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SUMMARY

The number of protein-peptide interactions in a cell
is so large that experimental determination of all
these complex structures would be a daunting task.
Although homology modeling and refinement proto-
cols have vastly improved the number and quality
of predicted structural models, ab initio methods
are still challenged by both the large number of
possible docking sites and the conformational space
accessible to flexible peptides. We present amethod
that addresses these challenges by sampling the
entire accessible surface of a protein with a reduced
conformational space of interacting backbone frag-
ment pairs from unrelated structures. We demon-
strate its potential by predicting ab initio the bound
structure for a variety of protein-peptide complexes.
In addition, we show the potential of our method
for the discovery of domain interaction sites and
domain-domain docking.

INTRODUCTION

Interactions between proteins and peptides are crucial to a vari-

ety of functions in the cell and are estimated to mediate or regu-

late up to 40% of all its processes (Petsalaki and Russell, 2008).

To name a few, peptides act as hormones for endogenous regu-

lation, antimicrobial peptides are a crucial factor in the host-

defense mechanism, and many complex signaling pathways

are mediated by peptide stretches binding to specialized pep-

tide recognition domains. Synthetic peptide drugs have there-

fore great potential for therapeutic intervention when these

processes are deregulated. They can also disrupt protein-

protein interfaces that are difficult to target by small molecules

or even act as allosteric modulators (Watt, 2006; Vanhee et al.,

2011a). Advances in our understanding of peptide-mediated in-

teractions are traditionally made by high-throughput, proteome-

wide experimental (Tong et al., 2002; Stiffler et al., 2007; Tonikian

et al., 2009) or computational (Reimand et al., 2012) discovery

assays for peptide recognition domain (PRM) targets and struc-

tural studies that reveal the atomic details about the mechanism
Stru
of action. However, the biggest hurdle for any mechanism-of-

action study is the often time-consuming process of obtaining

a bound protein-peptide structure, especially for transient com-

plexes, and the small number of available templates in the

Protein Data Base (PDB) that can be reliably used for complex

homology modeling. Ab initio protein-peptide complex predic-

tionmethods cater to this niche, taking advantage of the growing

coverage of unbound protein structures (Stein et al., 2011) and

steady increase in computational power. Nevertheless, the

high number of putative binding sites on a protein combined

with the even higher number of potential conformations flexible

peptides over four residues can adopt are making this a hard

problem to tackle with classic molecular dynamics methods.

Many methods focus on partial aspects of the problem such

as prediction of binding sites (Petsalaki et al., 2009; Tuncbag

et al., 2010; Trabuco et al., 2012), distinguishing between binding

and nonbinding peptides for specific domains (Schueler-Furman

et al., 2000; Barkan et al., 2010), or sampling local conforma-

tional ensembles of the interface and peptide from a starting

structure (Antes, 2010; Ding et al., 2010; Raveh et al., 2010).

Despite the complexity of the task, recent advances were also

achieved for true ‘‘blind docking’’ by tweaking AutoDock to pre-

dict short peptides (Hetényi and van der Spoel, 2002; Unal et al.,

2010) and adding electrostatic interactions to rapid molecular

dynamics to improve the prediction accuracy of protein-peptide

complexes (Dagliyan et al., 2011).

In this work we present an approach to create models of the

structures of protein-peptide complexes models that is concep-

tually different from the previously discussed methods but

inspired by recent insights in the way peptides bind their targets.

It is argued that peptide binding to folded proteins can be

regarded as a folding event where the peptide is added as a

structural element to a protein by noncovalent interactions and

its bound conformation is determined by the target’s context

(Russell and Gibson, 2008). In other recent work it was found

that peptide-binding events do not induce conformational

changes of their partners and that about one-third of the investi-

gated domains add the peptide as an additional helical bundle or

an additional b strand to an existing b sheet, making extensive

use of hydrogen bonds (London et al., 2010). For the remaining

two-thirds of ‘‘unstructured’’ peptides, it was shown that even

these peptides bind their targets in particularly stretched and

elongated conformations with dihedral angles similar to b strand

peptides (Stein and Aloy, 2010). Finally, our group recently
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Figure 1. A Collection of Patterns between Interacting Backbone

Fragments

(A) Pairs of interacting backbone fragments mined from a monomeric PDB

structure (1A8Q) colored by their secondary structure according to the DSSP

algorithm.

