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ABSTRACT 

 

Magnaporthe oryzae, the rice blast fungus, plays a role as a model organism in 

the area of molecular plant-microbe interaction research, and its pathogenic and signaling 

pathways in appressorium development were well understood. As multi-omics data being 

available, several genomic-level researches have been conducted to uncover the 

biological process underlying the pathogenesis of this fungus. Genome-wide research of 

protein-protein interaction (PPI) network is one of the useful research methods by which 

can lead to better understandings of signaling and regulatory pathways, but existing 

biological network resources of M. oryzae were not sufficient for researches on fungal 

plant pathology. In this study, PPI network analysis platform of M. oryzae, MagNet was 
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constructed with three methods: homology-based ‘Interolog’ search, co-expression 

network construction, and domain-domain interaction based prediction. Interologs within 

proteins which have orthologs in model species were predicted with six PPI repositories. 

Co-expression networks were built with RNA sequencing data from the infection stage 

and those from the vegetative stage. In addition, we used the information of interacting 

domain pairs to extract 3,121,109 interactions within 6,226 proteins. With three 

approaches all together, the pan-network with 5,600,976 interactions was generated 

including highly confident 215,731 interactions found in >3 subnetworks. Experimental 

results on M. oryzae PPIs demonstrate that our highly confident PPI network can predict 

PPIs with higher sensitivity (89.65%) and specificity (78.57%) compared with the 

previously constructed databases. MagNet provides integrated biological network data 

which can help to understand the pathogenic mechanisms of plant fungal pathogens. 

 

Keywords: protein-protein interaction (PPI), Magnaporthe oryzae, interolog, domain-

domain interaction (DDI), co-expression network 
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INTRODUCTION 

 

Proteins are social molecules. Since a biological process is not arbitrarily driven 

by a single protein, understanding the total protein-protein interactions (PPIs) in a cell has 

become an important challenge in the post-genomic era. Network-based research is needed 

to find out what is happening in a cell beyond identifying what is present in the cell. 

However, mapping the total interaction of proteins in an organism that is known as an 

interactome is a labor-intensive and time-consuming work. Total possible combinations of 

binary interaction of proteins are hundreds of millions and it is almost impossible to check 

the entire interactions with experimental methods such as yeast-two-hybrid or bimolecular 

fluorescence complementation. As an alternative, computational prediction methods are 

widely adopted in construction of genome-wide PPI networks.  

For computational prediction of interactome, various types of genomic data such 

as evolutionary relationship, 3D protein structure, genomic position, domain, and primary 

protein structure have been used in PPI prediction (Pitre et al., 2008). Among these 

methods, searching interaction-ortholog (interolog) is one of the general in silico methods 

to predict unrevealed PPI network. The presumption applied to this method is that if a pair 

of proteins in one organism interact with each other, the interaction between the 

homologous pair of the proteins in another organism is likely to be conserved due to the 

similarity of protein properties. STRING (Search Tool for Recurring Instances of 
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Neighbouring Genes) (Szklarczyk et al., 2015) is a well-known database of predicted PPI 

constructed with interologs search methods. The other majorly used method in PPI 

prediction is the identification of domain-domain interactions (DDIs). The DDIs data can 

provide useful clues for deciphering PPI and databases including DOMINE (Yellaboina et 

al., 2011) and IDDI (Integrated Domain-Domain Interaction anaylsis system) (Kim et al., 

2012) were constructed for utilization of DDI information.  

In plant-microbe interaction, PPIs play a key role in both the process by which 

plants recognize the surface of pathogens and the process by which pathogens modulate 

the plant defense response (Staskawicz et al., 2001). Due to the importance of PPIs in plant 

pathogenesis, PPI databases have already been created with the proteomes of plant  

pathogens including Fusarium graminearum (Zhao et al., 2009), Magnaporthe oryzae (He 

et al., 2008) and Ustilaginoidea virens (Zhang et al., 2017). In wheat head blight fungus F. 

graminearum, the prediction of pathogenic genes was conducted by analysis of sub-

network of PPI network which built upon pathogenic seed genes (Lysenko et al., 2013). 

