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Rice blast, caused by the fungus Magnaporthe oryzae, is the most devastating

disease affecting rice production. Identification of protein–protein interactions (PPIs) is

a critical step toward understanding the molecular mechanisms underlying resistance

to blast fungus in rice. In this study, we presented a computational framework for

predicting plant–pathogen PPIs based on structural information. Compared with the

sequence-based methods, the structure-based approach showed to be more powerful

in discovering new PPIs between plants and pathogens. Using the structure-based

method, we generated a global PPI network consisted of 2,018 interacting protein

pairs involving 1,344 rice proteins and 418 blast fungus proteins. The network analysis

showed that blast resistance genes were enriched in the PPI network. The network-

based prediction enabled systematic discovery of new blast resistance genes in rice. The

network provided a global map to help accelerate the identification of blast resistance

genes and advance our understanding of plant–pathogen interactions.

Keywords: protein-protein interactions, rice, blast fungus (Magnaporthe oryzae), protein structure, machine

learning

INTRODUCTION

Rice blast, caused by the fungus Magnaporthe oryzae, is the most devastating disease affecting rice
production. Due to the availability of both genome sequences and the accessibility of molecular
genetic tools, the pathosystem between rice and blast fungus has become a model system for
studying plant–pathogen interactions (Dean et al., 2005; International Rice Genome Sequencing
Project., 2005). Although the molecular mechanisms of the plant immune system have been
extensively investigated over the past decade, many aspects of the overall resistance picture remain
poorly understood (Meng et al., 2019).

Protein–protein interactions (PPIs) play a critical role in molecular recognition between
plants and pathogens. Identification of these PPIs is important for understanding the underlying
molecular mechanisms against pathogen infection in plants. Experimental methods have been used
to identify plant–pathogen PPIs (Mukhtar et al., 2011; Weßling et al., 2014; Cao et al., 2019), but
the available interaction data are still far from depicting global maps of plant–pathogen interactions
(Ammari et al., 2016). Only a few experimentally verified PPIs between rice and blast fungus have
been reported in the individual studies, which is insufficient to elucidate the molecular mechanisms
leading to disease resistance in rice (Kanzaki et al., 2012; Cesari et al., 2013).
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FIGURE 3 | Rice–blast fungus PPI network. (A) Global view of the rice–blast fungus PPI network. Proteins from rice and blast fungus are represented by blue circles

and red triangles, respectively. (B) Comparison between the degree distribution of rice and blast fungus proteins in the network. The blue bar represents the degree

distribution of rice proteins interacting with blast fungus proteins, and the red bar represents the degree distribution of blast fungus proteins interacting with rice

proteins.

FIGURE 4 | Functional and pathway analysis of rice genes in the PPI network. (A) Enriched function terms and pathways of rice genes. Y-axis represents the GO

terms and KEGG pathways, and X-axis represents the negative log10(FDR) of enriched terms and pathways. The enriched GO terms and KEGG pathways are

represented by blue and red bars, respectively. (B) Rice genes in the KEGG pathway of plant–pathogen interaction. The rectangle represents a gene product and the

rectangle marked with green color indicates the corresponding rice gene as identified in the rice–blast fungus network.

in the template complex, while the homology model of
LOC_Os06g29810 was structurally close to the plant resistance
protein Pto (Xing et al., 2007). The another rice blast resistance
gene LOC_Os12g18360 could interact with the pathogen gene
MGG_08973, which was inferred from the structural similarity
of the homology models to the chains in the structural template
of thioredoxin in barley (Figure 5B) (Maeda et al., 2008).

The availability of the PPI network allowed the systematic
discovery of novel blast resistance genes using the guilt-by-
association method. In addition to the two blast resistance
genes, 47 rice genes were found to interact with the two

pathogen-associated genes,MGG_00990 andMGG_08973, in the
PPI network. The functional analysis revealed that these blast
resistance candidates mostly encoded receptor-like cytoplasmic
kinases involved in the biological processes of phosphorylation
and signaling in rice (Figure 6A). Furthermore, the analysis of
gene expression showed that these candidates were preferentially
responsive to the infection of blast fungus (Figure 6B). Among
the interacting partners ofMGG_00990, 18 resistance-associated
genes were differentially expressed after blast fungus infection
(Figure 6C), while 10 genes were significantly induced by the
infection blast fungus after drought stress (Figure 6D). These
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FIGURE 5 | Structural model of protein interaction. (A) The structural interaction model for LOC_Os06g29810 and MGG_00990 created by superimposing the

homology structures on the chains B and A in the template (PDB ID 2qkw). (B) The structural interaction model for LOC_Os12g18360 and MGG_08973 created by

superimposing the homology structures on the chains A and C in the template (PDB ID 2vm1). The homology models of rice and blast fungus proteins are shown in

blue and red, respectively. The PDB template complexes are shown in gray.