(B) The distribution of DSSP annotations between pairs of interacting back-

bone fragments shows that patterns with regular secondary structures are

better represented in our collection than patterns with unstructured regions.

See also Figure S1.
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demonstrated that, in general, the interaction patterns between a

peptide and polypeptide fragments making up the protein-

peptide interface are similar to interaction patterns between

structurally similar fragments in unrelated, monomeric globular

protein structures (Vanhee et al., 2009). This finding suggests

that the wealth of intramolecular interaction patterns in available

PDB structures can be harvested to assemble ensembles of

polypeptide fragments on the surface of protein structures.

We first describe how we define such a collection of interac-

tion patterns by mapping all interactions between polypeptide

fragments in the BriX database (Vanhee et al., 2011b) of clus-

tered protein fragments. We then present a procedure that

uses this collection of interacting fragment pairs to generate

ensembles of energetically favorable protein-peptide complexes

given a receptor structure and peptide sequence. We bench-

mark the quality of our predictions on a set of complexes starting

from both bound and unbound structures, 24 in total, and find

native or near-native conformations in 20 cases. For two select

cases, distant clusters with energetically favorable solutions

indicate a second interaction interface of the protein used to

bind motifs in a different domain. We conclude this work by re-

constructing the complex of two interacting domains from inter-

acting fragment pairs as a proof-of-concept that our approach

could be applied toward domain-domain docking.

RESULTS

An Extensive Collection of Interacting Fragment
Patterns
Here, we define a collection of recurring interaction motifs

between fragments from single-chain protein structures, which

extends the single fragment description of the BriX database

(Baeten et al., 2008; Vanhee et al., 2011b). Our catalog of inter-

action patterns is, similar to the BriX database, derived from

the updated WHATIF protein set (Vriend, 1990) and embraces

intra-chain interactions between fragments of length 4 to 14,

which were extracted with a sliding window approach from

2.597 nonredundant monomeric protein structures (Figure 1A).

All interacting fragment pairs are primarily defined by a simple

spatial proximity function (Experimental Procedures) and then

annotated with the FoldX force field (Schymkowitz et al., 2005)

to estimate the interaction energy (DDG, kcal/mol) of these frag-

ment pairs in isolation. Besides distinguishing between weak

and strong interaction motifs, this allows us to annotate every

fragment pair with its interaction characteristics such as the

number and type of hydrogen bonds between main chains and

side chains or the number of van der Waals clashes between

backbone atoms.

The majority of captured interaction patterns by our proximity

function indeed represent the variety of noncovalent interactions

that stabilize folded structural elements. For example, patterns

that involve a helices are often stabilized by favorable interac-

tions between side chains while the b strand-b strand motif is

mainly stabilized by hydrogen bonds between backbone atoms.

Motifs including loop regions are more of a mixed bag and often

rely only on a few key residues (data not shown). We previously

showed that our proximity function captures the interacting frag-

ment space optimally at a fragment length of five residues (Van-

hee et al., 2009). In terms of secondary structure motifs, for this
2 Structure 21, 1–9, May 7, 2013 ª2013 Elsevier Ltd All rights reserve
fragment length we observe around 60% helical pairs, 20% b

strand pairs, 5% coiled pairs, and 15% mixed fragment pairs

(Figure 1B).

