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CHAPTER

Prediction and Annotation of Plant
Protein Interaction Networks

JASON MCDERMOTT? JUN WANG* JUN YU* GANE KA-SHU
WONG®* & RAM SAMUDRALAZ

ABSTRACT

Large-scale experimental studies of interactions between components of
biological systems have been performed for a variety of eukaryotic organisms.
However, there is a dearth of such data for plants. Computational methods
for prediction of relationships between proteins, primarily based on
comparative genomics, provide a useful systems-level view of cellular
functioning and can be used to extend information about other eukaryotes
to plants. We have predicted networks for Arabidopsis thaliana, Oryza sativa
indica and japonica and several plant pathogens using the Bioverse (http:/
/bioverse.compbio.washington.edu) and show that they are similar to
experimentally-derived interaction networks. Predicted interaction networks
for plants can be used to provide novel functional annotations and predictions
about plant phenotypes and aid in rational engineering of biosynthesis
pathways.
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1. INTRODUCTION

The genetic engineering of crops for increased yield, pest and disease
resistance, and for increased nutritional value has been occurring for
approximately 10,000 years (Patersen al, 2003). Advances in the
biological sciences have accelerated this process and made it more
knowledge-based, allowing a greater range of possibilities (Tzfira and
White, 2005). In the post-genomic era, understanding of cellular systems
on a global scale is becoming increasingly important for biologists.
Recent advances have made this problem more approachable as
methodology enabling large-scale experimental studies of eukaryotes
has been developed (Ue¢t al, 2000; Hoet al, 2002; Bhallaet al, 2005;

Dong et al, 2005; Rensink and Buell, 2005). These methods have
generated data of different types for a large number of organisms but
data covering more than just a few complexes or pathways is limited
to a handful of model organisms. As a result, computational
bioinformatics methods have been developed to integrate this data
and to extrapolate from it to provide predictions for proteins and
organisms not yet experimentally well characterized (Date and Marcotte,
2003; Morettet al, 2003; Stronget al, 2003; McDermott and Samudrala,
2004; Yuet al, 2004; Wichadakulet al, 2007).

The cell functions as a kind of machine (Alberts, 1998); all
components of the cell, small molecules, DNA, RNA, proteins, are parts
of the machine and the ways that these parts work together determine
how the machine functions as a whole. A single part of the machine
doesn’t function by itself: The function of the part is dictated by how
it works with the other parts of the machine. Protein complexes and
interactions form a network which comprises the complicated inner
workings of this machine and is essential to the cell’'s ability to walk
the thermodynamic line between order and disorder.

Many types of relationships exist between components and various
bioinformatics resources have been created to organize and use the
data related to these relationships (Frishmenal, 2001; Meweset al,
2004; Birkland and Yona, 2006). Our own project, the Bioverse (http:/
/bioverse.compbio.washington.edu), is a computational framework for
the organization, representation and integration of molecular, cellular
and organismal worlds (McDermott and Samudrala, 2003; Guergqtin
al., 2007). We have used it to provide detailed functional annotations
for a number of organisms includingrabidopsis thalianaand several
strains of rice (Kikuchiet al, 2003; Yuet al, 2005). We have also used
it to investigate relationships between components and to extend
analysis to largely uncharacterized organisms, as discussed in this
review.
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2. DETERMINATION OF PROTEIN INTERACTIONS

Traditional biochemical and genetic approaches have focused on a few
specific interactions pertaining to a single protein, complex or pathway.
The impetus of proteomics efforts has produced high-throughput
methods for characterization of large numbers of proteins and
interactions at once. Partial protein interaction networks for several
organisms have been experimentally determined by combining results
from a variety of such methods (Ge al, 2001; Liet al, 2004). Two of

the most established high-throughput methods for interaction
determination are the yeast two-hybrid method (Chétnal, 1991) and
tandem affinity purification (TAP) (Hcet al, 2002). Microarray analysis

of mRNA levels can also provide an indication of association between
genes and proteins, and is relatively easy to perform (Teichmann and
Babu, 2002; Rensink and Buell, 2005). These approaches have been used
to characterize specific pathways (Dreetsal, 2001; Rivaset al, 2002)

and to derive large scale protein interaction networks for the several
eukaryotic organisms (Uetet al, 2000; Walhoutet al, 2000; Hoet al,

2002; Giotet al, 2003).

Few experiments in plants have shed light on protein-protein
interactions for more than a few interactions at a time. Several
proteomics methods were combined to provide an overview of
approximately 2500 proteins involved in complexes in rice (Koker
al., 2002) and a similar approach was used to characterize several
hundred complexed proteins in wheat amyloplasts (Andoral, 2002).
Stress response and seed development (approx. 200 proteins), and
cyclin-related networks (approx. 150 proteins) in rice were studied with
two-hybrid and expression techniques (Coopgral, 2003; Cooperet
al., 2003). Finally, a genetic technique involving screening of
chromosomal deletions coupled with MS or 2D electrophoresis to
analyze protein expression correlation has been used to suggest protein-
protein interactions in wheat (Islanet al, 2003). Metabolomics,
experimental analysis of metabolic networks, and expression-based
experiments have been more common for plants (see (Blellal,

2005) for a recent review), but these studies do not elucidate protein-
protein interactions directly.

