pv. oryzicola TAL effectors. My contribution to this paper was to 

use this dataset of true and false positive binding site predictions to design a machine 

learning classifier to distinguish between the two using genomic features. I also wrote the 

relevant results and methods sections. 

 Chapter IV describes a population survey of 11 strains of Xanthomonas oryzicola pv. 

oryzicola, including complete genome sequencing and RNA-Seq identification of host 

gene expression changes driven by each strain. Coauthor Li Wang designed and 

completed the RNA-Sequencing experiments. Coauthor Nick Booher was responsible for 

genome assembly and identification of TAL effector sequences within each genome. I 

designed all subsequent analysis with coauthor Adam Bogdanove. I also completed all 

subsequent analysis and prepared the manuscript. Bogdanove edited the manuscript. 

 Chapter V is a paper prepared for submission that describes the creation or adaptation of 

five binding site prediction tools incorporating rare RVD specificities and presents three 

novel binding site prediction performance metrics. I was responsible for conception and 

design of this study, as well as all analysis and manuscript preparation. Coauthor Adam 

Bogdanove edited the manuscript. 
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CHAPTER 2: TAL EFFECTOR FUNCTION AND BINDING SITE IDENTIFICATION 

 

The Role of TAL Effectors in Plant-Pathogen Interactions 

Effector Proteins Can Suppress or Activate the Host Defense Response 

Bacterial plant pathogens of the genus Xanthomonas cause disease on many agriculturally 

significant plants, including pepper, rice, citrus, cotton, and tomato [38]. However, individual 

strains of Xanthomonas each have a limited host range on which the cause disease [6]. For a 

specific plant-pathogen interaction to be compatible (result in disease), the pathogen must evade 

detection by the host plant and prevent activation of an immune response. Each pathogen 

exhibits highly conserved peptides, such as fliC, a component of flagella [39, 40], that are known 

as pathogen-associated molecular patterns (PAMPs) and that may be recognized by the host. 

Recognition activates the first layer of host defense, known as PAMP triggered immunity (PTI). 

To avoid PTI, many pathogens also secrete proteins directly into host cells via the type III 

secretion (T3S) system [41, 42]. These proteins are known as effectors and may repress PTI, 

enhance host susceptibility, and or facilitate pathogen dispersal. Like PAMPs, however, each 

effector protein presents a molecule that some host plants may recognize. This can activate the 

second layer of host defenses, known as effector triggered immunity (ETI). ETI is also known as 

gene-for-gene immunity, since it typically occurs due to the protein product of a single 

avirulence gene possessed by the pathogen, or the effect of that protein product in the host cell, 

being recognized by the protein product of a corresponding resistance (R) gene in the host [43, 

44]. The resulting defense response is often a hypersensitive reaction (HR), characterized by the 

programmed cell death of host cells near the site of infection, preventing the spread of the 

infection and corresponding disease symptoms [45, 46]. 
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TAL effectors Directly Upregulate Host Genes 

The largest family of type III secreted effector proteins possessed by Xanthomonas species is the 

transcription activator-like (TAL) effector family, also called the AvrBs3/PthA family after the 

first members of the family to be identified [47-51]. AvrBs3 is an avirulence protein produced by 

the pepper pathogen Xanthomonas campestris pv. vesicatoria and was identified by the 

incompatible phenotype it produces on pepper variety ECW-30R containing the corresponding R 

gene, Bs3 [50]. On other host genotypes, AvrBs3 also acts as a pathogenicity factor, contributing 

to disease formation [52, 53]. Both the HR phenotype caused by Xanthomonas strains possessing 

AvrBs3 and the contribution of AvrBs3 to virulence were shown to depend on the hrp gene 

cluster that encodes the T3S system, as well as on the presence of a T3S signal in the AvrBs3 N-

terminus [1, 54-58]. At the same time, the second eponymous protein of this family, PthA, was 

shown to serve as both a pathogenicity and an avirulence factor [51, 59]. PthA was then 

sequenced [59] and found to contain three putative nuclear localization signals [3]. In AvrBs3, 

two of these nuclear localization signals were shown to be functional and AvrBs3 is imported 

into the nucleus as long as at least one of these two signals is intact [1, 2, 4]. AvrBs3 triggered 

HR depends on these nuclear localization signals as well as on an acidic activation domain at the 

C-terminus of the protein [4, 60, 61]. The dependence of AvrBs3 activity on these features and 

its ability to bind double stranded DNA [62] suggested the possibility that members of the 

AvrBs3 family functioned as transcriptional activators of host genes. This possibility was 

confirmed when the AvrBs3-like protein avrXa27 was shown to activate the R gene Xa27 in a 

promoter sequence-dependent fashion [11]. Shortly thereafter, AvrBs3 was shown to function as 

a pathogenicity factor by upregulating of a plant transcription factor and susceptibility (S) gene 
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upa20, while its avirulence function was the result of transcriptional activation of R gene Bs3 

[12, 63]. 

 

TAL Effector DNA Binding Specificity Is Predictable From Protein Sequence 

 

Figure 2.1. TAL effector schematic. In this cartoon TAL effector, the central repeat region is indicated in the center, with the 

sequence of a single repeat shown below and the repeat variable residue of that repeat highlighted in blue. The nuclear 

localization signal (NLS) and activation domain (AD) are both in the C-terminus, indicated by the bars and the triangle 

respectively. Figure created by and included with permission of Fabio Rinaldi. 

The functional components characterized in AvrBs3 are common to almost every member of the 

TAL effector family, all of which require a T3S signal, nuclear localization signal, and activation 

domain to upregulate host genes (Figure 2.1). The final functional domain required for TAL 

effector activity is a distinctive DNA binding domain, known as the central repeat region (CRR). 

The CRR is composed of many copies of a 34 amino acid sequence that is highly conserved 

except for positions 12 and 13. As early as 1992, it was known that modification of this region 

altered the host specificity of AvrBs3 avirulence activity [64]. However, it was only in 2009 that 

computational analysis of the 10 TAL effector driven promoters [11, 12, 63, 65-68] previously 

identified through laborious mapping and cloning methods revealed how specificity was encoded 

[16, 17]. Two groups simultaneously determined that the variable positions 12 and 13 of each 

repeat, known as the repeat variable diresidue or RVD, specified the identity of one nucleotide in 

the TAL effector binding site according to a degenerate “code” [16, 17]. It was also noted that 

every binding site but one was preceded by a T, which became known as position zero in the 
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binding site, and it was shown for one TAL effector-binding site pair that altering the T at 

position zero abolished gene activation [16]. There is one known exception, a TAL effector 

binding site with a C at position zero, which binds to a sequence with two mismatches compared 

to the code predicted binding site. However, substituting a T at position zero and changing the 

mismatches to the code predicted nucleotides increased gene activation driven by this TAL 

effector-binding site pair [69]. Combining these ‘rules’ for TAL effector binding facilitated the 

development of computational binding site predictions which can be combined with high 

throughput gene expression data to predict host targets of TALEs.  To date, these methods have 

been utilized to identify more than 25 additional TAL effector targets [8, 70]. 

 

Many TAL Effectors Activate Susceptibility and Resistance Genes 

The identification of many TAL effector targets has revealed striking patterns in the targets that 

play a role in pathogenicity. The ten TAL effector-activated S genes discovered so far primarily 

belong to two classes of protein: transporters and transcription factors [9, 70]. All but one of the 

transporter proteins are SWEET family sugar transporters, which are activated by Xanthomonas 

species infecting host organisms including rice [7, 66, 71-73] and cassava [9]. TAL effectors that 

belong to Xanthomonas species that infect orange and grapefruit and that upregulate SWEET 

family members have also been identified [10, 74] but it is unclear if upregulation of these genes 

enhances virulence. Different strains of the rice pathogen Xanthomonas oryzae pv. oryzae alone 

possess six TAL effectors that activate three sugar transporters, all belonging to clade III of the 

SWEET sugar transporter family. Designer TAL effectors have been used to demonstrate that 

activation of any of the five SWEETs in this clade will rescue the virulence of a strain in which a 

SWEET-activating TAL effector is knocked out, suggesting that these sugar transporters perform 
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a critical but redundant function in the plant-pathogen interaction [7]. It unclear what role the 

SWEET family members play in susceptibility 

Transcription factors are the second major class of S genes known to be TAL effector targets.  

Four TAL effector activated, transcription factor S genes have been identified and predicted 

Xanthomonas oryzae pv. oryzae TAL effector binding sites in rice have been found to be 

enriched for genes that are highly connected in a functional interaction network [75]. This 

suggests that TAL effectors may have evolved to target genes, such as transcription factors, that 

interact with many other genes for maximum effect on host plants. Interestingly, three of the four 

transcription activator S genes targeted by TAL effectors activate a specific set of targets 

themselves, leading to phenotypes of hypertrophy [63], hyperplasia [10], and leaf curling [65]. 

The remaining TAL effector-activated transcription factor, however, is a general transcription 

factor. Rather than activating a specific set of genes important for disease, activation of this S 

gene appears to compensate for a mutation in the constitutively expressed copy of the same 

general transcription factor that impairs TAL effector-driven gene activation [65, 76]. The R 

genes activated by TAL effectors are much more diverse, with only two of five cloned R genes 

showing high levels of amino acid sequence identity [11-15]. However, all are constitutively 

unexpressed and trigger HR once activated by the corresponding TAL effector. 

 

TAL Effector R and S Genes Inform Identification and Creation of Resistant Host Plants 

Identification of TAL effector targeted R and S gene targets not only increases our understanding 

of the plant-pathogen interaction; it also provides a method of controlling that outcome, leading 

to identification of resistant plant varieties and genome editing strategies for creating resistant 

plant varieties. For example, interactions between Xanthomonas oryzae pv. oryzae strains 
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missing a TAL effector that can bind to any SWEET promoter gene in a given rice cultivar lead 

to resistance [66, 77, 78]. So does disruption of all TAL effector binding sites, for the TAL 

effectors possessed by a given strain, in SWEET promoters via genome editing [79]. Elimination 

of TAL effector binding sites in S genes may be a viable strategy for creating resistant varieties 

of other crop plants as well. Alternately, TAL effector binding sites may be added to the 

promoters of R genes, increasing the variety of TAL effectors that trigger HR and therefore 

increasing the number of strains to which a plant is resistant [80, 81]. Promoter genome editing 

must reflect an appropriate awareness of functional elements that may be disrupted [80], making 

identification of natural sources of variation in TAL effector-bound promoters a valuable 

resource for the creation of viable resistant rice varieties. 

 

TAL Effectors as Tools for Regulation of Gene Expression and Genome Editing 

CRRs Can Be Designed To Target Specific Sequences for Gene Activation or Editing 

One of the first demonstrations that the TAL effector binding site code was the design of TAL 

effector DNA binding domains with custom specificities, which immediately suggested the 

utility of TAL effectors as tools for targeted gene activation, as well as for genome editing and 

other applications requiring sequence specificity [16, 19]. Although there are theoretically 420 

possible RVDs (400 pairs and 20 in which the second amino acid is missing), the majority of 

repeats observed in Xanthomonas TAL effectors include an HD, NI, NG, or NN [49, 82]. These 

well characterized RVDs most frequently interact with the nucleotides C, A, T, and G or A 

respectively and are frequently the only RVDs used in custom TAL effector DNA binding 

domains [21, 29], unless a more G-specific RVD is substituted for NN [22, 83, 84]. TAL effector 

binding domains fused to the catalytic domain of the FokI restriction enzyme were the first TAL 
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effector nucleases (TALENs), proteins that can function as a dimer to create double stranded 

DNA breaks at a targeted location when bound at adjacent locations on opposite strands [27]. 

These double stranded breaks initiate one of two cellular repair pathways: either error prone 

nonhomologous end joining, which often introduce frame-shifts or premature stops which can 

disrupt the targeted gene, or homologous recombination, in which a sequence-similar template 

guides the repair process. This second pathway can be used for the introduction of specific 

changes, unlike the random errors of NHEJ. Both possibilities make TALENs valuable tools for 

targeted genome editing. 

 

Efficient CRR Synthesis Enabled Many New Applications 

TALENs largely replaced the previously common zinc finger nucleases and meganucleases, both 

of which can be used to cleave DNA, but have more complex specificity determinants than the 

simple RVD-nucleotide code. However, efficient synthesis of the large, repetitive CRR of 

designer TAL effectors (dTALs) and TALENs was a challenge that had to be overcome for 

either to achieve widespread use. This was accomplished for dTALs and later TALENs by the 

development of methods inspired by Golden Gate cloning, which rely on the strategic placement 

of typeIIS restriction enzyme recognition sequences to allow assembly via simple digestion and 

ligation reactions [21, 29]. TALENs have now been successfully used to produce genome-edited 

organisms as diverse as yeast [29], rats [85], rice [79], zebrafish [86, 87], pigs [88], sheep, and 

cattle [89, 90], as well as genome-edited human cell lines [29]. dTALs have been used in a 

similarly wide array of organisms [21]. TAL effector DNA binding domains have also been 

fused to a wide variety of functional domains for use in other applications in which target 

specificity is desired including demethylation of both DNA [31] and histones [34]; fluorescent 
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labeling of DNA [91]; and gene repression [24, 26, 92]. Truncated TAL effectors, missing an 

activation domain, have been used for gene repression as well [25, 93]. Although recently the 

TAL effector DNA binding domain has been replaced in many applications with the more easily 

constructed CRISPR-Cas9 binding domain, in which DNA specificity is determined by Watson-

Crick base pairing [94], TAL effector DNA binding domains have some key advantages, 

including fewer constraints on binding specificity [95-100], and TALENs have been shown to 

achieve greater specificity and activity than CRISPR-Cas9 nucleases for some targets [101]. 

 

Off-targeting Limits the Utility of Custom CRRs 

TAL effectors and TAL effector derivatives have been widely adopted, but the presence of 

unintended, off-target binding sites is still a concern for many applications [102]. Off-targets in 

genome editing, epigenome editing, or gene regulation may lead to cell death [103] or confound 

results of analyses that depend on specific modification of single genes. Unbiased, genome-wide 

screens of TALEN off-target activity have revealed differing levels of off-target activity, from 

522 and 384 off-target sites for two TALEN pairs to none for four distinct TALEN pairs, both 

examined in human liver cell line HEK293T [103-106]. For genome editing of human and other 

mammalian cells in particular, specificity is critical and a greater knowledge of the degenerate 

specificities of all 420 possible RVDs may provide the nuanced control that is needed to 

eliminate off-target binding sites [36, 107]. Many additional factors have been found that 

influence specificity and affinity since the discovery of the RVD-nucleotide binding code as 

well, each of which may provide additional opportunities for tuning the specificity of TAL 

effectors and TAL effector-derived genome editing tools. A more complete understanding of the 

role these additional factors play in determining TAL effector binding specificity and affinity 
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would also enable improved TAL effector binding site predictions, simplifying the identification 

of both off-targets of designer TAL effectors and targets of Xanthomonas TAL effectors that 

may play critical roles in pathogenicity. 

 

Additional Determinants of TAL Effector Binding Specificity 

The TAL Effector N and C Terminus 

The majority of Xanthomonas TAL effectors have highly conserved N- and C-terminal regions 

flanking the CRR, but initial TALENs incorporated a truncated TAL effector [27] and even 

shorter truncated TAL effectors that functioned as transcription activators or could successfully 

be incorporated into TALENs were later identified [22]. The functionality of these truncated 

TAL effectors indicates that some, but not all of, of the N- and C-terminus is necessary for full 

TAL effector activity. One possible explanation proposed for this dependence was the presence 

of a cryptic repeat sequence in the N-terminus with predicted structural similarity to the repeats 

in the CRR, despite lack of sequence conservation [108]. The crystal structure of TAL effector 

PthXo1 then revealed that there were two cryptic repeat structures preceding the CRR and that 

the first of these included a tryptophan, highly conserved across all sequenced TAL effectors, 

that contacted the T at position zero of the DNA binding site [109]. Substituting other amino 

acids for this tryptophan changes the requirement for a T at position zero, but the impact of each 

change is inconsistent across different TAL effectors and different assays assessing specificity 

[110]. This is consistent with the observation that Ralstonia solanacearum TAL-like effectors - 

TAL effector homologs that possess a similar CRR composed of 35 amino acid repeats [111, 

112] and that bind DNA with specificity consistent with the TAL effector RVD-nucleotide code 

- possess an arginine at the position corresponding to the T-specifying tryptophan in 
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Xanthomonas TAL effectors and exhibit specificity for a G at position zero instead [113].  

 

The Contribution of Different RVDs to Overall Affinity 

In addition to revealing the position zero specificity determinant, the TAL effector structure also 

suggested a more nuanced view of the RVD nucleotide binding code [109, 114]. Interactions 

between various RVDs and the corresponding nucleotides included strong hydrogen bonds (HD 

with C and NN with G, for example), while others involved only weaker van der Waals 

interactions (such an NG or HG with T) or steric exclusion of some nucleotides (NI or the N* 

RVD, missing amino acid 13, for example) [109, 114, 115]. The strength of the interaction 

between an RVD and the corresponding nucleotide impacts the ability of TAL effectors 

containing that RVD pair to upregulate gene expression from a binding site containing that 

nucleotide [84]. For instance, TAL effectors composed almost exclusively of repeats containing 

one RVD can only drive gene activation from even the code-predicted binding site if the RVD 

has a high affinity for its code-predicted nucleotide. Incorporating weaker affinity RVDs in a 

TAL effector can prevent gene activation entirely unless they are dispersed among repeats with 

higher affinity RVDs  [84]. Comparisons of several RVDs showed that the contribution of 

individual RVDs to overall affinity can differ by more than 1000-fold [116]. Unsurprisingly, a 

TAL effector also has to include enough RVDs (at least 11, in one case) to drive gene activation 

at all, although the minimal functional number of repeats may depend on the RVD composition 

of a given TAL effector [16]. Thus, specificity (the relative preference of an RVD for a given 

nucleotide) determined by the RVD-nucleotide code may determine the relative probability of a 

TAL effector binding to two different DNA sequences, but the overall affinity of each interaction 

determines whether it occurs and can lead to upregulation of a downstream gene. 
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Both Amino Acids of the RVD 

 

Figure 2.2. The crystal structure of DNA-bound TAL effector PthXo1. At left, a view perpendicular to the DNA, shown in 

gray, and at right, a view parallel to the DNA. TAL effector PthXo1 is shown in brown, except for a single repeat, which is 

highlighted in blue. Each repeat is composed of two alpha helices that project the RVD into the major groove of the DNA. Figure 

created by and included with the permission of Fabio Rinaldi. 

The TAL effector structure also provided further insight into the RVD-nucleotide code itself, 

suggesting different roles for the two amino acids that make up each RVD. Each repeat is a two 

alpha-helix bundle, with the RVD found in a loop that connects the two helices and projects into 

the major groove of the DNA. The first amino acid in each RVD makes stabilizing contacts with 

the previous repeat, while the second interacts with the nucleotide corresponding to that RVD 

(Figure 2.2) [109, 114]. As a result, the second amino acid in each RVD has been designated the 

base specifying residue (BSR) and the specificities of RVDs with the same BSR are generally 

similar [36, 117, 118]. However, the specificities and affinities of even RVDs with the same 

BSR can vary widely. Some amino acids appear unable to perform the stabilizing function 

required of the first amino acid in each RVD, with all RVDs sharing that first amino acid 

exhibiting extremely low affinity for all four nucleotides. In other cases, altering this first amino 

acid simply causes small changes in specificity [36, 118]. The role that the first amino acid of 

each RVD plays in specificity is unclear, but the interaction of this amino acid with neighboring 
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repeats suggests one possible explanation. 

 

The Interactions between Neighboring RVDs and RVD Position 

The original RVD-nucleotide code was determined based on the assumption that each RVD-

nucleotide interaction was independent [16, 17] and this assumption has not prevented the code 

from being used to successfully identify Xanthomonas TAL effector binding sites and to design 

TAL effector CRRs with custom DNA binding specificity. However, even the first high-

throughput survey of TAL effector-binding site interactions, using SELEX to assess the 

specificity of five TAL effectors containing 76 RVDs total, suggested the possibility of context 

effects, such as interactions between neighboring RVDs, as an explanation for three RVDs that 

did not exhibit the specificities predicted by the code [22]. More extensive SELEX surveys of 76 

TAL effectors containing more than 1000 RVDs total, arranged to include all possible neighbor 

pairs composed of the four most common RVDs in both possible orders, showed even stronger 

evidence of neighbor effects. In fact, three of the four most common RVDs (all but HD) had 

significantly different specificities depending on the identity of the RVD in the N- or C-terminal 

neighboring repeat [36]. The interactions between neighboring repeats may include the cryptic 

N-terminal repeats as well. The possibility of such an interaction is suggested by a previous 

study in which the specificity for a T a position zero, encoded by the cryptic repeats, depended 

on the identity of the first RVD [116]. Additionally, the RVD specificity of the three common 

RVDs that do not primarily interact with adenine is significantly altered to favor an adenine 

when these RVDs occur in the first repeat of a TAL effector [36]. The context effects suggested 

by both of these studies also include an effect of RVD position, with RVDs in more C-terminal 

repeats exhibiting lower specificity [36, 116]. More recently, a protein binding microarray 
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survey of 21 TAL effectors against 5,000 to 20,000 binding sites each demonstrated the 

importance of context effects caused by neighboring RVDs, the position of an RVD within a 

TAL effector, and the total length of the TAL effector for accurately predicting the affinity of a 

TAL effector for a given binding site [37]. 

 

Non-RVD Repeat Variation 

Although generally only the RVDs in the CRR have been considered when attempting to 

determine the specificity of a TAL effector, repeats do include some sequence variation outside 

of the RVD that might affect affinity and specificity. Some repeat variants that are of 

significantly different length than typical repeats (30, 39, 40, or 42 amino acids instead of 33 to 

35) have been shown to accommodate a single binding site insertion or deletion by either 

engaging in the TAL effector-DNA interaction or not [119]. These atypical repeats have been 

identified in numerous Xanthomonas TAL effectors, including those with known R and S genes 

targets. The repeats of Xanthomonas TAL effectors are otherwise highly conserved, but TAL 

effector homologs possessed by the plant pathogen Ralstonia solanacearum and the fungal 

endosymbiont Burkholderia rhizoxinica, both with similar CRRs whose RVDs determine DNA 

binding specificity, provide a source of more diverse repeat sequences [113, 120-122]. While not 

found in naturally occurring Xanthomonas TAL effectors, these repeat variants still provide a 

valuable resource for the design of fusion proteins dependent on a CRR from a TAL effector or 

TAL effector homolog for DNA binding specificity, with some repeat variants already shown to 

mediate greater gene activation than those from Xanthomonas TAL effectors [113]. 

 

Genomic Context 
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Even accounting for all of the TAL effector features that might influence specificity, it would 

still be impossible to determine where a TAL effector will bind and if binding will lead to gene 

activation or other TAL effector-fusion directed activity without accounting for the location of 

the binding site within a given genome. The simplest constraint on TAL effector-directed 

transcriptional activation is that TAL effector binding must occur in a promoter to upregulate the 

corresponding gene [16, 17]. Although promoters are often defined as the 1000bp upstream of a 

transcriptional start site, the region from 300bp upstream of the transcriptional start site to 200bp 

downstream is enriched for top binding site predictions that are found in the promoters of 

upregulated genes compared to regions further up or downstream [35]. This suggests that even 

closer proximity to a transcriptional start site may be necessary for a TAL effector to upregulate 

a gene, but that binding does not have to occur upstream of the transcriptional start site. 

Naturally occurring TAL effector binding sites have, in fact, been found downstream of 

transcriptional start sites, in the 5’UTR of a gene. In these cases or in cases where TAL effectors 

bind far upstream of a transcriptional start site, they may shift the transcriptional start site down 

or upstream, respectively [63, 67, 72, 80, 123]. Thus, binding site location can determine not 

only whether TAL effector binding leads to gene activation, but also determines which isoforms 

are then transcribed. An additional potential constraint on TAL effector driven gene activation is 

that the TAL effector must bind on the coding strand, as do all known naturally occurring TAL 

effector binding sites. However, TAL effectors in which the native activation domain has been 

replaced with either the VP16 or VP64 activation domain have been shown to activate genes 

from binding sites on the reverse strand, so this constraint may not hold in all cases [124, 125]. 

 

Epigenomic Context and DNA Accessibility  
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In general, TAL effector fusions can simply be designed to bind near the desired target. 

However, in vitro binding of both TAL effectors and TAL effector derivatives depends not only 

on genomic location, but the status of a given locus in a particular cell. Some TAL effectors 

appear to be relatively insensitive to chromatin status, driving gene expression from promoters in 

regions with active or inactive chromatin with similar efficacy  [126]. However, TAL effectors 

were also found to be unable to bind DNA immediately at a nucleosome dyad [126], and some 

TAL effectors were shown to only drive gene activation from either an active promoter or a 

silenced promoter treated with epigenetic modifiers [127]. Methylation status is potentially an 

even more critical determinant of DNA binding, with methylated cytosine recognized by RVDs 

that typically recognize thymine and not those that typically recognize cytosine [128, 129]. 

While this is a surmountable problem, it does require knowledge of methylation status within a 

cell. Finally, other transcription factors or DNA binding proteins present in vitro may interfere 

with TAL effector binding, although this possibility has not been explored experimentally. 

 
Methods for Predicting TAL Effector Binding Sites 

TALE-NT  

While specificity determinants other than the RVD-nucleotide code may potentially be exploited 

to increase binding specificity, they provide a challenge for TAL effector binding site prediction 

and design tools. The first of these tools that was developed, TALE-NT, is still widely used 

although it accounts for only RVD-nucleotide specificity [130]. TALE-NT binding site 

predictions are made based on the assumption that the probability of an RVD binding a particular 

nucleotide is the same as the observed frequency of that interaction in previous TAL effector-

binding site pairs. Each RVD-nucleotide interaction is also assumed to occur independently and 

identically, regardless of the position of the RVD within a TAL effector. This naturally leads to a 
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model in which the probability of a TAL effector binding a given DNA sequence is the product 

of the probability of each RVD in that TAL effector interacting with each nucleotide in the 

binding site. Interaction probabilities are computed from previously identified TAL effector-

binding site pairs. Pseudocounts are added to the model to allow every RVD some small 

probability of interacting with every nucleotide, while previously unobserved RVDs are assumed 

to be equally likely to bind each nucleotide, as shown in the following equation: 

𝑃𝑅𝑁 =
. 9𝐹𝑅𝑁 + .1(.25)

∑ . (9𝐹𝑅𝑁 + .1(. 25))𝑁={𝐴,𝐶,𝐺,𝑇}
 

where FRN is frequency with which RVD R interacted with nucleotide N in all known TAL 

effector-binding site pairs and PRN is the probability of that same interaction. The TALE-NT 

binding site prediction tool based on this model returns the negative log likelihood of each TAL 

effector-DNA sequence interaction as a score. Users may specific whether a T, a C, or both are 

allowed at position zero, but no probability is assigned to each of these possibilities. By default, 

binding sites are returned if they achieve a score of no more than three times the best possible 

score for any binding site [130]. 

 

TALVEZ and Storyteller 

More recent models of TAL effector binding have begun to relax the assumption that RVD-

nucleotide interactions occur with the same probability regardless of context. Binding prediction 

tool Talvez uses the same multiplicative probability model as Target Finder. The probability of 

each RVD-nucleotide interaction was initially computed from known TAL effector-binding site 

pairs, as in TALE-NT, but unobserved RVDs were assigned the same interaction probabilities as 

the most common RVD sharing a BSR (if any had been observed)  [75]. The resulting 

probabilities were then refined based on performance on a validation dataset of TAL effector-
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binding site pairs.  Unlike TALE-NT, Talvez accounts for the background nucleotide distribution 

in the sequence being searched for binding sites, returning a score that is log of the ratio of the 

likelihood of a given sequence being bound by a specific TAL effector to the likelihood of that 

sequence occurring by chance given the background nucleotide distribution. The TALVEZ 

model accounts for position effects by allowing users the option of using arbitrarily determined 

RVD-nucleotide interaction probabilities that penalize non-optimal RVD-nucleotide interactions 

less heavily after a user-specified position in the TAL effector. TALVEZ also assigns an 

arbitrary probability to the possibility of a T or a C occurring at position zero.  A second tool, 

Storyteller, is presented in the same paper as TALVEZ [75]. Storyteller relies on the RVD-

nucleotide interaction probabilities from TALVEZ to generate numerous sequences that reflect 

the probabilities of each interaction in a given TAL effector. A hidden Markov model is then 

trained on these sequences and used to determine how probable it is that a given candidate 

binding site matches this pattern. For a particular score cutoff, both TALVEZ and Storyteller 

outperform TALE-NT in sensitivity and specificity on the validation set that was used to refine 

the TALVEZ RVD-nucleotide interaction probabilities. Out of eleven binding sites found in the 

same validation set, TALVEZ assigned five of these known binding sites a higher rank among all 

binding sites in the rice promoterome than TALE-NT or Storyteller and it assigned another five 

an equally high rank. No statistical significance is assigned to this difference in performance, but 

it suggests that TALVEZ may outperform TALE-NT and Storyteller [75]. 

 

TALgetter 

The binding prediction tool TALgetter was published at the same time as TALVEZ and 

Storyteller, but uses a very different model of TAL effector-DNA interactions than TALE-NT, 
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TALVEZ, or Storyteller. In TALgetter, each RVD has two possible modes of action  – 

“interacting”, in which case RVD identity determines the probability of a nucleotide at a given 

position, or “non-interacting”, in which case background nucleotide distribution determines the 

probability of a nucleotide at that position [35]. The likelihood of each mode of action is 

intended to capture how important it is that each RVD be involved in a favorable RVD-

nucleotide interaction, with RVDs with the potential for higher affinity interactions having 

greater importance and a great probability of interacting in the model. The probability of each 

RVD interacting with each nucleotide, the probability of each RVD interacting or not, and the 

probability of an A, C, or T at position zero are all estimated from a training dataset. This dataset 

includes both natural TAL effector-binding site pairs and TAL effector-binding site pairs 

evaluated experimentally, with the TAL effectors from a single experiment given the same 

weight as one natural TAL effector-binding site pair. The probability of each RVD interacting 

with each nucleotide, given that it is interacting, was estimated using the Bayesian maximum a-

posteriori principle, allowing the application of an informed prior and non-zero estimates of the 

possibility of interactions not observed in in the training data [35]. The likelihood of a TAL 

effector interacting with a given binding site is then computed by multiplying the independent 

probabilities of each RVD-nucleotide interaction learned computed using this model and a p-

value is assigned to that likelihood based on an empirical distribution of likelihoods computed 

for a collection of randomly generated sequences. Performance of TALgetter and TALE-NT was 

compared based on the assumption that genes with a predicted binding site for a given TAL 

effector in the corresponding promoter should be upregulated in the presence of that TAL 

effector compared to when that TAL effector is not present. For eight rice microarray datasets 

and one Arabidopsis thaliana microarray dataset in which TAL effectors were differentially 
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present, the top binding site predictions from TALgetter were more likely to be found in the 

promoters of upregulated genes than those from TALE-NT in the majority of cases. Although the 

statistical significance of this difference in performance was not determined, these results 

suggest that TALgetter may slightly outperform TALE-NT [35]. However, overall performance 

was poor, with less than 1% of the predictions from either tool found in the promoters of 

upregulated genes in some cases. 

 

SIFTED 

Each of the three tools described above include RVD-nucleotide specificities for at most the 15 

RVDs that occur in TAL effectors with known binding sites, with the exception of TALgetter, 

which includes estimated specificities for four additional RVDs inferred from in vitro binding 

assays [35, 75, 130]. The most recently developed binding site prediction tool, SIFTED, is even 

more limited, including specificities for only the four most common RVDs, but as a result, the 

SIFTED model is able to account for context effects largely ignored by other tools [37]. Unlike 

the first three binding site prediction tools, the parameters of the SIFTED model were learned 

from experimental assessments of the relative affinity of each RVD for each nucleotide in 

multiple contexts. Specifically, 21 TAL effectors containing only the four most common RVDs 

and ranging in length from 9 to 19 repeats were designed to include all possible RVD trimers. 

