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Protein–protein interactions are fundamental to all biological processes, and a comprehensive determination
of all protein–protein interactions that can take place in an organism provides a framework for understanding
biology as an integrated system. The availability of genome-scale sets of cloned open reading frames has
facilitated systematic efforts at creating proteome-scale data sets of protein–protein interactions, which
are represented as complex networks or ‘interactome’ maps. Protein–protein interaction mapping projects
that follow stringent criteria, coupled with experimental validation in orthogonal systems, provide high-
confidence data sets immanently useful for interrogating developmental and disease mechanisms at a
system level as well as elucidating individual protein function and interactome network topology. Although
far from complete, currently available maps provide insight into how biochemical properties of proteins and
protein complexes are integrated into biological systems. Such maps are also a useful resource to predict
the function(s) of thousands of genes.

SYSTEMATIC MAPPING OF INTERACTOME

NETWORKS

Most gene products mediate their function within complex net-
works of interconnected macromolecules. Studies in model
organisms suggest that complex macromolecular networks
have topological and dynamic properties that reflect biological
phenomena (1,2). Thus, an understanding of biological mech-
anisms and disease processes demands a ‘systems’ approach
that goes beyond one-at-a-time studies of single components
to more global analyses of the structure, function and dynamics
of the networks in which macromolecules function.

We consider the full interactome network as the complete
collection of all physical protein–protein interactions that can
take place within a cell. Construction of comprehensive sets
of protein–protein interactions, interactomes, requires the cre-
ation of genome-scale resource collections of open reading
frames (ORFeomes) cloned so as to facilitate protein
expression, generated iteratively based on improved gene
predictions and experimental verification and capturing all
expressed isoforms (splice variants and polymorphisms).
ORFeomes, as faithful representations of the encoded
proteome, provide the starting material for carrying out high-
throughput interaction studies that are then validated by orthog-
onal interaction methods. The resulting interactome maps are
regarded as ‘framework’ information; and by integrating

other functional genomic and proteomic data sets, increasingly
detailed and reliable biological models can be generated (3).

Model organisms have provided the basis for a systematic
characterization of physical protein–protein interactions
(‘interactome’ mapping). Initial efforts focused on defined
biological processes or ‘modules’ for the yeast Saccharomyces
cerevisiae and the worm Caenorhabditis elegans (4,5).
Subsequently, proteome-scale interactome mapping projects
for eukaryotes have been carried out in yeast, worm and fly
(6–10). Current estimates for the complete yeast interactome
suggest �28 000 potential protein interactions, on the basis
of experimental and computational analyses (6,7,11–15)
along with incorporating literature-curated interactions such
as those collected in the MIPS databases (16). So far, the
worm and fly interactome maps each contain approximately
5000 high-quality putative interactions derived primarily
from high-throughput yeast two-hybrid (Y2H) screens
(8–10). These two data sets demonstrate the feasibility of
interactome mapping projects for metazoans, and they also
illustrate the power of integrating multiple approaches to
model biological networks (17). However, to fully understand
human biology and the molecular mechanisms underlying dis-
eases such as cancer, systematic experimental mapping of the
human interactome itself is necessary.

Although completed genome sequences provide lists of tens
of thousands of predicted unique proteins (�25 000 for the
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human proteome, disregarding splice variants and post-
translational modifications), the sequences by themselves do
not provide an understanding of the underlying principles of
cellular systems. Proteome-scale information is also required
at structural, functional and dynamic levels. This information
should encompass various molecular networks, such as regu-
latory, biochemical or protein–protein interaction networks.
The initial challenge is the generation of comprehensive
network maps, generally depicted as nodes (e.g. proteins,
RNAs, DNA binding sites or metabolites) linked by edges
corresponding to molecular interactions (e.g. protein–protein
interactions, enzymatic reactions, DNA–protein, etc.).
For each network map, individual nodes and edges need to
be perturbed systematically to help in understanding the
logic of molecular networks involved in any biological
processes of interest. As biological systems are highly
dynamic and fluid, information on where and when nodes
appear or disappear on where and when edges take place
and on the rewiring of the network, as sub-networks appear
or disappear during developmental and cell cycle stages,
needs to be obtained.

Here, we review recent progress in interactome mapping,
emphasizing the need for high-confidence, experimentally
derived data sets to drive the construction and use of these
maps as frameworks for integrating other genome-scale infor-
mation, such as genetic interactions, expression profiling and
phenotypic analyses.