High-throughput methods are necessarily error-prone. Various
factors including protein promiscuity (the tendency of some proteins
to interact with many proteins in a non-functional manner), variations
in experimental conditions and inherent systematic noise in each
method all contribute to this error. Examination of the correspondence
between data derived using different methodologies has shown that
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the false positive error rate of high-throughput interaction data is as
high as 50% (von Meringet al, 2002). Examining the overlap between
different experimental data (von Meringt al, 2002) and integrating
various genomic features (Let al, 2005) can improve the accuracy of
these methods but comes with a corresponding decrease in number of
interactions represented in the high-confidence data sets. The yeast
network is the most well-characterized and 60-70% of proteins in yeast
have been shown to be involved in at least one interaction by at least
one experimental interaction (Bork, 2002; von Merieg al, 2002).

2.1. Applications of protein interaction networks

Protein interaction and metabolic networks have particular structure
dictated by evolutionary processes. In the most essential sense they
must function to ensure the survival of the organism with which they
are associated. But how to best accomplish this goal? It appears that
biological networks are fairly error tolerant. That is, if a component of
the network (a node) is removed the structure of the network remains
largely unchanged (Alberet al, 2000; Jeonget al, 2000), in general.
This seems to be accomplished through a scale-free organization. That
is, there are many components in the network with very few connections
and only a few components with many connections in a power-law
distribution (e.g. Figure 3) (Girvan and Newman, 2002; Ravesal,
2002). This architecture protects against removal of a component by
random processes since in all likelihood this will be a non-essential
component. The networks also seem to be modular in nature. There
are fairly discrete regions of the network which perform a particular
function or range of related functions (Snet al, 2002; Rives and
Galitski, 2003; Spirin and Mirny, 2003) and these regions may be linked
through a small number of connections.

Consideration of biological information at the systems level has
been applied to elucidate different aspects of cellular biology and
evolution. Even with the partial networks currently available,
characteristics of a protein’s interacting neighbors can be informative.
The protein’s position in the network, say as the sole link between two
subgraphs or pathways, and more global properties of the network
have been investigated as well. Each of these network features may be
correlated with some characteristic of the protein(s) involved or with
a phenotype expressed at the cellular or organismal levels.

One study reported that the connectivity of a protein in the yeast
network (i.e. how many interacting partners it has) correlates well with
the importance of the protein as judged by the likelihood that it will
be lethal if removed by mutagenesis (Jeagtgal, 2001). Another study
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in yeast found that more connected proteins evolved more slowly than
those that had fewer interactions (Fraser al, 2002). Both these
correlations were also reported in tle elegansand D. melanogaster
protein interaction networks (Hahn and Kern, 2005). These studies also
showed that global network features such as ‘betweeness’ and
‘closeness’ were well correlated with lethality and evolutionary rates.
Betweeness is a measure of to what degree a protein is a bottleneck for
information flow in a network. It is calculated as the percentage of
times that a protein appears in the shortest path between all pairs of
proteins in the network. Closeness is calculated as the average number
of proteins separating a protein and all other proteins in the network.
One conclusion drawn from these studies is that more highly connected
proteins evolve more slowly not only since they are more important
for organism survival but also because more of the sequence of such
proteins is devoted to interacting with other proteins (Fraseral,
2002).

Proteins involved in the process of aging from yeast, fly and worm
were also shown to be more highly connected than non-aging related
proteins (Pletcher, 2004; Promislow, 2004; Ferrargti al, 2005).
Additionally, a recent report showed that the same network properties
hold true for toxicity-modulating proteins in yeast. The study, which
examined the effects of DNA-damaging agents on yeast single-gene
deletion strains covering the 4,733 nonessential proteins, found that
proteins involved in recovery from DNA-damaging agents were more
highly connected and more globally central than proteins that were
not, similar to essential proteins (Samt al, 2004). This study is
particularly exciting since, if extended to plants, these results could be
used to design crops with better resistance to herbicides, or to design
novel herbicides with better targeting.

Annotated protein interaction networks have also been used to
associate proteins with known pathways. In some cases these proteins
were previously uncharacterized and had no known functional
annotations. Since membership in a known pathway implies a function
for a protein, protein interactions can be used to provide functional
annotations. In network-wide studies it was found that interacting
proteins were more likely to share a functional category than those
that do not interact (Schwikowsldgt al, 2000; von Meringet al, 2002).

This observation has been expanded into several general methods for
functional prediction. The simplest of these methods, the majority-rule
method, predicts a function for a protein based on the most commonly
occurring functions of its interacting partners. These methods have
been applied to the yeast protein interaction network giving accuracies
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as high as 90%. To expand the utility of these methods beyond the
scope of well-characterized organisms we have extended this approach
to computationally predicted protein interaction networks including
those for several plants (McDermott al, 2005), discussed in detail
below.

