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INTRODUCTION 1 
 2 
 3 

Cassava (Manihot esculenta Crantz) is a woody shrub native of South America and one of the 4 

most important crops in Africa and around the world due to its drought tolerance, ability to grow 5 

on acidic soils in low nutrient conditions, and its high tolerance against several pests and diseases 6 

(Lopez et al., 2016). The FAO has declared cassava an important crop to face the challenges of 7 

climate change in developing countries (FAO, 2013). South America contributes with 15.6% of 8 

the world’s cassava production (Lopez et al., 2016). Cassava serves as a food source for animals 9 

and humans, since its tubers are rich in carbohydrates, and is used for different applications in the 10 

industry including starch for textiles and medicine, and alcohol production (FAO, 2000).  11 

Xanthomonas phaseoli pv. manihotis (Xpm), before X. axonopodis pv. manihotis 12 

(Constantin et al., 2016), is the causal agent of the cassava bacterial blight (CBB). The main 13 

symptoms of CBB are leaf spot, drying, shriveling, and finally, stem tip die-back (Lozano, 1975, 14 

1986). Xpm yields losses in cassava crops that range from 12 to 100% (Lozano, 1986). CBB 15 

disease has been confirmed in the main zones of cassava culture in Colombia and around the world  16 

(Restrepo & Verdier, 1997). Several molecular processes have been linked with pathogenicity, 17 

bacterial defense and virulence in Xpm (Arrieta-Ortiz et al., 2013; Bart et al., 2012; Cohn et al., 18 

1186). Nevertheless, most of the information regarding the regulation of pathogenicity, virulence 19 

and bacterial defense genes in Xpm comes from extrapolation of studies performed on related 20 

species or experiments centered in few molecular interactions or mutant assays. 21 

Next generation omics-technologies have contributed to the knowledge of the cassava - 22 

Xpm pathosystem. In Xanthomonas, several studies have been performed in the fields of 23 

transcriptomics, metabolomics, population genetics, and phylogenetics (Bart, Cohn, Kassen, et al., 24 

2012; Guo, Figueiredo, Jones, & Wang, 2011; Kogenaru, Qing, Guo, & Wang, 2012; Liu, W., et. 25 
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al., 2013; Schatschneider et al., 2011; Schmidtke et al., 2012). However, few studies of gene 26 

expression profiles for pathogens in planta have been performed in the Xanthomonas genus, or in 27 

other plant pathogens, mainly because small amounts of total RNA from the bacterium are 28 

obtained from plant tissues (Chapelle et al., 2015; Chatnaparat, Prathuangwong, & Lindow, 2016; 29 

Jacobs, Babujee, Meng, Milling, & Allen, 2012; Nobori et al., 2018; X. Yu et al., 2013; Xilan Yu 30 

et al., 2014). Regardless of the method chosen for bacterial RNA enrichment, there is a bias in 31 

each method (Chapelle et al., 2015; Rajkumar et al., 2015). However, it is necessary to evaluate 32 

the gene expression profiles in planta to uncover the mechanisms of pathogenicity of the bacteria 33 

while infecting its host. Furthermore, there is a lack of gene expression profile studies in Xpm 34 

neither in vitro nor in planta. 35 

Systems biology is a new interdisciplinary field that has allowed to investigate organisms 36 

as a whole, where the totality of the system is greater than the independent addition of the parts 37 

(Karr et al., 2012; Peyraud, Cottret, Marmiesse, Gouzy, & Genin, 2016; Schatschneider et al., 38 

2013). Within this field, metabolic processes in human bacterial pathogens have been studied using 39 

the Constraint-based Reconstruction and Analysis (COBRA) approach (Bartell, Yen, Varga, 40 

Goldberg, & Papin, 2014; Fong, Lerman, Lam, Palsson, & Charusanti, 2013; Liao et al., 2011; 41 

Mithani, Hein, & Preston, 2011; Steinway, Biggs, Loughran, Papin, & Albert, 2015; Thiele et al., 42 

2011). Among plant bacterial pathogens, this approach has been used for studying the metabolic 43 

processes involved in pathogenicity of some bacteria (Peyraud et al., 2016; Schatschneider et al., 44 

2013; Wang et al., 2014; Ward et al., 2010). However, there is a lack of a comprehensive literature 45 

review of the state of the art in systems biology for plant-pathogens. 46 

The scope of this thesis is to study the molecular mechanisms involved in pathogenicity of 47 

Xpm both in vitro and in planta. The gene expression profiles of mutants related with molecular 48 
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mechanisms of pathogenicity were studied in vitro. Furthermore, the interaction between cassava 49 

and Xpm in planta was also studied using gene expression profiles. Genomic and transcriptomic 50 

data were contextualized through a whole system view at the metabolic level, using the COBRA 51 

approach, a systems biology methodology that allowed to simulate the metabolic behavior of the 52 

bacterium and permitted to raise new hypotheses using both in silico and in vitro experiments.  53 

The thesis is divided in three chapters. The first chapter responds to the need of having an 54 

updated review of network biology in bacterial pathogens and how this field of systems biology 55 

can help to understand the molecular mechanism of plant-pathogen interactions. The main 56 

objective was to understand the methodologies used to study bacterial pathogens of humans and 57 

plants and to determine the best path to follow when studying the interaction between Xpm and 58 

cassava. In this review three different layers of information were established that represent 59 

biological molecular systems: regulatory, protein-protein interaction and metabolic networks. 60 

These networks are not independent between them and can be integrated and interconnected. In 61 

the review, a special interest was dedicated to the constrained-based metabolic modelling which 62 

has been used in the study of several pathogens. The objective function was emphasized in the 63 

metabolic section because it is important for metabolic modeling, especially in bacterial pathogens. 64 

This function is a representation of a biological function or objective and is used in metabolic 65 

models to simulate the biological phenotype in a specific biological context. A final revision and 66 

discussion of evolutionary methods for the analysis of metabolic networks was presented. 67 

The second chapter presents the first metabolic model of Xpm, reconstructed at a genome-68 

scale, revealing important features of Xpm related with pathogenicity, virulence and bacterial 69 

defense. The metabolic model uncovered several uncharacterized carbon sources, such as the 70 

ethanol and ethanolamine metabolisms. The metabolic model was validated using gene expression 71 
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profiles of a mutant for quorum sensing. More important, the model was used to uncover the 72 

metabolic mechanisms involved in this process through the integration of the expression profiles 73 

into the model, producing context-specific models at the metabolic level. Of special interested was 74 

the reconstruction, curation and metabolic modeling of xanthan biosynthesis and transportation. It 75 

was shown how the modification of the objective function with the inclusion of xanthan altered 76 

the growth rate of Xpm. These results corroborate the findings obtained in other organisms at the 77 

metabolic level (Peyraud et al., 2016). 78 

The final chapter analyzes the gene expression profiles of Xpm in planta during the 79 

interaction with cassava. The differential expression genes helped to gain insights into the 80 

molecular mechanisms used by Xpm to attack cassava. Several subsystems overrepresented into 81 

the set of differential expressed genes were identified. Among them, the Ton transport subsystem 82 

was identified, a subsystem that is related with ferric siderophores. Iron uptake has been reported 83 

to be altered in the bacterium by the action of the plant (Nobori et al., 2018). Our results support 84 

that hypothesis Xpm. Xanthan subsystems were also upregulated in planta; xanthan is a 85 

pathogenicity factor important for spreading of the bacteria into the plant. Finally, in a future study, 86 

the RNA-seq data will be integrated into the metabolic model of Xpm to uncover the in planta 87 

molecular behaviors of the bacterium at the system level. 88 

 89 
 90 
 91 
 92 
 93 
 94 
 95 
 96 
 97 
 98 
 99 
 100 
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Even in the age of big data in Biology, studying the connections between the biological

processes and the molecular mechanisms behind them is a challenging task. Systems

biology arose as a transversal discipline between biology, chemistry, computer science,

mathematics, and physics to facilitate the elucidation of such connections. A scenario,

where the application of systems biology constitutes a very powerful tool, is the study

of interactions between hosts and pathogens using network approaches. Interactions

between pathogenic bacteria and their hosts, both in agricultural and human health

contexts are of great interest to researchers worldwide. Large amounts of data have

been generated in the last few years within this area of research. However, studies

have been relatively limited to simple interactions. This has left great amounts of

data that remain to be utilized. Here, we review the main techniques in network

analysis and their complementary experimental assays used to investigate bacterial-

plant interactions. Other host-pathogen interactions are presented in those cases where

few or no examples of plant pathogens exist. Furthermore, we present key results

that have been obtained with these techniques and how these can help in the design

of new strategies to control bacterial pathogens. The review comprises metabolic

simulation, protein-protein interactions, regulatory control of gene expression, host-

pathogen modeling, and genome evolution in bacteria. The aim of this review is to

offer scientists working on plant-pathogen interactions basic concepts around network

biology, as well as an array of techniques that will be useful for a better andmore complete

interpretation of their data.

Keywords: networks, bacterial pathogens, plant pathogens, host-pathogen interactions, pathogenicity

INTRODUCTION

Biology has entered a new era of scientific discoveries as a consequence of the development
of new technologies, and the production of massive amounts of biological data at the cellular
and subcellular levels. Researchers can now formulate new hypotheses and diverse manners of
testing them. They can design new experiments based on multiple environmental, temporal,
and physiological conditions on a single cell, populations, or communities of species. The
reduction in costs of next-generation sequencing (NGS) technologies coupled with the advances in
metabolomics and proteomics has made high-throughput data more accessible (Hou et al., 2015).
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ABSTRACT 27 

Xanthomonas phaseoli pv. manihotis (Xpm) is the causal agent of cassava bacterial blight. In 28 

this research, the first genome-scale model of Xpm metabolism was reconstructed and used to 29 

demonstrate that systems biology can be used to give insights into plant-pathogen interactions.  30 

The metabolic model of Xpm, iXpm1556, displayed 1556 reactions (155 transport and 90 31 

exchange reactions), 1527 compounds, and 890 genes. Metabolic maps of the central and 32 

carbon metabolism, amino acid metabolism, and xanthan biosynthesis of Xpm were constructed 33 

using Escher (https://escher.github.io/) for guiding the curation process and for further 34 

computational analyses. The model was validated using RNA-seq data of a mutant for quorum 35 

sensing and these data were further used for constructing context-specific models of the 36 

metabolism for each condition. The context-specific metabolic models and flux balance 37 

analysis were used to get insights into pathogenicity, xanthan biosynthesis and quorum sensing 38 

mechanisms. The main features regulated by quorum sensing were amino acid and nitrogen 39 

metabolism, as well as fatty acid elongation. The metabolic model of Xpm has a high number 40 

of carbon sources metabolized (29), including xylose and mannose, both components of plant 41 

cells, and the transport and hydrolysis of sucrose. Also, the carbohydrate cycling pathways are 42 

present in Xpm, notably the Entner-Doudoroff pathway, which is highly relevant for carbon 43 

metabolism and xanthan production in Xanthomonas. In this work, several testable hypotheses 44 

related to carbon source utilization, xanthan production and other pathways in Xpm are 45 

proposed. This model will be useful for researchers studying host-pathogen interactions in the 46 

cassava plant and will provide insights into the mechanisms of infection used by this and other 47 