These TAL effectors were than assayed against binding sites including the code-predicted 

binding site for each TAL effector, as well as all possible single and consecutive dinucleotide 

substitutions compared to the code-predicted binding site. The ΔΔG (relative binding free 

energy) of each TAL effector-binding site pair, compared to the code-predicted binding site, was 

then determined and modeled [37]. The predicted ΔΔG of each individual RVD-nucleotide 
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interaction was modeled as the combination of four factors: the RVD-nucleotide interaction 

itself; the interaction of the immediately adjacent RVDs to the right and left with that RVD-

nucleotide pair; the position of the RVD in the TAL effector; and the length of the TAL effector. 

All RVDs were assumed to be affected in the same way by the length and position effects, but 

interactions with neighboring RVDs depended on the identity of the RVD being affected; the 

nucleotide to which that RVD was bound; and the identity of the neighboring RVD. The ΔΔG 

predicted for each RVD-nucleotide interaction was then used to compute the probability of that 

interaction occurring using the following equation: 

𝑃𝑅𝑁 =
𝑒−∆∆𝐺𝑅𝑁

∑ 𝑒−∆∆𝐺𝑅𝑁
𝑁={𝐴,𝐶,𝐺,𝑇}

 

where ΔΔGRN is the ΔΔG of RVD R interacting with nucleotide N and PRN is the probability of 

that same interaction. The model create from these terms outperformed TALVEZ, TALgetter, 

and TALE-NT at predicting the relative affinity of all TAL effector-binding site pairs for which 

ΔΔG was determined in this study. The SIFTED model including neighbor, length, and position 

effects also significantly outperformed a model trained on the same data, but including only 

RVD-nucleotide interaction terms and no context effects. SIFTED was then compared to TALE-

NT, TALVEZ, and TALgetter by using each tool to predict genomic off-target sites of TAL 

effectors and TALENs. On the TAL effector datasets, SIFTED had the highest median 

performance and on the TALEN dataset, SIFTED had the highest area under the receiver 

operating characteristic curve. Although the statistical significance of these differences in 

performance were not determined, these results suggest that SIFTED may outperform all other 

available TAL effector binding site prediction tools available [37]. 

 

Conclusion 
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The identification of TAL effector binding sites is critical for understanding the role TAL 

effectors play in plant-pathogen interactions and can inform strategies for developing resistant 

crop varieties. Understanding the factors that influence the specificity of the TAL effector DNA 

binding domain and subsequent activity of connected functional domains is also essential for the 

use of this binding domain in sequence specific modification of the genome, epigenome, and 

transcriptome. In particular, identification of off-targets is essential for applications in which off-

targeting could confound experimental results or lead to cell death. The poor specificity (i.e. high 

false positive rate) of current TAL effector binding site prediction tools makes identification of 

both Xanthomonas TAL effector targets and designer binding domain off-targets much more 

challenging and may reflect the fact that many factors that influence TAL effector binding 

specificity are unaccounted for by any of the binding site prediction tools described above. In 

this dissertation, I address several of the specificity determinants unaccounted for by any 

previously developed prediction tools, specifically genomic context and the specificities of 

RVDs evaluated experimentally, but absent from known TAL effector-binding site pairs. I also 

suggest a novel method of improving TAL effector binding site prediction specificity using 

knowledge of TAL effector conservation across Xanthomonas strains. 
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CHAPTER 3: CODE-ASSISTED DISCOVERY OF TAL EFFECTOR TARGETS IN 

BACTERIAL LEAF STREAK OF RICE REVEALS CONTRAST WITH BACTERIAL 

BLIGHT AND A NOVEL SUSCEPTIBILITY GENE
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Abstract 

Bacterial leaf streak of rice, caused by Xanthomonas oryzae pv. oryzicola (Xoc) is an 

increasingly important yield constraint in this staple crop. A mesophyll colonizer, Xoc differs 

from X. oryzae pv. oryzae (Xoo), which invades xylem to cause bacterial blight of rice. Both 

produce multiple distinct TAL effectors, type III-delivered proteins that transactivate effector-

specific host genes. A TAL effector finds its target(s) via a partially degenerate code whereby the 

modular effector amino acid sequence identifies nucleotide sequences to which the protein binds. 

Virulence contributions of some Xoo TAL effectors have been shown, and their relevant targets, 

susceptibility (S) genes, identified, but the role of TAL effectors in leaf streak is uncharacterized. 

We used host transcript profiling to compare leaf streak to blight and to probe functions of Xoc 

TAL effectors. We found that Xoc and Xoo induce almost completely different host 

transcriptional changes. Roughly one in three genes upregulated by the pathogens is preceded by 
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a candidate TAL effector binding element. Experimental analysis of the 44 such genes predicted 

to be Xoc TAL effector targets verified nearly half, and identified most others as false 

predictions. None of the Xoc targets is a known bacterial blight S gene. Mutational analysis 

revealed that Tal2g, which activates two genes, contributes to lesion expansion and bacterial 

exudation. Use of designer TAL effectors discriminated a sulfate transporter gene as the S gene. 

Across all targets, basal expression tended to be higher than genome-average, and induction 

moderate. Finally, machine learning applied to real vs. falsely predicted targets yielded a 

classifier that recalled 92% of the real targets with 88% precision, providing a tool for better 

target prediction in the future. Our study expands the number of known TAL effector targets, 

identifies a new class of S gene, and improves our ability to predict functional targeting. 

Author Summary 

Many crop and ornamental plants suffer losses due to bacterial pathogens in the genus 

Xanthomonas. Pathogen manipulation of host gene expression by injected proteins called TAL 

effectors is important in many of these diseases. A TAL effector finds its gene target(s) by virtue 

of structural repeats in the protein that differ one from another at two amino acids that together 

identify one DNA base. The number of repeats and those amino acids thereby code for the DNA 

sequence the protein binds. This code allows target prediction and engineering TAL effectors for 

custom gene activation. By combining genome-wide analysis of gene expression with TAL 

effector binding site prediction and verification using designer TAL effectors, we identified 19 

targets of TAL effectors in bacterial leaf streak of rice, a disease of growing importance 

worldwide caused by X. oryzae pv. oryzicola. Among these was a sulfate transport gene that 

plays a major role. Comparison of true vs. false predictions using machine learning yielded a 

classifier that will streamline TAL effector target identification in the future. Probing the 
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diversity and functions of such plant genes is critical to expand our knowledge of disease and 

defense mechanisms, and open new avenues for effective disease control. 

Introduction 

Bacterial leaf streak of rice (Oryza sativa), caused by Xanthomonas oryzae pv. oryzicola (Xoc), 

and bacterial blight of rice, caused by the closely related Xanthomonas oryzae pv. oryzae (Xoo) 

are important constraints to production of this staple crop in many parts of the world. Yield 

losses as high as 50% for blight and 30% for leaf streak have been documented [131]. Leaf steak 

in particular appears to be growing in importance, as high-yielding but susceptible hybrid 

varieties of rice are increasingly adopted (C. Vera-Cruz and G. Laha, personal communications). 

Xoc enters through leaf stomata or wounds and interacts with mesophyll parenchyma cells to 

colonize the mesophyll apoplast, causing interveinal, watersoaked lesions that develop into 

necrotic streaks. Quantitative trait loci for resistance to leaf streak have been characterized [132], 

but native major gene resistance has yet to be identified. In contrast, Xoo typically enters through 

hydathodes or wounds and travels through the xylem, interacting with xylem parenchyma cells 

through the pit membranes, and typically resulting in wide necrotic lesions along the leaf 

margins or following veins down the center of the leaf. Only in later stages of disease 

development does Xoo colonize the mesophyll. Also in contrast to leaf streak, roughly 30 

independent genes for resistance (R) to blight have been identified and seven molecularly 

characterized [133, 134]. The basis for the distinct tissue specificities of Xoc and Xoo and the 

disparity in known host resistance, despite the genetic similarity of the two pathogens, is not 

known. 

Virulence of Xoo, and of Xanthomonas that infect citrus, cotton, or pepper, is influenced by 

transcription activator-like (TAL) effectors [52, 53, 59, 65, 66, 69, 72, 135-138]. Widespread in 
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Xanthomonas, TAL effectors are proteins delivered into the plant cell via type III secretion (T3S) 

that transactivate effector-specific host genes [12, 63]. If activation is important for disease, the 

target is considered a susceptibility (S) gene [66]. Individual Xoo strains harbor multiple, distinct 

TAL effector (tal) genes [137], and several blight S genes have been identified. The first of these 

were Os8N3 (a sugar transporter gene family member also and hereafter referred to as 

OsSWEET11), the bZIP transcription factor OsTFXI, and the transcription initiation factor 

TFIIAI, upregulated respectively by TAL effectors PthXo1, PthXo6, and PthXo7 of Xoo strain 

PXO99
A
 [65, 66]. More recently, the closely related OsSWEET11 paralog OsSWEET14 (also 

Os11N3) was discovered to be an S gene targeted by several distinct TAL effectors from other 

strains [7, 72, 139]. A third close paralog upregulated during infection by some strains, 

OsSWEET12, also functions as an S gene, though a TAL effector that upregulates it has not yet 

been reported [7, 140]. The recessive blight R genes xa13 and xa25 are promoter variant alleles 

of OsSWEET11 and OsSWEET12, respectively, that are not activated by the corresponding TAL 

effector (or presumed TAL effector in the case of OsSWEET12) [66, 140]. Some TAL effectors 

induce host resistance by transcriptionally activating a type of dominant R gene that triggers 

local cell death when expressed, for example the archetypal TAL effector AvrBs3 from the 

pepper pathogen X. euvesicatoria [50], which activates the pepper Bs3 gene for resistance to 

bacterial spot [12], and the Xoo effector AvrXa27, from strain PXO99
A
, which induces the rice R 

gene Xa27 [11]. Like Xoo, Xoc strains harbor multiple tal genes [137, 141]. However, though 

the T3S system through which TAL effectors travel is required for leaf streak [142], the role of 

Xoc TAL effectors in disease is uncharacterized, and no leaf streak S genes have been identified. 

TAL effectors find their targets via a structurally modular mechanism that allows prediction of 

DNA specificity and customization to target nucleotide sequences of choice [16, 17, 19, 27, 29]. 
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The modules are tandem repeats of a 33-35 amino acid sequence, exhibiting polymorphism at 

residues 12 and 13, together called the repeat variable diresidue (RVD). Different RVDs were 

shown computationally and experimentally, and later structurally to each specify a single 

nucleotide through direct interaction with (or exclusion of other bases by) the residue 13 side 

chain, such that the string of RVDs presented by the repeats “encodes” the sequence of the so-

called TAL effector binding element (EBE) on the DNA [16, 17, 109, 114]. The RVD nucleotide 

associations observed in nature are not strictly one to one, however [17]. Indeed, all known 

natural EBEs contain one or more mismatches to the corresponding TAL effector RVD 

sequence, a mismatch being a base different from the one most commonly associated with the 

RVD. Furthermore, some RVDs have dual or even entirely lax specificity. So, the TAL effector-

DNA binding code is partially degenerate, rendering target prediction probabilistic [17, 130]. 

Finally, EBEs in nature are almost all directly preceded by a 5’ thymine (T) that has been shown, 

in the few studied cases, to be important for TAL effector-driven gene activation as well as full 

affinity DNA binding [16, 123, 143]. The single known exception, EBETalC in the promoter of 

OsSWEET14, displays a cytosine (C). Although the effect of substituting a T was not tested 

directly, a perfect match EBE for TalC, with a T at base 0 and corrected mismatches at two other 

locations indeed showed higher activity [69] 

In this study, we sought to better understand bacterial leaf streak in relation to bacterial blight, 

particularly with an eye toward identifying determinants of tissue specificity, and to examine the 

roles of Xoc TAL effectors in disease. We began by comparing transcription profiles in Xoc-, 

Xoo-, and mock-inoculated plants by microarray analysis. We then combined the transcriptomic 

data with computational identification of candidate EBEs to predict TAL effector targets, and 

carried out experiments to differentiate real from falsely predicted ones. Screening a TAL 
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effector mutant library of Xoc, we next identified a TAL effector that plays a major role in 

virulence, and we discriminated from among its two targets the first known S gene for leaf 

streak, in part by using designer TAL effectors to independently activate the genes. Using our 

complete list of newly discovered targets as well as the previously identified Xoo targets 

represented in our dataset, we next examined general characteristics of TAL effector driven gene 

expression. Finally, in an attempt to better discriminate real targets from falsely predicted ones in 

the future, prior to experimentation, we used machine learning to train a classifier on primary 

and contextual features of EBEs in the respective groups. Our results provide new insight into 

bacterial leaf streak, increase the number of known natural TAL effector combinations by 20, 

identify a new class of S gene, and advance our understanding of and ability to predict functional 

targeting by TAL effectors. 

Results 

X. oryzae pv. oryzicola BLS256 and X. oryzae pv. oryzae PXO99
A
 induce largely different 

gene expression changes in rice leaves 

We initially set out to determine whether there are differences in host genome-wide expression 

patterns during bacterial leaf streak vs. bacterial blight that might help to explain the different 

tissue specificity of Xoc and Xoo. Using a vacuum infiltration method developed from a dipping 

method we showed previously to be effective for both pathovars [144], we inoculated rice (cv. 

Nipponbare) plants en masse with Xoc strain BLS256 (hereafter Xoc refers to this strain unless 

otherwise specified), Xoo strain PXO99
A
 (likewise), or a mock inoculum, harvested leaves at 2, 

4, 8, 24, and 96 hours thereafter, and quantified transcript levels in these leaves for the roughly 

56,000 annotated rice genes in parallel using the Affymetrix GeneChip® Rice Genome Array 

[145]. We focused our analysis on patterns of expression across the time course rather than 
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expression levels at a particular time point and examined three pairwise comparisons, Xoc vs. 

mock, Xoo vs. mock, and Xoc vs. Xoo (see Materials and Methods). A total of 505 genes 

showed significantly different expression profile patterns (q ≤ 0.3; see Materials and Methods) in 

one or more of the pairwise comparisons (Figure 3.1). Eighty and 94 genes were differentially 

expressed uniquely in response to Xoc or Xoo, respectively (Figure 3.1; Table S3.1 and Table 

S3.2). Only five genes were differentially expressed both in response to Xoc and Xoo relative to 

mock, three similarly between Xoc- and Xoo- and two with different patterns in Xoc- vs. Xoo-

inoculated plants (Figure 3.1; Table S3.3). Strikingly, all of the statistically significantly 

differentially expressed genes showed patterns of upregulation in response to Xoc or Xoo. 

Expression patterns of the ten or fewer most significantly differentially expressed genes in 

response to Xoc, Xoo, or both are shown in Figure 3.2.  

 

Figure 3.1. Rice transcriptional responses to Xanthomonas oryzae pv. oryzicola BLS256 (Xoc) or X. oryzae pv. oryzae 

PXO99A (Xoo). Distribution of genes differentially expressed over a 96(see Materials and Methods) in response to either strain 

relative to a mock inoculation is shown. Each circle of the Venn diagram represents a different pairwise comparison of 

treatments, as indicated in non-bold text. Results are based on mixed linear model analysis using four biological replicates for 

each time point of the study and an estimated false discovery rate of 0.3. The intersections represent the genes differentially 

expressed uniquely in response to the different treatments, indicated in bold text. Note that differentially expressed uniquely in 

response to mock means differentially expressed similarly in Xoc and Xoo relative to mock, and differentially expressed uniquely 

in response to all three treatments means differentially expressed both in Xoc and Xoo relative to mock, but also differentially 

between Xoc and Xoo. Also, since differential expression in a given pairwise comparison is determined using a statistical cutoff, 

transitive predictions, i.e., A = B and B = C, therefore A = C, may not hold. 
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Figure 3.2. Expression patterns of the most significantly differentially expressed rice genes. Normalized least square means 

of signal intensities (y-axis) at 2, 4, 8, 24, and 96 h after inoculation (x-axis) with X. oryzae pv. oryzicola BLS256 (Xoc), X. 

oryzae pv. oryzae strain PXO99A (Xoo) or mock control are plotted for the genes most significantly differentially expressed 

relative to mock uniquely in response to Xoc (Xoc only), uniquely in response to Xoo (Xoo only), similarly in response to Xoc 

and Xoo (Xoc and Xoo similarly), and differently in response to Xoc and Xoo (Xoc and Xoo differently). Where two probe sets 

correspond to the same gene, the one with the lower q-value was selected for display. Locus IDs are given at right, omitting the 

prefix “LOC_Os”. Results were derived from a mixed linear model analysis with four replicates. Vertical bars represent standard 

error. Asterisks mark previously identified targets of Xoo TAL effectors, TFIIaγ1(Os01g73890) and OsSWEET11 (Os08g42350), 

activated by PthXo7 and PthXo1, respectively. Daggers flag Xoc TAL effector targets discovered in this study. 

Singular enrichment analysis [146] of gene ontology (GO) for all Xoc- and Xoo-upregulated 

genes revealed broad differences in the major categories represented (Table S3.4 and Table 

S3.5). Six significant GO terms were identified for Xoc-induced genes. Four of these are 
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categorized under biological processes and include coenzyme metabolic, cofactor metabolic, 

sulfur metabolic and, cellular amino acid derivative metabolic processes. The other two, catalytic 

and oxidoreductase activities, are grouped under molecular function (Table S3.4). For Xoo-

induced genes, the significant terms all fall within the cellular component category, including 

membrane-bounded vesicle, vesicle, cytoplasmic membrane-bounded vesicle, and cytoplasmic 

vesicle (Table S3.5). The most abundant ontology category for genes induced by Xoc was 

catalytic activity, and included several glutathione S-transferase and oxidase genes (Table S3.4). 

These were part of a large group of Xoc-induced genes, distributed among several categories, 

with annotations that suggest roles in reactive oxygen species detoxification and redox status 

control (assembled together in Table S3.6).  

Among the complete list of Xoo-induced genes are each of the bacterial blight S genes 

previously reported to be induced by PXO99
A
 TAL effectors, OsSWEET11 (Os08g42350), 

OsTFXI (Os09g29820), and TFIIAI (Os01g73890) (Table S3.2 and Table S3.7). Notably, none 

of these three genes nor any of the OsSWEET11 paralogs reported to function as bacterial blight 

S genes [7, 72, 140], was activated following inoculation with Xoc. Thus, host genome wide 

expression patterns during bacterial leaf streak vs. bacterial blight are almost completely 

different. 

 

The most significant gene expression changes depend on bacterial type III secretion  

The TAL effector inventories in Xoc and Xoo are entirely distinct. Xoc harbors 26 unique, intact 

TAL effector genes and Xoo 14, with no shared predicted EBEs based on RVD sequences [141, 

147]. The inventories of predicted non-TAL type III effectors in Xoc and Xoo are similar, but six 

effector genes present in Xoc are absent from or pseudogenized in Xoo and several minor 
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polymorphisms exist among the shared genes [141]. As a first step to determine the extent to 

which differences in TAL or other type III effector content might account for the differences in 

rice global transcription patterns we observed, we asked whether T3S is required for induction of 

the top ten rice genes most significantly induced uniquely following inoculation with Xoc, the 

top ten induced by Xoo, and all five induced in common by both strains. We compared by semi-

quantitative RT-PCR transcript accumulation after inoculation with the wild type strains or with 

T3S-deficient derivatives BLS256hrcCˉ [142] and PXO99
A
ME7 [66]. Induction of each gene 

required bacterial T3S (Figure 3.3 and [65, 66]). Among the top ten Xoo-induced genes are the 

TAL effector targets OsSWEET11 (Os08g42350) and TFIIa1 (Os01g73890). The patterns of 

induction of each of the top Xoc- or Xoo-induced genes revealed by the genome-wide expression 

analysis described in the previous section vary, but some are similar to that of OsSWEET11 and 

TFIIa1 (Figure 3.2). This similarity and the T3S-dependence of expression suggested that some 

of these and perhaps others in the complete lists of induced genes are targets of TAL effectors. 
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Figure 3.3. Type III secretion system dependence of the most significant rice gene expression changes. RT-PCR results 

reflecting transcript abundance are shown for rice genes identified by GeneChip expression analysis as the ten (or fewer) most 

significantly differentially expressed in response to (A) X. oryzae pv. oryzicola BLS256 (Xoc), (B) X. oryzae pv. oryzae strain 

PXO99A (Xoo), (C) Xoc and Xoo similarly, or (D) Xoc and Xoo to different extents. Leaf samples were harvested at 36 hours 

after inoculation with wild-type strains or with the type III secretion (T3S−) deficient derivatives. RT-PCR results for previously 

reported Xoo-induced genes, OsSWEET11 and TFIIAγ1 [65, 66], are omitted. An actin gene (Os04g57210) that is not 

differentially expressed was used as a reference for relative transcript abundance across samples. The experiment was repeated 

twice and yielded the same results. 

 

Many upregulated genes are predicted targets of TAL effectors 

To identify TAL effector targets, we first used the scoring function we developed previously 

based on observed RVD-nucleotide association frequencies [17, 130] to scan in silico all 

annotated rice gene promoters (the promoterome) [130] for candidate EBEs for any of the 40 

total TAL effectors present in Xoc and Xoo [141, 147]. Some of these TAL effectors have new 
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RVDs whose specificities have not been characterized. The scoring function by default treats 

new RVDs as wild cards, equally likely to specify any base. However, since structural studies 

revealed that the second residue of each RVD makes the base-specific contacts while the first 

stabilizes the inter-helical loop that projects that second residue into the major groove of the 

DNA [109, 114], we used the specificities of common RVDs for any new RVDs that share the 

same second position residue. These were limited to two RVDs found in Xoc TAL effector 

Tal2g, ‘SN’ for which we substituted nucleotide association frequencies of ‘NN’, and ‘YG’ for 

which we substituted those of ‘NG’. Candidate EBEs were required to be directly preceded by a 

T at the 5’ end and, for each TAL effector, to score below a cutoff calculated based on the 

distribution of scores for that effector (see Materials and Methods). This list was then cross-

referenced to the GeneChip expression data, and genes with one or more candidate EBEs in the 

promoter that were also induced following inoculation with the corresponding strain were 

retained as predicted targets (Table S3.7). 

 Thirty-five of these are genes induced by Xoc (three of the 35 are also induced by Xoo), 

and they collectively contain candidate EBEs for 19 out of the 26 Xoc TAL effectors. Twenty-

nine are genes induced by Xoo (five are also induced by Xoc), and they together contain putative 

EBEs for all 14 of the unique Xoo TAL effectors (Tal7a and 7b are identical to Tal8a and 8b, 

respectively). The latter include each of the three previously demonstrated targets of Xoo (i.e., 

PXO99
A
) TAL effectors in Nipponbare, OsSWEET11 targeted by PthXo1, OsTFXI targeted by 

PthXo6, and TFIIAI targeted by PthXo7 [65, 66, 143] (the AvrXa27-activated allele of Xa27 is 

not present in Nipponbare). Among the five genes induced in common by Xoc and by Xoo, two 

were predicted to be targeted by a TAL effector from Xoo but not by one from Xoc 

(Os01g58240 by Tal4 and Os01g40290 by Tal7b/8b of Xoo). In the other three, sequence 
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distinct, candidate EBEs for one or more TAL effectors from each strain were found in the 

promoters (EBEs for Tal2c and Tal3b of Xoc and AvrXa27 and Tal9b of Xoo in Os03g03034, 

for Tal1c and Tal3a of Xoc and Tal9a of Xoo in Os07g06970, and for Tal5a and Tal11a of Xoc 

and Tal9e of Xoo in Os02g15290).  

 Of the 35 total genes induced by Xoc that harbor a candidate EBE for an Xoc TAL 

effector, eight harbor EBEs for more than one. Likewise, of the 29 Xoo-induced genes that 

match an Xoo TAL effector, four genes contain EBEs for multiple Xoo TAL effectors. These 

results suggest for both pathovars a partial redundancy among effectors for some targets. The 

Xoc-induced gene Os06g14750 and the Xoo-induced gene Os07g11510 contain overlapping 

candidate EBEs for three TAL effectors each from those strains, Tal2a, Tal1c, and Tal11b, and 

PthXo6, Tal2a, and Tal5a, respectively.  

 The number of predicted targets for individual TAL effectors varies. In the case of Xoc, 

we identified five predicted targets each for Tal3b and Tal6, and one of the predicted Tal6 

targets, Os12g42970, harbors two candidate Tal6 EBEs. Five Xoc TAL effectors, Tal2c, Tal5a, 

Tal8, Tal9b and Tal11b, have only one predicted target each. For Xoo, we predicted seven 

targets for PthXo6 and one target each for PthXo1, PthXo7, Tal6a, Tal7a/8a, Tal9d, and Tal9e. 

AvrXa27 had 5 predicted targets, two of which, Os06g03080 and Os06g03120, are paralogs 

nearly identical in their coding sequences and both represented by a single probeset. The 

promoters of these genes share the same AvrXa27 EBE (one of two AvrXa27 EBEs in 

Os06g03120), but are otherwise distinct.  

 In sum, all but a few of the TAL effectors of Xoc and Xoo have candidate binding sites in 

a gene upregulated by that strain; a total of 61 out of 179, or roughly one-third, of the genes 

induced following inoculation with Xoc, Xoo, or either strain are predicted targets of those TAL 
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effectors; and within these predictions multiple targets per TAL effector as well as multiple TAL 

effectors per target were observed. 

 

Experimentation verifies 19 targets for X. oryzae pv. oryzicola BLS256 TAL effectors 

The next step was to determine which predicted TAL effector targets are real targets. Because 

several S genes for bacterial blight of rice have been characterized and all are TAL effector 

targets, while no S genes have yet been identified for bacterial leaf streak and the roles of TAL 

effectors in this disease have not been explored, we focused on the 44 TAL effector-target pairs 

predicted for Xoc (Table 3.1, taking Tal6 and Os12g42970, with its two Tal6 EBEs, as one pair). 

To identify real targets, we used both TAL effector loss of function and gain of function assays 

to test TAL effector dependence of expression. First we generated a library of Xoc TAL effector 

mutant strains by marker exchange mutagenesis. By mapping the mutation in several strains, we 

identified loss of function derivatives for all but one (Tal2a) of the TAL effectors for which we 

had predicted a target. And, we cloned each of the TAL effectors into a broad host range plasmid 

for complementation and heterologous expression (gain of function). Then we assessed by RT-

PCR whether any TAL effector mutant strain failed to activate any of the corresponding 

predicted targets of that TAL effector, and for any that did, whether the cloned effector 

specifically complemented the mutation to restore activation. In parallel, we expressed each TAL 

effector in strain EB08 of the soybean pathogen X. axonopodis pv. glycines (Xag) [80], which 

neither causes symptoms nor elicits a hypersensitive reaction when inoculated to rice (cv. 

Nipponbare), and determined whether the transformants specifically activated corresponding 

targets. 

The results verified 19 of the 44 predicted Xoc TAL-effector targets as real (Table 3.1 and 
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Figure S3.1; the Tal2a target was verified only by the gain of function experiment). Another 20 

were shown not to be activated by the corresponding TAL effector and are hereafter referred to 

as falsely predicted targets. The remaining five could not be tested because transcript was not 

detected by RT-PCR, despite induction according to the GeneChip expression data. Interestingly, 

multiple predicted targets were verified for some TAL effectors, however, for each of the eight 

genes predicted to be targeted by multiple TAL effectors, only activation by one of those TAL 

effectors was verified. 
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Table 3.1. Predicted X. oryzae pv. oryzicola BL256 TAL effector targets in rice (cv. Nipponbare) induced during infection and results of verification experiments.
a
 

TAL 

effector 

Target 

Locus ID
b
 Probe set ID(s) 

Fold 

change 

2-96h 

Xoc
c
 

Fold 

change 

Mock- 

Xoc 

96h
d
 

q 

(Mock- 

Xoc)
e
 

EBE 

Score
f
 

EBE 

rel. 

score
g
 

EBE 

rank
h
 

EBE to 

TLS
i
 

EBE to 

TXS
j
 

EBE 

to 

TATA 

box
k
 

EBE 

to Y 

patch
l
 

Induced by 

Description 

tal gene 

knockout 

strain 

of Xoc
l
 

Xag  

expressing 

the tal 

gene
m

 

Tal4a 01g27210 Os.7911.1.S1_at 1.63 1.66 1.8E-01 29.22 2.85 341 253 143 -50 none + - Glutathione S-transferase, putative, 

expressed 

Tal6 01g31220 Os.6438.1.S1_a_at 

Os.6438.2.S1_x_at 

1.48 

1.48 

1.53 

1.52 

8.0E-02 

1.1E-02 

18.75 2.38 685 157 152 none 33 - + Expressed protein 

Tal2d 01g51040 Os.53457.1.S1_at 2.30 2.23 1.9E-01 14.32 2.19 324 527 none -328 0 + - Transmembrane protein 16K, 

putative, expressed 

Tal9b 01g51040 Os.53457.1.S1_at 2.30 2.23 1.9E-01 14.07 2.81 275 18 0 -299 none - + Transmembrane protein 16K, 

putative, expressed 

Tal2g 01g52130 Os.41841.1.S1_at 13.00 9.59 1.3E-06 13.94 1.97 77 427 58 28 none - + Sulfate transporter, putative, 

expressed 

Tal3b 01g53220 Os.35681.1.S1_at 3.50 4.12 2.2E-06 17.72 2.92 611 146 -5 -137 none nd nd HSF-type DNA-binding domain 

containing protein, expressed 

Tal6 02g14770 Os.2450.1.S1_a_at 

Os.2450.3.S1_x_at 

1.88 

1.85 

1.77 

1.55 

1.3E-02 

6.8E-02 

18.48 2.35 569 92 48 -70 -37 + - Phosphoenolpyruvate carboxylase, 

putative, expressed 

Tal11a 02g15290 Os.56119.1.S1_at 1.72 4.93 4.1E-07 20.15 3.18 582 422 none -288 none + - VQ domain containing protein, 

putative, expressed 

Tal5a 02g15290 Os.56119.1.S1_at 1.72 4.93 4.1E-07 23.32 1.88 107 148 30 -3 -180 - + VQ domain containing protein, 

putative, expressed 

Tal7 02g15710 OsAffx.2629.1.S1_at 5.70 5.52 8.4E-02 15.75 1.94 265 951 none 150 434 nd nd Plastocyanin-like domain containing 

protein, putative, expressed 

Tal3b 02g34970 Os.47735.1.S1_at 9.07 5.31 4.0E-07 15.33 2.53 75 110 29 -282 none - + No apical meristem protein, putative, 

expressed 
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Tal2a 02g43760 Os.1349.1.S1_at 

OsAffx.2950.1.S1_s_at 

1.25 

1.23 

1.45 

1.32 

1.7E-03 

5.3E-03 

15.87 1.75 21 521 none -334 -5 nd + Ubiquitin carboxyl-terminal 

hydrolase, family 1, putative, 

expressed 

Tal7 02g43760 Os.1349.1.S1_at 

OsAffx.2950.1.S1_s_at 

1.25 

1.23 

1.45 

1.32 

1.7E-03 

5.3E-03 

16.45 2.03 547 628 341 17 117 + - Ubiquitin carboxyl-terminal 

hydrolase, family 1, putative, 

expressed 

Tal3c 02g47660 Os.7751.1.S1_at 2.25 2.24 1.9E-03 10.93 1.92 53 140 -63 -98 none - + Basic helix-loop-helix, putative, 

expressed 

Tal4c 02g47660 Os.7751.1.S1_at 2.25 2.24 1.9E-03 24.73 3.01 434 367 310 -25 none + - Basic helix-loop-helix, putative, 

expressed 

Tal2c 03g03034 Os.10510.1.S1_at 

Os.53217.1.S1_x_at 

1.49 

1.26 

3.11 

2.83 

1.1E-02 

6.8E-02 

19.55 1.83 0 142 114 -779 6 - + Flavonol synthase/flavanone 3-

hydroxylase, putative, expressed 

Tal3b 03g03034 Os.10510.1.S1_at 

Os.53217.1.S1_x_at 

1.49 

1.26 

3.11 

2.83 

1.1E-02 

6.8E-02 

16.73 2.76 258 759 567 none none + - Flavonol synthase/flavanone 3-

hydroxylase, putative, expressed 

Tal11a 03g05370 OsAffx.24978.1.S1_at 10.98 13.02 5.2E-04 17.39 2.74 307 798 331 526 none + - Expressed protein 