FUNCTIONALITY AND MULTIFUNCTIONALITY

A significant hindrance to a comprehensive understanding of
human biology, encompassing both the individual parts and
the integrated whole, is the limited information available for
most human genes, beyond the completed DNA sequence of
the euchromatic portion of the genome (18). For example, in
the most recent compilation of 25 356 human genes listed at
NCBI, only 15 088 contain a predicted PfamA domain (19),
leaving �40% with no annotated functional element. In con-
trast, in S. cerevisiae nearly all genes have an assigned Gene
Ontology (GO) term (20), with most of these GO annotations
arising from experimental, not predicted, assignments.
However, functional annotation assigned solely on the pre-
sence of conserved domain signatures has severe limitations,
because many predicted domains have no or limited functional
annotation(s), and because most proteins can contain multiple
domains. The situation becomes even more complicated for
proteins that have multiple functions and multiple classes of
interacting partners, the multifunctional ‘moonlighting
proteins’ (21). The problems with multifunctional proteins
are that the apparent main function of the protein may not
explain an observed phenotype, activity, or genetic or physical
interaction; thus, determining all the multiple functions of a
protein or its interacting partners may be elusive.

STANDARDIZED ORF COLLECTIONS

The nearly 250 complete genome sequences (18 eukaryotic
genomes plus 230 microbial genomes) and the 234 eukaryotic

genome sequences in progress or nearing completion, as of
June 1, 2005, constitute an enormous, albeit admittedly
substantially untapped, wealth of biological information
(http://www.ncbi.nlm.nih.gov/Genomes/). However, for
nearly all sequenced genomes, the exact gene count as well
as the precise exon–intron structure for each protein-coding
gene remains incomplete, and with available approaches
perhaps indeterminable, even for the well-annotated
C. elegans and S. cerevisiae genomes (8,22–25). Conse-
quently, concerted efforts to experimentally verify every
protein-coding gene in the genome are still required (26).
Large-scale cDNA cloning efforts have provided significant
number of genes for further manipulation (27–35).
However, full-length cDNAs are generally not immediately
suitable for protein expression, mainly because of the presence
of 50 and 30 untranslated regions flanking the ORF (26). For
protein expression at proteome scale, systematic and compre-
hensive cloning of full-length ORFs, ORFeome projects as
opposed to cDNA cloning projects, is specifically required,
particularly for eukaryotic organisms. Furthermore,
ORFeome cloning using high-throughput systems such as
Gateway recombinational cloning creates resource collections
that can be readily manipulated as ‘standardized parts’ for any
desired expression system (26). ORFeome projects are
underway and ongoing for several eukaryotic organisms,
yeast, worm, plants, mouse and humans (8,27,29,36–42).
ORFeome cloning also provides valuable experimental
verification of gene predictions, especially for those gene
predictions with minimal or no prior evidence (8). Although
ORFeome cloning projects obviously in and of themselves
do not establish gene function, they are indispensable for
subsequent proteome-scale investigations that do lead to
functional annotation (26).

PROTEINS, COMPLEXES AND NETWORKS

A common theme pervading biological investigation is that
most proteins generally function as components of complexes
that contain other macromolecules to carry out specific
biological processes, and networks of interactions connect
multiple, different cellular processes (43–46). In these two
concepts are embedded several implications. First, if the
function of any one protein is known, then identification of
its interacting partners will predict function for some or all
of the partners, the ‘guilt-by-association’ principle (47).
Second, any given protein may participate in multiple
complexes, each with a discrete function (48,49). Third, com-
munication between processes involves protein–protein inter-
actions that connect complexes (2,50). Fourth, the function of
a novel protein complex can be predicted following the
‘majority rule’ principle, whereby the most common function
held by a majority of members defines the overall function of
the complex (50–53), and by extension, the function of any
unknown component. Fifth, biological networks exhibit emer-
gent properties that are best understood after many or most
network connections are identified (54–57). Sixth, reliance
on incomplete annotation or incomplete networks can lead
to biased or possibly erroneous conclusions (57–60).
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With 30% or more of human genes lacking functional
annotation, and with just a few thousand human genes well
characterized, one pressing need is to obtain comprehensive
and unbiased data sets of all potential binary and complex
membership interactions. Currently, two experimental
methodologies are used for generating genome-scale protein
interaction maps at high-throughput. They are high-throughput
yeast two-hybrid (HT-Y2H) (61–63) and analysis of protein
complexes by affinity purification and mass spectrometry
(AP–MS) (64,65). Yeast two-hybrid (Y2H), as a binary
assay captures direct protein–protein interactions, whereas
AP–MS identifies components of stable complexes. Both
assays individually can provide useful information on protein
function by employing guilt-by-association and majority rule
principles. Some information on the dynamic nature of inter-
actions can be obtained when Y2H and AP–MS are combined
(66) or when interaction data is supplemented by data from
expression profiling and phenotypic analyses (3,17).

