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Abstract 11 

With the advent of novel methods for inference and evaluation of regulatory functions, 12 

and the generation of massive transcriptomic and proteomic datasets, it is necessary to find 13 

a common framework to integrate both data and theoretical background to gain significative 14 

insight into biological problems. Transcriptional regulation is a major participant in complex 15 

cellular systems, where it plays a central role in decision making. We thus attempted to link 16 

expression data with mathematical models in order to infer gene regulatory networks 17 

assembled by transcription factor interactions. Using yeast expression data and transcription 18 

sub-networks we tested four different models for network inference. Among these we found 19 

“directed partial correlation” to be the one with the best performance. We then applied this 20 

method to rebuild the transcription network of the oomycete Phytophthora infestans using 21 

publicly available data. We used this network to analyze the changes in regulation during 22 

the life cycle of the pathogen and to assess how the topology of the network is related to the 23 

evolutionary history of the oomycetes. Additionally, using  qRT-PCR we evaluated, the 24 

expression levels of 14 P. infestans transcription factors during its interaction with Solanum 25 

tuberosum group phureja. With these data we also reconstructed the regulatory network of 26 

P. infestans in two different varieties of the host, one resistant and one susceptible. 27 

Preliminary results of this network reconstruction showed rewiring according to the 28 

resistance level of the host, which indicates that different regulatory processes are activated 29 

in response to different environmental cues. This type of study can be used to assess issues 30 

in pathogens’ biology like understanding features of complex life cycles. 31 

  32 
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 33 

Introduction 34 

Novel approaches in the area of systems biology have made possible to study a 35 

myriad of features in systems from which available information is inherently incomplete or 36 

noisy [1]. Applying tools from control theory, simulation strategies and based always on 37 

experimental data, biological properties that were elusive and difficult to study in the past 38 

century (e.g. synergy, modularity, robustness), can be effectively addressed following a 39 

network approach [2–5]. The understanding of complex systems involves the study of many 40 

of these tools [6]. 41 

Pathogenesis has been considered as a complex system [7–9]. Therefore, we will 42 

consider a plant-oomycete interaction and through the use of networks, we will evaluate how 43 

regulatory events can mold pathogenic behavior. Among Oomycetes, Phytophthora 44 

infestans is considered a model, and has been considered as the most destructive pathogen 45 

of potato (Solanum tuberosum) crops, as the causing agent of the late blight disease [10–46 

12]. The response of the host, S. tuberosum, can be modulated by several genes which in 47 

turn control large traits of resistance and susceptibility [13, 14]. However its inner dynamics 48 

are not fully understood. [11, 15]. The P. infestans – S. tuberosum group phureja interaction 49 

does not rely on a single and simple deterministic mechanism; on the contrary, the pathogen 50 

makes use of a complex web of elements used to overcome quantitative plant responses. 51 

Another characteristic of this oomycete’s life cycle is the hemibiotrophy it displays. During 52 

the firsts days of infection it suppresses host defenses and feeds on the host behaving as a 53 

biotroph. Then, a destructive necrotrophic phase follows [16, 17], it is likely that the 54 

concerted action of different genes is then modulating this two phase phenomenon, however 55 

this is not yet understood. 56 

To better understand these characteristics we will assess the effect of different 57 

environments, a resistant and a susceptible host, on the Gene Regulatory Network (GRN) 58 

of P. infestans, this network refers to the set of interactions among the different transcription 59 
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factors of P. infestans, which in turn are regulating gene expression levels. Transcriptome 60 

studies have shown that only a small fraction of genes of the S. tuberosum behave in a 61 

constant fashion in compatible and incompatible interactions, which supports the idea that 62 

different genes are expressed in each case [18]. Likewise, different processes should be 63 

modulated in the pathogen by different sets of genes. The study of GRNs on the other hand, 64 

cannot only enable the better understanding of the different types of gene regulation of this 65 

organism during its life cycle but in the evolutive time scale as well. Analyzing the gene 66 

expression levels and their change through time can tell us about the physiological 67 

characteristics of the organism, if we take it a step further, translating expression profiles 68 

into interaction networks, could link genetic information with phenotypic traits[19]. Also, 69 

understanding the relative time of appearance of the nodes in the network and how this affect 70 

network topology can serve as a tool for the formulation of evolutionary hypothesis [20–22]. 71 

Indeed, the nodes of the network, the genes, appeared at different time points in the 72 

evolutive history of the organism, and thus, if we study the GRN of any species, our 73 

representation of the network is a frame of a constantly changing process [22, 23].  74 

Genome scale models of metabolism and protein-protein interaction networks have 75 

provided insights into some of these complex biological questions in an attempt to bridge 76 

the genotype-phenotype gap [20, 24–26]. GRNs determine the structure of transcriptional 77 

changes in a particular physiological state of an organism [27–30]. Therefore, the study of 78 

the transcription regulation plays an important role into addressing that bridge as well. Even 79 

more, transcription factors play key functions in the regulation of gene expression [31, 32]. 80 

Thus transcription regulation could be the key to bind genotypic information and phenotypic 81 

responses to environmental cues. As part of a changing life cycle, the regulatory events will 82 

control which proteins are expressed, thus determining cellular response to different 83 

situations, this process is in a sense analogous to decision making. 84 

However, inference of these networks often requires large amounts of expression 85 

data as well as mutant and knock-out collections, which are usually sparse [27, 29, 33–35]. 86 
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The strengths and weaknesses of these methods vary considerably with the amount of data, 87 

especially in data-poor scenarios [36]. The availability of longitudinal data (i.e. time series), 88 

has enabled the arise of methods that relate variables over time, particularly expression time 89 

series data has received focus over the last years [33, 37–39], and community efforts, such 90 

as the DREAM challenge, promote the research on this field. However, a master strategy is 91 

still lacking. Methods for network reconstruction over time series data have been proposed, 92 

and autoregressive models serve as a base for their construction [39–41]. The key 93 

assumption is the fact that the effect of a variable over another might have a shift in time, 94 