Xanthomonas species. 48 

 49 

Keywords: Xpm, cassava bacterial blight, genome-scale metabolic model, quorum sensing 50 

  51 
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BACKGROUND 52 

Cassava (Manihot esculenta Crantz) is one of the most important crops in Africa and around 53 

the world due to its drought tolerance, ability to grow on acidic soils in low nutrient conditions, 54 

and its high tolerance against several pests and diseases (Lopez et al., 2016). South America 55 

contributes 15.6% of the world’s cassava production (Lopez et al., 2016). Additionally, cassava 56 

serves as a food source for animals and humans, and is used for different applications in the 57 

industry including starch for textiles and medicine, and alcohol production (FAO, 2000).  58 

Cassava bacterial blight (CBB), caused by Xanthomonas phaseoli pv. manihotis (Xpm), 59 

before X. axonopodis pv. manihotis (Constantin et al., 2016), is the most prevalent bacterial 60 

disease of cassava, causing yield losses ranging from 12 to 100% (Lozano, 1986). The main 61 

symptoms of CBB are leaf spot, drying, shriveling, and finally, stem tip die-back (Lozano, 62 

1975, 1986). Several molecular processes have been linked with pathogenicity, bacterial 63 

defense against the plant and virulence. Among them, quorum sensing (QS), a process 64 

conserved among the genus Xanthomonas, regulates several virulence pathways, such as the 65 

production of extracellular enzymes, exopolysaccharides production and flagellar synthesis, 66 

and resistance to toxins and oxidative stress (Guo, Zhang, Li, & Wang, 2012; He et al., 2006). 67 

The diffusible signal-factor (DSF) mediated quorum-sensing (QS) pathway has been widely 68 

studied in the genus Xanthomonas, chiefly in Xanthomonas campestris and Xanthomonas citri 69 

(Guo et al., 2012). In this pathway, RpfF functioning as a putative enoyl-CoA hydratase 70 

catalyzes the production of DSF, while the two-component system RpfC-RpfG is involved in 71 

the sensing and transduction of the DSF signal, at least in X. campestris pv. campestris (Xcc) 72 

and X. campestris pv. citri (Xcci) (Andrade et al., 2006; Barber et al., 1997; He et al., 2006; 73 

Huang, Lu, & Chen, 2013; Slater, Alvarez-Morales, Barber, Daniels, & Dow, 2000). Moreover, 74 

these three genes also have a high degree of conservation among Xanthomonas species and 75 

affect multidrug and hydrogen peroxide resistance, iron uptake, flagellar genes, and 76 
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exopolysaccharide biosynthesis (EPS) (Guo et al., 2012; He et al., 2007). An additional gene, 77 

rpfH, is also found on some species of Xanthomonas, including Xpm, although its role still 78 

remains elusive (Barber et al., 1997; Dow, Feng, & Barber, 2000). Besides DSF, another 79 

signaling molecule synthesized by pigB, termed DF, has also been described in Xanthomonas 80 

and linked to the production of EPS and the ultraviolet-protecting pigment known as 81 

xanthomonadin (Poplawsky & Chun, 1997, 1998a, 1998b). Mutants for rpfC, rpfG and rpfF 82 

also show a reduction in virulence when compared to wild type phenotypes (Guo et al., 2012). 83 

Nevertheless, most of the information regarding the regulation of virulence genes related with 84 

quorum sensing in Xpm comes from extrapolation of studies performed on related species and 85 

though they might enable predictions, it is crucial to validate and identify the virulence 86 

determinants of this bacterium. 87 

The high amount of data produced by next generation omics-technologies is an 88 

opportunity for advancing knowledge of this pathosystem. In Xanthomonas, several studies 89 

have been performed in the fields of transcriptomics, metabolomics, population genetics, and 90 

phylogenetics (Bart, Cohn, Kassen, et al., 2012; Guo, Figueiredo, Jones, & Wang, 2011; 91 

Kogenaru, Qing, Guo, & Wang, 2012; Liu, W., et. al., 2013; Schatschneider et al., 2011; 92 

Schmidtke et al., 2012). For example, the metabolic pathway for production of xanthan (a 93 

polysaccharide secreted by bacteria in the genus Xanthomonas, which has been involved in 94 

pathogenicity and has been widely used in the industry as a food additive) has been elucidated 95 

in silico and confirmed through experimental verification (Schatschneider et al., 2013). More 96 

specifically in Xpm, population genetics, phylogenetic relationships, and genome analyses have 97 

been performed with the aim of uncovering the population structure of this plant pathogen and 98 

searching for pathogenicity factors (Arrieta-Ortiz et al., 2013; Bart et al., 2012; S. Restrepo, 99 

Valle, Duque, & Verdier, 1999; C. Trujillo et al., 2014; C. A. Trujillo et al., 2014). However, 100 
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until now, none of these studies have used systems biology approaches for elucidating 101 

pathogenicity mechanisms in Xpm. 102 

Systems biology has allowed investigating organisms as a whole. Within this field, 103 

metabolic processes in human bacterial pathogens have been studied using the Constraint-104 

based Reconstruction and Analysis (COBRA) approach (Bartell, Yen, Varga, Goldberg, & 105 

Papin, 2014; Fong, Lerman, Lam, Palsson, & Charusanti, 2013; Liao et al., 2011; Mithani, 106 

Hein, & Preston, 2011; Steinway, Biggs, Loughran, Papin, & Albert, 2015; Thiele et al., 2011). 107 

Among plant bacterial pathogens, this approach has been used for studying the metabolic 108 

processes involved in pathogenicity of Xcc (Schatschneider et al., 2013), Pseudomonas 109 

syringae pv. tomato (J. L. Ward et al., 2010) and Pectobacterium carotovorum (Wang et al., 110 

2014). 111 

In this study, the first metabolic model of Xpm at the genome-scale was developed. The 112 

model was validated using RNA-seq data from rpfCGH mutants of Xpm. Furthermore, 113 

differential expression assays of mutants were used to construct context-specific metabolic 114 

models (CSMs) using the COBRA approach. This metabolic model is a first approach to 115 

understand the mechanisms of metabolic pathways related to pathogenicity, virulence, and 116 

defense of Xpm in the infection process of the host, M. esculenta Crantz. 117 

 118 

MATERIALS AND METHODS 119 

Metabolic model of Xanthomonas phaseoli pv. manihotis 120 

The most complete and best annotated genome of Xpm (Arrieta-Ortiz et al., 2013), from strain 121 

CIO151 (https://iant.toulouse.inra.fr/bacteria/annotation/cgi/xanmn/xanmn.cgi), was used to 122 

build a metabolic model of the bacterium at the genome-scale. This metabolic reconstruction 123 

was performed by two complementary approaches: one based on different metabolic databases 124 

and another using the modelSEED server  (Devoid et al., 2013) followed by manual curation. 125 



 

 6 

First, enzyme coding genes and their Enzyme Commission numbers (EC) were 126 

extracted from the annotation file of Xpm (657 EC from 4340 proteins).  These were used to 127 

retrieve candidate metabolic reactions from three databases: MetaNetx (Ganter, Bernard, 128 

Moretti, Stelling, & Pagni, 2013), KEGG (Ogata et al., 1999) and BiGG (Schellenberger, Park, 129 

Conrad, & Palsson, 2010). Next, the reactions obtained were used to construct draft metabolic 130 

models based on each database. 131 

To supplement these draft models, the genome was uploaded to the modelSEED server 132 

and an automatic draft metabolic model was reconstructed. The metabolic model constructed 133 

by modelSEED was converted to BiGG standard format using MetaNetX. Next, comparisons 134 

between the reactions of the different reconstructions were performed in order to determine the 135 

number of reactions in common between the reconstructions and to determine the level of 136 

agreement with the modelSEED reconstruction. Network gaps were identified and filled using 137 

the GapFind and GapFill algorithms (Satish Kumar, Dasika, & Maranas, 2007). Finally, the 138 

combined model was manually curated via literature review and Escher, a visualization tool 139 

for metabolic pathways (King et al., 2015). The number of proteins associated with metabolic 140 

functions was higher for modelSEED (890) than that obtained solely by enzyme codes (386). 141 

Figure S1 shows the reactions of each database that mapped to modelSEED metabolic model. 142 

Several reactions important for carbon source incorporation, central metabolism, 143 

xanthan biosynthesis and amino acid metabolism were absent in the metabolic model and were 144 

identified during the literature review procedure. In order to find the sequences of the missing 145 

genes in the Xpm genome, a search by BLAST (Camacho et al., 2009) was performed looking 146 

for sequences in the Xpm genome with a high similarity to the genes related with the missing 147 

reaction (e-value smaller that 1E-6). In the case of the xanthan biosynthesis pathway, the 148 

backbone of the pathway was constructed based on the existing map reported for Xcc available 149 
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in MetaCyc, KEGG and previously modelled (Schatschneider et al., 2011, 2013; Vorhölter et 150 

al., 2008). 151 

Flux balance analysis was used to simulate bacterial growth under different conditions. 152 

Reaction loops were identified using the CycleFreeFlux (Desouki, Jarre, Gelius-Dietrich, & 153 

Lercher, 2015) algorithm implemented in COBRApy (Ebrahim et al., 2013), in order to 154 

improve the metabolic model. 155 

 156 

Merging annotation 157 

Because the annotation performed by modelSEED server provides a gene ID, and the transcript 158 

abundances were calculated using the genome annotation performed by Arrieta et al. (Arrieta-159 

Ortiz et al., 2013), the two annotations were merged using the BLAST Reciprocal Best Hit 160 

(RBH) tool (supplementary data). This was used to search the best hits between the two 161 

annotation files of genes in FASTA format (Camacho et al., 2009; Cock, Chilton, Grüning, 162 

Johnson, & Soranzo, 2015). The parameters used by default to filter hits out were: minimum 163 

percentage identity of 70%, minimum coverage of 50% and minimum HSP coverage of 50%. 164 

 165 

Flux balance analysis 166 

Flux Balance Analysis (FBA) is a mathematical approach used to obtain the distribution of 167 

reaction fluxes that satisfies the given conditions. First, the metabolism of the organism is 168 

defined as a stoichiometric matrix S(m x n) composed by m metabolites (rows) and n reactions 169 

(columns). Every position in the matrix is the stoichiometric coefficient of the m metabolite for 170 

the n reaction; negative values are assigned for consumed metabolites and positive values for 171 

those produced. The distribution of fluxes in the system is represented by the vector of fluxes 172 

