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Integrating biological and chemical information is one key task in drug discovery, and one approach to
attaining this goal is via three-dimensional pharmacophore descriptors derived from protein binding sites.
The SitePrint program generates, aligns, scores, and classifies three-dimensional pharmacophore descriptors,
active site grids, and ligand surfaces. The descriptors are formed from molecular fragments that have been
docked, minimized, filtered, and clustered in protein active sites. The descriptors have geometric coordinates
derived from the fragment positions, and they capture the shape, electrostatics, locations, and angles of
entry into pockets of the recognition sites: they also provide a direct link to databases of organic molecules.
The descriptors have been shown to be robust with respect to small changes in protein structure observed
when multiple compounds are cocrystallized in a protein. Five aligned thrombin cocrystals with an average
corea-carbon RMSD of 0.7 A gave three-dimensional pharmacophore descriptors with an average RMSD
of 1.1 A. On a larger test set, alignment and scoring of the descriptors using clique-based alignment, and
a best first search strategy with an adapted forward-looking Ullmann heuristic was able to select the global
minimum three-dimensional alignment in twenty-nine out of thirty cases in less than one CPU second on
a workstation. A protein family based analysis was then performed to demonstrate the usefulness of the
method in producing a correlation of active site pharmacophore descriptors to protein function. Each protein
in a test set of thirty was assigned membership to a family based on computed active site similarity to the
following families: kinases, nuclear receptors, the aspartyl, cysteine, serine, and metallo proteases. This
method of classifying proteins is complementary to approaches based on sequence or fold homology. The
values within protein families for correctly assigning membership of a protein to a family ranged from 25%

to 80%.

INTRODUCTION extracted from protein binding sites with small organic

) ) i o . molecules such as those in screening collections, focused
~ One challenge in drug discovery projects is integrating compinatorial libraries, and lead series. The primary objec-
information from screening, b|ology, and perhaps biological {jes in the approach described here are to derive 3D
structure with classes of organic compoufds.Often  yharmacophore descriptors from protein active sites and to
different classes or series of compounds must be categorizednhow an initial study in which families of proteins are
and pnorltlzeq for further opt|m|zat|op within a set or famlly classified by comparing descriptors formed from their active
of targets. Given the advent of high throughput protein gjtes This report is intended to describe the methodology
crystallography and computational model building tech- 5,4 algorithms used in the SitePrint approach.

niques, information from protein structures and active sites Several methods have been described in the literature to
can be udseld as oned way .tqf. linking b|olc()jg|c2I data tto characterize protein active sites, while several other programs
compound classes and prioritizing compounds. A COMPULer ,e peen described to create 3D pharmacophore descriptors
program (SitePrint) is described that bridges information from aligned ligands. The program GRID characterizes active
sites by embedding the protein in a three-dimensional grid
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detects cavities in a given protein structure using Delaunay classification based on active site features, visualization of
complexes derived from Voronoi diagrams, giving a readily surfaces and properties, be used directly in ligand-based and
visualized surfac@.Analysis of protein surface properties structure-based searches, and be amenable to high throughput
and curvature has been used to characterize binding anccomputation. The six point pharmacophore descriptors
interaction site®¥ and to identify conserved patches with discussed in this paper also provide information about
functional importancé! Functionally related binding sites  pockets and “scaffold locations” in active sites, where a
have been classified using solvent-accessible surface patchescaffold location” is a sitepoint from which R groups on
that have been assigned physicochemical properties using @n organic scaffold can access pockets in the site. Sitepoints
self-organizing neural nét.Protein similarity searches have in this work that are connected to only one other sitepoint
been conducted using critical points assigned to areas of localare generally in pockets, while those connected to more than
curvature on a Connolly surface of the prot&iA* The one other sitepoint are generally in scaffold locations.
methods ASSAM and TESS use clique detection and Information about scaffold locations and relative orientations
geometric hashing, respectively, to retrieve matches in of pockets in protein subfamilies has been shown to be useful

proteins to predefined amino acid template¥ These in lead generatiof 3
descriptions allow protein-to-protein comparisons based on
important residue locations and types. METHODS
Three-dimensional pharmacophore similarity searching
methods recover useful and potent molecife® Additional The algorithm described here produces 3D descriptors