 M. oryzae is a fungal plant pathogen which causes blast disease on monocot 

crops. Rice is the major host of this fungi, and it causes severe loss of rice harvest. Not only 

can the fungus damage rice production, but also is able to infect the heads of wheat raising 

wheat-blast outbreaks globally (Sadat and Choi, 2017). In addition to the severity of the 

rice blast disease, the availability to culture and carry out genetic experiments makes M. 

oryzae a model phytopathogen for understanding molecular plant-microbe interactions.  

M. oryzae penetrates the host cell with a dome-shaped specialized infection 
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structure called an appressorium. Appressorium development is induced by surface sensing 

mechanisms and the melanization of appressorium is essential to create enough turgor 

pressure for penetration of plant cell (Hamer and Talbot, 1998). Genetic researches revealed 

core components of signaling pathways that connect mechanosensing system to 

appressorium differentiation with regard to cell wall remodeling and an increase of solute 

concentration, suggesting that the protein-protein interactions (PPIs) in cAMP-dependent 

pathway and MAPK cascade signaling are known to play key roles in the appressorium 

formation (Ebbole, 2007). As the genomic sequence of M. oryzae is available (Dean et al., 

2005), researches on the pathogenesis of the fungus are underway at multi-omics levels 

(Franck et al., 2015; Gokce et al., 2012; Kim and Lee, 2012) as well as functional genetics 

approach through targeted gene deletion and disruption. The whole set of PPIs is also one 

of the major research target for omics level studies, and two predicted databases, MPID 

and STRING have been created for M. oryzae PPIs. However, both databases were 

constructed only with the methods for searching interologs, which makes it difficult to find 

M. oryzae species-specific interactions. 

Here, I provide improved PPI network of M. oryzae. I made an integrative 

prediction using multiple databases and multiple methods in an integrative way, and 

constructed a high-confidence network of M. oryzae genes, MagNet. I also verified the 

network with computational simulations and experimental evidences from previous 

researches. With MagNet, I obtained systemic understanding through clustering the 

network and overlapping of existing data.  
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MATERIALS AND METHODS 

 

Sequences and functional annotation data for Magnaporthe oryzae 

Protein sequences and functional annotation data of M. oryzae were downloaded 

from Magnaporthe comparative database (Magnaporthe comparative Sequencing Project, 

Broad Institute of Harvard and MIT (http://www.broadinstitute.org/)). Gene Ontology (GO) 

annotation is a way of functional annotation with standardized term, and GO annotation of 

M. oryzae proteins were downloaded from Gene Ontology Consortium (Meng et al., 2009). 

 

Construction of the PPI network 

Integrated gene network was built through three methods: Homology-based 

protein interaction prediction, co-expression, and domain-domain interaction (DDI) based 

prediction (Figure 1). The integrated network was named “MagNet” and visualization of 

the network was conducted with Cytoscape v3.4.0 (Shannon et al., 2003). Parameters of 

the constructed network were calculated with NetworkAnalyzer plugin (Assenov et al., 

2008) included in Cytoscape. 
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Figure 1. Schematic overview of construction of multiplex network of M. oryzae. Three 

main methods were used to build MagNet database; Homology-based “Interolog” search, 

DDI-based prediction, and co-expression network. In “Interolog” finding, M. oryzae 

homologs of interacting protein pairs from fungal PPI databases were found with 

Inparanoid 4.0. BioGRID, DIP, MINT, PINA, and INTACT were used as PPI repositories 

and the interacting proteins are mainly from Saccharomyces cerevisiae. M.oryzae proteins 

were uploaded to JiffyNet and predicted interaction network was generated based on 

M. oryzae 
genes

M. oryzae 
Amino-acid
sequences

Yeast PPI 
databases

MPID

RNA seq 
data

(Infection)

MagNet

STRING
(M.oryzae)

JiffyNet

DOMINE

IDDI

RNA seq 
data

(Mycelia)

CX-IF

CX-MY

Inparanoid

Pfam HMM 
model 

annotation



6 

 

template networks of model organisms; Escherichia coli, S. cerevisiae, Caenorhabditis 

elegans, Homo sapiens, Arabidopsis thaliana and Oryza sativa. Pfam IDs of M. oryzae 

proteome were downloaded from UniProt, and domain interaction data of DOMINE and 

IDDI were applied to predict PPIs by DDI-based prediction. I used in-house and public 