Ab Initio Binding Site Discovery and Bound Peptide
Structure Prediction
We benchmarked our method on 24 structures of 13 representa-

tive protein-peptide complexes in both bound and unbound

conformation, including those used in the recent work by

Dagliyan and colleagues (Dagliyan et al., 2011). For the

Elongin-C domain, we did not find an apo structure in the PDB

and for the estrogen receptor alpha domain the peptide-binding

interface is blocked by its C-terminal helix in the unbound confor-

mation (Shiau et al., 1998), therefore no predictions for the un-

bound state were reported for these domains. Our approach

can be described as a multistep process (Figure S1 available

online) that is repeated for each surface accessible fragment

(‘‘interface’’) of an unbound protein structure (‘‘receptor’’) and a

sequence (‘‘peptide’’) that is assumed to interact with the puta-

tive interface: (1) Searching for fragment pairs that have one

part superimposing well on the backbone of the interface frag-

ment and the other part (‘‘peptide fragment’’) not producing

backbone clashes with the receptor; (2) building the target pep-

tide sequence on the peptide fragment, repositioning the side

chains of the interface and selecting favorablemodels with FoldX

(Schymkowitz et al., 2005; Figures 2A and 2C); (3) sampling local

conformational ensembles of the these models by superimpos-

ing BriX fragments (Baeten et al., 2008; Vanhee et al., 2011b),

of longer length if necessary to build the full peptide sequence,

and repositioning all side chains in the interface (Figures 2B
d



Figure 2. Ab Initio Prediction of Peptide-Binding Site and Bound Structure for the PDZ Domain

(A) The PDZ domain (gray) covered with scored peptide fragments (yellow-blue) shows that many energetically favorable solutions cluster together around its

peptide-binding interface (coral).

(B) The top predicted complex places the peptide (gold/blue) at 0.7 (Å) backbone rmsd from the peptide in the crystallographic complex (magenta).

(C) The energy versus rmsd plot show that favorable ab initio predictions (black) spatially group together and can be refined further (gold) to converge to the

original peptide structure conformation (magenta) in a funnel-like manner.

(D) Hierarchical clustering of backbone coordinates from top solutions reveals two clearly separated partitions of conformations separated by 20–25 Å.

(E) (top left) Silhouette analysis on the partitioned solution space determines the height to cut the hierarchically clustered tree (bottom left). Box-whisker plots of

FoldX energy distributions show that partition 1 contains many good solutions and is therefore a primary candidate for a native-like complex conformation

(bottom right). Partition 1 contains solutions that predict 100% of the residue contacts formed by the native complex and (top-right) a backbone rmsd < 1 Å from

the original peptide structure. Boxes represent the interquartile ranges (IQR); whiskers represent minima and maxima.

See also Figure S2.
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and 2C); and (4) hierarchically clustering predicted peptide struc-

tures on backbone atoms, creating partitions from a silhouette

analysis and computing the minimal interaction energy per parti-

tion (Figures 2D and 2E). Finally, for each cluster we select the

ten most energetically favorable peptides and report the back-

bone root-mean-square deviation (rmsd) and percentage of

correctly predicted native contacts for the most native peptide

(Table 1). Based on these two criteria, we also assign a qualita-

tive score, proposed by the Critical Assessment of Predicted

Interactions (CAPRI) (Méndez et al., 2003), to each prediction.

In summary, our predictions were able the capture the native

or native-like conformation for 10 of 11 unbound structures

and 10 of 13 bound structures (Table 1; Figure S2A). Of those
Stru
20 correctly predicted models, the prediction for the unbound

PDZ domain was scored as ‘‘high quality,’’ 12 predictions were

scored as ‘‘medium quality,’’ and 7 as ‘‘acceptable quality’’

according to the CAPRI criteria. Besides the four incorrectly pre-

dicted complexes, a few of the successful predictions did not

identify the native-like cluster as energetically most favorable

(Table 1; Figure S2B). We then investigated whether we could

find one or more common causes leading to prediction accu-

racies. First, we note that in five crystal structures the complex

between domain and peptide induces significant backbone

van der Waals clashes, measured by the FoldX energy potential,

indicating that the target template might be of poor quality (Fig-

ure S2C). Second, we observe that wrongly ranked clusters
cture 21, 1–9, May 7, 2013 ª2013 Elsevier Ltd All rights reserved 3



