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Proteins function through their interactions, and the availability of
protein interaction networks could help in understanding cellular
processes. However, the known structural data are limited and
the classical network node-and-edge representation, where
proteins are nodes and interactions are edges, shows only which
proteins interact; not how they interact. Structural networks
provide this information. Protein—protein interface structures can
also indicate which binding partners can interact simultaneously
and which are competitive, and can help forecasting potentially
harmful drug side effects. Here, we use a powerful protein—
protein interactions prediction tool which is able to carry out
accurate predictions on the proteome scale to construct the
structural network of the extracellular signal-regulated kinases
(ERK) in the mitogen-activated protein kinase (MAPK) signaling
pathway. This knowledge-based method, PRISM, is motif-
based, and is combined with flexible refinement and energy
scoring. PRISM predicts protein interactions based on structural
and evolutionary similarity to known protein interfaces.
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Introduction

Protein—protein interactions and ‘classical’ protein
interaction networks

Proteins function through interactions, and protein—
protein interactions (PPIs) play a crucial role in all bio-
logical processes. An interaction with another protein
physically perturbs the structure, and the perturbation
(or, signal) propagates in the cell [1]. To understand how

signals propagate and how regulation takes place, we
need to know the interactions of the proteins. Among
the first steps toward this goal is the identification of PPIs.
Experimentally, identification of pairwise PPIs has been
addressed by techniques such as yeast two-hybrid system
[2], phage display [3], protein arrays [4], and affinity
purification [5], and databases like DIP [6], MIN'T [7],
BIND [8], BioGrid [9], and IntAct [10], have usefully
compiled these data. On the basis of these, protein
interaction networks (PINs) have been constructed
[11,12], on a pathway [13-15] or protcome scale [16—
18]. Despite these efforts, 10% the human interactome
is known [19]. In PINs, proteins and their interactions are
represented as nodes and edges, respectively. Figure 1a
presents the mitogen-activated protein kinase (MAPK)
signaling pathway. This representation depicts direct and
indirect interactions, and signals transmitted from a per-
turbed source node (a protein) to a sink node (another
protein) can be straightforwardly traced through the net-
work edges. Node-and-edge networks help in under-
standing  the  communication and  functional
identification on a large-scale. However, because they
do not provide the essential structural details, they are not
able to help in figuring out the regulatory mechanisms.

Structural protein-protein interaction networks

A key drawback of high-throughput experiments is in the
possible presence of many false positives [20,21].
Methods such as X-ray crystallography [22], nuclear mag-
netic resonance (NMR) spectroscopy [23], and cryo-elec-
tron microscopy (cryo-EM) [24] can provide high
resolution structural data. The Protein Data Bank
(PDB) [25] provides the structures of proteins and their
complexes (over 80 000 structures as of March 2012);
however, it is incomplete and does not cover all struc-
tures. In addition, it may contain non-biological crystal-
lographic packing interactions [26]. NMR is limited in
size [27]. Cryo-EM is informative at relatively low resol-
ution [28]. These limitations can be addressed by comp-
lementary experimental and computational techniques.
Computational approaches can help to verify experimen-
tal observations and predict new ones. Docking and
knowledge-based methodologies are the main compu-
tational PPI prediction protocols. Docking strategies con-
sider possible structural combinations of query proteins to
find the ‘best’, native bound state. The critical assessment
of predicted interactions (CAPRI) [29] demonstrates the
performance of docking strategies, and helps in following
their progress. ZDock [30], PIPER [31] and GRAMM-X
[32] use the Fast Fourier Transform (FFT) approaches in
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MAPK signaling pathway and ERK interacting proteins. (a) Classical node-and-edge representation, where proteins are nodes and interactions are
edges. The network is taken from the KEGG database. Gray lines represent the membrane. Gray box indicates the scaffold for the proteins on it. (b)
The ERK interacting proteins in the node-and-edge representation. (c) The structural network of the ERK interacting proteins. Protein interactions are
found using PRISM. Edges which are connected to a node through the same black box imply that the proteins bind through the same binding site, that
is, they are competitive. They are connected to different black box on the node, if the binding sites are different. If a binding site overlaps two other
binding sites, the edge attaches to the corresponding two black boxes and has a fork shape. Two binding sites are considered as overlapping if the
common residues are more than 20% of the smaller binding site. MP1 is discarded from the scaffold shown as a gray box, since the binding sites of
MP1 and MEK2 overlap and the complex of ERK, MEK1 and MEK2 can be constructed.

the global search for the binding mode of proteins.
RosettaDOCK [33] is generally preferred in the high-
resolution refinement step. AT TRACT [34] and Fiber-
Dock [35] use normal mode analysis (NMA) to sample
conformational backbone variability. Some methods uti-
lize different experimental data to increase their accuracy.
MolFit [36] and ATTRACT consider experimentally
determined interface residues. ZDock and pyDock [37]
block non-interface residues. PROXIMO [38] and Multi-
Fit [39] use radical probe mass spectrometry (RP-MS)
and EM data in docking, respectively. HADDOCK [40]
utilizes experimental data, mainly NMR, to extract inter-
face information including contacts and relative orien-
tations. PatchDock [41] uses the entire surface; however,
if experimental constraints are available they can limit the
search. Predicting PPIs by docking is computationally

very expensive. Protein size affects the computation time,
which makes docking of larger proteins much slower [42].
Moreover, scoring functions in the docking algorithms are
still not optimal to predict which proteins interact and
how they interact on the interactome scale [43,44]. Con-
sequently, docking approaches are not appropriate for
large-scale studies [45,46]. Data derived from known
interactions can restrict the solution space in knowl-
edge-based approaches. Homology-based methods can
be powerful in predicting interactions (even for unstruc-
tured proteins) as shown by the pioneering work of Aloy
and Russel [47], who also created a web server (Inter-
Pre'T'S [48]) which scores the predictions based on empiri-
cal potentials derived from known interactions. More
recently, Kundrotas er a/. [49] have also predicted the
structures of interacting proteins based on sequence
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homology. The GWIDD database [50] usefully provides
experimental and homology-based models, WSsas [51]
functional residues in structural homologs, and IBIS
[52,53] considers both structure and sequence conserva-
tion. Finally, Multiprospector [54] utilizes multimeric
threading, independent of sequence similarity and M-
Tasser considers certain protein flexibility [55].

Domain information has also been utilized in protein
interaction prediction. Shoemaker ¢z a/. [56] showed that
members of domain families can dock in the same way.
Davis ¢z a/. [57] matched the overall domains and scored
predictions by statistical potentials derived from the
known interactions. Aloy and coworkers [58] combined
the overall structural fold and sequence similarities and
developed the 3DID web server [59] which identifies
domain-based interactions.