RNAseq expression data of M. oryzae to build co-expression network, and two network 

was generated based on time-series expression data during the infection stage and 

expression data during the vegetative growth. Integrated network was named as MagNet, 

and validated with literature evidences and computational simulations. 
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Homology-based prediction 

“Interolog” is a putative interaction between two proteins whose homologs are 

proved to interact each other in other species. Databases containing fungal PPIs which are 

experimentally validated were used to find interologs in M. oryzae; DIP (Xenarios et al., 

2002), MINT (Licata et al., 2012), PINA (Cowley et al., 2012), INTACT (Kerrien et al., 

2007), and BIOGRID (Chatr-Aryamontri et al., 2015). While fungal PPI data of BioGRID 

derives from five fungal species; Aspergillus nidulans, Candida albicans, Neurospora 

crassa, S. cerevisiae, Schizosaccharomyces pombe, and Ustilago maydis, PPIs in the other 

databases comes from S. cerevisiae. Fungal proteins of six species were imported to 

Inparanoid4.1 (Remm et al., 2001), and their orthologs of M. oryzae were found. Among 

the potential orthologs predicted by InParanoid, only the protein of which score is 1.000 

were applied to find interologs.  

JiffyNet (Kim et al., 2013) is a web-based tool for construction of homology-

based PPI network which founds interologs of uploaded protein sequences. JiffyNet uses 

orthologs of uploaded proteins in model organisms with Inparanoid algorithm and 

identifies interactions of query proteins based on six template networks; EcoliNet (Kim et 

al., 2015), YeastNet (Kim et al., 2014), WormNet (Cho et al., 2014), HumanNet (Hsu et 

al., 2011), AraNet (Lee et al., 2015a) and RiceNet (Lee et al., 2015b). Proteome of M. 

oryzae genome version 8 was uploaded to JiffyNet web server and interologs were found.  
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Domain-domain interaction 

Using the information of M. oryzae proteome stored in UniProt, I assigned Pfam 

domain to M. oryzae proteins and verified it with the Interproscan version 58 (Quevillon et 

al., 2005). DDI information was downloaded from two databases: DOMINE and IDDI. 

DOMINE contains DDIs observed in PDB entry and predicted DDIs, and was used in PPI 

prediction of N. crassa (Wang et al., 2011). DOMINE is composed of two DDI databases 

and 13 predicted DDI databases, and IDDI added 10 databases including databases used in 

DOMINE. DOMINE contains 26,219 DDIs in 5,140 Pfam domains, and IDDI contains 

204,705 DDIs in 7,351 Pfam domains. 

 

Co-expression network 

If the expression patterns of the two proteins are similar, the two proteins are 

likely to interact with each other because they tend to co-exist at the same time as they are 

controlled by the same regulation mechanism. The average degree of co-expression 

between protein pairs has been used as a measure of PPI network accuracy. However, in 

this research, co-expression was used as a prediction method for finding putative 

interacting protein pairs. Based on the disease cycle of the fungi, two co-expression 

networks were generated; one network based on the expression profile of the infection stage 

in planta RNA-Seq and the other with the expression profile during the vegetative growth 

stage. For the co-expression network of the infection stage, expression profiles of KJ201 

(in-house data) and 98-06 (Dong et al., 2015) were used and each profile consists of five 
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time points. RNA-Seq data during mycelial growth, which was used as control during the 

experiment, was downloaded from the Gene Expression Omnibus (GSM752000, 

GSM1072034, GSM1375971-3 and GSE51597) and another co-expression network was 

constructed with the data downloaded. 

Co-expression network of each stage was constructed with 

ExpressionCorrelation plugin in Cytoscape. Pearson correlation coefficient (PCC) was 

used as a measure for co-expression, and PCC cutoff was set to 0.903 for the infection stage 

co-expression network and 0.846 for the vegetative stage co-expression network 

corresponding to p-value 0.001. Pairs with negative PCC were discarded.   

