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Proteins are undeniably some of the most fascinating and
complex macromolecules in living systems. Their molecular and
cellular functions are determined by an intricate interplay between the laws of physics and chemistry that underlie their
structural and dynamic properties and evolutionary forces,
which have tailored these properties for the extraordinarily diverse roles that proteins play in sustaining life. Decades of
classical cell biology, biochemistry, structural biology, biophysical methods, and mutagenesis techniques have produced a
remarkable body of knowledge on the function and molecular
properties of individual proteins, but proteins rarely act alone.
They interact with one another, often forming large edifices that
act as complex molecular machines (1, 2). Although this has
long been realized, the prevalence of such interactions and
complexes in living cells only became apparent less than 10
years ago thanks to technological developments enabling large
scale studies of protein-protein interactions and complexes in
the yeast Saccaromyces cerevisiae (3– 6). These studies and
more recent work in yeast (7, 8) and other model organisms,
including the bacteria Escherichia coli (9), the fly Drosophila
melanogaster (10), the worm Caenorhabditis elegans (11), and
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protein interactions grouped into hundreds of complexes. This
new and exciting system level view is having an enormous
impact as it comes against the backdrop of many new developments in biology and other fields. Of particular relevance are
the discoveries made by genome sequencing efforts and related research notably on the conservation of key cellular processes across genomes (15, 16) and on the pleiotropic function
of proteins (17, 18). Also important is the progress in analytical
methods and imaging techniques for quantitative characterization of structural and dynamic properties of proteins and their
assemblies (19). Lastly ready access to information through the
World Wide Web and the ever increasing power of computers
have been essential for enabling the analysis and visualization of
large and complex biological data.
Undeniably this new landscape of protein science offers exciting perspectives for generating new knowledge. But navigating it involves many pitfalls and challenges that are not always
recognized or are sometimes overlooked in the excitement of
the discovery process. This may be of some consequence as
system level proteomics has become so multidisciplinary that
few if any researchers in the field, let alone outside, can critically
evaluate all the aspects.
An important aim of this review is to clearly document some of
these challenges. Taking as an example the latest high throughput
analyses by tandem affinity purification of the yeast interaction
proteome (7, 8, 20, 21), we review the complex procedures of
generating the raw experimental data and translating these data
into meaningful descriptions of the biological reality. In the process we highlight the biases that may affect the raw data, the
crucial role of computational procedures in interpreting the data,
the problems encountered, and the efforts made to tackle them. In
addition, we examine outstanding issues in assessing the quality
and coverage of interaction data sets, and finally, commenting on
the current most comprehensive descriptions of the yeast interactome we outline some of the exciting future research directions
that such descriptions enable. The possibility of interactively visualizing and comparing several of these descriptions is also available at the Wodak laboratory website.
HIGH THROUGHPUT ANALYSES OF PROTEIN INTERACTIONS IN
YEAST: THE DIVERGENT VIEWS

The tandem affinity purification (TAP)1 method (22) is perhaps one of the most powerful methods for systematically
1
The abbreviations used are: TAP, tandem affinity purification;
CBC, cap binding complex; BioGRID, General Repository for Interaction Datasets; HC, high confidence; MCL, Markov cluster algo-
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The recent explosion of high throughput experimental technologies for characterizing protein interactions has generated large amounts of data describing interactions between
thousands of proteins and producing genome scale views
of protein assemblies. The systems level views afforded by
these data hold great promise of leading to new knowledge
but also involve many challenges. Deriving meaningful biological conclusions from these views crucially depends on
our understanding of the approximation and biases that
enter into deriving and interpreting the data. The challenges
and rewards of interaction proteomics are reviewed
here using as an example the latest comprehensive
high throughput analyses of protein interactions in
yeast. Molecular & Cellular Proteomics 8:3–18, 2009.
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rithm; MIPS, Munich Information Center for Protein Sequences; SGD,
Saccharomyces Genome Database; 3D, three-dimensional; GSP,
gold standard positive; GSN, gold standard negative; FP, false positive; TP, true positive; DIP, Database of Interacting Proteins; GO,
Gene Ontology; STRING, Search Tool for the Retrieval of Interacting
Genes/Proteins; PSI-MI, proteomics standards initiative-molecular interaction; BIND, Biomolecular Interaction Network Database.
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FROM TAGGED YEAST STRAINS TO DATA ON CO-PURIFIED
PROTEINS