Tal3c 03g07540 OsAffx.3165.1.S1_at 6.33 3.84 3.6E-02 12.33 2.17 350 248 99 -625 none - + bHLH family protein, putative, 

expressed 

Tal7 03g25490 Os.34992.2.S1_at 2.10 2.02 3.8E-05 16.32 2.01 494 199 30 -363 9 + - Cytochrome P450 72A1, putative, 

expressed 

Tal4a 03g37840 Os.20541.1.S1_at 2.24 1.96 2.2E-04 15.58 1.52 0 362 151 -3 none - + Potassium transporter, putative, 

expressed 

Tal2d 04g49194 Os.17316.1.S1_at 22.42 10.49 3.9E-07 8.22 1.26 0 101 26 -715 none - + Naringenin,2-oxoglutarate 3-

dioxygenase, putative, expressed 

Tal3a 05g12450 OsAffx.26856.1.S1_at 1.81 1.34 2.3E-01 16.07 2.01 294 446 315 none none + - Hydroquinone glucosyltransferase, 

putative, expressed 

Tal3b 05g27590 Os.57186.1.S1_at 2.40 4.42 3.4E-08 11.40 1.88 2 103 33 -1 none - + Wound-induced protein WI12, 

putative, expressed 
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Tal11b 06g14750 OsAffx.15432.1.S1_at 1.29 1.30 2.0E-01 12.44 2.77 129 313 195 160 -15 + - Phosphatidylinositol-4-phosphate 5-

Kinase family protein, putative, 

expressed 

Tal1c 06g14750 OsAffx.15432.1.S1_at 1.29 1.30 2.0E-01 12.00 2.44 256 178 47 none none + - Phosphatidylinositol-4-phosphate 5-

Kinase family protein, putative, 

expressed 

Tal2a 06g14750 OsAffx.15432.1.S1_at 1.29 1.30 2.0E-01 17.59 1.94 88 79 -22 -618 -33 nd - Phosphatidylinositol-4-phosphate 5-

Kinase family protein, putative, 

expressed 

Tal4c 06g37080 Os.16282.1.A1_at 

OsAffx.15788.1.S1_at 

5.54 

11.84 

7.15 

9.94 

2.7E-10 

6.3E-09 

14.64 1.78 0 150 39 -1 none - + L-ascorbate oxidase precursor, 

putative, expressed 

Tal8 06g37080 Os.16282.1.A1_at 

OsAffx.15788.1.S1_at 

5.54 

11.84 

7.15 

9.94 

2.7E-10 

6.3E-09 

19.92 2.32 605 661 560 -36 548 + - L-ascorbate oxidase precursor, 

putative, expressed 

Tal2g 06g46500 Os.49496.1.S1_at 6.40 6.88 4.3E-08 14.27 2.01 117 89 59 -489 -47 - + Monocopper oxidase, putative, 

expressed 

Tal11a 06g47950 OsAffx.15977.1.S1_s_at 1.78 1.67 2.8E-02 16.20 2.55 19 527 none -328 0 nd nd Tetratricopeptide-like helical, 

putative, expressed 

Tal1c 07g06970 Os.49794.1.S1_at 2.95 2.27 1.3E-02 5.97 1.22 0 216 24 none none - + HEN1, putative, expressed 

Tal3a 07g06970 Os.49794.1.S1_at 2.95 2.27 1.3E-02 16.21 2.03 354 930 815 444 none + - HEN1, putative, expressed 

Tal4c 07g29750 Os.46631.1.S1_x_at 6.69 5.05 3.4E-07 25.09 3.05 557 233 30 -5 none + - Glycosyl hydrolases family 16, 

putative, expressed 

Tal4b 07g34510 Os.51294.1.S1_at 0.95 1.00 2.8E-01 8.88 1.63 33 302 151 -425 none nd nd Retrotransposon protein, putative, 

unclassified, expressed 

Tal3b 07g36430 Os.31021.1.S1_at 2.53 2.40 2.6E-02 15.78 2.6 108 117 31 -4 none - + Expressed protein 

Tal6 07g47790 Os.8920.1.S1_at 4.16 8.41 3.6E-02 13.38 1.7 8 798 610 -192 694 + - AP2 domain containing protein, 

expressed 

Tal4a 09g20220 Os.4759.1.S1_at 2.17 2.38 4.9E-02 28.93 2.83 280 170 139 -751 34 + - Glutathione S-transferase, putative, 

expressed 
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Tal2d 09g23560 Os.5983.1.S1_at 2.19 5.02 2.8E-01 14.19 2.17 288 525 none none 93 nd nd Dehydrogenase, putative, expressed 

Tal6 09g29100 Os.18607.1.S1_at 1.64 1.97 3.6E-02 17.00 2.13 167 0 0 0 0 - + Cyclin, putative, expressed 

Tal4b 09g32100 Os.16365.1.S1_at 3.34 2.45 8.0E-03 8.15 1.5 16 270 84 21 none - + Expressed protein 

Tal9a 11g01480 Os.18448.1.S1_s_at 

OsAffx.30765.1.S1_at 

5.42 

5.74 

3.94 

4.10 

8.2E-06 

5.4E-06 

19.71 2.56 206 776 621 365 none + - MYB family transcription factor, 

putative, expressed 

Tal9a 12g01490 Os.18448.1.S1_at 5.21 3.92 2.6E-05 19.71 2.56 205 302 191 151 none + - MYB family transcription factor, 

putative, expressed 

Tal6 12g42970 Os.11382.1.S1_at 2.31 1.65 2.2E-04 16.84 2.14 139 132 30 -565 12 - + GATA zinc finger domain containing 

protein, expressed 

Tal6 12g42970 Os.11382.1.S1_at 2.31 1.65 2.2E-04 18.27 2.32 411 107 5 -590 -13 - + GATA zinc finger domain containing 

protein, expressed 

 

a 
Expression values are from the GeneChip expression experiment; see Materials and Methods.  

b 
Prefix “LOC_Os” is omitted. 

c
 Fold change in transcript abundance in leaves at 96h relative to 2h after inoculation with X. oryzae pv. oryzicola BLS256 (Xoc). 

d
 Fold change in transcript abundance at 96h in Xoc-inoculated leaves relative to mock-inoculated leaves. 

e
 Calculated for the comparison of transcript abundance in Xoc vs. mock inoculated leaves across all time points. 

f
 Score is according to Doyle et al. [130] except that new RVDs ‘SN’ and ‘YG’, present in Tal2g were assigned nucleotide association 

frequencies of ‘NN’ and ‘NG’, respectively (see text). 

g
 EBE relative score, ratio of the observed EBE score to the best possible score for the TAL effector [130]. 

h
 EBE rank among the single best scoring sites for the TAL effector in each rice promoter [130]. 
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i
 Distance in bases from the 5' end of the EBE to the translational start site (TLS) of the target locus; a positive value indicates a 

location downstream of the EBE. 

j
 Distance in bases from the 5' end of the EBE to the transcriptional start site (TXS) based on cDNA evidence in the Rice Genome 

Annotation Project Release 7 (http://rice.plantbiology.msu.edu/); a positive value indicates a location downstream of the EBE; none, 

cDNA evidence of TXS missing. 

k
 Distance in bases from the 5' end of the EBE to the nearest identified putative TATA box; a positive value indicates a location 

downstream of the EBE; none,  putative TATA box not present. 

l
 Distance in bases from the 5' end of the EBE to the nearest identified putative Y patch; a positive value indicates a location 

downstream of the EBE; none, putative Y patch not present. 

m
 Results of RT-PCR 48h after inoculation, relative to a negative control inoculation (see Supplemental Figure S3.1);  Xoc, X. oryzae 

pv. oryzicola BLS256; Xag, X. axonopodis pv glycines EB08; +, induced; -, not induced; nd, transcript not detected by RT-PCR (in 

each case, amplification by standard PCR from genomic DNA as template was confirmed). 

 

 

http://rice.plantbiology.msu.edu/
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Most X. oryzae pv. oryzicola BLS256 TAL effectors have no significant role in virulence 

Having identified 19 targets of Xoc TAL effectors, the next challenge was to ascertain whether 

any are S genes for bacterial leaf streak. Barring redundancy, i.e., targeting of the same S gene by 

multiple TAL effectors, which our verification experiments excluded for each target tested, loss 

of a TAL effector that activates an important S gene should by definition result in a reduction of 

virulence. We therefore first quantified the virulence of each of several mutant strains of Xoc to 

identify such TAL effectors, using a lesion length assay (Figure 3.4).  

 

Figure 3.4. Virulence of X. oryzae pv. oryzicola BLS256 tal gene knockout strains. (A) Suicide plasmid pSM7 (Table S3.8) 

used for tal gene knockouts by homologous recombination in BLS256. pSM7 harbors a 4.5-kb PstI fragment containing all but 

the first 80 bp of the ORF of tal gene aB4.5 [138] with an insertion of the EZ-Tn5 <NotI/KAN-3> transposon (Epicentre) in 

repeat 9, in pBluescript II KS(+) (Agilent), which does not replicate in Xanthomonas. The transposon provides kanamycin 

resistance for selection. Because the tal ORF is truncated at the 5′ end, either a single or double recombination that retains the 

transposon results in a tal gene knockout. Double recombination can knock out clustered tal genes. The 4.5 kb PstI fragment also 

includes the first 85 bp of the avrXa10 tal gene downstream of ab4.5, which might increase the likelihood of complex 

recombination. (B) Virulence assay used to characterize knockout strains. Suspensions of mutant and wild-type cells are 

inoculated side by side via leaf infiltration of 4-week old plants using a needless syringe, and expansion of lesions from the 

inoculation site (circle), as shown for mutant M27 in this example, is measured after 7 days. (C) Virulence of knockout strains 

and mapped endpoints of integrations. Only strains with single integrations as determined by Southern blot (not shown) were 

further characterized. Integration endpoints were mapped by PCR amplification of flanking DNA, using transposon-specific and 
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tal gene conserved end specific primers, and sequencing. BLS256 tal gene polymorphisms in most cases enabled unambiguous 

mapping. Virulence results are plotted left to right in the histogram by integration location, indicated by dashed lines pointing to a 

linearized representation of the genome, above, with individual tal gene clusters indicated by black bars and magnified at top to 

show gene content and orientation using block arrows. An apostrophe denotes a pseudogene. At bottom, integration endpoints for 

each mutant strain are given, by tal gene. A dash means the endpoint could not be unambiguously determined. A superscript “X” 

after the mutant strain designation denotes an apparent complex recombination, suggested by the 5′ endpoint mapping 

downstream of the 3′ endpoint. In the histogram, an asterisk indicates significantly reduced virulence (p<0.01, N = 10) relative to 

wild type. Assays were repeated at least three times with consistent results. 

Collectively, the mutants account for all 26 Xoc TAL effectors except Tal2a, for which a mutant 

was not isolated. Assayed on rice cv. Nipponbare plants, only mutations that map on at least one 

side to the 3’ end of the tal2 cluster, i.e., involving tal2f or tal2g, or that map to the tal11 cluster, 

which contains tal11a and tal11b, were associated with significantly reduced virulence, 49-64% 

and 64-79%, respectively. Thus, most of the Xoc TAL effectors, in the context of the 

Nipponbare host genotype, appear not to make any non-redundant, major contributions to 

virulence. Interestingly, this includes the TAL effectors that activate genes induced in common 

by Xoc and Xoo, Tal1c, Tal2c, and Tal5a (Table 3.1, Table S3.3, and Table S3.7).  

 

Tal2g is a major virulence factor of Xanthomonas oryzae pv. oryzicola BLS256 

Of the few Xoc TAL effectors pinpointed by the mutational analysis as possible virulence factors 

that might lead us to one or more S genes (Tal2f, Tal2g, Tal11a, and Tal11b), we had verified 

targets only for Tal2g (Table 3.1). From the code- and GeneChip expression-based analysis, 

Tal2f had no predicted targets, and two of the three predicted targets of Tal11a and the sole 

predicted target of Tal11b were shown not to be actual targets by the loss- and gain-of-function 

RT-PCR experiments (Table 3.1). So, we focused on Tal2g. Of the three mutant strains in which 

the mutation endpoints map within or flanking Tal2g (Figure 3.4: M27, M30, and M134), we 

chose mutant M27 for further characterization. In M27, the marker exchange endpoints suggest a 

complex recombination, with a disrupted tal2f on the 5’ end and a disrupted tal2b’, a pseudogene 

that resides 5’ of tal2f in the native chromosome, on the 3’ end. Because the apparent complex 
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recombination might have affected several genes in the cluster, we assayed each tal2 gene (tal2a, 

-c, -d, -e, -f, and -g), individually on a plasmid, for the ability to complement M27. Only tal2g 

restored virulence to M27 in the lesion length assay, and it did so fully, confirming Tal2g as the 

sole virulence factor among the TAL effectors whose expression is disrupted in this mutant 

(Figure 3.5A). The marker exchange endpoints in M27 could be explained by a double crossover 

between tal2b′ and tal2g, concurrent with the marker exchange crossovers, that positioned tal2b′ 

sequences at the 3′ endpoint of the exchange, with the 5′ end in tal2f, disrupting tal2g but not 

affecting tal2c, tal2d, or tal2e. Consistent with this, the verified targets of Tal2c and Tal2d 

(Os03g03034 and Os04g49194) are induced by M27 (Figure S3.2). 

 

Figure 3.5. Virulence contribution of X. oryzae pv. oryzicola BLS256 TAL effector Tal2g. (A) Lengths of lesions caused by 

X. oryzae pv. oryzicola BLS256 (WT), the tal2g knockout derivative M27 carrying an empty plasmid vector (ev), and M27 

carrying the vector with the cloned tal2g gene, measured as in Figure 3.4, but at 10 days after infiltration. The asterisk indicates a 

significant difference relative to WT (p<0.01). Error bars represent standard deviation (N≥10). (B) Total and surface (exudate) 

bacterial populations of leaves seven days after inoculation with the strains in panel A. The asterisk indicates a significant 

difference relative to WT (p<0.01). Error bars represent standard deviation (N≥6). Experiments were repeated three times with 

consistent results. 

 

Curiously, the total population of M27 isolated from leaf homogenates at seven days after 

inoculation was not significantly different from that of the wild type (Figure 3.5B). However, we 

observed less bacterial exudate on the surface of M27-inoculated leaves than on leaves 

inoculated with wild type (see Figure 3.4B). When surface bacteria were isolated and quantified 

(see Materials and Methods), M27 indeed showed nearly a 400-fold reduction relative to the wild 
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type, and Tal2g on a plasmid fully restored wild type levels of exudate (Figure 3.5B). Thus, 

Tal2g is a major virulence factor in bacterial leaf streak that functions both in lesion expansion 

and exudation of bacteria to the leaf surface.  

 

A sulfate transporter gene targeted by Tal2g is a major susceptibility gene for bacterial leaf 

streak 

The two verified targets of Tal2g, Os06g46500, encoding a predicted monocopper oxidase, and 

Os01g52130, encoding a predicted sulfate transporter, OsSULTR3;6 [148], are among the most 

significantly induced genes in the GeneChip expression dataset (Table S3.1). To test whether 

either is a biologically relevant target, i.e., an S gene, we engineered designer TAL effectors 

(dTALEs) to specifically activate each target individually, and we tested the ability of these 

dTALEs to restore virulence to M27 (Figure 3.6). Assayed by RT-PCR, in syringe infiltrated 

leaves dTALE dT434 expressed in M27 specifically induced the monocopper oxidase gene, and 

dTALEs dT436 or dT437 induced OsSULTR3;6, each similarly to wild type and to M27 

expressing Tal2g (Figure 3.6B). In the lesion length assay, dT436 and dT437 each restored full 

virulence to M27, whereas dT434 made no significant difference (Figure 3.6C). When surface 

bacterial populations were quantified over time at the inoculation site, and spread of bacteria 

over time was measured by quantifying total populations in contiguous leaf segments at and 

extending from the inoculation site, M27 expressing dT437 and M27 expressing Tal2g behaved 

the same as the wild type, whereas M27 expressing dT434 showed a reduction in surface 

population and slowed population spread equivalent to M27 carrying the empty vector (Figure 

3.6D and Figure 3.6E). Scanning the rice promoterome for candidate EBEs as in our original 

search for potential Xoc and Xoo TAL effector targets, we found no overlap between candidate 
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off-targets of dT436 and dT437, or between off-targets of either with genes harboring a potential 

Tal2g EBE. Together, the data therefore indicate that OsSULTR3;6 is the relevant Tal2g target 

and a major S gene for bacterial leaf streak. 

 

Figure 3.6. Determination of Os01g52130 as the relevant target of Tal2g using designer TAL effectors. (A) DNA sequence 
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of the promoter regions of Tal2g induced genes Os06g46500 and Os01g52130 in rice cv. Nipponbare. The effector binding 

elements (EBEs) for Tal2g are in bold. The EBEs for designer TAL effectors dT434 targeting Os06g46500 and dT436 and dT437 

targeting Os01g52130 are underlined and labeled above. Periods indicate transcriptional start sites and italics indicate 

translational start sites, per the Rice Genome Annotation Project (Release 7, http://rice.plantbiology.msu.edu). (B) Activation of 

Os06g46500 and Os1g52130 by Tal2g, and specific activation respectively of Os06g46500 and Os01g52130 by dT434, and 

dT436 or dT437. Shown are the results of RT-PCR amplification from leaf RNA isolated 48 h after inoculation by infiltration 

with X. oryzae pv. oryzicola BLS256 (WT), the tal2g knockout derivative M27 carrying an empty plasmid vector (ev), M27 

carrying the vector with the cloned tal2g gene, or M27 carrying the vector with coding sequences for dT434, dT436, or dT437 as 

indicated. The actin gene Os04g57210 was used as a reference for relative transcript abundance across samples. (C) Rescue of 

the virulence defect of M27 by dT436 or dT437 but not dT434 in the lesion length assay. Lesion lengths were measured as in 

Figure 3.4, 10 days after inoculation with the indicated strains. Values labeled with the same letter are not significantly different 

and those labeled with different letters are (Student's t-test, p<0.01). Error bars represent standard deviation (N≥10). Experiments 

were repeated twice with consistent results. (D) A rice (cv. Nipponbare) leaf showing bacterial leaf streak symptoms two days 

after inoculation with a suspension of WT cells at an OD600 of 0.5 (approximately 1×108 CFU/ml) by infiltration using a 

needleless syringe over a 4 mm diameter leaf area, and labeled to indicate the site of inoculation, at which surface bacterial 

populations were quantified, and the three 12 mm long leaf sections in which total bacterial populations were quantified, as 

presented in panel E. (E) Restoration of the surface population and the total population spread of M27 to wild-type levels by 

dTAL437 but not dTAL434. Populations were quantified at 2, 5, 8 and 11 days after inoculation. Results are the means and 

standard deviations of samples from three leaves; nd, not detected. At each time point (not across time points), values labeled 

with the same letter are not significantly different, and those labeled with different letters are (Student's t-test p<0.0001). 

 

Functional characterization of Tal2g EBEs and similarly scored sequences supports 

presumed specificities of new RVDs ‘SN’ and ‘YG’ 

As described above, in our search for TAL effector targets, we used specificity values of ‘NN’ 

and ‘NG’ for the ‘SN’ and ‘YG’ RVDs that are found in Tal2g. As might be expected, the list of 

candidate Tal2g EBEs generated using these values differed from a second list we generated in 

parallel using the default, wild card values. Specifically, in the default scoring list, the verified 

(but apparently collateral) Tal2g target Os06g46500 did not make the cutoff (Materials and 

Methods) to be considered a candidate (indeed no sequence from any Xoc-induced gene beside 

OsSULTR3;6 scored well enough in this list to be a considered a candidate), indicating that 

substituting the RVD specificity values allowed us to capture an otherwise false negative.  

To further probe the validity of substituting the values, we tested the function of two candidate 

EBEs from the default scoring list that each scored better (lower; see Materials and Methods) 

than the (default-scored) EBEs in the two verified targets, but that displayed a mismatch to one 

or each of the two new RVDs in Tal2g based on the presumed specificities of those RVDs 

(Figure 3.7A). Though not induced by Xoc, both of the corresponding genes, Os06g13880 and 
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Os12g36920, are induced by Xoo (Table S3.2), indicating that they are euchromatic. Also, the 

default-scored candidate EBEs, at 139 bp and 86 bp upstream of the respective annotated 

transcriptional start sites, are each within the range of locations displayed by the EBEs in all the 

targets verified in this study (152 bp or less; Table 3.1), so failure to be induced by Xoc likely 

does not relate to suboptimal EBE localization.  

 

Figure 3.7. Functional characterization of selected rice promoter sequences similar to the verified Tal2g EBEs. (A) 

Alignment of selected rice promoter sequences (from loci Os06g13880, Os12g36920, and Os05g10650; see text) and EBEs from 

the verified Tal2g targets Os01g52130 (OsSULTR3;6) and Os06g46500 with the corresponding sequence of repeat variable 

diresidues (RVD) of Tal2g. Position (Pos) is that of the 5′ end relative to the annotated transcriptional start site. Rare RVDs ‘YG’ 

and ‘SN’ of Tal2g are in bold. Scores were calculated according to [130], either substituting the nucleotide association 

frequencies of common RVDs ‘NN’ and ‘NG’ for the new RVDs ‘SN’ and ‘YG’ (“Sub Scores”) or using the default wild card 

specificity values for the new RVDs (“Def Scores”). An asterisk indicates that the score is outside the cutoff to be considered a 

candidate EBE for Tal2g, calculated independently for each scoring method. Nucleotide mismatches to the new RVDs using the 

substituted specificities are underlined, as is a (5′) mismatch in the 06g13880 sequence to the first RVD (‘NN’) of Tal2g. 

Whether a gene is induced (Ind) upon infection by Xanthomonas oryzae pv. oryzicola BLS256 is indicated by a plus or minus 

sign at right. (B) Activity of the selected sequences in an Agrobacterium-mediated transient transformation based reporter assay 

in Nicotiana benthamiana leaves [143]. In this assay, a TAL effector gene (none, tal2g, or avrBs3) driven by the 35S promoter is 

introduced together with the GUS gene under the control of a minimal promoter from the pepper Bs3 gene, with the test sequence 

inserted slightly upstream of the native EBE for AvrBs3 (AvrBs3 is the TAL effector from the pepper pathogen X. euvesicatoria 

that activates Bs3 upon infection). The inserted sequences are indicated by locus ID on the X axis; “(–)” indicates the minimal 

Bs3 promoter with only the AvrBs3 EBE and no added sequence. Error bars represent standard deviation (N = 3). Experiments 

were repeated twice with consistent results. (C) Activity and specificity of the EBEs from the two verified targets of Tal2g, as in 

panel B. 

 

We also chose to test a third sequence with a mismatch to one of the new RVDs, that scored just 
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above the cutoff in the default scoring list (Figure 3.7A) and was therefore not considered a 

candidate, but was nonetheless in the promoter of an Xoc-induced gene Os05g10650 (Table 

S3.1), and therefore a potential false negative in that list. To test the function of the three 

sequences, we used a transient, Agrobacterium-mediated, TAL effector-driven reporter gene 

expression assay in Nicotiana benthamiana [143]. None of the sequences, inserted into a 343 bp 

fragment of the pepper Bs3 promoter, just upstream of the native EBE for the cognate TAL 

effector AvrBs3 [16], rendered the reporter responsive to Tal2g (Figure 3.7B). In contrast, the 

EBEs from the verified targets of Tal2g resulted in strong and specific induction of the reporter 

by Tal2g similar to induction of the unamended reporter by AvrBs3 (Figure 3.7C).  

Thus, in addition to capturing the verified target Os06g46500 as a candidate, the substituted 

scoring correctly classifies the Os12g36920 and Os05g10650 sequences as non-candidates 

(scored above the cutoff). The substituted scoring scores the Os06g13880 sequence as worse 

than the EBEs of the two verified targets, consistent with its lack of activity, but still calls it a 

candidate. This incongruity might be explained by the observation that the Os06g13880 

sequence displays a mismatch to the first RVD of Tal2g (Figure 3.7A), and mismatches at the 5’ 

end and especially at the first position have been shown to more strongly negatively affect 

activity than mismatches elsewhere [116] a phenomenon not accounted for by the scoring 

function. Taken together, the observations overall support the assignment of the common RVD 

specificities for those of the new cognate RVDs, in agreement with the inference from published 

structural data discussed earlier. 

 

Target upregulation by TAL effectors on average is moderate 

Returning to our list of 19 new, verified TAL effector-target pairs, we next sought to determine 
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whether the expression patterns of the targets might reveal general characteristics of TAL 

effector-driven gene expression. Using the normalized (log2 transformed) GeneChip expression 

data, we began by comparing the average transcript levels of the targets at two hours after 

inoculation in mock- or Xoc-inoculated plants to expression levels of 1) the 20 falsely predicted 

targets, 2) all genes differentially expressed (DE) in the Xoc vs. mock comparison, and 3) all 

genes represented on the array (Figure 3.8).  

 

Figure 3.8. Expression levels of probesets associated with X. oryzae pv. oryzicola BLS256 (Xoc) TAL effector targets 

relative to other probesets. Individual box plots show average normalized expression values over time for probesets associated 

with verified (real) Xoc TAL effector targets, probesets associated with genes predicted but shown not to be targeted by an Xoc 

TAL effector (falsely predicted targets), all probesets differentially expressed (DE) in the mock vs. Xoc comparison at q≤0.3, or 

all probesets on the chip. The top row of plots shows data from mock-inoculated plants and the bottom row data from plants 

inoculated with Xoc. For each plot, the central bar indicates the median value and the top and bottom of the box indicate the 75th 

percentile and the 25th percentile, respectively. Whiskers indicate the most extreme data points above and below the median that 

are not outliers, calculated as ≤1.5*(75th percentile – 25th percentile) above the 75th percentile or below the 25th percentile. 

Outliers are plotted individually. Boxplots were made using the ‘boxplot()’ function of the statistical software package R 

(www.r-project.org). 

 

This average basal expression level of the targets was nearly identical in mock- and Xoc-

inoculated plants, similar to that of the falsely predicted targets, slightly higher than that of all 

genes DE in the mock vs. Xoc comparison, and markedly higher than the average expression 

level for all genes under either condition at any time point (4.4). Indeed, the majority (14 of 19) 

of the targets showed basal levels (two hours after inoculation with Xoc) higher than that average 

(Table S3.7; for the analyses presented here and throughout this section, genes represented by 
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two probesets in any table were assigned the average values of those probesets). The target with 

the highest normalized basal expression level was Os03g37840 targeted by Tal4a, at 7.6, 

approximately 1.7 times the genome-wide average at that time for either Xoc- or mock-

inoculated plants.  

We next examined expression at two hours after Xoc inoculation relative to expression at 96 

hours after that treatment. The average fold induction (Table 3.1 and Table S3.7) of the targets 

(calculated as 2
average(X-Y)

, where fold induction of a gene is defined as 2
(X-Y)

 for the difference 

between normalized expression values X and Y; see Materials and Methods) was 3.3, compared 

to an average of 2.7 for the falsely predicted targets (Table 3.1 and Table S3.7) and 2.6 for all the 

genes DE in the Xoc vs. mock comparison (Table S3.1 and Table S3.3). Compared to the 

average for all 19 targets, induction of 11 of the 14 targets with higher than average basal 

expression levels was moderate, from the overall minimum of 1.2-fold, exhibited by the Tal2a 

target Os02g43760, to 3.3-fold, whereas the five targets basally expressed at or below the 

average for the genome were induced 1.6- to 9.1-fold. The remaining three targets, which were 

expressed at higher than average basal levels, varied in their induction from 6.4- to the overall 

high of 22.4-fold exhibited by the Tal2d target Os04g49194. This latter value was second only to 

the 34.2-fold induction of Os01g40290 (Table S3.1), a gene not predicted to be an Xoc TAL 

effector target. The normalized expression value for the Tal2d target Os04g49194 at 96 hours 

after Xoc inoculation, 9.4, was also near the maximum across the genome for that time point and 

treatment, 10.7 (Os11g47970, probeset Os.11573.2.A2_a_at). Right behind was the sulfate 

transporter S gene Os01g52130 targeted by Tal2g, exhibiting induction of 13.0-fold to an 

expression level of 9.1. Overall, though there was not a perfect inverse correlation between basal 

expression level and fold-induction, expression levels of all targets at 96 hours after Xoc 
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inoculation varied relatively little, averaging 6.9 (standard deviation, SD,1.3), suggesting that 

regardless of initial target expression level, TAL effectors may generally induce genes to a 

similar final level. 

Extending the analysis to the four known Xoo TAL effector-target pairs represented in our data 

(Table S3.7), we found that the average basal expression (i.e., two hours following Xoo 

infection) was 5.4 (SD 0.6), nearly identical to the average basal expression of Xoc TAL effector 

targets (5.2 with SD 1.3). One of the Xoo TAL effector targets (Os07g06970 targeted by Tal9a, 

also targeted by Tal1c of Xoc) was expressed basally at near genome-average levels. It was 

moderately induced, 5.0-fold, by 96 hours after Xoo inoculation. The other three, like the 

majority of the Xoc TAL effector targets, were each basally expressed at higher than average 

levels. Two of these, Os01g73890 ( ) and Os09g29820 (OsTFX1), targeted by PthXo7 

and PthXo6, respectively, also showed relatively low fold induction (3.2- and 2.2-fold, 

respectively). The overall average fold induction, 4.9, was higher than that of the Xoc TAL 

effector targets, but this number is skewed by the large change, 17.1-fold, in expression of the 

third target initially expressed at higher than average levels, Os08g42350 (OsSWEET11) targeted 

by PthXo1. Despite the small sample size, and with the PthXo1 target as a notable exception, the 

pattern of expression and fold-induction of the Xoo TAL effector targets overall was similar to 

that observed for Xoc TAL effector targets, tending toward higher than average initial levels and 

relatively moderate induction.  

 

EBE features are predictive of real targets 

Finally, to better understand targeting and to improve prediction, we asked whether there are 

features of EBEs in the real targets we identified that distinguish them from those in our falsely 
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predicted targets. Indeed, inspection of the features listed in Table 3.1 revealed some that appear 

to be characteristic of EBEs in real targets (we included both Tal6 EBEs in Os12g42970 in this 

analysis, for a total of 20 EBEs in real targets). First, on average, EBEs in real targets had lower 

relative scores. The relative score is the ratio of the actual score for a TAL effector-target 

alignment to the hypothetical score of that TAL effector aligned with its perfect match target; it 

allows comparison across TAL effectors, which is otherwise not possible because repeat number 

and RVD composition affect actual score [130]. The average relative score for EBEs in real 

targets was 1.98 (range 1.22-2.81), while for falsely predicted targets it was 2.47 (range 1.70-

3.18). Second, EBEs in real targets generally ranked more highly in the collection of scores for 

the TAL effector across all rice promoters than the EBEs in the falsely predicted targets did: 16 

of the 20 in real targets ranked in the top 200, with an average rank of 137 across all 20, while 17 

of the 20 in falsely predicted targets ranked lower than 200, with an average rank of 347 for all 

20. Finally, the maximum distance of an EBE in a real target from the annotated transcriptional 

start site was 152 bp upstream, with an average of 47 bp upstream (based on 19 that have an 

annotated TXS, out of the 20 total; range, 152 bp upstream to 63 bp downstream), whereas for 

the falsely predicted targets, the EBEs were anywhere from 22 bp downstream to 815 bp 

upstream, with an average distance of 293 bp upstream (based on the 18 with an annotated TXS). 