In interface-based approaches, an interaction between
query proteins can be achieved fairly reliably if the
structure of a similar interface is available, based on
the similarity of query protein surfaces to interfaces of
known interacting proteins [60]. This concept is similar to
homology modeling for structure prediction. Using
known data lowers substantially the computational time,
making PPI prediction on a large-scale possible. PRotein
Interactions by Structural Matching (PRISM) [60,61] is
the pioneer interface-based PPI prediction method,
which is applicable to structural interactome data. [Search
[62] is based on a similar concept but has a template set of
domain—domain interactions. Sinha ¢ /. [63] use a tem-
plate-based docking independent of sequence homology
and consider local structural alignments rather than global
structural alignments.

Comparison of the knowledge-based methods is not
straightforward because they use different benchmark
datasets. Nevertheless, their individual performance
shows their success. In the work of Aloy and Russel
[47], 59 of 2590 predicted interactions are experimentally
verified. Multiprospector [54] predicts 36 homodimers
and 15 heterodimers correctly among 40 homodimers
and 15 heterodimers. In the work of Davis er a/. [57],
270 binary and eight multi complexes are experimentally
verified among 3387 binary and 1234 multi complexes
predicted. ISearch [62] can predict a model for 45 of 59
cases. Sinha er a/. [63] correctly predict 56% of 372
complexes in their bound forms. PRISM can predict 87
of 88 cases of a docking benchmark dataset [64].

Prediction of PPIs on a large-scale using PRISM, a motif-
based PPl modeling method

Proteins have many partners; on average, 5-12 interactions
per protein are listed in human PPI databases [65°]. The
proteins interact via contacting binding sites. Binding sites
are distinct and have limited surfaces [66,67]. Although
there are many proteins in nature, the structural variety of
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their interfaces is limited, which suggests that proteins
share binding site structural motifs [68-70]. Protein inter-
faces can be classified into three groups according to their
structures and the global structures of the interacting
protein pairs [71]. Type I interfaces are the most common:
similar interfaces formed by proteins whose global struc-
tures and functions are also similar. The interfaces’ archi-
tectures are evolutionarily more conserved than the rest of
their surfaces [66,72°]. Type II includes similar interfaces
formed by proteins whose global structures and functions
are different. In Type 11, only one side of each interface is
similar and the binding sites of the complementary part-
ners are somewhat different. Hub proteins interacting
through shared binding sites are good examples of this
type [69]. In all cases, interfaces have conserved motifs
even if the interacting proteins are structurally and func-
tionally different. This evolutionary feature of interfaces
can be used to predict PPIs.

PRISM is an efficient motif-based PPI modeling method
[60,61,73°°]. Interactions among a group of proteins are
predicted based on known PPIs. All known PPIs are
assembled into a template set. The interfaces of non-
redundant binary interactions in the PDB are extracted
and clustered according to the similarity of their struc-
tures. Representatives of each group constitute the tem-
plate set (Figure 2, Step 0). PRISM proposes a potential
interaction between two query proteins in a target set
based on structural and evolutionary similarity of their
surfaces to the complementary sides of a known interface
in the template set (Figure 2, Step 2). The structural
similarity is determined via geometrical alignment of the
structures using MultiProt [74]. If it is known that protein
A interacts with protein B (i.e. if there is a representative
structure similar to the interface of complex AB in the
template set), and the surfaces of proteins A’ and B’ are
structurally similar to those of proteins A and B, a poten-
tial interaction between A’ and B’ is proposed. The
evolutionary similarity is checked by the conservation
of hot spots. Hot spots are the residues which are mainly
responsible for the affinity and stability of the interaction
by contributing significantly to the binding free energy
[75]. The strong correlation between hot spots and con-
served residues on structurally similar interfaces [76,77°]
indicates the importance of hot spots in determining
binding sites. Computational hot spots are found via
the HotPoint web server [78], and PRISM requires that
at least one computational hot spot at each side of the
template interface matches structurally with a residue of
each target protein when the structures are aligned.
Moreover, the matched residues from each interface side
should preferably be against each other to guarantee
correct matching of the left and right partners. The
physical and biological feasibilities of the potential
interaction are also queried. If there are many clashes
between residues of interacting proteins, the complex is
eliminated (Figure 2, Step 3). Flexible refinement is
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Flowchart of the PRISM algorithm. PRISM consists of five steps. Step 0: template set organization. Similar interfaces of binary protein complexes are
grouped in the same cluster (0A). All interfaces in the same cluster are structurally similar to the representative of the cluster. Red lines represent
representative interfaces. Computational hot spots of representative interfaces are found using HotPoint web server, and shown as red dots (0B).
Representative interfaces construct the template set (0C). Step 1: surface extraction of target proteins. Multimeric target proteins are split into their
monomers, and homologous chains are counted only once. Surface of each non-homologous monomers of target proteins (green, pink, purple, blue
and orange proteins) are extracted. Step 2: structural alignment. Target surfaces are aligned onto template structures given in 2A, the same set as in
0C. Green and purple molecules have similar structure to left side of a representative interface. Blue molecule is similar to the right side of that
interface. Orange and pink molecules are structurally similar to another representative interface. Structural similarity is not observed for the other
template interfaces. Orange dots represent residues matched with a hot spot of the template interface in the structural alignment (2B). Candidate
complexes, green-blue and purple-blue proteins, are assigned between two structures similar to each side of a template interface. A complex of
orange and pink proteins is not considered, since any residue of the pink protein does not match with a hot spot of the corresponding template
interface (2C). Step 3: physical evaluation of candidate complexes. If the residues of the proteins clash, as in the complex of purple and blue proteins,
the candidate complex is eliminated. Step 4: flexible refinement. Side chains of interacting proteins are oriented in order to prevent clashes among

them. Potential complexes are given as the results, like the complex of green and blue protein.

performed using FiberDock [35] (Figure 2, Step 4). The
global energy of the complex is calculated to evaluate the
potential complex biologically. PRISM gives the 3D
structure of the predicted interactions and can be used
to predict PPIs on the proteome scale [73°°].

Constructing structural signaling pathways

In the node-and-edge network representation, interaction
data are given as binary relation; two proteins are con-
nected by an edge if they interact, and are not connected
otherwise. The ERK pathway protein interactions are
shown in this representation in Figure 1b, where the
interaction data are taken from the KEGG database

[79]. However, the binary representation cannot help
to elucidate the mechanism in detail, which is essential
for figuring out their roles, how the signal flows, and how
the function and the regulation are executed in the cell.
Structural interaction networks present the nature of the
interactions; thus, ‘how proteins interact’ is characterized
in the structural network, in addition to ‘which proteins
interact’ in the classical representation [44,45,80,81°°].