(v). x is the concentration of the metabolites such that the mass balance of the system at steady 173 

state equals 0. Under this assumption, the distribution of fluxes is Sv = 0. 174 
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The system is constrained by lower bounds (lb) and upper bounds (ub) for every 175 

reaction that corresponds to the minimal and maximal reactions rates of each reaction. As there 176 

are multiple possible solutions (distribution of fluxes) that satisfy the steady state assumption, 177 

an objective function (Z) is defined to obtain an optimal solution. This objective function 178 

represents a target for which the organism will be optimized, for example, growth represented 179 

by the biomass, composed of all the metabolic precursors necessary for growth: DNA, RNA, 180 

proteins and lipids. Therefore, the optimization of a system for a given Z can be expressed as: 181 

Maximize cTv subject to: 182 

Sv = 0 183 

lb < v < up, 184 

where Z = cTv, and cT is the (transposed) vector of zeros with a one in the reaction to be 185 

maximized. 186 

 187 

Objective function 188 

Simulations of growth were performed using a biomass reaction as the objective function. The 189 

stoichiometric coefficients for this reaction are based on the previous modeling work in Xcc  190 

(Schatschneider et al., 2013; Vorhölter et al., 2008). Additionally, the exopolysaccharide 191 

xanthan was included into the objective function in order to simulate the response of the model 192 

to the optimization of pathogenicity and survivor factors. The alternative objective function of 193 

biomass and xanthan corresponds to: 194 

Biomass2 = 0.8 xanthan + 0.2 biomass 195 

Finally, testing of both objectives functions, biomass and biomass with xanthan were 196 

performed. 197 

 198 

 199 
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Xpm strains for RNA-seq experiments 200 

Two strains derived from Xpm CIO151 were used in this study: (1) CIO151 strain transformed 201 

with the empty vector pBBR1-MCS5 (Xpm CIO151 EV), and (2) a double recombinant mutant 202 

previously generated by Restrepo et al. (M. Restrepo, Restrepo, & Bernal, 2012) lacking rpfC, 203 

rpfG and rpfH and transformed with the empty vector pBBR1-MCS5 (Xpm CIO151 ΔrpfCGH-204 

EV). 205 

In order to determine the time-point to perform the RNA extraction, a common 206 

exponential growth phase among treatments was established by means of a growth curve. The 207 

growth assay was performed using NYG rich medium (3 g/L yeast extract, 5 g/L peptone, 30 208 

g/L glycerol, pH 7.0) for liquid cultures and NYGA (contained in addition 15 g agar l-1) for 209 

plating serial dilutions of grown cells in 10mM MgCl. Cells were plated at four-hour interval 210 

time points between 0 and 24 hours. 211 

 212 

RNA Extraction and RNA-Seq Analysis 213 

Total RNA was extracted using a modified hot phenol-chloroform manual extraction method 214 

(Jahn, Charkowski, & Willis, 2008). Briefly, each strain was grown on solid medium (NYGA) 215 

and one colony from each of the three treatments was left in constant agitation for 18 hours 216 

from an initial OD of 0.002 (600 nm) in 30 ml of NYG media; the harvest time was selected 217 

based on the growth curve data that showed the time interval at which the treatments were in 218 

the exponential growth phase. Cells were then precipitated, placed on ice, and mixed with hot 219 

acid phenol (pH 4.5) and a lysis buffer solution consisting of 4M LiCl, SDS, 0.5M EDTA (pH 220 

8) and 1M Tris-HCl (pH 8). After this, cells were vortexed and a solution of chloroform: 221 

isoamyl alcohol was added (24:1) prior to a second vortexing and centrifugation step to separate 222 

the different phases. Two overnight precipitation steps were carried out: the first with 4M 223 

lithium chloride and the second one with 3M sodium acetate (pH 5.2). Sample quality was 224 
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confirmed using a bioanalyzer (Agilent 2100, Santa Clara, CA) and two extraction processes 225 

were performed independently with different colonies for each strain to account for two 226 

biological replicates. RNA-Seq was performed at the Beijing Genome Institute (BGI, Hong 227 

Kong) for the library preparation and RNA sequencing through the Illumina HiSeq 2000 228 

platform. Libraries generated were paired-end (100bp read length) and strand specific 229 

(Parkhomchuk et al., 2009). 230 

Reads were trimmed and filtered with FASTX Toolkit 231 

(http://hannonlab.cshl.edu/fastx_toolkit/). Approximately 18% of them were lost due to low 232 

quality and 1% of the remaining reads were removed during the in-silico cleaning of rRNA 233 

leaving an average of 27.3 million reads per treatment (Table S1). Then, clean reads were 234 

aligned  using TopHat (Trapnell, Pachter, & Salzberg, 2009) against the Xpm CIO151 genome 235 

(Arrieta-Ortiz et al., 2013). The transcripts were counted using Cufflinks (Trapnell et al., 2012). 236 

The abundance of transcripts, normalized in FPKM, was used to estimate differential expressed 237 

genes with NOISeqBIO (Tarazona, García-Alcalde, Dopazo, Ferrer, & Conesa, 2011), a R 238 

Bioconductor package (Huber et al., 2015). Subsequently, the lists of differentially expressed 239 

genes (DEGs) were annotated according to the Gene Ontologies (GO). Overrepresented GO 240 

terms were distinguished using Blast2GO®. 241 

For Xpm CIO151 ΔrpfCGH-EV, rpfC and rpfG along with eleven gum genes involved 242 

in extracellular polysaccharide (EPS) production and biofilm formation were used as positive 243 

controls of differential expression, based on previous reports for other Xanthomonas (Guo et 244 

al., 2012; He et al., 2007; Slater et al., 2000) to compare with the DEGs obtained with 245 

NOISeqBIO. 246 

 247 

 248 

 249 
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qRT-PCR validation 250 

qRT-PCR was used for validation of a subset of differentially expressed genes among 251 

treatments. SsoFastTM EvaGreen® Supermix (Bio-Rad) was used with the 7500 FAST (Applied 252 

Biosystems) thermal cycler according to the manufacturer’s instructions; melting curves were 253 

used in each run to discard non-specific amplifications.  gyrB was selected as a housekeeping 254 

gene for validation because it showed low variability compared with rpoB, rpoD and atpD 255 

genes (data not shown). The Pfaffl method (Pfaffl, 2001), with the use of standard curves for 256 

the determination of efficiency rates between target genes, was employed for relative 257 

quantification; only efficiencies between 90%-110% were accepted. RNA-Seq and qRT-PCR 258 

results for the validated genes were then evaluated through a Pearson Correlation to determine 259 

if both sets of data supported each other. 260 

 261 

Context-specific models of Xpm and simulations 262 

The iMAT algorithm (Zur, Ruppin, & Shlomi, 2010), implemented in the COBRA Toolbox 263 

v3.0 (Heirendt et al., 2018) was used to generate context-specific models (CSMs) of Xpm 264 

CIO151 EV and Xpm CIO151 ΔrpfCGH-EV. iMAT can use the discretized values of the 265 

expression values to classify the reactions into high, moderate and lowly expressed reactions 266 

groups. The abundance of the transcripts for the genes of the two strains, normalized by FPKM, 267 

were used for the discretization. The first and third quartiles of these abundances were 268 

calculated in MATLAB®, and used as low and high threshold to define the genes with high, 269 

moderate and low expression for each strain. Discretization was performed assigning a value 270 

of -1, 0 and 1 respectively to low, moderate and high groups of genes. Then, the discretized 271 

values of the genes were mapped to the reactions using the gene-reaction rules of the model 272 

(using the COBRA Toolbox). The iMAT algorithm was executed and the CSMs were 273 
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generated for both, Xpm CIO151 EV and Xpm CIO151 ΔrpfCGH-EV. Finally, FBA for each 274 

CSM using both biomass and, biomass and xanthan, as objectives functions were performed. 275 

 276 

Hierarchical clustering heatmap 277 

In order to group the flux of reactions for the different strains a hierarchical clustering of CSMs 278 

for the strains using the two objective functions, biomass and, biomass and xanthan production 279 

was performed. First, the reactions with value of fluxes equal to zero for all the conditions were 280 

deleted. Then, normalization of flux values was computed using Z-score. The Ward method 281 

was used to calculate the linkage matrix based on Euclidean distance (Ward, 1963). For 282 

coloring purposes, a dendrogram was constructed using a color threshold of 0.25. Finally, 283 

cluster maps of the two strains under the two objective functions were calculated. The 284 

calculations were performed in Python using SciPy package. 285 

 286 

Pathways visualization 287 

Pathways for carbon source incorporation, glycolysis, central metabolism, xanthan 288 

biosynthesis and amino acid metabolism were constructed in Escher (King et al., 2015). Maps 289 

for these pathways are provided in supplementary data. Transcriptomic abundances were 290 

mapped into Escher maps.  291 

 292 

RESULTS 293 

Metabolic model of Xanthomonas phaseoli pv. manihotis 294 

The metabolic model of Xpm CIO151, iXpm1556, had 1556 reactions after curation. Of these, 295 

155 were transport reactions and 90 were exchange reactions, 1527 metabolites and 890 genes 296 

associated with reactions. The model had 452 reactions (of 1556 total reactions) that could be 297 

assigned to 113 metabolic pathways of KEGG (Table S2). Figure 1 shows the number of 298 
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reactions assigned to each metabolic pathway for the top 20. Pyrimidine and purine conversion 299 

are the most represented pathways in Xpm CIO151, followed by amino acid and folate 300 

biosynthesis. Also, other pathways related with amino acid metabolism were found. The amino 301 

acid metabolic map can be found in supplementary information (constructed in Escher). 302 

The Entner-Doudoroff (ED) pathway, important into the carbohydrate cycling 303 

metabolism and EPS, is in the top 20 of pathways with reactions assigned. Furthermore, two 304 

other main carbohydrate cycling pathways were found in Xpm: Pentose-phosphate (PP) and 305 

Embden–Meyerhof–Parnas (EMP). Moreover, a carbon source connected with ED pathway 306 

was found, xylose, previously reported as carbon source in Xcc and involved in xanthan 307 

production (Déjean et al., 2013; Zhang & Chen, 2010). Figure 2 shows the map of cycling 308 

pathways.  309 

 Several carbon and nitrogen sources were found to be transported and metabolized by 310 

Xpm. For example, in Xpm, sucrose has been reported to be imported (Van den Mooter et al., 311 

1987) but the exact mechanism of transport was not clear. In our model, we proposed a 312 

mechanism of sucrose transport based on evidence in the literature and the genome annotation. 313 