Table 1. Ab Initio Predictions for Protein-Peptide Complexes

Domain-Peptide Complexes

(Peptide Sequence)

PDB Unbound/

Bound

Ab Initio Results after Clustering

Rmsd to WT (Å)

Native Contacts

to WT (%) CAPRI Score

Partition

(DDG Rank, %)

PDZ domain 1BFE 0.73 93 high 1/3 (80)

(KQTSV) 1BE9 1.09 97 medium 1/2 (99)

Estrogen receptor a 3ERTa – – – –

(HKILHRLLQDS) 3ERD 1.95 85 medium 1/2 (30)

CheY protein 1JBE 1.91 47 medium 1/4 (50)

(QDQVDDLLDSLGF) 2FMF 2.78 53 medium 1/3 (32)

SH2 domain 2IUG 3.45 41 medium 1/2 (89)

(TNEYMDMK) 2IUH 2.66 46 medium 1/7 (64)

Elongin B – – – – –

(VGSLQYLALAALI) 3DCG 4.88 30 medium 1/3 (23)

Homer domain 1DDWb 4.86 44 medium 2/3 (40)

(TPPSPF) 1DDV 4.22 38 medium 1/3 (5)

SH3 domain 1SRLb 8.28 55 medium 5/10 (33)

(AFAPPLPRR) 1PRMb 6.87 50 medium 4/10 (6)

PUB domain 2HPJ 10.42 17 incorrect 1/2 (90)

(DDLYG) 2HPL 5.13 52 medium 1/9 (14)

Phospholipase A2 1CL5b 6.26 32 acceptable 3/4 (18)

(VIAK) 2FNXb 6.22 35 acceptable 8/8 (1)

Granzyme M protein 2ZGCb 7.93 21 acceptable 6/6 (12)

(SSGKVPLS) 2ZGJ 22.89 0 incorrect 2/2 (68)

Proteinase K protein 2ID8 8.87 11 acceptable 1/2 (77)

(GALAG) 2PQ2 8.58 18 acceptable 1/2 (99)

PCNA protein

(KSTQATLERWF)

1RWZb 8.78 18 acceptable 2/2 (96)

1RXZ 18.33 11 incorrect 1/2 (88)

Keap1 protein 1X2Jb 8.58 16 acceptable 5/5 (1)

(LDEETGEFL) 1X2R 30.37 0 incorrect 1/2 (99)

From left to right: benchmark domains and peptide sequence, unbound and bound PDB structures, backbone rmsd value to the native peptide struc-

ture for the top prediction, percentage of native contacts shared with the native complex, the CAPRI score based on these two values, and the DDG

based rank of the partition with its percentage of the total solution space.
aBinding site inaccessible in apo structure (see also Table S1).
bNative-like cluster not scored as energetically most favorable.
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mainly occur in the ‘‘acceptable’’ cases where predictions

between 5 and 10 Å backbone rmsd are allowed. Arguably,

this range is close enough to claim detection of the peptide-

binding site and general conformation but too far too make all

the necessary residue contacts to generate a good DDG value.

Third, some interaction patterns involving two particularly coiled

fragments, as observed in the SH3 and Homer complexes,

are not represented with many instances in our collection (Fig-

ure 1B). The lack of sufficient suitable interaction scaffolds is

therefore another plausible explanation for prediction accu-

racies. Conversely, we investigated whether favorable models

were preferentially built using interacting fragment scaffolds

from PDB structures homologous to the target by comparing

the intersection of SCOP annotations between the top 100

models and target. We found that not a single prediction showed

significant overlap from domain-to-fold SCOP classifications

(Figure S2D). This finding is consistent with our previously pub-

lished work, which describes how interacting fragment pairs
4 Structure 21, 1–9, May 7, 2013 ª2013 Elsevier Ltd All rights reserve
from unrelated structures can be used to predict protein-peptide

complexes (Vanhee et al., 2009).

