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Rice is a staple food for one-half the world’s population and a
model for other monocotyledonous species. Thus, efficient ap-
proaches for identifying key genes controlling simple or complex
traits in rice have important biological, agricultural, and economic
consequences. Here, we report on the construction of RiceNet, an
experimentally tested genome-scale gene network for a monocot-
yledonous species. Many different datasets, derived from five dif-
ferent organisms including plants, animals, yeast, and humans,
were evaluated, and 24 of the most useful were integrated into
a statistical framework that allowed for the prediction of func-
tional linkages between pairs of genes. Genes could be linked
to traits by using guilt-by-association, predicting gene attributes
on the basis of network neighbors. We applied RiceNet to an im-
portant agronomic trait, the biotic stress response. Using network
guilt-by-association followed by focused protein–protein interac-
tion assays, we identified and validated, in planta, two positive
regulators, LOC_Os01g70580 (now Regulator of XA21; ROX1)
and LOC_Os02g21510 (ROX2), and one negative regulator, LOC_
Os06g12530 (ROX3). These proteins control resistance mediated by
rice XA21, a pattern recognition receptor. We also showed that
RiceNet can accurately predict gene function in another major
monocotyledonous crop species, maize. RiceNet thus enables the
identification of genes regulating important crop traits, facilitating
engineering of pathways critical to crop productivity.
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Rice (Oryza sativa) is the most important staple food crop. As
one of the best studied grasses, rice also has an accumulated

wealth of knowledge that makes it an attractive candidate as a
reference for other important staple crops and emerging biofuel
grasses (1). Its compact genome size (≈430 Mb), well-established
methods for genetic transformation (2), availability of high-
density genetic maps and whole-genome microarrays (reviewed
in ref. 3), finished genome sequence (4), and close relationships
with other cereals, all make rice an ideal model system in which
to study plant physiology, development, agronomics, and genomics
of grasses (5–7). Furthermore, in recent years, several laboratories
have successfully developed gene-indexed mutants for targeted
loss-of-function or gain-of-function analysis of many rice genes
(reviewed in ref. 3).
These advances have led to the accumulation of sufficient public

data to construct systems-level models of rice gene interactions. In
principle, such models should allow for the prediction and sys-
tematic discovery of genes and associated pathways that control
phenotypes of economic importance, such as tolerance to envi-
ronmental stress and resistance to disease. We have developed
such a network modeling platform, called a probabilistic functional
gene network (8, 9), variations of which have been successfully
applied to predict novel gene functions in e.g., yeast (10), worm
(11), mice (12, 13), humans (14–17), and Arabidopsis thaliana (18).
In principle, Arabidopsis gene networks should be useful even for
rice genes, as many processes are conserved between dicotyle-
donous species, including Arabidopsis, and monocotyledonous

species, including rice. However, monocots and dicots diverged
>160–200 million years ago; thus, many gene networks differ sig-
nificantly between these two main groups of flowering plants (19–
25). Therefore, a complete understanding of monocot gene net-
works will depend on a full characterization of these pathways in
an experimentally tractable monocotyledonous species such as
rice. Here, we present an experimentally validated genome-scale
functional gene network of a monocotyledonous species, a net-
work of rice genes, named RiceNet, reconstructed from quanti-
tative integration of available genomics and proteomics datasets.
Construction of a genome-wide network for rice is challenging