 

Validation of Predicted PPIs 

To assess the confidence of the predicted PPI network, 97 PPI experimental 

evidences of M. oryzae were collected from 17 references (Chen et al., 2008; Choi et al., 

2009; Cui et al., 2015; Ding et al., 2010; Jacob et al., 2015; Kulkarni and Dean, 2004; Li 

et al., 2010; Liu et al., 2010; Mehrabi et al., 2008; Park et al., 2006; Qi et al., 2012; Yin et 

al., 2016; Zhang et al., 2011; Zhang et al., 2014; Zhao et al., 2005; Zhou et al., 2012; Zhou 

et al., 2011). Results of yeast two-hybrid, affinity purification, bimolecular florescence 

complementation, and co-immunoprecipitation were compared with predicted PPI 

databases constructed in previous researches; MPID and STRING, and MagNet from this 

research.  

Addition to literature-based validation, assessment of MagNet was conducted via 
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two computational experiments. Firstly, confidence of each method used to construct 

MagNet was tested with the intersection of MPID and STRING. Secondly, shared GO 

terms of proteins were identified. As proteins of similar biological functions are likely to 

interact, interacting protein pairs tend to share more specific biological process involved or 

molecular function than non-interacting pairs. I compared shared GO term depths of protein 

pairs in MagNet with those of pairs in random network. 

 

Information of interaction partners 

I used gProfilerR (Reimand et al., 2007) to determine which GO terms were 

enriched in the putative interaction partners of each gene. As an enrichment test parameter, 

the p-value cut was set to 0.05 and corrected through the FDR correction (Meng et al., 

2009). In addition, WolfPSort (Horton et al., 2007) was used to predict the subcellular 

localization information of the interaction partners. 

 

Identification of hubs and clusters 

I found densely connected regions in the high-confidence network with 

ClusterONE algorithm (Nepusz et al., 2012). Only the clusters identified with p-value 

smaller than 0.05 were considered as clusters. Each cluster was named based on the 

WordCloud (Oesper et al., 2011) summary of M. oryzae gene description and GO 

annotations, and GO enrichment analysis of the cluster was conducted with ClueGO 

(Bindea et al., 2009) plugin working in Cytoscape. I also identified hub genes in the high-



11 

 

confidence network with cytoHubba plugin in Cytoscape (Chin et al., 2014). CytoHubba 

calculates 11 parameters of nodes in given network, and I identified hub lists based on the 

parameters. 

 

Sub-network analysis 

Known pathogenic gene list of M. oryzae was downloaded from PHI-base (Urban 

et al., 2015). The sub-network of pathogenic genes was found, and two co-expression 

networks were compared in the pathogenic gene sub-network. Additionally, a sub-network 

was extracted with the list of up-regulated genes during appressorium development (Soanes 

et al., 2012).  

MoHox2, one of the transcription factors which possesses a homeobox domain 

and is indispensable for conidiation, was chosen as a target for additional sub-network 

analysis. I extracted a sub-network of genes predicted to interact with MoHox2 while 

differentially expressed in Mohox2 (Kim and Lee, 2012). I also compared the interaction 

partners of MoHox2, MoHox7, and MoHox8, which are known to regulate distinct 

developmental processes (Kim et al., 2009).  
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RESULTS 

 

Statistics of the integrated network  

In order to increase the coverage of the PPI network compared to existing 

networks and extract the high-confidence network, I merged the networks generated by 

different methods. A total of 826,128 interactions were predicted as interologs, 3,121,109 

interactions as DDIs, and 1,967,109 interactions as co-expression. Interologs and DDIs 

covered 7,138 and 6,226 proteins respectively, and co-expression network covered 10,759 

proteins. The integrated network with a total of 5,600,976 interactions was generated with 

three main methods described above, and covered total 11,734 proteins. The property of 

each subnetwork in MagNet was calculated with Cytoscape plugin NetworkAnalyzer. 

(Table 1) 
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High-confidence network extracted from the integrated network 

Since it is important to identify the putative interaction partners subjected to the experiment, 

I have extracted high-confidence interactions among all the predicted interactions (Figure 

2). The high-confidence interaction was determined with the cutoff of three or more 

interaction evidences because the average number of interaction evidences were 3.88 in 

true positives and 2.54 in false positives in validation with available experimental 

evidences. The high-confidence network covered 217,531 interactions between 6,005 M. 

oryzae genes and the interacting proteins in the high-confidence network had 72 interacting 

partners on average. 
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Figure 2. Global view of high-confidence network of M. oryzae proteins. Interactions 

of MagNet predicted in three or more resources were grouped as a high-confidence network. 