3. COMPARATIVE METHODS OF PREDICTING PLANT
PROTEIN INTERACTION NETWORKS

Experimental investigation is the best way to approach elucidation of
protein interaction networks. However, the amount of effort required
to determine even a small portion of an interaction network for a single
organism is considerable. A number of methods have been developed
to computationally predict physical interactions or functional
relationships between proteins (Valencia and Pazos, 2003;eSHail,
2005). A functional relationship indicates that the proteins work in
concert in some way but does not imply a physical interaction between
them. Examples of functional interactions for which there might be no
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Fig. 1 : Correlation of network properties and protein properties/
phenotype. A number of studies have reported the correlation of various
network properties and evolutionary conservation, essentiality/lethality,
involvement in aging and senescence and modulation of response to toxins.
Connectivity is calculated as the number of interacting neighbors of a
protein (k). The red colored protein has the highest connectivity in the
network pictured. Betweeness is the percentage of times a protein appears
in the shortest paths between all other proteins in the network. Closeness
is calculated as the average distance from a protein to all other proteins
in the network. Proteins with maximal betweeness and minimal closeness
are shown in green in the pictured network. Ovals represent proteins and
lines the interactions between them. Possible phenotypic outcomes of
mutations in these proteins are depicted.

212



Prediction and annotation of plant protein interaction networks

physical interaction would be proteins involved in successive steps in
a metabolic or signal transduction pathway, and two proteins in
multiprotein complex that do not interact directly.

One method to predict relationships between proteins is by the
physical proximity of the genes that code for those proteins. In
prokaryotes a high correlation between membership in an operon and
presence of functional or physical interactions has been found and
used to predict interaction (Dandekat al, 1998; Huynenet al, 2000;

Snel et al, 2002; Teichmann and Babu, 2002). A relationship between
gene proximity and co-expression has been demonstrated in eukaryotes
(Cohenet al, 2000; Teichmann and Babu, 2002; Fukuodiaal, 2004).
Co-expression has also been shown to correlate with protein interaction
in eukaryotes (Janseat al, 2002). None of these features is predictive
of protein interaction by itself so they are usually approaches which
integrate many different features to give a prediction @tual, 2005).

Other experimental and genomic feature information can be
indicative of a functional relationship or physical interaction but is
generally not used to make predictions by itself. The observation that
proteins that have similar functions are more likely to interact is used
to predict functions from known interactions (sé¢etwork-based
annotation of plant interaction networks below). This observation
has also been used in integrative approaches for predicting a
relationship between the proteins and is commonly used as a way to
verify, or at least support, predictions made by other methods €iGe
al.,, 2001; Linet al, 2004; Zhanget al, 2004; Luet al, 2005).

Most methods predicting interactions or functional associations use
evolutionary relationships between proteins, also called comparative
genomics approaches. It has been reported that proteins that interact
are more conserved than those that do not interact (Matthetwal,

2001; Fraseret al, 2002). Phylogenetic profiling examines patterns of
orthologs over many different organisms and predicts relationships
between proteins if the orthologs appear in a correlated manner (Figure
2)(Pellegrini et al, 1999; Yanai and DelLisi, 2002; Date and Marcotte,
2003). Phylogenetic profiling works well for prokaryotes and has been
extended to eukaryotes with some success.

Another method employs protein domain structure across organisms.
The domain fusion method (Enrighat al, 1999; Marcotteet al, 1999;
Yanai et al, 2001) predicts that proteins interact if they represent two
domains that appear in a single protein in another organism. The
prediction is based on the idea that two domains appearing in one
protein must be working together to accomplish a function. If they are
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separated by evolutionary processes into two separate proteins, they
must interact to accomplish the same function.

The “interolog” method of (Walhoutt al, 2000; Matthewset al,
2001; Yu et al, 2004) predicts an interaction between two proteins in a
novel proteome by looking for orthologs which are known to interact
(see Figure 2). In the interolog method as implemented by the Bioverse,
sequence similarity between all protein sequences from a target
organism and sequences in several databases of protein interactions is
determined using PSI-BLAST (Altschudt al, 1997). The organism is
then examined for all occurrences of two proteins that are orthologs of
respective partners from a known interaction. The predicted relationship
in the target organism is the interolog of the experimental interaction
and an interolog score (IS) is assigned as the product of both similarity
measures. Source databases for experimental interactions used by the
Bioverse include the Biomolecular Interaction Network Database (BIND;
(Bader et al, 2003)) and BIND’s dataset of interactions derived from
crystallized structures MMDBBIind (Salamet al, 2001), the Database
of Interacting Proteins (DIP; (Xenariost al, 2002)), and the Human
Proteome Research Database (HPRD; (Rerial, 2004)). They contain
interactions determined from many types of experimental methods,
the most prevalent being two-hybrid and TAP, and cover a large number
of diverse organisms. Due to the paucity of high-throughput
experimental data, plants are underrepresented in experimental
interaction databases. BIND, for example, lists about 385 protein