methods have been developed with the goal of augmentingfrom protein binding sites where the proteins are not
the accuracy of three-dimensional similarity searches by Prealigned. One module of the program creates sitepoints,
reducing potential sources of error, and the method reporteddrids, and molecular surfaces from molecular fragments that
here builds on a substantial body of work in attempting to have been docked, minimized, and clustered in protein
formulate a set of descriptors with complementary attributes. binding sites'*®"2” A second module aligns and computes
Potential sources of inaccuracy in 3D pharmacophore similarities between the descriptors. A third module aSSignS
searches include those in generating bioactive conformationsset membership of a given pharmacophore descriptor based
in alignment, absence of explicit representation of molecular on similarity to a group of descriptors where the function or
shape, absence of explicitly represented excluded volume activity is known. Set membership is used to predict the
the lack of precision in the scoring function used to calculate function of protein structures as a positive control for the
similarity, and an inherent error because similarity to an accuracy of the descriptors and similarity scoring methods.
active molecule is used to estimate free energy of binding The six-point descriptors used in these studies capture the
to a biological target. Additional approaches that influenced rough shape of the binding sites, the scaffold-to-pocket
the work reported here include COMP#and the receptor  relationships between regions of a site, and they allow for
surface models in Catalyétwhich form three-dimensional ~ rapid alignment and scoring of descriptors. The grids allow
inverse representations of putative binding sites from en- for more detailed calculations of the van der Waals and
sembles of aligned ligands. Both programs create a visual-€lectrostatic contributions to binding in the given site, and
izable hypothesis of the volume and properties required for the surfaces facilitate visualization of the sites and how
activity. Excluded volume can also be used as a constraintligands may bind within them. Figure 1 shows a descriptor
in search queries to improve the orientations of conformations formed for thrombin in the context of the entire protein and
to pharmacophore?.Other methods have been examined the active sit¢! The terminal node in the S1 pocket of
that use the overall surfaé&?or skin28 of active molecules ~ thrombin is shown at the bottom of Figure 1c: Asp 189 and
as a similarity search query, which several other representa-Ser 195 are shown for reference with the Asp being at the
tions of molecular shaBéor scaffold vector® have also  bottom of the figure. The method for producing the descrip-
been used to perform similarity searches. All of the 3D tors is described below.
representations discussed capture information in a different Each protein is automatically prepared for docking using
way than 2D methods such as Daylight fingerpriitand a Perl script developed in the Kuntz laboratory at UCSF
one of the strengths of the 3D methods is that they facilitate called AutoMolPrep. The script writes the protein, ligand,
structure jumping. The 2D and 3D methods are complemen-and water molecules to separate files. It adds hydrogens to
tary, and they have been combined to enhance searchthe protein at pH 7 and assigns AMBER95 charges using
coverage and accuraéyHigher-order descriptofs®? and the BioPolymer module of Syby?. SPHGEN is run over
pharmacophore descriptor fingerprititsave also been used the entire protein and spheres within 10 A of a manually
to improve the precision and amount of information present specified central residue in the active site are saved for
in pharmacophore searches. The structures of known drugsdocking® The final step in the script is to call grid to generate
have been shown to reduce to a subset of small organica 0.3 A grid around the protein active site. The SitePrint
fragments’* and binding sites have been characterized by method uses a set of eighteen fragments that are roughly
clustering small molecular fragments that have been placedbased on those used in MC&3he drug frameworks derived
in the sites’>~37 3D descriptors derived from protein active by Bemis and Murcké? and a reduced alphabet of the amino
sites have been used in pharmacophore sear&hamy acids, as shown in Figure 2. Karplus and co-workers have
docking38-3° shown the use of probing binding sites by performing
The SitePrint method was developed to create a direct link dynamics on fragments in the sit€&sThe method reported
between protein structures and organic molecules. In building here reuses the-£+ docking code libraries of Makino and
on the work described above, it was desired that this methodEwing*® to rapidly probe a site with fragments before
should enable comparisons between protein active sites,generating descriptors. This has been done to allow the
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Figure 1. (a) The molecular surface of thrombin from the PDB structure Téwebshown in white with the surface of the ensemble of
fragments that map the binding site shown in red. (b) A schematic of the graph, grid, and surface that is generated for each binding site by
the SitePrint algorithm. (c) The surface and a six-point pharmacophore descriptor generated for the binding site of thrombin is shown in a
perspective shifted ninety degrees from thatpfith the S1 pocket of the site shown at the bottom.
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Figure 2. Fragments used to probe protein active sites.