High-confidence network is visualized with Cytoscape 3.4.0. Each circle represents a 

protein and the lines connecting circles mean interactions between proteins. Proteins were 

colored based on the biological processes predicted by assigned GO terms. Sizes of circles 
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were determined according to the number of connected edges. ClusterONE algorithm was 

adopted to find edge-dense regions in the network. Each edge-dense clusters were named 

with Wordcloud result of assigned GO terms and descriptions of clustered genes. MFS 

transporter, Cytochrom P450, and other enzymes were found to be clustered within the 

network. 
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Topologically, MagNet is similar to known biological networks with the power-

law degree distribution (Figure 3). It is consistent with the results of yeast network in which 

a small number of high-degree nodes connect many other low-degree nodes (Albert, 2005). 

Higher average clustering coefficient was observed in MagNet (0.324) than random 

network (0.012) which is consistent to previously constructed PPI networks (Zhang et al., 

2017). Based on the degree of the proteins in the network, twenty most highly connected 

M. oryzae proteins were extracted (Table 2). Hubs consists of proteins that act in post-

translational modification like polyubiquitin, heat shock proteins or kinases. The average 

expression level of hub proteins (6350.8, FPKM) was higher than the average expression 

level of total proteins in the high confidence network (481, FPKM), which shows that hub 

proteins are likely to be essential for the organism.  

Total 5,600,976 protein interactions are saved in the database table format as a 

pair of interacting proteins with the presence/absence vector from sub-networks. The 

subcellular localizations of M. oryzae proteins were predicted with WolfPsort (Horton et 

al., 2007), and the localization profile of the interacting partners of query gene CPKA is 

shown with the pie graph. (Figure 4) 
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Figure 3. Degree distribution of high-confidence MagNet. The degree distribution of 

MagNet follows a power law (y = 2377.1x -1.204, r2 = 0.853) which is a well-known 

characteristic of scale-free networks. In the plot, the x-axis represents the degree of the 

nodes in the high-confidence network on logarithmic scale while the y-axis stands for the 

number of the nodes.  
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Table 2. Twenty most highly connected M. oryzae protein interaction hubs in the high- 

confidence network. 

Locus Protein description Degree 
MGG_06958 hsp70-like protein 1408 

MGG_01282 polyubiquitin 1137 

MGG_11513 heat shock protein SSB1 1108 

MGG_01362 CMGC/CDK/CDC2 protein kinase 939 

MGG_06759 heat shock protein 90 872 

MGG_04660 CMGC/CDK/CDK5 protein kinase 749 

MGG_06044 ubiquitin-60S ribosomal protein L40 741 

MGG_07928 ubiquitin-40S ribosomal protein S27a 708 

MGG_01656 UV excision repair protein Rad23 697 

MGG_04719 guanine nucleotide-binding protein subunit beta-like protein 679 

MGG_01318 deubiquitination-protection protein dph1 669 

MGG_09960 PLK protein kinase 616 

MGG_04905 CMGC/CDK protein kinase 608 

MGG_06320 STE/STE20/PAKA protein kinase 600 

MGG_04943 CMGC/MAPK protein kinase 599 

MGG_14620 CAMK/CAMKL protein kinase 591 

MGG_14773 AGC/AKT protein kinase 582 

MGG_00803 CAMK/CAMKL/AMPK protein kinase 580 

MGG_02503 glucose-regulated protein 576 

MGG_09887 NEDD8 576 
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Figure 4. Interaction partners of CPKA (MGG_06368) predicted in MagNet.  (A) 

CPKA gene encodes the catalytic subunit of cAMP-dependent protein kinase A, and the 

interaction with MGG_07335, the regulatory subunit of PKA, was predicted in 11 

databases out of 13 resources, which is the most. (B) The pie chart at the left bottom shows 

the subcellular localization information of CPKA interaction partners. (C) The table at the 

right bottom is the most enriched GO terms in interaction partners of CPKA, which 

includes “protein phosphorylation” in the biological process and “protein kinase activity” 

in the molecular function.   

A

B C
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Validation with experimental evidences from literatures 

The experimental evidences showed that the high-confidence network of MagNet 

is more precise than the predictions of MPID and STRING (Table 3). The integrated 

MagNet had the most number of true positives in the tested networks. In the 43 true 

positives of MagNet, 8 interactions were predicted only in MagNet; 6 interactions from 

IDDI and 2 interactions from the infection stage co-expression network. MagNet specific 

false positives were also identified and five predictions were from IDDI and one prediction 

from JiffyNet.  