for several reasons. First, whereas A. thaliana has ≈27,000 pro-
tein coding genes (The Arabidopsis Information Resource, release
9; ref. 26), rice has 41,203 nontransposable element (TE)-related
protein coding genes [The Institute for Genomic Research
(TIGR) rice annotation release 5; ref. 27]. This increased ge-
nome complexity results in a combinatorial explosion for the
number of hypotheses for pairwise relations between genes,
complicating discovery of true functional associations. Second,
the current reference knowledge and raw genomic data available
for models are much sparser for rice than for Arabidopsis, re-
ducing predictive power of models. Third, the experimental
validation of predicted gene function is more difficult in rice than
Arabidopsis because of a longer reproductive cycle, larger plant
sizes, greenhouse requirements, fewer available gene knockout
strains, and less efficient transformation procedures (3). Despite
these hurdles, we reconstructed a network covering ≈50% of the
41,203 rice genes. This network builds on a published midsized
network of 100 rice stress response proteins that was constructed
through protein interaction mapping (28). We demonstrated that
RiceNet associations are highly predictive for diverse biological
processes in rice. We further predicted and experimentally vali-
dated three previously unknown regulators of resistance medi-
ated by XA21, a rice pattern recognition receptor that is a key
determinant of the innate immune response (29). RiceNet also
showed significant predictive power for identifying genes that
function in the stress response of another major crop, maize.
These results indicate that RiceNet can accurately predict gene
function in monocotyledonous species.
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Results
RiceNet: A Genome-Scale Gene Network for a Monocotyledonous
Species. We aimed to construct a gene network of rice spanning
as many as feasible of the 41,203 non-TE–related protein coding
genes annotated by the TIGR Rice Genome Annotation Release
5 (27). Only limited numbers of genome-scale datasets are
available for rice. Such limitations, in turn, reduce the scale of
networks that can be reconstructed (e.g., a rice gene network
based on only mRNA coexpression in all available rice gene
microarrays covered only ≈10% of the genome; ref. 30). This
shortcoming can be partially overcome by transferring datasets
from other organisms via the use of gene orthology relationships
(31). The key to using such data lies in the judicious weighting of
datasets from other species to maximize reconstruction of con-
served rice gene systems, while not degrading reconstruction of
rice-specific gene systems from datasets collected in rice. The
value of this approach has been shown in reconstruction of gene
networks for Caenorhabditis elegans (11) and Arabidopsis (18).
Thus, in addition to rice (Oryza sativa) datasets, we also identi-
fied evolutionarily conserved gene–gene linkages between rice
genes by using datasets from Saccharomyces cerevisiae, C. elegans,
Homo sapiens, and A. thaliana.
A total of 24 different types of data (spanning many individual

datasets) were quantitatively integrated into a single gene net-
work as described in full in the SI Appendix. The datasets used to
infer functional linkages spanned many types of gene–gene
relationships, including both direct measurements of physical and
genetic interactions, as well as inferred interactions from genome
sequences, literature mining, and protein structures. In all, the 24
data types, from five different organisms, included transcript
coexpression links based on several hundred DNA microarray
datasets (e.g., SI Appendix, Table S1 for rice), genome-scale pro-
tein–protein physical interactions mapped by yeast two hybrid or
affinity purification followed bymass spectrometry identification of
protein complexes, linkages between genes automatically mined
from PubMed articles, protein–protein interactions from curated
databases, linkages between proteins with similar domain co-
occurrence profiles, genetic interactions, linkages based on
genes’ phylogenetic profiles or tendencies for bacterial orthologs
to occur as neighbors in many bacterial genomes, and protein–
protein interactions inferred from protein tertiary structures
(Fig. 1A and SI Appendix, Table S2). Clearly, differing lines of
evidence provide widely differing degrees of support for func-
tional linkages. For each pair of rice genes, the evidence from all
datasets was integrated into a single numerical log likelihood
score (LLS) denoting the likelihood for those genes to function
together as supported by sharing Gene Ontology biological
process (GO-BP) terms annotated by the TIGR Rice Genome
Annotation Release 5 (27) (SI Appendix). Integration improved
genome coverage and linkage accuracy beyond all of the in-
dividual datasets (Fig. 1A). The final, integrated set of gene–gene
linkages, named RiceNet (www.functionalnet.org/ricenet), con-
tains a total of 588,221 links connecting 18,377 non-TE–related
rice protein-coding genes (44.6% of 41,203 genes) (SI Appendix,
Fig. S1). RiceNet also covers 16,678 (63.7%) of the 26,178 rice
genes known, thus far, to be expressed.

RiceNet Is More Accurate and Extensive than a Network Generated by
Orthology from Arabidopsis. It is an open question how well gene
networks derived from better-characterized dicots such as Ara-
bidopsis might faithfully reconstruct pathways and systems in a
monocot. For example, an alternate approach to constructing a
rice gene network might be simply to transfer linkages from
orthologous gene pairs from the existing Arabidopsis gene net-
work, AraNet (18). This approach does not require modeling
using rice annotations or any of the rice-derived experimental
data. To assess the accuracy of such a network, we first defined
an AraNet-derived network with the same number of functional