A B A B A B
organism 0 ? ﬁ
organism 1 interaction database
organism 2
organism 3
organism 4
organism M

Phylogenetic Domain Interolog
Profiling Fusion

Fig. 2 : A. Comparative methods of interaction prediction. Phylogenetic
profiling predicts a functional link between two proteins if their orthologs
appear in a correlated manner over a number of organisms. The domain
fusion method predicts an interaction between two proteins if they appear
as one protein in another organism. The interolog method predicts an
interaction between two proteins if their orthologs are known to interact.
B. Accuracy of the interolog method iDrosophila. The accuracy of the
interolog method as reported in XXX is shown.
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interactions from rice compared to 38,000 for human. The high-

throughput interaction determination methods developed in fungi and

animals have not been widely applied to plants. Therefore predicted
networks must be used to provide preliminary models which can

generate hypotheses and lead future computational and experimental
investigation.

For plants large-scale computational predictions of protein
interactions and relationships have been generated by several groups
(Table 1). STRING provides computational predictions of protein
associations for some plant species. VisANT/Predictome (Medibmal,
2002) provides computational predictions of protein associations for a
number of organisms, but contains only experimentally determined
interactions for plants. Finally, AraCyc (Zhangt al, 2005), for
Arabidopsis and KEGG (Kanehisa and Goto, 2000) use a combination of
orthologous relationships and experimental data, when available, to
assign proteins from plant species to metabolic and signaling pathways
(see (Lange and Ghassemian, 2005) for a recent review of pathway
resources). Additionally, the phenylpropanoid pathwayAirabidopsis
was analyzed using orthologous mapping (Costaal, 2003) and gene
co-expression was used to predict networks for barley (Faceilal,
2005).

The Bioverse has interactions predicted by the interolog method for
different organisms, includind\rabidopsis indica and japonica rice, and
the plant pathogen#grobacterium tumefacienand Magnaporthe grisea
(rice blast)(McDermott and Samudrala, 2003, 2004; McDernwittal,
2005). Table Il shows the size of predicted networks for these organisms,
as well as two other eukaryotes for comparison, using an IS cutoff of
0.2 and shows the coverage of the predicted networks relative to the
total number of proteins in the organism. The coverage for the plants
examined is much lower than fdd. melanogasteran organism with a
large amount of high-throughput experimental data accumulated for
it. Coverage is also higher i€. familiaris, which does not have an
abundance of experimental information but is more closely
evolutionarily related to those organisms that do. Nonetheless,
predicted plant networks appear to have a very similar structure to
experimentally-derived interaction networks. For instance, the scale-
free organization of interaction networks is observed in networks
predicted using the interolog method (Figure 3), as well as those
predicted using other methods (Snet al, 2002). Importantly, the
networks predicted for botrabidopsisand rice encompass many more
proteins than do experimentally determined interactions for those
organisms.
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Table 1 : Resources for protein interactions in plants

Resource Predicted URL Notes
interactions?

AraCyc Yes http://arabidopsis.org/tools/aracyc/ Orthologous associations fokrabidopsisonly
BIND No http://www.bind.ca/ -

Bioverse Yes http://bioverse.compbio.washington.edulnterolog-based predictions

DIP No http://dip.doe-mbi.ucla.edu/ Few plant interactions

KEGG Yes http://www.genome.jp/kegg/ Ohblogous associations

STRING Yes http://string.embl.de -

VisANT No http://visant.bu.edu Experimental only for plants

Resources in bold type include predicted protein relationships for plants.
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Table 2 : Network comparison.

o
Organism Total Network Predicted Coverage Network S
proteins interactions annotated %.

5

A. tumefaciens 5396 569 1357 10.5% 153 “g’_
A. thaliana 27833 699 2959 2.5% 322 %
o

C. familiaris 16817 5785 39302 34.4% 1436 %.
=]

D. melanogaster 16475 13290 405812 80.7% 326 =4
©

M. grisea 11042 2248 12261 20.4% 1730 %,_’
O. sativa indica 40925 2756 28003 6.7% 250 é
O. sativa japonica 36658 2677 31557 7.3% 245 g
0]

Total, number of proteins in proteome; Network proteins, number of proteins in predicted network consndermg

those interactions with interolog score (IS) greater than 0.15; Predicted interactions, number of interactions wn@ IS
greater than 0.15; Coverage, percentage of proteins in organism that have predicted interactions; Network-annotated,
number of proteins with no significant functional annotation that could be annotated using the nelghborho;Ead-

weighting method with a confidence of 30% or better.
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Fig. 3 : Distribution of connectivity in predicted plant networks. The log

of the number proteins (N) is plotted against the log of the number of
connections per protein (k) with bin size of 10 connections. Dashed lines
are fitted to a power-law distribution. The interolog-predicted network
from Arabidopsis (red circles) is compared with the experimentally-
determined yeast network (blue squares) showing that the scale-free nature
of interaction networks is preserved in predicted plant networks.