and this is the basis for the inference of regulatory events as causal relationships between 95 

genes. However these may not suffice for datasets with small sampling frequency, as the 96 

ability to effectively determine gene interactions and topological measures tend to be 97 

affected in short time series inference [42, 43]. 98 

We were interested in evaluating the effect of different network inference methods 99 

with time series data of different lengths. Advances in the study of GRNs of model organisms 100 

such as Saccharomyces cerevisiae, have created a benchmark for the evaluation of 101 

theoretical methods. We used this model as reference to evaluate different methods for GRN 102 

inference [36, 44]. The performance of a method depends on the size of the data and in the 103 

time series analysis, the frequency of the sampling has particular importance. Inference 104 

methods should balance computation efficiency with big data and accuracy with small 105 

datasets. After evaluating the methods on S. cerevisae we used the better in performance 106 

to determine the possible GRN of P. infestans in order to explore evolutive and physiological 107 

decision processes by the pathogen. The evaluation in a controlled scenario, allowed us to 108 

choose the best method to be applied to real datasets from P. infestans, first to publicly 109 

available microarray data and then to our own qPCR data. Our main objective was to 110 

approach the reconstruction of GRN that is active in the pathogen during the compatible 111 

interaction with two different varieties S. tuberosum group phureja, and associate this 112 
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network with changes in the life style as well with events on the evolutive history of the 113 

pathogen. 114 

 115 

Methods 116 

In silico expression data of Yeast 117 

To address the prediction of regulatory relationships based on expression data, we 118 

used the software GeneNetWeaver [44] to sample 100 gene regulatory sub-networks from 119 

Saccharomyces cerevisiae, and generate time series expression data, this will be the gold-120 

standard sub-networks that will be used later to evaluate the network inference methods. 121 

Each sub-network consisted of 200 nodes and an average of 350 edges (data not shown), 122 

expression data were generated using an Ordinary Differential Equation Model of 123 

transcriptional regulation [44, 45]. Expression data for each gene (node in the network) was 124 

in silico generated. Time series of 21 time points for each gene were generated, with a 50min 125 

step between time points. Time series data was evaluated by several methods to determine 126 

the capacity of these to accurately infer the correct sub-networks. Inference was carried out 127 

with the full time series as well with a sub-set of 6 time points with a step of 200 minutes. 128 

The nodes of the network are the genes, and the regulation events are represented 129 

as edges. The number of connections a node has is the degree of the node, the number of 130 

routes that pass through a node is the betweenness and maximal sub-graph in which each 131 

node has degree K is the coreness [46]. 132 

 133 

Network inference from expression data 134 

Transcription regulation is a process that inherently conveys a shift in time. For this 135 

reason we incorporated Granger causality [47] as a viable strategy to determine gene 136 

relationships. In this model a variable is said to Granger cause another, i.e., the expression 137 

of TF X Granger causes the expression of gene Y, if given for any two variables, it is possible 138 

to determine a significant correlation when one variable is shifted respect to the other [47, 139 



7 
 

48]. A multivariate extension has been proposed for systems controlled by more than one 140 

variable as follows [40, 49, 50]: 141 

 142 

                                      ℎ(𝑥) = θ0𝑥0 + θ1𝑥1+θ2𝑥2 + ⋯ +θ𝑛𝑥𝑛 + 𝜙                                  (1) 143 

 144 

Or in a vectorized form: 145 

 146 

                                                           ℎ(𝑥) = θ′𝑋 + 𝜙                                                        (2) 147 

 148 

We used equation 2 to estimate the possible relationship between any two variables. Where 149 

ℎ(𝑥) represents a variable that is Granger caused by𝑋, i.e., 𝑌, θ represents the fit parameter 150 

vector and 𝜙 is the lag parameter. With this same framework, we used Mutual Information 151 

as the measure of relationship between the two variables, taking into account a shift in time. 152 

Mutual information has been proposed to capture non-linear interactions [41]. We defined 153 

shifted mutual information (SMI) as: 154 

𝑆𝑀𝐼(𝑋; 𝑌) = ∑ ∑ 𝑝(𝑥, 𝑦) log2 (
𝑝(𝑥,𝑦)

𝑝(𝑥)𝑝(𝑦)
)𝑥∈𝑋𝑦+𝜙∈𝑌                                   (3) 155 

 156 

where 𝑝(𝑥, 𝑦) is the joint probability function of X and Y, and 𝑝(𝑥) and 𝑝(𝑦) are the marginal 157 

probability functions of X and Y respectively. In order to evaluate the significance of this 158 

measure, we took the time series data and carried out a randomization procedure, after this 159 

we recalculated the mutual information, randomized data served as a basis to determine a 160 

null distribution of the mutual information. Using this information we calculated the 161 

significance based on the number of appearances of the initial mutual information value in 162 

the null distribution, thus providing an empirical p-value. 163 

These methods however, do not account for correlations due to a third partner which 164 

can result in a high number of false positives. For this reason, we assessed directed partial 165 
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correlation (DPC) [39] as a way to estimate if nodes interact based on their correlation, as 166 

well as considering the residual correlation of a third variable. This is particularly easy to 167 

compute in comparison with the previously mentioned methods, and has showed reliable 168 

results in large scale datasets. Finally we evaluated inner composition alignment (IOTA) [42, 169 

43]. This method relies on the finding that related variables in time series data have a 170 

monotonically ascendant behavior one to another. We implemented IOTA as: 171 

1 −
∑ ∑ 𝜔𝑖𝑗

𝑛−1
𝑗=𝑖+1 θ[(𝑔𝑗+𝑙

(𝑘,𝑙)
−𝑔𝑖

(𝑘,𝑙)
)(𝑔𝑖

(𝑘,𝑙)
−𝑔𝑗

(𝑘,𝑙)
)]𝑛−2

𝑖=1

𝛥
                                     (4) 172 

Where n is the length od the time series, g(k,l) is the rearranged permutation of the l 173 

time series respect to k, ωij represents a weighting function and θ is the Heaviside step 174 

function This model served us as a comparison method as it does not relies on an 175 

autoregressive procedure to estimate variable relationship. 176 

 177 

Evaluation of predicted sub-networks from yeast. 178 

We used the above mentioned methods to infer the S. cerevisae sub-networks and 179 

for each edge a p-value was provided values for each edge were adjusted using the 180 