An alternative to experimental determination of protein
interactions is prediction by various computational genomics
approaches (67–70). Computational genomics utilizes infor-
mation on individual protein interactions taken from publicly
available databases such as BIND (71), MIPS (72) and
HPRD (73,74), relies on annotations defined by Pfam (19),
GO (20), and combines these data with sequence similarities
within genomes and orthologies across genomes for in silico
prediction of protein–protein interactions (75–80).

IDENTIFICATION OF PROTEIN INTERACTIONS

BY YEAST TWO HYBRID

The Y2H system, as originally described by Fields and Song
(81), and the many derivatives of it that have been developed
(62), is the most commonly utilized system for identifying
binary protein–protein interactions, particularly at proteome
scale (6,7,9,10,82–84). A key feature of Y2H is that it can
be employed as an unbiased investigation into potential
binary protein–protein interactions.

The canonical Y2H system consists of a separable, DNA
binding domain (DB) from a transcriptional activator protein
(yeast Gal4 or bacterial lexA) fused to protein ‘X’, generally
referred to as the ‘bait’, and a separable transcriptional acti-
vation domain (AD) fused to protein ‘Y’, termed the ‘prey’.
When DB-X and AD-Y are co-expressed in the nucleus of
yeast cells, X-Y protein–protein interactions reconstitute a
functional transcription factor that activates one or more
reporter genes (Fig. 1A). Two outstanding virtues of Y2H
are: (i) DNA, not protein, is manipulated to study both bait
and prey (85) so ORFeome resources are readily employed
(8,83); and (ii) it is readily adapted to high-throughput
methods (61,83,85–88).

Standard Y2H generally underestimates the number of
interactions, because forced subcellular localization of bait
and prey in the yeast nucleus may preclude certain interactions
from taking place, a particular instance being interactions
involving integral membrane proteins. For interactions that
require specific post-translational modifications, unless
the enzymes responsible for such modification happen to be
present in the yeast nucleus, the interaction may not be

detectable by Y2H. For these reasons and others, the
canonical Y2H has an inherent false-negative rate that limits
the number of potential protein–protein interactions (62).
However, alternative two-hybrid systems (62,89) can be
employed for classes of proteins refractory to the standard
Y2H. Although none of these alternative systems have yet
been adapted for proteome-scale use, the availability
of cloned ORFeomes will facilitate the eventual shift to
high-throughput.

TECHNICAL FALSE-POSITIVES IN Y2H

Both experimental and computational methods for identifying
protein–protein interactions will exhibit some degree of false-
positives. We consider false-positives to be of two distinct
classes. Biological false-positives are those in which the inter-
action can be confirmed by multiple, different methods, but the
two proteins are never present in the same cell or subcellular
compartment at the same time. These false-positives are
nearly impossible to unequivocally identify using interaction
assays alone. The second class is technical false-positives
that can occur in any experimental system. Early HT-Y2H
experiments might have been compromised by a high rate of
technical false-positives owing to specific features of the
particular Y2H system available at that time. In later and
ongoing HT-Y2H experiments the technical false-positive
rate is substantially reduced by, among other improvements,
incorporating multiple reporter genes to measure transcription
activation, employing different DNA sequences for binding by
DB in the promoters of the reporter genes, using low copy
number vectors, and, importantly, retesting interacting pairs
in fresh yeast (62,83,85,90–92). In addition, any two-hybrid
system based on transactivation of reporter genes, not just
the Y2H, will experience ‘auto-activators’, where the DB-X
construct activates gene expression in the absence of any
AD-Y (Fig. 1B). Strong auto-activators can be removed directly
before any AD-Y is added (93). Additional auto-activators arise
owing to acquisition of mutations in the bait during propagation
of bait-containing yeast cells. These latent auto-activators are
much harder to identify, as the presence of AD-Y gives the
appearance of an interaction when in fact it is the DB-X
construct alone that auto-activates the Y2H reporter genes,
irrespective of any AD-Y that is present (62).