Proximity to a TATA box did not appear to correlate independently: nine of the EBEs in real and 

six of the EBEs in falsely predicted targets are within 100 bp of a TATA box. 

To test whether the apparent differences in EBE features could be used to computationally 

discriminate between real and falsely predicted TAL effector targets and thereby improve future 

prediction, we took a machine learning approach and trained several Naive Bayes and logistic 

regression classifiers using combinations of relative score, rank, distance to TXS, and proximity 
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to a TATA box, as well as actual score, distance to translational start site (TLS), and distance to 

a Y patch, a core promoter motif commonly found in plants [149]. For this analysis, we included 

also the known Xoo (PXO99
A
) TAL effector targets in Nipponbare, each of which, as noted 

above, was among our predictions (Table S3.7). Classifiers were generated using leave-one-out 

cross validation, a method that determines model parameters using all but one of the EBEs as the 

training set and then asks whether the resulting classifier correctly calls the remaining EBE. This 

is repeated with each EBE in turn to optimize the model. Recall, precision, and other metrics are 

computed based on the number of EBEs classified correctly using this procedure. A Naive Bayes 

classifier trained on all features achieved the highest recall, capturing 92% of the real targets 

(Table 3.2). The precision (percent of positives called that are true positives) of the classifier was 

88% (Table 3.2), and no other classifier had a significantly better area under the receiver 

operating characteristic curve (AUC; Figure S3.2), a measure of the tradeoff between recall and 

precision. Notably, a logistic regression classifier using the distance to transcriptional start site 

alone achieved a recall almost as high as that achieved using all features, and had a similar AUC 

(Table 3.2 and Figure S3.2). 

Table 3.2. Performance of a Naive Bayes classifier trained on all EBE features and of a logistic regression classifier 

trained on distance to transcriptional start site (TXS) using leave-one-out cross validation.
a
 

Features Accuracy Precision Recall F measure MCC AUC 

All .89 .88 .92 .90 .77 .88 

Distance to TXS .87 .88 .88 .88 .73 .87 

a
 See text for features included. Accuracy, precision, and recall are at the maximum F measure 

obtained by varying the discrimination threshold. Using TP, TN, FP, FN to represent numbers of 

true positives, true negatives, false positives, and false negatives, respectively, accuracy is 

(𝑇𝑃 + 𝑇𝑁) (𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁)⁄ , precision is 𝑇𝑃 (𝑇𝑃 + 𝐹𝑃)⁄ , recall is 𝑇𝑃 (𝑇𝑃 + 𝐹𝑁)⁄ , F 

measure is (2 × 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙) (𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙)⁄ , MCC (Matthews correlation 
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coefficient) is (𝑇𝑃 × 𝑇𝑁 − 𝐹𝑃 × 𝐹𝑁) (√(𝑇𝑃 + 𝐹𝑃)(𝑇𝑃 + 𝐹𝑁)(𝑇𝑁 + 𝐹𝑁)(𝑇𝑁 + 𝐹𝑃))⁄ , and 

AUC is the area under the receiver operating characteristic curve, a curve created by plotting TP 

vs. FP as the discrimination threshold is varied. 

 

Discussion 

In this study we integrated genome-wide expression profiling, computational prediction using the 

TAL effector-DNA binding code, and functional analyses, and identified a TAL effector target in 

rice, OsSULTR3;6, that plays a major role in susceptibility of this staple crop species to a disease 

of increasing global importance, bacterial leaf streak of rice. Key to identifying the S gene was 

targeted gene activation using designer TAL effectors. Encoding a predicted sulfate transporter, 

the gene represents a new class of TAL effector-induced S gene, distinct from the handful that 

has been identified for bacterial blight of rice. Indeed, we discovered that overall, pathogen-

induced host transcriptional changes in leaf streak are almost entirely different from those that 

take place during blight. We found that the T3S-translocated TAL effectors of the leaf streak 

pathogen are responsible, at a minimum, for nearly a quarter (19/85 genes) of the differential 

host gene expression during infection that we detected. We identified Tal2g as the major Xoc 

virulence factor that upregulates OsSULTR3;6, and demonstrated that that upregulation 

contributes specifically to lesion expansion and bacterial exudation. We learned that, on average, 

TAL effector targets are expressed basally at higher than genome average levels and induced to a 

moderate extent, though OsSULTR3;6 and the blight S gene OsSWEET11 were exceptions, as 

two of the most highly induced genes in our dataset. Finally, the targets we identified and 

predictions we verified to be false allowed us to generate a Naive Bayes classifier that can be 

used in the future to identify the strongest candidate TAL effector targets prior to verification 
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experiments, and that may also help optimize targeting with dTALEs. These advances leave the 

key question about tissue specificity unanswered, and raise other questions, but they open 

promising new avenues of inquiry. Also, they highlight gaps in our understanding of gene 

activation by TAL effectors, and point to challenges that remain in code-assisted discovery of 

TAL effector targets, but they demonstrate nonetheless the power of the approach we used to 

rapidly dissect interactions between TAL effector-wielding pathogens and their hosts.  

 

Tissue specificity and the role of TAL effectors 

Regarding the basis for the tissue specificity of Xoc relative to Xoo, the markedly distinct 

patterns of host global gene expression during bacterial leaf streak compared to bacterial blight 

suggest a role for host gene manipulation by the pathogens. The results of the gene ontology 

enrichment analysis we carried out on the differentially expressed genes raise the intriguing 

possibility that Xoc is uniquely able to control redox status, preventing or dampening the 

defense-associated oxidative burst and or affecting redox-dependent signaling pathways in the 

mesophyll. In a preliminary experiment to test this possibility, we observed that Xoc-inoculated 

leaves do show reduced overall H2O2 content at 96 h after inoculation relative to Xoo- and mock-

inoculated plants (Figure S3.4). The reduction could relate to reduced photosynthesis, as leaves 

are beginning to exhibit watersoaking by this time, but it could be the direct consequence of 

Xoc-dependent changes in transcript levels of the redox-modulating genes, as Xoo-infected 

plants also exhibit watersoaking by 96 hrs, yet are unaltered in their H202 content relative to 

mock inoculated plants.  

In contrast, the abundance of membrane associated and vesicle associated terms unique to the 

Xoo-induced genes is consistent with an ability to manipulate trafficking pathways that might 
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result in nutrient export from xylem parenchyma cells into the nutrient-poor xylem, an ability 

Xoc may lack. This possibility aligns with the presumed role of the blight S gene OsSWEET11 as 

a sucrose exporter.  

The extent to which TAL effectors account for the genome-wide differences in gene expression 

is uncertain. We observed previously that TAL effectors in Xoc and Xoo diversified subsequent 

to or in concert with divergence of the two pathovars [141], so it is tempting to assume a 

determinative role for TAL effectors in tissue specificity. However, despite our demonstration 

that 19 out of the 85 genes induced by Xoc are TAL effector targets, the numbers of identified 

targets, particularly for Xoo, are still too few to draw any conclusions from ontology enrichment 

analysis of just the targets. But note that targets of TAL effectors from each pathovar include one 

or more distinct transcription factor or putative transcription factor (bHLH family) genes: the 

ontology enrichment results just discussed might reflect a pervasive and determinative role of 

TAL effectors, through both direct and indirect effects on global gene expression patterns. 

Genetic manipulation of host cells tailored to the different conditions in the mesophyll apolplast 

vs. the xylem is a compelling hypothesis, but one might expect some generic manipulation 

important for colonization both by Xoc and Xoo as well. Curiously, neither of the two genes 

targeted by TAL effectors from both pathovars, the OsHen1 RNA methylase gene Os07g06970 

or the VQ domain containing protein gene Os02g15290, appears to play an important role in leaf 

streak, based on the observation that the corresponding TAL effector mutant strains M87 (tal1c) 

and M38 (tal5a) were not significantly reduced in virulence (Figure 3.4). Possible roles of these 

targets in blight remain to be tested. 

 

Virulence contributions of Xoc TAL effectors  



 

73 

Despite the fact that exactly half of the Xoc TAL effectors were found to activate specific 

targets, most of the Xoc TAL effectors appear not to play a significant role in virulence, raising 

the question why the pathogen harbors all 26. We screened over 150 pSM7 integrants of Xoc to 

find that ones showing significantly reduced lesion lengths when inoculated to rice cv. 

Nipponbare mapped exclusively to tal clusters 2 or 11 (Figure 3.4 shows representative mutants). 

We narrowed this further to those that affect tal2g or the two tal11 genes.  We confirmed the 

virulence contribution of tal2g by complementation, but we did not do the same for the tal11 

mutants, leaving open the possibility even that the reduced virulence of the tal11a and tal11b 

mutants was due to ectopic mutation. The lack of a detectable virulence contribution for most 

Xoc TAL effectors is not unlike observations for Xoo, in which TAL effectors contribute to 

virulence to different extents, with typically only one or two out of many per strain playing a 

major role [137, 138]. Three possible reasons for the phenomenon come to mind, none mutually 

exclusive. First, the non-contributing TAL effectors may be important in host genotypes other 

than Nipponbare, in which promoter polymorphisms can influence targeting, or in plants at 

different growth stages from the one we assayed, in which the physiological context might 

change the gene activation requirements for leaf streak. Second, having many clusters of tal 

genes in the genome, even if most are inconsequential to infection, might provide a selective 

advantage over time by increasing the likelihood of recombination for adaptation to new host 

genotypes [150]. Finally, the contributions might be redundant, or subtle, similar to those of non-

TAL type III effectors [151]. Though predicted, we confirmed no redundant targeting by Xoc 

TAL effectors. Rather, the functions of distinct targets could themselves be redundant or 

epistatic to one another, a scenario that would have escaped detection in our study, but again 

would provide a pathogen advantage in the face of host genotypic variation. Regarding subtle 
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contributions of individual TAL effectors, they might collectively cause an essential 

perturbation.  

 

The role of Tal2g and its relevant target 

The importance of Tal2g and the sulfate transporter gene it upregulates for lesion expansion and 

bacterial exudation is reminiscent of the phenotype associated with TAL effector Avrb6 of the 

cotton (Gossypium hirsutum) pathogen X. campestris pv malvacearum. Strains carrying the 

avrb6 gene cause larger water-soaked symptoms that correlate with more bacterial release to the 

leaf surface [135]. It has been proposed that bacterial exit and accumulation onto the leaf surface 

is advantageous as a means of dissemination, particularly for pathogens like Xoc that do not 

cause systemic infections [45, 52, 152]. AvrBs3 causes cell hypertrophy that may achieve this by 

reducing the volume of the apoplast and squeezing bacteria out to the surface, by inducing the 

pepper cell size regulatory gene UPA20 [52, 63]. PthA of X. citri triggers developmental changes 

that result in canker formation and rupture, releasing bacteria to the leaf surface [153]. Its target 

has not been reported. We have seen no evidence of hyperplasia or hypertrophy in available 

micrographs of Xoc infected rice leaves, nor in electron micrographs we have generated, and 

examined more closely in a future study. We hypothesize though that, as suggested by the effect 

of Avrb6 (the target of which is also yet to be reported), the enhanced watersoaking conferred by 

Tal2g upregulation of OsSULTR3;6 facilitates bacterial egress. 

The rice cv. Nipponbare genome encodes 14 sulfate transporter genes phylogenetically divided 

into 5 groups [148, 154]. OsSULTR3;6 belongs to the less well characterized group 3 that 

includes 5 additional members. None of the additional members is induced by Xoc (i.e., they are 

absent from Table S3.1). A recent report demonstrated a role for the Arabidopsis group 3 sulfate 
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transporter AtSULTR3;1 in pH-dependent sulfate uptake by chloroplasts [155]. The chloroplast is 

a main site for sulfate reductive assimilation for the synthesis of cysteine, which together with 

glutathione maintains the antioxidant capacity of the cytosol [156-158]. AtSULTR3;2, 

AtSULTR3;3 and AtSULTR3;4 also were shown to contribute [155]. In contrast, the last member 

of the group, AtSULTR3;5, is plasma membrane localized and cooperates in roots with the low 

affinity transporter AtSULTR2;1 under sulfur deficiency to increase sulfate uptake capacity for 

root-to-shoot vascular transport [159]. The Tal2g target OsSULTR3;6 is most similar to 

AtSULTR3;5 (57% identity) yet is expressed, in the absence of Xoc infection, primarily in seeds 

during later stages of seed development [148]. The physiological consequence of the recruitment 

of high OsSULTR3;6 expression to mesophyll cells by Tal2g is therefore challenging to predict. 

Given the M27 phenotype, an attractive hypothesis is that it alters antioxidant capacity, 

impinging on redox signaling to dampen defense and allow more rapid induction of 

watersoaking by the pathogen. Another possibility is that it enhances watersoaking more directly, 

either through a redox-controlled mechanism or simply by altering osmotic equilibrium.  

In L. japonica, the group 3 sulfate transporter gene sst1, which is more similar to OsSULTR3;6 

(56% identity) than to any other member of the gene family in rice, is essential for normal nodule 

development and symbiotic nitrogen fixation [160]. Its ortholog in poplar (Populus trichocarpa), 

PtSultr3;5, is among most highly induced transcripts during the establishment of symbiosis with 

the fungus Laccaria bicolor [161]. This gene is also strongly induced during both compatible 

and incompatible interactions with the poplar rust pathogen Melampsora larici-populina [162]. 

Whether the Tal2g target and these orthologs play analogous roles in such diverse plant-microbe 

interactions awaits in-depth functional analysis.  

That a major S gene for leaf streak is a member of a large gene family recalls the situation in 
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blight, in which five members of the large OsSWEET family can functionally substitute for one 

another as S genes, three so far have been shown to play that role, and distinct TAL effectors 

from multiple strains have been identified as the activators of two [7, 69, 72]. Whether any of the 

five other group 3 paralogs, or of the other 13 total members of the sulfate transporter gene 

family in rice can substitute for OsSULTR3;6, and whether any are actually targeted by other 

strains of Xoc is an important question. A tendency for S genes to be members of functionally 

analogous gene families would make sense from an evolutionary perspective, both for the 

advantage it would afford the pathogen by providing alternate targets should cis- (e.g. xa13) or 

trans- (e.g., Bs3) acting types of resistance be encountered, as well as the possibility it would 

afford the host to adapt through promoter mutation and resist targeting while maintaining 

essential functions. These processes might indeed drive one another [151]. On the other hand, if 

OsSULTR3;6 is uniquely capable among its paralogs of serving as an S gene, the likelihood of 

identifying moderately stable resistance by screening for or engineering promoter variants that 

retain endogenous function is increased. 

 

General characteristics of TAL effector-driven gene expression 

OsSULTR3;6 was one of the most strongly induced and highly expressed genes in Xoc 

inoculated plants, as OsSWEET11 was in Xoo inoculated plants. These major S genes were 

exceptional, with the majority of TAL effector targets being induced moderately. The blight S 

genes OsTFIIAγ1 and OsTFX1, which contribute only moderately, were induced relatively 

weakly. Whether these differences reflect an evolutionary optimization of transactivation for 

major S genes, or gene specific differences in induction potential or optima, or chance, is 

unclear. The general pattern of relatively high basal expression and moderate fold increase across 
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all identified TAL effector targets may be dominated by so-called collateral targeting 

inconsequential to disease and under no selection, and it suggests that TAL effectors may act as 

transcriptional enhancers more readily than as activators. However, the low variation in 

normalized expression levels for all targets at 96 h after inoculation suggests that on average, this 

enhamcement is close to saturating.  

We generally did not observe significant expression changes at early time points (i.e. 2 h and 4 

h), possibly as a result of a low signal:noise ratio caused by variation among the replicates, but 

expression of TAL effector targets generally increased steadily across the later timepoints. 

Though some genes were expressed at lower levels in Xoc- or Xoo-inoculated plants than in 

mock-inoculated plants at 96 h, no significant patterns of downregulation across all time points 

were observed. We tentatively conclude from these observations that TAL effectors of Xoc and 

Xoo do not significantly downregulate any genes in their host, despite the potential to do so 

through indirect effects, or theoretically, through nonfunctional binding that interferes with 

endogenous expression. 

 

False positives in target prediction 

The average number of candidate EBEs in the rice promoterome, per TAL effector across all 

Xoc and Xoo TAL effectors, was 671. After excluding candidate EBEs in genes not upregulated 

after inoculation, that average dropped to 1.5, with some TAL effectors having none and some as 

many as seven. Nearly half of the filtered EBEs that were tested further (i.e., all those for Xoc 

TAL effectors) were real. Thus, combining candidate EBE search results with global gene 

expression data is a robust and effective approach to identifying TAL effector targets. 

Nevertheless, the method still yielded roughly as many false positives as true targets. Though 
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upregulated during infection, false positives might include genes with EBEs that match but are 

inaccessible or in the wrong context to be functional, or genes with EBEs that score below the 

cutoff but are not actually sufficiently high affinity sites. In an attempt to decrease the number of 

falsely predicted targets and improve the efficiency of target identification in the future, we 

applied machine learning to our set of 24 real (Xoc and Xoo) and 20 falsely predicted (Xoc) 

targets (Table S3.7) using several characteristics of their candidate EBEs. The best classifier that 

resulted calls 22 of the real targets and three of the falsely predicted targets as real, for a recall of 

0.92 and a precision of 0.88. Thus, it eliminates 85% (17/20) of the falsely predicted targets at a 

cost of less than 10% (2/24) of the real ones. The training set was relatively small, so these 

metrics may not hold strictly when applied to larger numbers of predicted targets, and even if 

they are relatively stable, if the goal is to comprehensively capture real targets, the classifier 

clearly can not be used as a strict filter. It is also important to remember that the classifier was 

trained only on EBEs that passed the score cutoff and were located in up-regulated genes, so 

performance metrics might not hold if the classifier is used on EBEs that do not meet these 

requirements. Rather, the probability this classifier provides should be used to prioritize already 

predicted targets for experimental validation (see Supporting Information for the Weka model 

file for the Naive Bayes classifier trained on all EBE features). Training on a greater number of 

targets as they are identified will improve both precision and recall, possibly even uncovering 

conditional relationships among characteristics of EBEs in real targets that the classifier 

currently calls incorrectly. With more targets, further comparison of classifiers built on subsets 

of EBE features might also reveal a smaller set of the most biologically relevant features that are 

sufficient to effectively discriminate real targets. Even with the small training set used here, the 

only slightly lower recall of the classifier based just on distance to transcriptional start site 
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strongly suggests a major role for this feature. 

As demonstrated by the results of our functional characterization of Tal2g EBEs and candidate 

EBEs (Figure 3.7), an important remaining challenge to eliminating false positives is a more 

nuanced understanding of TAL effector DNA binding. In particular, being able eventually to 

replace the RVD-nucleotide association frequency-based scoring matrix with one based on 

biochemically defined contributions of different RVD-nucleotide pairings, weighted to account 

for effects of position 5’ to 3’, will improve initial candidate EBE calling. Defining specificities 

for as many rare RVDs as possible will also be important to eliminate false positives and capture 

real targets for proteins like Tal2g. In this regard, we improved our predictions by substituting 

values of common RVDs for two rare ones, based on inference from structural data, and 

supported in the case of ‘SN’ by an experimental study [84].  

 

False negatives in target prediction 

Better understanding of TAL effector DNA interactions will also help eliminate false negatives. 

Without the scoring substitutions for the rare RVDs in Tal2g, one of its targets, the monocopper 

oxidase gene, would have been overlooked. Another example is suggested by the lack of 

identified targets for either Tal11a or Tal11b despite the reduced virulence of tal11 mutants 

(recalling however that complementation analysis was not performed to verify a role for either 

effector). A very low level of induction may be sufficient for function of some targets, such as an 

R gene like Xa27 [11] or an S gene that encodes a transcription factor, so false negatives could 

derive from a failure to detect differential expression in the initial transcript profiling experiment. 

A false negative could also result for a TAL effector with lax specificity. Xa27 again serves as an 

example. AvrXa27 contains at several positions an RVD with dual or no specificity; its EBE in 
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Xa27 ranks 5,368
th

 in the rice promoterome, nestled above the low-scoring outlier cutoff [17]. 

Exclusion of sites preceded by any base other than T, as specified in our search, might also pass 

over a real EBE. The TalC EBE in OsSWEET14, discussed in the introduction, is a salient if rare 

example. Two additional, theoretical examples are worth considering. The first is a gene whose 

expression is activated via read-through transcription by a TAL effector that targets a 

neighboring gene upstream. The second is a gene for which overall transcript levels do not 

change detectably, but which yields a unique alternative transcript when driven by the TAL 

effector due to TAL effector-dependent repositioning of the transcriptional start site [80, 123]. 

Transcript profiling by next generation sequencing of cDNA (RNAseq) [e.g., 13], in contrast to 

the GeneChip expression experiment that began this study, should provide the sensitivity to 

detect weakly expressed or weakly induced genes as well as alternative transcripts to reduce or 

eliminate false negatives that might otherwise result. Regarding TAL effectors with lax 

specificity, EBEs with a non-canonical preceding base, and potential read-through targeting, 

adjusting EBE search parameters is a simple solution, but will unavoidably increase the number 

of false positives.  

 

Direct vs. indirect targets 

Given the current understanding of TAL effector function and the ability to predict binding sites 

using the code, we considered each gene that was activated by a TAL effector and that displayed 

a strong candidate EBE for that effector to be directly activated. Yet even meeting these criteria, 

it is formally possible that such a gene might be activated indirectly, i.e., in response to 

expression of another gene directly activated by the TAL effector. In pepper, prior to discovery 

of the code, direct targets of AvrBs3 were isolated by screening for transcripts whose 
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upregulation by AvrBs3 occurs even in the presence of the eukaryotic translation inhibitor 

cycloheximide [52], [63]. To address the possibility that some of the Xoc TAL effector targets 

we identified in rice are indirect targets, using RT-PCR we tested Xoc-triggered transcript 

accumulation of the targets for sensitivity to cycloheximide, measured at 8, 16, 24, and 36 hr 

after co-infiltration (Figure S3.5). At the two earlier time points transcripts of all but one target 

accumulated similarly in response to Xoc with or without cycloheximide, and most showed 

identical patterns across all four time points. However, several showed distinct patterns of up and 

down regulation across the time points in response to cycloheximide treatment alone. 

Furthermore, cycloheximide treatment strongly and persistently upregulated three pathogenesis-

related genes previously observed to be induced by biotic stresses, included as controls, and 

transiently induced a fourth. Induction of an additional control, Os05g42150, which is the most 

significantly Xoc-induced gene in our dataset (Table S3.1) and is not predicted to be a TAL 

effector target, was unaffected by cycloheximide at the two earlier time points and was slightly 

repressed at the later ones. The results overall thus reveal differing and confounding epistatic 

effects of cycloheximide treatment in rice that render conclusive identification of direct and 

indirect targets by this method impossible. 

Regarding the single target showing repression of Xoc-induced transcript accumulation in the 

presence of cycloheximide, the monocopper oxidase gene Os06g46500, in addition to its being 

upregulated during infection and harboring an appropriately positioned strong candidate EBE for 

Tal2g, several other lines of evidence support it being a direct target. First, in the context of the 

Bs3 promoter, tested in N. benthamiana, that EBE is functional (Figure 3.7). Second, the pattern 

of induction of Os06g46500 by Xoc is rapid and robust, virtually identical to that of the SO4 

transporter gene targeted by Tal2g (Figure S3.6) and similar to the patterns displayed by the 
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verified Xoo TAL effector targets (Figure 3.2). Third, no other Tal2g target that might activate 

Os06g46500 was predicted other than the SO4 transporter gene, and activation of the SO4 

transporter gene by dTALEs was not accompanied by activation of Os06g46500 (Figure 3.6B). 

Also, activation of Os06g46500 itself with a dTALE targeting a site in the vicinity of the native 

EBE (Figure 3.6) indicates that the promoter is not generally inaccessible to binding by a TAL 

effector. Finally, assuming that if not all, at least most of the targets in the training set for the 

classifier we generated by machine learning are direct targets, the leave-one-out validation tests 

showed that Os06g46500 shares the characteristics of those targets (including the previously 

confirmed targets of Xoo TAL effectors). 

For Os06g46500, and the rest of the targets we identified here, assaying activation following 

disruption of the endogenous EBEs by site-directed mutagenesis would provide the most direct 

evidence for or against direct targeting, but such experiments are beyond the scope of the present 

study. Absent such data, it remains possible that some of the targets we identified are indirect 

ones. For the reasons detailed in the above two paragraphs, we conclude that this is unlikely, but 

to the extent that it were true, it would affect the utility of our predictive classifier. 

 

Outlook 

Many crops, including rice, wheat, cotton, citrus, tomato, cassava, soybean, and others, suffer 

losses due to Xanthomonas spp. that deploy TAL effectors. We demonstrated here that TAL 

effector activity in bacterial leaf streak of rice is directly responsible for nearly a quarter of the 

gene activation detected during infection. Considering the likely downstream effects, the total 

proportion is certain to be even greater. Our study provides new insight into bacterial leaf streak 

in relation to bacterial blight and identifies a major new S gene, but TAL effector target 
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identification in several pathosystems is a critically important ongoing objective. Probing the 

diversity and functions of TAL effector activated S and R genes will expand our knowledge of 

disease and defense mechanisms, and our ability to exploit those mechanisms for effective 

disease control. Patterns of distribution of different S genes in diverse pathosystems might yet 

reveal causal distinctions between pathogens that colonize the mesophyll and those that invade 

the xylem. New targets will also refine our understanding of functional TAL effector-DNA 

interactions, improving our ability to use these proteins [163]. Though improvements can be 

made, and challenges remain, the overall combined transcriptomic and computational approach 

we successfully undertook constitutes a moderately high throughput method that can be applied 

to TAL effector target identification in many Xanthomonas-host interactions, particularly as 

more, complete pathogen and host genome sequences become available.  

Material and Methods 

Plant material and growth conditions 

Oryza sativa ssp. japonica cv. Nipponbare plants were grown in LC-1 soil mixture (Sungro, 

Bellevue, WA) in PGC15 growth chambers (Percival) in trays approximately 60 cm below a 

combination of fluorescent and incandescent bulbs providing approximately 1,000 μmoles/m
2
/s 

measured at 15 cm, under a cycle of 12 h light at 28 ºC and 12 h dark at 25 ºC. Fertilizer (Peters 

Professional, St. Louis, MO) and iron chelate micronutrient (Becker Underwood, Ames, IA) 

were applied with watering every two days at 0.25 and 4.5 g/l, respectively, until the day before 

inoculation. Nicotiana benthamiana plants were grown in LC-1 in a PGC15 growth chamber at 

approximately 90 cm below the lights, under a cycle of 16 h light (fluorescent lighting at 22 °C, 

and 8 h dark at 18 °C, and fertilized using a surface amendment of Osmocote granules 

(ScottsMiracle-Gro, Maryville, OH).  
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Bacterial strains and plasmids used, culture, and transformation 

Bacterial strains and plasmids used for this study are listed in Table S3.8. E. coli strains were 

grown in LB medium at 37 °C and A. tumefaciens in YEP medium (10 g/l peptone, 10 g/l yeast 

extract, 5 g/l NaCl, 1.5 % agar) at 28 °C, and transformed by standard electroporation. X. oryzae 

strains were cultured in GYE (20 g/l glucose, 10 g/l yeast extract ) at 28 °C unless otherwise 

specified, and were transformed by electroporation as described previously [164], except that 1 

µl (5 µg) Type One™ Restriction Inhibitor (Epicentre Biotechnologies, Madison, WI) was added 

prior. Antibiotics were used for selection as follows: ampicillin at 100 µg/ml, gentamycin at 25 

µg/ml, kanamycin at 25 µg/ml, spectinomycin at 25 µg/ml, and tetracycline at 10 µg/ml for E. 

coli or 2 µg/ml for X. oryzae. 

 

GeneChip expression experiment 

Experimental design. The experiment was carried out in four independent replicates, each one 

week apart. Plants were grown three trays together per replicate, one each for Xoc-, Xoo-, and 

mock-inoculation. Trays were moved to a new chamber once per week, in order through three 

chambers total, so that plants for each replicate were incubated in the same chamber (the third 

one) following inoculation. For the different replicates, position of the trays left to right within 

the chambers was maintained according to a random assignment specific to each replicate that 

was also used for the order of inoculation and tissue collection. Tissue was collected at 2, 4, 8, 24 

and 96 hours after inoculation, with plants in each tray randomly assigned to time points. 

Overall, the experiment followed a split-plot design with inoculation as the whole-plot factor and 

time as the split-plot factor. 
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Inoculation. Plants were grown four per 5 cm
 
square pot, arranged in trays of 20 pots, one tray 

for each inoculum. To allow inversion for inoculation (see below), each seed was sown through a 

short plastic tube (a five ml pipette tip with its tapered end removed) extending from the soil 

surface through a fiberglass lid (cafeteria tray) that had been perforated with appropriately 

spaced 1 cm holes and affixed to the top of the tray. Fourteen days after sowing, and 2 h after the 

beginning of the light period, trays (with seedlings projecting from the tubes) were inverted over 

a plastic dishpan containing 7 l of inoculum to submerge the seedlings for vacuum infiltration. 

This was carried out in a custom vacuum chamber by subjecting the submerged plants to 500 

mm Hg for two minutes followed by a rapid return to atmospheric pressure, two consecutive 

times. Xoc and Xoo inoculum was prepared as follows. For each, a single colony from a fresh 

plate was transferred to 5 ml of liquid medium and incubated for 24 h at 28ºC with constant 

shaking at 250 r.p.m. Then, 2 ml of this culture were transferred to 300 ml of fresh liquid 

medium and incubated as above for an additional 18 h. Cells were pelleted by centrifugation at 

4,000 x g for 10 min, washed twice and resuspended in sterile 10 mm MgCl2 to OD600 = 0.05. 

Tween-20 was added to a final concentration of 0.5%. Seven l of this suspension were used for 

inoculation. Mock inoculum consisted of 10 mm MgCl2 and Tween-20 only. Following 

inoculation, plants were returned to a growth chamber.  

 

Tissue collection. Leaves were cut and pooled from plants in four pots (16 plants, approximately 

2 g fresh weight) for each timepoint per inoculum per replicate. Harvested tissue was 

immediately frozen in liquid nitrogen and stored at -80ºC until processing. 
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RNA isolation, probe synthesis, and hybridization. Total RNA was isolated using a hot (60°C) 

phenol/guanidine thiocyanate method [165]. Probe synthesis and labeling were performed at the 

Iowa State University GeneChip Core facility (Ames, IA, U.S.A.), using the One Cycle and 

GeneChip IVT labeling kits. Fifteen µg of fragmented cRNA was used to make each 

hybridization cocktail containing 10% dimethyl sulfoxide, and 10 µg equivalent was hybridized 

to the GeneChip Rice Genome Array (Affymetrix, Santa Clara, CA). 

 

Data acquisition and analysis. Stained chips were immediately scanned with the GeneChip 

Scanner 3000 7G (Affymetrix). Scans were examined for any visible defects and satisfactory 

image files were analyzed to generate raw data files using the GeneChip Operating Software 

(GCOS v1.4.0.036; Affymetrix) with default settings. Robust multi-array analysis (RMA) [166, 

167] was used to normalize the data. Note that RMA normalization includes a log2 

transformation, so fold-change across absolute values for two normalized values X and Y is 

calculated as 2
(X-Y)

. A mixed linear model was fit separately to RMA-normalized data for each 

probeset. Each mixed linear model included fixed effects for replicate, treatment, time, and 

treatment-by-time interaction, as well as random effects for the trays. We used the model for 

each probeset to test for a difference between its patterns of expression over time in Xoc- and 

mock-, Xoo- and mock-, and Xoc- and Xoo-inoculated plants. The null hypothesis for each 

comparison was that the expression difference between inoculations was constant across all five 

time points. The 55,515 p-values from each of these three inoculation comparisons, representing 

all probesets, were converted to q-values using the method of Storey and Tibshirani [168]. To 

better enhance capture of genes that were moderately differentially expressed in this screening 

experiment, we used a relatively lax q value cutoff of 0.30. This implies that approximately 70% 
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of the genes declared to be differentially expressed are expected to be true positives. 

