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INTRODUCTION

High-resolution three-dimensional (3D) protein structures are now

widely used in structure-based drug discovery, usually by modelling the

protein–ligand interactions. Many success stories of hit finding and hit opti-

mization for a validated target have been reported.1 Stimulated by chemo-

genomic2 and structural genomic projects,3 structure-based design of drug

candidates has progressively evolved from single target to full protein sub-

family-biased approaches. Within this context, the rapid growing of protein

structure repositories have opened up new perspectives in computed-aided

drug design to capture selectivity/promiscuity of ligand binding events by

comparing protein binding sites. Several tools for comparing 3D protein

binding sites have been proposed in the last 5 years.4–10 All these

approaches are sequence and fold independent and primarily aimed at the

automated functional annotation of query proteins by browsing a collection

of protein cavities of known 3D structure and function. Pair-wise cavity

comparisons usually imply three steps: (i) converting a protein cavity into a

simplified representation; (ii) searching a database of known cavities for

local similarities; (iii) ranking the most likely hits. Protein binding sites are

represented either by a simplified molecular surface (triangle mesh vertices

with electrostatic potential and curvature,4 selected chemically important

surface points often called pseudo-centres),5,6,8 by a discretised 3D image

(e.g., Cartesian grid points labelled according to neighbouring atoms)11 or

by selected atomic coordinates of ligand-proximal residues.9,10 Local simi-

larities between protein representations can be detected by an exhaustive

search for equivalent triplets of pseudo-centres,6 by clique detection algo-

rithms4,5 (i.e., finding the maximal subgraph isomorphism between the

two graphs made of vertices or pseudo-centres connected in a distant-de-

pendent manner), geometric hashing,8 geometric matching,11 or iterative

conformational search to find the best 3D alignment.9,10 All methods pro-

vide the geometrical operators to superimpose the similar patches of the

two input proteins, hence, allowing the evaluation of spatial overlap. Simi-

larity of two cavities is evaluated by counting equivalent objects (e.g.,

pseudo-centres) and computing their root mean square deviation (rmsd).

The utility of all described methods was demonstrated for diverse applica-

tions: biochemical functional assignment of a query protein,8–10,12,13

alignment of conserved active residues in unrelated enzymes catalyzing the
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ABSTRACT

A novel method to measure distances

between druggable protein cavities is pre-

sented. Starting from user-defined ligand

binding sites, eight topological and physi-

cochemical properties are projected from

cavity-lining protein residues to an 80 tri-

angle-discretised sphere placed at the

centre of the binding site, thus defining a

cavity fingerprint. Representing binding

site properties onto a discretised sphere

presents many advantages: (i) a normal-

ised distance between binding sites of dif-

ferent sizes may be easily derived by sum-

ming up the normalised differences

between the 8 computed descriptors; (ii) a

structural alignment of two proteins is

simply done by systematically rotating/

translating one mobile sphere around one

immobile reference; (iii) a certain degree

of fuzziness in the comparison is reached

by projecting global amino acid properties

(e.g., charge, size, functional groups count,

distance to the site centre) independently

of local rotameric/tautomeric states of cav-

ity-lining residues. The method was imple-

mented in a new program (SiteAlign) and

tested in a number of various scenarios:

measuring the distance between 376

related active site pairs, computing the

cross-similarity of members of a protein

family, predicting the targets of ligands

with various promiscuity levels. The pro-

posed method is robust enough to detect

local similarity among active sites of dif-

ferent sizes, to discriminate between pro-

tein subfamilies and to recover the known

targets of promiscuous ligands by virtual

screening.
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same reaction (e.g., catalytic triad of serine pro-

teases),5,6,8,9,13 finding/classifying binding sites accom-

modating the same ligand in absence of overall sequence

or fold similarity of the compared proteins.8–11,13

However, some hurdles still need to be overcome.

Among the most critical are (i) the high-dependency to

high-resolution X-ray or NMR coordinates (rotameric/

tautomeric states, ligand-induced backbone shifts), (ii)

the lack of a generic similarity score for comparing bind-

ing sites as it is quite common for comparing ligands,14

(iii) the difficulty to compare binding sites of different

sizes, and (iv) the comparison of irrelevant binding site

cavities (for ions, solvents, detergents). To address the

above issues, we herewith present a novel method (SiteA-

lign) for aligning and measuring distances between drug-

gable binding sites, irrespective of their dimensions. We

took a particular attention in selecting only structurally-

druggable ligand-binding sites15 and to consider a ligand

from a pharmacological and not a structural point of

view. Hence, druggable protein cavities have recognizable

physicochemical properties16,17 and usually consist in

deep pockets rather than shallow sites. Observation of ex-

perimental drug binding modes reveals that the bound

ligand rarely fills completely the protein cavity,16,18,19

that proteins recognizing similar ligands only have simi-

lar geometrical properties when their cognate ligands are

not flexible,18 and that proteins may experience signifi-

cant structural rearrangements upon ligand binding.20

Our method is fuzzy enough to tolerate moderate pro-

tein flexibility, applicable to a wide array of protein 3D

structures (from high-resolution X-ray structures to low-

resolution homology models), insensitive to the defini-

tion of the ligand-binding site, and provides a normal-

ised global similarity score that is easy to interpret in

terms of biological relevance.

METHODS

Description of the SiteAlign algorithm

The basic idea behind the herein presented methodol-

ogy is to map binding site properties onto a discretised

sphere placed at the centre of the ligand-binding site.

Binding site attributes are therefore not described by a

variable number of pseudo-centres with properties and

Cartesian coordinates, but by a fixed-length cavity finger-

print which enables an easier comparison of ligand-bind-

ing sites and a straightforward alignment method. Each

step of the structural alignment method will be presented

from hereon.

Ligand-binding site definition

Ligand-binding sites were extracted from the sc-PDB

dataset15 and defined as a collection of amino acids

(cofactors, solvent, detergents, and metal ions are not

taken into account) for which any heavy atom is closer

than 6.5 Å from any ligand heavy atom. Atomic coordi-

nates of each sc-PDB entry are derived from those in the

PDB, excepted that only protein atomic coordinates are

kept. Because chain name is not read in the current ver-

sion of SiteAlign, amino acids from the second chain

should be renumbered to avoid residue number duplica-

tion. No explicit surface description is required.

Sphere representation

A 1-Å radius sphere is placed at the centre of the

active site defined by the centre of mass of Ca-carbons
from cavity-lining residues. The sphere is discretised in

80 triangles of roughly similar dimensions starting from

a regular icosahedron (20 identical faces characterized by

12 vertices and 30 edges) and further dividing each trian-

gle into four new ones by joining the three former edge

centres by three new edges [Fig. 1(A)]. Because the new

vertices are no more located on the sphere, their coordi-

nates are slightly modified to belong to the sphere as fol-

lows: If P0(x,y,z) describes a point P0 of Cartesian coordi-

nates x,y,z to project on the sphere of radius r, the new

coordinates of the projected point P will be x r
r 0 ; y

r
r 0 ; z

r
r 0

where r 0 ¼ ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiðx2 þ y2 þ z2Þp
.

All 80 triangles are therefore not exactly of the same

dimension. The 60 triangles with vertices originating

from the starting icosahedron are slightly smaller than

the 20 new ones whose vertices have been projected on

the sphere in the final discretisation step. The ratio

between the surface of a ‘‘big’’ triangle to the surface of a

‘‘small’’ triangle is 0.891 and therefore insignificant con-

sidering the global fuzziness of our method. Each triangle

is indexed with a number from 1 to 80 which is inde-

pendent of the relative position of the corresponding

sphere in its active site.

Cavity descriptors

Three topological and five chemical descriptors are

used to characterise user-selected cavity-lining residues

(Table I). The first descriptor reports the distance from

the Cb atom of cavity-lining residues to the sphere

centre, excepted for glycine residues for which the Ca
atom is used. The distance in Å is discretised in a series

of 30 bins of 0.5 Å (from 0 to 15 Å) and the bin number

corresponding to the current distance is finally reported.

The second descriptor checks whether the side chain of

the cavity residue is pointing inward or outward the

sphere centre and outputs either a ‘‘1’’ or a ‘‘2’’ value

according to the answer to the above question. The last

topological descriptor reports the size of the side chain

of the cavity residue. Natural amino acids have been clas-

sified into three groups according to the number of

heavy atoms (<4 heavy atoms: Ala, Cys, Gly, Pro, Ser,

Thr, Val; 4–6 heavy atoms: Asn, Asp, Gln, Glu, His, Ile,
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Leu, Lys, Met; >6 heavy atoms: Arg, Phe, Trp, Tyr) and

three values (‘‘1,’’ ‘‘2,’’ ‘‘3’’) are outputted according to the

group to which the current residues belong to (Table I).

Three out of the five chemical descriptors feature the

molecular interaction capacity of each side chain and

reports the number of H-bond acceptors, donors, and

Figure 1
Sphere construction and projection of cavity descriptors. (A) Discretisation of an icosahedron (20 triangular faces, 12 vertices, and 30 edges) into an 80-triangle sphere

(80 faces, 42 vertices, 120 edges). Each of the initial 20 triangles T of the icosahedron are divided into four smaller triangles t1, t2, t3, and t4 by joining the former edges

centres to build three new edges (dotted lines in icosahedron) per triangle. The three new vertices (white circles) are projected onto the sphere such that the middle

triangle t2 is slightly larger than triangles t1, t3, and t4 whose vertices originate from the icosahedron. (B) Projection of descriptors in one of the 80 triangles of the sphere.

A triangle tn characterized by vertices A, B, C is hit by the projection Pn from Cb of residue n (Cbn) on a sphere of centre O if bAO�!; AB
�!

; AC
�!c3bAP�!; AB

�!
; AC
�!c � 0.

This condition is not verified for neighbouring residues (Cbn21, Cbn11) which project on neighboring triangles tn21, tn11 at projection points Pn21, Pn11.

Table I
Eight Descriptors Used to Encode Properties of Cavity-Lining Residues

Descriptor Type Possible values

Distance Cb-sphere centre Topological Any integer between 1 and 30
Side chain orientation Topological 1 (inward the active site)

2 (outward the active site)
Size Topological 1 (<4 heavy atoms)

2 (4–6 heavy atoms)
3 (>6 heavy atoms)

H-bond donor count Chemical 0, 1, 2, 3
H-bond acceptor count Chemical 0, 1, 2
Aromatic character Chemical 0 (all but aromatic)

1 (aromatic: His, Hid, Hie, Phe, Tyr, Trp)
Aliphatic character Chemical 0 (all but aliphatic)

1 (aliphatic: Ala, Cys, Ile, Leu, Lys, Met, Pro, Thr, Val)
Charge Chemical 21 (Asp, Glu)

0 (all but charged)
1 (Lys, Arg, Hip)
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the formal charge. The last two descriptors account for

the hydrophobic character or aromatic character of the

residue under investigation (Table I). If no projections

occur on a triangle, all descriptors are set to 0. A table of

chemical descriptors for all 20 natural amino acids is

given as supplementary material.