method to be scaled up to operate on large numbers ofpositions: six-point descriptors have been used in the studies
biological structures. Each docked configuration of a given reported here. The k-medoid algorithm was selected to
fragment is minimized, using the simplex implementation perform the clustering because it is known to be tolerant of
by Makino, to a gradient of 1.0 DOCK force field units. small variations in data. An example of a variation is the
The DOCK force field scores are the sum of grid-based difference in the active site of a protein cocrystallized with
intermolecular van der Waals and electrostatic terms betweerntwo different ligands where one or more side chains are in
the protein and the fragment configuratigr® Configurations different conformations due to small differences between the
with DOCK force field scores more favorable than zero are bound ligands. Each set of clustered nodes is then connected
retained. The resulting ensemble is smoothed using a greedynto both a tree and a graph. The trees are generated by an
algorithm (sometimes called best-first clustering) that selectsimplementation of Kruskal’s minimal spanning tree algo-
the best scoring fragment and removes all within 0.5 A rithm® which initially sorts all possible edges by distances
RMSD of it. The algorithm then continues to select the next between their nodes. The graphs are composed by starting
best scoring fragment from those remaining and remove thosewith all possible edges and removing those that penetrate a
close to it, until it has examined all of the fragments. This wall of the protein or that are longer than 9.0 A. Grids of
procedure removes unusually dense collections of fragmentsthe binding sites are created that consist of all grid points
that are due to phenomena such as ionic interactions at theiin a grid of 0.3 A resolution) that are within 1.5 A of a
base of well defined pockets. This permits less dense heavy atom in the probe ensemble. The van der Waals and
collections of fragments, such as those bound in poorly electrostatic information calculated from the protein is stored
defined hydrophobic pockets, to be counted on the same scalelong with the grid point coordinates. Connolly surfaces are
as the ionic collections, and it causes the resulting pharma-generated over the probe ensemble by saving the grid points
cophore descriptors to be based more on shape and pockets atoms and passing that molecule to the MOLCAD module
location than on electrostatics. The electrostatic contributions of Sybyl?* The clusters, graphs, trees, grids, and surfaces
are accounted for in grids after the descriptors have beenfor an individual active site are generated in less than a CPU
formed. minute on a workstation.

The entire configuration of the smoothed fragments is
clustered 10 different times using an implementation of the PROGRAM DESIGN
k-medoid algorithrt? to produce 10 pharmacophore descrip- A modular program was built from the system level
tors of between five and fifteen sitepoints. Each of the 10 architecture design shown in Figure 3. The implementation
separate descriptors contains between five and fifteen nodess based on the €+ libraries that had been encoded by
where each node is a centroid of a cluster of fragment Makino#® Assessing the algorithmic choices, the simplex
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Figure 3. The architecture level design of twotG- programs and modules is shown. On the left side of the hierarchy is the program that
generates the binding site descriptors. On the right is the program that compares the descriptors.

method is used to minimize fragments before clustering, and
it is known to converge effectively on problems containing
this number of degrees of freedom. The k-medoid algofithm
is of order O(d), but it is known to be tolerant of outliers,
and in our hands it has proven to be robust against small
conformational changes in protein structure and also given
changes in the fragment set. The docked and minimized
ensembles of fragments number on average less than 10 000
so the accuracy of the clustering algorithm is more important
than its algorithmic efficiency. The clique-based alignment
implementation of Ewing and Makifi®has been previously
used to efficiently and accurately dock a given molecule to
a set of spheres formed by SPHGENhe methods have
been reused here to create multiple alignments of one

ph_armaCOphore onto an.othesg.- Fi”a"}” Wi,”ett hf;\d suggested Figure 4. The top view of the active site of HIV protease with a
using the Ullmann heuristi&®2in conjunction with known  six point pharmacophore descriptor shown in yellow, the surface
tree searching algorithriffito accomplish graph isomorphism.  mapped out by the probe ensemble in transparent red, and also the
The method has been extended to 3D pharmacophores tdvierck inhibitor L700417 and side chains of residues in thesite.
rapidly obtain one-to-one mappings of sitepoints in aligned The terminal nodes of the graph are located in pockets, while the

- . . nonterminal nodes represent positions that might be occupied by
pharmacophores prior to scoring the alignments. scaffolds.