Networks were constructed by considering all proteins as nodes
(circles) and all predicted interactions between them as edges (lines) in
the network. A portion of the network fromrabidopsisis shown in
Fig. 4. Proteins are colored by the highest scoring broad GO annotation
category (indicated in the legend) and edges between them are the
predicted interactions colored according to their IS. It is clear even
from this limited subnetwork that proteins with similar functions are
likely to have predicted interactions with each other. A subset of more
specific GO annotations and PO categories from TAIR appear as square
nodes in the network. This allows proteins annotated as, for example,
chloroplast proteins, to be associated spatially and shows clearly
functions of different regions of the network. Sequence similarity
between proteins in the network am@ sativa japonica(Syngenta) was
calculated and thos@rabidopsis proteins with PIDs above 80% to rice
are shown as a light green circle. This indicates which proteins and
regions of the network the most conserved with rice and which are
more distinctive toArabidopsis Red-colored proteins in the network
have no strong functional association (computational or manual) and
thus represent proteins that would benefit from further investigation
(see Network-based annotation of plant interaction networksection
below).

4. ANNOTATION OF PLANT INTERACTION NETWORKS

Providing accurate, high-resolution functional annotations for large
numbers of proteins in an organism requires a large amount of
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Fig. 4 : Annotated network fromArabidopsis thaliana A network was
generated forArabidopsisby predicting interactions (lines) between proteins
(circles) as described in the text. Computationally predicted gene ontology
(GO) annotations from the Bioverse and manual annotations from TAIR
were used to color proteins according to broad categories. Additionally,
more specific selected GO categories (light green squares) and plant
ontology (PO) categories (blue squares) were associated with proteins and
used to enhance the layout of the network. Proteins which are highly
conserved (greater than 80% sequence identity) relative to protei®. in
sativa japonica(Syngenta) are indicated by a overlapped light green node.
Red-colored proteins have no strong functional association and thus
represent cases for which network-based annotation will be most useful.

experimental research and manual curation of annotations. Manual
curation is normally based on careful reading of literature regarding
the protein in question and assignment of functional labels based on
the results described therein (Lewe$ al, 2000; lliopouloset al, 2003;
Haas et al, 2005) or by novel experimental investigation targeting
numbers of proteins for the purpose of annotation. It can also be a
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result of critical evaluation of computational annotations by a biologist
familiar with the organism in question. These cases take a significant
amount of time and effort and are limited by the availability of

experimental information for the protein and/or computational

predictions for the protein.

A number of organism-specific projects that perform manual
annotation exist. TheArabidopsis Information Resource (TAIR (Rheet
al., 2003)), Gramene (http://www.gramene.org; (Watke al, 2002)) and
the Institute for Genome Research (TIGR; http://www.tigr.org)
maintain databases for several plants includikrgbidopsis (Haas et al,
2005), rice (Yuaret al, 2003) and wheat. Due to its suitability for genetic
and biochemical analysiérabidopsis has established itself as a model
organism and so has the most complete functional annotation of any
plant genome. As of 2005, TAIR reports that 75% of the organism’s
approximately 25,000 proteins could be assigned to at least one
functional category using a combination of manual annotation and
computational methods (Berardimt al, 2004).

Structured vocabularies such as the gene ontology (GO; (The Gene
Ontology Consortium, 2001)) have been developed to provide universal
functional descriptions that range in specificity and emphasis. GO was
originally designed with Metazoa and Fungi in mind as the first member
organisms were fruit fly, mouse and yeast. Recently, GO has been
expanded to include more plant-specific functional categories or
variations on existing categories (designated by thkensu label) that
reflect differences in plant physiology or biochemistry (Clagk al,
2005). Figure 5 gives some examples of functional categories in the
context of the GO structure relevant to plants. A property of this
structure is that a protein annotated with a particular category is also
associated with all of that category’'s ‘ancestors’ in the GO as well.

Additionally, other biological ontologies that provide more specific
descriptions of plants and plant physiology have been developed.
Gramene, which provides a comparative genomics resource for grasses,
has led the development of the Plant Ontology (PO), Growth Stage
Ontology (GRO), and Trait Ontology (TO) (Wamt al, 2002; Yamazaki
and Jaiswal, 2005). The PO provides descriptions of morphologies and
developmental stages of flowering plants. GRO is specific to cereals
and provides categories to compare growth stages, presently only for
a limited number of plants (Yamazaki and Jaiswal, 2005). Finally, TO
provides phenotypic descriptions and information about the
methodology used to gather the phenotypes.
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Fig. 5 : Example Structures from the Gene Ontology (GO). Example

categories (pink) and their ‘path’ structures are shown from each of the
three main branches of GO, biological process, cellular component and
molecular function (green). The structure of GO is a directed acyclic graph
(DAG) meaning that categories can have multiple children (as in

‘membrane’ from cellular component) as well as multiple parents (as in
‘photomorphogenesis’ from biological process). Categories closer to the
root (top) of this structure are broader and those further down the structure
are more narrow and convey increasingly specific function.

