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Structural bioinformatics provides new tools for investigating protein-protein interactions at the molec-
ular level. We present two types of structural descriptors for efficiently representing and comparing
protein-protein binding sites and surface patches. The descriptors are based on distributions of dis-
tances between five types of functional atoms, thereby capturing the spatial arrangement of physico-
chemical properties in 3D space. Experiments with the method are performed on two tasks: (1) detec-
tion of binding sites with known similarity from homologous proteins, and (2) scanning of the surfaces
of two non-homologous proteins for similar regions.
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1. Introduction

Throughout the life of a cell protein-protein interactions (PPI) are the driving force behind
many molecular functions and cellular activities. Protein-protein interactions also drive
many of the processes related to diseases, such as host-pathogen interactions including
the immune response to invading pathogens and disease-related protein misfolding and
aggregation.

Experimental high-throughput techniques such as yeast-two-hybrid screens, tandem
affinity purification and co-immunoprecipitation can afford a comprehensive view of the
network of protein-protein interactions inside a cell. The wealth of interaction data that
are generated with these methods is further increased by predicting interactions compu-
tationally based on homology. However, these data suffer from severe limitations. First,
experimentally derived interactions show inaccuracies,®! which are then propagated by
homology-based annotation. The discrepancies between different experimental and pre-
dicted data sets are considerable.?! Second, binary interaction data lack molecular details
about where and when, in which relative positioning, and how strongly proteins interact.
This information is vital for assessing the effect of mutations on binding sites and for the
development of inhibitors of PPIs.?

The spectrum of questions and methods in the field of protein-protein interactions is
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wide. Appropriate classification of interactions e.g., as permanent or transient interac-
tions, 71837 is of high relevance in the cellular context but requires an in-depth study of
structural features. In their paper from 2006,! Aloy and Russell proclaim structural analysis
of protein interactions, interfaces, and binding sites as a crucial step towards understand-
ing interactions at a system level. Temporal dynamics of interactions, spatial organizations
of assemblies, locations of interactions and types of interactions need to be understood to
place single interactors in their cellular or systems context.

In this work we study the similarities between binding sites of proteins. Global similar-
ity of two proteins is neither necessary, nor sufficient for sharing similar binding partners.
On the one hand, proteins from the same family can exhibit different binding specificities
due to subtle changes in their binding sites. On the other hand, mimicking of binding sites
enables two proteins with different global folds to bind to the same partner, such as the
viral M3 protein imitating a chemokine homodimeric binding site!! or the mimicking of
CD4 by scorpion toxin.'?

To study these phenomena purely data-driven analysis as well as similarity-based meth-
ods have been applied. The idea underlying data-driven analysis is that if complexes AB
and A’C involving the domains A, A’, B, and C were observed, A and A’ being from the
same homologous family, an alignment of A and A’ can be used to analyze whether B and
C are binding at equivalent binding sites to A and A’, respectively. This indicates that the
binding sites of B and C are likely to share some properties, as they are able to bind to sim-
ilar partners. Henschel et al.'! studied similar binding sites by extracting them from known
complex structures using this concept.

In contrast to this data-driven analysis, similarity-based methods have been used to de-
tect similarities between binding sites, despite global dissimilarity between the respective
proteins. Similarity-based methods use either combinatorial matching procedures to find
common properties or “structural descriptors” to capture the essential characteristics of
a binding site. We use the notion “structural descriptor” here to mean an abstract repre-
sentation allowing for efficient comparison, in contrast to methods like geometric hashing
or clique search on correspondence graphs, which use simpler representations, but more
complex combinatorial matching procedures.

Geometric hashing® and other combinatorial matching techniques have been applied
numerous times for the comparison of binding sites (i.e., the binding residues of one in-
teraction partner) as well as protein interfaces (i.e., the binding residues from both in-
teraction partners).>#?% Keskin et al.'> identified similar binding behaviour by structural
alignment of interface residues. In contrast to the data-driven approach by Henschel et al.!!
outlined above, this procedure requires less data, but relies heavily on the structural align-
ment method, making it difficult to differentiate between differences in binding sites and
methodological artefacts. For the comparison of enzymatic active sites the software pack-
ages TESS?? and JESS? were developed by the Thornton group. The Klebe group devel-
oped clique search and geometric hashing approaches for the comparison of small-ligand
binding sites.?>33