ANALYSIS OF FEATURES OF DESCRIPTORS of the site, which is characteristic of tifiesheet the protein

The SitePrint program was applied to HIV protease and has evolved to recognize. One deficiency found in the
thrombin in early validation studies before being used to descriptor shown in Figure 4 is that the node in the upper
characterize proteins in the kinase, nuclear receptor, aspartylleft corner is not deep enough into the hydrophobic pocket
serine, cysteine, and metallo protease families. A binding Pecause many of the fragments in the ensemble are posi-
site descriptor formed from HIV protease complexed with tioned _close to the mouth of the active site near the familiar
the Merck inhibitor L70041% is shown in Figure 4 to  Salt bridge between Arg 8 and Asp 29. The DOCK force
illustrate the attributes of these descriptors. Aromatic groups field is used as a scoring function in positioning the
of the ligand occupy the four pockets of the site, and those fragments, and it is known to overemphasize electrostatic
pockets are also described by sitepoints in the pharmacophordnteractions within some active sites. It is expected that a
descriptor, where each sitepoint represents the location of amore accurate representation of solvatfoeffects would
cluster of fragments that has been positioned in the site. Thediminish the value of the ionic interaction and enhance the
four terminal nodes in the graph are positioned in the pockets "elative population of fragments binding in the hydrophobic
of the site. Each connection from one of the central, POcket.
nonterminal nodes to one of the terminal nodes defines a In contrast to the HIV protease example in Figure 4, the
possible approach into that pocket that might be engineeredthrombin descriptor shown in Figure 1c demonstrates an
into a combinatorial library designed from a central scaffold. example of a pocket of a protein occupied by a terminal node
Connecting the pharmacophore points with a minimal that indicates a possible warhead positionwarheadis a
spanning tree structure causes the topology of the graphs tanolecular fragment that binds to a recognition feature in a
contain information about pocket locations because bases ofprotein where often the pocket is deep, strong binding
the pockets are at terminal positions in the tree. The overall contacts are made, and a limited number of R-group
position and connectivity of the sitepoints shows the rough substitution patterns from the fragment are possible because
shape of the active site. This aspartyl protease descriptor hast is deeply bound within the pocket. An example of a
a roughly linear shape with pockets staggered on either sidewarhead bound to a protein is benzamidine complexed in
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Figure 5. Consistently similar pharmacophore descriptors have been generated, aligned, and scored for RMSD similarity in this data set
of five thrombin cocrystals. The yellow bars indicate that each configuration in the ensemble was minimized before smoothing was performed,
while the green bars indicate no minimization was used.Xldds shows the different centroid smoothing parameters used on the fragment
ensembles before the ensembles were clusteredyEés reports the value of the averaged similarity for each five by five matrix of
thrombin binding site descriptors.

the S1 pocket of thrombif?:**Alternately, multivalent nodes  generated for each of the five thrombin structures where the
such as those shown in Figure 4 correspond to scaffold docked fragment ensemble was either minimized or not, and
positions of a combinatorial library from which multiple the centroid smoothing parameter was systematically varied
R-group substitution patterns are possible. The sitepointin five steps from 0.0 to 2.0 A. This produced 10 descriptors

descriptors may correspond to molecular design strategiesfor each active site where five fragment ensembles had been
that might be pursued for a given active site. The pharma- minimized before smoothing and five had not. The descrip-

cophore sitepoints can be used to search databases byors generated for each of the five proteins under a given
programs such as the pharmacophore search module irparameter setting were then compared to each other in a five
MOE?? or in work by Masofi* or by de novo design by five matrix, leaving the diagonal out. For example, five

program& such as SPROUT or INVENTON % Protein descriptors that were generated with minimization and the
pharmacophores have also been shown to be useful in thesmoothing parameter set to 0.5 A were aligned to each other,

docking process by Joseph-McCarthy and Alvafe?. and RMSD of their mapped sitepoints was calculated for
the resulting matrix. Each bar in the graph in Figure 5
TESTING ROBUSTNESS TO SMALL CHANGES IN represents the average value from twenty comparisons as
PROTEIN STRUCTURE only the scores above the diagonal in the matrix were used.