First, the sucrose is imported into the cell via proton symport and then it is hydrolyzed into 314 

glucose and fructose (Figure 3).  315 

Other carbon sources that are transported and metabolized in Xpm include fumarate, 316 

malate, citrate and, D-mannose transport via PEP:Pyr PTS. Example of a nitrogen source is L-317 

Glutamine ABC transporter. Evidence of glutamine transport at the genomic level was found, 318 

however, there is no evidence in the literature for Xpm. BLAST of the Glutamine transport 319 

ATP-binding protein of E. coli against Xpm genome, significantly hit several proteins 320 

previously annotated as ABC amino acid transporters. 321 

 Some reactions related with the ethanol pathway were found in the metabolic model of 322 

Xpm. Ethanol is one of the few metabolites transported by diffusion (aqueous porins).  323 
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Furthermore, a metabolic pathway related with ethanolamine metabolism in Xpm was found. 324 

Evidence at the level of transcription for the genes related with two reactions in the metabolism 325 

of ethanolamine were found: ethanolamine ammonia-lyase (EC 4.3.1.7, genes 326 

1185660.4.peg.2019 or 1185660.4.peg.2020 or 1185660.4.peg.1394) and the reversible 327 

reaction of alcohol dehydrogenase – acetaldehyde ethanol. 328 

 329 

Growth and xanthan biosynthesis simulations in Xpm 330 

In order to simulate the physiological phenotype of growth for Xpm in presence of a carbon 331 

source, FBA using biomass as an objective function was performed. The growth rate for Xpm 332 

in minimal media with aerobic conditions and glucose as carbon source was 1.73 h-1. In 333 

addition to biomass, xanthan production was modelled in Xpm. First, the xanthan biosynthesis 334 

pathway was reconstructed and manually curated (Figure 4, map provided in supplementary 335 

information). Metabolic reconstruction of this pathway shows that all genes in the gum cluster 336 

are required for the last steps of xanthan biosynthesis. Furthermore, a strong connection 337 

between reactions of xanthan pathway and the cycling pathways was found through PGMT, 338 

MAN6PI and DXPS branched reactions. Finally, a modified objective function of biomass with 339 

xanthan production was used to simulate the trade-off between biomass and xanthan 340 

biosynthesis. The value for the growth when biomass and xanthan together are used as 341 

objective function was 0.493 h-1. The two values of growth rate, 1.73 h-1and 0.493 h-1, are in 342 

the same order of magnitude to the experimental value for Xpm, 0.44 h-1 in NYG medium 343 

(maximal growth rate for lapse from 20 to 24h), or for E. coli in glucose, 0.9 h-1 (Bren et al., 344 

2016), and in acetate, 0.32 h-1 (Edwards, Ibarra, & Palsson, 2001). 345 

 346 

 347 
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Integrating gene expression experiments with a metabolic model elucidates regulated 348 

metabolic functions 349 

The metabolic model of Xpm was validated and used in the context of bacterial pathogenicity. 350 

First normalized expression data of RNA-seq experiments for two Xpm strains were mapped 351 

to Escher metabolic pathways. Second, CSMs constructed with the expression levels of the two 352 

strains were analyzed. Finally, FBA and hierarchical clustering of flux values were depicted. 353 

In order to elucidate biological and molecular processes affected by RpfCGH, RNA-354 

Seq analysis of Xpm CIO151 ΔrpfCGH-EV and Xpm CIO151-EV were performed. In sum, 355 

RpfCGH regulated a total of 1553 genes, out of which 99% corresponded to an up-regulation 356 

by the DSF-QS pathway (tables S3 and S4). Fisher Enrichment Analysis was conducted for the 357 

differentially expressed genes (DEGs) using Blast2GO. Altered molecular functions in Xpm 358 

CIO151 ΔrpfCGH-EV included: bacterial flagellar motility, chemotaxis, signal transducer 359 

activity, and oxidoreductase activity. Motor, flagellar and chemotaxis activities, along with 360 

signal transduction were among the most affected processes (Figure S2). Remarkably, several 361 

genes involved in the type III secretion system (T3SS) were downregulated in Xpm CIO151 362 

ΔrpfCGH-EV, mainly hrcS and hpa3. Five genes were tested in qRT-PCR to validate the 363 

results obtained using RNA-Seq using gyrB as the endogenous control (Table S5). All of the 364 

selected genes could be confirmed as activated by rpfCGH (Figure S3). Additionally, the 365 

Pearson Coefficient showed a significant correlation at the 0.05 level between RNA-Seq and 366 

qRT-PCR validated data for Xpm CIO151 ΔrpfCGH-EV. 367 

The number of metabolic genes associated with reactions with evidence at the transcript 368 

level were 801 (80% of the genes). This validated 1268 (81%) of the reactions constructed in 369 

our model at the transcription level. A total of 219 metabolic genes covered in the model were 370 

differentially expressed: 211 down and 8 upregulated (Table S6). Important subsystems at the 371 

metabolic level which were differentially expressed included carbon metabolism, amino acid, 372 
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fatty acid, carbohydrate cycling, stress and EPS metabolism.  Some of the relevant 373 

differentially expressed genes in Xpm include formate production reactions and D-mannose 374 

transport via PEP:Pyr PTS (upregulated) and, citrate, fumarate and malate reactions that are 375 

downregulated in Xpm CIO151 ΔrpfCGH-EV. Of special interest were two reactions related 376 

with NAD metabolism: NAD and NADP transhydrogenase, those were highly active in the 377 

mutant of QS, suggesting that rpfCGH exerts a negative regulation on this route.  378 

In EPS metabolism twelve gum genes involved in xanthan biosynthesis were 379 

downregulated in Xpm CIO151 ΔrpfCGH-EV. Figure 5 shows a comparison between xanthan 380 

production in the two strains using the gene expression level. Xanthan production genes are 381 

downregulated in Xpm CIO151 ΔrpfCGH-EV when compared with Xpm CIO151 EV and 382 

analyzed in NOISeqBIO. Downregulated reactions included GumM, Gum, GumK, GumI. 383 

Showing these changes on a metabolic map allows one to identify highly expressed 384 

reactions across metabolic pathways. Figure 6 shows carbohydrate cycling pathways; this 385 

pathway was highly active at the level of transcription in both strains. The most active reactions 386 

were fructose-bisphosphate aldolase and sedoheptulose 1,7-bisphophate D-glyceraldehyde-387 

lyase, those had an unusual abundance of transcripts (thousands of FPKMs). 388 

 389 

Context specific models of Xpm 390 

Although the iMAT authors recommend using mean and half standard deviations to delimit the 391 

high and low threshold of the discretization of the data, it was determined that this method will 392 

give a negative low threshold, because of the not normal distribution of the data presented here. 393 

Therefore, first and third quartiles were used to set the low and high thresholds. Table S7 394 

summarizes the statistics of expression data.  395 

The context-specific models constructed using iMAT are summarized in Table 1; 396 

metabolic models are included in supplementary data. The models showed small differences in 397 
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number of reactions, compounds and genes. When the reactions between the two models were 398 

compared, only 32 and 26 reactions were unique for Xpm CIO151 EV and Xpm CIO151 399 

ΔrpfCGH-EV respectively (Table S8). They shared most of their reactions (653, Table S8). 400 

Also, flux balance analysis of the CSMs gave the same predicted growth rate value of 0.0986 401 

h-1 for both models. Unique pathways in Xpm CIO151 EV included Entner-Doudoroff, pentose 402 

phosphate, glycerolipid, phosphatidylserine, pyruvate and pyrimidine metabolism. Unique 403 

pathways in Xpm CIO151 ΔrpfCGH-EV included fatty acid, fermentation, proline and purine. 404 

Surprisingly, although the genes related with the reactions of xanthan production were 405 

downregulated in Xpm CIO151 ΔrpfCGH-EV (analysis with NOISeqBio), the related reactions 406 

were not excluded from the metabolic model by iMAT. However, the abundances of transcripts 407 

for the majority of genes in the gum cluster were half for Xpm CIO151 ΔrpfCGH-EV compared 408 

to Xpm CIO151 EV (Figure 5). Interestingly, the last step of xanthan transport performed by 409 

gumL and the cluster of gumBCEJ were not downregulated. 410 

Finally, FBA of each CSM was used to calculate the distribution of fluxes of each 411 

model. The fluxes of each reaction were grouped by hierarchical clustering; vertical axis 412 

represents the reactions and, horizontal axis, strains and conditions (Figure 7, tables S9 and 413 

S10). Flux values are colored according with the normalized activity of the reactions. Negative 414 

values of flux represent reverse direction of the corresponding reaction. The number of active 415 

reactions in FBA (at least in one condition) used for the hierarchical clustering were 618. We 416 

found 6 groups of reactions, three of these do not show change between the CSMs (blue, green 417 

and purple, 562 reactions); this group is characterized by a high proportion of low flux values. 418 

The other groups differentiated Xpm CIO151 EV from Xpm CIO151 ΔrpfCGH-EV (56 419 

reactions). Figure 8 shows the pathways represented in the reactions that differentiate the two 420 

strains. The main pathways influenced by quorum sensing are purine, serine, pyrimidine and 421 

amino acid metabolism; again, Entner-Doudoroff pathway is influenced by quorum sensing. 422 
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Finally, the objective function of biomass plus xanthan did not separate the two strains; thus, 423 

the groups were instead determined by the strain. 424 

 425 

DISCUSSION 426 

In this study, the first metabolic model of Xpm reconstructed at genome-scale is presented; the 427 

main features of this model were depicted and simulated in-silico, especially those related with 428 

pathogenicity. The mechanism of xanthan production and its connection to carbohydrate 429 

cycling pathways were uncovered in Xpm, suggesting that mainly the Entner-Doudoroff 430 

pathway feeds this route. Bacterial growth using an alternative objective function of biomass 431 

with xanthan was modeled, showing the implications of this polymer to pathogenicity and 432 

resource allocation processes. The model shed light into novel routes potentially related to 433 

pathogenicity in Xpm, including ethanolamine, L-glutamine, and the mechanism of transport 434 

for several carbon sources (e.g. Sucrose, Fructose and Mannose). Furthermore, data and 435 

analyses of differential expression assays of a quorum sensing mutant were used for 436 

understanding this bacterial mechanism in Xpm and for validating the metabolic network. 437 

Visualization of transcript abundance of these data on Escher maps helped to understand some 438 

differences at the metabolic level. These included the Xanthan biosynthetic route, as well as 439 

carbohydrate and central metabolism. Furthermore, RNA-Seq data was used to construct and 440 

analyze CSMs of the Xpm wild type and a mutant of quorum sensing. Flux balance analysis of 441 

these CSMs showed differences in flux reactions for the two strains studied here. The main 442 

metabolic pathways identified as regulated by quorum sensing were amino acid and nitrogen 443 

metabolism, and fatty acid elongation. Finally, other important contributions to the metabolic 444 

modeling of Xpm were three manually curated maps of central carbon metabolism, xanthan 445 

production, and amino acids that will serve as visualization tool for Xpm metabolism. 446 
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In this study, the entire route of xanthan production was modelled in Xpm. The differences 447 

in the production of biomass with two scenarios (different objective functions) could be 448 

explained by the divergence of sugars into the Xanthan route from the ED pathway. This could 449 

be related to the cycles of growth and vascular system colonization of the bacterium in the plant 450 

and in epiphytic stages. The level of xanthan production varies in the different stages of 451 

infection and can be related with the cycle of colonization and growth in the plant (Kang, Saile, 452 