The concept of using structural descriptors for representing functional sites or struc-
tural arrangements has been described previously. Stahl e al.?° have used distance-based
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descriptions for comparing active sites of enzymes based on chemical and geometric prop-
erties. Subsequently the sites were clustered and visualized using a self-organizing-map
(SOM) approach. For the analysis of protein-protein interaction interfaces, Mintseris and
Weng'% have proposed atomic contact vectors which consist of contact counts derived from
thresholded distance matrices. Distributions of atomic distances have been used success-
fully in structure comparison.%’ In protein structure prediction, distributions of distances
have been applied in the form of knowledge-based potentials for evaluating the fit of a
sequence to a structure.”® Bock et al.*> use spin-image representations to represent the
arrangement of neighboring residues around a residue of interest. Via et al.’® provide a
recent review of methods for detecting of protein surface similarities. Several of the meth-
ods, such as distance distributions and spin-image representations, stem from the computer
vision research field.'%?’

In our recent work?> we demonstrated the applicability of structural descriptors to the
specific task of predicting HIV coreceptor usage based on properties of the viral V3 loop
region. Here, we examine their applicability to the more general task of binding site com-
parison.

We propose a method for representing and comparing protein-protein binding sites.
The structural descriptor is based on distributions of pairwise distances between functional
atoms. Thereby, the descriptor encodes the spatial arrangement of those physico-chemical
properties in a vector of fixed length.

We evaluate two modes of analysis: (1) using the structural descriptor to describe a
whole binding site, i.e. the set of all residues binding to the partner in a protein-protein
interaction, and (2) to describe a set of surface residues as defined by a sphere of radius r
around the Ca-atom of a given central residue. The first mode can be used for comparing
predefined protein-protein binding sites, whereas the second mode can be used to scan the
surfaces of two proteins for similarities, if the binding patches are not known a priori.

This article is organized as follows. In Section 2 we describe the details of the distance-
based descriptor and methodological variants and the nearest-neighbor prediction protocol.
In Section 3 we present results of the performance evaluation on a data set of protein kinases
and a case study on scanning protein surfaces for similar patches.

2. Comparison of protein binding sites and surface patches

Here, we introduce two variants of structural descriptors SDysite and SDpatches- SDbsite
describes the spatial arrangement of physico-chemical properties for given set of residues
for a predefined binding site. In contrast, SDpatches provides a representation for several
small surface patches and computes a combined match score. See Figure 1 for a schematic
overview of the two methods.

2.1. Structural descriptors of protein-protein binding sites

The structural descriptor SDysite takes a set R of binding site residues as input and encodes
their relative positioning in three-dimensional space. Residues losing more than 1 A2 of
solvent accessible surface area upon complexation with the binding partner'# are defined
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Fig. 1. Schematic overview of the structural descriptors SDpgite and SDpatches

as binding site residues. The solvent-accessible surface areas for the single domains as well
as their complexes are computed using NACCESS.!?

Following Schmitt et al.>* we represent the side chains using five functional atom types,
namely, hydrogen-bond donor, acceptor, ambivalent donor/acceptor, aliphatic, or aromatic
ring. Amino acids R, N, Q, K, and W are classified as donors. Acceptors are N, D, Q,
and E. Ambivalent donor/acceptors comprise H, S, T, and Y. As aliphatic amino acids we
consider A, R, C, I, L, K, M, P, T, and V. Pi-stacking centers are H, F, W, and Y. Pseudo-
atoms for donors, acceptors, and ambivalent donor/acceptor interaction centers are placed
at the respective nitrogen or oxygen atoms. For aliphatic and aromatic interaction centers
all involved atom positions were averaged per residue to compute a pseudo-atom. We used
the unweighted average of carbons to determine the center of aliphatic side chains, and do
not consider backbone atoms as pi-stacking interaction centers.

To derive the structural descriptor, the spatial arrangement of these functional pseudo-
atoms is encoded by distance distributions. For each of the 15 combinations of functional
atom types (i.e. donor-donor, donor-acceptor, etc.) pairwise Euclidean distances between
the respective pseudo-atoms in the residue set R are calculated. Note that the number of
these distances depends on the number of pseudo-atoms in the two respective groups. From
these distance matrices we derive distance distributions using a kernel density estimate with
a Gaussian kernel and a smoothing kernel bandwidth of 1 A. The density estimates are then
discretized by uniform sampling at intervals of 1 A from 1A to 10A, resulting in a 15
(distance distributions for atom type combinations) times 10 (sample points) dimensional
vector. The resulting vector is used as a structural descriptor for a given set of binding site
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residues R. Distance distributions are representations of protein structure invariant under
translation and rotation. The smoothing kernel bandwidth as well as the sampling intervals
for the distance-based descriptors have been set to values based on empirical observations.
Variations within a reasonable range did not result in significant changes of the perfor-
mance.