. ) ) _ .. Anaverage similarity of 1.1 A was achieved when the probe

It is important that the descrlptors are consistently §|m|lar ensemble was minimized, and a smoothing filter of 0.5 A
when they are produced from active sites that are different 55 ysed. This is the parameter setting used to generate all
by very small amounts; i.e., the methods of generating and yegcriptors discussed in later sections. The SitePrint method

comparing site descriptors should be robust with respect t0jg ropyst in the thrombin system with respect to resolution
small changes in the positions of side chains in an active ot i structures and small conformational changes in active

site. This was shown using a training set of five thrombin gjte side chains induced by different ligands bound in the
structures in which four different ligands were bound in cocrystal.

protein C(')&crystalsAand the resolution of the structures ranged

from 1.9 A to 3.3 A% The average RMSD difference of the

a carbons of the aligned thrombin structures was 1.5 A. The METHODS APPLIEDFL?AGEE)QTA SET OF PROTEIN

loop regions of the proteins were then excluded from the

computation because they can be disordered or can take A |arger data set for binding site classification was formed.

different conformations due to changes in the packing forces |t contains six families of proteins that have been actively

imparted by different space groups in the crystals. The pursued as drug design targets. In each family there are many

RMSD of only thea carbons of the protein cores differed  structures available that are of high resolution, and each

by an average of 0.7 A. structure contains a bound ligand. Apo structures were not
The study shown in Figure 5 examines the effect of examined in this study given the increasing number of

fragment minimization and the RMSD smoothing parameter cocrystals that are being generated due to high throughput

on the robustness of the resulting descriptors to induced fit crystallography. The protein families and individual struc-

changes in the protein. Pharmacophore descriptors weretures are listed in Table 1.
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Table 1. Protein Structures in the Data Set Used To Test Family

Based Analysis Using Active Site Pharmacophore Descriptors — =—Exhaustive

family protein PDB resolution (A) 3501 - - - Best-First /
kinase  cyclic dependent (CDK2) 1&tp 2.2 300 . /
kinase  transforming growth factgr ~ 1b6¢° 2.6 Depth-First /
kinase  cyclin dependent 1Hek 1.9 ®

kinase insulin receptor 1if3 1.9 .gzso /
kinase  NAD dependent 2n#&d 2.0 o /

NR estrogen 3erd* 2.0 9200 | /

NR PPARy 2prefs 2.3 »

NR thyroidj 1bsX¥5 37 2150 /

asp renin 1@ 2.4 o /

asp pepsin 1p$d 2.0 100 7’

asp cathepsin D ) 25 4

asp HIV protease 4phYy 2.1 s 7’

asp endothiapepsin 482 2.0 // L e ==
cys cruzain lairft 2.0 - /
cys cathepsin B 1cdb 2.1 0 ; ) ‘ ; ‘ .
cys papain 1pif# 1.7 . .

cys interleukin converting enzyme  1bfq 25 Clique Matching Tolerance

ser trypsin 1tp® 19 Figure 6. A comparison of the efficiency of exhaustive, depth-
:g{ gl);%?g]se lirﬂﬁg is first, and best-first tree searching methods for performing graph
cor thrombin Laws 33 isomorphism on SitePoint descriptors.

ser thrombin ldwt 33 25

ser thrombin ldwtt 3.3 —&—RMSD

ser thrombin 1ppls 1.9 - - CPU Seconds

met aminopeptidase ligb 2.0

met stromelysin 1shd 2.3 20 1 ’
met thermolysin 4ttt 17 .
met collagenase-3 838c 1.6 L,
met carboxypeptidase 8ca 2.0 ’

The primary objective in examining many protein struc-
tures and multiple protein families is to confirm that the o
methods of comparing binding sites are accurate and operate®
quickly enough to be used on a large scale. The keys tog
comparing descriptors are rapidly generating a group of € 5 |
alignments and finding an isomorphic relationship between
nodes in the aligned graphs so that nodes can be compared

d CPU Seconds
o

-
o
o

for scoring. The clique-based alignment technique used in 0 \
this module has previously been validated by Makino and 2.5 5 7.5 10
Ewing. Isomorphisms between graphs oriented in three- Ulimann Distance Cutoff (Angstroms)
dimensional space are discovered using tree search a|goFigUre 7. Evaluation of the effect of Changing the distance cutoff

rithms that are guided by an adapted Ullmann heurfétic. for the Ullmann heuristie-*2on the speed and accuracy of using
best-first search to perform graph isomorphism on aligned, three-