Schell, & Denny, 1999; Newman, Conrads-Strauch, Scofield, Daniels, & Dow, 1994; Vojnov, 453 

Slater, Daniels, & Dow, 2001). Some of the genes related to reactions of the pathway were 454 

downregulated in Xpm CIO151 ΔrpfCGH-EV. Interestingly, GumD was reported to be 455 

important for pathogenicity, EPS production and epiphytic survival of Xpm (Kemp et al 2004). 456 

Interestingly, we found that the gumL and gumBCEJ cluster were not downregulated in the 457 

mutant of QS and, therefore, are not regulated by RpfCGH. These genes encode for enzymes 458 

responsible for the final steps of polymerization and transport of xanthan; specially, proteins 459 

encoded by gumBCEJ are proposed to be anchored to the inner membrane and the periplasm  460 

(Vorhölter et al., 2008). Furthermore, mutations in gumBCE were lethal for Xcc, presumably 461 

because lipid precursors produced as intermediaries in the production of xanthan were toxic by 462 

accumulation (Katzen et al., 1998; Vojnov et al., 2001). Therefore, it is hypothesized that the 463 

organism has evolved to maintain constant expression of the transporter, despite the reduction 464 

of xanthan production, to avoid the toxicity of xanthan intermediates by accumulation. 465 

Differences at the level of transcription was captured by the FBA of the CSMs for xanthan 466 

production, in the case of the related pathway of Entner-Doudoroff. However, other differences 467 

were not captured by the CSMs in xanthan simulations, including the other carbohydrate 468 

cycling pathways related with xanthan production, which did not show differences in the 469 

CSMs, as the hierarchical clustering heat map based on flux distribution for each CSM showed. 470 

This is reasonable since the majority of reactions related with xanthan production were not 471 
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completely switched off at the level of transcription, although the level of mRNA decreased in 472 

the quorum sensing mutant. Furthermore, although the algorithm used to construct the CSMs 473 

(iMAT) maximizes the number of reactions to be included in each CSM based on the 474 

transcription levels, the method does not restrict the flux levels based on these data in order to 475 

improve metabolic simulations in the FBA. In the future, fluxomics data can be obtained to 476 

improve metabolic predictions (Gomes & Simões, 2012; Lewis, Nagarajan, & Palsson, 2012), 477 

and other methods that integrate these kind of data into genome-scale metabolic models can be 478 

used to capture the real differences in the phenotype, as has been shown before in X. campestris 479 

pv. campestris (Schatschneider et al., 2014). 480 

CSMs showed remarkable differences between the two strains at the level of amino acid 481 

and nitrogen metabolism, when FBA was performed and compared by hierarchical clustering 482 

(twelve amino acid related pathways). This highlights the regulation of amino acid metabolism 483 

by quorum sensing. In Xcc, the DSF-family of signals requires branched amino acid precursor 484 

(Zhou et al., 2015), which were found differentially active in FBA for the two strains in our 485 

study. Also, fatty acid synthesis elongation was found to be necessary for DSF production. We 486 

found two reactions unique to RpfCGH mutants in the CSM. Thus, the role of the other amino 487 

acid metabolism related reactions should be researched further in the future. 488 

Several carbon sources were found to be metabolized by Xpm. In some cases, we proposed 489 

previously unknown mechanisms of transport in Xpm related with these sources. For example, 490 

a mechanism for transport of mannose and fructose is proposed in Xpm using PEP:Pyr PTS 491 

transport system coupled with fructose 6-phosphate. This transport mechanism has been 492 

reported to transport other carbon sources in Xcc such as sucrose and mannitol (de Crecy-493 

Lagard, Binet, & Danchin, 1995). However, although the relationship was established for these 494 

sources, the specific mechanism was unknown for fructose and mannose in Xcc. Therefore, we 495 
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propose this mechanism for mannose and fructose transport, subject to future experimental 496 

validation.  497 

However, although the same mechanism was reported for sucrose in Xcc (de Crecy-Lagard 498 

et al., 1995) and in Xpm sucrose has been reported to be used as carbon source (Van den Mooter 499 

et al., 1987), there is evidence against this transport system for Xanthomonas phaseoli pv. 500 

glycines for the case of sucrose (Kim, Park, Heu, & Jung, 2004). The evidence in Xag favors 501 

transport into the cell without lysis of sucrose and posterior hydrolysis at the intracellular level. 502 

The enzymes required for internal hydrolysis are present in the Xpm model. In addition, there 503 

is a gene in Xpm with a high identity with suc1 transporter from X. phaseoli pv. campestris; 504 

BLAST (e-value>1E6, 100% coverage). This transporter was first reported in X. phaseoli 505 

(Hochster & Katznelson, 1958) and, furthermore, is present in other Xanthomonas. All this 506 

evidence supports the hypothesis of the same mechanism for Xpm of importation of sucrose 507 

with subsequent intracellular hydrolysis. 508 

We found a L-Glutamine ABC transporter in the genome of Xpm. However, we did not 509 

find evidence for its use at the transcription level. Interestingly, high levels of glutamine are 510 

found in the guttation fluid of hydathodes of Arabidopsis. Hydathodes are entries for pathogens 511 

such as Xanthomonas campestris pv. citri. It has been suggested that high levels of glutamine 512 

act as signal that could be integrated with RpfG regulation to modulate the production of 513 

virulence factors (Ryan et al., 2011). Because the transcriptomes studied in this report only 514 

included in vitro grown bacterial strains, at this point it is unclear, how this connection is 515 

established in Xpm. This transport reaction is connected with the RpfCGH regulatory system 516 

and can be researched in Xpm in the future for testing the hypothesis of glutamine involved in 517 

the mechanism of virulence factor production. 518 

Other important pathways reconstructed in our model include ethanol metabolism. It has 519 

previously been reported that plants secrete ethanol as a mechanism of defense against 520 
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pathogens.  Ethanol  resistance has been characterized in Xcc to be mediated by the sigma-E 521 

factor (Bordes et al., 2011). Although there is no specific experimental evidence of the ethanol 522 

degradation pathway in Xpm, there are reports for other Xanthomonas of this pathway, at the 523 

genome level.  524 

We found an ethanolamine related pathway in Xpm. This pathway could be important for 525 

future research because of previously reported evidence of a connection between 526 

lipopolysaccharide and ethanolamine metabolism (a virulence factor) in Xac. Ethanolamine has 527 

been reported to be linked to lipopolysaccharides (LPS) in Xanthomonas phaseoli pv. citri in 528 

the form of pyrophosphoryl ethanolamine or phosphoryl ethanolamine (Casabuono, Petrocelli, 529 

Ottado, Orellano, & Couto, 2011). Also, LPS showed influence in the basal defense activation 530 

of Citrus and Arabidopsis plants with a relation with callose deposition, closure of stomata and 531 

reactive oxidative species production (Casabuono et al., 2011; Silipo et al., 2008). Although 532 

the network showed that ethanolamine is incorporated in the metabolism of Xpm by transport 533 

and connected with central metabolism via pyruvate, in the future, its connection with LPS 534 

metabolism can be explored. 535 

Finally, it is important to highlight some points related with the differential expression 536 

assays for the RpfCGH mutant of Xpm. RpfCGH are involved in the upregulation of several 537 

genes related within the DSF-QS pathway; a global expression pattern that agrees with previous 538 

results published by Guo (2012) for single mutants of rpfC and rpfG in Xanthomonas citri pv. 539 

citri. Furthermore, the genes selected as positive controls, rpfC, rpfG and, eleven gum genes 540 

involved in extracellular polysaccharide (EPS) production and biofilm formation were always 541 

detected as downregulated in the mutant strain. This is in agreement with the reports for these 542 

genes (Guo et al., 2012; He et al., 2007; Slater et al., 2000). Also, the Fisher Enrichment 543 

Analysis for the DEGs of RpfCGH mutant showed altered molecular functions of Xpm 544 

CIO151, previously reported as influenced by the DSF-QS regulatory network (Guo et al., 545 
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2012), among which are included: bacterial-type flagellar motility, chemotaxis, signal 546 

transducer activity, and oxidoreductase activity. Furthermore, genes involved in the T3SS, 547 

mainly hrcS and hpa3 were affected, suggesting positive regulation of T3SS by DSF-QS, as 548 

has been shown in other systems. 549 

 550 

CONCLUSIONS AND PERSPECTIVES 551 

Here, the first metabolic model of Xpm is presented. Several important pathways related with 552 

pathogenicity, virulence and defense were incorporated and studied using FBA. Hierarchical 553 

clustering showed differentiation in groups of reactions in the two strains studied when 554 

simulated by FBA of the CSMs. These groups are possibly related with the differences in QS. 555 

All the genes and reactions related with the pathways studied here can be used as starting point 556 

for gaining new insights in plant pathogen-interactions. For example, carbon sources such as 557 

fumarate, malate, citrate, and D-mannose transport via PEP:Pyr PTS were differentially 558 

expressed between the QS mutant strain and WT. Importantly, NAD metabolism was affected 559 

in the QS mutant, suggesting that the generation reducing power could be diminished in a DSF 560 

dependent manner.  561 

Concerning xanthan production, this pathway showed clues of downregulation in the QS 562 

mutant. However, the cluster gumBCEJ and gumL, (genes related with the transport and final 563 

processing of xanthan) were not differentially expressed. Two hypotheses can explain this 564 

result: 1) Transporters are regulated by other operon of genes different to RpfCGH but still 565 

related with regulation of QS, or 2) there is a necessity to maintain the membrane transporters 566 

to avoid the accumulation of xanthan due to the toxicity of xanthan. Also, growth of Xpm using 567 

biomass and the alternative objective function, biomass plus xanthan were simulated. 568 