links as those of a RiceNet. The AraNet-derived network covers
12,225 rice genes with 588,221 links, whereas RiceNet covers
18,377 genes (6,122 more genes) with the same number of links
(Fig. 1B). We tested the accuracy of the AraNet-derived network
versus RiceNet using linkages from the Kyoto Encyclopedia of
Genes and Genomes (KEGG) pathway database (32), which is
based on manual curation. KEGG is thus considered generally
accurate and largely independent from both RiceNet and Ara-
Net, and shares only 2.2% of the 662,936 GO-BP–derived link-
ages used to guide the integration of RiceNet (SI Appendix). To
err on the conservative side, we excluded KEGG linkages shared
with GO-BP so as to obtain a set of 89,140 KEGG linkages that
were fully independent from the linkages used to guide RiceNet
construction. As expected, gene links supported by both networks
are more accurate than network links predicted by only one ap-
proach. However, RiceNet-specific linkages are ≈2.5 times more
accurate than those derived solely by orthology from AraNet
(15.5% versus 6.5% true positive rate; Fig. 1B). In terms of ge-
nome coverage, RiceNet covers 4,839 additional genes (≈12% of
rice genome). Thus, reconstructing a gene network specifically for
rice genes improves both accuracy and coverage of the network.

RiceNet Reflects Well-Defined Biological Pathways and Processes.We
assessed the quality of RiceNet for modeling biological processes
by several additional computational analyses. First, we used to-
pological analysis to assess whether the RiceNet contains mod-
ular structures consistent with well-defined biological pathways
and processes. We found that RiceNet shows a 100-fold higher
clustering coefficient (33) than a randomized network (SI Ap-
pendix, Fig. S2A). The observed higher extent of clustering is an
expected characteristic of functional modules. Similarly, we ob-
served very nonrandom path lengths connecting gene pairs in
RiceNet (SI Appendix, Fig. S2B), indicating tightly interconnected
regional structures (representing functional modules) separated
by longer chains of functional associations. Both topological
properties suggest RiceNet is organized into gene modules sep-
arated in the network.
Second, we determined whether the RiceNet-predicted gene

modules reflect known biological pathways in rice. In this “guilt-
by-association” approach, we prioritized candidate genes for each
biological process based on network connections to known genes
in those processes, assessing predictive accuracy by using cross-
validation and receiver operating characteristic (ROC) analysis.
Our previous study demonstrated that superior prediction per-
formance can be achieved by using methods that consider not
only direct network neighbors but also indirect ones (34).
Therefore, we prioritized candidate genes by using both direct
and indirect network neighbors via Gaussian smoothing (17).
Prediction power can be summarized from a ROC analysis as the
area under the ROC curve (AUC), which ranges from near 0.5
for random expectation to 1 for perfect predictions. For a total of
834 GO-BPs with more than three annotated genes, 642 pro-
cesses (77% of total tested GO-BPs) showed AUC > 0.7, which
indicates that RiceNet is highly predictive of gene function (Fig.
1C), far in excess of chance expectation [e.g., randomized gene
sets of the same sizes show a median AUC of 0.5 and only 25
terms (3%) show AUC > 0.7]. These results strongly suggest that
RiceNet is predictive for diverse types of biological pathways in
rice. Moreover, RiceNet proved far more predictive of rice gene
function than AraNet, as tested for GO-BP terms (P < 1 × 10−65;
Wilcoxon signed rank sum test).
Third, we examined cell type-specific mRNA expression of

rice genes. Rice, like other multicellular organisms, is composed
of many distinct cell types. Each cell type expresses a unique set
of genes that together produce the characteristics of that cell
type. In contrast, RiceNet is composed of just one integrated
network spanning a large fraction of the set of rice genes. Al-
though cell-type specificity is not explicitly modeled in RiceNet,
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we tested whether it nonetheless can be used to model cell-type
specific functions. Assuming that many biological processes are
carried out through functionally specialized cell types, functional
associations are expected to be enriched among genes expressed
in the same cell-types. We measured the likelihood of genes
connected in RiceNet or the AraNet-derived network to share
cell-type specific expression (SI Appendix). For this analysis, we
used the rice transcriptome atlas database, which profiles tran-
script expression across 40 rice cell types (35). We found that
RiceNet links genes expressed in the same cell-types at nearly
three times the rate of a randomized network (Fig. 1D). AraNet-
derived links show somewhat lower enrichment for cell-type
specificity (P < 1 × 10−17; Wilcoxon signed rank sum test), in-
dicating that optimizing the network for rice contributed to cell-
type specificity, and may help explain the higher accuracy of
RiceNet (Fig. 1B).