The implementation of the tree search algorithms permits gimensional, SitePoint descriptors is shown. The solid line shows
depth-first, best-first, and exhaustive methods to be easily the change in the RMSD of the best alignment as the distance cutoff
compared? is extended to include more sitepoints. The dashed line shows the
The effcenciesof e hree ree searcing methods wereg oLl R T, o oL ORG T PO IO Ton e
_test_ed in the data_l setgiven in T_able 1’_ and _they are_Shownaccuracy: reproducing the global minimum in twenty-nine ofﬁhirty
in Figure 6. In this study, all pairs of sitepoint descriptors cgses.
for the thirty proteins in the training set have been aligned,
and one to one isomorphisms have been generated for eaclefficient. The best-first search, guided by the Ullmann
alignment using the Ullmann matrix, and the RMSD score heuristic adapted to 3D, is approximately 10 times more
for the mapping is calculated. This procedure was repeatedefficient. It also generates the global optimum alignment and
four times with the cligue matching tolerance for the mapping for 29 out of the 30 binding site descriptors. The
alignments varied systematically fromd 4 A for each of Ullmann heuristic uses a look-ahead in the search, and it is
the three tree searching algorithms. The average time requirectritical to making this method fast and accurate enough to
to align, map, and score all pairs of sitepoint descriptors in be used on a large scale. The Ullmann method is used to
the training set is plotted. Increasing the clique matching identify isomorphisms for the 3D alignments in the study
tolerance increases the number of alignments examined. Anshown in Figure 7.
average of five hundred alignments is produced for each The Ullmann heuristic speeds and directs the search
protein pair when using a matching tolerance of 4 A. This process by pruning the breadth of the search tree. We have
tolerance was required to generate the global minimum adapted it to operate on three-dimensional graphs aligned in
alignment in all cases. space. It functions by examining two aligned graphs and
In this study, the exhaustive search always generated thecreating a distance matrix for each pair of nodes in the
global optimum solution. However, it is also the least graphs. Only nodes within a certain distance (8.0 A) of a
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Table 2. Values for the Metrics in the Analysis of the Protein

Binding Sites
protein % correct
family tightness interpenetratioclassification gatekeeper
kinase 1.9+— 1.3 0.40 60 c-AMP
NR 1.2+-0.9 0.33 67 TR
Asp 1.5+-0.8 0.20 80 pepsin
Ser 2.1+-0.9 0.29 71 thrombin (1dwd)
) ) ) ) » Cys 26+—16 0.75 25 cruzain
Figure 8. A schematic of three hypothetical protein families Met 2.2+-1.3 0.60 40 collagenase 3
organized by the similarity of pharmacophore descriptors generated
from their binding sites. Gatekeepers, which are the centroid of 00
each cluster, are drawn in bold.
§ so 'S
given node receive a value in the matrix that indicates they § .
might map to the given node. A row or column of 0’'s g | . .

indicates that one of the graph nodes cannot be mapped.&
Those alignments cannot succeed and are removed without§ 4 | P

-

attempting a searehwhich is a form of look ahead. The §

tree searching methods use the matrix to reduce the branching? 2o | ¢
factor of the trees by only creating members of a new breadth °
when there s a 1 between two nodes being considered. ° , : ,
1 15 2 25 3

Comparing all possible orientations between two pharma-
cophore descriptors (typically greater than 300) is ac- Cluster Tightness (Average RMSD)
complished in less than a CPU second on an SGI workstation.Figure 9. The covariance of cluster tightness and correct assign-
Using the Ullmann matrix as a heuristic speeds execution Ment of function of the protein families used in this study. Superior
of a best-first search with very little loss of accuracy. classification of function is seen for tighter clusters.
izing active sites and correlating the descriptors with biologi-
CORRELATING ACTIVE SITE PHARMACOPHORE cal activity. Large-scale studies of protein active sites that
DESCRIPTORS WITH ACTIVITY OR FUNCTION investigate the biology of the systems will also be undertaken.