 

GeneChip expression data access 

GeneChip data are available at the PLEXdb gene expression resource (www.plexdb.org) [169] 

under accession OS3 and at NCBI-GEO under accession GSE16793.  

 

Prediction of TAL effector targets 

Promoter sequences, defined as the 1,000 bases upstream of the start codon, for the 

approximately 56,000 rice genes annotated in the MSU Rice Genome Annotation Project 

Release 7 (http://rice.plantbiology.msu.edu/) were searched using our previously published TAL 

effector-target scoring model [130], for the best-scoring site in each promoter for each of the 40 

unique Xoo and Xoc TAL effectors. Scoring takes the sum of the negative log probabilities of the 

RVD-nucleotide pairings at a site, so a lower score is a better score. Sites were required to be 

directly preceded by a 5’ T. The scoring matrix was used as published and separately with the 

RVDs ‘SN’ and ‘YG’ assigned nucleotide association frequencies of ‘NN’ and ‘NG’, 

respectively (see Results). The distributions of the approximately 56,000 resulting scores for 

each TAL effector in each case were then used to calculate a cutoff for outliers, defined as the 

25
th

 percentile minus 1.5 times the interquartile range. Promoters were then rescanned to identify 

all sites scoring below (better than) that cutoff for each TAL effector, and those sites were 

retained as candidate EBEs. Finally, the list of candidate EBEs for each TAL effector was cross-

referenced to the GeneChip expression data. Candidate EBEs in promoters of genes upregulated 

in Xoc- or Xoo-inoculated plants relative to mock were taken as predicted targets.  

 

http://rice.plantbiology.msu.edu/
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Generation of X. oryzae pv. oryzicola BLS256 TAL effector gene knockout mutants 

A library of tal gene knockout strains of Xoc was generated by transformation with the suicide 

(non-replicative) plasmid pSM7 (Figure 3.4A; Table S3.8) [170], pSM7 harbors a 4.5-kb PstI 

fragment containing all but the first 80 bp of the ORF of tal gene aB4.5 [138] with an insertion 

of EZ-Tn5™ <NotI/KAN-3> (Epicentre) at bp 1,769 of the gene, in repeat number 9 of 17.5 

(sequence available on request). The vector is pBluescript II KS(+) (Agilent Technologies, Santa 

Clara, CA). The transposon provides kanamycin resistance. Selection for this marker yields 

strains in which the cloned, mutated tal gene has undergone homologous recombination with an 

endogenous tal gene. Because the tal ORF is truncated at the 5’ end, either a single or double 

recombination that retains the transposon results in a tal gene knockout. Double recombination 

can knock out clustered tal genes. The 4.5 kb PstI fragment also includes the first 85 bp of the 

avrXa10 tal gene downstream of ab4.5, which might increase the likelihood of complex 

recombination. To determine the number of insertions per strain and to map insertions, genomic 

DNA was extracted using the GenElute Bacterial Genomic Kit (Sigma-Aldrich, St. Louis, MO). 

Strains with single insertions were identified by Southern blot using EZ-Tn5™ <NotI/KAN-3> 

as a probe. Insertion endpoints were mapped by amplifying and sequencing the distal ends of 5’ 

and 3’ fragments flanking the transposon and extending outside the repeat region. Primers used 

for amplifying 5’ flanking DNA were forward primer p369 (5’-

TTCTGCCCGGACCCCAACCGGATAG), matching a conserved 5’ sequence in Xoc tal genes, 

and reverse primer p395 (5’-TCCCGTTGAATATGGCTCATAACACCCC), corresponding to 

the transposon. For the 3’ fragment, forward primer p397 (5’-

GTCCACCTACAACAAAGCTCTCATCAACC), corresponding to the transposon, and reverse 

primer p398 (5’-TCCTCTTCGTTGAATGCC), matching a conserved 3’ sequence of Xoc tal 
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genes, were used. Sequencing of the distal ends of the 5’ and 3’ amplicons (furthest from the 

repeat region) was done using tal gene plus-strand primer p396 (5’-ACCCCAACCGGATAGG) 

and p398, respectively. In all but a few cases, insertion endpoints were unambiguously identified 

by polymorphisms among the 5’ and 3’ sequences of the 26 Xoc tal genes and two tal 

pseudogenes (Figure 3.4). 

 

Cloning of TAL effector genes of X. oryzae pv. oryzicola BLS256 

Two micrograms of genomic DNA of X. oryzae pv. oryzicola strain BLS256 were digested with 

BamHI and separated in 1% agarose by electrophoresis. DNA fragments from 2 to 5 kb were gel 

purified and ligated into pBluescript II SK- (Agilent) previously digested with BamHI and 

dephosphorylated with alkaline phosphatase (CIP; New England Biolabs, Ipswitch, MA). The 

ligation reaction was then used to transform E. coli TOP10 cells, and colonies harboring TAL 

effector clones were identified by colony PCR using oligonucleotides p270 

(GCCAAGTCCTGCCCGCG) and p271 (CCTCCAGGGCGCGTGC), which target the 

conserved 5’ region of Xanthomonas oryzae TAL effector genes. The tal gene fragments in these 

clones were tentatively identified based on size and 5’ and 3’ sequencing. Next, the 

corresponding SphI fragment of each tal gene, encoding the repeat region and short flanking 

sequences, was cloned into the tal1c backbone (i.e., lacking the corresponding SphI fragment) in 

the entry vector pCS466 [164] and confirmed by 5’- and 3’- sequencing with oligos p235 

(GGAGGCCTTGCTCACGGATGC) and p236 (GGCCGGTGACAGCACGATCCG), 

respectively. For tal2g, tal4a, and tal8, BamHI fragments were cloned into pCS466 (cut with 

BamHI) instead, since those genes are each missing one of the SphI sites. The reconstituted 

genes in pCS466 were then recombined into the broad host-range destination vector pKEB31 
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[29], using Gateway LR Clonase (Life Technologies, Carlsbad, CA), for expression in 

Xanthomonas. 

 

RT-PCR 

Xoc strains were cultured for 3-4 days on solid media then resuspended in 10 mM MgCl2 to 

OD600 = 0.5 (approximately 1x10
8
 CFU/ml) and infiltrated into the abaxial surface of fully 

expanded leaves of 4-week old rice plants using a needleless syringe. 10mM MgCl2 alone was 

infiltrated as the mock. Infiltrated tissue was collected at 48 h and RNA prepared using the 

RNeasy Mini Kit (Qiagen, Valencia, CA). Before elution, RNA was subjected to in-column 

digestion with the RNase-Free DNase Set (Qiagen). Two g of total RNA were used for first-

strand cDNA synthesis using SuperScript III reverse transcriptase (Life Technologies) and 

standard oligo dT20. Reverse transcriptase reactions were diluted 5 times and 1 l was used as a 

template for PCR with Phire Hot Start II DNA polymerase (Thermo Scientific, Waltham, MA) 

together with transcript-specific oligonucleotides for 30 sec at 98 °C, followed by 23-25 cycles 

(depending on transcript abundance) of 10 sec at 98 °C, 5 sec at 60 °C, and 10 sec at 72 °C. The 

oligonucleotides used are listed in Table S3.9. 

 

Virulence assays and quantification of bacterial populations 

Rice leaves were inoculated by syringe infiltration as described above for RT-PCR. Virulence 

was quantified at the specified days after inoculation as lesion expansion, in mm, from the 

inoculation spot (Figure 3.4B). To measure bacterial populations, duplicate sets of three leaves 

per treatment per time-point were collected. One set was used to quantify total bacterial 

populations and the other to quantify surface bacteria. For total bacterial counts, 10 cm leaf 
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sections centered on the infiltration spot or leaf sections as indicated in Figure 3.6D were cut into 

small pieces and ground thoroughly in 2 ml of water using a mortar and pestle. For surface 

bacteria, a leaf section encompassing the watersoaked area was washed with 50 μl of water twice 

and the wash diluted into 1 ml of water. Samples were thereafter diluted serially in sterile water 

and spotted on peptone sucrose agar (10 g/l sucrose, 10 g/l peptone, 1 g/l sodium glutamate, 

1.5% agar) supplemented with cephalexin at 20 g/ml. Plates were incubated at 28°C until 

appearance of single colonies, and colonies at the dilution they were first distinct were counted. 

For each replicate sample, eight such measurements were made. Results are displayed as the 

mean and standard deviation of all measurements for all replicates. Experiments were repeated at 

least three times with consistent results. 

 

Designer TAL effectors 

TAL Effector Targeter [130] was used to target designer TAL effectors (dTALEs) to the 

promoter regions of Os01g52130 and Os06g46500. dTALEs were assembled by golden gate 

cloning into the entry vector pTAL1 as described [29] and subsequently transferred to the broad 

host range destination vector pKEB31 [29] by Gateway LR Clonase (Life Technologies). RVD 

sequences if the dTALEs used in this are provided in Text S3.1. 

 

GUS reporter gene assay of TAL effector activity  

GUS reporter assays were conducted in Nicotiana benthamiana leaves of five-week old plants 

(from the date of sowing) using the substrate 5-bromo-4-chloro-3-indoyl glucuronide (X-Gluc) 

as described [171], using three leaf discs from different plants per treatment, collected at 48 

hours after infiltration of Agrobacterium. Experiments were repeated twice. Determination of 
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total protein in sample extracts was performed using the Bradford assay kit (Bio-Rad). The 

vector for T-DNA delivery of avrBs3 under the 35S promoter was pGWB5-avrBs3 [143]. The 

equivalent construct for tal2g, pGWB5-tal2g, was made by replacing the ~3.3 kb BamHI 

fragment of an avrBs3 clone in the entry vector pENTR-D (Life Technologies; gift of T. Lahaye, 

University of Munich) with the ~3.2 kb BamHI fragment of tal2g, then moving the reconstituted 

tal2g equivalent gene to the binary destination vector pGWB5 [172] using Gateway LR Clonase 

(Life Technologies). The pGWB5 derivatives were introduced into Agrobacterium tumefaciens 

strain GV3101 by electroporation; transformants were selected with 25 µg/ml each of kanamycin 

and gentamycin. The reporter constructs were made by first PCR amplifying from a longer Bs3 

promoter clone (gift of T. Lahaye) the AvrBs3-responsive 343 bp sequence upstream of the Bs3 

start codon, using previously reported primers [171] and inserting it into the Gateway entry 

vector pCR8/TOPO-TA (Life Technologies). A single base substitution was then introduced by 

site directed mutagenesis (Agilent) to create an NcoI site 47 bp upstream of the native EBE for 

AvrBs3. Candidate Tal2g EBEs flanked upstream by 5 bp and downstream by 4 bp matching 

their native context were synthesized as double stranded oligonucleotides with NcoI overhangs 

(Text S3.1) and cloned into the NcoI site of the modified Bs3 promoter. Finally, the modified 

Bs3 promoter and derivatives were transferred into the binary GUS reporter vector pGWB3 

[172] using Gateway LR Clonase (Life Technologies), and the resulting plasmids introduced into 

A. tumefaciens GV3101 as described above. 

 

Construction and validation of machine learning classifiers 

Both Naive Bayes and logistic regression classifiers were implemented using Weka 3.6.9 [173] 

with default options, which select the discrimination threshold that maximizes F measure. All 
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classifiers were trained on the candidate EBEs in Table S3.7 that were determined to be either in 

real or falsely predicted targets (“Yes” or “No” in column P, “Verified”). Classifiers were trained 

using various subsets of the following features: relative score, actual score, rank, distance to 

TXS, distance to TLS, proximity to a TATA box, and distance to a Y Patch. If a predicted EBE 

was located in a promoter without a TATA box or without a Y patch, or with no annotated TXS, 

the value for that feature was considered missing and replaced with a question mark. All 

classifiers were evaluated using leave-one-out cross validation. The receiver operating 

characteristic curve and precision recall curve in Figure S3.2 were plotted using the ROCR 

package [174]. 

 

Supplementary Material 

The Supplementary Material for this article can be found online at: 

http://journals.plos.org/plospathogens/article?id=10.1371/journal.ppat.1003972#s5 
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CHAPTER 4: TAL EFFECTORS AND ACTIVATION OF PREDICTED HOST TARGETS 
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Abstract 

Xanthomonas oryzae pv. oryzicola (Xoc) causes the increasingly important disease bacterial leaf 

streak of rice (BLS) in part by type III delivery of repeat-rich transcription activator-like (TAL) 

effectors to upregulate host susceptibility genes. By pathogen whole genome, single molecule, 

real-time sequencing and host RNA sequencing, we compared TAL effector content and rice 

transcriptional responses across 10 geographically diverse Xoc strains. TAL effector content is 

surprisingly conserved overall, yet distinguishes Asian from African isolates. Five TAL effectors 

are conserved across all strains. In a prior laboratory assay in rice cv. Nipponbare, only two 

contributed to virulence in strain BLS256 but the strict conservation indicates all five may be 

important, in different rice genotypes or in the field. Concatenated and aligned, TAL effector 

content across strains largely reflects relationships based on housekeeping genes, suggesting 

predominantly vertical transmission. Rice transcriptional responses did not reflect these 

relationships, and on average, only 28% of genes upregulated and 22% of genes downregulated 

by a strain are up- and down- regulated (respectively) by all strains. However, when only known 

TAL effector targets were considered, the relationships resembled those of the TAL effectors. 

                                                 
1 This paper was reprinted from Frontiers in Plant Science where it was originally published in 2015 under the 

Creative Commons Attribution License [82] 
2Plant Pathology and Plant-Microbe Biology Section, School of Integrative Plant Science, Cornell University, 

Ithaca, NY, USA  
3 Graduate Field of Computational Biology, Cornell University, Ithaca, NY, USA 
4 Corresponding author 
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Toward identifying new targets, we used the TAL effector-DNA recognition code to predict 

effector binding elements in promoters of genes upregulated by each strain, but found that for 

every strain, all upregulated genes had at least one. Filtering with a classifier we developed 

previously decreases the number of predicted binding elements across the genome, suggesting 

that it may reduce false positives among upregulated genes. Applying this filter and eliminating 

genes for which upregulation did not strictly correlate with presence of the corresponding TAL 

effector, we generated testable numbers of candidate targets for four of the five strictly 

conserved TAL effectors. 

Introduction 

Plant pathogenic Xanthomonas inject transcription activator-like (TAL) effectors into host cells, 

where these proteins activate genes by binding at promoters [63, 143]. A TAL effector may 

activate a susceptibility (S) gene that contributes to disease or may activate a resistance (R) gene 

that results in host defense [70]. In some cases, TAL effectors also or instead activate genes that 

appear to be inconsequential, “collateral” targets [8, 10, 79].TAL effector targeting is mediated 

by a modular central repeat region (CRR), with each repeat recognizing one nucleotide according 

to a degenerate code resulting in specific binding to a contiguous DNA sequence called the 

effector-binding element (EBE) [16, 17]. Nucleotide specificity of each repeat is determined by 

the hypervariable positions 12 and 13, together known as the repeat variable diresidue (RVD) 

[16, 17]. Crystal structures showed that only the thirteenth residue interacts with the nucleotide, 

while the twelfth stabilizes the loop that projects the thirteenth residue into the major groove 

[114, 175]. And, while some amino acids at the twelfth position abolish or dramatically reduce 

binding affinity, RVDs that share the same thirteenth residue typically have similar binding 

specificities [16, 17, 118]. The thirteenth residue has therefore been referred to as the base-
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specifying residue (BSR) [117]. 

Single TAL effectors often determine the outcome of the host-pathogen interaction [70]. This is 

clear for TAL effectors that act as avirulence factors by activating a corresponding R gene that 

blocks disease progression [11, 12, 14], but it is also true for any TAL effector that upregulates 

an S gene that plays a critical role in disease. An example is TAL effector PthXo1 of the 

bacterial blight of rice pathogen X. oryzae pv. oryzae (Xoo) strain PXO99
A
, which upregulates 

the S gene OsSWEET11 [also Os8N3; 66], a member of a large family of paralogous sugar 

transporters. OsSWEET11 alleles that lack the PthXo1 EBE confer (genetically recessive) 

resistance [66, 77, 78]. This resistance can be overcome by strains harboring distinct TAL 

effectors however [72]. Indeed, five distinct TAL effectors from different Xoo strains each 

activate one of five phylogenetically close members of the SWEET gene family that function 

interchangeably as S genes [7, 66, 69, 72, 119, 143]. Similarly, in citrus canker caused by X. 

axonopodis pv citri (divided into three types) and X. axonopodis pv. aurantifolii (two types), 

representative strains of all five types contain one unique TAL effector each that activates the S 

gene CsLOB1, which is both necessary and sufficient for the formation of the pustules that are a 

hallmark of this disease [10, 176]. 

In light of their determinative nature, knowledge of TAL effectors and their targets enables 

innovative strategies for disease control. Removal of EBEs from OsSWEET gene promoters by 

genome editing resulted in resistance to a diverse collection of Xoo strains [177]. Every 

discovery of a novel S gene creates new opportunities to engineer host plants with resistance in a 

similar way. TAL effector-targeted R genes can be exploited as well. By engineering an R gene 

promoter to include EBEs for multiple additional TAL effectors, it is possible to trap a broad 

spectrum of strains and even different pathogens. This strategy applied to the Xa27 rice bacterial 
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blight R gene yielded plants resistant to strains of Xoo lacking AvrXa27 and to each of 10 tested 

strains of X. oryzae pv. oryzicola (Xoc), which causes the distinct disease bacterial leaf streak of 

rice [80]. More recently, the strategy was shown to be effective with another bacterial blight R 

gene, Xa10 [81]. Broad effectiveness and durability of these S and R gene-centered strategies 

depends, however, on knowledge of TAL effector content within and across populations of the 

pathogen. 

Bacterial blight and bacterial leaf streak of rice constrain production of this staple crop in many 

parts of the world [134]. Four Xoo strains have been fully sequenced, KACC10331, 

MAFF311018, PXO99
A
, and PXO86. These harbor 11, 16, 18, and 18 TAL effectors 

respectively. Five bacterial blight S genes targeted by eight TAL effectors and three bacterial 

blight R genes each targeted by a unique TAL effector have been identified [reviewed in 70]. By 

comparison, Xoc is less well characterized, with only two fully sequenced strains, BLS256 and 

CFBP7342, which secrete 28 and 24 TAL effectors respectively [178, 179], only one identified 

TAL effector-S gene pair (Tal2g of BLS256 and the rice sulfate transporter gene OsSULTR3;6), 

and no known TAL effector-activated R genes [8]. In a growth chamber assay of TAL effector 

gene knockout mutants of BLS256, only two showed consistently reduced virulence (including 

the tal2g knockout) [8], but it is unclear how sensitive this assay is to differences that might be 

observed in the field. Furthermore, the assay was carried out on only a single rice genotype (cv. 

Nipponbare) and might have missed other host genotype-specific virulence contributions of TAL 

effectors. Generating a comprehensive TAL effector gene knockout library is technically 

demanding and time consuming, and CFBP7342 TAL effector knockouts have not yet been 

made and tested. 

Sequencing of multiple, diverse Xoc strains is a useful alternative approach to identifying 
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uniquely and broadly important TAL effectors, i.e., those that are highly conserved. TAL 

effectors that perform redundant functions in disease, or no function at all other than perhaps as 

material for rapid evolution of new TAL effectors via recombination, are likely to be less 

conserved. In addition to highlighting TAL effectors most likely to function in virulence, TAL 

effector conservation would inform the design of R gene traps, since the inclusion of EBEs 

bound by highly conserved TAL effectors would mediate broad resistance. In conjunction with 

transcript profiling of rice inoculated with each of multiple strains, TAL effector sequences are 

an enabling resource for identifying candidate targets, using the TAL effector DNA binding code 

for EBE prediction [e.g., 130]. In particular, TAL effector targets that are activated by many 

strains even in the absence of TAL effector conservation could represent S genes to which 

convergent evolution has resulted in multiple corresponding TAL effectors, or conversely, to 

which diversifying selection by an R gene has resulted in several related but distinct 

corresponding TAL effectors. 

Here, we report comparative analyses of whole genome sequences of 10 Xoc strains from 

diverse locations (including BLS256, CFBP7342, and eight more sequenced for this study) and 

of rice transcriptional responses to each strain, with a focus on TAL effectors and their known 

and candidate targets. Our results allow inference regarding the importance of particular TAL 

effectors and targets prior to experimentation, and the potential of TAL-effector-centered 

strategies for durable resistance to bacterial leaf streak. 

 

Materials and Methods 

Xoc Strains and Genome Sequences 

Xoc strains used in this study are given in Table 4.1. Genome sequences and raw sequence data 



 

100 

are available under NCBI BioProject numbers PRJNA280380 and PRJNA283315, respectively. 

Raw data in.bas.h5/.bax.h5 format are available on request. 

Table 4.1. Xoc strains used and associated genome sequence accessions. 

 

Strain Country of 

isolation 

Year of 

isolation 

Source or 

reference 

BLS256 Philippines 1984 Vera Cruz
a
  

BLS279 Philippines 1984 Vera Cruz
a
  

CFBP2286 Malaysia 1964 CIRM-CFBP
b
  

RS105 China 1992 [180] and Song
c
, 

personal 

communication 

B8-12 China 2007 Song
c
 

L8 China Prior to 1995 [181] and Yin
d
, 

personal 

communication 

BXOR1 India 1996 [182] 

CFBP7331 

(also 

MAI10) 

Mali 2003 [183] 

CFBP7341 

(also 

BAI5) 

Burkina  2009 [184] 

CFBP7342 

(also 

BAI11) 

Burkina  2009 [185] 

 

a International Rice Research Institute, Los Baños, the Philippines 
b
 International Centre for Microbial Resources – French Collection of Plant-associated Bacteria 

c
 Nanjing Agricultural University, Nanjing, China 

d
 Temasek Laboratories, Singapore 

 

Xoc Genome Sequencing and Assembly and TAL Effector Sequence Parsing 

Genomes were sequenced using single molecule, real-time (SMRT) technology [186] and 

assembled de novo using HGAP [187] v3.0 (Pacific Biosciences, Menlo Park, CA) and the PBX 

toolkit, as described [188]. For each strain, 4–7 SMRT cells were used to achieve ~200× 

coverage. All cells used the XL-C2 chemistry, except for two cells for strain B8–12, which used 

the P4-C2 chemistry. For RS105 and BXOR1 the large TAL effector gene cluster from the 
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assembly generated using the PBX toolkit was used in place of the cluster as assembled by 

HGAP, because HGAP partially collapsed (RS105) or expanded (BXOR1) the cluster. This was 

detected because very long reads mapping to this region indicated the presence of additional 

(RS105) or fewer (BXOR1) TAL effector genes in the cluster, matching the PBX toolkit 

assembly. TAL effector sequences were extracted and parsed using the PBX toolkit [188]. The 

genomic coordinates of all TAL effector genes in each strain and the corresponding RVD 

sequences are given in tab-delimited text in Supplementary Materials, File S4.1 (Data Sheet 4.1). 

The existence of any small plasmids that might have been excluded during size selection for the 

PacBio sequencing was tested by DNA isolation and agarose gel electrophoresis, using X. 

campestris pv. vesicatoria strain 85-10 [189] as a positive control, and none were observed 

(Supplementary Figure S4.1 in Data Sheet 4.2). This was carried out as described [190] except 

that the E.Z.N.A. Plasmid DNA Mini Kit I (Omega Bio-Tek, Norcross, GA) was used for DNA 

isolation. 

 

Rice Inoculations and RNA Sequencing 

Oryza sativa L. ssp. japonica cv. Nipponbare plants to be inoculated were grown in LC-1 soil 

mixture (Sungro, Bellevue, WA) in PGC15 growth chambers (Percival Scientific, Perry, IA) in 

trays approximately 60 cm below a combination of fluorescent and incandescent bulbs providing 

approximately 1000 μmoles/m
2
/s measured at 15 cm, under a cycle of 12 h of light at 28°C and 

12 h of dark at 25°C. Plants were inoculated at 2 weeks with bacterial suspensions in 10 mM 

MgCl2 at approximately OD600 = 0.4 or with a mock inoculum of 10 mM MgCl2, by infiltration 

using a needleless syringe. For each inoculum, the second and third leaves of each of four plants 

were infiltrated at 20 contiguous spots per leaf. From each of the eight leaves inoculated with 
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mock inoculum or a single strain, a 12 cm length of the inoculated portion was collected after 48 

h and the tissue from all eight leaves pooled together for RNA isolation. For this, RNA was 

extracted using a modified hot Trizol protocol [191] followed by treatment with RNase-free 

DNase I (Life Technologies, Carlsbad, CA), then purified using the RNeasy MinElute Cleanup 

kit (Qiagen, Valencia, CA). This experiment was repeated three times for a total of 36 samples. 

Libraries were prepared with the TruSeq RNA Sample Prep v2 kit (Illumina, San Diego, CA). To 

perform RNA sequencing (RNA-Seq), samples were indexed and run six per lane on an Illumina 

Hiseq 2000 following the protocol supplied by the manufacturer for a single-end, 100 cycle run, 

producing 862.6 million reads across all samples. 

 

RNA-Seq Data Processing, Analysis, and Access 

Adapters were trimmed from raw reads using the Trimmomatic v0.22 ILLUMINACLIP function 

[192] for single end reads, with a maximum of two seed mismatches and a palindrome clip 

threshold of 30 to trim adapter matches with scores of at least 7. Low quality bases were then 

trimmed from the ends of reads using BRAT trim v2.0.1 [193] to remove bases with Phred 

scores below 20[194]. Reads that were shorter than 24 base pairs after trimming were dropped. 

The 852.2 million remaining reads were aligned to the Oryza sativa L. ssp. japonica (cv. 

Nipponbare) reference genome (v.7.0) downloaded from Phytozyme 10 using the MSU Release 

7.0 annotation downloaded from the Rice Genome Annotation Project[195]. Alignment was 

completed using Tophat v2.06 [196] except for the reads from one BLS279 replicate. That 

sample caused Tophat v2.06 to crash and so was instead aligned using Tophat v2.05 [196]. 

Transcripts were assembled using Cufflinks v2.1.1 and the same reference annotation used for 

the alignment [197, 198], and the resulting annotation files were combined using the Cufflinks 
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script Cuffmerge v1.0.0. The number of reads aligned to each gene was determined using 

HTSeq-count [199] from the HTSeq framework version 0.5.4p3 with the command line options 

“-i ID -t gene -s no,” which unambiguously assigned 739.2 million reads (86% of the raw reads) 

to a gene. Raw reads and read counts are available through the NCBI Gene Expression Omnibus 

with accession number GSE67588. Differentially expressed genes were identified using 

QuasiSeq [200] with the quartile normalization method [201]. The replicate number was used as 

a cofactor, and genes were filtered if they did not have an average gene expression of at least 1 

within every replicate or did not have at least one read in one control sample or in all non-control 

samples. After these filtering steps, 26,517 genes remained and were tested for differential 

expression, using the method of Nettleton et al [202] to compute q-values from p-values. All 

genes with q-values less than or equal to 0.05 were taken as being differentially expressed, 

regardless of fold change. 

 

Phylogenetic Tree Construction and Topology Comparison 

The nucleotide sequences of 31 housekeeping genes were extracted from each genome using 

AMPHORA[203], and then aligned at the codon level in MEGA v6.0 [204] with the MUSCLE 

alignment algorithm [205] using default parameters and retaining gaps. The model of nucleotide 

substitution that best fit these sequences was identified with jModelTest v2.1.7 using the 

Bayesian information criterion (BIC) and separately the Akaike information criterion (AIC) 

[206, 207]. The best model tested using the AIC was the general time reversible model with 

invariant sites (GTR + I). The MEGA-estimated proportion of invariant sites was zero, so this 

reduced to a GTR model. Based on the BIC, the best model tested was the Hasegawa–Kishino–

Yano model with invariant sites (HKY + I). Each model was used in MEGA v6.0 with 1000 
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rounds of bootstrapping to create a maximum-likelihood phylogenetic tree. Since the topologies 

of the two trees were identical, including bootstrap values, arbitrarily the GTR + I tree was 

retained. 

Orthologous pairs of TAL effectors were identified using the reciprocal best BLAST hits 

method, ranking BLASTP [208] results by bit score and breaking ties by E-value [209]. 

BLASTP was run using default parameters. The protein sequences of all TAL effectors as well 

as the protein sequences of all other genes in the genomes, annotated using RAST [210, 211] and 

excluding any encoded by reading frames overlapping the TAL effector genes, were included in 

the search for reciprocal best hits. For every TAL effector, a group containing all orthologs of 

that TAL effector was created. TAL effectors orthologous to half or fewer of the other TAL 

effectors in a group were removed from that group, and any TAL effector that was still in two 

groups after this filtering step was removed from the group in which it had fewer orthologs. This 

resulted in 39 non-overlapping groups of orthologous TAL effectors. For each strain, 

corresponding nucleotide sequences were concatenated, and then concatenated sequences were 

aligned in MEGA v6.0 [204] using the MUSCLE alignment algorithm [205] using default 

parameters and retaining gaps. The best model of nucleotide substitution was identified with 

jModelTest v2.1.7 [206, 207] as above. In this case, the best model, based on either the BIC or 

the AIC, was the GTR + I model. The MEGA-estimated proportion of invariant sites was zero, 

so this reduced to a GTR model. A maximum likelihood phylogenetic tree was then created in 

MEGA using this model with 1000 rounds of bootstrapping. Next, for each ortholog group 

individually, a phylogenetic tree based on the alignment of the TAL effectors in that group was 

created in the same way as the tree based on all groups and, for comparison, a phylogenetic tree 

was created for the strains in each group based on the 31 housekeeping genes in the same way as 
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the housekeeping gene tree for all 10 strains. For each group and for the concatenated alignment 

of all TAL effector ortholog groups, the one-sided Kishino-Hasegawa test based on pairwise 

Shimodaira-Hasegawa tests implemented in TREE-PUZZLE [212-215] was used to test the null 

hypothesis that the topology of the maximum likelihood tree created using the TAL effector 

alignment was not a significantly better fit for those sequence data than the corresponding 

housekeeping gene tree topology, based on the log likelihood of each topology. Tree topology 

comparisons were not meaningful for eight ortholog groups containing only two TAL effectors 

each or for one group containing only six TAL effector sequences that were identical at the 

nucleotide level. 

The tree based on the rice gene expression changes in response to each strain was made using 

log10 fold change values of the 20,136 genes that had enough reads to be tested for differential 

expression and were differentially expressed in at least one sample. The tree was built using the 

function heatmap 0.2 from the R package gplots [216], which uses the standard R function hclust 

from the ‘stats’ package [217] to perform complete linkage clustering to cluster rows and 

columns of the heatmap based on the Euclidean distance between them. The tree created using 

only the known BLS256 TAL effector targets was created in the same way. 

 

Whole Genome Alignments and Recombination Breakpoint Identification 

Whole genome alignments were created in MAUVE using the progressiveMauve algorithm with 

default parameters [218]. A codon based alignment of TAL effector genes created using the 

MUSCLE alignment algorithm [205] in MEGA v6.0 [204] was searched for recombination 

breakpoints using GARD [219, 220] on the Datamonkey webserver [221-223]. The GTR model 

(identified as REV in the GARD menu) was used for this analysis with default settings because 
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this was the best model of nucleotide substitution based on both the BIC and AIC, identified 

using jModelTest v2.1.7 [206, 207].  

 

TAL EBE Prediction 

After TAL effector sequences were extracted from the 10 Xoc genomes, all unique RVD 

sequences were identified. For every TAL effector containing aberrant repeats of the lengths 

shown by Richter et al. [119] to accommodate a single nucleotide deletion at the corresponding 

position in the DNA, a new TAL effector was artificially added to the list with that repeat 

missing from the RVD sequence. The original TAL effector was not removed. No TAL effectors 

with multiple aberrant repeats were observed. TAL effector repeats of atypical lengths other than 

those characterized by Richter et al. were treated as normal repeats. TAL effectors with fewer 

than 11 RVDs, which are likely non-functional [16], were not included. TAL effector sequences 

encoded by pseudogenes, characterized by an early stop codon, a frameshift mutation, and or a 

large insertion that resulted in the absence of any and all matches to the NLS consensus sequence 

(K-K/R-X-K/R) [2, 224] or the lack of a stretch of 35 amino acids with at least 80% sequence 

identity to the acidic activation domain [60](using BLS256 Tal1c as the reference), were also 

excluded from binding site predictions. 