Since manually-assigned annotations are incomplete, even for the
well-covered Arabidopsis other methods can be used to provide
functional annotations by extrapolation based on evolutionary
comparison, structure-based annotation and novel methods based on
the organization of protein interaction networks.

4.1. Sequence-based annotation of plant interaction networks

Functional annotations can be computationally predicted to generate a
preliminary model for manual annotation and make predictions to guide
direction of experimental investigations to areas of greatest need. Most
methods of computational annotation are based on sequence comparison
and assignment of function by transferring known functions to the
target protein based directly on inferred evolutionary relationships.
This type of method is known as transitive functional annotation and
can be divided into two major groups: those methods which transfer
function based on similarity to other sequences and those which transfer
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function based on similarity with conserved sequence elements such
as families, domains and motifs. The latter group is more rigorous,
since the conserved sequence elements have been well characterized
and curated, and can provide better coverage, since many of these
elements are modular and can be arranged in different ways for different
proteins. Results from a variety of resources for conserved sequence
features (e.g. Pfam (Batemast al, 2000) and Superfamily (Gough and
Chothia, 2002)) can be combined into common Interpro categories
(Apweiler et al, 2001), which can then be used to derive GO categories
for the protein.

Approaches like this have been used by a number of groups
including ours to provide functional annotations for plant proteomes
(The Arabidopsis Genome Initiative, 2000; Frishmetnal, 2001; Goffet
al., 2002; Kikuchiet al, 2003; McDermott and Samudrala, 2003; Yusin
al., 2003; Berardiniet al, 2004). Large-scale functional annotation has
shown that certain functional categories are overrepresented or
underrepresented in plants. Proteins involved in RNA processing,
protein kinases, the disease resistance-associated proteins LRR (leucine
rich repeats) and TIR (Toll/IL-1R), and RING zinc finger and F-box
proteins are all overrepresented Amabidopsisand rice (The Arabidopsis
Genome Initiative, 2000; Kikuchet al, 2003; Yuanet al, 2003). In all,
about 150 protein families are unique to plants (The Arabidopsis
Genome Initiative, 2000).

In Arabidopsis69% of the proteins could be assigned at least one GO
annotation using computational means alone (75% including manual
annotations) (Berardinet al, 2004). Coverage is lower in rice, between
42-49% (Goffet al, 2002; Yuanet al, 2003). Currently rice, and other
plant genomes which are in the process of being sequenced such as
potato, soybean and tomato and the cereals sorghum, wheat and maize
(Patersonet al, 2005), has far fewer manual annotations taabidopsis
However, several studies have found that sequence-based
computational annotation of whole genomes and/or proteomes can be
nearly as accurate as manual annotation efforts (lliopoetosal, 2003;

Mi et al, 2003), but this has not been demonstrated in plants.

Functional annotation of predicted protein interaction networks
provides a context for the functions of individual proteins. Context of
a protein in the network can reiterate known mechanisms for protein
function, point out straightforward associations that have not been
previously reported, and provide novel predictions for functional
associations. Shown in Figure 6 is an annotated subnetwork from
japonica rice (Syngenta) which can be interactively explored using the
Bioverse Integrator (http://bioverse.compbio.washington.edu/
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Fig. 6 : Predicted interaction between the transcriptional factor, AGAMOUS,

and a Cf2/Cf5 defense protein in rice. AGAMOUS and Cf2/Cf5 are shown

in purple, other proteins are colored according to the broad functional
categories shown in the legend. Predicted interactions are colored by
interolog score (see legend in Figure 4). Although there is evidence to
support the existence of this interaction, it has not yet been investigated
experimentally.

integrator; (Changet al, 2005; Changet al, 2006)). Highlighted in the
figure is a novel predicted association between a putative defense
response protein, Cf-2/Cf-5, and a transcriptional factor (TF),
AGAMOUS. The organization of functional domains in both proteins
is evident from their sequence-based annotation. AGAMOUS is a C-
class MADS box protein involved in various aspects of floral
development (Theissen, 2001; Yamaguddti al, 2006). Although not
directly implicated in disease resistance AGAMOUS-deletion mutants
have been shown to be less susceptible to certain pathogens (Etrban
al., 2002). Additionally, the Cf-2/Cf-5 homolog is a member of the
leucine-rich repeat (LRR) receptor-like protein (RLP) family which has
been implicated in both disease resistance and development (Fritz-
Laylin et al, 2005). Several interesting directions are suggested by this
association: The first is that response to disease-causing agents by Cf-
2/Cf-5 makes use of or affects developmental pathways through
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AGAMOUS. Alternatively, AGAMOUS may respond to developmental
cues from Cf-2/Cf-5. Neither of these possibilities have been
investigated experimentally, though iArabidopsis AGAMOUS was
identified in a signaling complex with a receptor-like kinase (RLK)
that is closely related to the RLP family (Fritz-Layk al, 2005; Karlova
et al, 2006) and AGAMOUS was also found to be complexed with
FLOR1, an LRR protein of unknown function (Gambe# al, 2001).
This example shows how the integration of functional annotation with
predicted protein interaction networks can provide novel and useful
predictions about the context and mechanism of those functions.