Projection of cavity descriptors
on the sphere

A geometrical vector is derived from the Ca carbon of

each residue of the active site to the sphere centre and

the corresponding eight descriptor values assigned to the

sphere triangle hit by the projection [Fig. 1(B)]. Prelimi-

nary tests ascertain that using 80 triangles for a prototyp-

ical druggable ligand binding site15 prevents targeting

the same triangle for two different residues in 90% of the

projections. Increasing the number of triangles in an

additional discretisation step to 320 (80*4) would reduce

the number of duplicate projections to 1% but at the

cost of an increased computing time. We therefore kept

the number of triangles to 80 but register residues pro-

jecting towards the same triangle.

In theory, the Ca-sphere projection may also hit either

one edge or one vertex and, thus, be assigned to multiple

triangles. When applied to the 6415 active sites from the

sc-PDB dataset,15 hitting an edge was very rare (one case

every in 10,000 projections) and hitting a vertex even less

frequent. Therefore, such projections are not recorded

when they appear and unlikely to bias our results. Projec-

tions are operated for each residue of the binding site thus

defining a vector of eight integers by triangle and a final

fingerprint of 640 (8 3 80) integers for each active site.

Aligning ligand-binding sites

Aligning two active sites i and j is done by finding the

highest possible similarity between their respective finger-

prints Fi, Fj. Considering an immobile reference site i

with its corresponding sphere si, the sphere sj is moved

in its site j by user-specified systematic rotations/transla-

tions. At each move, cavity descriptors are projected to

the updated triangle positions (the indexation from 1 to

80 is kept invariant) and a new fingerprint Fj is generated

and compared to the reference Fi. In a first step, a low

resolution search is undertaken and the three best solu-

tions are stored. The rotation (Ri) and translation (Ti)

increments are derived from user-defined rotation (Rop)

and translation (Top) intensities, and user-defined num-

ber of rotations (Rn) and translations (Tn) such as:

Ri ¼ Rop=Rn

Ti ¼ Top=ðTn� 1Þ
A local search is then performed around each of the

best three initial solutions, by reducing the rotation/

translation space and decreasing the rotation/translation

increments such as:

Ropopt ¼ 23Ri; Rnopt ¼ Rn=2; Riopt ¼ Ropopt=Rnopt

Topopt ¼ 23Ti; Tnopt ¼ Tn; Tiopt ¼ Topopt=ðTnopt� 1Þ

Scoring without aligning is simply done by assigning

null values to Rop and Top parameters. Otherwise, the

alignment giving the highest similarity between finger-

prints Fi and Fj is stored as final solution.

Scoring the alignment

The similarity score is calculated from a sum of nor-

malized differences for each descriptor of each triangle.

Starting from the first indexed triangle t, a normalized

difference St,ij
d is calculated for every descriptor d between

sites i and j as:

Sdt;ij ¼ 1� jmdt;i � mdt;jj
mdmax � mdmin

ð1Þ

where mt,i
d is the current value of descriptor d for triangle

t in site i; mt,j
d is the current value of descriptor d for tri-

angle t in site j; mmax
d is the largest possible value for

descriptor d; mmin
d is the smallest possible value for de-

scriptor d.

In cases where several residues target the same triangle

for a single site, the one which maximises the St,ij
d value is

finally kept. If such a case exists in both sites, the best

pair is conserved.

The procedure is iterated for each of the eight descrip-

tors and a similarity score St,ij for triangle t is calculated

as:

St;ij ¼ 1

8

XS

d¼1

Sdt;ij ð2Þ

After iterating the procedure for each of the 80 trian-

gles from the first indexed triangle t1 to the last one

t80, two similarity scores S1 and S2 are calculated as

follows:

S1 ¼ 1

N1

X
t

St

S2 ¼ 1

N2

X
t

St

ð3Þ

where N1 is the number of triangles with non-null values

for either sites i or j and N2 is the number of triangles

with non-null values for both sites i and j.

To avoid comparing binding sites with too few com-

mon projections, a minimal threshold of seven common

projections (N2 5 7) has been used to consider an align-

ment. Otherwise, the S2 score has been set to 0.
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Throughout the manuscript, distances (D1 5 1 2 S1;

D2 5 1 2 S2) will be used instead of the similarity scores.

In addition to the quantification of the alignment, the

geometrical operators to fit site j to i according to the

best alignment score are given to visualise the proposed

alignment. For typical binding sites of about 30 residues,

an alignment is obtained in about 60 s. on a standard

PC/Linux (e.g., Opteron 2.8 GHz with 1 GB RAM).

SiteAlign comparisons

For each entry to align, SiteAlign requires a pdb file

and a list of residue numbers defining the ligand-binding

site. Last, a third input file specifies which proteins to

align, the first one being the reference. In all but one in

silico screen, default SiteAlign parameters (Table II) were

used. For comparing sc-PDB entries to the staurospor-

ine-binding sites in protein kinases, only 15 rotations

and 3 translations (Rn 5 15, Tn 5 3) were done to

fasten the computation. Other parameters were left

unchanged.

Iterative computation of ROC scores

A Pipeline Pilot protocol21 was set-up to compute, for

each different protein name stored in the sc-PDB data-

base, the area under the ROC curve (ROC score) of all

classifications. sc-PDB entries were ranked according to

their D2 distance to the reference first, and according to

the D1 distance for equivalent D2 scores. Please note that

D2 was arbitrarily set to 1 when the corresponding D1

distance was higher than 0.6. Proteins were ranked by

decreasing ROC scores and selected for analysis at the

condition that (i) the ROC score was above 0.75, (ii) the

lowest D2 score for at least one entry of that protein was

lower than 0.2.

Setting-up a collection of 376 nonredundant
related ligand-binding site pairs

The sc-PDB database15 was first filtered to remove

entries lacking an E.C. annotation,22 mutant proteins

and binding sites with high thermal motion (mean B-fac-

tor of cavity-lining heavy atoms � 30 Å2). The 4108

remaining enzyme entries describe 730 functional classes

as indicated by the fourth level of the EC number.

According to the number of entries belonging to each

functional class, three different cases were further investi-

gated.

Classes populated by only one entry were first dis-

carded. If the class included exactly two entries (141

classes), the identity of the concatenated sequences of the

ligand-binding sites was calculated using the GCG10

Bestfit routine.23 If the length of the alignment was

smaller than half of the shortest sequence, the corre-

sponding two ligand-binding sites were considered differ-

ent. If the length of the alignment was bigger than half

of the smallest concatenated sequence and if the identity

was sufficient (identity score > 70% or at least eight

identical residues), the two sites were kept and consid-

ered similar. Otherwise, the sites were considered differ-

ent and discarded. At this step, a total of 118 pairs of

related binding sites were selected.

Last, for classes populated by more than two entries,

two of them were selected as follows. As before, the

active site similarity has been evaluated by comparison of

the concatenated sequences using the multiple alignment

program ClustalW.24 All concatenated sequences having

a similarity score better than 50% were grouped together

thus defined a fifth level in the E.C. classification and the

entries cocrystallized with the lowest and the highest

molecular-weight ligands were selected in each newly-

defined class. Concatenated sequences with a similarity

score lower than 50% were clustered in subgroups until

the minimum similarity score within each subgroup was

above 50%. Two entries by subgroup were then selected

as stated above. In total 258 pairs originating from E.C.

classes populated by more than three entries were

retrieved to yield a final dataset of 376 pairs of entries

with similar ligand-binding sites.

RESULTS

Quantifying the similarity of related
ligand-binding sites

To define similarity/distance thresholds for discrimi-

nating similar from dissimilar ligand-binding sites, a

dataset comprising 376 pairs of related binding sites was

set-up from the sc-PDB repository of druggable binding

sites.15 To facilitate the biological annotation of selected

binding sites, only enzymes cocrystallized with a drug-

like ligand were retrieved first. Two entries were then

extracted for every occurrence of a new E.C. number.22

To guarantee the selection of real diverse binding sites,

the lowest and the largest molecular weight ligands of all

entries sharing the same E.C. number were used as filters

to define a pair of corresponding binding sites. For a

given pair AB, every binding site was aligned to its con-

generic entry (A vs. B, B vs. A) and the D1 and D2 dis-

tances of the best possible alignment recorded. The D1

distance distribution over 752 comparisons shows a

Table II
Default Rotation/Translation Parameters Used in SiteAlign

Parameter Global search Optimization

Rotation intensity (deg) Rop 5 360 Ropopt 5 45
Rotation moves Rn 516 Rnopt 5 8
Rotation increment (deg) Ri 5 22.5 Riopt 5 5.625
Translation intensity (�) Top 54 Topopt 5 2
Translation moves Tn 5 5 Tnopt 5 5
Translation increment (�) Ti 5 1 Tiopt 5 0.5
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rather bimodal distribution with optimal D1 values at

0.22 and 0.66, respectively [Fig. 2(A)]. Distribution of

the D2 distance is biased towards lower values (0.0–0.1)

with still another minor distribution centred around

higher values of about 0.3 [Fig. 2(B)].

To establish relationships between the D1, D2 distance

values and the quality of the alignment, a metric was

designed to distinguish ‘‘good’’ from ‘‘bad’’ alignments.

We found that computing the percentage of volume over-

lap (VO) of SiteAlign fitted protein-bound ligands

(whose coordinates can be easily reconstructed after

merging the X-ray protein coordinates to the fitted pro-

tein coordinates) enables a good distinction of good

from bad alignments which have been visually checked,

one by one, and compared to a full protein sequence-

guided structural alignment.25 A VO threshold of 30%

seems adequate to differentiate between acceptable from

unacceptable fits. This enable us to propose distance

thresholds for related binding sites since 80% of related

binding site pairs are characterised by a D1 distance

Figure 2
Distribution of ligand binding site distances (D1 distance, panel A; D2 distance, panel B) on 376 pairs of related sc-PDB entries (two entries by E.C. number). The

quality of the alignment was checked irrespectively of the computed distances, by computing the volume overlap between both ligands for each pair of aligned binding

sites. Dark bars indicate a percentage of volume overlap higher or equal to 30%, white bars indicate a percentage of volume overlap below 30%.
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lower than 0.6 or a D2 distance lower than 0.2 (Fig. 2,

Table III). Among those pairs which are found similar,

nearly all of them were well aligned after visual check

and computing the VO value. Applying a consensus cut-

off (D1 � 0.6 and D2 � 0.2), slightly limits the percent-

age of related pairs which are recovered (75.5%) but

decreases the percentage of false positives (good score

and bad alignment) to a marginal value of 1.6% (Table

III). From here on, the conditions to consider two

ligand-binding sites similar will be thus defined by the

above-defined consensus cut-off.