For the retained TAL effectors, EBEs were predicted using the TALE-NT 2.0 Target Finder tool 

[130]. Based on the RVD binding preferences determined by Yang et al. [118], we updated our 

local version of Target Finder to treat HH as NH but left treatment of other previously 

uncharacterized RVDs unchanged, i.e., as having equal affinity for all nucleotides. Predictions 

were carried out using the rice promoterome, defined as the 5′ UTR (if annotated) plus 1000 base 

pairs upstream of the transcriptional start site of each transcript; output for a gene includes all 
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unique EBEs predicted in the promoter of any transcript of that gene. Promoters were retrieved 

from the Oryza sativa L. ssp. japonica (cv. Nipponbare) reference genome (v.7.0) downloaded 

from Phytozyme 10 using the MSU Release 7.0 annotation downloaded from the Rice Genome 

Annotation Project [195]. Predicted EBEs were filtered with a previously developed machine 

learning classifier. To use the classifier on these large data sets, it was first retrained with 

transcriptional and translational start site locations from the genome annotation instead of 

manually curated locations based on EST support as in Cernadas et al. [8]. See Supplementary 

Table S4.1 in Data Sheet 4.2 for updated performance statistics and GitHub, 

https://github.com/kwilkins226/TALEffectorClassifier, for a Weka model file containing the 

classifier used here and a script to generate classifier input files from Target Finder output. Only 

EBEs assigned a probability of being true greater than or equal to 0.5 were included in lists of 

“passed” binding site predictions. 

Results and Discussion 

Whole Genome Sequences of and Rice Transcriptional Responses to 10 Diverse Xoc Strains 

Based on a Southern blot of BamHI-digested genomic DNAs of 34 geographically diverse strains 

using a TAL effector gene probe (Supplementary Figure S4.2 in Data Sheet 4.2), we selected 

nine strains in addition to BLS256 (Table 4.1) that were broadly representative of the restriction 

fragment length polymorphism observed, and performed SMRT, whole genome sequencing 

(NCBI BioProject number PRJNA283315). Only one strain, CFBP2286, carries any plasmid (see 

also Supplementary Figure S4.1 in Data Sheet 4.2). 

In addition, we determined rice gene expression changes in response to each strain by RNA-Seq 

of leaf tissue 48 h after inoculation (NCBI Gene Expression Omnibus accession GSE67588) 
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TAL Effector Sequences of the 10 Xoc Strains 

Across the 10 sequenced strains, 250 TAL effector genes and eight pseudogenes with 

recognizable TAL effector repeat regions were identified, all chromosomal. One TAL effector 

gene per strain, including tal2h of BLS256, encodes a TAL effector with no activation domain. 

These each show 95% or greater amino acid sequence identity throughout the C-terminal region 

(downstream of the CRR) to Tal2h. The gene in the African strain CFBP7342 is a pseudogene 

disrupted by an insertion sequence element, and the genes in the other two African strains, 

CFBP7331 and CFBP7341, have only six RVDs each, but in all other strains the genes display 

intact CRRs of 18 or more repeats. Seven of them contain one atypical-length repeat 28 amino 

acids in length, not matching one of the types characterized by Richter et al. [119] as being able 

to accommodate a single base deletion at the corresponding location in the EBE (File S4.1, Data 

Sheet 4.1). Although BLS256 Tal2h was originally assumed to be nonfunctional due to its 

truncated C-terminus and lack of activation domain [141], the broad conservation of this TAL 

effector variant suggests that it may serve an important function, perhaps as a virulence factor 

[188]. The use of engineered TAL effectors missing activation domains as transcriptional 

repressors in eukaryotes suggests a mechanism by which Tal2h could influence host gene 

expression [25, 225]. Notably, the truncated C-terminus retains a predicted nuclear localization 

signal. Similarly, the atypical repeats of lengths not characterized by Richter et al. could be 

nonfunctional, but broad conservation suggests otherwise. 

The remaining 241 structurally complete TAL effectors collectively represent 98 unique binding 

specificities, based (solely) on RVD composition and presence or absence of atypical-length 

repeats (File S4.1, Data Sheet 4.1). Six of the 241 have a single atypical-length repeat matching 
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one of the types characterized by Richter et al. [119] and none has more than one. Four repeats of 

36 amino acids each are also observed in four different TAL effectors. The distribution of RVDs 

observed in the TAL effector sequences (excluding those encoded in pseudogenes) is similar to 

that of previously sequenced Xanthomonas TAL effectors [49], with 75% being HD, NN, NG, or 

NI (Supplementary Figure S4.3 in Data Sheet 4.2). Only 40 of the total 1916 RVDs are of types 

not assigned any specificity in the TALE-NT 2.0 Target Finder binding site prediction tool [130]. 

Among these are two RVDs, QD and HY, each occurring once, that have not been reported 

previously in any Xanthomonas TAL effector. 

 

TAL Effector Conservation and Known TAL Effector Targets Upregulated by the Xoc 

Strains 

To assess conservation of TAL effector sequences across strains, we grouped TAL effectors by 

apparent orthology (descent from the same ancestral gene with no duplication events; see 

Materials and Methods) (Figure 4.1). To ascertain potential variation in targeting specificity 

within groups, we then recorded the number of BSR differences among the TAL effectors in 

each group, using the BLS256 TAL effector in the group as a reference, if present, or the TAL 

effector that was conserved exactly in the most strains otherwise (Figure 4.1). For orthologs of 

the 13 BLS256 TAL effectors with one or more known targets [8], we attempted to infer 

function and targeting specificity by asking whether the ortholog is predicted to bind the 

promoter for each corresponding target, and whether each target was upregulated by the 

corresponding strain in our RNA-Seq experiment. Whenever a BLS256 TAL effector is perfectly 

conserved at the BSR level in another strain, that strain upregulated the known target(s) (Figure 

4.1). For imperfect matches, results were mixed. With one exception discussed below, every 
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BLS256 TAL effector ortholog with no more than six BSR differences has in the promoter of 

each corresponding BLS256 target gene a predicted EBE that passes a machine learning filter for 

predicting functionality (see Materials and Methods), and for 99% of these, the target is 

upregulated. The exception is the BLS256 Tal6 ortholog group. Neither Tal6 nor any of its 

orthologs has an EBE that passes the filter in the confirmed Tal6 target Os01g31220. The reason 

for this is not clear. Nonetheless, since target activation by BLS256 in all cases was shown to be 

TAL effector dependent, for any ortholog the presence of a predicted EBE and upregulation of 

the corresponding target is strong evidence of activation by that ortholog in each case. Where 

this is the case, the ortholog likely serves the same function as the BLS256 TAL effector, but we 

cannot exclude the possibility that non-identical orthologs target different genes distinct from the 

BLS256 TAL effector target(s). 

Five TAL effector groups have an ortholog from every strain that is neither pseudogenized nor 

more than two BSRs diverged from the others. These include the group containing BLS256 

Tal2g, a virulence factor that activates the S gene OsSULTR3;6 [8], and indeed, all 10 strains 

activate that gene. That all strains use the same TAL effector to upregulate this major S gene 

might reflect a targeting constraint at the promoter that could make modification or deletion of 

the EBE an effective strategy for durable resistance, one that the pathogen might not readily 

overcome by targeting a different sequence in the promoter. Another group contains BLS256 

Tal11b, a TAL effector of which a knock-out mutant showed reduced virulence on Nipponbare 

[8] but for which a target has yet to be identified. The remaining three TAL effector groups 

include Tal3a, Tal3b, and Tal9a of BLS256, respectively. Although no non-redundant role in 

virulence for these three TAL effectors was detected based on mutant phenotypes in Nipponbare 

in a growth chamber [8], their conservation suggests that they might perform an important 
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function in other rice genotypes or in the field. 
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Figure 4.1 TAL effector content of diverse Xoc strains in relation to BLS256, and shared upregulation of BLS256 TAL effector targets. Each column labeled in bold font 
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represents a group of orthologous TAL effectors, identified by finding reciprocal best BLAST hits. Columns are labeled 

according to the BLS256 ortholog, or if absent, by the designation “non-BLS256 TAL,” numbered arbitrarily. In these columns, 

the number of BSRs by which each TAL effector in the group (by strain) differs from the reference TAL effector for that group is 

given. The reference is the BLS256 TAL effector if present and the TAL effector with the most conserved BSR sequence 

otherwise. Gray fill indicates at least one difference. An “X,” with black fill, indicates absence of an ortholog. “Ψ” indicates that 

the TAL effector sequence derives from a pseudogene. “–(AD)” indicates a C-terminus like that of BLS256 Tal2h, missing the 

activation domain. Columns labeled in regular font with a rice gene name (locus ID) show the fold upregulation of that gene by 

each strain, with black fill indicating genes that are not significantly upregulated. The genes are grouped by the BLS256 TAL 

effector that upregulates them, immediately to the right of the column for that TAL effector. Fold change values in red font mark 

instances in which the gene promoter has no predicted EBE that passes a machine learning filter for the BLS256 TAL effector 

ortholog present in the strain represented in that row. 

 

While conservation of a TAL effector suggests that the TAL effector is important, conservation 

of TAL effector target upregulation in the absence of TAL effector conservation suggests that the 

target gene is important. As an example, Tal3c of BLS256, though conserved in all non-African 

strains, is absent from the three African strains, yet its two known targets, Os02g47660 and 

Os03g07540 (which are upregulated by all the non-African strains), are upregulated, 

respectively, by CFBP7342 and by all three African strains (Figure 4.1). Because the activation 

of these genes by BLS256 depends on a TAL effector [8], their upregulation by the African 

strains seems likely to as well. Consistent with that hypothesis, a TAL effector present only in 

CFBP7342 has a predicted EBE in the promoter of Os02g47660 and several predicted EBEs in 

the promoter of Os03g07540 that pass the machine learning classifier. The Os02g47660 EBE 

does not overlap the Tal3c EBE, but one of the Os03g07540 EBEs does. Two more TAL 

effectors, found in all three African strains (one only in the three African strains and the other 

also in BXOR1), both have multiple, predicted, passing EBEs in Os03g07540. One predicted, 

passing EBE for each of these TAL effectors overlaps the Tal3c EBE by 10 base pairs, and the 

other overlaps it completely (Supplementary Figure S4.4 in Data Sheet 4.2). In addition to 

pointing to new, strong candidate TAL effector-target pairs, these observations suggest that 

Os03g07540, the Tal3c target upregulated by all strains though apparently by different TAL 

effectors, is important in bacterial leaf streak. This is further supported by the fact that 
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Os03g07540 encodes a member of the bHLH protein family, which includes UPA20, the S gene 

target of X. campestris pv. vesicatoria TAL effector AvrBs3 in pepper (Capsicum annuum) [63]. 

A tal3c mutant strain of BLS256 was not significantly less virulent in a growth chamber using 

artificial inoculation, but again, it seems likely that such an assay fails to detect differences that 

would be significant under field conditions. 

 

Relationships of TAL Effectors across Strains in Comparison to Housekeeping Genes 

Conservation of TAL effector binding specificities within the Asian and African groups is high. 

As a point of reference, the four sequenced Xoo strains [147, 188, 226, 227], all from Asia, in 

pairwise comparisons share at most 36% of their TAL effectors and on average only 21% (as a 

percentage of whichever strain has more TAL effectors, and based on perfect identity of BSR 

sequences). Between every pair of Asian Xoc strains, a minimum of 25% and on average 57% of 

TAL effectors are conserved. For the African Xoc strains, the minimum is 32% and the average 

51%. Across all the Xoc strains, the average is 33%, but there is clear distinction between the 

Asian and African groups, with only BXOR1 sharing more than 10% of its TAL effectors with 

any of the African strains. The comparatively high level of TAL effector conservation within the 

two Xoc groups could be the result of purifying selection or a relative lack of diversifying 

selection, but could in part reflect broad dissemination of TAL effector genes via horizontal gene 

transfer. To address this possibility, we generated and compared two phylogenetic trees (Figure 

4.2A), one based on the sequences of 31 housekeeping genes that are recalcitrant to horizontal 

gene transfer [203, 228] and the other based on the groups of TAL effector orthologs described 

above. The two trees are nearly identical, but the tree created using the TAL effector orthologs is 

a significantly better fit for the TAL effector ortholog alignment than the tree created using the 
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housekeeping genes (Kishino–Hasegawa test p = 0.047). This result indicates that TAL effectors 

may have been horizontally transferred among these strains, though probably infrequently given 

the similar overall topologies of the two trees. Phylogenies based on individual TAL effector 

ortholog groups support this conclusion, with only six of thirty testable ortholog groups yielding 

a TAL effector-based topology that is a significantly better fit for the TAL effector alignment 

than is the topology of a housekeeping gene-based phylogeny (Supplementary Figure S4.5 in 

Data Sheet 4.2). 

 

Figure 4.2. Phylogenetic relationships based on housekeeping genes vs. TAL effectors, and whole genome alignments of 

the Xoc strains. (A) Maximum likelihood trees, created using concatenated alignments of the nucleotide sequences of either 31 

housekeeping genes or the TAL effectors in each of the 39 ortholog groups shown in Figure 4.1. Bootstrap values from 1000 

replicates are given at the nodes. (B) Alignment of the whole genome of every strain, generated using progressiveMauve [218]. 

Colored blocks represent regions of uninterrupted homology, connected between genomes by matching colored lines. The height 
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of the colored bars within each block indicates relative conservation on average across all genomes. Homologous regions above 

the centerline are in the same orientation as they are in BLS256 and those below are inverted. 

 

For each of those six groups, represented by BL256 Tal2b, Tal2c, Tal2g, Tal4b, and Tal12, and 

by B8-12 Tal5e (non-BLS256 Tal#4 ortholog group in Figure 4.1 and Supplementary Figure 

S4.5 in Data Sheet 4.2), the genomic context of each TAL effector gene represented in the group, 

specifically the local spatial relationship to other TAL effector genes, is conserved across the 

genomes of the strains in the group (Supplementary Figure S4.5 in Data Sheet 4.2 and Figure 

4.3). This suggests that either clusters of TAL effector genes were transferred or individual TAL 

effector genes were transferred to the same locations within those clusters. This second 

possibility seems unlikely given the overall high sequence similarity across TAL effector genes 

and often their flanking DNA, which should result in integration of a horizontally transferred 

TAL effector gene into any cluster randomly. Therefore, if the TAL effector genes in the six 

groups were horizontally transferred, neighboring TAL effector genes likely were as well. We 

saw no evidence for this however. For the BLS256 Tal4b and Tal12 groups, TAL effectors 

encoded by genes on either side yielded tree topologies that fit the TAL effector alignments no 

better than the housekeeping tree-based topologies did. Similarly, for the groups represented by 

BLS256 Tal2b, Tal2c, and Tal2g, which are encoded in the same cluster, and for the group 

represented by B8-12 Tal5e, which is encoded in the orthologous cluster in each of the four 

genomes in which it occurs, in the same location, TAL effectors encoded by intervening genes in 

the cluster (Tal2d, Tal2e, and Tal2f in BLS256) likewise showed no evidence of horizontal 

transfer (the Tal2f group represents only two strains and was therefore not meaningful). Thus, for 

these six groups, either the difference between the TAL effector-based topologies and the 

housekeeping gene-based topologies is not due to horizontal gene transfer, or the lack of 

difference for the groups representing flanking or intervening genes is in each case a false 
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negative. 

Consistent with the high levels of Xoc TAL effector conservation, the Xoc genomes overall are 

highly structurally conserved. Only 53 recombination breakpoints are required to explain the 

genome rearrangements observed among the strains (Figure 4.2B), and no breakpoints detectable 

by GARD [220] occur within a TAL effector gene. With minor exceptions that likely arose from 

exchange between two TAL effector genes by double cross-over, or in some cases local 

rearrangements associated with insertion sequence elements, all apparent orthologs reside in 

conserved contexts within their respective genomes (Figure 4.3).  
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Figure 4.3. Identity, order, and orientation of TAL effector genes across the Xoc strains. Each arrow represents a TAL effector (tal) gene and points in the 5′ to 3′ direction. 

The genes are to scale relative to one another, as are the intergenic regions, but the genes have been magnified relative to the rest of the genome. Arrows of the same color and 
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pattern represent orthologs. The same color or pattern alone does not indicate any particular relationship. Genes are numbered 

and lettered according to Salzberg et al. [147]. An apostrophe indicates a pseudogene, and a minus sign indicates that the encoded 

TAL effector has a BLS256 Tal2h-like C-terminus, lacking the activation domain. 

 

 

 
Figure 4.4 . Rice gene expression changes induced in common by the Xoc strains. The number of genes up- or down- 

regulated in rice (cv. Nipponbare, at 48 h after syringe infiltration) in common by each of n strains across all possible groups of 

strains is plotted as a function of n. The least-square fit of an exponential decay function is shown as a dashed line, with R2 values 

for the fit displayed in the upper-right of each graph. CFBP2286 and BXOR1 induced the fewest gene expression changes (up or 

down), and this is reflected in stratification of the points in each plot. To make this apparent, groups containing only one of these 

strains are shown in red and groups containing both in blue. 
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TAL Effector Content in Relation to Rice Gene Expression Changes 

Because even similar TAL effectors may target different sets of host genes and because different 

TAL effectors may share targets [7, 66, 69, 72, 119, 143], differences in TAL effector content 

between strains by itself may not be predictive of differences in the changes to rice gene 

expression each strain causes. To examine this, we compared the host gene expression changes 

in response to all the strains in relation to their TAL effector content. The RNA-Seq results we 

obtained show that the Xoc strains on average upregulate 5152 rice genes, but only 1437 (28%) 

of these are upregulated by every strain (Table 4.2). The number of genes downregulated by each 

strain is similar, 5608 genes on average, with 1248 (22%) of these downregulated in common. 

Every gene expression change uniformly required for the development of bacterial leaf streak of 

rice by definition is represented among the genes up- or down- regulated by all 10 strains. The 

relatively small number of these genes up- or down- regulated in common might be explained in 

part by the exclusion of any gene expression change that serves a required function but is 

substituted for in the case of some strains by a distinct induced change. Upregulation of different 

SWEET gene family members by different TAL effectors of different Xoo strains in bacterial 

blight of rice is an example of such essential but interchangeable TAL effector induced changes 

to host gene expression [7, 66, 69, 72, 119, 143]. Incidentally, the list of gene expression changes 

induced in common by every strain almost certainly contains a number of non-essential changes: 

plotting the number of shared up- and down-regulated genes among all possible combinations of 

the strains reveals that an exponential decay function fits the data poorly (Figure 4.4); in other 

words, the rate at which the number of shared gene expression changes decreases does not 

decrease as more strains are added, up to the 10 total. 
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Table 4.2. Numbers of TAL effectors, induced rice gene expression changes, and target 

predictions for each Xoc strain. 

Strain or 

value 

TAL 

effectors
a
 

Upregulated 

genes
b
 

Downregulated 

genes
c
 

Predicted 

EBEs
d
 

Passed 

EBEs
e
 

Predicted 

candidate 

genes
f
 

Passed 

candidate 

genes
g
 

B8-12 27(1) 6,966 7,112 55,980 23,389 6,966 3,903 

BLS256 27(1) 6,881 8,043 55,980 24,980 6,881 3,976 

BLS279 25(1) 6,191 6,872 55,980 23,333 6,191 3,513 

BXORI 25(2) 2,592 2,373 55,981 30,117 2,592 1,771 

CFBP2286 27(1) 2,708 2,713 55,980 25,581 2,708 1,609 

CFBP7331 19(3) 5,117 5,554 55,980 32,080 5,117 3,623 

CFBP7341 19(3) 5,306 5,213 55,980 31,977 5,306 3,715 

CFBP7342 22(2) 5,830 6,531 55,983 45,973 5,830 5,065 

L8 26(3) 5,835 7,157 55,980 24,786 5,835 3,450 

RS105 22(2) 4,093 4,509 55,980 21,378 4,093 2,166 

Average   20 5,152 5,608 55,980 28,359 5,152 3,279 

Sharedh 5 1,437 1,248 55,979 16,425 1,437 648 

a
 The number in parentheses is the number of pseudogenes. 

b
 The number of genes upregulated in rice (cv. Nipponbare) leaves at 48 hours after syringe 

infiltration of the strain relative to mock inoculated leaves (q<0.05). 
c
 The number of genes downregulated in rice (cv. Nipponbare) leaves at 48 hours after syringe 

infiltration of the strain relative to mock inoculated leaves (q<0.05). 
d
 The number of genes with at least one predicted EBE in the promoter. 

e
 The number of genes with at least one EBE in the promoter that passes the machine learning 

classifier filter. 
f 
The number of upregulated genes with at least one predicted EBE in the promoter. 

g
 The number of upregulated genes with at least one EBE in the promoter that passes the 

machine learning classifier filter. 
h
 Shared TAL effectors are defined as having no more than two BSR differences 

 

Overall, relationships among the rice transcriptional responses to the 10 Xoc strains, shown as a 

tree in Figure 4.5A (see Materials and Methods), do not match those observed for the TAL 

effectors (Figure 4.2A). Of particular note are the Asian strains, which cluster distinctly in the 

TAL effector based tree, but not in the tree based on rice gene expression changes. This greater 

conservation of induced host gene expression changes than TAL effector content may be due to 

TAL effector-independent changes, and or convergent evolution having resulted in diverse TAL 

effectors sharing targets, as suggested by the targets of BLS256 Tal3c and exemplified by the 
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SWEET genes in bacterial blight, discussed above. Perhaps not surprisingly, however, when only 

the expression changes of the known targets of BLS256 TAL effectors are examined (Figure 

4.5B), the clustering more closely recapitulates the tree based on the orthologous TAL effector 

groups (Figure 4.2A). 

 

Figure 4.5. Relationships of the Xoc strains based on the rice gene expression changes each induces. Trees were created 

using (A) for each strain, fold change values for all genes that are significantly differently expressed (q ≤ 0.05) at 48 h following 

syringe infiltration, relative to mock (see Methods) and (B) only the fold change values for the known targets of BLS256 TAL 

effectors. Each tree was generated by complete linkage clustering based on the Euclidean distance between vectors of log10 fold 

change. For each tree, five subdivisions of the log10fold change values observed in the data for that tree were used: the minimum, 

half of the minimum, the maximum, and half of the maximum. 

 

Toward Identification of New TAL Effector Targets in Bacterial Leaf Streak of Rice 

TAL effectors often determine whether an interaction leads to disease or to successful plant 

defense. In addition to augmenting the promoter of an R gene with EBEs for conserved TAL 

effectors to broaden its effectiveness [80, 81], genetic manipulation of host S gene promoters to 

prevent activation, through breeding or by genome editing, can be a successful disease control 

strategy [66, 79]. For broad effectiveness and durability, identification of genes widely targeted 

by strains within and across pathogen populations, either by conserved TAL effectors or distinct 
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ones in different strains, is an important starting point. Toward this goal, we first sought to 

identify candidate TAL effector targets for each of the 10 Xoc strains by predicting whether any 

of the genes upregulated by a strain contains a possible EBE in its promoter for any of the TAL 

effectors of that strain. For this, we used the Target Finder tool of TALE-NT 2.0 with a score 

ratio threshold of 3.0 [130]. For any TAL effector with an atypical-length repeat of a type 

characterized by Richter et al., we ran predictions using the complete RVD sequence as well as 

that sequence with the RVD of the repeat left out. We treated repeats of other atypical lengths as 

typical repeats. We did not do predictions for TAL effectors with the truncated Tal2h-like C-

terminus, reasoning that if they are functional (1) they might act by targeting outside the 

promoter [93], and (2) their targets might include genes not differentially expressed in 

comparison to the mock control used in the RNA-Seq experiment, but instead prevented from 

being otherwise activated by the pathogen. Somewhat surprisingly, every gene upregulated by 

any strain has a predicted EBE for at least one TAL effector of that strain, meaning that the 

predictions provide no additional information beyond the RNA-Seq data. In fact, Target Finder 

predicts an EBE for at least one TAL effector per strain in nearly all of the 55,986 gene 

promoters in the MSU7 [195] annotation (Table 4.2). Consequently, in order to identify a 

testable list of candidate TAL effector targets from this and like studies of wild type strains with 

multiple TAL effectors, either more specific (fewer false positive) EBE predictions, or methods 

to rank and filter candidate genes are essential. 

A modified version of the machine learning classifier from Cernadas et al. [8] (see Methods) 

appears to perform well as a way to filter candidate genes. If instead of starting with upregulated 

genes, the whole genome is examined, using only EBEs passing this classifier reduces the 

number of candidate genes by 36% across all samples, compared to not using the classifier 
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(Table 4.2). Of the resulting set of genes with passing EBEs, 12% are upregulated, a significant 

increase from the 9% of all genes with predicted EBEs that are upregulated (p<0.01). This 

enrichment suggests that the filtering is beneficial and could be applied to the list of candidates 

from the upregulated gene set. Having RNA-Seq data for the host interacting individually with 

each of multiple strains for which the TAL effector content is known enables a second, 

independent method of filtering (the machine learning classifier does not use the RNA-Seq data 

as input), eliminating any candidate target that is not upregulated by every strain that contains the 

corresponding TAL effector. All known BLS256 TAL effector targets pass this filter. Though 

expected, this result provides some assurance that requiring a candidate gene to be upregulated 

by all strains containing the relevant TAL effector will not eliminate true TAL effector targets 

from consideration. The two filters discussed here, the classifier and the shared TAL effector-

shared target criterion, can be used together or independently. Supplementary Table S4.2 (Data 

Sheet 4.3) provides a list of candidates for the five TAL effectors shared, with no more than two 

BSR differences, by all 10 strains, generated using both filters together. These lists and others 

that could be generated for geographical subsets of these strains represent promising starting 

points for future experimental analyses to identify additional TAL effector targets, including new 

BLS S genes. 

Conclusion 

As discussed in the introduction, new strategies centered on TAL effectors and their targets show 

great promise for control of plant diseases in which TAL effectors play determinative roles [70]. 

One of these, amending an R gene promoter with one or more additional EBEs, for breadth and 

durability requires using EBEs that correspond to conserved TAL effectors or to a minimal set of 

representative TAL effectors so that it will trap the diversity of strains in a population. Another, 
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integrating or engineering an allele of a major S gene that is immune to activation due to 

disruption of its EBE(s), requires identifying an S gene on which the strains in a population 

uniformly depend. Characterizing population level TAL effector conservation addresses the first 

of these requirements, and assessing host genome-wide expression data alongside TAL effector 

sequences helps address the second by enabling identification of conserved and potentially 

important candidate TAL effector targets. The analyses we present in this paper of TAL effector 

sequences from 10 diverse Xoc strains (from eight genome sequences we present here and two 

we determined previously), and RNA-Seq data we captured for rice responding to each strain, 

are a significant advance toward these objectives for the increasingly globally important rice 

disease bacterial leaf streak. 

Our RNA-Seq results are consistent with the microarray-based study of BLS256-inoculated rice 

we published previously [8]: all TAL effector targets identified in that study are upregulated in 

the RNA-Seq data for all strains that contain a TAL effector with the corresponding RVD 

sequence. However, because RNA-Seq is more sensitive than hybridization to a microarray, and 

because, for reasons outlined below, we predicted a greater number of binding sites per TAL 

effector, on average, than we previously predicted for the BLS256 TAL effectors [8], here we 

were able to identify, with filtering, candidate targets for all of the 27 intact BLS256 TAL 

effectors except Tal2b (which is not, as it was originally described, a pseudogene; Booher et al., 

unpublished), in contrast to the 19 TAL effectors for which we were able to identify candidate 

targets using the microarray data, without filtering [8]. 

The greater number of EBE predictions here is due, in part, to the presence of more 

uncharacterized RVDs in this larger collection of TAL effectors. Among the BLS256 TAL 

effectors, Tal2g contains the only two uncharacterized RVDs. In our previous work, we replaced 
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these with RVDs of known specificity that shared the same BSR [8]. The TAL effectors in the 

present study include 40 previously uncharacterized RVDs, and based on recent experimental 

results [36, 118], we chose to replace only some of these with observed RVDs of known 

specificity. The impact of uncharacterized RVDs on binding site prediction specificity is evident 

in the filtered candidate gene lists for the five highly conserved groups of orthologous TAL 

effectors. The filtered candidate gene lists for four of the ortholog groups contain fewer than 11 

genes. The TAL effectors in these ortholog groups contain no uncharacterized RVDs. The gene 

list for the fifth group, which includes Tal2g, has 521 candidate genes that pass both filtering 

steps. Each TAL effector in that group contains two uncharacterized RVDs. The large number of 

candidate genes identified for this group almost certainly results from the binding site prediction 

algorithm treating uncharacterized RVDs as having equal affinity for all four nucleotides. 

Another reason for the greater number of candidates in this study is our having considered all 

potential EBEs in a promoter, instead of just the best scoring one. This allows for the possibility 

that a poorer scoring EBE that is closer to the transcriptional start site is more likely to activate a 

gene than a better scoring EBE that is at a distance, and results in more candidates passing the 

machine learning filter. We also redefined the promoter as the 5′ UTR plus 1000 bp upstream of 

the transcriptional start site, instead of just the latter, which was used previously. This allows for 

the possibility that some TAL effectors activate their targets by binding within the 5′ UTR of the 

basal transcript and resetting the transcriptional start site. Finally, in our previous study [8], we 

determined the EBE score cutoff for each TAL effector individually using the distribution of the 

best predicted binding sites in each gene in the rice genome. In the present study, we fixed the 

score cutoff at three times the best possible score, reflecting the current Target Finder algorithm. 

With the greater sensitivity of RNA-seq and the prediction parameters we used, absent a method 



 

127 

to more specifically predict EBEs, the filtering is essential to obtain a testable number of 

candidate targets from RNA-Seq studies using wildtype strains with multiple TAL effectors. 

Generating individual TAL effector knockout strains for comparison to the wild type is desirable, 

but not always feasible. Comparison across distinct wildtype strains is a powerful alternative. In 

the case of BLS256 Tal3c target Os03g07540, this approach enabled us to distinguish this gene 

from among the several targets of that TAL effector as potentially important, because it was the 

only Tal3c target upregulated by all strains, ostensibly due to being targeted by a TAL effector 

distinct from Tal3c in some strains. 

In light of our overall results, TAL effector-centered strategies for control of BLS appear 

promising. We observed that within geographic regions, Xoc TAL effectors are highly conserved 

relative to Xoo TAL effectors. They are not disrupted by breakpoints that lead to large, genomic 

rearrangements, and they appear rarely or never to have been horizontally transferred within 

Xoc, consistent with the observation of Ferreira et al. [229] that Xoc TAL effector genes do not 

localize with TnXax1short inverted repeat sequences to form mobile cassettes, unlike TAL 

effector genes in other Xanthomonas species. Moreover, we identified five Xoc TAL effectors 

that are shared by all 10 sequenced strains with no more than two BSR differences. As discussed 

above, one of these groups, the BLS256 Tal2g group, targets the major S gene OsSULTR3;6, 

indicating that edited or naturally occurring alleles lacking the corresponding EBE might be 

broadly effective for disease control. An R gene amended with EBEs to capture all five groups 

also seems likely to be broadly effective and durable. 