The initial genome-wide Y2H studies contained significant
technical false-positives (86), most likely because the influ-
ence of auto-activation was not recognized. The high
proportion of false-positives does not necessarily diminish
the impact of these studies (86,94,95), but does reflect the
challenges faced in moving from highly focused, reductionist
approaches to global approaches that attempt to interrogate
entire genomes and proteomes in an unbiased way that can
capture all potential interactions.

Several computational methods have been developed in an
attempt to reduce the impact of DB-X auto-activators.
Auto-activators appear as ‘sticky’ or promiscuous baits
that have many interaction partners, which often do not
share any common functional annotation. Therefore, criteria
such as cut-offs for maximal number of interactors for a
given bait protein or common functional annotation among
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interactors (9,82,96–98) have been used to eliminate putative
auto-activators. This strategy reduces the size and complexity
of the resulting interactome network, as some of the baits or
preys with large numbers of interactors or interactors that do
not share common functional annotation may still represent
real interactions. Alternatively, auto-activators can be, and
should be, removed experimentally by first testing for prey-
independent growth on selective media to remove strong
auto-activators (93), and by identifying and removing ‘latent’
auto-activators during the screening process (83,91,99). Once
technical false-positives are removed, the quality of the
resulting data set is significantly improved (10,83,100).

THOUSANDS OF INTERACTIONS: ON THE WAY

TO PROTEOME-SCALE INTERACTOMES

Large-scale Y2H screens for Helicobacter pylori (82),
S. cerevisiae (6,7), Drosophila melanogaster (9), C. elegans

(10) and Homo sapiens (63,83) have produced thousands of
interaction pairs. However, for each species the results
covered only a small fraction of the expected number of
interactions. The two separate studies with S. cerevisiae
identified over 3000 potential protein–protein interactions,
but these constitute only 10–15% of the expected total
(101,102). Likewise, the worm interactome containing over
4000 interactions comprises less than 5% of the expected
total and similarly for the fly interactome (54).

The two groups that conducted HT-Y2H for yeast used the
same �6000 ORFs as baits, but there was less than 15%
overlap in detected interaction pairs (6,7). The low overlap
has raised the concern that Y2H is inherently ‘noisy’
(98,102). Even more, each of the two screens had a less
than 13% overlap with a literature set of high-confidence
interactions compiled from single-gene analyses (2,7).
Although the genome-wide Drosophila screen reported
�5000 high-quality interactions (9), two smaller, focused

Figure 1. Stringent Y2H screening strategy. (A) Through use of multiple, single-copy reporter genes, low copy plasmids for expression of bait and prey in yeast,
and retesting of all positives, Y2H achieves increased stringency leading to reproducibly real interactions. (B) Removal of auto-activators. Auto-activating baits
are the major source of false-positives. Strong auto-activators can be removed prior to addition of prey plasmids. Latent ones can arise during manipulation of
yeast; testing for latent auto-activators is performed in parallel with Y2H screening.
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screens for Drosophila showed minimal overlap with this
larger study (103,104), echoing the situation seen for the
two yeast studies. This low overlap suggests that high-
throughput screens should be repeated more than once to
recover the maximum amount of interaction pairs.

It is assumed that the published literature on protein inter-
actions encompasses the most comprehensive and best-
annotated information available. However, the various
curated data sets compiled from the literature show limited
overlap with each other (2,74,83,105). The limited overlap
among various data sets is likely due to several factors,
including uneven sampling, high false-negative rates in
experimental and computational protocols, and irreproduci-
bility within and between different experimental and
computational approaches (74).

VALIDATION OF Y2H BY ORTHOGONAL

ASSAYS

Although many ‘interesting and novel’ interacting pairs have
been obtained in the various global Y2H screens, any
particular result should be viewed with caution until
validated by another distinct method. For the yeast, bacterial
and fly screens, computational methods were used to gather
sets of high-confidence interactions (96,101,106). Although
computational methods can qualify potential interactions,
still direct tests of bait/prey interaction in an independent,
orthogonal assay are required.