Benjamini-Hochberg correction [51]. These values were used as a confidence score on the 181 

existence of an edge. We evaluated the performance of the predicted sub-networks 182 

estimating the Receiving Operating Characteristic (ROC) and Precision-Recall (PR) curves. 183 

To do this we used a variable cutoff threshold to determine the number of positive 184 

interactions and the number of false interactions. In the first iteration, if the 185 

adjusted/corrected confidence value between any pair of genes was 1, then we considered 186 

that there was an edge in the network between these genes. If the confidence was smaller 187 

than 1, then we considered that there was no edge. In subsequent iterations, the threshold 188 

was reduced, the step used was 0.01, in the ROC curve when the threshold reached zero 189 

all interactions were classified as positive, i.e., an edge, yielding the maximum true positive 190 

rate. All negative interactions were as well classified as positive yielding the maximum false 191 
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positive rate. With this information we calculated the area under the ROC (AUROC) and area 192 

under PR (AUPR) in each method for the 100 sub-networks, in the short and long time series. 193 

As the AUROC is equivalent to a Mann-Withney test, as so it is used to determine the 194 

aceptance threshold of positive and negative values of a predictor [52, 53],  as these 195 

measurements showed variation over different estimations, we determined the mean 196 

AUROC to be the acceptance threshold of an edge. Additionally we evaluated the correlation 197 

of our prediction with the gold-standard network for two centrality measures K-coreness and 198 

betweenness, to determine the impact of the inference over the sub-network topology. The 199 

k-core of a graph is a maximal sub-graph in which each node has at least degree k. The 200 

coreness of a node is k if it belongs to the k-core but not to the (k+1)-core, the betweenness 201 

centrality is the number of short paths from all vertices that pass trough a given node. Thus 202 

we determined these measurements for each node in both networks, and compared the 203 

values. 204 

 205 

In silico reconstruction of Phytophthora infestans regulatory network 206 

We first used the expression data publicly available to reconstruct the P. infestans 207 

regulatory network. Data was derived from a custom GPL809 chip of the Roche Nimblegen 208 

technologies (Roche Nimblegen), to measure the expression levels of 18155 genes of the 209 

P. infestans genome. RNA samples were taken from 2 media (rye sucrose and V8 agar) and 210 

infected potato leaves from a time series infection (2, 3 ,4 and 5 days post inoculation) [54]. 211 

We considered the media samples to be the time 0 thus we builded a time series of 5 points. 212 

We also reconstructed the GRN, using SMI and DPC, from the time series expression 213 

data of P. infestans in its compatible interaction with S. tuberosum group phureja. We 214 

estimated the topology measures of this networks and compared these to a random 215 

assembled network using the Erdos-Reyni model [2]. 216 

 217 

Network-Phylostratigraphic analysis of Phytophthora transcription factors 218 
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Using OrthoMCL [55, 56], with an inflation value of 2.5, we compared the P. infestans 219 

annotated genome to 19 genomes representative of the evolutionary relationships of the 220 

species, The genomes were assigned to a phylostratum depending on their phylogenetic 221 

distance to P. infestans, the more basal, older, groups have the lowest number of 222 

phylostratum and the closer, more recent, groups, have higher number [57, 58]. 223 

Phylostratum I contain the genomes of Bacteria and Archea groups, phylostratum II 224 

represents the branching from Eukarya of the other cellular organisms, III contains the 225 

organisms as defined in the SARP group [59], this group contains the groups 226 

Stramenophyla, Alveolata, Rhizaria and Plantae. The IV phylostratum represents the 227 

branching of the oomycetes from the other members of the SARA group. Finally V and VI 228 

are the Phytophthora genus and the species of interest: P. infestans. The phylostratum gives 229 

an idea of the age of the genes, and thus of the nodes in the GRN, and this could be related 230 

to network topology measurements. 231 

 232 

Infection assays, RNA extraction and cDNA preparation 233 

Col2 and Col3 cultivars of S. tuberosum group phureja were grown under greenhouse 234 

conditions (temperature 18ºC, 12 light hours and 60% relative humidity), Col2 is a 235 

susceptible variety whereas Col3 is highly resistant to late blight. Leaflets from 6-week old 236 

plants were collected and infected with P. infestans strain Z3-2 [60]. The strain was grown 237 

on Potato Dextrose Agar (PDA) at room temperature (21C on average), and an inoculum 238 

was prepared at a concentration of 4.0 *105 sporangia per ml as previously described [61]. 239 

Infection assays were performed in moist chambers at room temperature. Samples were 240 

collected every 12 hours and up to 72 hours post infection and flash frozen in liquid nitrogen, 241 

for a total of 6 time points, an important difference with the microarray data which used a 242 

shorter time series (5 time points). Total RNA was extracted using the Qiagen RNeasy 243 

extraction kit (Qiagen, Valencia, CA, USA) according to manufacturer’s protocol and 244 

resuspended in 50μl of RNAse-free water. Treatment with DNAse (Thermo Scientific, 245 
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Suwanee, GA, USA) was performed to avoid contamination with genomic DNA. Reverse 246 

transcription was performed with the DyNAmo 2step synthesis kit (Thermo Scientific, 247 

Suwanee, GA, USA), using 1μl of RNA in a 50μl final volume and using oligo-dT as primer. 248 

cDNA quantification was performed using Nanodrop 1000 (Thermo Scientific, Suwanee, GA, 249 

USA), and cDNA was then diluted to a final concentration of 800ng/μl of total cDNA. 250 

 251 

Real Time quantitative PCR 252 

Using the computational annotation of the TFs and transcription regulators (TRs) of 253 

P. infestans [62] and based on microarray and transcriptome studies [18, 54, 63], we 254 

determined a set of TFs that were significantly overexpressed in the interaction P. infestans 255 