A leave-one-out validation study was performed for each The results in Table 2 and Figure 9 show that the centroid-
protein in the test set in order to evaluate the accuracy of based famlly_pred|ctlon gives better performance for tightly
the methodology in correlating the descriptors with function 9rouped families. _
or activity. In this case protein function is defined based on _ The pharmacophore descriptors for the nuclear receptors
activity, and the most representative pharmacophore descrip9ive @ tight, highly correlated group. The estrogen and
tor for each family is called thgatekeeperGatekeepers were ~ Peroxisome p_rollfera_tor-actlva_ted receptor t_nnd steroids and
defined as being closest to the centroid of descriptors for &€ cocrystallized with estradiol and rosiglitazone, respec-
that family. Hypothetical protein families and gatekeepers {Vely, while the thyroid receptor is cocrystallized with
are shown in Figure 8. In the study, the descriptor that was triiodothyronine. Therg is S|m.|Iar|ty between th_e overgll
left out was not included in defining the gatekeeper descriptor Shapes of the three binding sites. Conversely, interactions
for the family. Similarity of the descriptor that was left out With metals in the metalloprotease active sites are known to
to all of the family gatekeepers was calculated, and family P& @ distinguishing feature for ligands binding them. The
membership was assigned as that of the most Sim”aroveralllshape of the metallop_rotease. b!ndlng sites, in this
gatekeeper. In the absence of a large amount of screeningtudy; IS & less useful feature in classifying the members of
data this positive control study shows how accurately thatfamily. The primary result from the study shown in Table
assigned set membership for 3D pharmacophore descriptor€. 1S that the methods of forming, aligning, and calculating
(based on a cluster centroids) relates to known function. This Similarity of the SitePrint descriptors have been used to
measurement of protein family membership is made basedpPredict protein function in four out of the six families in the
on active site descriptors, and it is complementary to methodsStudy-
that are based on sequence similarity or fold homology.

Metrics were defined based on aspects of cluster member- CONCLUSIONS
ship. Thetightnessof the protein families is the averaged The SitePrint program creates 3D descriptors from en-
sum of the RMSD distances between the descriptors derivedsembles of molecular fragments docked into protein active
from the family members. Familynterpenetrationis the sites. The descriptors have been formed in the volume
fraction of members that are closer to gatekeepers from otheroccupied by ligands with the goal of later using them in
families than to their ownFunctionwas assigned to the  database searches to augment screening collections and focus
protein that has been left out by measuring its similarity to combinatorial libraries with compounds biased either toward,
that of the gatekeepers and assigning its function as that ofor away from, families of proteins. The method is robust
the most similar gatekeeper. The protein that was most oftenagainst small conformational changes such as those that can
predicted to be the gatekeeper for a given family in the leave pe induced by different ligands binding to the same protein
one out study is reported in Table 2. or by different crystallization conditions. In a positive control

This initial study is intended to test the algorithms and study using thrombin, consistently similar descriptors were
performance of the SitePrint approach in terms of character-generated where the RMSD of aligned pharmacophores is
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0.4 A greater than the RMSD af-carbons in the cores of  (10) Goldman, B. B.; Wipke, W. TProteins: Struct., Funct., Genez00Q

; : : : 38, 79-94.
the aligned proteins. The proteins were not prealigned before 11) Rosen, M.- Liang, S. L. Wolfson, H.: Nussinov, RMol. Biol. 1998

the descriptors were created, so the pharmacophore descrip- 11, 263-277.

tors were aligned, mapped, and scored as similar. ngg Stahl, II\I/I Taroni, C.; ISchneider, Grotein Eng.200Q 13, 83-88.
: : : - (13) Connolly, M. L.J. Appl. Cryst 1983 16, 548-558.
Both speed and accuracy of execution are issues in usin 14) Lin, S. L.; Nussinov, R.; Fischer, D.; Wolfson, HRYoteins: Struct.,

these methods on a large scale, such as studies where all ~ Funct., Genet1994 18, 94—101.

known proteins structures are evaluated. It has been dem<{15) FA)rtj'ml\}lul? E-_ Jl';lgcgzeztieégzs; :Slrzilndleyy H. M.; Rice, D. W.; Willett,
. . . .J. Mol. blol. — .
onstrated that an efficient strategy for orienting and perform- (16) Wallace, A. C.. Borkakoti, N.: Thornton, J. Mrotein Sci.1997, 6,

ing graph isomorphism on SitePoint descriptors overlaid in 2308-2323.

three dimensions has been developed. This approach use€?) Sundy Pr}; Wép'éfjv W-t_TélLa“_gridgAe' Fi- Omplllg?f i\f} ICf;Iem'%'
. . . esearch an ucatipeisevier: msteraam, Vol I, p .
clique-based alignment and a version of the Ulimann (18) Kearsley, S. K.; Sallamack, S.; Fluder, E. M.; Andose, J. D.; Mosley,

heuristic adapted to 3D space in combination with a best- R. T.; Sheridan, R. R1. Chem. Inf. Comput. Sci996 36, 118-127.
first search. The speed of execution of the method is an orderggg (Fég’tgsist%ig;)r’;s.scs'g?'gciezgft‘gif e: Santa Fe, NM.