Quantifying binding site similarity across
a protein family

A first validation of our structural alignment method

has been the estimation of inhibitor-binding site similar-

ity for protein entries of a same gene family. A prototypi-

cal ligand-binding site in bovine trypsin (pdb entry

1aq7) was chosen as reference and compared to all 6415

sc-PDB entries. Active site distances were evaluated with

the D2 score assuming preceeding results suggesting that

two active sites can only be considered as similar if the

D1 distance is lower than 0.6 and the D2 distance lower

than 0.2. Therefore, active sites with D1 scores higher

than 0.6 were arbitrarily assigned a D2 score of 1. Out of

245 active sites selected by the D1 – D2 consensus thresh-

old, 226 (92%) originate from a protein sharing with the

1aq7 reference a trypsin fold and a trypsin-like substrate

cleavage specificity (Fig. 3). Interestingly, 10 active sites

(4%) were selected as similar to that of bovine trypsin

although they share the trypsin fold but not the substrate

cleavage specificity (e.g., elastase, chymotrypsinogen).

One serine protease entry (1p7v) having another fold

than trypsin was nevertheless found similar to 1aq7,

regarding the ligand binding site. Last, only eight out of

the 6058 nonserine proteases stored in the sc-PDB data-

base were retrieved among the predicted similar binding

sites. The sensitivity and specificity of the in silico com-

parison was evaluated by computing a Receiver-Operat-

ing Characteristic (ROC) plot26 for each protein name

and calculating the area under the ROC curve (ROC

score, Table IV). The ROC scores were obtained itera-

tively, for each different protein name of the sc-PDB

dataset, by ranking all entries by decreasing D2 score and

looking at the rank of all entries of the protein name

under investigation with respect to all other entries. A

ROC score higher than 0.5 and close to 1 indicate a

selective and specific enrichment among those protein

name entries in top-scored binding sites (low D2 dis-

tance) whereas a ROC score close to 0.5 indicate no sen-

sibility/specificity of the scoring method (random selec-

tion).

After ranking all proteins by decreasing ROC score, all

selected proteins with active sites predicted similar to

that of bovine trypsin are indeed serine proteases. Inter-

estingly, two of them (chymotrypsinogen A, elastase)

although sharing the trypsin fold with the 1aq7 reference

do not share the same substrate cleavage specificity. Pro-

teinase K was also selected even if it presents a subtilisin

fold different from the trypsin one. This observation

prompted us to compute ROC scores for five categories

of proteins classified according to their fold and substrate

cleavage specificity (Table V). As expected, proteins with

a trypsin-like fold and trypsin substrate cleavage specific-

ity get the highest ROC score. Keeping the same fold but

changing the cleavage specificity results in a lower ROC

score. However, serine proteases with a subtilisin fold

quite different from that of trypsin are still well ranked

Table III
Percentage of Related Ligand-Binding Site Pairs Recovered by Using Various

Cut-Off Distances on a Dataset of 376 Binding Site Pairs

Cut-off distance

Pairs
recovered

(%)

Good
alignment

(%)

Bad
alignment

(%)

D1 � 0.6 79.8 75.3 4.5
D2 � 0.2 79.8 75.8 4.0
D1 � 0.6 and D2 � 0.2 75.5 73.9 1.6

The quality of the alignment for each pair was checked by visualising fitted pro-

tein coordinates and by computing the percentage of volume overlap (VO) of the

two protein-bound ligands (good alignment if VO � 30%; bad alignment if

VO < 30%).

Figure 3
D2 distance between the ligand binding site of bovine trypsin (1aq7 entry, ligand

HET code: AEB) and the top 10% ranked sc-PDB entries. Protein entries are

ranked by decreasing D2 distance and classified in four groups: serine proteases

with trypsin fold and trypsin substrate specificity (red circles), serine proteases

with trypsin fold and other substrate specificity (green up triangles), serine

protease with other fold and substrate specificity (blue down triangles), non

serine proteases (black circles). A dashed rectangle indicates the D2 cut-off

distance (0.2) used to discriminate similar from dissimilar binding sites.

Alignments have been generated using default settings of SiteAlign (See

Methods). The D2 distance was set to 1 for any binding site whose D1 distance

was higher than 0.6.
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(ROC score 5 0.819). Serine proteases with the a/b hy-

drolase fold have, in our comparison, a ligand-binding

site quite different from that of bovine trypsin. Last,

nonserine proteases are logically found to be distant

from bovine trypsin. Seven entries from the latter cate-

gory (1lvu, 1ocl, 1v6l, 1obl, 1zdf, 1amk, 1uou, 1wbl),

however, pass the D1 – D2 score similarity threshold.

Because ROC scores show only statistical significance for

proteins present in multiple copies (n � 5) in the start-

ing dataset, retrieving less populated proteins (n < 5)

was done by simply computing enrichments in high

scored entries (D1 � 0.6 and D2 � 0.2) among sc-PDB

active sites. Only two proteins (hepsin, malonamidase

E2) show enrichment higher than 50%. Hepsin is a

serine endopeptidase and malonamidase E2 is a linear

peptide amidase with a Ser-cisSer-Lys catalytic triad.

Predicting binding sites for ligands with
different promiscuity levels

Degeneracy in ligand binding can be achieved when

two different proteins exhibit sufficient similarity in their

binding sites for accommodating the same compound.

Our active site comparison method offers a good oppor-

tunity to verify this statement by trying to recover the

known targets of ligands with various promiscuity levels.

We first examined the possible binding sites of 4-

hydroxy tamoxifen (4-OHT), a ligand known to primar-

ily bind to both estrogen receptor (ER) subtypes (a, b)
and to the estrogen-related receptor (ERR) g subtype,29

all present in variable copy numbers in the sc-PDB active

site database. A ligand-binding site of each of these three

nuclear hormone receptors was, thus, used as a reference

to compute active site distances to all sc-PDB entries

(Fig. 4). Seventy-nine actives sites were found similar to

the 4-OHT binding site in the ERa receptor [Fig. 4(A)].

Twelve out of the 13 ERa binding sites and four out of

the seven ERb binding sites present in the sc-PDB are

present among the selected entries. None of the two

ERRg was retrieved although one entry (1s9q) has been

cocrystallized with 4-OHT itself. A significant increase of

the computed D2 distance can be observed between the

first group of estrogen receptor entries (D2 < 0.06) and

the next group of targets (D2 > 0.15) which contains

almost only nonestrogen receptors. The same observa-

tions can be done if the reference originates from the

estrogen receptor b with 7/7 ERb entries and 5/14 ERa
entries retrieved among the most 68 similar sc-PDB

active sites [Fig. 4(B)]. Interestingly, both ERRg entries

have been now retrieved and delimit the group of estro-

gen receptors (D2 < 0.15) from other targets (D2 >
0.15). Considering then the 4-OHT binding site of the

ERRg receptor as reference, 64 close active sites were

selected [Fig. 4(C)] consisting in three separated groups:

both ERRg sites (D2 < 0.03), other estrogen receptors

(10 ERa, 7 ERb entries; 0.06 < D2 < 0.12), and nones-

trogen receptors (D2 > 0.12). Area under the ROC

curves were calculated for all three virtual screens (Tables

VI–VIII) to distinguish the most statistically relevant tar-

gets by considering both the sensitivity (ability to highly

rank true positive entries) and the specificity (ability to

badly rank true negative entries) of the distance scoring

function. Whatever the reference used, both estrogen

receptors were ranked at the top two positions. Interest-

ingly, several other targets present in multiple copies (n

� 5) and enriched in ligand-binding sites similar to the

reference, have been found (e.g., HIV-1 and HIV-2 prote-

ase, p38 MAP kinase) out of which at least one of them

(MAP kinase) is a true target of 4-OHT.30 Among less

populated proteins (<5) in our starting dataset, a few

Table IV
Similarity of 6415 Ligand Binding Sites, Annotated by Protein Name, to a

Trypsin Ligand-Binding Site (pdb Entry 1aq7, Ligand HET Code: AEB)

Protein Rank
ROC
score n D2

mean D2
min D2

max D2
sd

Trypsin 1 0.970 165 0.12 0.00 1.00 0.23
Coagulation factor X 2 0.968 19 0.15 0.12 0.19 0.01
Urokinase-type

plasminogen activator
3 0.936 28 0.16 0.05 1.00 0.23

Proteinase K 4 0.889 5 0.36 0.15 1.00 0.31
Chymotrypsinogen A 5 0.878 6 0.33 0.13 1.00 0.30
Elastase 6 0.823 9 0.43 0.07 1.00 0.40
Coagulation factor VII 7 0.792 6 0.55 0.06 1.00 0.44

D2 score is used to rank entries by decreasing distance to the 1aq7 reference. If

the D1 score of the alignment is higher than 0.6, the D2 distance was arbitrary set

to 1, and corresponding sc-PDB entries ranked by decreasing original D2 score

and if necessary, by decreasing D1 score. A Receiver-Operating Characteristic

(ROC) score (area under the curve of the ROC plot) is computed, within an in-

house Pipeline Pilot workflow,21 for each occurrence of a protein name repre-

sented by at least five entries in the sc-PDB dataset. Proteins were filtered accord-

ing to the minimal D2 distance observed for all entries of that protein (D2
min �

0.20) in the sc-PDB dataset and ranked by decreasing ROC score. Only proteins

with ROC scores higher than 0.75 were considered as sufficiently close to the ref-

erence. n is the number of sc-PDB entries for a particular protein. D2
mean, D2

min,

D2
max, and D2

sd are mean, minimum, maximum and standard deviation values

for the D2 distance of all sc-PDB entries of a given protein binding site to the

reference.