- S. tuberosum. Initially, we performed a significance microarray analysis (SAM) to determine 256 

the set of differentially expressed genes in the available microarray experiment from Cooke 257 

et al (GEO accession: GSE33240) [54]. We selected the genes with a p-value≤0.05, log2 258 

fold-change (logfc) > 1 and false discovery rate (FDR) ≤ 0.01. We then cross-validated our 259 

results with the transcriptome analysis, chose the TFs that were differentially expressed on 260 

both sets of data, according to the criteria shown above.  261 

We selected 49 genes to analyze a sub-network of the transcription regulation in P. 262 

infestans. These correspond to the Myb, Myb. Related and Top families. The Myb family has 263 

also been suggested to play an important role in the infection process in previous studies 264 

[64]. We designed primers for RT-qPCR using the QuantPrime software [65]. Primers were 265 

selected with an annealing temperature of 60ºC ± 0.5ºC and to span an exon-exon border 266 

to avoid genomic DNA amplification, these were against a cDNA pull of all the sampling 267 

points, primers with unspecific amplification or no amplification at all were discarded, the 268 

amplicon expected size was confirmed in an 1.2% agarose gel (data not shown). Primers 269 

for Actin A, GADPH and Tubulin A, Tubulin B, and WS21 were designed, these genes were 270 

used as reference (normalizing) genes for PCR experiments. Real time quantitative PCR 271 

(RT-qPCR) experiments were performed using SyBRGreen technology using Dynamo 272 
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SyBRGreen RT-qPCR kit (Thermo Scientific, Suwanee, Georgia, USA) according to 273 

manufacturer instructions, in 96-well reaction plates using 1μl of cDNA to a total volume of 274 

10μl for 40 cycles. Expression values were calculated as the relative ratio of expression 275 

compared to the reference gene according to Pfaffl et al [66, 67]: 276 

ratio =
𝐸ΔCt Target

𝐸ΔCt Reference                                                         (5) 277 

Where ΔCt correspond to the difference in Ct values from the control condition (0 hours post 278 

infection) and the treatment (sampling points after infection). 279 

 280 

Results 281 

Inference of Yeast sub-networks 282 

First, we used and compared for accuracy, four network inference methods using in 283 

silico-generated time series expression data from the yeast Saccharomyces cerevisiae. The 284 

analysis showed that SMI and DPC had a higher accuracy than the other two methods (Table 285 

1, Figure 1a & 2). However, the variance of the AUROC was higher for SMI that for DPC. 286 

Additionally when SMI had a high AUROC, it is often under the selection of very small p-287 

value cutoff, which causes a rapid diminishing in the precision as the recall increases (Figure 288 

1b). DPC on the other hand, showed a consistent behavior between the ROC and PR curves 289 

as it recover a high number of true positives at a high cutoff, and precision remained stable 290 

over the PR space.  291 

We then assessed the effect of the predictions over the network topology. We 292 

evaluated two topological measurements of network centrality, i.e., K-coreness and 293 

betweenness, both in the gold-standard and the predicted network. To assess this we 294 

selected DPC inferred sub-networks, as it is the method with the highest performance at a 295 

high threshold. K-coreness was generally overestimated, while betweenness centrality 296 

tended to be underestimated, compared to the metrics computed on the whole real network 297 

(Figure 3). This can be due to the fact that several bona fide edges were omitted from the 298 
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prediction, i.e., they are false negatives, which can decrease the betweenes centrality for 299 

highly connected nodes. The number of false positives although low (Figure 4), can cause 300 

the K-core to increase for certain nodes as its centrality was increased. Thus, these metrics 301 

hint that the inferred network is topologically different from the original network. It was 302 

already presented that in the case of scale-free networks, sub-networks could have a 303 

different topology [68]. 304 

 305 

Network inference/reconstruction from short time series 306 

To assess the effect of the time series length over our reconstruction we attempted 307 

the network reconstruction using time series of length 6, instead of 21. This had a large 308 

impact on the performance of the different methods (Figure 5). All the models showed an 309 

overall decrease in the AUROC measurement. Although for DPC and IOTA the variance 310 

was slightly reduced, the predictive power of the model was severely affected by the length 311 

of the time series, increasing the error in the inferred networks. 312 

 313 

Reconstruction of P. infestans GRN from publicly available expression data. 314 

 Using SMI and DPC we estimated the GNR of P. infestans, from the 589 TFs 315 

annotated in the genome. We were able to establish an interaction with a partner for 525, 316 

yielding a network with a total of 1750 edges. The network showed an average degree of 317 

6.62 and an average path length of 3.35 with a diameter of 7. Newman-Girvam modularity 318 

had a value of 2.59 relatively large for a net with small diameter [69, 70]. Using a Poisson 319 

dispersion [71] test we showed that the networks degree distribution to be in accordance 320 

with a Poisson distribution (Figure 6).  321 

We found 9 TFs to be differentially expressed in the biotrophy stage (0 to 3 days post 322 

infection), and 94 TFs to be differentially expressed in the necrotrophy phase (4 to 6 days 323 

post infection). Among these PITG_11750 and PITG_10768 showed different behavior in 324 

both phases, being up regulated in the biotrophy stage (p-value= 0.0449 log2 fold-change= 325 
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1.683 and p-value= 0.0479 log2 fold-change= 1.781 respectively)  and down regulated in 326 

the necrotrohy stage (p-value= 0.0112 log2 fold-change= -2.121 and p-value= 0.0116 log2 327 

fold-change= -2.037 respectively). Notably all of the TFs that were differentially expressed 328 

in the necreotrophy stage, were down regulated. 329 

 330 

Phylostratigraphic analysis of network properties. 331 

 To determine the age of the nodes of the P. infestans regulatory network and the role 332 

of age in the topology, we assessed 6 phylostrata for the P. infestans genome. Phylostrata 333 

I and II contained one TF each, phylostratum III contained 360 TFs, IV contained 52 TFs and 334 