Structural networks illustrate the proteins, and the inter-
faces through which they interact. The structural network
of the ERK interacting proteins is represented in
Figure 1¢, where the interactions are found using PRISM
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and the PDB IDs of proteins are taken from the KEGG
database (Supplementary Data, Table S1). PRISM pre-
dictions with lowest energy values are selected (Supple-
mentary Data, Table S2). In addition to what the classical
node-and-edge representation provides, the structural
network also shows which partners of a protein are in
contact through the same, shared binding sites, and which
are in contact through different binding sites of the
protein. If two partners bind the same protein surface,
it is physically impossible that both partners bind to the
protein at the same time. In this case, at any given time,
one of these interactions is excluded while the other may
exist. However, if two partners interact through different
protein binding sites, the protein can bind both partners
simultaneously, unless the interacting proteins collide
elsewhere. Interface data can be used to elucidate such
multi-partner protein interactions. Network studies show

Figure 3
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that although most of the proteins have one interacting
partner or a few partners, a relatively small number of
proteins, which are called hubs, have a large number of
partners [82]. These hub proteins do not have as many
distinct binding sites as the number of their interacting
partners [67]. Therefore, some interactions occur through
the same binding site, even though the interacting part-
ners can be structurally and functionally different
[83,84°°]. Identifying overlapping and non-overlapping
interfaces [85] helps to determine the interaction beha-
vior in the network, and regulation. The different inter-
faces also lead to different binding affinities [86°°].
Furthermore, it is also physically impossible for two
proteins to interact with the third simultaneously, if their
residues clash while contacting with the third protein. In
such broad, proteome-scale approaches, flexibility and
allosteric effects cannot be taken into account.

Current Opinion in Structural Biology

Protein interactions of the ERK protein. Interactions are predicted using PRISM. Predictions with lowest global energy values are selected. (a) Interacting
partners and corresponding binding sites of the ERK protein. (b) Simultaneous interactions of MEK1 and cPLA2 proteins with ERK. They bind through

different sites of the ERK protein. The figure is drawn by aligning ERK-cPLA2 (3i5zA-1lebA) and ERK-MEK1 (1pmeA-3eqcA) interactions onto each other.
Only ERK interacting to cPLA2 is shown. (c) Clashing in the complex of ERK, PTP and Rsk2 proteins. Although PTP and Rsk2 proteins do not bind through
the same site of the ERK protein, their residues clash when they bind to ERK protein at the same time. The figure is drawn by aligning ERK-PTP (20jgA-
1zc0A) and ERK-Rsk2 (20jjA-2wntA) interactions onto each other. Only ERK interacting to PTP is shown. (d) Interactions of ERK, MEK1, MEK2 and MP1
proteins. MP1 and MEK2 interactions are competitive. They are binding through the same site of the MEK1 protein. The figure is drawn by aligning MEK1-
MEK2 (3e8nA-1s9iA), MEK1-MP1 (3dv3A-1skoA) and MEK1-ERK (3mblA-1pmeA) interactions onto each other. Only MEK1 interacting to MEK2 is shown.
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Figure 3 shows the interactions of the ERK protein.
Seven proteins bind at different ERK sites (Figure 3a).
Proteins which bind at different sites, like MEK1 and
cPLA2, can interact with ERK simultaneously
(Figure 3b). However, PTP and Rsk2 cannot bind to
ERK at the same time, even though their interactions
with ERK are at different sites; this is because of steric
clash elsewhere (Figure 3c). Moreover, ERK, MEK2 and
MP1 cannot interact with MEK1 simultaneously, because
MEK2 and MP1 share a binding site (Figure 3d). In the
same manner interface data can be used to construct
protein assemblies [81°°,87°°]. Assemblies are important
for cell functions; they increase the effective local con-
centration of substrates/products, and the efficiency in
signaling and cell response. Using pair-wise interactions
and steric restrictions, complexes larger than two proteins
can be constructed. The complex of MEK1, MEK2, ERK
and MP1 given in the KEGG is illustrated in a gray box in
Figure 1, and the interactions are shown in Figure 3d.
The model structure of the complex is obtained by
combining the interactions MEK1-MEK2, MEKI1-
ERK and MEK1-MP1 which are found by PRISM.
The binding sites of MP1 and MEK2 overlap; therefore,
it is physically impossible to construct a complex of these
four proteins. However, complexes of MEK1-ERK-
MEK2 and MEK1-ERK-MP1 can exist.

Introducing mRNA expression data into structural net-
works further helps in figuring out functional relevance
[88]; however, in the absence of structural interaction
data, mRNA expression data cannot distinguish between
direct and indirect interactions [89].

Structural networks are useful for elucidation of network
dynamics; and residue (and atom) level detail can be used
to understand their dynamics in the cell [90,91,92°°]. At
the same time, a main limitation in constructing a knowl-
edge-based structural network derives from the incom-
pleteness of the PDB. About 20 000 PDB structures (as of
March 2012) are of Homo sapiens. The ones that have a
role in signaling processes are just over 3300. Proteins
with no PDB structures create ‘holes’ in the map. How-
ever, the number of structures in the PBD is progressively
increasing, and as the PDB gets larger the maps will
eventually be completed, either with the missing struc-
tures, or with highly homologous ones. Until then, these
holes can be filled with the help of structural modeling of
complexes and the component chains. Single-chain
protein structures can be modeled from their sequences
using modeling tools, like I-Tasser [93], Swiss-Model
[94], Phyre [95], and RaptorX [96].

Drug design based on protein interfaces

Identification of protein interactions at the residue-level
is also important for drug discovery. Although increas-
ingly drugs target allosteric sites [97,98], most are orthos-
teric [99°°,100]. Peptide inhibitors can mimic the

complementary partner of the protein [101,102].
Figure 4c and d shows the interaction of the Bcl-2 protein
with the Bax protein and an orthosteric drug-like ligand,
ABT-737. Bcl-2 is a member of the B-cell lymphoma 2
(Bcl-2) family of proteins which includes pro-apoptotic
and anti-apoptotic proteins. They are central regulators of
programmed cell death and their protein interactions
have roles in the apoptosis pathway. Pro-apoptotic
proteins like Bax and Bad, propagate death signal which
activates the family of caspases, cysteine proteases. Anti-
apoptotic proteins, like Bcl-2 and Bel-XL, have protective
roles and sequester pro-apoptotic proteins by directly
binding to them [103]. They are overexpressed in many
cancers, inhibit apoptosis and play a role in tumor
initiation, progression and resistance to therapy. Inhi-
bition of these anti-apoptotic proteins targets abnormal
cell deaths and offers alternative targets for drug thera-
pies. The interaction of Bcl-2 and Bax proteins is shown
in Figure 4c. This interaction is mimicked by the ligand
ABT-737 (Figure 4d). It interacts with Bcl-2 through the
binding site of Bax. It does not directly initiate apoptosis,
but enhances the effect of death signals. It causes tumor
regression, increases survival and cures animal models
[104].