Reduction in biomass production due to reallocation of resources in xanthan production was 569 

demonstrated. Further pathogenicity and survivorship factors can be modeled in Xpm in the 570 
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future using the same strategy. For example, the balance between transport and catabolism of 571 

carbon sources and organic acids, and the impact of this balance in xanthan production could 572 

be researched in future studies using our model with the objective function of xanthan-biomass, 573 

simulating different stages of development of the infection.  574 

The metabolic model reconstructed here can be used with alternatives objective functions, 575 

as was shown with xanthan production, to understand other reactions related to pathogenicity; 576 

for example, pyruvate metabolism. We found two reactions that differentiate the strains in CSM 577 

related with pyruvate metabolism and pyruvate, alanine, and serine interconversions. Pyruvate 578 

dehydrogenase has been reported and deeply studied in X. campestris due to its importance in 579 

the production of xanthan, (Iliev & Ivanova, 2002). Pyruvate dehydrogenase is a complex of 580 

three enzymes that catalyze the reaction of interconversion of pyruvate to acetyl-coA. This is 581 

another candidate for further research using our model to understand the change in the reaction 582 

fluxes related with pyruvate metabolic pathway and its relationship with pathogenicity at the 583 

system level.  584 

Other important question that can be addressed using xanthan metabolic modelling is the 585 

preferential use of organic acids in xanthan production. For example, the importance of carbon 586 

sources such as sucrose in xanthan production has been shown before (Zhang & Chen, 2010). 587 

However, a relationship between the use of organic acids and the secretion of EPS in some 588 

Xanthomonas (Fuhrer, 2005), specially for xanthan, has also been found; moreover, a 589 

preferential use of these acids rather than sugars for EPS biosynthesis has been proposed. 590 

Although, we performed simulations for xanthan production, it was under minimal media with 591 

glucose. However, the metabolic model reconstructed here can be used in the future to study 592 

organic acid assimilation and its effect on xanthan production using the alternative objective 593 

function of biomass with xanthan. 594 
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The metabolic model reconstructed here, and the mathematical modeling performed using 595 

pathogenicity factors such as xanthan, and the integration of more information from 596 

experiments, both in vitro and in planta, expand the knowledge of the interaction between Xpm 597 

and cassava. This work is just the first step to a fully comprehensive understanding of the 598 

metabolism of Xpm as a plant pathogen through a systems biology approach. Our work poses 599 

more questions in the metabolic status of the bacterium before and during in planta growth, for 600 

example: We are working to improve and refine the metabolic model and, expect to integrate 601 

other type of omics data and physiological information into the model, such as RNA-seq 602 

experiments under interaction with the plant. We expect that this metabolic model will serve 603 

to improve the knowledge of other plant pathogens belonging to the Xanthomonas genus. 604 

 605 
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TABLES 932 
 933 

 Xpm CIO151 EV Xpm CIO151 ΔrpfCGH-EV 
Reactions 685 679 

Compounds 618 614 
Genes 617 618 

Table 1. Summary of the context-specific models of metabolism for Xpm CIO151 EV and Xpm CIO151 
ΔrpfCGH-EV. The number of reactions, compounds and genes for every model are shown. 

 934 

 935 

FIGURES 936 

 937 

 
Figure 1. Metabolic Pathways of Xpm CIO151. Histogram of numbers of reactions in Xpm 

CIO151 assigned to each metabolic pathway. Only the top 20 of most represented metabolic 

pathways are presented. 

 938 
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Figure 2. Carbohydrate Cycling Pathways of Xpm. Three cycling pathways were found in 

the metabolism of Xpm: Entner-Doudoroff (ED), Pentose-phosphate (PP) and Embden–

Meyerhof–Parnas (EMP). Constructed in Escher (King et al., 2015). 

 939 

 
Figure 3. Mechanism of transport of sucrose in Xpm. Sucrose is transported into the cell 

where it is degraded into fructose and glucose. Constructed in Escher (King et al., 2015). 
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Figure 4. Metabolic map of xanthan biosynthesis in Xpm. Connection with cycling pathways 

are shown. Constructed in Escher (King et al., 2015). 
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Figure 5. Differential expression of genes involved in the production of xanthan. Xanthan 

production is downregulated in Xpm CIO151 Δ rpfCGH-EV when compared with Xpm 

CIO151 EV and analyzed in NOISeqBIO (Tarazona et al., 2015). Level of abundance of 

transcripts are mapped to the metabolic pathway of xanthan. A. Xpm CIO151 EV; B. Xpm 

CIO151Δ rpfCGH-EV. The transcript abundance of Xpm CIO151 Δ rpfCGH-EV is half of 

the Xpm CIO151 EV. Reactions downregulated included GumM, Gum, GumK, GumI. Grey, 

purple and red colors represent low, moderate and high abundance of transcripts (FPKM) 

respectively for the genes associated to each reaction. Constructed in Escher (King et al., 

2015). 

 945 
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Figure 6. Carbohydrate Cycling Pathways of Xpm show a high activity at the level of 

transcription. Transcriptomic data showed that Xpm has a high activity in FBA (gene 

1185660.4.peg.3367) and FBA3 (gene 1185660.4.peg.3367) reactions. Data of Xpm CIO151 

EV are shown, but similar results were found for Xpm CIO151 ΔrpfCGH-EV. Level of 

transcription are next to the name of the reaction. Grey, purple and red colors represent low, 

moderate and high abundance of transcripts (FPKM) respectively for the genes associated to 

each reaction.  Entner-Doudoroff (ED), Pentose-phosphate (PP) and Embden–Meyerhof–

Parnas (EMP). Constructed in Escher (King et al., 2015). 

 946 



 

 38 

 
Figure 7. Hierarchical Clustering Heatmap of Xpm strains. Comparisons between the flux 

values obtained by FBA of the two strains of Xpm (Xpm CIO151 EV and Xpm CIO151 

ΔrpfCGH-EV), using two different objective functions are shown. First, Z-scores were 

computed to normalize flux values. Then, linkage matrix with Euclidean distance based on 

Ward method was used to construct the map. The dendrogram was colored for grouping 

purposes using a color threshold of 0.25. Finally, cluster maps of the two strains were 

calculated. Vertical axis represents the reactions and, horizontal axis, strains and conditions. 

Flux values for each reaction are colored according to its activity, negative values correspond 

to reverse direction of the reaction. Abbreviations. Void: CSM of Xpm CIO151 EV using 

biomass as objective function; Void_Xanthan: CSM of Xpm CIO151 EV using biomass and 

xanthan as objective function; rpfCGH: CSM of Xpm CIO151 ΔrpfCGH-EV using biomass 

as objective function; rpfCGH_Xanthan: CSM of Xpm CIO151 ΔrpfCGH-EV using 

biomass plus xanthan as objective function. 
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Figure 8. Metabolic pathways found in FBA that differentiate Xpm strains and are influenced 

by quorum sensing. Number of reactions by pathway are shown. 
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 949 

Supplementary Figures 950 

 951 

 
Figure S1. The number of reactions of the metabolic model obtained by ModelSEED (first 

column) and the number of reactions that were found in every database that mapped into 

the SEED model. Last column represents the number of unique reactions that mapped to 

the SEED model from any of the databases. 
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 952 

 
Figure S2. Over-represented gene ontologies upregulated by rpfCGH in Xpm using a Fisher 

Enrichment Analysis [Blast2GO]. Motor, flagellar and chemotaxis activities were among the 

most abundant, followed by signaling transduction processes. References set (red): 

proportion of GO-term in Xpm genome; Test set (blue): proportion of GO-term in the DEGs 

group of Xpm. 

 953 

 
Figure S3. Relative expression ratio of upregulated genes validated through qRT-PCR using 

gyrB as the endogenous control. Bars indicate log relative expression ratios for genes 

upregulated by rpfCG and evaluated by qRT-PCR. 
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Supplementary Information 956 

 957 

Other additional supplementary files and tables can be found in Dropbox: 958 

https://www.dropbox.com/sh/tspewt267qifwb7/AAAKEwduxuZPcwqNhUFN37Pta?dl=0 959 

 960 

Metabolic Map 1: Metabolic map of the central metabolism and carbon sources of Xpm 961 

constructed in Escher (King et al., 2015). 962 

Metabolic Map 2: Metabolic map of amino acid biosynthesis of Xpm constructed in Escher 963 

(King et al., 2015). 964 

Metabolic Map 3: Metabolic map of xanthan biosynthesis of Xpm constructed in Escher (King 965 

et al., 2015). 966 

Metabolic model 1: Full metabolic model of Xpm. 967 

Metabolic model 2: CSM of Xpm CIO151 EV. 968 

Metabolic model 3: CSM of Xpm CIO151 ΔrpfCGH-EV 969 
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Gene Product Gene ID 
Relative Expression Ratio 

Reported Functions in gram negative bacteria P-value 
RNA-Seq qRT-PCR 

PhoB two-comp. system 
regulatory protein xanmn_chr03_546 18 28 

Senses inorganic phosphate to regulate T3SS & T6SS in E. 
Tarda (Chakraborty, Sivaraman, Leung, & Mok, 2011) and 
virulence genes in V. Cholerae (Pratt, Ismail, & Camilli, 
2010). 

0,008 

Putative signal protein 
with HD-GYP domain fig|1185660.4.peg.531 4 4 

Possible indirect regulation of genes through second 
messengers; virulence; stress response (Fuchs et al., 2010; 
Wilson et al., 2007). 

0,08 

Methyl-accepting 
chemotaxis protein fig|1185660.4.peg.3088 15 9 Senses chemical attractants; colonization (Li et al., 2014). 0,003 

RNA pol. sigma factor for 
flagellar operon FliA fig|1185660.4.peg.4580 81 54 

Flagellar biosynthesis, virulence, biofilms, adherence, 
pectate lyases (Jahn, Willis, & Charkowski, 2008; Yang, 
Leu, Chang-Chien, & Hu, 2009). 