Table V
Similarity of 6415 Ligand Binding Sites, Annotated by Fold, to a Bovine Trypsin

Ligand-Binding Site (pdb Entry 1aq7, Ligand HET code: AEB)

Fold
ROC
score n D2

mean D2
min D2

max D2
sd

Trypsin fold and Trypsin specificity 0.877 314 0.28 0.00 1.00 0.3
Trypsin fold and other specificity 0.786 22 0.44 0.07 1.00 0.38
Subtilisin fold 0.819 11 0.44 0.15 1.00 0.34
a/b hydrolase fold 0.309 10 0.93 0.33 1.00 0.20
Others 0.144 6058 0.79 0.15 1.00 0.32

D2 score is used to rank entries by decreasing distance to the 1aq7 reference. If

the D1 score of the alignment is higher than 0.6, the D2 distance was arbitrary set

to 1, and corresponding sc-PDB entries ranked by decreasing original D2 score

and if necessary, by decreasing D1 score. N, D2
mean, D2

min, D2
max, and D2

sd are

defined as in Table IV. Classification by fold and substrate cleavage specificity was

done according to the CATH protein structure classification27 and CutDB proteo-

lytic event database.28
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proteins were also found enriched in similar ligand-bind-

ing site (D1 � 0.6 and D2 � 0.2). Two of them are nu-

clear hormone receptors (RXR-a receptor and of course

the ERR-g receptor), two others are dioxygenases (seed

lipoxygenase-3, catechol 1,2-dioxygenase), the last two

targets being major urinary proteins-1 and 6, respectively

(Table IX).

We next examined the case of a ligand showing a

broader target spectrum but limited to a protein family.

Staurosporine (STAU) was a perfect candidate since it is

known to bind to the ATP-binding site of most protein

kinases31 but not to targets from other gene families.*

Six STAU-binding sites originating from either serine/

threonine-protein kinases (Aurora-A, cyclin-dependant

kinase 2, Pim-1, Protein kinase C) or tyrosine-protein

kinases (Lck, interleukin-2 tyrosine kinase) were, thus,

compared to the entire collection of sc-PDB active sites.

From 96 to 136 sites were found similar to one of the six

references, a large majority of them (81–94%) being

ATP-binding sites from protein kinases (Fig. 5). ROC

plots unambiguously discriminated protein kinases from

decoys as true staurosporine-binding targets with ROC

scores of about 0.8 whatever the reference binding site

(Table X). Other kinases (n 5 329) present significantly

different ligand-binding sites, as acknowledged by ROC

score values close to random picking for any of the six

in silico screens (Table X). The ATP-binding sites of the

six investigated protein kinases were also different from a

set of 166 generic ATP/ADP binding sites or from the

5683 remaining decoys.

Figure 4
D2 distance between the 4-hydroxy tamoxifen binding site in human estrogen

receptors and 6415 sc-PDB entries. Protein entries are ranked by decreasing D2

distance and classified in four groups: estrogen receptor a (filled squares),

estrogen receptor b (empty squares), estrogen-related receptor g (gray squares),

other targets (crosses). Alignments have been generated using default settings of

SiteAlign (See Methods). The D2 distance was set to 1 for any binding site

whose D1 distance was higher than 0.6. (A) estrogen receptor a (pdb entry: 3ert,

ligand HET code: OHT) as reference, (B) estrogen receptor b (pdb entry: 1x7b,

ligand HET code: O41) as reference, (C) estrogen-related receptor g (pdb entry:

1s9q, ligand HET code: OHT) as reference.

Table VI
Similarity of 6415 Ligand Binding Sites, Annotated by Protein Name,

to an Estrogen Receptor a Ligand-Binding Site (pdb Entry: 3ert,

Ligand HET code: OHT)

Protein
Rank
score ROC n D2

mean D2
min D2

max D2
sd

Estrogen receptor a 1 0.992 13 0.06 0.00 0.23 0.08
Estrogen receptor b 2 0.983 7 0.13 0.02 0.22 0.08
L-isoaspartate O-
methyltransferase

3 0.917 8 0.22 0.18 0.27 0.02

HIV-2 protease 4 0.894 10 0.22 0.15 0.27 0.04
HIV-1 protease 5 0.887 140 0.25 0.18 1.00 0.11
Phosphodiesterase 5A 6 0.830 7 0.33 0.18 1.00 0.27
p38 MAP kinase 14 7 0.820 26 0.35 0.18 1.00 0.28
Catabolite gene activator 8 0.780 6 0.36 0.19 1.00 0.28
cAMP-dependent protein
kinase

9 0.766 14 0.35 0.19 1.00 0.26

67-Dimethyl-8-ribityllumazine
synthase

10 0.765 9 0.33 0.19 1.00 0.23

D2 score is used to rank entries by decreasing distance to the 3ert reference. If the

D1 score of the alignment is higher than 0.6, the D2 distance was arbitrary set to

1, and corresponding sc-PDB entries ranked by decreasing original D2 score and if

necessary, by decreasing D1 score. A ROC score is computed, within an in-house

Pipeline Pilot workflow,21 for each occurrence of a protein name represented by

at least five entries in the sc-PDB dataset. Proteins were filtered according to the

minimal D2 distance observed for all entries of that protein (D2
min � 0.20) in the

sc-PDB dataset and ranked by decreasing ROC score. Only proteins with ROC

scores higher than 0.75 were considered as sufficiently close to the reference. n is

the number of sc-PDB entries for a particular protein. N, D2
mean, D2

min, D2
max, and

D2
sd are defined as in Table IV.

*A search for staurosporine targets in the PDSP database (http://pdsp.med.un-

c.edu/pdsp.php) returned 119 targets, all of them being protein kinases (accessed

in July 2007).
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Last, we investigated the case of a very permissive

small molecular weight ligand, namely adenosine diphos-

phate (ADP). There are 136 true ADP-binding sites in

the sc-PDB dataset (for which the bound ligand is ADP

itself) covering a total of 84 proteins and 44 different

E.C. numbers. ADP is known to bind to very heterogene-

ous binding sites with multiple binding modes18 such

that low similarity scores should be expected among

these binding sites. All sc-PDB active sites were thus

compared to an ADP-binding site of a nucleoside

diphosphate kinase. Only 43 ligand-binding sites were

found similar enough to the reference with the top 14

ranked entries describing exactly nucleoside diphosphate

kinase bound to ADP and/or ADP analogues. Among

known ADP-binding proteins, only three others sites

from a pancreatic endoribonuclease could be retrieved

(Fig. 6).

Systematic calculation of ROC scores for all protein

names in the sc-PDB dataset suggests only three putative

targets for ADP (Table XI) out of which the top ranked

entry is the query protein itself. True ADP from other

binding sites could not be discriminated by ROC scores

which were identical to what should be expected by ran-

dom picking (ROC scores of 0.50 for both categories).

Furthermore, no ligand-binding sites from less populated

proteins (n < 5) were found similar to the ATP site of

the 1nlk entry.

Clustering ligand-binding sites from
homology models of a target gene family

A possible application of the herein presented method-

ology is the clustering of ligand-binding sites from the

same protein family. Because SiteAlign was designed to

be fuzzy enough to be applicable to homology models,

we decided to evaluate the sensitivity of the alignment

and comparison procedures on human G protein-

coupled receptors (GPCRs). Two randomly-chosen recep-

tors for each of the previously-defined 22 GPCR receptor

clusters33 were thus selected for defining a full D2

distance matrix calculated from the corresponding 44

homology models34 and using our in-house definition

of a generic antagonist-binding site33 applicable to any

nonolfactive GPCR. The obtained distance matrix

Table VII
Similarity of 6415 Ligand Binding Sites, Annotated by Protein Name, to an Estrogen Receptor b Ligand-Binding Site (pdb Entry: 1x7b, Ligand HET code: O41)

Protein Rank ROC score n D2
mean D2

min D2
max D2

sd

Estrogen receptor b 1 0.999 7 0.02 0.00 0.05 0.01
Estrogen receptor a 2 0.967 13 0.16 0.04 0.24 0.08
HIV-2 protease 3 0.884 10 0.24 0.18 0.28 0.02
Chorismate-pyruvate lyase 4 0.871 6 0.34 0.17 1.00 0.29
HIV-1 protease 5 0.848 140 0.27 0.18 1.00 0.14
p38 MAP kinase 14 6 0.839 26 0.35 0.16 1.00 0.27
Protein kinase Pim-1 7 0.802 9 0.32 0.18 1.00 0.24
Tryptophan synthase 8 0.798 23 0.37 0.17 1.00 0.28

D2 score is used to rank entries by decreasing distance to the 1x7b reference. If the D1 score of the alignment is higher than 0.6, the D2 distance was arbitrary set to 1,

and corresponding sc-PDB entries ranked by decreasing original D2 score and if necessary, by decreasing D1 score. A ROC score is computed, within an in-house Pipe-

line Pilot workflow,21 for each occurrence of a protein name represented by at least five entries in the sc-PDB dataset. Proteins were filtered according to the minimal

D2 distance observed for all entries of that protein (D2
min � 0.20) in the sc-PDB dataset and ranked by decreasing ROC score. Only proteins with ROC scores higher

than 0.75 were considered as sufficiently close to the reference. N, D2
mean, D2

min, D2
max, and D2

sd are defined as in Table IV.

Table VIII
Similarity of 6415 Ligand Binding Sites, Annotated by Protein Name, to an Estrogen-Related Receptor g-Binding site (pdb Entry 1s9q, ligand HET Code: OHT)

Protein Rank ROC score n D2
mean D2

min D2
max D2

sd

Estrogen receptor b 1 0.998 7 0.09 0.07 0.11 0.01
Estrogen receptor a 2 0.982 13 0.12 0.07 0.25 0.06
Heat shock protein HSP 90-a 3 0.875 18 0.31 0.18 1.00 0.24
Nicotinamide mononucleotide adenylyltransferase 3 4 0.840 5 0.39 0.18 1.00 0.30
(1)-Acetone-cyanohydrin lyase 5 0.835 6 0.47 0.18 1.00 0.37
HIV-1 protease 6 0.780 140 0.37 0.15 1.00 0.27
p38 MAP kinase 14 7 0.766 26 0.47 0.16 1.00 0.35
Guanidinoacetate N-methyltransferase 8 0.765 5 0.38 0.18 1.00 0.30

D2 distance is used to rank entries by decreasing distance to the 1s9q reference. If the D1 score of the alignment is higher than 0.6, the D2 distance was arbitrary set to 1

and corresponding sc-PDB entries ranked by decreasing original D2 distance and if necessary, by decreasing D1 score. A ROC score is computed, within an in-house

Pipeline Pilot workflow,21 for each occurrence of a protein name represented by at least five entries in the sc-PDB dataset. Proteins were filtered according to the mini-

mal D2 distance observed for all entries of that protein (D2
min � 0.20) in the sc-PDB dataset and ranked by decreasing ROC score. Only proteins with ROC scores higher

than 0.75 were considered as sufficiently close to the reference. n is the number of sc-PDB entries for a particular protein. N, D2
mean, D2

min, D2
max, and D2

sd are defined as

in Table IV.
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(Fig. 7) enables the unambiguous clustering of all 22

GPCR pairs in separate clusters (see the distance scores

along the crossdiagonal of the matrix). It should be

noticed that receptor clusters, for which no small molec-

ular-weight ligands (e.g., both receptors from the Frizzled

cluster) or at least very few ligands (e.g., MAS cluster,

metabotropic glutamate receptors) exist, are predicted to

have unique ligand-binding sites not resembling that of

their congeners. Conversely, several receptor subfamilies

(e.g., amines, peptides, opiates) seem to present more

permissive ligand-binding sites. There is however no

strict relationships between binding site permissivity and

number of known ligands within a cluster. For example,

the orphan subfamily of super conserved receptors ex-

pressed in the brain (SREBs) is nevertheless found simi-

lar, regarding its ligand-binding site, to several liganded

receptors (Fig. 7).