Finally, the conserved TAL effector groups represent footholds for further dissecting the 

functions of TAL effectors and their targets. The fact that one of the groups contains BLS256 

Tal11b, for which a mutant strain showed reduced virulence but for which no target was 
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identified (Cernadas et al., 2014), supports the conclusion that Tal11b and the orthologs are 

important but may act in a non-canonical way, such as downregulating a gene by binding to its 5′ 

UTR. The three groups for which no virulence contribution of the BLS256 TAL effector was 

observed in the growth chamber assay of Nipponbare plants, as discussed, may exemplify TAL 

effectors with host genotype-specific virulence contributions, or functions not measured by our 

virulence assay but important under field conditions. These might include contributing to the 

ability of the pathogen to initiate infection from a low titer or to disseminate. Broad conservation 

of the TAL effectors in each of these cases recommends them for further experimentation to test 

these possibilities. 
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CHAPTER 5: TAL EFFECTOR BINDING SITE PREDICTION TOOLS INCORPORATING 

EXPERIMENTALLY DERIVED SPECIFICITIES OF 400 REPEAT VARIABLE 

DIRESIDUES
1
 

 

Katherine Wilkins
2,3

, Adam Bogdanove
2,4 

Abstract 

Plant pathogenic bacteria of the genus Xanthomonas cause disease in part by secreting 

transcription activator-like (TAL) effectors that bind DNA and directly activate host gene 

transcription. Each TAL effector has a unique, predictable specificity determined in a modular 

way by its central repeat region. Every repeat contains two variable positions that 

probabilistically specify one nucleotide in the binding site. The modularity of this binding 

mechanism facilitates identification of TAL effector targets that play critical roles in disease and 

enables design of TAL effectors with novel DNA binding specificity for targeted gene activation 

and genome editing. However, TAL effector binding site predictions are currently not highly 

specific, returning many false positives in addition to true target sites. This is in part because 

none of the available target prediction tools include specificities for repeat variants not found in 

TAL effectors with experimentally verified binding sites. In this work, we demonstrate that in 

vivo assessment of gene activation or relative binding affinity recapitulates known binding 

specificities. We also determine that a previously measured effect of interactions between repeat 

variants depends inextricably on the identity of these variants and cannot be extended to 

uncharacterized variants. We then present five novel binding site prediction tools that 
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incorporate recent assessments of all two amino acid variants, one of which performs as well as 

any current binding site prediction tool. Equal performance demonstrates the validity of the 

variant specificities included in this tool and it is likely that the incorporation of specificities for 

previously uncharacterized variants will lead to detectable improvements in performance as test 

sets containing more variants become available. We provide access to this tool through the 

TALE-NT suite of tools. 

Author Summary 

Transcriptional activator-like (TAL) effectors are transcription factors secreted by pathogenic 

Xanthomonas species that upregulate host genes after binding to promoter sequences determined 

by their modular DNA binding domain. Variants in the repeated sequences in this binding 

domain each specify one binding site nucleotide and can be used to identify TAL effector targets 

that play critical roles in disease or host defense. DNA binding domains with custom specificities 

can also be designed for targeted gene activation and genome editing applications. However, 

current binding site predictions have poor specificity, in part because none account for the 

specificities of variants not found in TAL effectors with known binding sites or for interactions 

between all repeat types. Although we find no patterns in the quantified interactions between 

repeat variants that would enable their extension to uncharacterized repeat variants, we show that 

specificities of uncharacterized repeat variants can be determined from assays measuring TAL 

effector relative binding affinity or TAL effector-driven gene activation. We demonstrate that 

specificities determined from these assays are correlated, suggesting that higher affinity TAL 

effectors may drive greater gene activation. We also update the TALE-NT binding site prediction 

tool to create the first such tool with comprehensive, experimentally determined variant 

specificities. 
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Introduction 

Plant pathogenic bacteria of the genus Xanthomonas cause disease of almost 400 hundred plant 

species, including staple food crops such as rice, maize, wheat, soybean, sorghum, and cassava 

[38]. Many Xanthomonas species cause disease in part by type III secretion [1] of transcription 

activator-like (TAL) effectors that bind host gene promoters and upregulate the corresponding 

genes [8, 51, 53, 63, 65, 66, 69, 72, 135, 137, 230, 231].  The C-terminal domain of each TAL 

effector includes nuclear localization signals [1-5] and an activation domain[4, 11, 12, 52, 60, 61, 

63, 123, 143] that mediate TAL effector import into the host nucleus and subsequent gene 

activation respectively, while the unique DNA binding specificity of each TAL effector is 

determined by a central repeat region [16, 17]. The central repeat region is composed of tandem 

repeats of a 33 to 35 amino acid sequence, which is highly conserved except at positions twelve 

and thirteen, known as the repeat variable diresidue or RVD. Each RVD in the binding domain 

of a TAL effector specifies the identity of one corresponding nucleotide in the binding site 

sequence according to a degenerate “code” [16, 17]. The presence or absence of single TAL 

effectors can determine the outcome of a host-pathogen interaction, as some TAL effectors 

activate susceptibility (S) genes that are critical for disease progression [7-10] and some activate 

resistance (R) genes that trigger a defense response [11-15]. Identification of TAL effector 

targets that are S or R genes provides an invaluable resource for the selection or creation of 

resistant host genotypes such as those that lack TAL effector binding sites in critical S gene 

promoters [66, 77-79]  or those that have additional TAL effector binding sites in R gene 

promoters [80, 81]. 

Although TAL effector target identification is critical to our understanding of and response to the 

diseases Xanthomonas species cause, our ability to leverage this resource is limited by the 



 

133 

apparently low specificity of current TAL effector binding site predictions. Concordance with 

gene expression data is extremely low [35] and as many as 49% of even upregulated genes with 

a predicted TAL effector binding site in the associated promoter are not directly activated by the 

corresponding TAL effector [8]. The poor specificity of current binding site predictions also 

limits the utility of designer TAL effector binding domains, which can be used to direct TAL 

effectors or TAL effector fusions to specific DNA sequences for purposes such as gene 

activation [18-23], gene repression [24-26], genome editing [18, 22, 27-30], and epigenome 

editing [31-34].  Without an accurate assessment of the potential off-targets of designer TAL 

effectors, unanticipated off-target effects may limit applicability. One possible explanation for 

the poor specificity of binding site prediction tools is that they do not account for all TAL 

effector features that have been shown to influence binding or they may account for them in an 

arbitrary way. These features include: a cryptic N-terminal repeat that determine the identity of 

one nucleotide 5’ of the binding site (position zero) [110]; the length (number of repeats) of the 

TAL effector; the position of each RVD within a TAL effector [116]; and potential interactions 

between neighboring RVDs [36, 37].  

The specificities of RVDs not found in TAL effectors with known binding sites are also 

unaccounted for in all current binding site prediction tools, although previous surveys have 

determined the impact of specific RVD-nucleotide interactions on both gene activation [118] 

(hereafter referred to as the Yang data) and relative binding affinity [22] (the Miller data) for all 

400 possible two amino acid RVDs. Here, we extend current binding site predictions tools to 

RVDs for which data are otherwise unavailable by deriving RVD specificities from these 

surveys. Below, we describe the features accounted for by each current binding site prediction 

tool, before we detail the ways in which we extended these tools and evaluated the success of our 
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updates. 

The first TAL effector binding site prediction tool that was developed, TALE-NT, identifies 

binding sites exclusively using the independent probabilities of each RVD interacting with each 

nucleotide, learned from the frequencies of RVD-nucleotide interactions in known binding sites. 

It is possible to allow a T, a C, or both at position zero, but no probabilities are assigned to these 

interactions [130]. One of the next tools developed, TALVEZ, is similar to TALE-NT, but 

accounts for the background distribution of nucleotides and includes an arbitrary probability for 

the occurrence of a T or C at position zero [75]. TALVEZ also accommodates the application of 

an arbitrary position weight correction function in which mismatches after a user specified 

position are penalized less, reflecting the observation that mismatches closer to the C-terminus 

have less impact on binding affinity [116]. The third of four available prediction tools, 

TALgetter, included the results of several in vitro binding site assays in its training data, 

enabling the inclusion of a learned probability of each nucleotide occurring at position zero [35]. 

To reflect the differing contributions of RVDs with varying affinities for their most preferred 

nucleotide partner to the overall TAL effector-binding site interaction [84], TALgetter also 

modeled two possible modes of action for each RVD. High affinity RVDs have a greater 

probability of interacting, in which case the RVD identity determines the probability of a 

nucleotide at a given position, while low affinity RVDs are more likely to be non-interacting, in 

which case background nucleotide distribution determines the probability of a nucleotide at that 

position [35]. TALgetter does not include any length correction factor. Finally, SIFTED, the 

most recently created binding site prediction tool, includes length, position, and neighbor effects 

learned from protein binding microarray data, which together improved binding predictions 

compared to a binding site prediction tool trained on the same data, but in which only RVD-
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nucleotide interactions were taken into account [37]. SIFTED also includes a learned probability 

of each nucleotide occurring at position zero, but only includes specificities and context effects 

for the four most common RVDs.  

These first three prediction tools only include specificities for the 15 RVDs that occur in TAL 

effectors with known binding sites, with the exception of TALgetter, which includes estimated 

specificities for four additional RVDs inferred from in vitro binding assays [35, 75, 130]. Since 

all three of these tools are primarily trained on the same known TAL effector binding sites, they 

are likely to be biased towards performing well on these particular binding sites and may or may 

not successfully identify all novel binding sites. On the other hand, SIFTED is based on 

experimentally derived binding specificities, but can only be used to predict binding sites of TAL 

effectors containing exclusively the four most common RVDs, those that were included in the 

protein binding microarray experiments on which the tool is based. Altogether, none of the 

currently available TAL effector binding site prediction tools includes specificities for more than 

19 of 420 possible RVDs. Thirty-one RVDs have already been observed in Xanthomonas TAL 

effectors and this number will only increase as more Xanthomonas genomes are sequenced. Each 

new TAL effector sequenced potentially provides novel insights into the mechanisms by which 

Xanthomonas species cause disease and suggests corresponding strategies for creating resistant 

plants. However, these benefits will only be realized if any R or S gene targets of that TAL 

effector can be identified. Binding site prediction tools that assume that uncharacterized RVDs 

are equally likely to bind all nucleotides can potentially return four times as many binding site 

predictions per such RVD per TAL effector that must then be screened to identify true TAL 

effector targets. 

Using the Yang and Miller data assessing the impact of specific RVD-nucleotide interactions on 



 

136 

both gene activation and relative binding affinity, we develop five new tools that include 

specificities for all RVDs characterized in these surveys. Specifically, we create: two updated 

versions of TALE-NT that incorporate normalized versions of either the Yang or Miller data; 

two new tools that score TAL effectors based on the raw data from Yang or Miller; and an 

extension of SIFTED that includes specificities for all 400 RVDs determined from the Miller 

data. We also address whether RVD specificity reflects the relative affinity of an RVD for each 

nucleotide and whether binding affinity of a TAL effector is proportional to the levels of gene 

activation it will promote. We then introduce a new, gold standard set of TAL effectors and 

known targets that can be used to assess the ability of target prediction tools to distinguish true 

and non-binding sequences. Finally, we determine whether there are any significant differences 

in the performance of the binding site prediction tools created previously or presented in this 

paper, using their concordance with gene expression data; their ability to rank previously 

identified binding sites highly among all candidate binding sites in a promoterome; and their 

performance on our gold standard data set. 

Results and Discussion 

TAL effector Mediated Relative Binding Affinity, Gene Activation, and Specificity Are 

Highly Correlated 

The specificity of all 400 two-amino-acid RVDs was previously assessed in an ELISA assay [36] 

and a reporter gene assay [118]. Briefly, each of these experiments used a guest-host design in 

which each of all 400 possible two-amino-acid RVDs was incorporated into one or more specific 

variable “guest” position(s) of otherwise constant “host” TAL effector proteins. These 400 TAL 

effectors were than each assayed against four binding sites each containing one of the four 

nucleotides at all “guest” positions. In the Miller [36] ELISA assay, position five of a ten RVD 



 

137 

TAL effector was varied and the amount of TAL effector protein bound to each substrate was 

measured using a fluorescent label attached to each protein. The measured fluorescence values 

are proportional to relative binding affinity of each TAL effector at a constant protein 

concentration. In the Yang [118] reporter gene assay, positions seven through nine of a fifteen 

repeat TAL effector were varied together and fluorescence of  a plasmid-born EGFP reporter 

gene, proceeded by each of the four corresponding TAL effector binding sites, was measured in 

HEK293T human liver cells. We estimated RVD specificities from each of these datasets by 

normalizing the resulting fluorescence values such that the four measurements for each RVD 

sum to one.  

To assess whether the relative binding affinity of the TAL effector with a given “guest” RVD for 

each of the four binding sites actually corresponds to probability of that “guest” RVD binding to 

each nucleotide, we compared the specificities derived from the Miller data to those previously 

derived from the actual frequency of RVD-nucleotide interactions observed in known TAL 

effector-binding site pairs [130]. For the 14 RVDs tested by Miller and for which specificities 

were included in the TALE-NT binding site prediction tool [130], the correlation between the 

normalized Miller data and the corresponding TALE-NT specificities was 0.72 (p-value = 

5.5 × 10−10). Exclusively considering the nine RVDs for which frequency-derived specificities 

had been determined based on more than one observation of that RVD, the correlation with the 

specificities determined using the Miller data was higher, 0.90 (p-value = 5.6 x 10
-14

). This close 

agreement suggests that the variation in the relative binding affinity of TAL effectors in the 

Miller study does in fact reflect RVD specificities. 

To test whether the probability of the variable RVD binding each nucleotide (ie specificity) 

corresponds to the relative activation of the gene preceded by the binding site containing that 
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nucleotide, we compared the normalized Yang data to the specificities derived from known TAL 

effector-binding site pairs as well. As with the specificities derived from the Miller data, there 

was a significant positive correlation between the normalized Yang data for the 14 RVDs for 

which specificities were included in TALE-NT (ρ = 0.78 p-value = 8.7 x 10
-13

). Again this 

correlation was even higher when considering only the 9 RVDs for which more than one 

observation of that RVD was previously used to determine specificity (ρ = 0.89, p-value = 6.4 x 

10
-13

). The fact that specificities derived from the Yang data also closely match the specificities 

determined from known binding sites suggests that the relative gene activation by TAL effectors 

containing each RVD in the Yang study also reflects the specificity of each RVD. 

In addition to being highly correlated with the RVD specificities learned from known binding 

sites, the specificities derived from the Miller and Yang data for these 14 RVDs are positively 

correlated with one another (ρ = 0.79, p-value = 2.9 x 10
-13

). However, there is no significant 

correlation between the specificities derived from these two datasets for all 400 RVDs. The 

differences between the specificities derived from the two datasets for the RVDs smallest raw 

values in the Miller dataset (Figure S5.1). In fact, the raw Miller values for the most discordant 

RVDs are all zero or very close to zero, while the Yang data includes no zeroes. We 

hypothesized that the difference between the specificities derived from these two datasets was 

caused by lower sensitivity of the Miller assay preventing quantification of weak RVD-

nucleotide interactions. Such a difference in sensitivity might be due to the use of a ten RVD 

TAL effector in the Miller assay versus a twelve RVD TAL effector the Yang assay, since 

shorter TAL effectors may be unable to accommodate less favorable RVD-nucleotide 

interactions [84]. Consistent with this hypothesis, the correlation between the Miller and Yang 

derived specificities for the 349 RVDs for which the four raw Miller measurements summed to 
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more than .01 was .79 (p-value = 4.7 x 10
-13

). The fact that specificities determined from these 

two datasets are so highly correlated when non-zero suggests that the relative binding affinity of 

a TAL effector may be strongly correlated with its ability to activate a downstream gene, in 

agreement with the observations of Meckler et al [116]. The strong agreement between three sets 

of RVD specificities derived from completely independent sources also suggests that all three 

reflect true RVD specificities. 

 

New Tools Incorporating RVD Specificities Inferred from Experimental Data 

To further evaluate whether the Miller and Yang data derived specificities accurately reflect true 

RVD specificities, we incorporated these specificities into binding site prediction tools to assess 

their utility for predicting TAL effector binding sites. Since TALE-NT is the only tool that 

predicts binding sites based strictly on the probability of each RVD interacting with a given 

nucleotide, [130], we chose to first integrate the RVD-nucleotide interaction probabilities based 

on either the Miller and Yang data into this tool. To do so, we substituted the RVD-nucleotide 

interaction probabilities based on either the Miller data or the Yang data into the position weight 

matrix of TALE-NT to create TALE-NTM and TALE-NTY, respectively. 

One potential problem with normalizing gene expression or ELISA fluorescence data is that 

doing so eliminates information about the absolute magnitude of the response to each TAL 

effector-DNA binding site interaction. For instance, it is possible that the level of gene 

expression driven by a TAL effector containing a given RVD-nucleotide pair not only reflects 

the specificity of that RVD (i.e. its relative preference for each nucleotide) but may be 

proportional to the strength of that RVD-nucleotide interaction. To address this possibility, we 

created a TAL effector binding site prediction tool that depends directly on the levels of gene 
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activation measured in the presence of a particular RVD-nucleotide combination at the variable 

position in the Yang reporter gene system. This prediction tool, referred to as YangSum, assigns 

putative TAL effector binding sites a score by summing the raw Yang data for each RVD-

nucleotide pair in the TAL effector. Similarly, we created a TAL effector binding site prediction 

tool to address the possibility that the relative binding affinities measured by Miller et al are 

proportional to the strength of each variable RVD-nucleotide interaction. This prediction tool, 

referred to as MillerSum, assigns putative TAL effector binding sites are a score by summing the 

raw Miller ELISA fluorescence levels measured for each RVD-nucleotide pair in the TAL 

effector. 

 

The Effects of Neighboring RVDs on RVD Specificity and Affinity Are Not Generalizable 

Although TALE-NT was the simplest tool to update with the Miller and Yang data, other tools 

have been shown to perform better in some assessments, indicating that TALE-NT may not be 

the tool that will achieve the best performance, even with this update. Because SIFTED has been 

shown to outperform TALE-NT, TALgetter, and TALVEZ at predicting binding sites for TAL 

effectors and TALENs containing only the four most common RVDs [37], we next attempted to 

integrate the Miller data into SIFTED as well. SIFTED includes length and position effects that 

are applied equally to all RVDs. The position effect in TALVEZ is applied similarly [75]. Indeed 

to our knowledge, no study has shown has shown that effect of TAL effector length or RVD 

position vary for different RVDs. We therefore assume that the SIFTED length and position 

effect terms can be extended, without modification, to all RVDs not currently included in the 

model. However, in SIFTED, the effect of a given neighboring RVD depends on not only the 

identity and position of the neighboring RVD, but the identity of the affected RVD and the 
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nucleotide to which the affected RVD is bound. This is a particularly restrictive dependency 

since the neighbor effects in SIFTED were only quantified for the four most common RVDs 

(HD, NG, NN, NI). We therefore built several linear models of neighbor effect, using the 

SIFTED data, in order to identify any patterns that could be used to extrapolate neighbor effects 

of and on other RVDs.  

To determine whether having an RVD as an N- or C-terminal neighbor has the same effect, 

regardless of the RVD being affected and the nucleotide to which the affected RVD is bound, we 

modeled the impact of having each RVD as an N- or C-terminal neighbor and of being the first 

or last RVD in a TAL effector with only the identity of the N- or C-terminal RVD as a feature. 

Possible identities of the neighboring RVD included “5pT”, representing the position zero 

specificity determinant, which is the N-terminal neighbor of the first RVD in a TAL effector, and 

“None”, which is both the N-terminal neighbor of the position zero specificity determinant and 

the C-terminal neighbor of the last RVD in a TAL effector. Only two neighbor effects had a 

consistent impact on the ΔΔG (relative binding free energy) an RVD-nucleotide interaction: a C-

terminal NI has a significant unfavorable effect on ΔΔG (p-value = 0.0239) and being the last 

RVD in a TAL effector has a significant favorable effect on ΔΔG (p-value = 0.0026) for most 

RVD-nucleotide pairs (Figure 5.1A). Although some neighboring RVDs had a predictable effect 

(F test p-value = 6.6 x 10
-5

), the model overall was extremely poor, with an adjusted 𝑅2 of only 

0.128, suggesting that impact of neighboring RVDs cannot be assumed to be the same regardless 

of the identity of the affected RVD or the nucleotide to which it is bound. 

To determine whether the impact of a neighboring RVD depends on the strength of the 

interaction between the affected RVD and the nucleotide to which it is bound, we modeled the 

impact of each neighbor on ∆∆𝐺 with only the ∆∆𝐺 of the affected RVD-nucleotide interaction 
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as a feature. This feature was not significant (p-value = 0.478) and the model achieved an 

adjusted 𝑅2 of -0.002. The fact that this model performs so poorly suggests that neighboring 

RVDs may significantly impact the ∆∆𝐺 of an RVD-nucleotide interaction, regardless of 

whether the ΔΔG of that interaction is large or small, favorable or unfavorable (Figure 5.1B).  

 
Figure 5.1 The impact of each neighboring RVD by (A) identity and position of neighbor and (B) ΔΔG of the RVD-

nucleotide interaction being affected. (A) Using data for the four most common RVDs (HD, NG, NI, NN) from SIFTED, the 

contributions of  N-  or  C-terminal  neighbors  to  the  overall  ΔΔG  contributions  of  each  of  the  16  (4  x  4)  possible  RVD-

nucleotide combinations to TAL effector binding (y-axis) are plotted by neighbor identity and position (x-axis), with XX 

representing the RVD being affected. No C-terminal neighbor (–) and no N-terminal neighbor (5’T) are included as ‘neighbors.’ 

(B) Contributions of the ten neighbors (HD, NG, NI, NN, or no RVD, N- or C-terminal) to ΔΔG (y-axis) are plotted as a function 

of the contributions of each of the 16 RVD-nucleotide interactions themselves to ΔΔG (x-axis). Overlap results in apparently 

fewer than 16 x-axis values and fewer than 10 y-axis values per x-axis value 

 

Finally, to determine whether the effect of a neighboring RVD is predictable given the ∆∆𝐺 of 

the RVD-nucleotide interaction it is affecting, we modeled the effect of neighboring RVDs using 

the following features: the identity of the neighboring RVD, the ΔΔG of the affected RVD-

nucleotide interaction, and the interaction between these two terms.  Although there were several 

significant terms in this model, it also performed poorly, with an adjusted 𝑅2 of 0.165. Given 

that we could not successfully predict the impact of a given neighboring RVD without knowing 

the identity of the RVD being affected, we conclude that the impact the four most common RVD 

neighbors will have on RVDs not included in the original model may be different from their 

impact on any of the four most common RVDs. It is unknown whether RVDs with similar 

specificities might exhibit similar neighbor effects since none of the four common RVDs for 

which neighbor effects were quantified have similar specificities. Likewise, we could not discern 
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any patterns in the effects of the four most common RVDs on neighboring RVDs that could be 

used to predict the effect of other RVDs on their neighbors 

 

The Average ∆∆𝑮s of RVD-Nucleotide Interactions across Neighbor Contexts Are 

Predictable 

Since we identified no patterns in the SIFTED neighbor effects, we were unable to extrapolate 

from the neighbor effects of the four most common RVDs on each other to the neighbor effects 

on or of the remaining RVDs.  Instead, we attempted to predict the average ΔΔG of each RVD-

nucleotide interaction across all sixteen possible neighbor contexts included in SIFTED in order 

to extend this tool to the remaining 396 two amino acid RVDs. Despite the possibly lower 

sensitivity of the Miller data, we chose the Miller data as input for this model because their assay 

was a direct measure of binding and swapped in each RVD at one position only, in contrast to 

the Yang data, which measured gene activation by a dTALE and swapped in an RVD at three 

tandem positions, thus altering six neighbor interactions simultaneously. 

We used both a linear model and an exponential model to predict the SIFTED ∆∆𝐺s of the four 

most common RVDs interacting with each nucleotide in all sixteen possible contexts from the 

Miller fluorescence values for the corresponding RVD-nucleotide interactions (all evaluated in 

one context). Both models performed well, with the linear model explaining 74.3% of the 

variation in the SIFTED values (p-value = 4.94 x 10
-77

)(Figure 5.2A) and the exponential model 

explaining 76.7% of the variation (p-value = 1.50 x 10
-82

) (Figure 5.2B). Since these are not 

nested models, we used the Bayesian Information Criterion (BIC) to compare them. With a BIC 

of 646 for the exponential model, compared to a BIC of 672 for the linear model, we concluded 

that the exponential model was a better fit. We therefore used the exponential model to predict 
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ΔΔG s for the 396 RVDs in the Miller data and added the predicted ΔΔGs to SIFTED, using the 

predicted values only for RVDs either not included in or neighbored by RVDs not included in 

the original tool. We call this new tool SIFTEDPlus. 

 

Figure 5.2. The 16 SIFTED ΔΔGs corresponding to each Miller measurement and the single SIFTED ΔΔGs predicted 

from each Miller measurement using A) a linear or (B) an exponential model. Since the SIFTED model accounts for 

neighbor effects, there are sixteen ΔΔG values for each RVD-nucleotide interaction, one for each possible pair of N- and C-

terminal neighboring RVDs (out of the four RVDs included in the SIFTED model). The Miller data for each RVD-nucleotide 

interaction was only collected in a single neighbor context and so is used to predict a single ΔΔG for each interaction based using 

either (A) a linear or (B) an exponential model. Actual SIFTED ΔΔGs are represented by circles and the predicted values are 

represented by a line. 

 

Concordance of Predictions with Gene Expression Data 

Having updated both TALE-NT and SIFTED to include the specificities of rare RVDs (RVDs 

not found in any Xanthomonas TAL effector with a known binding site), we next evaluated the 

performance of these five novel tools relative to the binding site prediction tools created 

previously. To do so, we first assessed the concordance of binding sites predictions with gene 

expression data, as previously done by Grau et al [35] for different gene expression datasets and 

exclusively for TALgetter and TALE-NT. If we make the simplifying assumption that all true 

TAL effector binding sites in promoters (defined here as 500 bp upstream of the transcriptional 

start site plus the 5’ UTR, if annotated) will cause upregulation of the corresponding gene, then 
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for a constant number of predictions, sensitivity is proportional to the number of binding sites 

predicted in promoters of upregulated genes. Using RNA-Seq datasets that we published 

previously, we identified genes upregulated by each of eleven strains of Xanthomonas oryzae pv. 

oryzicola (Xoc), each possessing between 19 and 27 TAL effectors, compared to mock 

inoculation [82]. We then evaluated the proportion of the top 20, 50, 100, and 200 binding sites 

predicted by each tool that occurred in the promoters of genes upregulated by that strain. We 

completed this assessment for each tool we created using the Miller and Yang Data, as well as 

for TALE-NT, TALgetter, and TALVEZ. We excluded SIFTED from consideration in this and 

following assessments because the majority of TAL effectors examined here (94 of the 98 in this 

dataset) include at least one RVD that SIFTED does not accommodate.  

In general, concordance for the majority of TAL effectors was poor, with less than one fifth of 

the top predicted binding sites from each tool found in the promoters of upregulated genes, 

regardless of the number of predictions being examined (Figure 5.3). And, this is likely to be an 

overestimate of concordance with gene expression data since the upregulated genes identified in 

each dataset reflect all the changes in rice gene expression induced by each strain of Xoc, 

including those induced both directly and indirectly by a TAL effector and those induced 

independently of TAL effectors. However, poor concordance with gene expression data may not 

indicate poor performance of binding site prediction tools. Additionally, the prediction tools 

presented here do not take into account genomic context, chromatin status, or other factors 

influencing DNA accessibility in planta. Even if every binding site identified by each prediction 

tool would truly be bound by the relevant TAL effector and lead to gene activation in a transient 

expression assay with the cloned gene on a plasmid or t-DNA it is possible that DNA 

inaccessibility prevents binding or that genomic context prevents gene activation following 
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binding in planta.  

 

Figure 5.3. The number of predicted binding sites found in the promoters of upregulated genes out of the top (A) 20, (B) 

50, (C) 100, and (D) 200 binding site predictions from each binding site prediction tool. Predictions were done using each 

tool for all 98 TAL effectors found in 11 strains of Xanthomonas oryzae pv. oryzicola and the number of top binding site 

predictions for each TAL effector that occurred in the promoters of genes upregulated in the presence of each strain containing 

that TAL effector was determined (x-axis) independently for each strain. The number of top binding site predictions that were 

concordant with gene expression data were then compared, accounting for the number of TAL effectors in each strain and the 

individual TAL effector under consideration, using Tukey’s HSD test. Methods that do not share a letter label have a 

significantly different number of concordant predictions for a given number of top binding site predictions (p<0.05). 

 

Relative performance of the different prediction tools varies depending on the number of top 

predictions being evaluated but there are some trends (Figure 5.3). SIFTEDPlus, YangSum, and 

MillerSum tend to show the lowest concordance with gene expression data and always perform 
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significantly worse than TALgetter and TALVEZ. TALE-NT, TALgetter, and TALVEZ 

consistently perform the best in terms of gene concordance and there are no significant 

differences in the performance of these tools.  TALE-NTY consistently outperforms TALE-

NTM and does not ever perform significantly worse than TALE-NT, while TALE-NTM only 

performs more poorly than TALE-NT when the top 200 predictions are considered. TALE-NTY 

also performs as well as TALgetter and TALVEZ for two of the four cutoffs. Overall, these 

results suggest that the performance of the original three tools (TALE-NT, TALgetter, and 

TALVEZ) is similar and that adding specificities of rare RVD does not lead to a significant 

increase in prediction specificity. This is unsurprising, since rare RVDs make up only about 2% 

of the RVDs in this collection of TAL effectors, although 18 of the 98 TAL effectors contain one 

rare RVD and another 9 TAL effectors contain two rare RVDs each. However, the specificities 

derived from the Yang and Miller data generally match those derived from known binding sites, 

and TALE-NTY performs as well as the three previous prediction tools in almost every case. 

This demonstrates that binding specificities can be inferred from the Yang data and successfully 

used to predict TAL effector binding sites, although rare RVDs are infrequent enough in the test 

dataset that it is impossible to detect any influence the additional specificities have on the overall 

specificity of the binding site predictions. 

 

Ranking of Known Binding Sites within the Promoterome 

Gene expression data is not always available to filter binding site predictions and it is common 

for binding site prediction tools to be used to search for the best binding sites for a Xanthomonas 

TAL effector within the promoter of a host organism. To test the performance of each binding 

site prediction tool in this common use case, we evaluated the ability of each tool to rank 
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experimentally validated TAL effector binding sites highly compared to all other possible 

binding sites found in host promoter sequences, as previously done by Pérez-Quintero et al [75] 

for a different dataset and exclusively for TALVEZ and TALE-NT. For this comparison, we 

collected 46 previously identified TAL effector-binding site pairs that were found in the 

promoteromes of host organisms for which complete, sequenced genomes are available 

(Supplemental Table 5.1). For each TAL effector in this collection, we identified the top 5000 

predicted binding sites within the promoterome containing the experimentally validated binding 

site using each binding site prediction tool.  We then plotted the number of validated binding 

sites identified at each possible rank cutoff between 1 and 5000 (Figure 5.4A) and used the areas 

under the resulting curves as a performance metric, with higher areas under the curve 

corresponding to tools that identified more binding sites at lower rank cutoffs (Figure 5.4B). 

 

Figure 5.4. The number of validated binding sites that pass a given rank cutoff for each tool (A) plotted and (B) compared 

based on the area under the curves in part A. (A) 46 previously identified binding sites are each ranked compared to all 

possible binding sites in the promoters of the genome containing that binding site. The number of binding sites that achieve a 

given rank or better (y-axis) are plotted against varying rank cutoffs (x-axis) from 1 to 5000. (B) The area under the resulting 

curve is used as a performance metric and compared pairwise using the method of DeLong et al [232]. Methods that do not share 

a letter label have a significantly different area under the curve (p<0.05). 

 

Once again, TALE-NTY performs as well as any other binding site prediction tool, reflecting the 
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validity of the specificities derived from the Yang data. TALgetter and TALE-NT also perform 

well, with no significant difference between their performance and that of TALE-NTY. 