FIGURE 6 | Functional significance and expression of rice genes in the subnet. (A) Enriched GO terms of rice genes in the blast resistance subnet. (B) Comparison of

differentially expressed genes in rice after blast fungus infection. Rice genes in response to infection by (C) blast fungus and (D) blast fungus after drought stress in the

subnet. The red nodes represent upregulated genes, and the green nodes represent downregulated genes.
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results indicated the good performance of the PPI network in
discovering rice genes associated with blast resistance.

DISCUSSION

Determining PPIs is an essential step toward understanding
the underlying biological mechanism against pathogen infection
in plants (Muthamilarasan and Prasad, 2013). In this study,
we presented a computational method for predicting plant–
pathogen PPIs based on structural information. Using seven
host–pathogen systems, we demonstrated that the structure-
based method was powerful in discovering protein interactions
across different host–pathogen systems. This advantage was
of vital importance for machine learning-based method for
predicting PPIs in new plant–pathogen systems based on prior
knowledge obtained from known interacting proteins in other
host–pathogen systems.

Although many experimentally validated host–pathogen PPIs
have been deposited in the database, most of these PPIs
(42,972 out of 45,200) focus on the protein interactions between
humans and pathogens (Ammari et al., 2016). Due to the
limited availability of plant–pathogen PPIs, many plant-specific
pathogen effector proteins usually failed to identify any homolog
in the known inter-species interactions using homologous
sequence mapping (Yang et al., 2019). In addition, the intra-
species PPIs from model organisms have been usually used to
infer plant–pathogen PPIs (Li et al., 2012; Sahu et al., 2014).
However, evolutionary differences between inter-species and
intra-species PPI interfaces would limit the performance of
plant–pathogen PPIs by transferring interactions across species
(Franzosa and Xia, 2011). These weaknesses could be partially
overcome by utilizing structural information. The developed
method uses the structural similarity between proteins as a bridge
to identify new interactions across plant–pathogen systems.
Compared with the sequence-based methods, this structure-
based approach enabled us to discover new interactions between
plant and pathogen proteins that lacked significant sequence
similarity with a known interaction template.

Magnaporthe oryzae is a notorious plant pathogen that causes
the most destructive diseases of rice in the world. The prediction
and analysis of PPIs are valuable in deciphering the molecular
mechanisms of rice–blast fungus interactions. In this study, we
generated a global rice–blast fungus PPI network that consisted
of 2,018 interacting protein pairs involving 1,344 rice proteins
and 418 blast fungus proteins. Over 70% of PPIs between
rice and blast fungus were inferred from structural similarity,
which greatly expanded the landscape of the rice–blast fungus
PPI network. Compared with the previous PPI network, 17 of
PPIs were identified by the structure-based method (Ma et al.,
2019). Although the number of common PPIs was relatively
small, the results were significantly overlapped between the
two independent studies (i.e., Fisher’s exact test p < 5.6e-
39). Moreover, we noted that blast fungus proteins had more
interacting partners than rice proteins in the network. Our
findings were coherent with the sequence-based studies in which

a few pathogen-associated proteins were involved in the plant–
pathogen interactions (Li et al., 2012; Sahu et al., 2014; Ma et al.,
2019). This is likely to be the result of the coevolutionary arms
races, in which pathogens mutate genes extensively to infect their
hosts, while plants defend against pathogen attacks by expanding
gene families (Stahl and Bishop, 2000; Dangl and McDowell,
2006).

Despite the advances made in molecular mechanisms of rice
resistance to blast fungus, many aspects of the rice immunity
system remain obscure (Li et al., 2019). The rice–blast fungus
PPI network showed that the AVR-Pik effector was successfully
predicted to interact with four rice proteins, which have been
validated by experimental approaches (De la Concepcion et al.,
2018, 2019). In addition to the avirulence effector, two rice blast
resistance genes were also identified in the network. Using the
guilt-by-association method, we identified 47 candidate blast
resistance genes in the PPI network. The majority of these genes
that encoded receptor-like cytoplasmic kinases were involved
in the response to the infection of blast fungus (Bidzinski
et al., 2016). The PPI network provided a global map to help
accelerate the identification of blast resistance genes and advance
our understanding of the molecular mechanisms of plant–
pathogen interactions.
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