4.2. Structural annotation of plant interaction networks

Determination of function by comparison of structure offers another
approach to the annotation problem (Teichmaatnal, 2001). Sequence
and structure are often conserved in a concerted fashion, that is proteins
with similar sequences often have the same general structure, called
the fold, and vice-versa. However, structure is more conserved than
sequence, leading to proteins with similar structures and functions but
unrelated sequences. So, knowing the structure of a protein allows
approaches to provide more detailed functional and mechanistic
information about proteins and functional determination for proteins
for which sequence-based methods don’'t work well (Samudealal.,
2000; Pal and Eisenberg, 2005). Structural comparison can also allow
better sequence alignments to be constructed from distant orthologs.
These alighments can be used to derive functional information by
looking for conserved active site residues or other conserved features
(Wang and Samudrala, 2005).

Generally, structure-based approaches are limited by the availability
and coverage of protein structures for an organism. For plants this is
especially relevant since relatively few protein structures have been
determined, as mentioned previously. Plant proteins account for only
about 1.5% (approximately 600) of proteins with experimentally
determined structures listed in the protein data bank (PDB;(Beratan
al., 2002)). Comparative modeling offers one way to address this
problem: Using closely related sequences with known structures as
templates can provide high-resolution structural models (Samudrala
and Levitt, 2002). A survey of the plant proteomes in the Bioverse
shows that only 15-20% of proteins have sequence similarity to proteins
with  known structure sufficient to produce moderate quality
comparative models (above 20% percentage identity). Proteomics efforts
are rapidly expanding the number of proteins and fold families that
have known structures and this will continue to improve the utility of
structure-based methods.
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Protein-protein interactions can be predicted on the basis of
structural annotation by identifying protein complexes that have been
structurally characterized. In the Bioverse these predictions are
implicitly included by wusing structurally-based protein-protein
interactions from MMDBBind for comparison in the interolog method.
Structural information and comparisons in the context of metabolic
networks have been used to characterize biosynthesis pathways in
plants (Noelet al, 2005) and can be used to help engineer pathways
for natural product production in plants (Dixon, 2005). More complete
structural characterization will greatly enhance the value of protein-
protein interaction networks in plants and other organisms.

4.3. Network-based annotation of plant interaction networks

Methods of annotation based on sequence similarity are limited by the
existence of characterized sequences with significant sequence similarity
and by methods to detect remote similarity. Methods for identification
of remote homologs are steadily improving but there are still proteins
for which no reliable functional annotations can be assigned. Another
way of assigning function to proteins is by integration of existing
genomic information of different kinds.

Yeast has the best characterized protein interaction network as well
as the most extensively functionally annotated genome of any model
organism. These qualities have been exploited to provide annotations
for some of the remaining proteins which don’t have well characterized
functions. Interacting proteins tend to have correlated function as well
as expression, evolution and cellular location. Interactions can be used
to generate novel functional predictions based on this observation using
network-based annotation. The simplest network annotation method is
the “majority-rule” method in which the functions from all proteins
interacting with a particular protein, its network neighbors, are
tabulated and the function or functions with the highest frequency are
assigned to the protein in question (Schwikowskial, 2000). For yeast,
the accuracy of the majority-rule method is about 70% for proteins
covered, about 30% of the total proteins. Approaches using Markov
random field analysis (Letovsky and Kasif, 2003; Deagal, 2004;
Reichmannet al, 2005), global network connectivity (Vazque# al,
2003) and clustering (Brumt al, 2003; Samanta and Liang, 2003) have
all been applied to the yeast protein interaction network with equal or
better success. These have improved accuracy, up to the 80-85% range,
though the number of functional categories assigned varies.

Until recently, this approach hadn’'t been applied to plants since
experimental protein interaction networks have not been determined.
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This fact, as mentioned above, severely limits the utility of the approach,
and its applications to less well-characterized organisms. To address
this issue we developed a network-based annotation method using
predicted interaction networks (McDermott and Samudrala, 2004;
McDermott et al, 2005). The method uses interactions predicted by the
interolog method and IS scores to generate a list of annotations for
each protein in the network and a confidence measure which reflects
the probability that the prediction is correct.

Table Il shows the number of proteins with no existing automated
functional annotation that could be assigned a network-based
annotation with a moderate confidence for several organisms. An
interesting point is that even thougkrabidopsisand rice have much
lower network coverage than the fly network, the number of useful
network annotations produced for these organisms was similar. The
method is most useful on the rice blast fungi$agnaporthe grisea
primarily because the proteome is poorly annotated by conventional
sequence-based methods. This illustrates the utility of predicted
networks for annotation of proteins, even when the predicted networks
are quite limited.