DISCUSSION

We herewith present a novel structural alignment

method (SiteAlign) aimed at finding the best possible

match between ligand-binding sites and quantifying the

distance/similarity among them. SiteAlign is basically dif-

ferent from existing methods5,6,8,10,11,37 able to com-

pare binding sites in many features which have been spe-

cifically addressed in the design of the algorithm.

First, instead of describing ligand–binding sites by a

formal atom/pseudo-atom definition with attached physi-

cochemical properties (e.g., pharmacophoric features), we

use a generic 80 triangle-discretised sphere placed at the

centre of the cavity onto which topological and physico-

chemical descriptors are projected and define a fixed

length cavity fingerprint. Projecting atomic properties

(unit vectors connecting consecutive Ca atoms) onto a

sphere has already been reported for computing unit vec-

tor root-mean square deviations (uRMSD) between two

protein chains38 and for estimating dissimilarity of two

protein pockets by computing orientational rmsd

(oRMSD) between cavity residues projected onto the

unit sphere.39 Our method differs from that previously

reported by projecting much more properties (Table I)

but paying less attention to atomic coordinates (single

distance descriptor) to achieve the desired balance

between accuracy and fuzziness.

Second, only druggable ligand-binding sites15,17 are

compared which means that cavities are carefully selected

according to several properties (e.g., drug-like ligand

occupancy, volume and buried surface area ranges) to

avoid the comparison of very different and/or unsuitable

cavities.

Third, the use of 80 triangles to discretise the local

sphere ensures an adequate description of all druggable

cavities which generally contains around 20–30 residues

(see a distribution of binding site sizes in supplementary

Fig. 1).

Fourth, structural alignment is operated by simply

rotating/translating one sphere in its active site and gen-

erating at each move a new set of different cavity

descriptors, while keeping the reference sphere rigid.

Scoring the alignment is done by finding which move of

the mobile sphere minimises the difference between the

two cavity fingerprints. Because a normalised distance

between both fingerprints is calculated, the similarity/dis-

tance score is easy to interpret, does not rely on a num-

ber of aligned features (e.g., atom triplets, pharmaco-

phores) or the root-mean square deviation between

them, but simply varies from 0 to 1. Two distances are

outputted, the first one (D1) is a global measure of bind-

ing site similarity, the second one (D2) is more suited to

detect local similarity among unrelated binding sites.

Fifth, avoiding a strict dependency to atomic coordi-

nates is reached by projecting cavity descriptors to the

sphere centre from a single representative atom (Cb) of

each residue whose coordinates are less dependent of a

peculiar rotameric state. To quantify the degree of fuzzi-

ness of our method, molecular dynamics (MD) snapshots

of a test protein were recorded and compared to

the starting set of coordinates [Fig. 8(A)]. Plotting the

Table IX
Rare Proteins (n < 5) Found Similar to the 4-Hydroxy-tamoxifen Binding Sites in Estrogen Receptors a, b, and the Estrogen-Related Receptor g

Ref Protein Enrichment n PDB HET D2
min

3ert Retinoic acid receptor RXR-a 100 2 1mzn BM6 0.15
Catechol 12-dioxygenase 100 2 1dlq LIO 0.16
Seed lipoxygenase-3 50 4 1no3 4NC 0.16

1x7b Estrogen-related receptor g 100 2 1s9p DES 0.10
Major urinary protein 1 100 2 1qy1 PRZ 0.17
Major urinary protein 6 66 3 1mup TZL 0.17

1s9q Estrogen-related receptor g 100 2 1s9q OHT 0.00
Retinoic acid receptor RXR-a 100 2 1mvc BM6 0.17

D2 distance is used to rank sc-PDB entries by decreasing distance to each of the three references 3ert, 1x7b, and 1s9q). If the D1 score of the alignment is higher than

0.6, the D2 distance was arbitrary set to 1 and corresponding sc-PDB entries ranked by decreasing original D2 distance and if necessary, by decreasing D1 score. Proteins

were filtered according to the enrichment (>50%) in ligand-binding sites found similar (D2 � 0.2) to that of the reference. For each reference and each protein, the

entry is referenced by the PDB identifier (PDB) and ligand HET code (HET) exhibiting the smallest D2 score (D2
min).
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variation of D1, D2 scores as well as N1, N2 number of

matched triangles against the observed atomic rmsd cal-

culated from Cb-atoms of cavity-lining residues clearly

shows that our method tolerates large variation in atomic

coordinates (up to 3 Å) without affecting much the D2

score but maintaining significantly high N2 number of

matched residues [Fig. 8(B)]. Forcing the protein to

begin unfolding by raising the temperature to 600 K

Figure 5
D2 distance between the staurosporine binding site of six protein kinases (pdb entries 1ol5, 1pxi, 1yhs, 1qpd, 1sm2, 1xjd) and 6415 sc-PDB entries. Protein kinases

encompass here any protein with an E.C. number equal to 2.7.10, 2.7.11, or 2.7.12. Alignments have been generated using slightly modified settings (Rn 5 15, Tn 5 3)

of SiteAlign (See Methods). The D2 distance was set to 1 for any binding site whose D1 distance was higher than 0.6.
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effectively results in a concomittent increase of the rmsd

value and of both D1 and D2 scores which then pass the

maximum distance cut-off (0.6 and 0.2 , respectively). In

addition, the number of matched triangles (N1, N2)

decreases significantly [Fig. 8(B)].

It is important to recall that the D2 score does not

mirror only sequence identity of matched residues but

also side chain orientation, and the distance to the sphere

centre of matched residues. Therefore, D2 scores do not

follow a theoretical model of extreme value distributions

but a simpler normal distribution. For each possible

match of 7–30 residues, the probability (P-value) to

obtain by chance a D2 score of 0.2 was estimated by

comparing three randomly-generated cavity fingerprints

(assuming of course only possible values for each of the

eight reals defining the full vector) to 100,000 randomly-

defined cavity fingerprints. In the worst possible scenario

(match of only seven residues and D2 score of 0.2), the

P-value is 2.3 3 1023. In a typical scenario (alignment of

20 residue pairs and a D2 score of 0.2), this P-value

drops to 5.3 3 1026. Plotting the P-value against the N2

number of matched triangles is given in the supplemen-

tary Figure 2.

We expect our method to be as accurate as existing

cavity alignment programs but less prone to generate

false positives (notably in comparing binding sites of

Table X
Similarity of 6415 Ligand Binding Sites, Annotated by Protein Family, to Various Staurosporine-Binding Sites

Targets Reference ROC D2
mean D2

min D2
max D2

sd

Protein kinases (n 5 237) 1ol5 0.736 0.48 0.00 1 0.39
1pxi 0.760 0.51 0.00 1 0.44
1qpd 0.770 0.50 0.00 1 0.42
1sm2 0.771 0.49 0.00 1 0.41
1xjd 0.744 0.52 0.00 1 0.40
1yhs 0.773 0.48 0.00 1 0.41

Other kinases (n 5 329) 1ol5 0.475 0.79 0.12 1 0.32
1pxi 0.489 0.94 0.21 1 0.18
1qpd 0.497 0.92 0.20 1 0.21
1sm2 0.476 0.92 0.19 1 0.21
1xjd 0.486 0.88 0.19 1 0.26
1yhs 0.488 0.90 0.19 1 0.24

Non-kinase 1ol5 0.580 0.63 0.17 1 0.36
ATP and ADP sites (n 5 166) 1pxi 0.503 0.92 0.12 1 0.21

1qpd 0.508 0.91 0.14 1 0.24
1sm2 0.520 0.86 0.13 1 0.28
1xjd 0.518 0.83 0.10 1 0.30
1yhs 0.551 0.81 0.15 1 0.31

Others (n 5 5683) 1ol5 0.405 0.77 0.12 1 0.33
1pxi 0.411 0.94 0.14 1 0.18
1qpd 0.402 0.94 0.09 1 0.20
1sm2 0.409 0.91 0.15 1 0.23
1xjd 0.415 0.88 0.16 1 0.26
1yhs 0.395 0.90 0.13 1 0.24

The D2 distance is used to rank entries by decreasing distance any of the eight references. If the D1 score of the alignment is higher than 0.6, the D2 distance was arbi-

trary set to 1 and corresponding sc-PDB entries ranked by decreasing original D2 distance and if necessary, by decreasing D1 score. A ROC score is computed for, within

an in-house Pipeline Pilot workflow,21 each occurrence of the above-mentioned protein families. Protein kinases have been defined by E.C. number (2.7.10.2, 2.7.11.2,

2.7.12.2), according to Manning et al.32 Other kinases encompass all kinases (E.C. number beginning with 2.7) not selected by the above definition. ADP/ATP-binding

sites refer to any non-kinase entry cocrystallized with a ligand of a HET code equal to ADP or ATP. Others represent all other entries not selected by any of the three

preceding filters. N, D2
mean, D2

min, D2
max, and D2

sd are defined as in Table IV.

Figure 6
D2 distance between the ADP binding site of a nucleoside diphosphate kinase

(pdb entry 1nlk, ligand HET code: ADP) and 6415 sc-PDB entries. Binding sites

are ranked by decreasing D2 distance and classified in two groups: ADP-binding

sites (filled squares), others (empty squares). Alignments have been generated

using default settings of SiteAlign (See Methods). The D2 distance was set to 1

for any binding site whose D1 distance was higher than 0.6.
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different sizes with a very low number of matched resi-

dues) and suitable for comparing homology models, a

feature which has not been demonstrated up to now by

any other method. In the current SiteAlign release, nei-

ther metals nor covalently-bound ligands are treated.