The TAP-MS procedure involves a series of steps outlined
in Fig. 1. The information output by the procedure consists of
lists of proteins that co-purify with a specific tagged target
protein, but the relationship of these co-purified polypeptides
to the protein complexes actually formed in the cell is not
straightforward.
Protein complexes differ from aggregates in that they represent assemblies of polypeptides that interact in a specific
manner with a defined stoichiometry. They may in addition
contain non-protein components, including small molecule
cofactors as well as nucleic acids of various sizes. Furthermore protein complexes tend to be dynamic entities: they
may assemble or disassemble as conditions change. Larger
complexes may form through the assembly of several smaller
pre-existing complexes as seen in the formation of the spliceosome during the splicing process (25). In addition, a given
protein may participate in several complexes by forming either
simultaneous or time- and condition-dependent interactions
with several partners. Proteins recovered in a given purification hence rarely correspond to a single complex but often to
a heterogeneous mixture of related complexes (Fig. 1d) with
some particles representing naturally occurring subcomplexes of the largest assembly, whereas others correspond to
partial complexes having lost peripheral component(s) during
purification. In all cases, the particles amenable to characterization must be abundant enough and sufficiently stable to
withstand the purification procedure, and thus by design stable and abundant complexes are more readily identified by
the TAP-MS procedure than transient or low abundance ones.
Some typical problems may bias the outcome of TAP-MS
analyses performed on individual complexes (low throughput), and those are often amplified when the procedure is
applied in a high throughput mode. A major problem is the
presence of contaminants. Those are polypeptides that tend
to either bind to the column matrices used for affinity purification or form nonspecific interactions with many different
proteins. They therefore do not represent biologically significant partners and need to be filtered out of the raw data (Fig.
1g). Typical contaminants are highly abundant proteins (e.g.
ribosomal proteins, subunits of the cytoskeleton, and chaperones) or polypeptides particularly prone to such interactions
(often called “sticky” proteins). Even under optimal conditions, it is usually very difficult to completely remove these
during the purification or fractionation steps (see Fig. 1 for
details).
A special, although not uncommon, instance where contaminants may actually appear to display exquisite specificity
is in the purification of complexes that bind nucleic acids
(DNA or RNA). The nuclear cap binding complex (CBC) can be
taken as an example. This complex, shown to consist of a
tight heterodimer, is often recovered associated with other
RNA-binding protein in high throughput affinity capture ex-
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identifying protein-protein interactions. It involves expressing
a tagged protein at its normal concentration in vivo and applying a double purification protocol yielding virtually homogeneous material for all but the least abundant protein complexes. Analysis of the purified material by MS techniques (23)
is then able to identify stoichiometric, stably associated subunits and substoichiometric, often weakly interacting proteins.
Using this TAP-MS methodology in a high throughput
mode, two groups working independently, one in Heidelberg
(7) and the other in Toronto (8), recently produced the most
comprehensive set of protein interactions and complexes in
the yeast S. cerevisiae, involving about 70% of the predicted
proteome of this organism. Although there was substantial
overlap between the sets of tagged proteins produced by
both groups and between their co-purified partners, the final
sets of complexes were very different. The total number and
size distribution of these complexes was similar, but the composition of individual complexes and other properties differed
significantly. A detailed one to one comparison between the
complexes derived in the two studies (21) showed that the
majority (86%) differed by more than 50% of their components, whereas only 4% were virtually identical. Furthermore
the Heidelberg study produced a large number of “complex
isoforms,” representing modules differing from one another
by only a subset of the components. Their final set of 491
complexes displayed only a partial overlap with known complexes stored in databases (see Fig. 3) but very extensive
overlap among themselves with 97% of the complexes sharing components with 40 others on average. In stark contrast,
the Toronto study (8) reported 547 non-overlapping complexes, which displayed more extensive, although still partial,
overlap with known complexes. Judged by the composition of
known yeast complexes, which share on average 2.3 proteins
with one other complex (21), the complete lack of shared
components between different complexes is clearly not realistic. If this is indeed the case, is the high modularity and
extensive overlap between the Heidelberg complexes a better reflection of biological reality (7)? To address these
issues and gain insight into the possible origins of these
surprising differences (24), it is helpful to highlight the biases that may arise in preparing the purified material and
characterizing its protein composition using the TAP-MS
procedure and to examine in some detail the analytical
procedures used to translate the “raw data” on protein
composition into information on complexes.
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FROM LISTS OF CO-PURIFIED PROTEINS TO COMPLEXES

The sets of protein components identified in thousands of
purification runs are hence not the final product of a high
throughput TAP-MS study but rather an important raw material that must be processed further to derive information on
protein complexes that form in the cell. This data processing
task is a key operation that involves two main steps, as
detailed in Fig. 2. In the first step, the heterogeneous lists of

components are converted into a network of binary proteinprotein links with each link quantified by a score reflecting
the confidence with which the link has been detected in the
experiments. Only a fraction of these links represent direct
physical interactions (Fig. 2). Next this network of weighted
binary links is usually filtered to exclude low scoring links,
and the resulting high confidence (HC) network is partitioned into densely connected regions with the help of
computational clustering procedures (33), yielding the final
complexes, each described by a list of components. The
protocol outlined above involved complex computational
procedures for which there was no precedent in this context, and the specific implementations of these procedures
differed significantly between the two recent high throughput studies (see Fig. 2 for further details).
DIFFERENT ANALYTICAL METHODS CAN YIELD PROFOUNDLY
DIFFERENT DESCRIPTIONS OF COMPLEXES