For the C. elegans and human HT-Y2H studies, stringent
criteria were imposed before and during the screen (10,83).
By rigorously eliminating auto-activators and by systemati-
cally retesting all interaction pairs, experimentally derived
high-confidence Y2H data sets were obtained. To further
validate Y2H interaction pairs experimentally, a co-affinity
purification (co-AP) strategy was used, taking advantage of
the respective C. elegans and human ORFeome collections
(Fig. 2) (8,83). The orthogonal co-AP assay requires that
the interacting pairs, expressed in mammalian cells (as
opposed to yeast nuclei with the Y2H), form stable complexes
that can be isolated and analyzed by immunoassay. With both
the worm and human data sets, the collection of high-
confidence Y2H interactions showed an �80% validation
rate by co-AP (10,83). A recent effort at examining protein
complexes biochemically based on the H. pylori Y2H data
set achieved a comparable cross-validation rate (107). Thus,
experimental orthogonal approaches demonstrate that these
HT-Y2H interaction data sets contain mostly highly reliable
interactions.

IDENTIFICATION OF INTERACTING PROTEINS

BY MASS SPECTROMETRY

There are two basic strategies for determination of protein
membership in a complex, direct (purification of a stable
complex and elucidation of the components of the complex
by mass spectrometry) and co-AP (purification of a complex
by virtue of an affinity tag placed on one of its components,
then elucidation of the components of the complex by mass
spectrometry). Direct analysis can identify novel members of

stable complexes (108,109) but faces the difficult task of
achieving sufficient purification of target complexes without
loss of components and with minimal contamination.
A protein purified with one organelle or complex but demon-
strated to be normally associated with another organelle
might represent a contaminant, or might actually represent a
protein involved in intracellular communication between orga-
nelles and complexes (108). For example, a recent AP–MS
study of human Par proteins confirmed previous interactions
and identified over 50 novel interactions, some of which are
between distinct complexes (110). The identification of increas-
ing numbers of shared components involving complexes of
different function (108) highlights the challenge to assigning
function based on co-purification strategies. Improved proteo-
mics coverage of complexes and organelles, coupled with
unbiased Y2H studies to identify possible binary interactions,
is likely to validate more ‘shared components’ and the
ensuing network of interactions as well as provide evidence
for functional annotation.

In two distinct studies of the yeast proteome by AP–MS
(11,12) there was limited overlap among the common com-
plexes identified, and the reproducibility was approximately
70%. Interestingly, 98 complexes were previously character-
ized, whereas 134 complexes were novel (11), which
demonstrates the ability of AP–MS to identify novel inter-
actions. The fact that interactions previously characterized in
the processes of DNA damage response and signal transduc-
tion were not all recovered could be indicative of an
experimental or technical bias in the basic methodology
(11). Alternatively, because many complexes involve very
transient interactions and/or individual components are not
readily detectable owing to low expression, AP–MS will
underestimate the extent of complex co-membership.
The lack of overlap between the two studies, along with the
identification of specific proteins shared among distinct
complexes, has also raised the issue of false-positives.
However, a systematic analysis suggests that a majority of
novel and shared components are likely to be biologically
relevant (108), which means that AP–MS is a reliable
method for identifying novel components of complexes and
for assigning putative function based on guilt-by-association
and majority rule criteria.

COMPLEMENTARITY OF AP–MS AND Y2H

AP–MS presumably identifies interactions that occur in the
native cellular environment, provided that temporal and
spatial expression of the baits is normal, although purification
of complexes can lead to both loss of real interactions and gain
of spurious ones. In contrast, with Y2H all interactions occur in
the heterologous environment of the yeast nucleus. With AP–
MS expression of proteins in their normal cell/tissue may allow
identification of post-translational modifications, but the heter-
ologous expression in Y2H generally precludes this. However,
AP–MS may miss weak, transient associations, whereas Y2H
is a better choice for such interactions (86,92). Y2H identifies
specific, binary protein–protein interactions, which are not
readily identified in AP–MS of complexes. Y2H is amenable
to high-throughput methods for identifying mutations that
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disrupt interactions (90,111) and for interrogating protein
domains (86), whereas AP–MS is less suitable for these two
functions. These comparisons demonstrate that comprehensive
identification of all the individual protein–protein interactions
that collectively make up all interactions within any
given complex requires both Y2H and AP–MS approaches
(66). Integration of data from the two approaches can also
serve to increase confidence in either data set, and provide
further evidence of functional annotation for unknown proteins.