Refinement with Fragment Libraries Captures Local
Conformational Ensembles
To independently assess the quality of the refinement step and

performance of the scoring function, we compiled a test set of

all PDZ domains that have a high-resolution structure with a pep-

tide of at least five residues long in the PDB (26 structures). We

applied the ab initio prediction method for each structure but

only ran predictions for anchor fragments in the native cluster

for the PDZ domain (see 1BE9 prediction in previous section).

According the CAPRI quality criteria, we predicted that 15 of

26 PDZ domain-peptide complexes would be ‘‘high’’ quality

and 11 of 26 would be ‘‘medium’’ quality (Table 2). ‘‘Medium’’

quality predictions are labeled as such because the backbone

rmsd with respect to the native peptide structure is higher than

1 Å. Nevertheless, most of these models placed the peptide
d



Table 2. Predictions for the Conformational Ensemble of the PDZ

Domain Family

Complexes Refinement Results

PDB

Peptide

Sequence

Native

Contacts

to WT (%)

Rmsd

to WT (Å)

CAPRI Score

and Prediction

Significance

1BE9 KQTSV 93 0.75 higha

1IHJ TEFCA 95 4.28 mediuma

1KWA SYREF 97 0.85 high

1L6O LMTTV 72 2.50 mediuma

1MFG LDVPV 88 1.45 mediuma

1MFL LDVPV 93 1.08 mediuma

1N7F RTYSC 93 0.59 higha

1OBY NEFYA 86 0.76 high

1Q3P AQTRL 86 1.02 mediuma

1RZX KESLV 93 0.88 high

1TP3 KETPV 93 1.06 mediuma

1TP5 KETWV 90 0.65 high

1V1T NEYKV 96 1.01 mediuma

1W9E NEFYF 87 0.88 high

1W9O NEYYV 83 0.72 high

1W9Q NEFAF 96 0.75 high

1X8S EMAVD 88 1.72 medium

2FNE DETSV 93 0.79 high

2H2B RTTYL 88 0.79 high

2HE2 HETSV 100 0.70 high

2I04 RETQV 88 1.16 mediuma

2I0I RETQV 100 0.57 high

2I0L RETQV 88 1.46 mediuma

2IWP SETSV 90 0.84 high

2OPG KSTRL 90 0.51 high

3DIW FDTDL 94 1.27 mediuma

From left to right: PDZ domains and peptide sequences in the benchmark

set with the best backbone rmsd value from the top ten predictions

selected by DDG, the percentage of native contacts shared with the

native structure, and the corresponding CAPRI quality score based on

these values.
aFor every prediction, we compared the distribution of rmsd values

between top solutions and the native structure with those from the

ensemble of available homologous templates in this set and annotated

cases where the prediction distribution mean was significantly larger.
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backbone at < 2 Å rmsd with high percentages of conserved

native contacts compared to the native structure, which indi-

cates that these models are at least close to ‘‘high’’ quality and

that all together the full native ensemble of PDZ-peptide com-

plexes was successfully sampled. Given the considerable

amount of PDZ domain structures solved in complex with a pep-

tide one could argue that, at least for the PDZ domain, the same

structural variation could be derived by ‘‘transplanting’’ peptide

structures from homologous PDZ complex structures. Conse-

quently, we compared for each target the distribution of peptide

backbone rmsd values to the 25 available templates with the

distribution of rmsd values to our top ten predictions. In 12 of

25 cases we observed a significantly larger mean (one-tailed
Stru
t test, p < 0.05) for the prediction distribution (Figure 3A).

Because these cases corresponded to the cases where predic-

tions were rated ‘‘medium’’ rather than ‘‘high,’’ we then looked

for commonalities between them by studying the decomposed

FoldX energy terms. Interestingly, we find that ‘‘medium’’ quality

models have significantly lower (one-tailed t test, p < 0.005) pre-

dicted interaction energy compared to their corresponding

native structures (Figure 3B). Analysis of the decomposed FoldX

interaction energy terms shows that the resolution of van der

Waals clashes contributes significantly (one-tailed t test, p <

0.05) to the energy improvement and that for at least four com-

plexes our predictions improved the conformation of the crystal

structure (Figure S3A). Further visual inspection illustrates the

cause for two observed outliers (Figure S3B): one captures a

pre-C-terminal part of the peptide (1L6O) and a second has a

flawed peptide conformation in the crystal structure (1IHJ).