However, TALE-NT does perform slightly less well than TALgetter. TALVEZ and TALE-NTM 

perform less well than the top three tools and similarly to one another. All tools significantly 

outperform MillerSum, YangSum, and SIFTEDPlus. Again, no significant improvement is 

observed upon the inclusion of rare RVD specificities, but TALE-NTY matches the performance 

of TALgetter and TALE-NT and might show an observable improvement in performance once 

binding sites are identified for more TAL effectors including rare RVDs. One caveat to any 

conclusions drawn from this assessment is that it is not known whether the previously identified 

TAL effector binding sites are the best binding sites in their respective promoteromes. It is 

possible that the landscape of TAL effector binding within the promoterome is shaped by DNA 

accessibility and that the previously identified TAL effector binding sites are only the best 

accessible binding sites within the promoterome. Additionally, experimentally validated TAL 

effector binding sites may be biased towards those interactions that play a role in pathogenicity, 

regardless of the strength of the TAL effector-binding site interactions.  

 

Ability to Distinguish Gold Standard True and Non-Binding Sites 

To avoid the confounding factors that influence the outcome of the evaluation methods described 

above, we created a gold standard data set of experimentally confirmed TAL effector binding 

sites and non-target sequences (sequences shown not to be bound by a given TAL effector, either 

through in planta assays where that sequence was demonstrated to be accessible by successful 

binding of another TAL effector or through a transient expression assay with the cloned gene on 

a plasmid or t-DNA) (Supplemental Table 5.2). We then assessed the ability of each tool to 
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distinguish between the binding sites and non-target sequences. We computed scores for each 

sequence in the gold standard data set using each binding site prediction tool and normalized 

these scores such that larger scores indicated better binding sites and scores could be compared 

across TAL effectors. Using these scores, we varied the cutoff for each tool and determined both 

the specificity and sensitivity at all possible cutoffs to create a receiver operating characteristic 

curve. The area under the receiver operating characteristic curve thus corresponds to a measure 

of how sensitive and specific each tool is over all possible cutoffs. All previously created tools 

(TALgetter, TALVEZ, and TALE-NT) performed similarly, as did TALE-NTM and TALE-

NTY (Figure 5.5). There were no significant differences within this group, except that TALVEZ 

performed significantly better than TALgetter. MillerSum, YangSum, and SIFTEDPlus once 

again performed significantly worse than the majority of the other tools. The only exceptions 

were that MillerSum performed as well as TALgetter and YangSum performed as well as both 

TALgetter and TALE-NTM. 

 

Figure 5.5. (A) Receiver operating characteristic curves showing the performance of each binding site prediction method 

on the gold standard dataset and (B) the areas under those curves. (A) The sensitivity each binding site prediction method 

achieves at a given specificity based on normalized scores assigned to all binding sites in the gold standard dataset. (B) The areas 

under the receiver operating characteristic curves are compared pairwise using the method of DeLong et al [232]. Methods that 
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do not share a letter label have a significantly different area under the curve (p< 0.05). 

 

The poor performance of the methods that sum the Miller and Yang data may reflect the fact that 

these data are not an absolute measure of binding affinity, but a measure of relative binding 

affinity at a particular concentration at which some binding interactions may have reached 

saturation while others may be occurring at undetectably low levels. The poor performance of 

the extended version of SIFTED could be the result of our inability to accurately extrapolate 

from the data on which the tool was based. Since the current tool cannot be used for naturally 

occurring TAL effectors without making the inaccurate assumption that each RVD has a similar 

specificity and affinity to one of the four most common RVDs, more data will be necessary to 

extend this tool before it can be properly compared to the other binding site prediction tools.  

The similar performance of TALE-NTY, TALE-NTM, and the remaining three previously 

created binding site prediction tools suggests that a simple model in which the specificity of each 

RVD is learned from known binding sites or experimental data can be as successful as more 

complex models. Additionally, the similar performance of TALE-NTY and TALE-NTM to the 

previously created binding site prediction tools on this least confounded, gold standard data set 

once again indicates that the specificities derived from the Miller and Yang experimental data 

accurately reflect true RVD-nucleotide specificities. It is particularly noteworthy that TALE-

NTY and TALE-NTM matched the performance of previous binding site prediction tools on this 

dataset, given that the data set comprises exclusively TAL effectors that have known binding 

sites and therefore some data about the binding specificity of every RVD in these TAL effectors 

was already included in the previous tools. Combined with previous assessments, these results 

indicate that TALE-NTY outperforms all other novel tools presented here and performs as well 

as the three previously published prediction tools.  
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Conclusions 

In this paper, we develop the first binding site prediction tools to incorporate RVD specificities 

for more than 19 RVDs. We do so by incorporating RVD specificities from two surveys of TAL 

effectors containing all 400 two-amino acid RVDs, one measuring relative binding affinity 

(Miller data) and the other measuring gene activity (Yang data). The tools created here include: 

TALE-NTM and TALE-NTY, versions of TALE-NT containing RVD specificities derived from 

the Miller and Yang data respectively; YangSum and MillerSum, tools that score putative 

binding sites by summing the Miller or Yang fluorescence values for each RVD-nucleotide pair 

in an potential TAL effector-binding site interaction; and SIFTEDPlus, an extended version of 

SIFTED including average ∆∆𝐺s predicted from the Miller data for RVDs other than the four 

most common. 

We show that specificities derived from the Miller and Yang data are highly correlated, for all 

but 51 RVDs for which the Miller fluorescence values are near zero, suggesting that there is a 

high correlation between the relative binding affinity of a TAL effector and the level of gene 

activation it will promote. Both of these sets of specificities are highly correlated with the 

specificities previously determined from observed RVD-nucleotide interactions in known TAL 

effector-binding site pairs as well, especially when there were many observations for a given 

RVD-nucleotide interaction. The overall agreement between RVD specificities determined in 

three entirely independent ways suggests that all three methods result in values that reflect true 

RVD specificities, although we suggest that the Yang data may quantify weaker RVD nucleotide 

interactions more accurately than the Miller data. We identify no patterns in the RVD neighbor 

effects previously quantified in the SIFTED binding site prediction model that would enable 

generalizing the effects of neighbor interactions to uncharacterized RVDs. Instead, we model all 
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sixteen SIFTED ΔΔGs per RVD-nucleotide pair in terms of the single Miller values for the 

corresponding interaction and use the resulting model to predict a single ΔΔG value for each 

uncharacterized RVD. The tool incorporating the predicted ΔΔG values performs surprisingly 

poorly given that SIFTED outperforms all previously created binding site prediction tools when 

identifying binding sites for designer TAL effector or TALENs containing only the four most 

common RVDs [37]. This poor performance may reflect the manner in which we extended the 

tool, but SIFTED alone cannot be used to predict the binding sites of natural TAL effectors, 

almost all of which include RVDs not accommodated by the SIFTED tool. Acquisition of more 

protein binding microarray data is therefore essential to determine whether the context effects 

included in the SIFTED tool would improve prediction of natural TAL effector binding sites, as 

it appears they do for designer TAL effectors. 

We present several methods of statistically rigorous assessment that can be used with previously 

published methods of evaluating TAL effector binding site prediction tools, and we provide a 

gold standard data set on which TAL effector binding site tools may be assessed. We 

demonstrate that based on these metrics TALE-NTY performs as well or better than other 

previously created prediction tools. Although TALE-NTY does not significantly outperform the 

previous tools, equal performance suggests the validity of the RVD specificities included in this 

tool. It is therefore likely that the incorporation of rare RVDs will allow TALE-NTY to 

outperform other tools as targets of TAL effectors containing rare RVDs are identified and 

included in the assessment of these tools. We have updated the TALE-NT website to allow users 

to perform predictions with TALE-NTY by selecting probabilities based on the Yang data with a 

simple dropdown menu. We also provide the option to use probabilities based on the Miller data 

and the option to upload a set of user-defined RVD-nucleotide interaction probabilities, allowing 
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for rapid incorporation of future advances in our knowledge of RVD specificity. 

Materials and Methods 

Derivation of RVD Specificities from Miller and Yang Data 

For a description of the Miller and Yang datasets, see the first Results and Discussion section. 

Within these datasets, we designate the fluorescence value measured for a TAL effector-binding 

site pair containing RVD r and nucleotide n at the guest positions 𝐹𝑟𝑛 and compute the 

probability 𝑝𝑟𝑛 of a particular RVD r interacting with nucleotide n as follows: 

𝑝𝑟𝑛 =
𝐹𝑟𝑛

∑ 𝐹𝑟𝑛𝑛={𝐴,𝐶,𝐺,𝑇}
 

TALE-NTM and TALE-NTY binding site prediction tools were created by modifying TALE-NT 

to use the RVD-nucleotide interaction probabilities determined using this formula with the 

fluorescence values from the Miller and Yang data respectively. Within the Miller data, the value 

of Frn is zero for some values of r and n, resulting in some interactions being assigned a 

probability of zero. To allow the possibility that an RVD might interact with any nucleotide, we 

added .01 to each of the probabilities computed from the Miller data and normalized the resulting 

probabilities to once again sum to zero as follows: 

𝑃𝑟𝑛 =  (𝑝𝑟𝑛 + .01) ∗
100

104
 

The final RVD-nucleotide probabilities computed based on the Miller data (Prn) and on the Yang 

data (prn) are included in Supplemental Table 5.3 and 5.4 respectively.  The updated probabilities 

based on the Miller and Yang data were then added to TALE-NT, replacing RVD specificities 

previously included in TALE-NT, to create TALE-NTM and TALE-NTY respectively. For the 

two RVDs which are found in TAL effectors with known binding sites, but which are not 

included in the Miller and Yang datasets (H* and N*), the original probabilities from the TALE-
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NT model were retained. No other aspects of the original TALE-NT binding site prediction tool 

were altered. 

Correlation reported between the specificities computed from the Miller and Yang data and 

between each of these sets of specificities with those from TALE-NT are Pearson's product 

moment correlation coefficient and correlations significantly different from zero were identified 

using the t-test in the standard R function cor.test from the ‘stats’ package [217]. Correlation 

between the specificities based on the Miller data and those from TALE-NT are computed before 

the addition of pseudocounts to the Miller probabilities. The differences between the Miller and 

Yang derived specificities for a given RVD were quantified using the Euclidean distance 

between twp points whose locations were defined by the four nucleotide interaction probabilities 

for that RVD  in each dataset. 

 

Modeling SIFTED Neighbor Effects and SIFTED Predicted ΔΔGs 

All linear models were fit using the standard R function lm from the ‘stats’ package [217]. An F-

test was used to determine whether any of the coefficients in each model was significantly 

different from zero and a t-test was used to determine whether individual coefficients were 

significantly different from zero. The following models were fit to the data: 

𝑁𝐸 =  𝛽0 + 𝛽1 ∙ 𝑁𝐼 

𝑁𝐸 = 𝛽0 + 𝛽1 ∙ 𝑅𝑁 

𝑁𝐸 =  𝛽0 + 𝛽1 ∙ 𝑁𝐼 + 𝛽2 ∙ 𝑅𝑁 + 𝛽3 ∙ 𝑁𝐼 ∙ 𝑅𝑁 

where 𝑁𝐸 is the ΔΔG of each neighbor effect, 𝑁𝐼 is the neighbor identity, and 𝑅𝑁 is the ΔΔG of 

the RVD-nucleotide interaction being affected. 

The sixteen ∆∆𝐺 values predicted by SIFTED for each RVD-nucleotide interaction in all sixteen 
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possible contexts were modeled as both a linear and exponential function of the Miller 

fluorescence values (F): 

∆∆𝐺 = 𝛽0 + 𝛽1 ∙ 𝐹 

∆∆𝐺 = 𝛽0 + 𝛽1 ∙ 𝑒−𝐹 

Since RVD position and TAL effector length were held constant in the Miller data, this model 

included the SIFTED ΔΔGs computed for each RVD-nucleotide as if it occurred at position five 

in a TAL effector of length ten. As a result, the neighbor effects of being the first or last RVD in 

a TAL effector were excluded from the model, since neither of these effects would ever be 

observed for RVD five in a TAL effector of length ten.  

 

Evaluation Based on Concordance with Gene Expression Data 

The RNA-Seq data used to evaluate concordance of TAL effector binding site predictions with 

gene expression included three biological replicates of rice inoculated with each of eleven strains 

of Xanthomonas oryzae pv. oryzicola (Xoc) individually and of mock inoculated rice and is 

available through the NCBI Gene Expression Omnibus with accession number GSE67588. The 

raw reads were processed and used to identify rice genes up-regulated by each strain of Xoc 

compared to the mock inoculated rice as described previously [82]. Binding site predictions were 

then done for each unique TAL effector possessed by any of the eleven strains of Xoc, with TAL 

effectors considered unique if they differed in RVD content or possession of the aberrant repeats 

shown by Richter et al [119] to accommodate a binding site insertion or deletion. For the two 

unique TAL effectors containing aberrant repeats, predictions were done as though they were 

two different TAL effectors – one containing the aberrant repeat and one without, reflecting the 

fact that aberrant repeats may or may not participate in a TAL effector-binding site interaction. 
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Predictions were done in the rice promoterome, here defined as only the 500bp upstream of each 

transcriptional start site and all annotated 5’ UTRs. 

The genes corresponding to the promoters containing the top 20, 50, 100, and 200 binding sites 

predicted by each tool (TALE-NT, TALVEZ, TALgetter, and the five tools created here) for 

each TAL effector were then identified. For each strain containing a given TAL effector, we then 

intersected the list of genes upregulated by that strain with the list of genes that were upregulated 

for each tool at each rank cutoff. To determine whether there was a significant difference in the 

number of successes (predictions in the promoters of upregulated gene) and failures (predictions 

in the promoters of genes that were not upregulated) of each tool, we modeled the number of 

successes and failures using four logistic regression models, one for each cutoff. All four models 

took the following form: 

log (
𝑝

1 − 𝑝
) = 𝛽0 + 𝛼𝑀 ∙ 𝑀 + 𝛽1 ∙ 𝑁𝑇 + 𝛽𝑇𝐴𝐿 ∙ 𝑇𝐴𝐿 

where p is the proportion of predictions that are successes, M is a factor representing the tool 

used to do the binding site prediction, NT is the number of TAL effectors present in the strain for 

which the number of successes is being modeled, and TAL is a factor representing the TAL 

effector for which predictions were done. This last feature was included as a random effect, with 

βTAL~N(0,σ
2

TAL), because the effect of TAL effector identity may vary for different gene 

expression datasets and because the TAL effectors included in this model are a subset of all TAL 

effectors of interest.  Tool and number of TAL effectors were considered fixed effects. Since this 

was a generalized linear mixed model, it was fit to the data using the ‘lme4’ R package [233]. 

Significant differences in the proportion of successes achieved by each tool were identified using 

Tukey’s highly significant different test as implemented in the ghlt function from the ‘multcomp’ 

R package [234]. 
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Evaluation Based on Within-Promoterome Ranking of TAL effector Binding Sites 

The TAL effector-binding site pairs include only Xanthomonas TAL effector binding sites found 

in the promoteromes of host organisms for which complete, sequenced genomes of a cultivar 

containing the binding site are available (Supplemental Table 5.1). For each of the TAL effectors 

in this dataset, we identified the top 5000 predictions within the promoterome containing the 

corresponding binding site(s), once again defining the promoterome as only the 500bp upstream 

of each transcriptional start site and all annotated 5’ UTRs. We then plotted the number of 

binding sites identified by each tool at or above each possible rank cutoff between 1 and 5000 

and used the areas under the resulting curves as a performance metric, which we computed and 

compared using the ‘pROC’ R package [232, 235], as described in the previous section. 

 

Evaluation Based on Ability to Distinguish True and Non-binding Sites in Gold Standard 

Data Set 

The gold standard dataset used for this assessment includes all previously identified binding sites 

of naturally occurring TAL effectors and all variations on these sites that were shown to be 

bound by a naturally occurring TAL effector. Non-binding sites included in this dataset were 

shown not to be bound by a given TAL effector, either through in planta assays where that 

sequence was demonstrated to be accessible by successful binding of another TAL effector or 

through a transient expression assay with the cloned gene on a plasmid or t-DNA-. The complete 

list of TAL effector-binding site pairs included in this dataset is in Supplemental Table 5.2. 

Scores for each TAL effector-DNA sequence pair in this dataset were determined using each 

TAL effector binding site prediction tool. The scores from each tool were normalized so that 
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TAL effector length would not directly impact score and scaled so that binding sites ranked more 

highly returned lower scores, regardless of the default convention for each tool. Scores from 

TALE-NT, TALE-NTY, TALE-NTM, and SIFTEDPlus were scaled by dividing the best 

possible score any binding site could receive for the corresponding TAL effector by the score for 

each individual binding site, inverting the score ratio typically used to compare binding sites for 

different TAL effectors in the original TALE-NT tool. Scores from YangSum and MillerSum 

were divided by the best possible score any binding site could receive for the corresponding TAL 

effector. Since lower p-values returned by TALGetter indicate better binding sites, the constant e 

was raised to the negative p-value to create a scoring function in which larger scores indicate 

better binding sites. The scores returned by TALVEZ are already normalized to account for TAL 

effector length and larger scores indicate better binding sites, so these values were not 

transformed. The area under the receiver operating characteristic curve for each tool was then 

determined based on the normalized scores, using the roc function in the ‘pROC’ R package 

[235]. These areas were then compared in a pairwise fashion to determine if there were 

significant differences in the performance of the various binding site prediction tools using the 

method of DeLong et al [232] as implemented in the same R package. 

 

Supplementary Material 

The Supplementary Material for this article can be found online at: 

https://cornell.box.com/s/hunvbl5aq10sj4gxoomwtqznmzfx5z40 
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CHAPTER 6: CONCLUSIONS 

 

Significance 

Identifying the binding sites of Xanthomonas TAL effectors is of critical importance for 

understanding the diseases that these plant pathogenic bacteria cause. Each TAL effector 

activated R or S gene that is identified provides a potential avenue for developing resistant rice 

varieties by either eliminating TAL effector binding sites in S gene promoters or adding them to 

the promoters of R genes [66, 77, 78, 80, 81, 177]. Identification of off-targets of designer TAL 

effectors and TAL effector derivatives is of equal importance, as it is essential for most 

applications of these molecular tools that targeting be specific. The specificity of current TAL 

effector binding site predictions, based exclusively on the RVD-nucleotide interaction code and 

promoter annotation, is poor. Lack of concordance with gene expression data suggests that the 

majority of TAL effector binding site predictions are false positives and even many predicted 

binding sites in the promoters of upregulated genes are not true TAL effector targets [8, 35]. To 

an extent, this may indicate that individual TAL effectors have few targets, but known TAL 

effector binding sites are not always the targets ranked most highly by prediction tools [35, 75]. 

This suggests that poor specificity is also the result of current binding site prediction tools failing 

to correctly identify the best TAL effector binding sites, perhaps as a result of ignoring factors 

that influence TAL effector binding specificity. 

The logistic regression classifier presented in Chapter III is the first binding site prediction tool 

that takes into account genomic context, beyond restriction of the binding site search to 

annotated promoter regions. In Chapter III, this binding site prediction tool was shown to 

perform well on a cross-validation dataset, previously filtered based on concordance with gene 

expression data. In Chapter IV, binding sites that passed filtering with this tool were shown to be 
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significantly more concordant with gene expression data than the unfiltered binding site 

predictions from TALE-NT. However, the proportion of filtered binding sites concordant with 

gene expression data was much lower than the precision achieved on the cross validation set, 

suggesting that prior filtering by gene expression data may improve performance of this 

classifier. The success of a classifier that accounts for the distance of predicted binding sites 

from the transcriptional start site and from TATA box sequences supports previous work [35] 

suggesting that TAL effector binding sites might be enriched near and have a functional 

relationship with these promoter elements. The paper in presented in Chapter III has been cited 

22 times since publication in February 2014. 

Filtering with gene expression data is a valuable method of eliminating false positive binding site 

predictions. For a small number of candidate TAL effector targets, this can be done using RT-

PCR to determine whether each gene with a predicted TAL effector binding site in the 

corresponding promoter is upregulated in a TAL effector dependent fashion. More high-

throughput filtering of predicted TAL effector targets can be accomplished by identifying all 

gene expression changes caused by an individual TAL effector, but doing this for a large number 

of TAL effectors is costly and time consuming. It is more feasible to identify all of the gene 

expression changes driven by each strain of Xanthomonas, but these changes in gene expression 

may be caused by many TAL effectors, directly or indirectly, or caused by other effectors as 

well. The method we present in Chapter IV leverages knowledge of TAL effector conservation 

to consider as candidate targets only genes upregulated in response to a given strain that are not 

upregulated by effectors that are differentially conserved compared to the TAL effector of 

interest. In order to implement this novel method of filtering TAL effector binding site 

predictions, the largest collection of genomes and host gene expression responses for strains of a 
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single Xanthomonas pathovar available was generated. This dataset was used to identify five 

highly conserved TAL effectors that may play an important role in virulence, a group that 

included the only two TAL effectors with known roles in virulence on rice cultivar Nipponbare. 

A list of high confidence candidate TAL effector targets, concordant with gene expression data 

from all strains containing those TAL effectors and passing the logistic regression classifier 

filter, was identified, but needs confirmation. This paper has been cited 8 times since publication 

in July 2015. 

The novel TAL effector binding site prediction tools developed in Chapter V are the first to 

include RVD binding specificities for more than 19 RVDs. Derivation of RVD specificities from 

experiments measuring relative binding affinity and gene expression driven by TAL effectors 

containing various RVDs was shown to be possible and to recapitulate the RVD specificities that 

can be determined from interaction frequency in known TAL effector-binding site pairs. The 

similar results from both relative binding affinity and gene expression experiments supported 

previous results suggesting that gene expression driven by a TAL effector at a given binding site 

is highly correlated with the relative binding affinity of that TAL effector. The tools developed in 

this paper were compared to all previously developed binding site prediction tools using novel, 

statistically rigorous methods of assessment and one of these tools was shown to perform as well 

as any tool published previously. This manuscript will be submitted for publication in the near 

future. 

 

Recommendations for Future Research  

Although we have proposed several methods of improving TAL effector binding site specificity, 

TAL effector binding site predictions could still be improved. For instance, none of the currently 
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available binding site prediction tools rank all known TAL effector  binding sites most highly 

among the candidate TAL effector binding sites in the promoterome containing the known 

binding site [35, 75]. This may indicate that the previously identified TAL effector binding sites 

are not the binding sites for which each TAL effector has the highest affinity, only the highest 

affinity binding sites that are accessible [126, 127] and not methylated [128, 129]. These 

possibilities can easily be explored in cell lines for which chromatin and methylation status are 

known. By identifying binding sites in these cell lines, it would be possible to design a multistep 

binding site prediction tool in which the best binding sites in a genome are identified, treating 

any methylated C’s as T’s [128, 129], and then filtering based on chromatin status. Such a tool 

would be most valuable for cell lines and tissue types for which methylation and chromatin 

status have previously been assessed. However, such data could be generated experimentally or 

could potentially also be predicted on the basis of sequence data. 

Alternately, it is possible that binding site predictions still need to be improved to correctly 

identify the highest affinity binding sites. This possibility is suggested by the fact that SIFTED 

appears to outperform other tools when predicting the binding sites of TAL effectors and 

TALENs containing only the RVDs for which SIFTED can account for position, length, and 

RVD interaction effects [37]. To determine whether accounting for these context effects can 

improve binding site predictions for TAL effectors containing other RVDs, protein binding 

microarray data should be generated for the next most common RVDs and used to extend the 

SIFTED model. As neighbor effects are determined for more RVDs, including RVDs with 

similar binding specificities, it may also be possible to identify patterns in neighbor effects that 

could not be identified from only the four most common RVDs. This would allow the prediction 

of neighbor effects for RVDs for which protein binding microarray data is unavailable, 
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mitigating the need for protein binding microarray data that includes all possible trimers 

composed of all 420 possible RVDs. 

One last possibility is that the TAL effector binding sites that have been identified are simply the 

binding sites that play critical roles in the plant-pathogen interaction or the binding sites that 

drive the greatest gene activation. To an extent, basing binding site predictions on experimentally 

derived RVD specificities solves this problem, eliminating any potential biases in training data 

composed of previously identified TAL effector-binding site pairs. However, these previously 

identified, Xanthomonas TAL effector binding sites are still used to evaluate the success of 

binding site predictions and may not provide an accurate assessment of how well each tool 

identifies the highest affinity binding sites, due not only to possible biases but small sample size. 

Further identification of TAL effector binding sites, particularly identification not motivated by 

the role a specific TAL effector plays in a plant-pathogen interaction, will begin to solve this 

problem. Unbiased identification of all TAL effector binding sites in a genome using a high-

throughput method such as CHiP-Seq would provide a valuable dataset for assessment of 

binding site prediction tools. Future studies should also confirm the many candidate TAL 

effector targets already identified from binding site predictions combined with high-throughput 

gene expression data. A reporting system for the results of experiments using designer TAL 

effectors and TAL effector derivatives should also be put in place. This would provide not only a 

larger dataset of TAL effector-binding site pairs (albeit one biased by the fact that the TAL 

effectors included would be designed using current prediction tools), it would also provide a 

dataset that could be used to explore the relationship between binding site identity and activity 

driven by a given TAL effector or TAL effector derivative. Such a reporting system may also 

increase the number of sequences known not to be bound by a given TAL effector or TAL 
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effector derivative, since negative results are currently less likely to be made publicly available 

than positive ones.  

In addition to improving binding site predictions, tool interfaces can always be improved. The 

TALE-NT suite of binding site prediction tools currently has a user-friendly interface for design 

of TAL effectors and TALEN pairs, as well as for identification of all of the binding sites for a 

given TAL effector or TALEN pair [130]. It is possible to search sequences by selecting one of 

several pre-loaded genomes and to design binding sites for or search for binding sites in a user 

uploaded sequence. It is not, however, possible to select specific genomic loci to search or for 

which to design a TAL effector binding domain, although this is a common task. Predicted 

binding sites are currently only annotated with the genomic locus in which they occur, although 

more specific annotation of location within a locus (in an exon, intro, or the 5’UTR, for example) 

would be informative. For predicted targets of TALENs, a link to a DNAseI hypersensitivity 

map or a methylation map would also be useful, so that TALENs could be targeted to accessible 

genomic loci and off-targets in inaccessible regions might be ignored. 

There are two additional functions that would also be a valuable addition to the website. First, 

the logistic regression classifier that uses genomic features to distinguish true and false positive 

binding site predictions is only available for use through the WEKA software, not online. It also 

currently takes as input the score, score ratio, and rank assigned to a binding site by TALE-NT, 

prior to this tool being updated to include experimentally determined RVD specificities. As the 

only tool available that takes into account genomic location when predicting TAL effector 

binding sites, this tool should be made easily accessible and updated to work with the latest 

version of TALE-NT. Second, TAL effectors provide a valuable method of interrogating the 

function of genes that may have many sequence-similar paralogs and a tool enabling design of 
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TAL effectors or TAL effector derivatives to intentionally target only one, some, or all of a set of 

similar sequences would make more nuanced exploration of gene function possible. In particular, 

such a tool would be useful for genome editing when it is desirable to either target one gene, 

without impacting any of its paralogs, or to modify all paralogous genes that share a similar 

function. This is likely to be the case in some plant pathology application, such as when studying 

paralogs with redundant function in a plant-pathogen interaction. 
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A transcription activator-like effector from Xanthomonas oryzae pv. oryzicola elicits dose-

dependent resistance in rice.
1
 

Aaron Hummel
2
, Katherine Wilkins

3,4
, Li Wang

3
, R. Andres Cernadas

3
, Adam J. Bogdanove

3,4
 

Contribution 

I preformed RNA-Seq analysis and identified genes that were only upregulated by strains 

containing TAL effector Tal2a, assisting in the identification of four TAL effector targets. I also 

drafted the relevant methods section. 

Abstract 

Xanthomonas spp. reduce crop yields and quality worldwide. During infection of their plant 

hosts, many strains secrete transcription activator-like (TAL) effectors, which enter the host cell 

nucleus and activate specific corresponding host genes at effector binding elements (EBEs) in 

the promoter. TAL effectors may contribute to disease by activating expression of susceptibility 

genes or trigger resistance associated with the hypersensitive reaction (HR) by activating an 

executor resistance (R) gene. The rice bacterial leaf streak pathogen X. oryzae pv. oryzicola 

(Xoc) is known to suppress host resistance, and no host R gene has been identified against it, 

despite considerable effort. To further investigate Xoc suppression of host resistance, we 

conducted a screen of effectors from BLS256 and identified Tal2a as an HR elicitor in rice when 

delivered heterologously by a strain of the closely related rice bacterial blight pathogen X. oryzae 

pv. oryzae (Xoo) or by the soybean pathogen X. axonopodis pv. glycines. The HR required the 
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Commons Attribution License [236]  
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Tal2a activation domain, suggesting an executor R gene. Tal2a activity was differentially 

distributed among geographically diverse Xoc isolates, being largely conserved among Asian 

isolates. We identified four genes induced by Tal2a in next generation RNA sequencing 

experiments and confirmed them with quantitative real time RT-PCR. However, neither 

individual nor collective activation of these genes by designer TAL effectors resulted in the HR. 

A tal2a knockout mutant of BLS256 showed virulence comparable to wild type, but plasmid-

based overexpression of tal2a at different levels in the wild type reduced virulence in a directly 

corresponding way. The results overall reveal that host resistance suppression by Xoc plays a 

critical role in pathogenesis. Further, the dose-dependent avirulence activity of Tal2a and the 

apparent lack of a single, canonical target that accounts for the HR point to a novel, activation-

domain-dependent mode of action, which might involve, for example, a non-coding gene or a 

specific pattern of activation across multiple targets. 
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I contributed to initial design of the machine learning classifier that became SVMOpt, a classifier 

that uses protein sequence features to identify RNA binding interface residues, and was 

incorporated into RNABindRPlus. 

Abstract 

Protein-RNA interactions are central to essential cellular processes such as protein synthesis and 

regulation of gene expression and play roles in human infectious and genetic diseases. Reliable 

identification of protein-RNA interfaces is critical for understanding the structural bases and 

functional implications of such interactions and for developing effective approaches to rational 

drug design. Sequence-based computational methods offer a viable, cost-effective way to 

identify putative RNA-binding residues in RNA-binding proteins. Here we report two novel 

approaches: (i) HomPRIP, a sequence homology-based method for predicting RNA-binding sites 

in proteins; (ii) RNABindRPlus, a new method that combines predictions from HomPRIP with 

those from an optimized Support Vector Machine (SVM) classifier trained on a benchmark 

dataset of 198 RNA-binding proteins. Although highly reliable, HomPRIP cannot make 

predictions for the unaligned parts of query proteins and its coverage is limited by the 

availability of close sequence homologs of the query protein with experimentally determined 

RNA-binding sites. RNABindRPlus overcomes these limitations. We compared the performance 

of HomPRIP and RNABindRPlus with that of several state-of-the-art predictors on two test sets, 

RB44 and RB111. On a subset of proteins for which homologs with experimentally determined 

interfaces could be reliably identified, HomPRIP outperformed all other methods achieving an 

MCC of 0.63 on RB44 and 0.83 on RB111. RNABindRPlus was able to predict RNA-binding 

residues of all proteins in both test sets, achieving an MCC of 0.55 and 0.37, respectively, and 

outperforming all other methods, including those that make use of structure-derived features of 
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proteins. More importantly, RNABindRPlus outperforms all other methods for any choice of 

tradeoff between precision and recall. An important advantage of both HomPRIP and 

RNABindRPlus is that they rely on readily available sequence and sequence-derived features of 

RNA-binding proteins. A webserver implementation of both methods is freely available at 

http://einstein.cs.iastate.edu/RNABindRPlus/ 
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17
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15

 

Contribution 

I contributed to the overall organization of the article and drafted both the introductory section 

and the section on plant pathology. I contributed to the editing of the entire article. 

Description 

This was a popular science review article of the state of TAL effector research, beginning with a 

brief overview describing what TAL effectors are. It also covered the role of TAL effectors in 

plant pathology and their use in genome editing applications, as well as possible future research 

directions.  
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