2.2. Comparison and retrieval of structural descriptors

The structural descriptor is a vector of fixed length. The length only depends on the parame-
ters of the method, not on the size or number of residues of the binding site to be described.
By using a vectorial representation of a binding site or surface patch multivariate analysis
and statistical learning techniques can directly be applied to the descriptors. Here we use
simple nearest-neighbor classification, but in principle, kernel-based discriminative meth-
ods can be applied directly.

A wide variety of distance functions, Minkowski norms like the Euclidean or Manhat-
tan metric, information theoretic measures like the Kullback-Leibler distance or Jensen-
Shannon divergence, or other statistical approaches like y2-test, dot-products, or cosine
distance can be used to compare two descriptor vectors. On the tasks and data sets stud-
ied here, the cosine and Euclidean measures provide very good performance. While on the
rather small data sets used here for evaluation we used pairwise distance computations to
determine nearest neighbors, spatial indexing methods like kd-trees® can be used to speed
up the retrieval of nearest neighbors from a massive set of hundred thousands or millions
of descriptors.

2.3. Structural descriptors of protein surface patches

While the SDyite descriptor relies on a predefined set of residues, here for SDpatches, We
drop this prerequisite. In contrast to predefined protein-protein binding sites the comparison
of two proteins for similar surface regions does not provide a defined set of residues to be
described by the structural descriptor. SDpatches describes the surface of a protein or parts
of it by a set of patches. Each patch is composed of the residues within a sphere of radius
r around the Ca atom of a given central residue. In the current implementation we use
one sphere per surface residue. A multi-resolution approach can be implemented by using
spheres of different radii and combining the matches appropriately in the subsequent p-
value computation.

Each surface patch is represented by a distance distribution like with SDygie. Thus
the comparison of two protein surfaces turns into the comparison of two sets of descrip-
tors. From the raw descriptor match scores described above, we compute p-values. This
is done by generating a background distribution of similarity scores of unrelated pairs of
descriptors. For efficient lookup of p-values the cumulative distribution function of the top
5% scores in the distribution is smoothed by a cubic spline with 4 knots and fitted by a
piecewise linear function. p-values above a threshold of 5% are set to 1, to avoid the accu-
mulation of spurious similarities.

To compare two sets of patches, each patch in the first set receives the score of the
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Fig. 2. Retrieval of similar binding sites: (a) ROC curve, (b) comparison of AUC performance of the structural
descriptor against TMscore

respective best hit in the second set and the p-values of all hits get accumulated by mul-
tiplication (assuming statistical independence). To avoid numerical instabilities —log10(p)
scores are computed and accumulated by summation.

3. Experiments & Evaluation

Experiments are performed on a set of binding sites from Pkinases and their respective
binding partners. In addition to the quantitative evaluation, a case study on an instance of
viral mimicking is presented.

3.1. Retrieving Similar Binding Sites - Kinases

We analyzed and evaluated the structural binding site descriptors SDysite and SDpatches
on a set of protein kinase binding sites and the binding sites of their respective partners.
This data sets consists of binding sites derived from domain interfaces from 25 Pkinase
complexes comprising 50 binding sites. For the selection of these binding sites we used
the SCOPPI database.>* SCOPPI provides an extensive data set of domain-domain interac-
tions for all SCOP domains in the protein data bank PDB. In addition to the preprocessed
list of pairwise interactions, SCOPPI supplies a categorization of binding sites into face
types. The binding sites of all domains within a specific family are compared on the basis
of how many residues they share that are matched in an alignment of the two protein fami-
lies. Based on this criterion strongly overlapping binding sites on equivalent regions of the
domain surface are classified into the same face type.

Complexes with redundant entries (i.e., using the same binding faces in both interac-
tions) were removed if they exhibited a sequence identity level of at least 90% with already
included complexes. From the resulting set of 50 binding sites we removed one of the two
binding sites in each symmetric homo-dimeric complex. Due to symmetry, these pairs are
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highly similar and would be trivial to find in the subsequent matching experiment. The re-
sulting data set consists of a set of 38 binding sites. Each of these binding sites is labelled
with a four-tuple: SCOP family of the domain of the binding site, SCOPPI face type of the
binding site, SCOP family of the binding partner, face type of the partnering binding site.

In the retrieval experiment we aimed at efficiently recovering similar binding sites, as
defined by the label described above. Both compared methods, SDygite and SDpatches, Use
a set of binding site residues as input. While SD};te represents the binding site globally,
SDpatches Tepresents the binding site by a set of smaller local patches, as described in
Section 2.1. In order to assess the predictive performance of the structural descriptors we
performed leave-one-out cross-validation. Evaluation of predictive performance was done
using ROCR.?”’