Two-Step Network-Guided Discovery of ROX1, ROX2, and ROX3, Three
Regulators of XA21-Mediated Immunity. Our pathway analysis de-
scribed above demonstrates that genes for similar biological
processes can be successfully associated in RiceNet. We next
specifically tested the feasibility of identifying previously un-
known genes governing biotic stress response pathways by using
RiceNet. We reported the construction of a stress response
interactome consisting of 100 proteins; 46 of these proteins are
predicted to be involved in the biotic stress response (28). Fifteen
of these interactome components are of particular interest be-
cause they have been confirmed to play a key role in the rice
defense response by using loss-of-function and gain-of-function
analyses (28). We therefore used these 15 genes to query RiceNet
in an attempt to identify novel candidate genes governing XA21-
mediated immunity (Fig. 2 and SI Appendix, Table S3). Note that
Xa21 itself is not present in RiceNet, because it is not present in
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Fig. 1. Summary of construction and computational assessment of RiceNet, a genome-scale functional gene network for O. sativa. (A) Pairwise gene linkages
derived from 24 diverse functional genomics and proteomics data types, each spanning many individual experiments and representing in all >60 million
experimental or computational observations, were integrated into a composite gene network with higher accuracy and genome coverage than any individual
dataset. The integrated network (RiceNet) contains 588,221 functional linkages among 18,377 (45%) of the 41,203 non-TE–related protein-coding rice genes.
The plot x axis indicates the log-scale percentage of the 41,203 protein-coding genes covered by functional linkages derived from the indicated datasets
(plotted curves); the y axis indicates the accuracy of functional linkages derived from the datasets, measured as the cumulative likelihood for linked genes to
share GO-BP term annotations, tested using 0.632 bootstrapping and plotted for successive bins of 1,000 linkages each (symbols). Datasets are named as XX-
YY, where XX indicates species of data origin (AT, A. thaliana; CE, C. elegans; HS, H. sapiens; OS, O. Sativa; SC, S. cerevisiae) and YY indicates data type (CC,
cocitation; CX, mRNA coexpression; DC, domain co-occurrence; GN, gene neighbor; GT, genetic interaction; LC, literature curated protein interactions; MS,
affinity purification/mass spectrometry; PG, phylogenetic profiles; TS, tertiary structure; YH, yeast two hybrid). (B) RiceNet includes many linkages beyond those
found by simple orthology from the Arabidopsis gene network AraNet (18), as shown by a Venn diagram of the gene linkages. RiceNet covers many more rice
genes (18,377 versus 12,225 genes) than the AraNet-derived network with the same number of links. Measurement of linkage accuracy show that links
supported by both networks are more accurate (true positive rate; TP = 22.1%) than those by only one network. The higher accuracy of RiceNet-only links (TP =
15.5%) than that of AraNet-transferred links (TP = 6.5%) indicates the value of optimizing the functional network for rice. Linkage accuracy was measured by
using a completely independent set of reference linkages derived from the KEGG biological pathway database only. (C) Pathway predictability is generally
high, as measured by the areas under cross-validated ROC curves for correctly prioritizing known genes for 834 GO-BP annotations (with more than three
associated genes) using network guilt-by-association via Gaussian smoothing (17). In bar-and-whiskers plots, the central horizontal line in the box indicates the
median AUC, the boundaries of the box indicate the first and third quartiles, whiskers indicate the 10th and 90th percentiles of the AUC distribution, and plus
signs indicate outliers. RiceNet is superior to the AraNet-derived network and significantly outperforms randomized tests. (D) RiceNet links genes with similar
cell-type specific expression patterns. Genes connected by RiceNet were significantly more coexpressed (by nearly threefold) across 40 individual rice cell types
(35) than were genes linked in randomized networks (repeating the calculation for 100 randomized networks and plotting the distribution of the 100 resulting
odds ratios), and somewhat more than for linkages transferred by orthology from AraNet (P value < 1 × 10−17; Wilcoxon signed rank sum test).
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the Oryza sativa genome (it was isolated from O. longistaminata)
(36). For this reason, Xa21 was not used as part of the query set.
When the 15 genes with validated phenotypes were used to