Explicit treatment of metal ions is not necessary as far as

all coordinating residues are present in the binding site

definition (usually metal ions are characterized by spe-

cific arrangement of neighbouring residues). It could be

a problem if the metal-binding site only partially overlaps

the ligand-binding site. However, preliminary attempts

addressing this issue on phosphodiesterases for example

showed that it did not alter the quality of the structural

alignment. Because we focused our work on druggable

Table XI
Similarity of 6415 Ligand Binding Sites, Annotated by Protein Name, to a Nucleoside Diphosphate Kinase ADP-Binding Site (pdb Entry 1nlk, Ligand HET Code: ADP)

Name Rank ROC n D2
mean D2

min D2
max D2

sd

Nucleoside diphosphate kinase 1 0.999 14 0.05 0.00 0.10 0.02
FK506-binding protein 2 0.820 13 0.52 0.17 1.00 0.37
Aldose 1-epimerase 3 0.753 19 0.64 0.14 1.00 0.37

D2 distance is used to rank entries by decreasing distance to the 1nlk reference. If the D1 score of the alignment is higher than 0.6, the D2 distance was arbitrary set to 1

and corresponding sc-PDB entries ranked by decreasing original D2 distance and if necessary, by decreasing D1 score. A ROC score is computed, within an in-house

Pipeline Pilot workflow,21 for each occurrence of a protein name represented by at least five entries in the sc-PDB dataset. Proteins were filtered according to the mini-

mal D2 distance observed for all entries of that protein (D2
min � 0.20) in the sc-PDB dataset and ranked by decreasing ROC score. Only proteins with ROC scores higher

than 0.75 were considered as sufficiently close to the reference. n is the number of sc-PDB entries for a particular protein. N, D2
mean, D2

min, D2
max, and D2

sd are defined as

in Table IV.

Figure 7
D2 Distance matrix between transmembrane-binding sites of 44 human G Protein-coupled receptors (GPCR) originating from previously defined 22 clusters.33 GPCR 3D

models were built using the GPCRmod program34 and ligand-binding sites defined from a list of 30 consensus transmembrane residues known to line the antagonist-

binding site of most nonpeptide GPCR ligands.33 The phylogenetic tree (top axis) was obtained from the D2 distance matrix using the Neighbour-Joining method as

implemented in Mega3.35 GPCRs are labelled according to their SwissProt entry name and cluster names with their receptor representatives (two entries per cluster)

indicated on the right axis. The figure was rendered with the matrix2png program.36 [Color figure can be viewed in the online issue, which is available at

www.interscience.wiley.com.]
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protein–ligand binding sites, we made the initial choice

to discard active sites with covalently-bound ligands.

How similar are similar ligand-binding sites?

The very first task in our study has been to define a

distance threshold under which two sites can be esti-

mated to be similar. For this purpose, a database of 376

related ligand-binding site pairs was specifically designed

from the sc-PDB collection of druggable binding sites.15

To simplify the biological annotation of cavities, only

ligand-binding sites from enzymes with a well-defined

E.C. number22 have been selected. A pair of binding sites

was extracted for each nonredundant E.C. number and

chosen according to the molecular weight of the bound

ligand. The two cavities cocrystallized with the lowest

and highest molecular weight ligands were thus finally

selected for each new E.C. number which ensures a col-

lection of diverse active site pairs. A systematic compari-

son of the 376 pairs enables the visualization of distance

score distributions (Fig. 2). Two distance scores (D1 and

D2) are computed by SiteAlign. The D1 score is com-

puted from triangles receiving a cavity projection for at

least one of the two sites to compare. It is therefore well

suited to guide the structural alignment but also to mea-

sure the global similarity of the two binding sites under

investigation. The D2 score is computed only from trian-

gles receiving a cavity projection for both sites and more

suited to measure local similarities irrespectively of the

cavity dimensions. D1 and D2 score distributions among

the 376 aligned pairs are both bimodal. The major distri-

bution (75% of the data) describes binding sites of com-

parable dimensions (ca. less than 15 residues difference)

whereas the minor distribution (25% of the data)

describes cavities of very different dimensions. Although

the site pairs have been chosen to originate from catalyti-

cally equivalent enzymes, our procedure which selects

binding sites from extreme molecular weight ligands still

retrieves cavities of very different dimensions having very

few residues in common (ca. 20–25% of the dataset, see

Table III). We did not want to remove these pairs in our

comparison since they allow a better definition of the

applicability range of the alignment method.

Eighty percentage of the pairs present a D1 score � 0.6

or a D2 score � 0.2. Applying both thresholds in consen-

sus afforded to predict 75% of the starting pairs as truly

similar. However, does a good score really correspond to

a good alignment? To answer this question, we compared

the SiteAlign superimposition to a full protein sequence-

based match (‘‘align structures’’ Biopolymer routine of

the SYBYL7.3 package25) which unambiguously aligns

the two entry pairs bearing the same E.C. number and

enables the identification of equivalent residues (con-

served or very homologous amino acids sharing the same

set of main chain coordinates). After a systematic survey

of the 376 pairs, the SiteAlign fit could generally been

tagged as ‘‘good’’ (similar to that produced by SYBYL)

when the percentage of volume overlap (VO) of both

protein-bound ligands, computed by an in-house SYBYL

programming language script,25 was higher than 30.

Using this rough analysis, alignments could be theoreti-

cally described as either true positive (good score and

good alignment), false positive (good score and bad

alignment), true negative (bad score and bad alignment)

or false negative (bad score and good alignment). As a

matter of fact, only the first three cases could be

Figure 8
Plotting the variation of SiteAlign descriptors in MD snapshots of a the

smNACE enzyme27 against the rmsd of C-b coordinates (cavity-lining residues

only) to the starting coordinates. The starting protein coordinates27 were

embedded in a box of 12,410 TIP3P water molecules and simulated in

AMBER8.0.28 After 100 ps equilibration at constant pressure (1 atm), a 1-ns

production trajectory was recorded at 300 K using standard AMBER8.0

parameters. After 1.2 ns (time indicated by a thick arrow), the temperature was

gradually increased to reach 600 K after 1.3 ns. The ligand-binding site is

composed of 39 residues located less than 6.5 Å away from the ligand (cyclic

ADP-ribose) in the corresponding complex.27 Snapshots were aligned to the first

set of coordinates using standard parameters (see Methods) of SiteAlign. (A)

Variation of D1 (dark solid lines) and D2 (gray solid line) distance scores [Eq.

(3)] against variations of the rmsd (dotted line) on active site Cb-atoms to the

starting coordinates, (B) Variation of N1 (dark solid lines) and N2 (gray solid

line) number of matched triangles [Eq. (3)] against variation of the rmsd

(dotted line) on Cb-atoms to the starting coordinates.
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detected. 75% of the alignments correspond to true posi-

tives, with a good score (D1 � 0.6 and D2 � 0.2) and a

good alignment (Table III). This corresponds to binding

sites having at least 50% of their cavity-lining residues in

common for which a very good fit can be obtained

within 30–45 s. Applying the consensus score threshold,

only 1.6% of false positive alignments (good score but

bad alignment) could be detected. This situation corre-

sponds to similar binding sites cocrystallized with ligands

of very different sizes although some residues are in com-

mon. Last, the remaining 25% of the cases correspond to

true negative alignments, meaning two ligand-binding

sites having very few residues in common (usually less

than five) and accommodating very different ligands and

different binding modes. This situation is typically

observed when comparing for example the inhibitor and

the cofactor binding sites from the same protein.

To assess the sensitivity of our structural alignment

method to the binding site definition, we generated

ligand-binding sites of increasing sizes by varying the

maximal distance between any ligand heavy atom and

any binding-site heavy atom (4.5, 5.0, 6.5 Å). On a sub-

set of 12 randomly-chosen active site pairs, D1 and D2

scores were remarkably constant (mean standard devia-

tion of 0.056 and 0.019 for D1 and D2 distances, respec-

tively) assuming a similar binding site definition for both

entries to compare.

Binding site similarity across a gene family

Having quantified similarity thresholds, we next

looked at the similarity of ligand-binding sites from pro-

teins of the same family. For that purpose, serine pro-

teases were an ideal choice for many reasons: (i) numer-

ous protein-inhibitor X-ray structures are available in the

Protein Data Bank40; (ii) many competitive serine prote-

ase inhibitors exhibit broad specificity for different mem-

bers of the serine protease protein family41 although

they are characterized by different folds42 (e.g., trypsin,

subtilisin, a/b hydrolase); (iii) the substrate cleavage

specificity can vary for a given fold illustrating subtle but

functionally important differences in the catalytic site.43

A binding site for a bovine trypsin inhibitor (pdb

entry 1aq7) was chosen as reference to measure its simi-

larity to 6415 ligand-binding sites of the sc-PDB dataset,

out of which 357 originate from serine proteases accord-

ing to their E.C. annotation (3.4.212).22 A vast majority

(92%) of binding sites passing similarity thresholds (D1

� 0.6 and D2 � 0.2) come from serine endopeptidases

(Fig. 3). Interestingly, although proteases with the same

fold and substrate cleavage specificity were retrieved first,

proteins with other folds and cleavage preferences were

also found similar enough to the reference as exemplified

by the systematic calculation of ROC scores according to

two protein annotations (Tables IV and V). The physico-

chemical significance of the match and related D1, D2

scores can be easily assessed by looking at the matched

residue pairs and the physicochemical properties at the

corresponding matched triangle (Table XII). Highly simi-

lar active sites present not only low D1 and D2 scores but

also a match involving a higher proportion of very simi-

lar active site residues. A good indicator is to compute

the percentage of matched residues presenting a local dis-

tance Dt,ij [Dt,ij 5 1 2 St,ij; Eq. (2)] below the 0.2 thresh-

old. In the case of a very similar binding site in another

trypsin entry (e.g., 1cw5 entry, Table XII), 22 out of 26

residues contribute to the match and all 22 residues pres-

ent a pair-wise distance to their matched counterpart in

1aq7 below the 0.2 distance threshold. For a more diver-

gent binding site of still another serine protease (throm-

bin, pdb entry 1t4u), D1 and D2 scores are higher but a

lower proportion of residues (21 out of 32) contribute

to the match and an even lower proportion (10/21) pres-

ent a pairwise distance to their counterparts in 1aq7

below 0.2.