Drug effects were recently considered on a large scale,
pathway-wide or proteome-wide [105,106]. The interact-
ing protein gains or loses a function and the effects
propagate in the system. Network analysis can be used
to select drug targets and it helps in understanding its
global drug effects [107,108]. Perturbing the network by
drug combinations can be more effective than targeting
individual proteins. Polypharmacology considers cellular
robustness and focuses on multi-target drugs [109]. While
network analyses increasingly help drug discovery, the
absence of network-scale structural data can hamper
these efforts. Structural networks, as compared to the
classical node-and-edge interaction networks, are more
powerful for predictive approaches [81°°,110°]: first,
because drugs are mostly designed to interact through
the binding site of the protein, interface data can dramatic-
ally help efficient targeting. The function of the protein
can be activated or inhibited by mimicking the interface
structure of the complementary protein partner; second,
protein—protein and protein—ligand interactions are con-
served and often overlap [111°,112], even if the sequences
or global structures are not similar. A drug can recognize
similar protein interfaces; on average a drug interacts with
six protein targets [113]. Interaction with off-targets can be
beneficial or harmful to the living organism. Network
structural data can help to figure out such potential syner-
gestic or harmful side effects [114°,115].

Figure 4 shows the inhibition of Bcl-2 and Bel-XLL proteins
with the same drug-like ligand, ABT-737. This example
illustrates that a drug can bind to different proteins
with structurally similar interfaces. The overall sequence
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ABT-737 inhibition of Bcl-2 and Bcl-XL proteins. (a) ‘Pathways in cancer’ map is taken from the KEGG database. (b) Interactions of Bcl-2/Bax and Bcl-
XL/Bad on the network. (c) Interaction of Bcl-2 and Bax proteins and their contacting residues (PDB ID: 2xa0AC). Cyan structure: Bcl-2 protein, purple
structure: Bax protein, blue atoms: interacting residues of Bcl-2 protein, pink atoms: interacting residues of Bax protein. The interacting residue

numbers of Bcl-2 are 100, 104, 107, 108, 110, 112, 115, 118, 119, 133, 136, 137, 139, 140, 143, 144, 145, 146, 148, 153, 200, 201, 202, 204 and 205;

and the interacting residue numbers of Bax are 57, 58, 59, 60, 62, 63, 64, 66, 67, 68, 69, 70, 71, 73, 74, 75, 77, 78 and 81 (underlined ones are

computational hot spots found by HotPoint web server). 64th, 68th, 74th and 78th residues of Bax are found experimentally as hot spots [116]. (d)
Interaction of Bcl-2 protein and ABT-737 ligand, and their contacting residues (PDB ID: 2021A). Cyan structure: Bcl-2 protein, green structure: ABT-
737 ligand, blue atoms: interacting residues of Bcl-2 protein. The interacting residue numbers of Bcl-2 are 97, 100, 101, 105, 109, 112, 130, 133, 134,
141, 142, 143, 145, 146, 149, 150, 195 and 199. (e) Interaction of Bcl-XL and Bad proteins and their contacting residues (PDB ID: 1g5jAB). Blue

structure: Bcl-XL protein, orange structure: Bad protein, magenta atoms: interacting residues of Bcl-XL protein, Tan atoms: interacting residues of Bad
protein. The interacting residue numbers of Bcl-XL are 97, 100, 101, 105, 108, 112, 115, 116, 126, 129, 130, 133, 134, 142, 143, 145, 146, 150, 198,
199, 2083, 204 and 207; and the interacting residue numbers of Bad are 302, 304, 305, 306, 308, 312, 313, 315, 316, 319, 320, 323 and 324 (underlined
ones are computational hot spots found by HotPoint webserver). (f) Interaction of Bcl-XL protein and ABT-737 ligand; and their contacting residues

(PDB ID: 1ysnA). Blue structure: Bcl-XL protein, green structure: ABT-737 ligand, magenta atoms: interacting residues of Bcl-XL protein. The
interacting residue numbers of Bcl-XL are 97, 100, 101, 104, 105, 108, 112, 115, 130, 133, 134, 140, 141, 142, 143, 145, 146, 195 and 199.

identity between Bcl-2 and Bel-XL is only 49%; however,
their structures are quite similar. MultiProt [74] gives a
root-mean-square-deviation (RMSD) value of 1.41 A over
131 matched residues when PDB IDs 2xa0A (Bcl-2, 137
residues) and 1g5jA (Bcl-XL, 175 residues) are aligned.
The binding sites of these proteins are also structurally
similar. When the 62 residues of Bcl-2 interact with Bax in
the complex 2xa0, and 70 residues of Bel-XLL interact with
Bad in the complex 1g5j are aligned an RMSD value of
1.26 A for 50 matched residues is obtained.

ABT-737 inhibits the interaction of Bcl-XL. and Bad
proteins, in addition to inhibiting the interaction of
Bcl-2 and Bax proteins. This drug interacts with Bcl-
XL through the binding site of Bad, similar to the
inhibition of the Bcl-2/Bax interaction [104] (Figure 4e
and f). The interacting residues mostly match the com-
putational hot spots and other contacting residues in the
Bcl-2/Bax and Bcl-XL./Bad interactions. Overall, these
examples show that a drug-like ligand inhibits two differ-
ent interactions which have structurally similar interfaces.
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Thus, considering interface similarity, potential side-
effects of drugs can be predicted.

Conclusions

Protein interfaces can provide extremely important and
useful data on protein interactions. They give the
physical contacts, validate the interaction between them,
and illustrate how the proteins interact. A node-and-edge
representation of protein interaction networks illustrates
which proteins interact. By contrast, a structural repres-
entation, which includes detailed interface data of the
protein interactions, can help to understand, how function
is performed. Moreover, because it is physically imposs-
ible for two partners to bind simultaneously at the same
binding site structural networks can differentiate be-
tween potentially co-occurring and competitive inter-
actions of a protein with its partners. Consequently,
structural networks can be used to understand cellular
regulation and signal transmission dynamics. Interface
data are also crucial for drug discovery. Many drugs are
designed to bind at a particular protein interface. How-
ever, the drug can interact with other interfaces which are
similar to that of the target protein, which can lead to
unwanted side effects. Structural networks can help to
detect such off-targets.

T'o construct structural networks, PPIs should be ident-
ified on a large scale. Because of experimental limitations,
computational methods can be used to complement and
extend experiments. Considering computational feasi-
bility, knowledge-based approaches, like PRISM, appear
more appropriate to map interactome data, as compared to
docking strategies. On the down side, because of tech-
nical limitations which exist when carrying out prediction
on a large scale, PRISM considers query proteins as rigid
bodies; however, in the last flexible refinement step, it
uses a docking refinement tool which allows side chains
and slight protein backbone re-orientation and optimiz-
ation. Flexibility and conformational changes upon bind-
ing are challenging problems in prediction of protein
interactions. Proteins can also change their conformations
because of allostery such as that incurred by prior binding
events or by post-translational modifications, like phos-
phorylation and ubiquitination; however, if the structure
is present in the template set, PRISM can accurately
predict the interactions, and map structural cellular path-
ways. We expect that with time, knowledge-based
approaches will be increasingly used on a large scale.
Because structural motifs recur — in single chain proteins
and in interfaces — methods which are based on these
can be reliable and practical tools.