Reanalysis of the raw data made publicly available by both
groups upon publication produced compelling evidence that
the differences in the analytical methods used by the two
groups have a profound effect on the results (20, 21). It was
shown that the raw data sets from both studies were of
comparable quality. The procedures for computing the network of binary links differed with measurable but limited consequences on the results. The Heidelberg study used an
elegant statistical method, which has certain advantages over
the particular machine learning procedure used by the
Toronto consortium (see Fig. 2c and corresponding legend).
Improved versions of this method were used in subsequent
studies to derive more accurate networks using the raw data
from both published studies (20, 34). However, by far the most
significant difference between the Toronto and Heidelberg
descriptions was attributed to the clustering methods used to
partition the network (21). Clustering is an optimization problem that is usually solved with the help of heuristic algorithms
whose ability to approximate the best solution (global minimum) may vary widely, and there is a wealth of clustering
algorithms to choose from as discussed in a recent comparative study (33). The Toronto group used the Markov cluster
algorithm (MCL) (35, 36), which is based on the simulation of
stochastic flow in graphs and therefore uses information on
the graph structure. This algorithm produces disjoint groups
and displays good convergence and robustness (33) but
can fail to separate complexes with highly interlinked shared
subunits (for example RNA polymerases I, II, and III) (8, 21).
The Heidelberg team applied an iterative hierarchical clustering procedure, which used the pairwise interaction score
as the clustering metric and was fine tuned to yield different
solutions in each run. These different solutions (complex
isoforms) were then combined to produce the final set of
highly overlapping protein assemblies (7). As already mentioned, these assemblies showed little overlap with the
Toronto complexes.
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periments. Of the 60 partners of the largest subunit of CBC
identified by various affinity capture studies and listed in the
BioGRID database (26), 49 are other proteins directly involved
in RNA metabolism. This includes 29 splicing factors to which
the CBC is known to associate in a pre-mRNA-dependent
manner during spliceosome assembly (27–29), whereas other
abundant RNA binding factors that may also interact through
RNA bridges represent the majority of the remaining partners.
Such carryover contamination can be avoided by using modified protocols (such as using nuclease treatment), which are
known to specialists in the field (30 –32) but have not yet been
implemented in high throughput studies. There is the danger,
however, of eliminating biologically relevant interactions as it
is often difficult to discriminate between those and nonspecific binders. Other well known problems that may mar accurate complex identification include the failure to capture one
or more subunits in the purified material because of their low
abundance or the failure to identify a captured protein by
mass spectrometry because of its small size or to poor annotation in the databases (Fig. 1, f and g).
Several of the above mentioned issues can be addressed in
studies of individual complexes by performing systematic
analyses of the fractionation results (Fig. 1e). For instance,
processing information on the observed molecular mass of
the protein bands on the gel or their apparent relative abundance, although not very accurate, can be instrumental in
helping characterize subcomplexes. Such analysis can also
suggest the presence of additional subunits even when no
peptides have been identified, indicate possible proteolytic
maturation or degradation steps, and help estimate stoichiometry relationships. Presently this information is not exploited in high throughput studies, but in principle, this could
be done provided appropriate analytical methods are developed. Meanwhile to improve detection sensitivity, decrease
noise due to contaminants, and afford detection of subcomplexes, the recent high throughput studies (7, 8) have systematically tagged as many proteins as possible, often representing several subunits from the same complex. In addition
repeat purifications were carried out, in one instance (8) with
material from over a quarter of the tagged strains purified
between 3 and 14 times, and its composition was characterized with two different mass spectrometry techniques (Fig. 1).
An obvious consequence of this strategy is the necessity of
relying on automated analytical methods to recover biologically meaningful information.
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FIG. 1. Work flow for the TAP-MS procedure for characterizing protein complexes. Affinity purification of a tagged protein starts with
the construction of cells or organisms expressing the fusion construct (ORF plus tag) schematized in a. The tag used in the TAP methods (22)
comprises a calmodulin binding peptide (CBP), a protease cleavage site, and a protein A-IgG binding domain as schematized in b. In the TAP
procedure implemented in S. cerevisiae, the tagged protein is produced at normal levels under the regulation of its endogenous promoter. But
this may differ in other targeted biological systems (4) where regulation of the expression of the fusion protein or its location may only partly
mimic the natural situation. As a result, the composition of recovered complexes might in some cases differ partly from the natural assemblies
formed by untagged factors. Following expression of the tagged protein (c), protein material is extracted and purified (d). This material is
schematized as different versions of the complex involving the tagged protein (green), each represented by its component subunits; other
isolated cellular proteins (violet) and contaminants (black diamonds) are also shown. Such contaminants are often difficult to remove completely
after purification as they may not interact equally well with different tagged proteins. For example, the fusion of the tag to a particular target
may alter its fold, exposing hydrophobic surfaces prone to associate with chaperones and/or other abundant proteins (78). Another set of
contaminants may interact with tagged proteins (or their associated partners) that bear a high electrostatic charge. Binding of contaminants
may also be affected by small changes in the purification conditions. The abundance of the target complex in the extract will be determined
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instance on cell state- or condition-dependent mRNA expression levels (37–39). This is a recognized limitation of
these protocols as applied to date that none of the available
clustering procedure, including the two discussed here, can
overcome.
EVALUATING THE ERROR RATES OF INTERACTION NETWORKS
AND COMPLEXES

Successfully meeting the challenges of translating the
TAP-MS data into useful descriptions of the interactome also
requires a means of evaluating to what extent the derived
descriptions reflect biological reality by determining their error
rate and coverage. Agreed upon measures for estimating the
error rate of the identified binary links and complexes are still
lacking, and the development of such measures is an active
area of research. Complementary laboratory experiments can
be carried out but only on selected subsets of the data.
Preference is therefore given to quantitative criteria that
measure consistency with prior knowledge. The main validation practices are summarized in Fig. 3.
Comparison against a set of highly reliable, or “gold standard,” literature-curated interactions stored in databases
(Fig. 4 and Table I) plays a particularly important role. Using
such gold standards, error rates for the interaction data,
often defined as the fraction of binary links deemed to be
spurious (false positives), can be estimated. But these estimates may vary widely depending on how the gold standard itself is defined (Fig. 3). Comparing error rates for different data sets is hence meaningless unless these rates are
estimated using the same gold standard and calculation
method, and in the best case, only the relative magnitudes
may be informative as illustrated in Fig. 3. Some of the high
error rates recently estimated for the yeast interaction networks derived from the latest TAP-MS studies (40) should
therefore be critically reviewed in this light. There remains