Only serine proteases with a a/b hydrolase fold are

significantly different from our reference bovine trypsin

ligand-binding site. For example, a peptide binding site

in proteinase K (pdb entry 1p7v) was found similar (D1

5 0.54, D2 5 0.15) to that of bovine trypsin (pdb entry

1aq7) despite very different folds and ligands. This is a

typical case illustrating significantly different binding sites

with a local similarity at residues defining the catalytic

triad, and suggests that our alignment and comparison

method may be used for the biological annotation of

genomic structures. Among the 245 similar binding sites,

eight describe proteins not annotated as serine endopep-

tidases. Of particular interest is the malonamidase A2

(pdb entries 1obl and 1ocl) which is a peptide amidase

bearing a novel Ser-cisSer-Lys catalytic triad supposed to

present catalytic mechanism reminiscent from that of ser-

ine proteases.44 A ligand-binding site in a completely

different enzyme (purine nucleoside phosphorylase, pdb

entry 1lvu) was also found to possess a local similarity to

that of bovine trypsin. The latter binding sites are glob-

ally different as acknowledged by their different shapes

(Fig. 9) and a global distance (D1 5 0.59) just above the

upper limit, but they show a local strong similarity at

seven conserved residues which are nicely matched by

SiteAlign. This observation does not necessarily means

that the corresponding ligands crossreact with both

enzymes but more likely that this local subpocket similar-

ity would enable the binding of common low molecular-

weight fragments45 to both targets.

Predicting off-targets by comparing
binding sites

A basic assumption in chemogenomics is that similar

ligands bind to similar active sites.46 Predicting second-

ary targets for a given ligand may thus be achieved by

finding cavities which are similar enough to the binding
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site of the primary target, as recently exemplified by the

binding of cyclooxygenase-2 inhibitors to carbonic anhy-

drase.47 We therefore chose three ligands (4-OHT, STAU,

ADP) of increasing target promiscuity to check whether our

comparison method would be able to recover their known

targets by a simple comparison of ligand-binding sites.

4-OHT is known to bind to the family of estrogen

receptors (estrogen subtypes a and b) as well as to the

more recently identified estrogen-related receptor g, for
which high-resolution X-ray structure of the correspond-

ing complexes are available.48,49 Three 4-OHT binding

sites from each of the three major targets were thus itera-

tively taken as reference for a systematic comparison to

all sc-PDB binding sites. For all three in silico screens,

the main targets were retrieved indeed among the top-

ranked targets with even a sharp drop in similarity scores

when shifting to a priori unknown off-targets (Fig. 4).

The ERRg site was found to resemble more the ERb
than the ERa ligand-binding site. As expected from the

known major conformational changes occurring upon

Table XII
Fine Details of SiteAlign Fit to 1aq7 Ligand-Binding Site (Size: 35 Residues)

Entrya Protein Sizeb Rankc D1 D2 N1 N2 Matchd Dt,ij
e

1c5w UtPAf 26 85 0.39 0.06 34 22 H57:H57g 0.000
Y94:H99 0.116
G148:S146 0.266
Y172:Y172 0.004
A183:A183 0.125
D189:D189 0.004
S190:S190 0.000
C191:C191 0.000
Q192:Q192 0.004
G193:G193 0.004
D194:D194 0.000
G196:S195 0.129
V213:V213 0.000
S214:S214 0.187
W215:W215 0.187
G216:G216 0.004
G219:G219 0.000
C220:C220 0.066
A221:L222 0.066
G226:G226 0.125
V227:V227 0.004
Y228:Y228 0.000

1t4u Thrombin 32 371 0.57 0.23 38 21 Y94:H79 0.129
L99:Y126 0.462
S96:Y83 0.412
N97:W128 0.270
N143:E232 0.308
K145:C261 0.295
Y172:I209 0.420
A183:Y267 0.487
D189:D262 0.020
S190:A230 0.241
C191:C231 0.016
G193:G233 0.004
D194:D234 0.008
S195:S235g 0.141
V213:V255 0.008
S214:D135 0.191
W215:E130 0.483
K224:E259 0.550
G226:G258 0.129
V227:N131 0.337
Y228:Y270 0.012

aPDB code.
bNumber of cavity-lining residues.
cRank, assessed by the D2 distance score to 1aq7, among 6415 scPDB entries.
dSiteAlign matched residues (reference:target).
eLocal distance [1 2 St,ij; see Eq. (2)] of the macthed triangles.
fUrokinase-type plasminogen activator.
gResidue of the catalytic triad.
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activation at helix 12 of nuclear hormone receptors,50

the three antagonist-binding sites were more similar to

other antagonist-binding sites than to agonist-binding

sites. Nevertheless, the alignment method is fuzzy enough

to select most agonist-binding sites of the estrogen recep-

tor a and b. The best compromise was achieved using

the ERRg site as reference with 19 out of the true 22

copies of all known estrogen receptors present in the

selection, while retrieving 10/10 antagonist-binding sites

and 9/12 agonist-binding sites. A rigorous ROC statistical

analysis ranks both estrogen receptors at the top two

positions of all three screens (Tables VI–VIII). Interest-

ingly, several off-targets have been predicted for 4-OHT

in all screens. Among those found at least twice are HIV

proteases (type 1 and type 2) and the p38 MAP kinase

14. Local similarity between estrogen receptor and HIV

protease is found by matching hydrophobic residues only

[Fig. 10(A)]. Interestingly, one may notice some chemical

similarity in the scaffold of known ligands of these two

targets [Fig. 10(B)] which may be a consequence of the

herein proposed similarity of both binding sites.

Another interesting target worth investigating is the

p38 MAP kinase 14. 4-OHT and antiestrogens in general

are known to activate p38 in a nongenomic mechanism

that can be selectively blocked by p38 MAPK inhibi-

tors.30 The p38 MAP kinase 14 is indeed found among

the top scoring proteins according to our ROC scoring

in the three in silico screens (Tables VI–VIII). Inspecting

the matched active sites indicate a good fit at several

hydrophobic residues delineating common hydrophobic

patches in both cavities [Fig. 11(A)].

We could not find direct evidence of 4-OHT binding

to any of the other similar targets with high ROC score

values. It is likely that the hydrophobic nature of the 4-

OHT binding site in estrogen receptors explains this

hypothesized promiscuity. In most if not all of these

cases, the active site match was performed on hydropho-

bic residues exclusively, as previously shown for the p38

MAP kinase.

Among less populated proteins, a few ligand-binding

sites were also found similar to each of the three referen-

ces (Table IX). Interestingly, another nuclear receptor

(retinoic acid RXR-a) was retrieved twice, likely because

of the hydrophobic predominance of both binding sites.

However, similarity to a ligand-binding site in a totally

unrelated enzyme (catechol-1,2 dioxygenase, Table IX)

involves polar residues and notably the important

Asp351 which forms a salt-bridge with the ERa-bound
4-OHT [Fig. 11(B)], suggesting that both active sites may

readily share similar ligands, although the envelopes of co-

Figure 9
SiteAlign superposition of the ligand binding site in bovin trypsin (1aq7 entry, ligand HET code: AEB, size: 35 residues) with the ligand binding site in calf spleen purine

nucleoside phosphorylase (1lvu entry, ligand HET code: 9PP, size: 33 residues). Carbon atoms of trypsin and purine nucleoside phosphorylase are coloured in cyan and

yellow, respectively. Nitrogen atoms are coloured in blue and oxygen atoms in red. The bound ligand envelopes computed by MOLCAD,27 although not used in the

alignment, are here presented as transparent surfaces to delineate the shape of both ligand-biding sites (1aq7 in cyan, 1lvu in yellow). The matched residues and their

local pairwise distance Dt,ij [1 2 St,ij; see Eq. (2)] are tabulated on the right panel of the figure. Pairs with a local distance above 0.2 are indicated in bold and displayed

for sake of clarity. The alignment (D1 5 0.59, N1 5 39; D2 5 0.15, N2 5 19) has been computed using default settings of SiteAlign (see Methods). [Color figure can be

viewed in the online issue, which is available at www.interscience.wiley.com.]
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crystallized ligands are pretty different. Many secondary

targets have been suggested for 4-OHT51 but only a few

of them (protein kinase C, calmodulin, COX-1, COX-2,

quinone oxidoreductase) have been confirmed by in vitro

binding assays. Out of the true validated targets for 4-

OHT, none of their ligand-binding sites were selected in

the three screens. Quite often, several ligand-binding sites

from those targets were just above the D2 distance upper

threshold (e.g., 0.21 for the KAR-2 binding site in cal-

modulin pdb entry 1xa5). The ligand-binding site selec-

tion procedure may also explain these discrepancies since

different binding sites (inhibitor and cofactor-bind-

Figure 10
(A) SiteAlign superposition of the 4-OHT binding site in human estrogen receptor a (3ert entry, ligand HET code: OHT, size: 35 residues) with the ligand binding site in

human HIV-2 protease (3upj entry, ligand HET code: U03, size: 29 residues). Carbon atoms of estrogen receptor a and HIV-2 protease are coloured in cyan and yellow,

respectively. Nitrogen atoms are coloured in blue and oxygen atoms in red. The bound ligand envelopes computed by MOLCAD,32 although not used in the alignment,

are here presented as transparent surfaces to delineate the shape of both ligand-biding sites (3ert in cyan, 3upj in yellow). The matched residues and their local pairwise

distance Dt,ij [1 2 St,ij; see Eq. (2)] are tabulated on the right panel of the figure. Pairs with a local distance above 0.2 are indicated in bold and displayed for sake of

clarity. The alignment (D1 5 0.56, N1 5 42; D2 5 0.15, N2 5 22) has been computed using default settings of SiteAlign (see Methods). (B) Structures of genistein (ER

receptor agonist) and of U096333 (HIV-2 protease inhibitor). The Tanimoto similarity coefficient between both compounds, computed in Pipeline Pilot21 according to

MDL public keys, is 0.75. [Color figure can be viewed in the online issue, which is available at www.interscience.wiley.com.]
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ing sites) may be stored for the same protein. Last,

4-OHT may bind to still undiscovered allosteric binding

sites for which no templates are available within our col-

lection.