query RiceNet, we identified 802 rice genes with a predicted
function in XA21-mediated immunity. To further prioritize
within this set, we selected only genes connected to ≥1 query
gene by LLS ≥2.0, connected to ≥2 query genes by LLS ≥1.5, or
that had not been demonstrated to confer a function in plant
immune responses based on literature searches (SI Appendix,
Table S4). These criteria narrowed the list to 14 genes. We then
experimentally assayed the interactions of the proteins encoded
by these genes with an available set of 24 proteins from the biotic
stress response subinteractome, including XA21 itself (28) (SI
Appendix, Table S3 and SI Appendix, Table S5). Thirteen of the
14 candidate genes interacted by yeast two hybrid assays with at
least one component of the XA21 interactome (Fig. 2), con-
firming the value of this prioritization strategy.
We selected five of these candidates for characterization in

planta based either on their direct interactions with XA21
(LOC_Os01g70580, LOC_Os01g70790, LOC_Os02g21510, and
LOC_Os03g20460) or on their interactions with proteins har-
boring sequence motifs related to the inflammatory response in
animals (LOC_Os06g12530) (SI Appendix, Table S4). We gen-
erated overexpression (ox) and RNAi constructs for each gene
(except for LOC_Os06g12530 for which only an overexpression
construct was generated) and introduced these constructs into a
homozygous Kitaake-XA21 rice line using a hygromycin select-
able marker. We then assayed for resistance to the bacterial
pathogen Xanthomonas oryzae pv. oryzae (Xoo), measuring lengths
of water-soaked lesions 14–21 d after inoculation.
We did not observe any obvious differences between the

control Kitaake-XA21 and transgenic lines either overexpressing
or silenced for LOC_Os01g70790 or LOC_Os03g20460 (SI Ap-
pendix, Table S6). However, transgenic plants silenced for two of
the genes (LOC_Os01g70580 RNAi, LOC_Os02g21510 RNAi)
showed clear enhanced susceptibility to Xoo as compared with
the Kitaake-XA21 control. Transgenic plants overexpressing
LOC_Os06g12530 showed enhanced susceptibility to Xoo com-
pared with the Kitaake-XA21 control (SI Appendix, Fig. S3 and
Fig. 3). These genes were designated Rox1 (Regulator of XA21-
mediated immunity 1), Rox2, and Rox3, respectively. The phe-
notypes are heritable for two generations, the RNA levels cor-

relate with the overexpression or knockdown, and the transgene
cosegregates with the altered phenotypes in progeny analyses (SI
Appendix). Based on the phenotypes, Rox1 and Rox2 are positive
regulators (silencing leads to enhanced susceptibility) and Rox3
is a negative regulator (overexpression leads to enhanced sus-
ceptibility). Thus, we were able to validate three of five RiceNet
predictions in planta (60% success rate).
Sequence homology sheds some light on more specific roles for

these three ROX proteins. First, the positive regulator Rox1 is an-
notated as a thiamine pyrophosphokinase (TPK). TPKcatalyzes the
transfer of a pyrophosphate group from ATP to vitamin B1 (thia-
mine) to form the coenzyme thiamine pyrophosphate (TPP). It has
been reported that treatment of thiamine and TPP induces re-
sistance to rice pathogens including Xoo (37). These results further
support a role for Rox1 in the rice defense responses.
The positive regulator Rox2 is a member of the NOL1/NOL2/

sun gene family. Human homologs have been implicated in
Williams-Beuren syndrome, a developmental disorder associated
with haploinsufficiency of multiple genes at 7q11.23 (38). NOL1/
NOL2/sun gene family members have not been shown to func-
tion in innate immunity.
Finally, the negative regulator Rox3 is annotated as a nuclear

migration protein, nudC. nudC plays a key role in cell division
through the regulation of cytoplasmic dynein and also in the
regulation of the inflammatory response (39). These results in-
dicate that sequence homology alone would not have suggested
roles in immunity, emphasizing the value of RiceNet for identi-
fying new genes relevant to the biotic response in the absence of
strong a priori knowledge.