Despite the observed distinction between FoldX energies from

structures associated with ‘‘high’’ or ‘‘medium’’ quality predic-

tions, we did not see this difference reflected in the reported

resolutions of these structures (Figure S3C). Nevertheless, these

findings suggest that fragment-based libraries derived from

high-resolution structures could be useful to model conforma-

tional ensembles and potentially even improve the quality of

experimentally solved protein-peptide complex structures.

Identifying and Modeling Domain-Domain Interactions
through Interacting Fragment Patterns
For a few cases our ab initio predictions suggest that there are

multiple clusters of favorable solutions, with low interaction

energy minima, clearly separated with high rmsd values from

each other (Table S1). Two such cases are of particular interest

because they can be explained by a second interaction. In the

first case, the second ranked cluster for the bound estrogen

receptor-a domain structure (3ERD) and the first ranked cluster

of the unbound ER-a domain (3ERT) correspond to a large part

of the helix H10 conformation, which has a similar LxxLL motif

to the coactivator peptide and forms the interface for homodime-

rization (Shiau et al., 1998; Figure 4A). In the second case, the

largest and second favorable cluster corresponds to the b2-

strand of Elongin-C, interacting with its Elongin-B interface

when they form part of an E3 ligase complex. Even though in

this case the sequence of the Elongin-C strand does not

resemble the peptide motif, the nature and orientation of the

interface residues modeled by this second cluster are compara-

ble to the Elongin-C interface (Figure 4B).

The observation that our ab initio predictions also identified

interfaces and partial scaffolds for domain-domain interactions

inspired us to try and dock the RalGDS domain to a Ras domain

(1LFD) as a proof-of-concept for domain docking through inter-

acting fragment patterns. To achieve this, we slightly modified

the method to not build a sequence on the ‘‘peptide fragment’’

but instead superpose the whole rigid domain by one of its

solvent-exposed fragments (Figure S1D). Surprisingly, only a

few combinations of anchor fragments produce favorable com-

plexes (Figure 4C). In particular, combining the RAS fragment

starting at B237 with the RalGDS fragment starting at A28 leads

to an energetically favorable complex, predicted at 1.43 Å back-

bone rmsd of the native RAS-RalGDS complex conformation

(Figure 4D).
cture 21, 1–9, May 7, 2013 ª2013 Elsevier Ltd All rights reserved 5



Figure 3. Sampling Conformational Ensembles for the PDZ Domain Family

(A) For each domain the distribution of backbone rmsd values between the top ten predictions and native structure is compared to the distribution of rmsd values

between native structure and available homologous templates. In 12 of 25 cases, the collection of homologous templates covered the native conformation

significantly (p < 0.05) better than our predictions and the rmsd value of the closest homologous template was reported (red stars). Boxes represent the IQR;

whiskers represent minima and maxima.

(B) Inspection of the energy terms for ‘‘medium’’ quality (rmsd > 1 Å) predictions reveals that our models have significantly (p < 0.005) better complex energy than

the original structures of this subset, which is partially explained by a reduction (p < 0.05) in van der Waals clashes with respect to the crystal structure. Error bars

represent 1 SD from the mean.

See also Figure S3.

Structure

Fragment-Based Protein-Peptide Complex Prediction

Please cite this article in press as: Verschueren et al., Protein-Peptide Complex Prediction through Fragment Interaction Patterns, Structure (2013),
http://dx.doi.org/10.1016/j.str.2013.02.023
DISCUSSION

We previously showed that the conformational space of

all possible secondary structure elements and their pairwise

orientations could be classified in structural alphabets. In this

work we showed that these two paradigms could reduce the

large conformational space of peptides interacting with their

receptors to a manageable size.