 

Validation with computational methods 

The accuracy of each prediction method used in MagNet was compared using the 

intersection of MPID and STRING. (Figure 5a) As a result, BioGRID and IDDI showed 

good classification results with the intersection of previously created databases, but co-

expression, JiffyNet and DOMINE did not fit to the intersection. However, the combination 

of several methods showed more accurate classification results. As interacting proteins are 

likely to participate in similar biological process, they tend to share more specific biological 

terms. The depth of shared GO terms in protein pairs predicted with MagNet was compared 

to those of randomly generated pairs. The result showed that pairs in MagNet tend to share 

more specific GO terms than randomly generated pairs (Figure 5b). 
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Table 3. Validation with literature evidences 

Parameter MPID STRING MagNet MagNet (HC)* 

True positve (No.) 7 34 43 26 

True negative (No.) 14 9 3 11 

False positive (No.) 0 5 11 3 

False negative (No.) 76 49 40 57 

Precision 1.000 0.872 0.796 0.897 

Accuracy 0.216 0.443 0.474 0.381 

F1 Score  0.156 0.557 0.628 0.464 

*MagNet (HC): High-confidence subnetwork of MagNet which has been predicted with three or 

more evidences 

No false positives were found in MPID, which appears to be due to the small interaction 

volume of MPID. Integrated MagNet had the most number of true positives and false 

positives, which led to the highest accuracy and F1 score.    
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Figure 5. Computational validation result of MagNet. (A) Receiver operating curve of 

MagNet resources tested with intersection set of MPID and STRING shows the 

performance of each predicteion method. (B) Validation of the predicted PPI network based 

on shared GO term depth. Pairs in MagNet tend to share more specific terms compared to 

randomly generated pairs. 
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I compared the edge coverage of MPID, STRING and MagNet in the known pathways. 

The number of interactions are 11,674 in MPID, 1,097,966 in STRING, 5,600,976 in 

MagNet, and 217,531 in MagNet with three or more evidences (MagNet (HC)). Although 

MagNet (HC) contains fewer interactions than STRING, and the numbers of interactions 

found in MAPK pathway are similar between STRING (55 interactions) and MagNet (HC) 

(56 interactions). (Figure 6) Similar results were also confirmed within the interactions in 

septin complex.  

 

Co-expression network comparison 

Stage-specific co-expressed proteins were identified by comparing two co-

expression networks; 2,502 proteins for vegetative stage, and 696 proteins for infection 

stage. Enriched GO terms of vegetative stage-specific co-expressed proteins are “Cellular 

macromolecule metabolic process”, “Cellular protein metabolic process”, “Cellular 

component organization at cellular level”, “Mycelium development” and “Translation”. On 

the other hand, two terms, “Interaction with host via substance released outside of symbiont” 

and “Response to cAMP”, were enriched in the infection stage co-expressed proteins.  

Clustering of co-expression network showed that distinct sets of proteins are co-expressed 

during the infection stage and the vegetative stage of M. oryzae. As the result of clustering 

co-expression network with ClusterONE algorithm, I identified 16 clusters of significant 

p-value in infection stage co-expression network, and 37 clusters in vegetative stage co-
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expression network. GO terms which are enriched in the clusters were assigned to 10 out 

of 16 infection stage co-expressed clusters and 11 out of 37 vegetative stage co-expressed 

clusters with gProfileR. Co-expression clusters during vegetative growth contain clusters 

involved in rRNA processing, oxidation-reduction process, multicellular organism/ 

mycelium development, transmembrane transport and DNA replication. On the other hand, 

co-expression clusters during infection process include clusters on translation, protein 

glycosylation, protein phosphorylation and single-organism developmental process.  

 

Pathogenic gene network 

Genes in PHI-base were grouped based on the phenotype pattern, and genes 

related to the phenotype of “loss of pathogenicity” were likely to have higher degrees in 

the network compared to genes related to phenotype of “unaffected pathogenicity” (t-test, 

p-value 0.03). However, there was no statistically significant difference between the genes 

with "loss of pathogenicity" and genes with "reduced pathogenicity" and between "reduced 

pathogenicity" and "unaffected pathogenicity".  