MULTIFUNCTIONALITY: REALITY DISGUISED

AS FALSE-POSITIVES

As described already, technical false-positives can be elimi-
nated from high-throughput screens by rigorous testing and
validation. However, even when technical false-positives are
fully removed there can still remain interactions that are
reproducibly real but do not appear to make sense based on
existing functional annotation of either or both/all interactors.
These may well be biological false-positives that arise from
the forced out-of-context expression of baits and preys in
Y2H or from overexpression of affinity-tagged proteins in
AP–MS. Nevertheless, because an interaction does not
appear to make sense does not necessarily mean that it is
a false-positive. There is a growing list of moonlighting
proteins performing multiple, apparently unrelated functions.
Many moonlighting proteins are metabolic enzymes with
additional functional activity, although numerous signaling,
structural and nucleic acid binding proteins are also multifunc-
tional (21,112).

The existence of moonlighting proteins argues that Y2H and
AP–MS results that initially appear to be biologically

irrelevant should not be dismissed out-of-hand. Instead,
novel interactions found by unbiased approaches such as
Y2H and AP–MS may provide clues on new functional
annotations for well-characterized proteins and potential
multiple functions for previously uncharacterized proteins.
An uncharacterized protein may connect different functions
as either a moonlighting protein or through interactions with
other uncharacterized proteins (105). Thus, simple reliance
on conserved domains and majority rule assessments may
lead to incomplete functional annotation of both characterized
and uncharacterized proteins.

BUILD AS YOU GO: INTERACTOME WALKING

In ‘interactome walking’ interaction partners identified from
an initial screen are subsequently used as baits in secondary
and tertiary rounds of screening, a strategy readily accom-
plished by accessing cloned ORFeome collections. Interactome
walking has been implemented for the DNA replication
network of Bacillus subtilis (113), the TGF-b signaling
pathway in C. elegans (114) and the network about the human
huntintin protein associated with Huntington Disease (115).
Interactome walking has the added benefit that advance
knowledge of the interactors or components of a particular
target protein, complex or organelle is not necessary to
conduct the screen. By letting the experiment direct the
screen, rather than the experimenter, interactome walking can
identify novel interactions and interactors that serve as critical
links between discrete functions (113,114). Identified links
can serve to enhance the annotation of a known protein or
allow one to assign novel functions based on the connections
observed (105).

Figure 2. ORFeome resources used for interaction mapping: ORFeome collections are first used in HT-Y2H to generate a set of protein–protein interactions.
ORF clones corresponding to all unique bait and prey from Y2H are then utilized in an orthogonal assay, co-AP from 293T cells to validate Y2H interactions
(10). Adapted with permission from Brasch et al. (26).
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COMPUTATIONAL ASSESSMENT

OF HIGH-THROUGHPUT DATA SETS

Efforts to assess biological relevance and/or reliability
of HT-Y2H and HT-AP–MS interactome data sets have
utilized phylogenetic conservation, subcellular localization
patterns, co-expression correlations, and network topology
(94–96,98,101,102,108,116–118). The basic conclusions
from these efforts are that the interactome data sets are of
reasonably good quality for both Y2H and AP–MS, that the
interactions or complexes identified generally recapitulate bio-
logically relevant processes, and that previously unsuspected
complexes containing unknown proteins can be identified
(101). Computational methods can increase confidence in
unbiased Y2H and AP–MS data sets through correlation
with other data. However, apparently uncorrelated interactions
should not be discarded because they may still be biologically
relevant.

As none of the compiled data sets of experimentally derived
protein–protein interactions constitutes a truly comprehensive
data set for any eukaryotic organism (71–74,83,105), and
given the high false-negative rate intrinsic to Y2H and AP–
MS, computational prediction of interactions has also been
undertaken. Computational prediction efforts have utilized

conserved protein and DNA sequences, functional annotations
based on GO, co-localization or homologous interactions
in other species, and are complemented by mathematical
modeling employing strategies such as Bayesian networks
(75–78,80,119–122). The daunting challenges faced by
purely computational approaches are to effectively incorporate
the nearly 40% of human genes with minimal or no annotation,
and to incorporate multifunctional proteins, particularly when
only one functional activity is established. Recent analyses of
multifunctional proteins demonstrate that computational pre-
dictions can accurately identify multiple functions but also
have an inherent false-positive rate (123). Computational pre-
diction utilizing subcellular localization data avoids potential
false-positives but can lead to increased false-negatives when
a protein is multifunctional and/or active in multiple subcellu-
lar compartments or complexes (48,49,108).