V and VI contained 105 and 6 genes respectively. Figure 7 shows the variation in K-coreness 335 

and degree according to each phylostratum. We found that coreness had a high value in the 336 

old phylostrata and then suddenly decreases and remains stable through the evolutionary 337 

history of Phytophthora. Degree on the other hand showed a fluctuating behavior, in the 338 

branching of Eukarya it increases and shows a decrease in the latter phylostratum. However 339 

as the divergence of Phytophthora takes place, a sudden increase in degree is shown, with 340 

a major decrease in the genes belonging to P. infestans. Network coreness has a different 341 

behavior however, as has a higher values in the first two phyostrata and the decreases in 342 

the branching of SARA group. The latter strata does not show any changes in the coreness 343 

values.  344 

P. infestans regulatory sub-network inference from q-RTPCR data 345 

The expression profile of 14 genes of P. infestans (Figure 8), in its interaction with 346 

Col2 and Col3 varieties, was used to reconstruct the regulatory sub-network in both cases. 347 

Our reconstruction shows that under infection over a susceptible cultivar (Col2) several 348 

interactions are identified, however the average degree (1.875) increased in the Col3 349 

reconstruction, these sub-network depicted no interaction for genes PITG_14634 and 350 

PITG_10311 with the other elements (Figure 9), in this network PITG_19362 and 351 

PITG_16114 are depicted as an isolated component whereas in the Col2 network show a 352 
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link with PITG_11647 (p-value = 0.0467). Genes PITG_01528 and PITG_03670 show no 353 

interaction with other components of the network in both reconstructions. 354 

 355 

Discussion 356 

In the study of GRNs it is important to assess inference methods that can behave 357 

consistently with versatile sets of data. We have shown that inference methods currently 358 

used, are sensible to the length of the time series used, and this should be taken into 359 

account, as this can have several effects on the analysis and the predictions derived from it. 360 

These issues could be addressed by the use of hybrid methods that increase accuracy of 361 

the predictions without an excess of data [36], as well as the combination of low cost raising 362 

strategies for detection of regulatory elements such as FAIRE-seq [72]. Conclusions of our 363 

analysis should be heavily scrutinized. However under careful inspection, inferences derived 364 

from network reconstruction can be faithful related to several biological contexts. We have 365 

formulated several hypotheses of the phenotypic qualities and evolutive history of P. 366 

infestans based on its GRN. These can be seen when crossing the topological information 367 

of the networks with the divergence events of the pathogen evolutive course. It is, however, 368 

still necessary to keep developing research on this field and develop new methods that can 369 

adapt to different types of data. Especially in the study of plant–pathogen interactions as 370 

several organisms are sampled at once. The analysis of the transcription regulation in an 371 

evolutive context shows that topology of the network is a feature closely related to lifestyle 372 

and that through its study, several clues of an organism life history can be extracted. 373 

We showed that the ROC and PR spaces were consistent for the DPC inference 374 

method, but far from satisfactory. However, in some sub-networks, AUROC can be as low 375 

as 0.85 and even lower in small time series, e.g., 0.75. Low performance on GNW 376 

benchmarks has been reported for perturbation datasets, due to small effect of perturbed 377 

nodes and highly noisy data [39]. In large scale network reconstructions, the multiple effects 378 

of several genes cannot be accounted for by DPC. Biological datasets often provide a limited 379 



16 
 

set of time points that are highly spaced in time, and poor performance of inference 380 

methodologies could severely affect the analysis derived from these reconstructions [27, 30, 381 

68]. Major changes in the sub-network topology due to poor inference, can bias studies 382 

towards false conclusions [68]. However, predicted interactions have high accuracy as 383 

shown by PR curves, this fact can be used to detailed study of particular interactions. 384 

Time series expression data vary over time and within the biological samples as well 385 

[73]. This property of longitudinal data can be considered as a bi-dimensional distribution. 386 

Neither DPC nor SMI consider this feature on their estimation, probably causing high 387 

variance of the AUROC values especially for SMI. As mutual information considers the 388 

conditional entropy of the variables in the dataset it is important to consider how this variable 389 

changes over the time domain [74]. This indicates that the distribution of variables over 390 

multidimensional spaces can also be an important feature to consider when modeling this 391 

type of interactions, and should also be included in methodologies such as DPC. 392 

Evaluation of the inference methods is achieved by taking into account the ROC and 393 

PR curves [36, 75]. However, importance of changes in network topology, due to sampling 394 

effects and errors in edge inference, are to be considered as well in the evaluation of 395 

methods for network reconstruction [68]. Some topology measurements are more prone to 396 

error than others. This was seen in the case of betweenness centrality which has a higher 397 

rate of overestimation compared to K-coreness (Figure 4). This suggests that some 398 

measurements have more robustness to the inference method used, and that analysis 399 

should be carried out taking these into consideration. 400 

 Our inference of the GRN of P. infestans showed a topology consistent with a small 401 

network [2, 3, 35]. This was confirmed by comparison with a random network according to 402 

Erdos-Reyni model [2] (degree = 6.5 diameter 16 average path length=7.5). Although the 403 

network only included a total of 527 nodes, it has been predicted that P. infestans can have 404 

up to 589 predicted transcription factors [62]. This difference can be caused by both failure 405 

to infer the edges of this nodes, and a misclassification of these as transcription factors. 406 
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However the lack of connection of these components can also be due to the fact that these 407 

genes did not show significative changes in the time series, this could be due to the fact that 408 

microarray experiments have a poor dynamic range to evaluate the gene expression in most 409 

cases [76, 77], therefore relationships of these with the other regulatory elements of the 410 

network, could not be addressed by our method. To evaluate this issue it would be necessary 411 

to test the model under a different scenario, such as other stages of the life cycle of the 412 

organism, although for other stages of the life cycle (e.g. sporulation, zoosporogenesis, 413 

mycelium) data x available [78] this comes from cross-sectional studies which cannot be 414 

analyzed by the methods shown in this study. It is also possible that the regulatory functions 415 

of these genes are regulated in a context that are not exclusively dependent of other TFs.  416 