RiceNet Predictability Extends to Another Monocotyledonous Crop
Species, Maize. Given that RiceNet efficiently predicts gene
function in rice, we asked whether this predictability extends to
another monocotyledonous crop species, maize (Zea mays).
Because RiceNet is more accurate for rice gene function than a
network generated by orthology from Arabidopsis (Fig. 1B), we
also hypothesized that RiceNet would be more efficient than
AraNet at gene prediction in another monocotyledonous species.
We therefore compared the predictive power of an AraNet-
derived maize gene network (AT-ZM), a RiceNet-derived maize
gene network (OS-ZM), and maize GO-BP annotation by
AgBase (40) (SI Appendix).

Fig. 2. Extensive interactions among RiceNet-predicted proteins with other proteins predicted to be involved in XA21-mediated immunity. Thirteen of the 14
candidate genes predicted by RiceNet (SI Appendix, Table S3) to function in XA21-mediated immunity are indicated by yellow circles. Pairwise protein–protein
interactions between these 13 proteins and 24 components (green nodes) of the previously reported biotic stress response subinteractome (28) are designated
by orange edges. The 14th RiceNet-predicted protein is not shown because it did not bind with any of the 24 tested interactome members using yeast two-
hybrid assays as indicated in the text. Other members of the interactome (white nodes) and their connections (black edges) are included for context. Dia-
monds indicate the 15 proteins validated phenotypically, using loss-of-function and gain-of-function analyses, to modulate rice defense responses. These 15
proteins served as the RiceNet query as described in the text. All constructs carry full-length cDNAs except for the Xa21 construct as previously described (36).
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RiceNet appears predictive for many maize gene pathways. We
identified 32 GO-BP terms that have three or more annotated
maize genes based on experimental or literature evidence and
used these 32 GO-BP terms with highly reliable annotations for
the analysis. Using cross-validated ROC analysis as in ref. 41,
we tested the two networks (OS-ZM and AT-ZM), for correctly
prioritizing genes in these GO-BPs, using the Gaussian smooth-
ing guilt-by-association method (17). Both networks showed good
predictability for maize GO-BP terms (Fig. 4 and SI Appendix,
Table S7). For 30 terms predictable (AUC > 0.5) by either net-
work, OS-ZM performed significantly better than AT-ZM
(P value = 1.42 × 10−2; Wilcoxon signed rank sum test). This
predictability was independent of the number of associated genes
(SI Appendix, Fig. S4). Noticeably, many abiotic stress responses

in maize are highly predictable with OS-ZM. Thus, RiceNet is
useful for studies of gene-trait associations in both rice and
maize, and this work suggests that RiceNet will also be useful for
predicting gene function in other important monocotyledonous
species such as wheat and switchgrass, for which species-specific
networks have not yet been constructed.

Discussion
Here, we report construction of RiceNet, a genome-scale gene
network for rice. We demonstrate its predictive power for diverse
biological processes and its usefulness in identifying genes gov-
erning rice innate immunity. RiceNet represents an experimen-
tally validated genome-scale gene network for a crop species.
Using RiceNet, we systematically selected candidate genes pre-
dicted to be involved in the rice defense response by using a two-
step network-guided prediction approach—first by guilt-by-asso-
ciation, and then by protein–protein interaction tests. From rough
computational estimates, we expect RiceNet to often offer correct
candidate genes when the predictive AUC is high (e.g., >0.75),
with the number of correct candidates increasing as AUC
increases (SI Appendix, Fig. S5). The additional prioritization
offered by protein interaction screening of candidates appeared
to elevate the validation rate even further, and in our transgenic
tests of five of the candidate genes selected by using this two-step
strategy, we confirmed three genes as regulators of XA21-medi-
ated immunity. Given the large genomes of most crop species
(generally 30,000–50,000 genes) and their long reproductive cycles
(often several months), this two-step network-guided prioritization
should facilitate identification of key genes controlling important
traits and future engineering of agronomically useful varieties.
Several other features of RiceNet are particularly notable,

including that a network optimized for rice outperformed an
alternative rice gene network constructed by orthology from the
dicot Arabidopsis (18) (Fig. 1 B and D). We expect that other