of magnitude faster than an exhaustive search: comparing(1) sypyi: Tripos: St Louis, MO.

all possible orientations between two descriptors is ac- (22) Molecular Operating Environment; Chemical Computing Group:
complished in less than a CPU second on an SGI Octane.(zg) '\C"?:rﬁ:gf'vRQlE)ebﬁ?- Patterson. J. D.- Bunce. J.DAM. Chem. Soc
The method reproduces the globally optimal solution in 1088 110, 5959-5967. B T ' T
twenty-nine out of thirty cases and differs by 0.2 A in the (24) Hahn, M.; Rogers, DJ. Med. Chem1995 38, 2091-2102.

other case. The adapted Ullmann heuristic is an effective (25) éaig AJ}N'E;;;?JZ?ESCE _TW%BSLtaetP?P:AR-L';-ZJ ;}gag?rigi %B%gﬁ?low'
and accurate way of performing a three-dimensional similar- Aided. Mol. Des1994 8, 635-652. ' '

ity search. (26) Van Drie, J. HJ. Chem. Inf. Comput. Sc1997, 37, 38—42.

ivd27) Grant, J. A.; Gallardo, M. A.; Pickup, B. T. Comput. Chenl996
The methodology has been used to select representativé 17(14), 16531666,

members from protein families based on structural features g) Bartlett, P. A; Shea, G. T.; Telfer, S. J.; WatermanM8lecular
of their active sites. Selecting gatekeepers imparts a hierarchy ~ Recognit.1989 182-196.
; ; (29) Weininger, DJ. Chem. Inf. Comput. Sc1988 28, 31-36.
to proteins b*?‘se.d on both known functions and ca_1|c_u|a_ted (30) Aronov, A.; Goldman, B. BBioorg. Med. Chem2004 12, 2307~
similarity of binding sites rather than on sequence similarity 2315,
or overall fold homology. Potential uses of the gatekeepers (31) Mason, J. S.; Morize, I.; Menard, P. R.; Cheney, D. L.; Hulme, C;

; i~ ; i Labaudiniere, R. FJ. Med. Chem1999 42, 3251-3264.
include predicting function from structure and organizing (32) Martin, E. J.. Hoeffel, T. .. Mol. Gra‘?hics Modell2000 18, 383

proteins so that ligand binding information for a family may 403.
be obtained by screening against a limited number of (33) Bradley, E. K.; Beroza, P.; Penzotti, J. E.; Grootenhuis, P. D.;

biological targets. This is a practical consideration for Shefmeyer, D. C.; Miler, J. L). Med. Chem2000 43(14), 2776-

screening groups working in protein families such as the (34) Bemis, G. W.; Murcko, M. AJ. Med. Chem1996 39, 2887-2893.

kinases that number greater than five hundred members(35) Caflisch, A.; Miranker, A.; Karplus, MJ. Med. Chem1993 36,
where primary and secondary screening can only be per- ;o ﬁ:tfgsz,lgz-mnge‘ DNat. Biotech 1996 14, 595-59.

formed on a subset of the family. The SitePrint descriptors (37) Kortvelyesi, T.; Silberstein, M.; Sheldon, D.; Vajda, B.Comput.-
have been used to compare proteins based on their active  Aided Mol. Des2003 17, 173-186.

site features and predict the functions of therapeutically (8 ggggpgi'v'fé:g‘i%% D.; Alvarez, J. Broteins: Struct., Funct., Genet.
significant classes of proteins. This demonstrates a correlation3g) Joseph-McCarthy D.; Thomas, B. E. IVth; Belmarsh, M.; Moustakas

between the binding site descriptors and biological classes D-:8 Alvarez, J. CProteins: Struct., Funct.,, Gene2003 51, 172~
in away that_may have utlllty in family based drt_Jg discovery. (40) Bohm, H. J.: Banner, D. W.: Weber, . Comput.-Aided Mol. Des.
Further studies will be carried out to show enrichment rates 1999 13, 51-56.

obtained from 3D pharmacophore searches with these(41) Fejzo, J.; Lepre, C. A; Peng, J. W.; Bemis, G. W.; Ajay; Murcko, M.
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