both by its expression and recovery levels. Some proteins/complexes may be lost when associated with insoluble structures (e.g. membranes,
cell walls, chromosomes, large complexes such as the ribosomes, or the cytoskeleton), whereas complex integrity may be affected by simple
changes in extraction conditions (ionic strength, pH, or the presence of divalent cations such as Mg2⫹ or Ca2⫹). Small polypeptides may also
escape detection during the fractionation step as reported for the 10th subunits of transcription factor TFIIH (79, 80). The use of heterogeneous
cell populations (e.g. cells at different stages of their division cycle) may affect the detection of complexes present in trace amounts. The mixing
of various cellular compartments that inevitably occurs during extract preparation fosters the formation of nonspecific interactions if gentle
conditions are not maintained. Complexes are selectively recovered from the extracts through purification (two successive steps in the TAP
procedure) where buffer and temperature conditions may affect the outcome of the experiment. Extensive washing and harsh buffer conditions
favor elimination of contaminants with the risk of simultaneously losing some bona fide complex subunit(s). To average out the effects of such
variations, the recent two high throughput studies performed multiple purifications for subsets of the cell extract preparations (7, 8). Proteins
recovered following affinity purification are then identified by MS (f). The latter is carried out after fractionation by gel electrophoresis (e), using
MALDI-TOF/MS, or directly on the eluate using LC-MS/MS. The gel fractionation step may decrease the sensitivity of protein detection but
offers the possibility of obtaining rough estimates of the relative protein levels present in the preparation. In one of the recent analyses (8) both
techniques were applied. For each sample, the MS analysis outputs a list of proteins, the tagged target (bait) and its co-purified partners (preys),
each accompanied by a score representing the reliability with which the protein has been identified in the databases. Several biases may
influence these analyses. Both types of analyses involve breaking the proteins in the mixture into peptides. Naturally smaller proteins are
broken up into fewer peptides than larger proteins and can therefore more readily escape detection. Differences in peptide ionization may also
influence detection with the detection of hydrophobic proteins being disfavored. Finally the failure to map identified peptides onto ORFs
annotated in databases is not uncommon especially for small ORFs that are more often poorly annotated (81). Identical proteins present in
many purifications are often classified as contaminants and automatically filtered out (g).
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Interestingly, however, application of MCL followed by a
postprocessing step to the published Heidelberg and Toronto
networks, respectively (21) (Fig. 2), yielded in each case complexes sharing on average only 1.2 components. Moreover
complexes from the two data sets now displayed a significantly better overlap than the published complexes. This
overlap was further improved when exactly the same computational procedures were used to reprocess the two raw data
sets, compute the networks, and derive the complexes from
them (21). The resulting new sets of complexes also displayed
an improved and similar level of consistency with available
biological knowledge, including information on yeast complexes stored in databases, indicating that they are of comparable accuracy as will be discussed below.
These findings demonstrate that the very extensive overlap and overly modular nature of the protein complexes
described in the Heidelberg study are not rooted in the
properties of the “interaction” network or in potential biases
introduced in building the network (e.g. learning from known
complexes in the case of the Toronto network) but in the
procedure used to partition it. This makes very good sense
if one examines the high throughput TAP-MS protocol used
in both studies. Indeed in this protocol, information on the
many different versions of the co-purified components is
combined into a single copy of each binary link and its
associated confidence score (Fig. 2). The data derived in
this fashion therefore represent weighted averages of the
detected versions, which in turn represent temporal and
spatial averages of protein associations that are stable
enough and/or sufficiently abundant throughout the cell
cultures of S. cerevisiae under the conditions in which the
purifications were performed. Hence there is no way for any
temporal or spatial modularity that may be occurring in vivo
to be captured by the described high throughput TAP-MS
protocols without the help of additional information, like for
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FIG. 2. Protocol for deriving protein complexes from data produced by TAP followed by MS. a, the data output by the MS analysis for
each analyzed sample comprises a list of proteins, each accompanied by a score representing the reliability with which the protein has been
identified in the databases. The list usually, but not always, includes the tagged protein (bait) and its co-purified partners that have been
identified (preys). Each analyzed sample often represents material from repeated purifications of extracts from cells expressing the same
tagged construct (Fig. 1). Only the listed proteins are used as the raw data for the subsequent computational analysis. The accompanying MS
scores have so far not been exploited. b, next a model for representing the “interactions” is selected. In the spokes model only bait-prey links
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responding genes (45) (Fig. 3). Reliability criteria based on
inferred domain-domain interactions (46) or on annotated interactions between paralogous proteins (45) have also been
proposed. But all these criteria involve assumptions and approximations, and their usefulness is further limited by the
quality and particular biases in the available information (e.g.
subsets of proteins and interactions covered). Availability of
high quality data sets of these different properties is thus not
only important for understanding biology but is also instrumental in the discovery process.
DESCRIPTIONS OF MODEL ORGANISM INTERACTOMES ARE
BECOMING INCREASINGLY ACCURATE

Despite many unresolved issue, real progress is being
achieved by high throughput methods in providing accurate
descriptions of the yeast interactome. Applying a new scoring scheme to the raw data sets from the two latest Heidelberg and Toronto studies, a consolidated protein interaction
network was recently derived for S. cerevisiae (20). The
estimated average error rate of the HC portion of this network, comprising 1622 proteins and 9074 interactions, is
lower than for several recently derived HC networks and
similar to that of the data set of binary interactions identified
by small scale experiments and annotated by the Munich
Information Center for Protein Sequences (MIPS) (see Fig. 3
for details). Using this HC consolidated network, a set of
400 high confidence multiprotein complexes was derived by
applying the MCL procedure followed by a postprocessing
step that assigned components to multiple complexes (21).