Animal decisions are modulated by changes in hormone level and preferential 417 

activation of neurological components [79]. The changes in life style in the cycle of P. 418 

infestans such as the activation of different sets of genes during the change of biotrophy to 419 

necrotrophy, could be understood as GRN rewiring under environmental context. The fact 420 

that TFs were down regulated during necrotrophy phase could be indicating, that this stage 421 

does not rely on the activation of a network component, but rather it could be allowing the 422 

expression of necrotrophic proteins that were negatively regulated by transcriptional control, 423 

an example of this can be seen with the SNE1 protein which acts as a suppressor of cell 424 

death inducing proteins in P. infestans [80]. The behavior of PITG_17750 and PITG 10768, 425 

showed an antagonistic feature of both cycles, This antagonism of expression between the 426 

two phases has been proposed to be key in the switch between them [17, 80]. 427 

 In a more general sense, natural selection process favors decisions made by species 428 

over long periods of time, over events of divergence organisms build their own history and 429 

differentiate from other by “evolutive decisions”. The GRN of P. infestans describes a very 430 

interesting behavior along the evolutive history of this organism. Analysis over degree and 431 

K-coreness showed a variable behavior over the different phylostrata: the genes orthologous 432 

to basal Eukaryotes have a higher degree than the ones originated in the first phylostratum 433 
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(i.e orthologous to Archea & Bacteria). Conservation of regulatory interactions changes in a 434 

step-wise manner over time [81], novel TFs of eukaryotes are likely to regulate eukaryote 435 

genes as the regulation mechanism are different from those of Bactria and Archea,  [82, 83], 436 

therefore genes on the first phylostratum are unlikely to gain ore interactions rather than 437 

loose [81]. However K-coreness showed a high value in the genes related to this clade 438 

(Phylostratum I) and this is maintained over the second phylostratum. The latter decrease in 439 

coreness of the nodes, could describe a preferential attachment model: in this model the 440 

nodes that are incorporated to the networks bind to a highly connected node [2, 5]. Thus, 441 

the more recent genes (Phylostrata III-VI) are expected to decrease the average number of 442 

connections, consistent with the reduction observed in the branching to SARA from the other 443 

eukaryotes and as well for Oomycetes. K-core had also a lower value for the Phytophthora 444 

genus. However the expected degree distribution for a preferential attachment model is a 445 

power law distribution [2, 84, 85] and our reconstruction showed a Poisson distribution. This 446 

could be due to the size of the network, as the model predicts nodes with infinite degree [1–447 

4, 35]. This distribution could be partially power law as highly connected nodes are sparse 448 

and low connected nodes are abundant. The changes of degree observed in the appearance 449 

of the Phytophthora clade could be related to a particular selective pressure over regulatory 450 

functions associated to the life style cues [86]. The rapid diversification of P. infestans shows 451 

that population sizes are highly variable and several bottleneck have occurred over the life 452 

history of this organism [86, 87]. This could also indicate that a non-adaptive process such 453 

as genetic drift could be influencing network topology [23], explaining why in other scenarios 454 

such as the mitochondrial old genes tend to have higher centrality that novel genes [20]. 455 

Our sub-network of the TFs of P.infestans in its interaction with S. tuberosum group 456 

phureja yielded a network that showed several differences among the different varieties 457 

studied. Col 2 sub-network had more connected elements than Col3 sub-network. This could 458 

be suggesting that regulatory functions have host-characteristics dependent variation, thus 459 

a larger rearrangement of the network could be taking place. However, this large 460 
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rearrangement was not seen due to the low sampling of the regulatory elements. The shared 461 

elements of both networks indicate that particular elements of the regulation are responding 462 

independently of the host, but under certain environments, this regulation can change. In 463 

comparison with our microarray-based reconstruction, these elements could be showing that 464 

a component of transcription regulation is necessary for the infection process to occur. 465 

Indeed, in the microarray analysis a large fraction of the TFs (83%), did not show major 466 

changes in the expression levels. qRT-PCR is considered to be the gold-standard of gene 467 

expression analysis, and can measure a more dynamic range of changes in gene expression 468 

[67, 88], additionally as the length of the time series heavily influences the sensitivity and 469 

specificity of the network inference, a collection of 6 time point presents several advantages 470 

in the inferences when compared to the microarray data, we highlight the importance of 471 

extending the number of samples genes ti better assess the topology of the network and 472 

associate with biological phenomena if different physiological states such as different hosts. 473 

Transcription regulation can give insights of an organisms physiological responses 474 

as well as the long time process of evolution. Phenotypic responses can be seen as 475 

decisions taken by the organism in a particular context, in animals the brain and particularly 476 

the Gyrus Cinguli are in charge of these functions [79]. In oomycetes this function could be 477 

addressed by transcription regulation. We have shown that a negative regulation may be 478 

responsible for the control of the activation of genes in charge of necrotrophic processes, 479 

and a large fraction of the GRN is devoted to this function (16%). Antagonistic function can 480 

also be responsible for maintaining balance of certain modules of genes [17]. However as 481 

seen in the interaction of P. infestans with Col2 and Col3 varieties, there are possibly some 482 

components that need constant regulation in order to carry on with a complex process such 483 

as infection. Therefore decisions would not only be accounted by network rewiring but also 484 

to conserved components as well. In an evolutive perspective, this type of study can provide 485 

hypotheses of the organization and assembling of these GRNs as well as the selective 486 

pressures that lead to them. Gene duplication is the most common form of novel gene 487 
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appearance [57], new genes inherit the connections from old genes, and over selective 488 

events of the regulatory region, old genes tend to gain more connections that new genes 489 

which only have the inheritance passed to them [21]. It is important to point out that other 490 

variables can affect network topology [23], and that coupling network inference with 491 

population and genetic studies could show how networks reshape upon different conditions. 492 