Acknowledgements

This work has been supported by TUBITAK (The Scientific and
Technological Research Council of Turkey), Research Grant Numbers:
1091343 and 109E207, and The Turkish Academy of Sciences (TUBA).
Guray Kuzu is supported by a TUBITAK fellowship. This project has been
funded in whole or in part with Federal funds from the National Cancer

Institute, National Institutes of Health, under contract number
HHSN261200800001E. The content of this publication does not necessarily
reflect the views or policies of the Department of Health and Human
Services, nor does mention of trade names, commercial products, or
organizations imply endorsement by the U.S. Government. This research
was supported (in part) by the Intramural Research Program of the NIH,
National Cancer Institute, Center for Cancer Research.

Appendix A. Supplementary data
Supplementary data associated with this article can be found, in the online
version, at http://dx.doi.org/10.1016/j.sbi.2012.04.004.

References and recommended reading
Papers of particular interest, published within the period of review,
have been highlighted as:

e of special interest
ee Of outstanding interest

1. Nussinov R: How do dynamic cellular signals travel long
distances? Mol Biosyst 2012, 8:22-26.

2. Bruckner A, Polge C, Lentze N, Auerbach D, Schlattner U: Yeast
two-hybrid, a powerful tool for systems biology. Int J Mol Sci
2009, 10:2763-2788.

3. Pande J, Szewczyk MM, Grover AK: Phage display: concept,
innovations, applications and future. Biotechnol Adv 2010,
28:849-858.

4. Katz C, Levy-Beladev L, Rotem-Bamberger S, Rito T, Rudiger SG,
Friedler A: Studying protein-protein interactions using peptide
arrays. Chem Soc Rev 2011, 40:2131-2145.

5. Kim ED, Sabharwal A, Vetta AR, Blanchette M: Predicting direct
protein interactions from affinity purification mass
spectrometry data. Algorithms Mol Biol 2010, 5:34.

6. SalwinskiL, Miller CS, Smith AJ, Pettit FK, Bowie JU, Eisenberg D:
The database of interacting proteins: 2004 update. Nucleic
Acids Res 2004, 32:D449-D451.

7. Ceol A, Chatr Aryamontri A, Licata L, Peluso D, Briganti L,
Perfetto L, Castagnoli L, Cesareni G: MINT, the molecular
interaction database: 2009 update. Nucleic Acids Res 2010,
38:D532-D539.

8. Willis RC, Hogue CW: Searching, viewing, and visualizing data
in the Biomolecular Interaction Network Database (BIND). Curr
Protoc Bioinformatics 2006. Chapter 8:Unit 89.

9. Stark C, Breitkreutz BJ, Chatr-Aryamontri A, Boucher L,
Oughtred R, Livstone MS, Nixon J, Van Auken K, Wang X, Shi X
et al.: The BioGRID Interaction Database: 2011 update. Nucleic
Acids Res 2011, 39:D698-D704.

10. Aranda B, Achuthan P, Alam-Faruque Y, Armean |, Bridge A,
Derow C, Feuermann M, Ghanbarian AT, Kerrien S, Khadake J
et al.: The IntAct molecular interaction database in 2010.
Nucleic Acids Res 2010, 38:D525-D531.

11. Raman K: Construction and analysis of protein—protein
interaction networks. Autom Exp 2010, 2:2.

12. Lievens S, Eyckerman S, Lemmens |, Tavernier J: Large-scale
protein interactome mapping: strategies and opportunities.
Expert Rev Proteomics 2010, 7:679-690.

13. Bandyopadhyay S, Chiang CY, Srivastava J, Gersten M, White S,
Bell R, Kurschner C, Martin CH, Smoot M, Sahasrabudhe S et al.:
A human MAP kinase interactome. Nat Methods 2010,
7:801-850.

14. Shahriari M, Richter K, Keshavaiah C, Sabovljevic A,
Huelskamp M, Schellmann S: The Arabidopsis ESCRT
protein-protein interaction network. Plant Mol Biol 2011,
76:85-96.

15. Acuner Ozbabacan SE, Keskin O, Nussinov R, Gursoy A:
Enriching the human apoptosis pathway by predicting the
structures of protein-protein complexes. J Struct Biol 2012.

Current Opinion in Structural Biology 2012, 22:367-377

www.sciencedirect.com


http://dx.doi.org/10.1016/j.sbi.2012.04.004

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

Zhang YX, Gao P, Yuan JS: Plant protein-protein interaction
network and interactome. Curr Genomics 2010, 11:40-46.

Sakai Y, Shaw CA, Dawson BC, Dugas DV, Al-Mohtaseb Z, Hill DE,
Zoghbi HY: Protein interactome reveals converging molecular
pathways among autism disorders. Sci Trans/ Med 2011,
3:86ra49.

Kar G, Keskin O, Nussinov R, Gursoy A: Human proteome-scale
structural modeling of E2-E3 interactions exploiting interface
motifs. J Proteome Res 2012, 11:1196-1207.

Venkatesan K, Rual JF, Vazquez A, Stelzl U, Lemmens |, Hirozane-
Kishikawa T, Hao T, Zenkner M, Xin XF, Goh Kl et al.: An empirical
framework for binary interactome mapping. Nat Methods 2009,
6:83-90.

Nguyen TN, Goodrich JA: Protein-protein interaction assays:
eliminating false positive interactions. Nat Methods 2006,
3:135-139.

You ZH, Li LP, Yu HJ, Chen SF, Wang SL: Increasing reliability of
protein interactome by combining heterogeneous data
sources with weighted network topological metrics. Advanced
Intelligent Computing Theories and Applications. Berlin: Springer-
Verlag; 2010:. pp. 657-663. Lecture Notes in Computer Science,
vol. 6215.

Fourme R, Girard E, Kahn R, Prange T, Dhaussy AC, Mezouar M,
Ascone |: High-resolution structures and properties of
biomolecules under high pressures probed by X-ray
crystallography. High Press Res 2010, 30:100-103.

O’Connell MR, Gamsjaeger R, Mackay JP: The structural
analysis of protein-protein interactions by NMR
spectroscopy. Proteomics 2009, 9:5224-5232.

Zhou ZH: Atomic resolution cryo electron microscopy of
macromolecular complexes. Advances in Protein Chemistry and
Structural Biology, Vol. 82: Recent Advances in Electron
Cryomicroscopy, Pt. B. Elsevier Academic Press Inc.; 2011:.

pp. 1-35. Advances in Protein Chemistry and Structural Biology.

Berman HM, Westbrook J, Feng Z, Gillland G, Bhat TN, Weissig H,
Shindyalov IN, Bourne PE: The protein data bank. Nucleic Acids
Res 2000, 28:235-242.

Dunitz JD, Gavezzotti A: Molecular recognition in organic
crystals: directed intermolecular bonds or nonlocalized
bonding? Angew Chem Int Ed Engl 2005, 44:1766-1787.