are considered (8). In the matrix model, both bait-prey and prey-prey links are included (7, 20). The latter model yields higher connectivity
between proteins that are repeatedly co-purified and may facilitate further processing into complexes (see below). However, both models partly
reflect reality because they include links representing both direct physical interactions and indirect interactions formed through third partners.
Information on the number of copies of each protein in the complex (stoichiometry) is not provided. c, the lists of proteins output by the MS
methods from different purifications using the same or different bait proteins or from different MS analyses are combined into one global
network of binary links using either the spokes or the matrix model. Each link is accompanied by a score reflecting the confidence with which
it has been identified in the TAP-MS analysis taken as a whole. In the Heidelberg study these so-called “confidence scores” (Si) were derived
using an unbiased statistical method (7). This method does not rely on information on known complexes to compute the scores and to some
extent factors out directly links involving high abundance sticky proteins. The Toronto study used machine learning procedures (8), and a
subsequent reprocessing of the data sets from both studies combined both approaches (20). With machine learning procedures, the scores
are derived by “learning” from examples with the latter being taken from a set of gold standard positive (GSP) and gold standard negative (GSN)
interactions (Fig. 3) with pruning of sticky proteins usually performed by the researcher. With adequate cross-validation, possible biases in the
scoring scheme toward the properties of the gold standard data set are in principle eliminated. d, the HC portion of the network is derived by
filtering out binary links whose score is below a given threshold defined by measures of the expected rate of spurious (false positive) links (20).
e, the HC network is partitioned into densely connected regions with the help of clustering procedures (33) to yield the final complexes, each
described by a list of components. To enable detailed analysis, the resulting complexes can be mapped back into the HC network from which
they were derived. Results obtained by applying a hierarchical clustering procedure to the HC yeast consolidated network (20) are illustrated
in the left panel using the TreeView software. The panel displays a zoomed-in portion of the connectivity graph representing the network after
its components have been clustered as shown an the top of the panel. The color of individual pixels reflects the level of certainty (high, bright
yellow; low, black) that the corresponding protein pair belongs to the same complex. Defining complexes usually involves selecting a threshold
for this level on an ad hoc basis. There also is the flexibility of selecting somewhat different thresholds in specific regions of the graph. Results
obtained by applying the MCL procedure (35, 36) to the same network are displayed on the right panel. This procedure has two main adjustable
parameters, which affect the granularity of the resulting clusters (36). These parameters can be tweaked to maximize the overlap between the
computed clusters and known complexes (8, 21). In the example shown red nodes are the proteins assigned to the complex under scrutiny.
The blue nodes are proteins outside the complex (but in the original HC network) that form at least one link with a protein component in the
complex. The picture was generated using specialized software for visualizing interactions between protein components within and between
complexes (82, 83). Using this software the various networks described in this review can be visualized interactively at the Wodak laboratory
website.

Molecular & Cellular Proteomics 8.1

9

Downloaded from https://www.mcponline.org by guest on November 21, 2019

the problem that the data sets most commonly used as the
gold standard for yeast (see Fig. 3) tend to be outdated. It is
furthermore conceivable that there is no such thing as a
unique organism-specific gold standard. Indeed a recent
systematic validation (41) of binary protein interactions in S.
cerevisiae using yeast two-hybrid screens, protein complementation assays (42), and the mammalian protein-protein
interaction trap technique (43) provides compelling evidence that interactions of this type tend to differ from those
identified using methods for detecting complexes. Better
(and usually lower) estimates of the error rate of a given type
of method can therefore be obtained by comparison with
gold standards that are appropriate for the same type of
methods (41). Clearly therefore defining the gold standard
data set remains a thorny issue.
Another important use of gold standard data sets is in
building the interaction networks in the first place. Portions of
these data sets can be used to optimize the manner in which
raw mass spectrometry data from different purifications of the
same complex and different complexes are combined or more
generally to consolidate different lines of evidence supporting
a given binary interaction into a single confidence score (8, 20,
44). Settling on an acceptable error rate then allows defining
the confidence score threshold above which interactions
should be considered for further analysis.
Other reliability measures involve evaluating consistency
with available information on cellular localization, the functional annotations of individual protein components stored in
databases, and often also the expression profiles of the cor-
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The resulting complexes share on average 2.5 protein components with every other complex, closely approaching the
overlap observed in the curated complexes, and about 50%
of these are “new” complexes not catalogued in the MIPS
database. Supporting evidence for the composition of the
majority of these new complexes could be obtained from
the recent scientific literature and annotations in the S.
cerevisiae database SGD (Fig. 4), suggesting that interactome descriptions derived from high throughput studies are
becoming quite meaningful. Similar claims were recently
made about the “second generation” consolidated data set
of binary protein interactions in S. cerevisiae, detected by
yeast two-hybrid screens, that comprises 2930 binary interactions among 2018 proteins (41). A majority of the inter-