In a next series of validation screens, we took a more

permissive ligand (staurosporine) known to bind in the

ATP-binding site of most protein kinases.31 Since many

ATP binding sites not belonging to protein kinases are

Figure 11
(A) SiteAlign superposition of the 4-OHT binding site in human estrogen receptor a (3ert entry, ligand HET code: OHT, size: 35 residues) with the ligand binding site in

human p38 MAP kinase 14 (1w82 entry, ligand HET code: L10, size: 31 residues). Carbon atoms of estrogen receptor a and of p38 MAP kinase are coloured in cyan and

yellow, respectively. Nitrogen atoms are coloured in blue and oxygen atoms in red. The bound ligand envelopes computed by MOLCAD,32 although not used in the

alignment, are here presented as transparent surfaces to delineate the shape of both ligand-biding sites (3ert in cyan, 1w82 in yellow). The matched residues and their

local pairwise distance Dt,ij [1 2 St,ij; see Eq. (2)] are tabulated on the right panel of the figure. Pairs with a local distance above 0.2 are indicated in bold and displayed

for sake of clarity. The alignment (D1 5 0.53, N1 5 40; D2 5 0.18, N2 5 23) has been computed using modified settings of SiteAlign (see Methods). (B) SiteAlign

superposition of the 4-OHT binding site in human estrogen receptor a (3ert entry, ligand HET code: OHT, size: 35 residues) with the ligand binding site in catechol 1,2-

dioxygenase (1dlq entry, ligand HET code: LIO, size: 38 residues). Carbon atoms of estrogen receptor a and catechol 1,2-dioxygenase are coloured in cyan and yellow,

respectively. Nitrogen atoms are coloured in blue and oxygen atoms in red. The bound ligand envelopes computed by MOLCAD,32 although not used in the alignment,

are here presented as transparent surfaces to delineate the shape of both ligand-biding sites (3ert in cyan, 1dlq in yellow). The matched residues and their local pairwise

distance Dt,ij [1 2 St,ij; see Eq. (2)] are tabulated on the right panel of the figure. Pairs with a local distance above 0.2 are indicated in bold and displayed for sake of

clarity. The alignment (D1 5 0.55, N1 5 44; D2 5 0.17, N2 5 24) has been computed using default settings of SiteAlign (see Methods). [Color figure can be viewed in

the online issue, which is available at www.interscience.wiley.com.]
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stored in the sc-PDB dataset, it was challenging to check

whether our comparison method could discriminate ATP

binding sites across different protein families. Six ATP

competitive inhibitor-binding sites were selected from

different protein kinases (cdk2, Aurora-1, Pim-1, Lck, IL-

2 tyrosine kinase, protein kinase C) and iteratively com-

pared to all sc-PDB binding sites. To precisely study the

influence of the binding site selection, four entries (1yhs,

1qpd, 1sm2, 1xjd) were cocrystallized with staurosporine

itself whereas the latter two entries had been cocrystal-

lized with either another ATP-competitive inhibitor

(1pxi) or ADP (1ol5). In all six screens, top-ranked bind-

ing sites were almost originating from protein kinases

with only 15–20 exceptions out of about 120 selected

entries (Fig. 5). About half of protein kinases stored in

the sc-PDB dataset was missed by our selection protocol

for two main reasons: (i) entries were ranked just above

the minimum D1 – D2 score thresholds (ca. 30% of fail-

ure), (ii) entries were cocrystallized with peptide inhibi-

tors binding to another site than the ATP-binding site

(ca. 50% of failures).

Interestingly, three out of the six unexpected proteins

which were selected in at least 50% of all screens were in

fact protein kinases (Rio2, TAO2, Aurora-B) which were

not biologically annotated at the time of the screening,

thus demonstrating that functional annotation of

genomic structures can be accomplished with SiteAlign.

Among the three other unrelated proteins whose active

sites are predicted to be close from the ATP-binding site

of protein kinases, are the HIV-1 protease and the estro-

gen receptor a, which present both hydrophobic features.

Avoiding this artefact may be obtained by computing a

third similarity score accounting for polar residues, only.

The last protein in the target list is synapsin-I, a synaptic

vesical protein regulating neurotransmitter release and

the organization of cytoskeletal architecture in the

presynaptic terminal.52 Synapsin-I exhibits a calcium-

dependant ATP binding site,53 which presents striking

similar features to ATP-binding sites in protein kinases,

especially at polar and charged residues (Fig. 12) which

raises the possibility that protein kinase inhibitors may

also bind to synapsin-I. Interestingly, a clear distinction

of protein kinases from other kinases is achieved in all

in silico screens, whatever the binding site reference

(Table X). Other ADP/ATP ligand-binding sites are also

statistically different from ATP-binding sites in protein

kinases (Table X), confirming that ATP is quite permis-

sive in recognizing protein binding sites of very different

shapes.18

To confirm this observation, we last took ADP as a ref-

erence ligand. An ADP-binding site in a randomly-

selected ADP binding protein (nucleoside diphosphate

kinase) was chosen as reference for computing distance

scores to all sc-PDB entries. As expected, very few bind-

ing sites were found similar to that of the reference (pdb

entry 1nlk, HET code ADP), out of which the top-ranked

entries were all nucleoside diphosphate kinases (Fig. 6).

ADP-binding sites do not resemble each other since only

Figure 12
SiteAlign superposition of the staurosporin-binding site in human Pim-1 kinase (1yhs entry, ligand HET code: STO, size: 32 residues) with the ligand binding site of rat

synapsin-I (1aux entry, ligand HET code: SAP, size: 24 residues). Carbon atoms of Pim-1 and synapsin-I are coloured in cyan and yellow, respectively. Nitrogen atoms

are coloured in blue and oxygen atoms in red. The bound ligand envelopes computed by MOLCAD,32 although not used in the alignment, are here presented as

transparent surfaces to delineate the shape of both ligand-biding sites (1yhs in cyan, 1aux in yellow). The matched residues and their local pairwise distance Dt,ij [1 2
St,ij; see Eq. (2)] are tabulated on the right panel of the figure. Pairs with a local distance above 0.2 are indicated in bold and displayed for sake of clarity. The alignment

(D1 5 0.56, N1 5 36; D2 5 0.17, N2 5 19) has been computed using modified settings (Rn 5 15, Tn 5 3) of SiteAlign (see Methods). [Color figure can be viewed in

the online issue, which is available at www.interscience.wiley.com.]
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one ADP-binding protein (ribonuclease) is retrieved by

computing binding site similarities (Fig. 6). Two features

of ADP-binding sites may explain this observation: (i)

ADP-binding sites present by analogy to AMP and ATP

binding sites with very different shapes18 and binding

modes to their cognate ligands (in the 1nlk entry, the ad-

enine ring is surprisingly stacking with Ile111 side chain);

(ii) ADP frequently develops H-bonds to main chain

atoms which are not taken into account in SiteAlign. The

latter observation is also true in protein kinase inhibitors

but does not prevent to clearly discriminate ATP-binding

sites in protein kinases form other kinases or ATP/ADP

binding sites (see above). A thorough statistical analysis

computing ROC scores for every protein of our dataset

only selected two relevant proteins beside the reference

itself (Table XI). FK506-binding protein was notably

retrieved because of the presence of an aromatic patch in

its ligand-binding site which is common to that observed

in the ADP-binding site of nucleoside diphosphate

kinase.

Comparing ligand-binding sites in
homology models

Because of their high dependency to 3D coordinates,

most if not all ligand-binding site comparisons have

focussed on high-resolution X-ray structures. However,

comparing binding sites for proteins of unknown 3D

structures would be highly desirable in many situations:

(i) comparing ligand-binding properties of pharmacolog-

ically-important proteins not registered in the Protein

Data Bank, (ii) predicting putative ligands of new

genomic entries for which an homology model might be

obtained.54

The first question was addressed by comparing the

canonical antagonist-binding site33 of human GPCRs,

from previously published high-throughput homology

models.34 To avoid discussing a full and complex bind-

ing-site biased phylogenetic tree, we randomly selected

two entries for each of the 22 clusters recently proposed

in our group33 to account for GPCR binding site diver-

sity, and computed a 44 3 44 distance matrix according

to the SiteAlign D2 distance, while refining the 3D align-

ment previously obtained by our comparative homology

modelling tool.34 Since all 3D models have been gener-

ated from a restricted set of templates, D2 distances are

smaller than that previously observed in screening the sc-

PDB dataset (Fig. 7). However, the method is suitable to

unambiguously cluster each pair in its subfamily. Some

clusters (e.g., Adhesion, Frizzled, Glutamate, MAS, Pros-

taglandins, Secretin) describe unique ligand-binding sites,

corresponding to either allosteric regulatory sites55 (e.g.,

Adhesion, Secretin, Frizzled, Glutamate) or very peculiar

binding regions (Prostaglandin cluster).56 Conversely,

some other receptor clusters (e.g., Opiates, Chemoattrac-

tants) exhibit more resemblance in their transmembrane

cavity to other GPCRs (Fig. 7). Although it is almost

impossible to quantitatively relate binding site similarity

to ligand similarity, we notice that ligands for specific

binding sites (e.g., Prostaglandin receptors) usually have

less similar compounds among known GPCR ligands

than molecules binding to more permissive binding sites

(e.g., opiate receptor ligands; Fig. 13). Interestingly, a few

clusters of orphan or quasi-orphan receptors33 (e.g.,

Acids, MAS, SREBs) show binding site similarity to some

liganded GPCR clusters suggesting novel directions to

identify low molecular-weight ligands for these new

receptors.

CONCLUSIONS

We herewith present a novel method for comparing

druggable ligand-binding sites which significantly differs

from existing approaches in both fingerprinting cavity

properties and measuring distances between two binding

sites. Using a dataset of similar binding site pairs, we

could define generic distance thresholds to estimate

whether or not two binding sites may be considered sim-

ilar. The two distance scores D1 and D2 are quantitative

and qualitative measurements of the similarity, respec-

tively and are therefore indicative of the global and local

similarity between two cavities. Importantly, the method

is insensitive to the definition of the size of the ligand-

Figure 13
Chemical similarity of 912 known prostaglandin receptor ligands (solid line)

and of 1285 known opiate receptor ligands (dotted line) to a panel of 17,906

other GPCR receptor ligands (with no binding data for either prostaglandin or

opiate receptors) from the MDL Drug Data Report database.57 Similarity is

expressed as the Tanimito coefficient computed from SciTegic ECFP4

fingerprints.21 For both activity classes, the closest other GPCR ligand to any of

the reference ligand is selected and Tanimoto coefficients fused and ranked by

decreasing values. Only the top 100-ranked other GPCR ligands are plotted for

sake of clarity.
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binding site as far as the latter is structurally druggable,

and is fuzzy enough to tolerate variations in atomic coor-

dinates up to 3 Å. It should be stressed that detection of

local similarity (low D2 distance) between two cavities

does not ensure crossreaction with the same ligand, a fea-

ture that probably requires a concomitant low D1 score,

a conservation of key polar interactions, and a flexible

ligand. We are currently pursuing a systematic pair-wise

comparison of 1600 nonredundant sc-PDB active sites to

determine which percentage of binding sites from unre-

lated proteins verify these conditions. Two main applica-

tions of our comparison method in structural biology

can be foreseen: guiding the functional annotation of

new protein structures solved in structural genomic pro-

grams,58 predicting off-targets of drug candidates by

detecting similarity with a known ligand-binding site.47

Since cavity descriptors are independent of rotameric

states of cavity-lining side chains, the method is fuzzy

enough to be applied to rough 3D homology models,

thus extending the applicability range of binding site

comparisons to a much wider biological space54 than

that spanned by current PDB structures.
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