Grant TD, Luft JR, Wolfley JR, Tsuruta H, Martel A, Montelione GT,
Snell EH: Small angle X-ray scattering as a complementary tool
for high-throughput structural studies. Biopolymers 2011,
95:517-530.

Schroder GF, Levitt M, Brunger AT: Super-resolution
biomolecular crystallography with low-resolution data. Nature
2010, 464:1218-1222.

Janin J, Henrick K, Moult J, Ten Eyck L, Sternberg MJE, Vajda S,
Vasker |, Wodak SJ: CAPRI: a Critical Assessment of PRedicted
Interactions. Proteins Struct Funct Bioinformatics 2003, 52:2-9.

Chen R, LiL, Weng ZP: ZDOCK: an initial-stage protein-docking
algorithm. Proteins Struct Funct Genet 2003, 52:80-87.

Kozakov D, Brenke R, Comeau SR, Vajda S: PIPER: an FFT-
based protein docking program with pairwise potentials.
Proteins Struct Funct Bioinformatics 2006, 65:392-406.

Tovchigrechko A, Vakser IA: GRAMM-X public web server
for protein—protein docking. Nucleic Acids Res 2006,
34:W310-W314.

Lyskov S, Gray JJ: The RosettaDock server for local
proteinprotein docking. Nucleic Acids Res 2008, 36:
W233-W238.

Fiorucci S, Zacharias M: Binding site prediction and improved
scoring during flexible protein-protein docking with
ATTRACT. Proteins Struct Funct Bioinformatics 2010,
78:3131-3139.

Mashiach E, Nussinov R, Wolfson HJ: FiberDock: a web server
for flexible induced-fit backbone refinement in molecular
docking. Nucleic Acids Res 2010, 38:W457-W461.

36.

37.

38.

39.

40.

41.

42.

43.

44,

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

Signaling pathways on the proteome scale Kuzu et al. 375

Ben-Zeev E, Eisenstein M: Weighted geometric docking:
incorporating external information in the rotation-translation
scan. Proteins Struct Funct Genet 2003, 52:24-27.

Cheng TMK, Blundell TL, Fernandez-Recio J: pyDock:
electrostatics and desolvation for effective scoring of rigid-
body protein-protein docking. Proteins Struct Funct
Bioinformatics 2007, 68:503-515.

Gerega SK, Downard KM: PROXIMO —a new docking algorithm
to model protein complexes using data from radical probe
mass spectrometry (RP-MS). Bioinformatics 2006, 22:
1702-1709.

Tjioe E, Lasker K, Webb B, Wolfson HJ, Sali A: MultiFit: a
web server for fitting multiple protein structures into their
electron microscopy density map. Nucleic Acids Res 2011,
39:W167-W170.

De Vries SJ, van Dijk M, Bonvin A: The HADDOCK web server for
data-driven biomolecular docking. Nat Protoc 2010, 5:883-897.

Schneidman-Duhovny D, Inbar Y, Nussinov R, Wolfson HJ:
PatchDock and SymmDock: servers for rigid and symmetric
docking. Nucleic Acids Res 2005, 33:W363-W367.

Pons C, Grosdidier S, Solernou A, Perez-Cano L, Fernandez-
Recio J: Present and future challenges and limitations in
protein—protein docking. Proteins Struct Funct Bioinformatics
2010, 78:95-108.

Kastritis PL, Bonvin A: Are scoring functions in protein-protein
docking ready to predict interactomes? Clues from a novel
binding affinity benchmark. J Proteome Res 2010, 9:2216-2225.

Gursoy A, Keskin O, Nussinov R: Topological properties of
protein interaction networks from a structural perspective.
Biochem Soc Trans 2008, 36:1398-1403.

Tuncbag N, Gursoy A, Keskin O: Prediction of protein-protein
interactions: unifying evolution and structure at protein
interfaces. Phys Biol 2011, 8:035006.

Hue M, Riffle M, Vert JP, Noble WS: Large-scale prediction of
protein—protein interactions from structures. BMC
Bioinformatics 2010, 11:144.

Aloy P, Russell RB: Interrogating protein interaction networks
through structural biology. Proc Nat/ Acad Sci USA 2002,
99:5896-5901.

Aloy P, Russell RB: InterPreTS: protein interaction prediction
through tertiary structure. Bioinformatics 2003, 19:161-162.

Kundrotas PJ, Lensink MF, Alexov E: Homology-based modeling
of 3D structures of protein—protein complexes using
alignments of modified sequence profiles. Int J Biol Macromol
2008, 43:198-208.

Kundrotas PJ, Zhu ZW, Vakser IA: GWIDD: genome-wide protein
docking database. Nucleic Acids Res 2010, 38:D513-D517.

Talavera D, Laskowski RA, Thornton JM: WSsas: a web service
for the annotation of functional residues through structural
homologues. Bioinformatics 2009, 25:1192-1194.

Shoemaker BA, Zhang DC, Tyagi M, Thangudu RR, Fong JH,
Marchler-Bauer A, Bryant SH, Madej T, Panchenko AR: IBIS
(Inferred Biomolecular Interaction Server) reports, predicts
and integrates multiple types of conserved interactions for
proteins. Nucleic Acids Res 2012, 40:D834-D840.

Tyagi M, Hashimoto K, Shoemaker BA, Wuchty S, Panchenko AR:
Large-scale mapping of human protein interactome using
structural complexes. EMBO Rep 2012, 13:266-271.

Lu L, Lu H, Skolnick J: MULTIPROSPECTOR: an algorithm for
the prediction of protein—protein interactions by multimeric
threading. Proteins Struct Funct Genet 2002, 49:350-364.

Chen HL, Skolnick J: M-TASSER: an algorithm for protein
quaternary structure prediction. Biophys J 2008, 94:918-928.

Shoemaker BA, Panchenko AR, Bryant SH: Finding biologically
relevant protein domain interactions: conserved binding mode
analysis. Protein Sci 2006, 15:352-361.

www.sciencedirect.com

Current Opinion in Structural Biology 2012, 22:367-377



376 Sequences and topology

57. Davis FP, Braberg H, Shen MY, Pieper U, Sali A,
Madhusudhan MS: Protein complex compositions predicted by
structural similarity. Nucleic Acids Res 2006, 34:2943-2952.

58. Aloy P, Bottcher B, Ceulemans H, Leutwein C, Mellwig C,
Fischer S, Gavin AC, Bork P, Superti-Furga G, Serrano L et al.:
Structure-based assembly of protein complexes in yeast.
Science 2004, 303:2026-2029.

59. Stein A, Ceol A, Aloy P: 3did: identification and classification of
domain-based interactions of known three-dimensional
structure. Nucleic Acids Res 2011, 39:D718-D723.