actions in this set were detected by three independent trials,
and a subset was verified by two orthogonal experimental
assays.
Clearly, however, these descriptions provide a highly abstract and incomplete representation of the biological reality.
The TAP-MS studies provide only a component list for each
complex but no information on stoichiometry or on the direct
physical interactions formed. The yeast two-hybrid and other
binary screens (42, 43) detect only binary interaction partners,
which form as a result of direct physical interactions or by
associations through other protein components, and neither
of the above mentioned methods currently provides information on the chemically modified states (post-translational
modifications) of the protein components.
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FIG. 3. Validating interactions and complexes against prior knowledge. a, the derived network is validated against the GSP and GSN sets
of interactions (denoted as gold standard in the text). In studies on yeast the GSP is often defined as the set of all possible binary connections
between protein components annotated as belonging to the same hand-curated complex stored in the databases (84, 85). An alternative GSP
can be derived from a reliable set of literature-curated binary interactions. One such set is available for S. cerevisiae in the MIPS database (85)
(denoted as “MIPS small scale” or “MIPS s-s” on plots 1–3). The GSN represents the set of interactions that are unlikely to occur. But in the
absence of any direct evidence that an interaction does not form in the cell, defining such a set remains speculative. Some define the GSN
set as interactions between proteins belonging to distinct complexes and having non-overlapping cellular localizations (8, 21, 51). Others
consider interactions between two proteins selected at random (86) or even any interactions not in the GSP (44, 87). Using these references
sets, the expected error rate of a network is often computed as the ratio FP/(TP ⫹ FP) where FP (false positive) is the number of detected links
that map into the GSN set, and TP (true positive) is the number of correctly recalled GSP interactions. A related quality measure is the TP/FP
ratio. The GSN definition and the relative sizes of the GSP and GSN data sets may crucially influence both ratios. Panel 1 displays the TP/FP
ratios evaluated for networks built with different confidence score thresholds and plotted using a version of the receiver operating characteristic
curve. Analysis of these curves is used to define the appropriate threshold value for the confidence score (20). The displayed curves are for
the three recently published HC yeast networks (I, Ref. 8; II, Ref. 7; and III, Ref. 20) with the MIPS small scale data set highlighted (orange
diamond). The HC yeast network from Ref. 7 is the one deposited in the BioGRID database. Quality measures for six yeast interaction networks,
estimated using two different gold standard data sets and calculation methods, are displayed in panels 2 and 3. The TP/FP ratios computed
using the same GSN and GSP sets as in Ref. 21 are displayed in panel 2. Panel 3 displays the expression profile reliability (EPR) index (in %),
which compares the mRNA expression profiles of interacting proteins in the data set with those in a GSP-GSN set (45). The evaluated networks
are those of Krogan et al. (8) HC, Gavin et al. (7) HC, the consolidated HC (20) and three literature-curated binary interactions data sets (MIPS
small scale, DIP HC (“core”) (88), and BioGRID HC (59)). Comparison of panels 2 and 3 clearly illustrates that the two evaluation methods
essentially conserve the relative ranking of the different data set with the latest BioGRID HC data set approaching the reliabilities of the
MIPS small scale data set and consolidated network of Collins et al. (20) despite very different absolute values of the quality measures. b,
validation of newly derived complexes involves one to one comparisons between the components of these complexes with those in the gold
standard set of known complexes and measuring the extent of overlap between the components (8, 21, 24). Shown here is the overlap of the
components in complexes from the MIPS catalogue with complexes (clusters) derived from different high throughput analyses. These are the
491 complexes of Gavin et al. (7), the 547 complexes of Krogan et al. (8), the 203 complexes derived by reclustering the Gavin et al. (7) data
set (21) using the MCL procedure (21) (see Fig. 2), and the 400 complexes derived by Pu et al. (21). Each set of derived complexes was
subdivided into four categories according to the extent of overlap (white, ⬎90%; turquoise, 50 –90%; magenta, 5–50%; and red, ⬍5%)
between the components of the complex and the maximum matching MIPS complexes, and the results are displayed as a pie chart. For a more
complete quantitative analysis of the overlap between the complexes in these different data sets and those derived from other reprocessed
versions of the raw data from the Gavin et al. (7) and Krogan et al. (8) studies, see Ref. 21. The four sets of complexes and the corresponding
networks can be interactively visualized at the Wodak laboratory website. c, evaluating the similarity in functional annotations between proteins
within complexes. These annotations, commonly represented by the Gene Ontology (GO) terms (89), are often defined at different levels of the
GO hierarchy, making comparisons cumbersome. One measure of similarity between GO annotations (90) is plotted here (right-hand panel) for
the same four sets of derived complexes as those described in b as well as for the MIPS complexes used as references. The same panel also
plots the extent to which components within complexes have been assigned to the same subcellular compartment. Co-localization of the
interacting partners is an indication that they are likely to interact in vivo. But reliable data on subcellular localization are available for only a
few model organisms such as S. cerevisiae (91, 92), and even in those, a large number of proteins tend to be found in multiple locations (18.8%
in yeast), making localization data much less informative for such proteins. d, significant correlation between the mRNA expression profiles of
two proteins can be an indication that they interact in vivo. Shown are the distributions (ordinate) of the pairwise Pearson correlation coefficient
(abscissa) of the mRNA expression profiles of S. cerevisiae proteins of different categories. However, co-expressed proteins may be part of
the same cellular process (pathways) and not necessarily interact physically. It must also be realized that mRNA expression levels as well as
cellular localization data may depend on the cellular state and experimental conditions, which might differ from those used to characterize the
interactions or complexes that need to be validated. For instance, expression data most commonly used for validation in yeast are from publicly
available sets generated to investigate response to stress conditions (93), whereas the TAP studies were done on exponentially growing yeast
cultured on rich medium.
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Proteins