 493 
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Figures and tables 709 

Method Lag step 
p-Value 

Threshold 

p-Value 

Correction 
AUROC 

IOTA NA 0.15 FDR 0.85 

Directed Partial 

Correlation 
1 0.34 FDR 0.66 

Directed Partial 

Correlation 
2 0.26 FDR 0.74 

Directed Partial 

Correlation 
3 0.09 FDR 0.91 

Shifted Mutual 

Information 
1 0.42 

FDR 0.58 

Shifted Mutual 

Information 2 
0.35 

FDR 0.65 

Shifted Mutual 

Information 3 
0.32 

FDR 0.68 

Granger 

Causality 1 
0.39 

FDR 0.61 

Granger 

Causality 2 
0.38 

FDR 0.62 

Granger 

Causality 3 
0.35 

FDR 0.65 

 710 

Table 1. Network inference methods over long time series. In order to determine the Yeast network from time 711 

series expression data, several methods were implemented, some methods rely of shift over time the lag-step 712 

is shown for several of these, the significance values are estimated and set under a threshold for each method 713 

based on the area under the Receiving Operating Characteristic (AUROC) values, correction of these values 714 

was applied using Benjamini–Hochberg correction (FDR), the relative performance of these as measured in the 715 

AUROC is shown.  716 
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 717 

Figure 1. Receiving Operating Characteristic and Precision-Recall curves for the different estimation methods 718 

using 21 time points time seires. A) The performance of the different network reconstruction methods is 719 

evaluated based on the ROC curve, true positive rate (TPR) plotted against false positive rate (FPR) using a 720 

variable cutoff of 0.01, shifted mutual information (SMI) and directed partial correlation (DPC) show better 721 

performance compared to Granger causality and inner composition alingment (IOTA), this is confirmed by the 722 

PR curves B) PR curve shows prescion and recal over a variable cutoff of 0.01. DPC and SMI show the high 723 

level of confidence to recover the positive edges of the network.  724 
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 725 

Figure 2. Distribution of AUROC values for the different inference methods used in in silico generated long 726 

time series (21 time points). A) Granger causality mean = 0.649 variance = 0.001  B) SMI distribution  mean = 727 

0.629 variance = 0.005 C) DPC mean = 0.914 variance = 6.3*10-4   D) IOTA.  728 
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 729 

Figure 3. Differences in topology for the prediction and gold standard networks of S cerevisae using DPC over 730 

a 21 time points time series. A) K-core measurements for the gold standard and the prediction network, the 731 

predicted network over estimates the coreness of several vertices. The omission of edges leads to higher 732 

fragmentation of the network and over decreases the robustness of it. B) Betweenness centrality for the gold 733 

standard and the prediction network, over representation of node betweenness for several nodes is shown due 734 

to the presence of false positive interactions and the misclassification of edges as false negatives   735 
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 736 

Figure 4. Similarities between predicted and gold standard networks for S. cerevisae using DPC over a 21 time 737 

points time series. 22 false negatives (blue) appear only in the gold standard but are ignored by the prediction 738 

and 299 true positives (green) and 15 false positives (red).  739 



34 
 

 740 

Figure 5. Distribution of AUROC values for the different inference methods used in in silico generated short 741 

time series (6 time points). A) Granger causality mean = 0.499 variance = 9.8*10-4   B) SMI distribution  mean 742 

= 0.530 variance = 0.024 C) DPC mean = 0.730 variance = 3.9*10-4    D) IOTA.  743 
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 744 

Figure 6. Phytophthora infestans regulatory network. The regulatory network (A) composed of 525 TFs and 745 

1750 interactions (grey lines), estimated from microarray data time series using DPC with a seven points time 746 

series, green dots represent genes differentially expressed in biotrophy phase, red dots represent genes 747 

differentially expressed in the necrotrophic phase, black dots represent genes with not significative change on 748 

the microarray analysis using SAM. The degree distribution is in accordance with a Poisson distribution (B). 749 
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 750 

Figure 7. Phytophthora phylostratigraphic map for the networks topology using DPC reconstruction. 20 751 

genomes were used to compare the genome of P. infestans each genome is associated to a phylostratum. 752 

Orthologous relationships are determined using OrthoMCL, gene with common ancestry are considered to 753 

have arisen before the divergence of the groups in which the genomes are been compared. 6 genomic 754 

phylostrata corresponding to phylogenetic internodes (lower panel) are bordered by vertical grids that denote 755 

sets of Phythopthora founder genes. In each phylostratum the average degree and K-core centrality are shown. 756 

Fluctuations in the degree of the network are observed in the evolutive history as very the first genes to appear 757 

are low connected, but the in the branching of eukarya the connectivity rises, to decrease again in the 758 

oomycetes taxa. Genes exclusive to Phythopthora genus are also highly connected. K-core shows a different 759 

behavior as the ancestral genes have high coreness while recently derived genes tend to have low coreness 760 

with low variation along evolutive history. 761 
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 762 

Figure 8. Expression profile of PITG_02143 in comparison to Actin as a reference gene. Expression levels are 763 

measured as relative expression to the pathogen growing in culture medium. Six points of time are depicted. 764 

Not significative changes are observed in the expression levels of actin. 765 

  766 
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767 

Figure 9. Regulatory network of P. infestans for the cultivar Col2 and Col3. The GRN was obtained from time 768 

series expression data acquired by RT-qPCR experiments over 6 time points during the interaction of P. 769 

infestans with S. tuberosum group phureja, using DPC and a p-value threshold of 0.09 Interactions for 14 770 

nodes are shown, Shared edges between Col and Col3 sub-networks are shown in green, edges exclusive of 771 

Col2 are shown in black and edges exclusive of Col3 are shown in red, 2 nodes are seen as isolated in both 772 

networks (red).  773 
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Supplementary data 774 