0 

Putative regulatory protein 
of a two-comp. system fig|1185660.4.peg.3529 11 5 Chemotaxis, adhesion, invasion, flagellar rotation (Dons et 

al., 2004; Sarkar, Frederick, & Marconi, 2010). 
0,03 

Table S5. Upregulated genes validated through qRT5PCR. The relative expression ratio was calculated using gyrB as an endogenous control in both biological 

replicates; the number indicates how many times more the unknown gene is being expressed with respect to the endogenous control. Significance values were 

calculated using a permutations test. 
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ABSTRACT 19 

Cassava is an important crop in tropical zones around the world. This shrub plant has several 20 

industrial uses and is important as food source. Xanthomonas phaseoli pv. manihotis (Xpm) is 21 

the causal agent of cassava bacterial blight, the main bacterial disease of cassava. The objective 22 

of this work was to uncover the molecular mechanisms related with the interaction between 23 

cassava and Xpm using, for the first time, differential expression analysis of the pathogen in 24 

planta. Gene expression analysis of Xpm in vitro and at 5 days of post-inoculation in planta 25 

were performed. Several genes were related with the process of infection and defense of the 26 

bacterium. Tol and Ton transport systems, implied in ferric siderophore transport, and xanthan 27 

biosynthesis and transport, an important pathogenicity factor in the genus of Xanthomas were 28 

overrepresented in planta. The RNA-Seq data produced here will be used to integrate the data 29 

into the metabolic model of Xpm and produce context-specific metabolic models of Xpm under 30 

the interaction with the cassava plant.   31 

  32 



 

 

 

3 

BACKGROUND 33 

Cassava (Manihot esculenta Crantz) is one of the most important crops around the word after 34 

rice, corn and wheat. A total of 500 millions people in 90 countries cultivate this plant covering 35 

16 million hectares and producing 152 millions of tons per year (8,800 millions of USD) (FAO, 36 

2000). The production from South America, accounts for 15.6% of the world’s production 37 

(Lopez et al., 2016). Some important features of cassava are its tolerance to drought, acid soils 38 

and soils low in nutrients, and its resistance to weeds and plagues (FAO, 2000). As a food 39 

source, cassava roots are rich in carbohydrates, vitamins and minerals. Besides being used as 40 

food for animals and humans, cassava is used in the industry including starch for textiles and 41 

medicine, and alcohol production (FAO, 2000). 42 

Cassava bacterial blight, caused by Xanthomonas phaseoli pv. manihotis (Xpm), before 43 

X. axonopodis pv. manihotis (Constantin et al., 2016), is the most prevalent bacterial disease 44 

of cassava, producing high losses in this crop (Lozano, 1986). In Xanthomonas, several studies 45 

have been performed in the fields of phylogenetics, microarrays, RNA-Seq, metabolomics and 46 

population (Arrieta-Ortiz et al., 2013; Bart et al., 2012; Liu, W., Y.-H. Yu, S.-Y. Cao, X.-N. 47 

Niu, W. Jiang, G.-F. Liu, B.-L. Jiang, D.-J. Tang, G.-T. Lu, 2013). Nevertheless, most of the 48 

information regarding the regulation of virulence genes in Xpm comes from extrapolation of 49 

studies performed on related species, and though they might enable predictions, it is crucial to 50 

validate and identify the virulence determinants of this bacterium.  51 

Few studies of transcriptomics for pathogens in planta have been performed in the 52 

Xanthomonas genus, and in other bacterial plant pathogens (Chapelle et al., 2015; Chatnaparat, 53 

Prathuangwong, & Lindow, 2016; Jacobs, Babujee, Meng, Milling, & Allen, 2012; Nobori et 54 

al., 2018; X. Yu et al., 2013; Xilan Yu et al., 2014). Whole gene expression profiling for 55 

bacteria in planta is still difficult because a small amount of RNA from the pathogen is obtained 56 

and the experimental procedures proposed to enrich the RNA of the bacterium result in biases. 57 
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For example, pooling samples to increase the number of bacteria in the starting sample for 58 

RNA extraction can overestimate the number of differential expressed genes (Rajkumar et al., 59 

2015). Furthermore, bacteria enrichment procedures can be expensive, and chloroplast can still 60 

persist in the sample as contamination needing further elimination (Chapelle et al., 2015). 61 

However, there is a necessity for evaluating gene expression profiles in planta to uncover the 62 

mechanisms of pathogenicity of the bacterium during its interaction with its host.  63 

In this study, the first gene expression profile in planta of Xpm is presented. Several 64 

differential expressed genes related with pathogenicity in planta are reported. These results 65 

improved the understanding of the molecular mechanisms of the plant-pathogen interaction 66 

between cassava and Xpm. Importantly, this is the first non-model expression analysis within 67 

the Xanthomonas genus, adding new comparative information to the pathogenicity differences 68 

and similarities of the taxonomical group.  69 

 70 

MATERIAL AND METHODS 71 

In planta inoculation assays and RNA-seq sequencing 72 

In order to evaluate differentially expressed genes of Xpm at 0 and 5 days post inoculation 73 

(DPI), RNA from the bacteria of infected cassava plant stems was extracted. RNA samples 74 

were extracted from Xpm inoculum (pure culture) and from the inoculated stems at 5 DPI. Stem 75 

samples were collected in RNA shield (Ambio). RNA extraction (InviTrap® Spin Plant RNA 76 

Mini Kit) of 1ml of Xpm growth in phi-rifampicin liquid cultures (24h) was performed with 77 

the objective of obtaining samples at 0 DPI (5 replicates of the inoculum). Cassava plants, 78 

variety TMS 60444, were inoculated with Xpm (10ul of bacterium at 1.0 OD) by puncturing 79 

(Ospina & Ceballos, 2002; Restrepo, Duque, & Verdier, 2000). Then, 2 cm long portions of 80 

inoculated stems (along the inoculation point) at 5 DPI were collected; only one stem per 81 

sample point was collected in order to avoid pooling biases in the RNA-Seq analysis. Sample 82 
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quality was confirmed using a bioanalyzer (Agilent 2100, Santa Clara, CA). RNA-Seq was 83 

performed at Novogene using the Illumina HiSeq 2500 platform. The libraries generated were 84 

paired-end (125bp read length) and strand specific (Parkhomchuk et al., 2009). Bacterial in 85 

planta samples were enriched, depleting the mRNA of the plant using poly-A probes. 86 

Additional to bacterial rRNA deletion, plant rRNA deletion was also performed in these 87 

samples.  88 

 89 

RNA-seq quality control and differential expression analysis 90 

Clean reads delivered by Novogene (trimmed and filtered) were subject to quality control using 91 

FastQC (https://www.bioinformatics.babraham.ac.uk/projects/fastqc/). In order to further 92 

deplete plant RNA contamination, clean reads were mapped against the cassava genome, 93 

version 6.1 (Goodstein et al., 2012),  using Subread aligner (Liao, Smyth, & Shi, 2013). Then, 94 

the remaining reads were mapped against the Xpm CIO151 genome (Arrieta-Ortiz et al., 2013) 95 

and counted. Final cleaning of remaining ribosomal reads in Xpm was performed filtering out 96 

those that mapped against ribosomal genes. The read counts of Xpm genes were used for 97 

differential expression analysis. First, quality assessment of distribution of reads were done. 98 

Length and RNA total amount normalization were performed using NOISeqBIO (Tarazona et 99 

al., 2015). For total RNA normalization, the trimmed mean of M values (TMM) approach was 100 

used (Robinson & Oshlack, 2010). TMM method estimate the RNA production ratio between 101 

two samples using a weighted trimmed mean of the log expression ratios. After normalization, 102 

differential expression genes were identified comparing between in vitro and in planta data 103 

using a threshold of 99% (Tarazona et al., 2015). 104 

 105 

 106 

 107 
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RESULTS 108 

RNA-seq data and quality control of RNA-seq samples 109 

Five samples of Xpm in vitro and fourth samples of Xpm in planta were sequenced. An average 110 

of 27 millions of clean reads were produced by sample for a total of 244 millions of reads, and 111 

an effective rate of sequencing of 98%. In the GC content analysis, in vitro samples showed 112 

only one peak at 64% corresponding to GC content of Xpm (Figure 1A). Despite mRNA 113 

enrichment performed, there was still plant contamination in samples at 5 DPI. In planta 114 

samples showed two peaks at 44% and 60% corresponding to GC contents of M. esculenta and 115 

Xpm (Figure 1B). There was the same pattern in the other biological replicates of Xpm in vitro 116 

and in planta.  117 

In order to separate Xpm reads from the cassava ones, mapping to the two genomes was 118 

performed (Table 1). Further cleaning of remaining ribosomal contamination in Xpm reads was 119 

performed using the genome annotation of Xpm. In average, 1.15% of the reads mapped to 120 

Xpm genome (270,480 PETs). 121 

 After the cleaning process, experimental and biological biases were assessed. Although 122 

there was a difference of three orders of magnitude in depth sequencing between the two 123 

experiments, saturation plots for Xpm samples in vitro and in planta showed that the number 124 

of genes covered by the two experiments are close to each other: 4,530 for in vitro and 4,400 125 

for in planta samples (Figure 2). The most important biases were read length (Figures 3A) and 126 

total RNA amount (Figure 4A). After normalization procedures, the in vitro and in planta 127 

samples were corrected by read length showing less correlation between length and mean 128 

expression value (Figure 3B). Additionally, samples were corrected by total RNA amount 129 

using the TMM method (Figure 4B).  130 

 131 

 132 
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Differential expression assays  133 

Distribution of the ratio of expression values for each sample were centered in zero after 134 

normalization (Figure 4B). Distribution of expression values before and after normalization 135 

are shown in Figures 5A and 5B showing the change in the expression of each sample caused 136 

by the normalization procedure. 137 

After normalization, the differential expression analysis was performed using 138 

NOISeqBIO. Expression and MD plots are shown in Figure 6. Several features were 139 

differential expressed: 2,771 DEGs using a threshold of 99%; 1,387 up regulated and 1,393 140 

down regulated in planta (supplementary tables). The subsystems more represented in the 141 

DEGs were Ton and Tol transport systems. The most represented upregulated genes in planta 142 

were ribosome subunits, secretion systems, flagellum, phosphate metabolism and xanthan 143 

biosynthesis and exportation. The most represented downregulated were bacterial cell division, 144 

cytoskeleton, DNA repair, chemotaxis, lipopolysaccharide and peptidoglycan. Figures 7 and 8 145 

show the top 20 of subsystems for up and down regulated conditions. 146 

 147 

DISCUSSION 148 

In this study, the first assessment of the plant-pathogen interaction transcriptome between Xpm 149 

and cassava was uncovered in planta. Insights into the molecular mechanisms of pathogenicity, 150 

virulence and defense of cassava bacterial blight disease were presented. Molecular 151 

mechanisms up regulated at an advanced stage of infection in planta related with xanthan, 152 

secretion systems and ribosome activity were found. Down regulated subsystems related with 153 

bacterial cell cycle and chemotaxis were also found.  154 

Ton and Tol transport system were found to be differential expressed, both up and down 155 

regulated, giving insights of switching mechanisms related with this transport system. The Ton 156 

system is related with several transport functions, mainly iron dependent transport of ferric 157 
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siderophores to improve the capture of iron(Hoegy et al., 2005). The suppression of the iron 158 

incorporation system in Pseudomonas syringae was reported by a hacking mechanism of the 159 

plant to attack the bacterium (Nobori et al., 2018). Iron uptake is important for bacterium 160 

survivor in iron-deficient conditions and is induced in planta (Nobori et al., 2018). Our data 161 

showed both up and down regulated genes related with Ton system for iron uptake. So, Ton 162 

system can be a possible transport system assigned to this mechanism of iron acquisition and 163 

susceptible to be hacked by the plant; target of this system as control strategy for multiple 164 

pathogens can be researched more in detail. Tol transport system is related with polymers 165 

transportation as peptidoglycans, maintaining outer membrane stability (Pommier, Gavioli, 166 

Cascales, & Lloubès, 2005), a process necessary for infection.  167 

 In this work and to the best of our knowledge, for the first time, DEG for a plant 168 

pathogen was reported without using pooled samples. Previous studies in plant-pathogen 169 

transcriptomes pooled the samples (Chapelle et al., 2015; Chatnaparat et al., 2016; Jacobs et 170 

al., 2012; Nobori et al., 2018) or focused only on the effect of the pathogen attack to the plant. 171 