An important goal of high throughput methods is to provide
a systems level view of the interactome that is as unbiased
and comprehensive as possible. This might be an elusive
goal as far as interactions and complexes are concerned
given their modular and dynamic nature, which is difficult to
capture with current methods. Achieving good coverage of
even the more stable and abundant complexes in yeast, the
champion of model organisms, still remains a challenge. This
is the case for the two-hybrid and related assays as well as for
purification methods in both low and high throughput modes.
The coverage of membrane proteins has so far been very
limited (7, 8). Furthermore our current knowledge indicates
that changes in cellular conditions may significantly influence
the composition of some complexes. However, few if any of
the purification analyses, those at high throughput in particular, have so far explored the variety of conditions encountered by living cells.
It is therefore very difficult to estimate the fraction of the
protein interactions known today without at least a good
guess of what the size of the complete interaction set might
be. How we define interactions (binary interactions or cocomplex links) will also influence the projections. Recent estimates, which suggest that 50% of all possible interactions in
yeast have been identified (by all types of experimental methods combined) (40), are overly optimistic. Among other things,
these estimates ignore the fact that the set of known interactions is not a random sample of the entire network (47, 48).
More conservative estimates based on a careful statistical
analysis, which considers the various factors affecting the
process of sampling interactions, suggest that only about
15–20% of “all” binary interactions in yeast have so far been
mapped (49). Similar figures were recently reported on the
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Interactions

Overlap between interaction networks
derived from high throughput studies
and literature curation
basis, among other things, of the observed rates at which
known interactions remain undetected by yeast two-hybrid
methods (41). These studies estimate the total number of
binary interactions in S. cerevisiae to be between 18,000 and
30,000. In comparison the number of binary interactions in
human was recently estimated at ⬃600,000 with a current
coverage of less than 1% (50).
To further apprehend the issue it is useful to highlight the
fact that the two recent TAP-MS studies mentioned above
actually detected several hundred thousand binary links
involving several thousand proteins. However, only about
2% of these links and less than 30% of the proteins end up
in the HC networks from which the published interactome
models were derived. The confidence scores of the remaining vast majority of the links are too low to warrant their
consideration. Indiscriminately including them would result
in a network containing a prohibitive proportion of false
positive links possibly due to contaminants. Yet it is likely
that a fraction of these low scoring links represent weaker
physical interactions and/or those involving lower abundance proteins as discussed above. Failing to consider all
the low scoring links thus might deprive us of important
information, but distinguishing the true links (true positives)
from the spurious ones is difficult. There are ways of computationally tackling the problem. They involve procedures
for integrating different lines of evidence supporting a given
protein-protein link (e.g. literature citation, similarity of
mRNA expression profiles, and same subcellular localization) with the experimentally derived pairwise interaction
score to yield a new consolidated confidence score. But
unlike in other data integration work (34, 51, 52), scores
must be computed only for the links observed in the raw
TAP-MS data set. Preliminary results obtained by some of
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FIG. 4. Overlap between interaction
networks derived from high throughput studies and literature curation.
The Venn diagrams illustrate the overlap
of the proteins (left-hand side) and interactions (right-hand side) in the HC portion of the latest literature-curated interaction data sets for yeast from the
BioGRID database (26) with the HC portion of the consolidated network of Collins et al. (20) derived from the TAP-MS
data of Refs. 8 and 7 and with the full
(unthresholded) consolidated TAP-MS
network of Ref. 20. The numbers in parentheses represent the protein and interaction count, respectively, for each
subset category.
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us2, however, show that applying this approach to the complete raw TAP-MS data sets of S. cerevisiae mentioned
above and deriving a new HC network results in only a
relatively modest gain in coverage relative to the HC interaction network of Collins et al. (20).
This is due in part to the nature of the overlap between the
binary links in the TAP-MS network and the literature citations
compiled in databases such as BioGRID (Fig. 4), which is
currently considered as one of the most comprehensive literature-curated interaction compendiums (53). Indeed about
49% of the interactions in the HC BioGRID data set (59) map
into TAP-MS links that already have a high confidence score.
Another 36% (2310 interactions) have no match to any
TAP-MS links (Fig. 4) with some of these, but not all, involving
2

J. Vlasblom, S. Pu, and S. J. Wodak, unpublished data.

proteins different from those detected in the high throughput
purification studies. This leaves only 15% of the HC BioGRID
interactions (960 in all) as corresponding to poorly scoring
links in the full unthresholded TAP-MS network that may need
“salvaging.”
Other lines of supporting evidence, such as gene expression data, offer a similar picture: protein interactions for
which abundant supporting information is available are either those that are reliably identified by the TAP-MS procedures (54) or are interactions that remain undetected (and
possibly not sampled) by these procedures. The high level
of noise in the full TAP-MS experimental data clearly contributes to the picture as well.
Information from various two-hybrid screens has so far
not been generally helpful as supporting evidence mainly
because of the low coverage of the available data (5). But