To confirm that the infection co-expression network is related to the pathogenesis, 

two co-expression networks were compared within the pathogenic gene network (Figure 

7). The result indicated that the pathogenic genes are co-expressed during the infection 

process rather than during the vegetative growth.   
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Figure 6. PPIs in MAPK pathway. Red lines indicate the interactions predicted in (A) 

MPID, (B) STRING and (C) MagNet with three or more evidences (MagNet (HC)). Total 

edges are more in STRING than MagNet (HC) (STRING: 1097966, MagNet (HC): 

217531). However, the edge coverages of two networks are similar, which means MagNet 

(HC) may have less false positives than STRING.    
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Figure 7. Co-expression networks in the pathogenic gene network. (A) Co-expression 

during vegetative growth was colored blue in the network figure and (B) the co-expression 

infection process was colored red. The red lines connect more pathogenic genes and 

generate denser connection than blue lines do.   
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Differentially expressed network  

To identify differentially expressed gene interaction complex during the 

pathogenesis by this fungi, the sub-network of differentially expressed genes (DEGs) 

during appressorium development was extracted (Figure 8). Compared to the clusters 

identified in the high-confidence MagNet, clusters acting on signal transduction, melanin 

biosynthesis, MFS transporter and cytochrome P450 were up-regulated during 

appressorium development.  

As Mohox2 cannot generate conidia, the DEGs in Mohox2 may be regulated 

by MoHOX2 and be associated with conidial development. To find protein components 

which regulate conidiation, the intersection of DEGs in Mohox2 and interaction partners 

of MoHOX2 was found (Figure 9). Of the partner DEGs, genes with kinase activity were 

repressed by MoHOX2.  

I also compared the putative interaction partners of MoHOX2, MoHOX7 and 

MoHOX8 because the deletion mutants of these HOX genes showed phenotypes without 

only a specific developmental process; Mohox2 without conidiation, Mohox7 without 

appressorium development and Mohox8 without invasive growth in infection process 

(Figure 10). The intersection of putative interaction partners of three HOX genes includes 

genes that regulate cellular processes, while many carbohydrate transporters belong to 

MoHOX7 specific partners which are presumed to be participate in appressorium 

development.   
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Figure 8. Differentially up-regulated gene network during appressorium development. 

The red circles stands for the DEGs at 4-8 hpi, green for the DEGs at 14-16 hpi and yellow 

for the DEGs at both time points. Clusters were found in the sub-network of DEGs and 

clusters working in signal transduction, melanin biosynthetic process, cytochrome P450 

and MFS transporter remained.  
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Figure 9. Intersection of differentially expressed genes in Mohox2 and MoHox2 

interaction partners. Genes repressed in wild type conidiation and induced in Mohox2 

are colored blue and the genes with opposite expression pattern are colored red. The 

interactions between proteins of same expression pattern are more than those between 

proteins of different expression patterns, which reveal protein complex regulated by 

MoHOX2.  
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Figure 10. Interaction partners of M. oryzae HOX proteins. The interaction partners of 

MoHOX2, MoHOX7 and MoHOX8 were compared. The proteins which interact with all 

3 genes were shown to be involved in the regulation of cellular processes by binding to 

nucleotides or by kinase activity. The specific interaction partners of each HOX gene may 

function in the developmental process which the HOX gene regulates.   
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DISCUSSION 

 

High-confidence PPI prediction in M. oryzae with multiple methods 

The rice blast fungus is a valuable model for studying the pathogenesis 

mechanism of plant pathogenic fungi as well as a pathogen that seriously damage crop 

yields. Protein-protein interaction plays a key role in the developmental differentiation 

control for the infection of this fungi, so profiling PPIs is essential for establishing the 

theoretical basis of the disease management. I generated a high-confidence predicted PPI 

network of M. oryzae, MagNet, containing over 200 thousand PPIs. Validation of MagNet 

was conducted with computational methods and experimental evidences from previous 

researches, and the result showed high-confidence MagNet has better precision than the 

other networks. Compared to STRING, MagNet could cover most interactions in known 

pathways with fewer total edges.  