The measure used for evaluation of predictive performance is the area under the ROC
curve (AUC). The AUC is calculated by adding the area of trapezoid strips under the ROC
curve. This is equal to the value of the Wilcoxon-Mann-Whitney test statistic and also to
the probability that the classifier will score a randomly drawn positive sample higher than a
randomly drawn negative sample.'” A ROC curve is computed for each sample in the data
set, quantifying, how well similar sites are being retrieved.

In Figure 2 (a) a vertically averaged ROC curve is shown for each of the two descriptors
SDysite and SDpatches- SDpatches clearly outperforms SDyg;t on the retrieval task of the 38
kinase binding sites. This is due to the sensitivity of SDyite to small changes in the binding
site definitions. For example, augmenting a highly similar binding site by a small terminal
tail changes the descriptor considerably. The AUC values (one per query binding site) have
a mean of 0.9078 and a median of 0.9364 for SDy;t. and a mean of 0.9236 and a median
of 1.0000 for SDpatches- Thus, for at least half of the 38 binding sites SDpatches s able to
perform a perfect classification, i.e. all similar binding sites from the same class are ranked
above binding sites from other classes.

While the AUC quantifies the overall ability to rank samples with the same label higher
than samples with another label, the accuracy at the top-rank or in the top-k ranks quantifies
the fraction of training samples for which a similar site could be detected. SDygite is able to
find for 68.42%, 73.68%, and 81.58% of the 38 binding sites a similar binding site with the
same label at the top-rank, in the top-3, and in the top-5, respectively. SDpatches finds for
71.05%, 81.58%, and 89.47% of the 38 binding sites a similar binding site with the same
label at the top-rank, in the top-3, and in the top-5, respectively.

Figure 2 (b) shows a scatter plot of the AUC of SDygite per binding site versus the
TMscore®® between that binding site and its closest binding site from the same family.
TMscore is the structural similarity measure provided by the TM-align program. Although
this program performs the structural alignment respecting sequence ordering, it can be ap-
plied here, as the binding sites labelled to be similar are from the same families. It can be
observed that the variability in performance of SDyg;t. depends on the TMscore: a high
TMscore implies a high AUC performance, whereas lower TMscores might result in worse
AUC:s. This means that SDyit performs very well on binding sites with a structurally sim-
ilar closest hit. With decreasing similarity of the best hit the worst-case AUC performance
decreases linearly, but for some dissimilar binding sites good performance is still possible.
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Fig. 3. Using SDpatches to compare CD4 (1RZJ:C) with its mimicking scorpion toxin protein (1Y YM:S)

3.2. Scanning for similar surface patches

Huang et al.'? analyze the mimicking of CD4 by a small scorpion toxin fold. The scorpion
toxin is a 31-amino-acid protein consisting of two beta strands and an a-helix, held together
by disulphide bonds. It has been designed to mimick the binding site of CD4 to the viral
protein gp120.

We use the structural descriptor SDpatches to compare the surface of CD4 against the
surface of the mimicking scorpion toxin. Figure 3 shows the pairwise similarities between
patches in CD4 (1RZJ:C) and the scorpion toxin (1YYM:S). Patches are colored by sig-
nificance of their similarity. The most similar red surface patches in both proteins show
a p-value of 10~%223 for similarity assessed with SDpatches and, in fact, they correspond
to the loops mimicking each other. The matrix in Figure 3 shows the pairwise similarity
p-values for all patches in both proteins, ordered along the sequences of both proteins. The
highest match is highlighted. The second highest similarity (p-value of 10~2742) is clearly
less pronounced. The structural descriptor SDpatches 15 able to pick the binding site from
the scorpion toxin mimicking the CD4 binding site, despite the global dissimilarities of the
two proteins.

4. Conclusion and Outlook

The proposed structural descriptor is an efficient and accurate method for describing bind-
ing sites and surface patches. The major remaining problem is the evaluation, as data with
annotation is scarce. There is no clear notion of “non-trivial” similarity that should be de-
tected by methods focusing on local similarity of proteins. Even if the proteins have the
same functions or bind to the same partner at the same respective site, it is not guaran-
teed that they share some detectable similarities. Further directions are (1) relating local
similarities of surface patches to protein function, and (2) comparison of the described ap-
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proach against other descriptor based methods like ACVs, spin-image representations and
combinatorial matching approaches like geometric hashing or clique search.
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