A

B

C

Fig. 3. Three new regulators of XA21 (ROX)-mediated immunity predicted
by RiceNet are validated by Xoo infection assays of transgenic rice plants.
The response to Xoo was assayed in infected leaves of 5-wk-old rice plants. A
symbol (-) indicates lack of the transgene, and a symbol (+) indicates the
presence of the transgene. (A) LOC_Os01g70580 (ROX1) is a positive regu-
lator of XA21-mediated immunity. Kitaake-XA21 (Kit-XA21) plants with
RNAi-mediated suppression of LOC_Os01g70580 (Rox1) were generated and
assayed for resistance. Lesion lengths were measured in leaves of 5-wk-old
rice plants from T2 progeny of the XA21- LOC_Os01g70580 (ROX1) RNAi 2-2,
2-7, 2-10, and 2-11 lines 14 d after Xoo inoculation. (B) LOC_Os02g21510
(ROX2) is a second positive regulator of XA21-mediated immunity. Kitaake-
XA21 plants with RNAi-mediated suppression of LOC_Os02g21510 (Rox2)
were generated and lesion lengths were measured as above in leaves of T1
progeny from XA21-LOC_Os02g21510 (Rox2) RNAi 3 and 4 lines and T2
progeny from the XA21-LOC_Os02g21510 (Rox2) RNAi 3-1 line. (C)
LOC_Os06g12530 (Rox3) is a negative regulator of XA21-mediated immu-
nity. Kitaake-XA21 plants overexpressing (ox) LOC_Os06g12530 (Rox3) were
generated and response to Xoo was measured as above by using leaves from
T1 progeny from the LOC_Os06g12530 (Rox3) overexpression lines, 1 and 3,
and T2 progeny from the LOC_Os06g12530 (Rox3) overexpression 1-15 line.
Each bar represents the average and SD from at least three tested leaves.
Kitaake-XA21 and Kitaake (Kit) were used as controls. Photographs of lesion
length were taken at 14 d after Xoo inoculation. Additional genetic tests
and expression quantification of candidate genes in transgenic lines are
described in SI Appendix and SI Appendix, Fig. S3.
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Fig. 4. RiceNet predicts maize biological processes. Thirty-two maize GO-BP
gene sets, each with three or more associated genes identified through
noncomputational approaches, were tested for predictability by the AraNet-
derived and RiceNet-derived maize gene networks, indicated by AT-ZM and
OS-ZM, respectively. The predictability of each process wasmeasured by using
cross-validation as the area under a ROC curve (AUC) with Gaussian
smoothing methods (17). A total of 30 maize GO-BP terms are predictable
(AUC > 0.5) by either AT-ZM or OS-ZM. For 20 of the 30, OS-ZM outperformed
AT-ZM. The distribution of AUC scores by OS-ZMwas significantly higher than
that by AT-ZM (P value = 1.42 × 10−2; Wilcoxon signed rank sum test).
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crop species will have similar requirements, benefiting from
species-specific datasets and optimization. Given the impressive
advances in genomic and proteomic technology for food crop
species (42, 43) and candidate bioenergy crops (44) and other
models (45), a sharp rise in available datasets appears likely for
these species over the next few years. For rice, additional rice-
specific experimental data including protein–protein interactions
and gene expression data spanning new experimental conditions
appear most valuable for improving the accuracy and coverage of
RiceNet into the future.
We have shown that RiceNet is useful for predicting gene

function in maize, another monocotyledonous crop species. The
high predictability for maize genes by a RiceNet-derived maize
gene network (OS-ZM) and its superior performance compared
with an AraNet-derived maize gene network (AT-ZM) indicates
that monocot-specific modeling improves gene prediction for
other monocotyledonous crop species. This finding is particularly
important in light of the lack of species-specific gene networks
for maize and other monocotyledonous crop species.
Economically important crop traits range from simple traits

emerging from strong selective pressure during domestication to
highly genetically complex traits (46). Manipulation of only a few
key genes related to the traits may not generate the desired
phenotypes. Therefore, approaches for broadly defining relevant

genes, coupled with rapid and inexpensive interaction assays to
more finely prioritize genes, offer an attractive and potentially
rapid route for focusing crop engineering efforts on the small sets
of genes that are deemedmost likely to affect the traits of interest.

Methods
Reference and benchmark sets, raw datasets, and computational methods of
construction and analysis of RiceNet are described in full in SI Appendix.

Construction of MaizeNet by orthology-based links from AraNet and
RiceNet are described in full in SI Appendix.

Genetic analysis of ROX1, ROX2, and ROX3 transgenic plants are described
in full in SI Appendix.

A user-interactive web tool for RiceNet-based selection of candidate genes
is publicly available at http://www.functionalnet.org/ricenet.
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