60. Aytuna AS, Gursoy A, Keskin O: Prediction of protein—protein
interactions by combining structure and sequence
conservation in protein interfaces. Bioinformatics 2005,
21:2850-2855.

61. Ogmen U, Keskin O, Aytuna AS, Nussinov R, Gursoy A: PRISM:
protein interactions by structural matching. Nucleic Acids Res
2005, 33:W331-W336.

62. Gunther S, May P, Hoppe A, Frommel C, Preissner R: Docking
without docking: ISEARCH-prediction of interactions using
known interfaces. Proteins Struct Funct Bioinformatics 2007,
69:839-844.

63. Sinha R, Kundrotas PJ, Vakser IA: Docking by structural
similarity at protein—protein interfaces. Proteins Struct Funct
Bioinformatics 2010, 78:3235-3241.

64. Tuncbag N, Keskin O, Nussinov R, Gursoy A: Fast and accurate
modeling of protein—protein interactions by combining
template-interface-based docking with flexible refinement.
Proteins 2012, 80:1239-1249.

65. Lopes TJ, Schaefer M, Shoemaker J, Matsuoka Y, Fontaine JF,

. Neumann G, Andrade-Navarro MA, Kawaoka Y, Kitano H: Tissue-
specific subnetworks and characteristics of publicly available
human protein interaction databases. Bioinformatics 2011,
27:2414-2421.

This study shows that interface structures are conserved, and provides a

method to illustrate binding site prediction based on evolutionary data.

66. Zhang QC, Petrey D, Norel R, Honig BH: Protein interface
conservation across structure space. Proc Natl Acad Sci USA
2010, 107:10896-10901.

67. Patil A, Kinoshita K, Nakamura H: Hub promiscuity in protein—
protein interaction networks. Int J Mol Sci 2010, 11:1930-1943.

68. Gao M, Skolnick J: Structural space of protein-protein
interfaces is degenerate, close to complete, and highly
connected. Proc Natl Acad Sci USA 2010, 107:22517-22522.

69. Tuncbag N, Gursoy A, Guney E, Nussinov R, Keskin O:
Architectures and functional coverage of protein-protein
interfaces. J Mol Biol 2008, 381:785-802.

70. Keskin O, Nussinov R: Similar binding sites and different
partners: implications to shared proteins in cellular pathways.
Structure 2007, 15:341-354.

71. Keskin O, Gursoy A, Ma B, Nussinov R: Principles of protein—
protein interactions: what are the preferred ways for proteins
to interact? Chem Rev 2008, 108:1225-1244.

72. Valas RE, Yang S, Bourne PE: Nothing about protein structure

. classification makes sense except in the light of evolution.
Curr Opin Struct Biol 2009, 19:329-334.

This paper reviews the classification of protein structures from an evolu-

tionary standpoint. It illustrates that structure is more conserved than the

sequence, and that interfaces are conserved across different protein

structures.

73. Tuncbag N, Gursoy A, Nussinov R, Keskin O: Predicting protein-

e protein interactions on a proteome scale by matching
evolutionary and structural similarities at interfaces using
PRISM. Nat Protoc 2011, 6:1341-1354.

This paper offers a protocol, PRISM, applicable for large-scale predic-

tion of protein—protein interactions and assembly of protein complex

structures.

74. Shatsky M, Nussinov R, Wolfson HJ: A method for simultaneous
alignment of multiple protein structures. Proteins 2004,
56:143-156.

75. MoreiralS, Fernandes PA, Ramos MJ: Hot spots —a review of the
protein-protein interface determinant amino-acid residues.
Proteins Struct Funct Bioinformatics 2007, 68:803-812.

76. Tuncbag N, Gursoy A, Keskin O: Identification of computational
hot spots in protein interfaces: combining solvent
accessibility and inter-residue potentials improves the
accuracy. Bioinformatics 2009, 25:1513-1520.

77. Guharoy M, Chakrabarti P: Conserved residue clusters at

. protein-protein interfaces and their use in binding site
identification. BMC Bioinformatics 2010, 11:286.

The study shows that conserved residues have important roles in binding

and are not randomly distributed at the interface. It also indicates the

correlation between conserved residues and hot spots.

78. Tuncbag N, Keskin O, Gursoy A: HotPoint: hot spot prediction
server for protein interfaces. Nucleic Acids Res 2010, 38:
W402-W406.

79. Kanehisa M, Goto S: KEGG: Kyoto Encyclopedia of Genes and
Genomes. Nucleic Acids Res 2000, 28:27-30.

80. Mosca R, Pons C, Fernandez-Recio J, Aloy P: Pushing structural
information into the yeast interactome by high-throughput
protein docking experiments. PLoS Comput Biol 2009,
5:21000490.

81. Stein A, Mosca R, Aloy P: Three-dimensional modeling of

e protein interactions and complexes is going ‘omics. Curr Opin
Struct Biol 2011, 21:200-208.

This paper reviews recent studies in structural bioinformatics, focusing on

the modeling of protein interactions and complexes. It also presents the

methods applicable to build 3D interactome networks.

82. Mirzarezaee M, Araabi BN, Sadeghi M: Features analysis for
identification of date and party hubs in protein interaction
network of Saccharomyces cerevisiae. BMC Syst Biol 2010,
4:172.

83. Agarwal S, Deane CM, Porter MA, Jones NS: Revisiting date and
party hubs: novel approaches to role assignment in protein
interaction networks. PLoS Comput Biol 2010, 6:e1000817.

84. Tsai C-J, Ma B, Nussinov R: Protein—protein interaction

- networks: how can a hub protein bind so many different
partners? Trends Biochem Sci 2009, 34:594-600.

This review addresses the question of how a shared hub-binding site can

be ‘promiscuous’, that is, bind multiple partners, and specific at the same

time.

85. Kim PM, Lu LJ, Xia Y, Gerstein MB: Relating three-dimensional
structures to protein networks provides evolutionary insights.
Science 2006, 314:1938-1941.

86. Schreiber G, Keating AE: Protein binding specificity versus

e  promiscuity. Curr Opin Struct Biol 2011, 21:50-61.

The paper discusses the specificity and promiscuity in protein—protein
interactions. It investigates how proteins bind via similar interfaces, how
protein specificity can be tuned, which residues are important in pro-
miscuous interactions, and how conformational plasticity and post-trans-
lational modification take place in multi-partner protein bindings.

87. Jung SH, Hyun B, Jang WH, Hur HY, Han DS: Protein complex

e prediction based on simultaneous protein interaction
network. Bioinformatics 2010, 26:385-391.

This paper illustrates that simultaneous protein interactions can be used

to predict protein complexes. The structural interface data of protein pairs

is used for protein complex predictions.

88. Shiraishi T, Matsuyama S, Kitano H: Large-scale analysis of
network bistability for human cancers. PLoS Comput Biol 2010,
6:21000851.

89. Marbach D, Prill RJ, Schaffter T, Mattiussi C, Floreano D,
Stolovitzky G: Revealing strengths and weaknesses of
methods for gene network inference. Proc Natl Acad Sci USA
2010, 107:6286-6291.