First, our results show that we are able to predict the pep-

tide-binding pocket and often the native peptide structure

using only a limited set of interacting fragment pairs, an all-

atom force field, and standard algorithms like structural

superimposition and hierarchical clustering. In cases where

the peptide adopts a secondary structure motif upon binding

we predict native-like structures with backbone rmsd <5 Å,

even for peptides over ten residues, which are notably harder

to predict by current ab initio methods. We failed to predict

good conformations for a few coiled elongated peptides but,

given that only interacting fragment pairs from a limited set of

2,650 structures were used, it is plausible that a number of

interaction scaffolds between irregular structural elements

were not observed. One way to address this would be to enrich

our database by specifically fragmenting and classifying only

irregular interaction patterns from a larger set of structures,

similar to the enrichment of the BriX database for irregular

loop fragments (Vanhee et al., 2011b). We also observed that

some of the near-native clusters, typically in the 5–10 Å back-

bone rmsd range, were not identified by the FoldX force field as

the energetically most favorable ones. FoldX scores native pro-

tein-peptide complexes well but does not implement a gradient

function that detects long-range electrostatic interactions,

which dramatically improve ab initio predictions as recently
6 Structure 21, 1–9, May 7, 2013 ª2013 Elsevier Ltd All rights reserve
shown by Dagliyan and colleagues (Dagliyan et al., 2011). We

hypothesize that such near-native, but slightly off-target, com-

plexes could be further refined with this type of molecular

dynamics (MD) experiments and that both approaches are in

fact complementary.

Second, we demonstrated that the conformational ensemble

of a single peptide-binding domain family could be efficiently

sampled by superimposing clusters of structurally similar

backbone fragments. Fine-grained sampling of peptide back-

bone conformations is crucial to correctly predict side-chain

contacts with the interface, which in turn is essential for

in silico specificity or point mutation studies. It remains to be

seen whether this type of sampling could be competitive or com-

plementary withmethods that intrinsically sample a continuumof

local conformations.

For some selected cases, densely populated clusters of

energetically favorable solutions did not point to the peptide’s

interface but turned out to describe both interfaces of a

domain-domain interaction. This suggests that, at least for the

subset of domains whose interface is mainly built from contin-

uous polypeptide fragments, interacting fragment pairs could

serve as a starting point for domain-domain docking methods.

As a proof-of-concept, we accurately docked two domains

through such fragment interactions and found that, in contrast

to protein-peptide complexes, only a few conformations lead

to good predictions. It would be of great interest to further

explore how many of such domain-domain interactions are

intrinsically governed by continuous fragment interactions and

can be modeled by the method we presented in this work.

To conclude, simultaneous characterization of all interfaces

and their native interaction counterparts, whether they are pep-

tides or larger polypeptide assemblies, provides insights into the
d



Figure 4. Interacting Fragment Pairs as Scaffolds for Domain-Domain Interactions

(A) For the ER-a prediction a second cluster of energetically favorable solutions (blue), clearly separated from the peptide-binding interface (yellow/magenta),

covers most of the domain’s homodimerization site.

(B) For the Elongin-B prediction the largest (75%) cluster models the b strand interaction between this domain and the Elongin-C domain in an E3 ligase complex

with a similar interface residue orientation.

(C) A matrix of pairwise combinations between RAS and RalGDS surface fragments describes all possible configurations for docking using interacting fragment

pairs. The combination of RAS fragment B237 and RalGDS fragment A28 produces many energetically favorable models.

(D) The complex model built by superimposition of the RalGDS and RAS surface fragments on an interacting fragment pair has <1.4 Å backbone rmsd from the

original complex structure.
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function of protein domains and could steer rational design of

effectors for such targets. We argue that rapid and accurate

protein-peptide structure prediction methods, as presented in

this work, can drive progress in these fields.