Transcript 

identifier Forward sequence Reverse sequence 

PITG_14401T0 CCGTAACAACAGCAACAGGTTCG ACTTCGCTCGCTTCCACTCATC 

PITG_05989T0 ACCCGAGCATCAACAAATCACC TCCGTACGTCCAGGCAACAATTC 

PITG_19851T0 GATAGCCGATAACCAGCAGCAAGC TCTTGCAACAACGCCTGCAGACTC 

PITG_04464T0 AAAGAACGCACCCGTTGTTCAC GAACTCTCCGAGTTTCCAGCAC 

PITG_08960T0 TGAAAGGCAAAGGGACGTGGAC CAGGTAAGAACGCAGCAACCTC 

PITG_13032T0 TGTCACCAGGTCCATGCCAAAC TCTCTTCAGAGCGGGTCGAATG 

PITG_14420T0 CCAACACCAACGTTGCACACAC GAGGAGATTGTCATGGTGTTTGGG 

PITG_00988T0 CACTAAACTGCCTGGCCGTAATGG TCAAGCTGGTTGTGCCACCTTTC 

PITG_00513T0 AGGCCAAGTCCATTTCGCCAAC AAGCGGTCATGCTCCTCCAAAG 

PITG_16114T0 ACAGCAGGCTGCGCATATCTTG AGAATCCTTTCCGTTTGCCGTAGC 

PITG_01056T0 GCAAGAGGAACGGAGTCAATGG AAGAACTCAGCCACTTGCTGCTC 

PITG_13133T0 CGTCTATCTCAGACTTCGGCAAGC TCTGTGAACACACGCTTGTTGG 

PITG_21561T0 AAGGGCCCTGGAAAGCCATTAC CTGTGCGTGGGTTTGAACTTGG 

PITG_08755T0 ACAACGCGATCAAGAACCGCTAC CGCTTGTAGAGGTCTCGGACATTG 

PITG_05990T0 AACAGCATTCCCGGACGAACTG ACTTGGGTCCAATCGGTTTCGC 

PITG_11731T0 CATGACCCATGCGCAGAAATATCG TTCTTCTGGTTGCGCAGAACGC 

PITG_12749T0 TCACCTGTGAGCCAAACGAGTG AAGCGAGCGTGTTCGTCTTCTG 

PITG_17559T0 CTTGCTCGCTGCATGCAAAGTC TGTTCCACTGTAATGCGGTTGGG 

PITG_06748T0 ACAGCCAGAACGAGACCTTTGAC TGTAGTTGCCAGGCTGTTGACG 

PITG_01528T0 ACGTGCTCGAGTCGTTAATGGTG TGATCACGCAACAGCTCCAAGC 

PITG_08697T0 ATTGCGTCGTCCTGAGCTTTCC CCGATGAAACCAGTTGGAAGCG 

PITG_00038T0 TTATCGCTCAGCAGCTCAAGGG TCGTCCGCGCATTAATGATTTCC 

PITG_19361T0 TACGCAAGCTCCCAGTGTCTAC TCAACACGCTTGGGTCGATCTTG 

PITG_17567T0 AAGCACGGCATTTGGTCCGAAG ACCGCGAGGAAACTCCTTGATG 

PITG_03670T0 TTCACGGCCACAAGTGGAAACG TGCGTGTGTGCGTACTTGAGTC 
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PITG_20209T0 TTGACTTCGCGGAGGACAAAGC TAGAAGCGAGGGTCTGGTCAAC 

PITG_19153T0 AAGATGACGTCAAGTGCGCAGAG AGCCATCTGAGCGGATGTGTTG 

PITG_19362T0 GAAAGGACCGAGGGAGAGAAGAAG AGTTGCATTTGCAGCCCTCCTC 

PITG_02143T0 TCCAAGCACTCGCTTCACCATC TTGGTCGGAAATGGCCATCGTG 

PITG_11562T0 ACATCGCTGCAACAGGAACAGC AACTCCTGCTGGACGCTTTGTG 

PITG_11710T0 AGCACGAACTCGACATGCTTGG TGCATTAGCATTTGCATGGTTGGG 

PITG_11223T0 ACTGCAAGTGATCCGCATCGAG AGACGCTGGTGATGCCTTTGTC 

PITG_08410T0 ATCGCCCAGTTTACGTCTGTGC TCCACTTCACCCGTTGCCAAAC 

PITG_14400T0 ACCCGCAGATGACCTTAATCCC AGGCATGAAGCACCCGTGAAAG 

PITG_17552T0 CACAACCTCGACAGACAGTGAC ACTGAACGACAGTGAAGAATGCG 

PITG_05317T0 AAGCTCAAGTTGCTGCCAAAGC GATAACACTCGCGAACCAACGC 

PITG_14364T0 TCGGAGTTCAGCCAATTGAGCAC TCCATGAGGAAGTCCATGGAGCAG 

PITG_00514T0 ATTGCAGCCCTTTGGAACCG TTCCTGCACGTCTTGTCGGTAG 

PITG_05595T0 TGACAAGTCTTCGCCCGAGTTC AGGTGAAGCGTCCGACAAGATG 

PITG_11647T0 TCCGACGCTGATTCACTTCCATC TCAACTTGTCGTGGCGGTGTTG 

PITG_10311T0 CATGCCTTAACGCACGTTTGCC AACGCATGGCGTGACCTTTACG 

PITG_10310T0 TGGGATCAGCAAAGACGACCTC TGGGAATTCGCCCGAATCACTG 

PITG_19607T0 ACGAAAGCGTTCAGTGTCATTCC ATGGCATCTCGGTTTGCAGTGG 

PITG_10768T0 GCAAGCGATTTAGCACGTCTGG TACGCATCGCATGGAGCTTTCG 

PITG_00982T0 ACGGAATGGTTCTGCAACGAGTG ATCAAGCTTGGCGCATTTCAGG 

PITG_02520T0 TGGCTGTCATCCACTCGAACTC GTTGCCACGTATTCACCTCCAG 

PITG_07109T0 TCGCACGAGTTGCAGTTGAATG ATTCCAGCGAAACGTCCTCCTC 

PITG_01850T0 ACCCTGAGCTGGTGTTTAGCAG TCCACTCATCGCAGTTGTGGAC 

Supplementary Table 1. Primers used for the RT-qPCR experiments. 49 primers were designed for real time 775 

PCR experiments, 28 of these span in exon- exon border to prevent amplification of genomic DNA. 776 