90. Przytycka TM, Singh M, Slonim DK: Toward the dynamic
interactome: it’s about time. Brief Bioinform 2010, 11:15-29.

91. Bhardwaj N, Abyzov A, Clarke D, Shou C, Gerstein MB:
Integration of protein motions with molecular networks
reveals different mechanisms for permanent and transient
interactions. Protein Sci 2011, 20:1745-1754.

Current Opinion in Structural Biology 2012, 22:367-377

www.sciencedirect.com



92. Tuncbag N, Kar G, Gursoy A, Keskin O, Nussinov R: Towards

- inferring time dimensionality in protein-protein interaction
networks by integrating structures: the p53 example. Mo/
Biosyst 2009, 5:1770-1778.

This study emphasizes that the structural network, rather than the

classical protein interaction network, presents a fourth dimension, that

of time. This dimension would allow distinguishing between simultaneous

and competitive interactions. p53-linked processes are given as exam-

ples, with the interactions found using PRISM.

93. Roy A, Kucukural A, Zhang Y: I-TASSER: a unified platform for
automated protein structure and function prediction. Nat
Protoc 2010, 5:725-738.

94. Bordoli L, Kiefer F, Arnold K, Benkert P, Battey J, Schwede T:
Protein structure homology modeling using SWISS-MODEL
workspace. Nat Protoc 2009, 4:1-13.

95. Kelley LA, Sternberg MJE: Protein structure prediction on the
Web: a case study using the Phyre server. Nat Protoc 2009,
4:363-371.

96. Peng J, Xu JB: RaptorX: exploiting structure information for
protein alignment by statistical inference. Proteins Struct Funct
Bioinformatics 2011, 79:161-171.

97. Kenakin TP: Ligand detection in the allosteric world. J Biomol
Screen 2010, 15:119-130.

98. Peracchi A, Mozzarelli A: Exploring and exploiting allostery:
models, evolution, and drug targeting. Biochim Et Biophys Acta-
Proteins Proteomics 2011, 1814:922-933.

99. Schon A, Lam SY, Freire E: Thermodynamics-based drug

- design: strategies for inhibiting protein—protein interactions.
Future Med Chem 2011, 3:1129-1137.

This paper presents strategies for inhibiting protein-protein interactions by

small molecules, like drugs, through interfaces. The model presented is

used for the optimization of the inhibitor molecules based on thermody-

namics and HIV-1 gp120-CD4 inhibitors are developed as a case study.

100. Stein A, Aloy P: Novel peptide-mediated interactions derived
from high-resolution 3-dimensional structures. PLoS Comput
Biol 2010, 6:¢1000789.

101. London N, Raveh B, Movshovitz-Attias D, Schueler-Furman O:
Can self-inhibitory peptides be derived from the interfaces of
globular protein-protein interactions? Proteins Struct Funct
Bioinformatics 2010, 78:3140-3149.

102. Eldar-Finkelman H, Eisenstein M: Peptide inhibitors targeting
protein kinases. Curr Pharm Des 2009, 15:2463-2470.

103. Bruncko M, Oost TK, Belli BA, Ding H, Joseph MK, Kunzer A,
Martineau D, McClellan WJ, Mitten M, Ng SC et al.: Studies
leading to potent, dual inhibitors of Bcl-2 and Bcl-xL. J Med
Chem 2007, 50:641-662.

104. Oltersdorf T, EImore SW, Shoemaker AR, Armstrong RC,
Augeri DJ, Belli BA, Bruncko M, Deckwerth TL, Dinges J,

Signaling pathways on the proteome scale Kuzu et al. 377

Hajduk PJ et al.: An inhibitor of Bcl-2 family proteins induces
regression of solid tumours. Nature 2005, 435:677-681.

105. Baggs JE, Hughes ME, Hogenesch JB: The network as the
target. Wiley Interdiscip Rev Syst Biol Med 2010, 2:127-133.

106. Fliri AF, Loging WT, Volkmann RA: Drug effects viewed from a
signal transduction network perspective. J Med Chem 2009,
52:8038-8046.

107. Hormozdiari F, Salari R, Bafna V, Sahinalp SC: Protein-protein
interaction network evaluation for identifying potential drug
targets. J Comput Biol 2010, 17:669-684.

108. Klipp E, Wade RC, Kummer U: Biochemical network-based
drug-target prediction. Curr Opin Biotechnol 2010, 21:
511-516.

109. Boran ADW, lyengar R: Systems approaches to
polypharmacology and drug discovery. Curr Opin Drug Discov
Dev 2010, 13:297-309.

110. Kar G, Gursoy A, Keskin O: Human cancer protein-protein

e interaction network: a structural perspective. PLoS Comput
Biol 2009, 5:e1000601.

Cancer structural protein interface network is constructed in this study.

Interface properties of cancer-related proteins are compared with those

of non-cancer proteins. The interface related affinity properties of cancer-

related hub proteins are also illustrated.

111. Davis FP: Proteome-wide prediction of overlapping small

e molecule and protein binding sites using structure. Mol Biosyst
2011, 7:545-557.

The author offers a structure-based approach to predict binding sites

shared by ligands and proteins, in proteins of unknown structure. The

method is also utilized to find overlap in protein and ligand interactions.

112. Rognan D: structure-based approaches to target fishing and
ligand profiling. Mol Inform 2010, 29:176-187.

113. Mestres J, Gregori-Puigjane E, Valverde S, Sole RV: The topology
of drug-target interaction networks: implicit dependence
on drug properties and target families. Mol Biosyst 2009,
5:1051-1057.

114. Xie L, Xie L, Bourne PE: Structure-based systems biology

e for analyzing off-target binding. Curr Opin Struct Biol 2011,
21:189-199.

This study reviews recent progress in the prediction of off-targets based

on proteome-wide structural bioinformatics.

115. von Eichborn J, Murgueitio MS, Dunkel M, Koerner S, Bourne PE,
Preissner R: PROMISCUOUS: a database for network-based
drug-repositioning. Nucleic Acids Res 2011, 39:D1060-D1066.

116. Picksley SM, Vojtesek B, Sparks A, Lane DP: Immunochemical
analysis of the interaction of p53 with MDM2 —fine mapping of
the MDM2 binding site on p53 using synthetic peptides.
Oncogene 1994, 9:2523-2529.

www.sciencedirect.com

Current Opinion in Structural Biology 2012, 22:367-377



	Constructing structural networks of signaling pathways on the proteome scale
	Introduction
	Protein-protein interactions and ‘classical’ protein interaction networks
	Structural protein-protein interaction networks
	Prediction of PPIs on a large-scale using PRISM, a motif-based PPI modeling method
	Constructing structural signaling pathways
	Drug design based on protein interfaces

	Conclusions
	Acknowledgements
	Supplementary data
	References and recommended reading