In addition, MagNet has improved the accuracy of prediction by diversifying the 

prediction method and using the updated databases. Previous studies on fungal plant 

pathogens have used the degree of co-expression for validating predicted interactions 

(Zhang et al., 2017; Zhao et al., 2009). This implies that co-expression can be used to 

predict PPIs. In the validation results with 97 experimental evidences, two interactions 

were not predicted in any other way but only predicted with co-expression network. Since 

many fungal gene products are not assigned to domains, co-expression can offer clues of 
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interactions to proteins without assigned domains.  

Among the databases which are not used in MPID and STRING, IDDI used as a 

DDI database could find more true-positives compared to any other methods with 43 true-

positives out of 97 experimental evidences. Sensitivity seems to be improved because of 

more data amount than DOMINE. BioGRID, which has the highest amount of data in the 

PPI repositories, found the most number of true-positives among the databases used in the 

interolog search. 

 

Analysis to extract biological meanings from the network 

There is no example of applying the multiple method integrally to the PPI 

prediction of M. oryzae, and I found functionally associated sub-network modules by 

applying the clustering algorithm to the network constructed in an integrative manner 

(Ames et al., 2013). With identifying interaction-dense clusters in the network, I could 

isolate groups of interacting proteins that participate in the same biological processes or 

that perform together for specific biological functions. This functionally well-clustered 

network can be utilized for the annotation of unannotated genes. 

I also analyzed high-degree genes that act as hubs in the network. As high-degree 

genes link several pathways, it is known that genes with high degrees tend to be essential 

genes with lethal phenotypes from yeast network studies (Krogan et al., 2006). In this study, 

I showed that genes of which the deletion mutants lose pathogenicity have higher degree 
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in the network than the genes that do not cause phenotypic changes, which is consistent 

with previous findings that high-degree genes are essential. Previous studies conducted on 

genomic scale have led to extraction of candidate genes related to specific biological 

processes. However, if the interaction relationship of each protein is available, it is possible 

to add interaction information to the simple gene list obtained from genomic research. With 

this approach, it becomes possible to find an interaction-active hub in a specific condition 

or to find a pathway linked to the condition. 

Clustering analysis was performed on the infection-stage co-expression network. 

Sixteen clusters were detected, including clusters of biologic processes such as amide 

biosynthesis, protein phosphorylation, and protein glycosylation, and clusters of 

oxidoreductase and hydrolase. Infection-stage co-expressed cluster associated with 

glycosylation includes MoPmt2 (MGG_07190). Mopmt2 exhibits a phenotype with 

reduced cell wall integrity and conidia germination, leading to reduced pathogenicity (Guo 

et al., 2016). MoPmt2 was clustered with MgKIN1 (MGG_01279), and MgKIN1 was 

found to be a kinase that regulates conidia germination (Luo et al., 2014). In addition, 

MoPmt2 was predicted to interact with MCK1 (MGG_00883), and MCK1 is a kinase that 

regulates cell wall integrity (Yin et al., 2016). This confirms that the predicted interaction 

relationship in MagNet is linked to the phenotype association. To confirm whether the 

predicted interaction in MagNet is actually associated to the phenotype, I found gene pairs 

that showed same phenotypes among the T-DNA inserted mutants from ATMT database 

(Jeon et al., 2007) and compared pairs with the predicted interactions generated in MagNet. 
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In the high-confidence network, 19 gene pairs shared same phenotypes in ATMT database. 

 

Limitation and conclusion 

One of the limitation of this research is that there is no prediction scoring based 

on the confidence of each prediction method. This was because there was no gold standard 

set to measure the confidence of each method. Therefore, as an alternative, I reflected the 

confidence of method by increasing the number of databases used in the method. Another 

limitation is that I focused on PPIs in M. oryzae, not on the interactions between Oryza 

sativa proteins and M. oryzae proteins. More accurate secretome information of M. oryzae 

and the integration of two high-confidence PPI networks are needed to predict inter-species 

PPI network.  

In this study, PPI network of M. oryzae, MagNet, was constructed with three 

approaches: Homology-based “Interolog” search, Domain-Domain interaction, Co-

expressed gene network. Subnetworks of pathogenic genes and DEGs were found from 

high-confidence PPI network, and can help to understand pathogenic pathways related to 

appressorium formation and conidiation. The information of MagNet can be used in 

identification of putative gene functions, construction of hypothesis, and integration of 

biological information.  
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