PROTEIN INTERACTION NETWORKS:

THE INTERACTOME

The most comprehensive interaction maps currently available
are actually compilations of high-throughput Y2H and AP–
MS appended to an assemblage of literature-reported

Figure 3. Framework of Y2H interactions for C. elegans DNA damage response genes: a high degree of interconnectivity and numerous novel interactions
among DNA damage response genes were identified by Y2H. Phenotypic testing provided evidence for assigning new functions to novel interactors.
Adapted with permission from Boulton et al. (129).
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interactions curated in various interaction databases
(10,74,83). The overlap between different curated data sets
is quite small, as is the overlap between literature-curated
data sets and high-throughput approaches (74,83). In litera-
ture-curated collections the number of interactions involving
novel or unknown genes is quite low, particularly for human
proteins (83). As nearly 40% of human genes do not have a
PfamA or GO annotation, the current compilations do not ade-
quately capture the entire repertoire of possible functions. This
shortfall defines ‘inspection bias’, where characterized pro-
teins get repeatedly examined and uncharacterized proteins
are left out. Although only a fraction of the expected number
of interactions for any organism examined to date have been
identified (74,124,125), the proteome-scale screens done so
far have nevertheless connected hundreds of uncharacterized
proteins to well-characterized partners (52,126–128), thereby
circumventing inspection bias somewhat and providing
preliminary evidence for functional annotation.

Regardless of the data source, be it AP–MS or Y2H, or
genome-scale or smaller scale, many interconnections between
distinct biological processes are noted (6–10,82,129). Many
of these interconnections involve novel or otherwise unknown
proteins, thereby suggesting functions for these proteins. For
example, an Y2H study in worm (129) identified many novel
DNA damage response genes (Fig. 3). Moreover, proteins of
known function are found in interaction clusters that are of
completely different function, suggesting potentially new func-
tions for these ‘known’ proteins (48,49,130,131). Some of the
interacting proteins were partially characterized previously
and have putative functions in line with the function of the
known cluster (113,132), but most are uncharacterized. In
addition, every global-scale Y2H screen has identified novel
interactions not previously observed by focused examination
of individual protein clusters.

SYSTEMATIC MAPPING AND INTEGRATION

OF DATA

Although current high-confidence interactome data sets are
very incomplete, they still provide a framework onto which
other types of biological information can be hung. Integrating
other types of data (133), either data from alternative PPI
approaches (101,134,135), or data from altogether different
functional genomics approaches (17,120,129,136–138), or
both (79,96,102), with interactome maps is the most effective
way to assign function to uncharacterized proteins that are
components of the network. Another value of the framework
is that it provides a network for cellular modeling (139),
which further enhances functional annotation.

Combining experimental and computational approaches for
identifying protein–protein interactions have substantially
expanded the known universe of human protein–protein
interactions. The latest contribution is a recently completed
Y2H screen testing over 7000 human full-length ORFs (83)
in all possible pair-wise interactions, and applying the
stringent criteria described earlier to reduce the number of
false-positives. The screen identified 2754 interactions
among 1549 proteins, and included more than 300 novel con-
nections to over 100 human disease genes. Combined with a

set of �4700 high-confidence literature-curated interactions,
a human interactome map of nearly 7500 high-confidence
interactions is now available, constituting a framework
human interactome for further investigation into systems
biology as well as functional annotation of known and
unknown proteins.

Even though existing interactome maps are still far from
complete (57), some of their topological properties are
already evident. For example, current interactome networks
appear to have a ‘scale-free’ or power law degree distribution,
that is, most proteins interact with few partners, whereas a few
proteins, the ‘hubs’, interact with many partners (1,2). Power
law topology might relate to genetic robustness (140), as
knockouts of genes encoding hubs are approximately three
times more likely to confer lethality than those of non-hubs
(1,2). Furthermore, the dynamics of interactions mediated by
hub proteins points to a modular organization of the yeast
proteome coordinated by rapidly evolving ‘inter-module’ or
‘date’ hubs (2,141). As interactome maps expand, particularly
in an unbiased manner that captures all possible interactions
that can take place, novel hypotheses of how network
dynamics and topology relate to biological function will
be generated. Finally, correlation of interactome data with
other functional genomic data, such as expression and
phenotypic profiling, will provide a clearer understanding of
the functional relationships underlying biological processes
(3,17).
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