EXPERIMENTAL PROCEDURES

Construction of Interacting Fragment Collection

We search for backbone interactions between fragments with a loose

criterion, which does not rely on the side chain coordinates of the original
Stru
protein structure. Therefore we represented all atoms of a residue by half-

spheres and computed their rotamer-dependent action radius. If the

action-radii of two residues overlap we define them to be interacting. Conse-

quently, a pair of fragments is interacting when both fragments are found

in the same PDB chain and at least half of the residues in a fragment

interact with at least half of the residues from the other fragment. In addition,

we defined a second more restrictive metric based on the actual PDB

coordinates. This metric regards residues to be interacting when the dis-

tance between any of the atoms of the residue is less than the sum of

their van der Waals radii plus 0.5 Å. The set of interacting fragment pairs

identified by this metric is a strict subset of those defined by the loose
cture 21, 1–9, May 7, 2013 ª2013 Elsevier Ltd All rights reserved 7
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criterion and can be used to select tighter patterns of interaction from the

collection.

Ab Initio Protein-Peptide Complex Predictions

See Supplemental Experimental Procedures.

Prediction as a Constraint Satisfaction Problem

Our algorithm is implemented as a constraint satisfaction problem (CSP)

(Kumar, 1992) in the gecode framework (version 3.3.1, http://www.gecode.

org/). In our CSP, variables describe either anchor fragments by residue

index and length or the peptide fragment only by length. The domain of an

anchor fragment is the set of all fragments in the BriX database that can

be superposed on the fragment below a user-defined rmsd threshold. The

domain of a variable representing a peptide is the set of all fragments of a

given length in the BriX database. Configurable constraints decide which

BriX fragments can be assigned to which variable:

(1) Cover constraint: This unary constraint defineswhich fragments can be

assigned to a variable by assessing whether the backbone rmsd after

superposition is lower than a given threshold.

(2) Interacting constraint: This binary constraint is defined between each

anchor fragment and the peptide fragment. It constrains two fragments

to interact in their original environment according to a distance or

energetic threshold.

(3) Energy constraint: An n-ary constraint (n = number of variables) that

checks whether the energy is under a given threshold when all vari-

ables are assigned and a complete structural model can be produced.

The three versions of this constraint are (1) backbone van der Waals

clashes, (2) backbone h-bonds; and (3) full DDG estimates of the

complex after building the side chains of the peptide on the backbone

scaffold with FoldX (using default parameters).

When all unary and binary constraints are satisfied, a complete structural

model is produced to test the energy constraint by placing the peptide in the

context of the receptor through the rotation and permutation matrix of the

superimposed interacting fragment pair.

Interface Fragments, Energy-Based Selection, Refinement, and

Extension

To decrease the number of concurrent processes, we calculate the SAS

(solvent-accessible surface) with the MSMS package (Sanner et al., 1996),

included in Chimera (Pettersen et al., 2004), and select only anchor frag-

ments that have at least one residue with SAS >40. After the first round of

predictions, we rank all solutions and select top solutions to populate a

pool of different scaffolds to start the refinement step. The refinement and

extension algorithm are also implemented as a CSP in the gecode framework

with the following differences: (1) the peptide fragment serves as anchor

fragment for a CSP run without interaction constraints; and (2) the cover-

constraint can be configured for fragment extension at either the N terminus,

C terminus, or both by partially superimposing BriX fragments of a greater

length.

Clustering of Solutions after Refinement and Cluster Analysis

Hierarchical clustering on Ca coordinates of top ranked solutions

distinguishes between different binding surfaces and peptide structures.

The resulting dendrogram is cut into n partitions (n = 1–10 iterations),

determined by a silhouette analysis on the iteration through different parti-

tions. For the chosen number of partitions we then compute following

parameters: (1) population percentage, (2) minimal FoldX DDG interaction

energy values, (3) backbone rmsd values, (4) percentage of native contacts

in common with the native complex, and (5) CAPRI quality score based on

(3) and (4).

Availability

Tab-separated flat files containing the annotated collection of inter-

acting fragment pairs can be downloaded at http://brix.crg.es/content/

about#Downloads and the implementation of the ab initio, refinement, and

extension steps will be made available for academic use in the upcoming

version of FoldX (Release 4).
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