Molecular & Cellular Proteomics 8.1

13

Downloaded from https://www.mcponline.org by guest on November 21, 2019

TABLE I
Interaction databases
The availability of high quality curated information on complexes and interactions characterized in different organisms is not only important
for understanding biology but also for aiding the discovery process. Several national and international efforts are devoted to producing this
information as well as to standards that facilitate its exchange between different databases. The contents of the major databases are
summarized are in the table. To keep up with the flood of publications dealing with the subject, database curators seek help from automatic
text mining algorithms, which are rapidly gaining in accuracy (94). Nevertheless the quality of literature-curated data can be an issue as low
throughput studies, sometimes based on a single experiment, can be just as, or more, error-prone than the more advanced high throughput
techniques. In general, databases do not produce confidence scores for the interactions they curate, and extraction of high quality interactions
from the databases remains primarily the user’s responsibility. Most of the listed databases store experimentally derived protein-protein
interactions obtained through literature curation. The only exception so far is the STRING database (95), which stores three types of
interactions: 1) experimentally derived protein-protein interactions imported from the other databases and derived from text mining of PubMed
abstracts, 2) interactions computed from genomic features, and 3) interactions transferred from model organisms based on orthology. All the
listed databases support proteomics standards initiative-molecular interaction (PSI-MI) standards (see below). IntAct has the best conformity
with the PSI-MI standards (96). Results deposited by high throughput TAP and yeast two-hybrid techniques include lists of the identified
interactions as well as information on roles of each interactor (bait or prey). BIND (97) and DIP (88) allow retrieval of TAP-MS complexes that
contain a query protein. The protein complexes in STRING, like those in SGD (98), are catalogued according to the GO (89) annotations and
thus do not necessarily correspond to physical complexes. BIND and BioGRID (26) also store genetic interactions (99) (not considered in the
table). Raw data (TAP purifications and peptide identification confidence scores) from high throughput studies are not available for search or
download in the databases. Model organism databases such as SGD (98), Mouse Genome Database (100), WormBase (101), and FlyBase (102)
usually do not independently archive protein-protein interactions. They either collaborate with major interaction databases by coordinating
curation efforts (e.g. between SGD and BioGRID) or provide links to them (e.g. FlyBase and BioGRID). In addition to these major interaction
databases and model organism databases, Human Protein Reference Database (103) archives 38,176 curated interactions in human, and
MPACT (104) has 15,456 yeast interactions and hosts a catalogue of yeast protein complexes. BioGRID contains 38,609, 499, 22,524, 4,557,
and 38,605 interactions in human, mouse, D. melanogaster, C. elegans, and S. cerevisiae, respectively. These figures were compiled in
February 2008. PSI (105) is a community wide standard for data representation in proteomics to facilitate data comparison, exchange, and
verification. PSI-MI specifies the format for exchange of molecular interactions using a controlled vocabulary. The MIMIx (minimum information
required for reporting a molecular interaction experiment) (106) is a subset of the PSI-MI standard. It stipulates that a deposition must include
key information that enables unambiguously defining the origin of the data, the method used to generate them, and the means to uniquely
reference to other biological databases the partners of each deposited protein-protein link.
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CONCLUDING REMARKS

We focused here on the most comprehensive analyses of
the interaction proteome carried out to date in a model organism. These analyses have reached the stage of becoming a
powerful hypothesis-generating engine provided the biases in
the data and the approximations made in deriving the final
interactome descriptions are taken into account. By revealing
new complexes and new memberships of previously characterized complexes and further defining the context of a given
protein in the interaction network, the system level view afforded by these descriptions can yield useful insights into
molecular and cellular function.
There has been great interest in unraveling the biological
implications of the local and global properties of the interaction networks derived from these studies or built from
combining literature-curated information obtained by various methods (38, 57–59). There is a concern, however, that
such efforts may be premature (48) given the highly abstract
nature of these networks, the fact that they are clearly
biased toward stable interactions, and most importantly
that their coverage is still limited.
Meanwhile a potentially very rewarding endeavor would
be to translate the abstract description of protein links into
more detailed models describing real physical interactions
at near atomic or atomic scale. This will be very useful even
if performed on the HC networks and complexes known
today or on particular subsets of these. Such models can
help reveal the physical contacts that can actually be made
between proteins and suggest how these interactions might
have evolved (60). They can furthermore provide atomic
descriptions of the interacting interfaces that are useful for
various mechanistic investigations as well as for drug design (61). Although the atomic resolution structures of large
multiprotein complexes are still determined at a very slow
3

14

M. Vidal, personal communication.

Molecular & Cellular Proteomics 8.1

pace, the repertoire of 3D structures of individual proteins is
rapidly being filled (62) thanks in part to structural genomics
initiatives (63). This repertoire can be used to model the
structures of complexes with the help of computational
procedures provided the 3D structure of the components is
either known or can be derived from the known structure of
a suitable homolog (64). Combining this approach with molecular envelope descriptions obtained from electron microscopy has enabled building partial models for dozens of
yeast complexes identified by high throughput proteomics
(64, 65). These models were cursory given that crucial data
on stoichiometry was often unavailable and interactions
between components were not optimized, but the vision of
things to come is there.
With the development of promising new methods for systematically deriving quantitative information on complex stoichiometry (66 – 68) and for gaining information on the internal
organization of complexes (69) more accurate models may in
the future be built with the help of available data on known
protein structures and computational procedures to optimally
dock the components to each other. These so-called docking
procedures are becoming increasingly powerful and accessible to non-specialists (70) as recently reviewed (71, 72). In a
similar spirit, data from interaction proteomics can be used as
a starting point for deriving architectural maps of very large
molecular machines (73, 74), and subsequently such maps
could be further refined by docking the high resolution structures of the individual components.
In a not too distance future, we might see all these approaches integrated with cryoelectron tomography (75) to
yield views of complex molecular architectures in action in the
cell. Such views will be a bounty for enthusiastic simulators of
cellular processes (76, 77) who will finally have realistic models to feed into their computer programs.
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