5. CORRELATION OF PREDICTED NETWORK
CHARACTERISTICS WITH PHENOTYPE

To be useful, predicted interaction networks must be informative about
member proteins, or about the organism itself. It has been shown that
predicted networks have scale-free and modular structures which are
similar to experimental networks (Pellegrieit al, 1999; Snelet al,
2002; Yanai and Delisi, 2002). Predicted networks can also be used to
functionally annotate proteins with no previously known function
(McDermott et al, 2005). As discussed above characteristics of
experimentally-determined protein interaction networks have been
correlated with protein and organismal phenotypes (Figure 1). However,
it remains unclear how similar these predicted networks are to
experimental networks in terms of this phenotypic correlation.

Our preliminary results indicate that networks predicted by the
interolog method can have similar properties to experimentally
determined networks in this regard. Analysis of the predicted
Arabidopsisnetwork from the Bioverse revealed that proteins with more
predicted interactions are more evolutionarily conserved than those
with fewer predicted interactions, on average (McDermott and
Samudrala, unpublished findings). This is not too surprising given that
the interolog method will work better on more highly conserved
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proteins. Additionally, we have found a similar ratio of connectivity in
the predicted network to protein essentiality in the predicted fly
network, even when experimental fly data was eliminated, as that found
in the corresponding experimental network (McDermott and Samudrala,
unpublished findings). Studies are underway to further characterize
this relationship in the predicted plant protein interaction networks.

For plants the potential applications of this approach are obvious.
Predicted protein interaction networks could be used to identify proteins
involved in senescence, toxin-response or other pertinent phenotypes.
Due to the limited number of manual annotations available and the
limited coverage of the predicted networks for plants, thorough
evaluation of these networks is difficult at this time. Increased
availability of experimental interactions and more extensive annotation
of plant proteomes will allow us to better address this issue.

6. CONCLUSION

Computational methods based on comparative genomics can be used
to predict protein interaction networks for previously uncharacterized
organisms. Building on evolutionary relationships and the burgeoning
amount of experimental data covering protein-protein interactions for
a small number of organisms, methods extrapolating interactions to
largely uncharacterized organisms have been developed. A number of
groups in this field have generated predicted interaction networks for
many organisms, but very few have focused on prediction of plant
networks (Table I). Using our computational biology framework, the
Bioverse, we have applied the interolog method to generate predicted
interaction networks inArabidopsisand thejaponica and indica cultivars

of rice. Although the networks generated by this approach cover only
a small percentage of proteins in their respective organisms, they
represent a valuable starting point for exploration of plant protein
interaction networks. Evolutionary relationships between plants and
other organisms preserve a core interaction network for the plants
examined.

Well-characterized protein interaction datasets can be used to verify
and calibrate predictive methods described. Such calibration is essential
to provide robust estimates of accuracy for predictions made. An
assumption of the work described here is that accuracy estimates for
predictive methods made using gold standard sets from animals, fungi
and bacteria, will apply to predictions made for plant proteins. Based
on results from other studies (e.g. extrapolating from fungCtcelegan¥
it seems that protein interactions can be transferred across appreciable
evolutionary distances but only increases in the number of
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experimentally determined interactions for plants will allow rigorous
examination of the accuracy of these predictions.

Clearly, predicted networks such as those described in this chapter
can not substitute for experimental determination of protein interactions
in the organism of interest. Rather, these networks represent prototype
models for biological systems. The value of such models is still being
assessed but these types of networks have been proven to provide
valuable information in terms of novel functional assignments (Date
and Marcotte, 2003; McDermogt al, 2005). Based on our preliminary
investigations they also seem to provide useful information in terms of
correlations of network structure and organismal phenotypes. These
findings indicate that the predicted networks reflect the underlying
real protein interaction networks but it is possible that the predictive
methods generate interactions and networks that merely have some
similar properties of real ones. For instance, the observation that
proteins in the predicted\rabidopsis network with greater connectivity
also are more evolutionarily conserved is inextricable from the method
used to make the predictions, which is based on evolutionary
conservation. However, this issue doesn’'t render the models useless,
merely points out the importance of caution in interpretation of results.
This is the same caution which should exist when considering networks
determined by high-throughput methods since they may wellldss
accurate, considered independently (von Meriag al, 2002), than
predicted models such as interolog networks with appropriate
calibration (McDermott and Samudrala, manuscript in preparation; (Yu
et al, 2004)).

Proteins must be subjected to extensive experimental investigation
to achieve confident, high-resolution functional characterization, but
computational methods can provide a good starting point for such
investigation. Rigorous predictive methods, especially those that
provide coverage for the greatest number of proteins with unknown
function, can identify proteins that most need experimental
characterization, and can place proteins in a functional context that
can provide valuable information for experimentalists.

Computational predictions can be used to further plant biology.
The predictive methods described here, as well as prediction of protein
structure, provide useful hypotheses for experimental investigation. It
is clear that the prediction of interaction networks for plants is still in
its infancy. Further experimental characterization of protein interaction
networks from plants and other organisms will allow more accurate
and complete prediction of networks.
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