In this work it was decided not to pool samples in order to avoid pooling bias (an 172 

overestimation of DEGs), but other biases resulting by the low sequencing proportion of Xpm 173 

in planta raised. However, saturation plots showed up the robustness of the results and the 174 

possibility of analyzing the RNA-seq data because most of the genes of Xpm in planta were 175 

covered. Thus, in order to reduce the bias, normalization procedures were performed. It has to 176 

be noted that before choosing the one stem per biological replicate sampling procedure in this 177 

study, we tested two different procedures to enrich bacteria: i) pooling samples from 4 stems 178 

inoculated with the bacteria and the use of sucrose gradients and ii) filtering of samples. In the 179 

first protocol, it was difficult to stabilize sucrose gradients obtaining negative results when 180 

performing the RNA extractions (data not shown). The second approach, the filtering, was 181 

implemented using filtered samples through sterilized cheesecloth, follow by 5 µm filtering or 182 
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25 µm; this methodology produced the same negative results as the gradients one (data not 183 

shown).  184 

 The number of DEGs was high (2771). Therefore, a refinement of the threshold used 185 

for determining the DEGs is needed. The threshold used can be calibrated using housekeeping 186 

genes reported for Xpm as negative controls of DEGs. If these genes are found in the DEGs 187 

set, a higher threshold will be applied, until these set of genes do not appear in the DEGs set. 188 

Also, the integration with the available metabolic model (this thesis) and the metabolic 189 

analyses will be performed, and results can be explored to understand the pathogenicity process 190 

in a holistic approach. 191 

 192 

CONCLUSIONS AND PERSPECTIVES 193 

The first differential expression analysis of Xpm, a non- model plant pathogen, was performed. 194 

Important genes related with cell cycle, transport systems and virulence genes such as xanthan 195 

biosynthesis, Tol and Ton transport systems were reported as differentially expressed. Further 196 

validation by PCR and other techniques can corroborated the results. 197 

Following the refinement of differential expression analysis using a higher cut off, an 198 

integration of the results with the metabolic model of Xpm, should be performed in order to 199 

produce context-specific metabolic models of Xpm in vitro and at 5 DPI in planta. This will 200 

uncover specific plant-pathogen relationships at the metabolic level using a systems biology 201 

approach. 202 

 203 

 204 

 205 

 206 

 207 
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Figures 294 

 295 

 

A. 

 

B. 

 296 

Figure 1. Mean GC content of Xpm RNA samples. A. Xpm in vitro sRNA sample showing 

only one peak at 64% corresponding to GC content of Xpm; B. Xpm in planta, RNA sample 

showed two peaks at 44% and 60% corresponding to GC contents of M. esculenta and Xpm 

respectively. 
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Figure 2. Saturation plots for Xpm samples in vitro (A) and in planta (B). The number of 

genes (features) covered by the two experiments are close to each other. 

 

 297 

 

A 

 

B 

Figure 3. Normalization of mean expression by read length corrected bias in RNA 

samples. A.  Read length correlation before normalization; B. Read length correlation 

after normalization. 
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A 

 

B 

Figure 4. Normalization of RNA composition by TMM method. Distribution of M 

values for each sample are expected to be center in zero after normalization. Vertical 

axis: log2 expression values of each sample divided by reference sample (replica 1 of 

Xpm in vitro); Horizontal axis: density of M values. A. Before normalization; B. After 

normalization. 
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A 

 

B 

Figure 5. Expression distributions of Xpm in vitro and in planta. A. Before 

normalization; B. After normalization. The distribution of in planta reads after 

normalization is similar to the in vitro experiment. 

 304 

  

Figure 6. Differential expression assays for Xpm in vitro and in planta. A. In vivo 

against vs. in planta mean expression values; B. M-D plot of expression values for both 

conditions (Tarazona et al., 2015). MD values (black) and the differentially expressed 

genes (red). 
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Figure 7. Top 20 subsystems up-regulated in planta. Number of reactions by 

subsystems are shown. 
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Figure 8. Top 20 subsystems down regulated in planta. Number of reactions by 

subsystems are shown. 
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 321 

Supplementary tables in Dropbox: https://www.dropbox.com/s/viqe1wm2a2t5xop/Supplementary%20Tables%20Chapter%20III.xlsx?dl=0  322 

Source Sample Raw PETs Clean PETs 
% GC 

Content 

% Xpm 

mapped 

% Cassava 

mapped 
% rRNA Final PETs 

Xpm 

in vitro 

B1 31,928,141 30,802,465 62.98 95.9% 0.1% 0.12% 30,765,817 

B2 33,043,115 32,345,372 62.99 95.9% 0.0% 0.11% 32,309,070 

B3 34,909,012 34,253,293 63.23 95.8% 0.0% 0.12% 34,210,741 

B4 24.469.156 23,969,643 63.02 95.9% 0.1% 0.11% 23,942,525 

B5 29,290,377 28,197,389 62.05 96.2% 0.1% 0.09% 28,170,633 

Xpm 

in planta 

BP1 22,536,543 21,959,851 47.88 1.1% 72.8% 0.17% 241,558 

BP2 21,499,864 21,354,314 47.06 1.4% 78.2% 0.19% 298,960 

BP3 23,388,144 22,787,284 47.02 0.9% 76.9% 0.18% 205,086 

BP4 28,917,368 28,026,169 48.48 1.2% 72.9% 0.21% 336,314 

Table 1. Clean paired end transcripts (PETs) were mapped against cassava and Xpm genomes in order to obtain only Xpm 

reads. Percentage of reads mapped are reported. rRNA: percentage of reads bioinformatically depleted. 

https://www.dropbox.com/s/viqe1wm2a2t5xop/Supplementary%20Tables%20Chapter%20III.xlsx?dl=0


 1 

FINAL CONCLUSIONS 1 

In this work, integration of experimental, bioinformatic and system biology approaches was used 2 

to uncover the pathogenicity, virulence and defense mechanisms of Xanthomonas phaseoli pv. 3 

manihotis (Xpm) during its interactions with cassava. Working with non-model organisms imposes 4 

a challenge in the integration of a comprehensive model of the plant-pathogen interaction and the 5 

mechanisms of pathogenicity. The fragmentation and sometimes scarcity of experimental 6 

information at the molecular level requires an additional effort for the compilation and integration 7 

of the information into a systematic model. To face this challenge, in this research, the metabolic 8 

model of Xpm was used as whole system scaffold to construct a comprehensive biological model 9 

that integrates the fragmented information. In several cases, it was needed to refer to related species 10 

within the Xanthomonas genus to support the computational predictions of the model. The release 11 

of the metabolic model will make available to the scientific community that study plant- bacterial 12 

pathogens, a computational tool for raising new hypotheses to test in laboratory, to explain new 13 

experimental results, and to simulate bacterial behavior in different conditions. Modifications of 14 

the model objective function were performed showing the importance in the reallocation of 15 

resources in the pathogenicity process. Further modifications and additions to the objective 16 

function can be integrated in a systematic way, one pathogenicity factor at a time, to improve the 17 

computational predictions, and simulate and test new hypotheses and biological scenarios. For the 18 

systems biology community, a non-model organism was computational modeled and integrated 19 

with experimental information, contributing for the expansion of the scientific knowledge, and 20 

allowing comparisons against model organisms for looking of similarities and differences at the 21 

systems level.  22 



 2 

At the biological level a contribution to the Xpm pathogenicity knowledge at the molecular 23 

level has been done. Metabolic reconstruction and modeling allowed to find new molecular 24 

mechanisms unknow until now. New carbon sources were predicted to be metabolized by Xpm, 25 

but we are aware that they have to be experimentally corroborated, for example using phenotype 26 

microarrays. Activity in pathogenicity conditions of several metabolic pathways were found. 27 

Xanthan, was the better example of metabolic modeling and biological results related with 28 

pathogenicity. Analysis of the results of RNA-seq showed changes in the xanthan metabolic 29 

pathway with the exception of transport reactions, generating new questions of the function and 30 

the interaction between in quorum sensing and the xanthan pathway. Ton transport reaction was 31 

found to be involved in pathogenicity in planta and our results support the hypothesis of 32 

connection between iron regulation and pathogenicity in the bacterium. Although, only a fraction 33 

of the reactions in the metabolic model were studied and discussed in detail, there is a lot of 34 

reactions and metabolic pathways to be researched that surely will raise new hypothesis of 35 

molecular mechanisms of pathogenicity at the metabolic level. 36 

As a starting point, it was necessary to do a comprehensive review of the available 37 

approaches in biological networks available to uncover pathogenicity mechanisms in plant-38 

pathogens. The review was written for a targeted biological audience with a non-system biology 39 

previous knowledge. This review will help researchers in the plant-pathogen field to understand 40 

and to incorporate the use of systems biology tool in their research and to reinterpret their results 41 

with a systems biology framework. 42 

Finally, the principle of the pioneers in cybernetics where the system as a whole is greater 43 

than the addition of the separated parts, was applied in this study through a systems biology 44 

approach modelling a non-model plant-pathogen organism and improving the knowledge of the 45 



 3 

organism complexity. Similar as the omics technologies and bioinformatics have started to be part 46 

of regular scientific research, systems biology and mathematical models will be essential tools for 47 

the complete understanding of complex systems as the bacterial pathogens – plants interactions. 48 

 49 

RECOMMENDATIONS AND PERSPECTIVES 50 

Different extraction protocols have been proposed to perform differential expression analysis in 51 

plant-pathogens; none of them is free of biases. The selection of the right protocol will depend on 52 

the necessities of the researcher. The researcher has always to be aware of the bias of each approach 53 

and be ready to know how to control it to produce accurate results and avoid including false 54 

positives in the bioinformatic analyses.  55 

The metabolic model and simulations presented here are still a work in progress. As any 56 

other metabolic model, further experimentation, both at the omics and small scale, will be 57 

necessary. For example, phenotype microarrays for multiple evaluation of growth and resistance 58 

conditions of several mutants, or biochemical experiments to test hypotheses related with reactions 59 

and biological phenotypes could be important inputs to enrich the models. Although top-down 60 

approaches, as genome-scale metabolic modelling, are useful tools to investigate whole system 61 

behavior, the ultimate target has to be a detailed model with parameters for every part of the 62 

system, especially if the time variable wants to be included to produce a dynamical model. Until 63 

know, a snapshot of the Xpm pathogenic dynamic on time has been taken. More data points at the 64 

omic scale will be necessary to draw the whole picture of the interaction between Xpm and cassava. 65 

We set the basis upon which the most important disease of cassava, an important crop in poor 66 

countries can be better understood. 67 
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