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Abstract

Protein-protein and protein-ligand interactions are fundamertal asmany pro-
teins mediate their biological function through theseinteractions. Many impor-
tant applicationsfollow directly from the identi cation of residuesn the interfaces
betweenprotein-protein and protein-ligand interactions, suc asdrug design,pro-
tein mimetics engineering.elucidation of molecularpathways, and understanding
of diseasemedanisms. The iderti cation of interface residuescan also guide
the docking processto build the structural model of protein-protein complexes.
This dissertation focuseson deweloping computational approades for protein-
ligand and protein-protein binding site prediction and applying thesepredictions
to improve protein-protein docking.

First, we dewlop an automated approat LIGSITE “*¢ to predict protein-
ligand binding site, basedon the notion of surface-soleri-surface everts and
the degreeof consenration of the involved surfaceresidues. We compare our
algorithm to four other approadtes, LIGSITE, CAST, PASS, and SURFNET,
and ewaluate all on a dataset of 48 unbound/b ound structures and 210 bound-
structures. LIGSITE ¢ performsslightly better than the other toolsand achieves
a succesgate of 71% and 75%, respectively. Second,for protein-protein bind-
ing site, we dewelop metaPPI, a meta sener for interface prediction. MetaPPI
combinesresults from a number of tools, sud asPPI_Pred, PPISP, PINUP, Pro-
mate, and SPPIDER, which predict enzyme-inhibitor interfaceswith sucesgates
of 23%to 55% and other interfaceswith 10%to 28% on a bendimark dataset of
62 complexes. After re nement, metaPPI signi cantly improves prediction suc-
cessrates to 70% for enzyme-inhibitor and 44% for other interfaces. Third, for
protein-protein docking, we dewvelop a FFT-based docking algorithm and system
BDOCK, which includesspeci ¢ scoringfunctions for speci ¢ typesof complexes.
BDOCK usesfamily-basedresidueinterfacepropensitiesasa scoringfunction and
obtains improvemen factors of 4-30for enzyme-inhibitor and 4-11for antib ody-
antigen complexesin two speci ¢ SCOP families. Furthermore, the degreesof
buriednessof surfaceresiduesare integrated into BDOCK, which improvesthe
shape discriminator for enzyme-inhibitor complexes. The predicted interfaces
from metaPPI are integrated aswell, either during docking or after docking. The
evaluation results show that reliable interface predictions improve the disrimi-
nation between near-native solutions and false positive. Finally, we proposean
implicit method to deal with the °exibilit y of proteins by softeningthe surface,
to improve docking for non enzyme-inhibitor complexes.
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Chapter 1

Intro duction

Biological systemsare driven by interactions betweenbiomolecules{ DNA, pro-
teins and ligands. Protein-protein/ligand interactionsare involvedin virtually all
the cellular processesncluding metabolism, signalling and dewelopmen. Given
the increasedfocus on interactions in the current post-genomicsera, structural
knowledge of complexesis required to understand how the various biomolecular
units work together to ful' T their tasks. Computational approahesto predict
protein binding site and protein-protein complex structure are powerful tools to
gainsud structural knowledgeand improve our understandingof protein function
and their recognition medanisms. This dissertation focuseson deweloping com-
putational methods to improve the prediction of protein-ligand, protein-protein
binding sites and protein-protein complex structures (protein docking). Below |
will discussthree open questionsto be addressedn this work.

1.1 Open questions

Open question 1: Can we impro ve protein-ligand binding site predic-
tion using the Connolly surface and conservation?

The protein surfacecanform pockets, which are binding sitesof small molecule
ligands. The determination of pockets on a protein surfaceis therefore a pre-
requisite for protein-ligand docking and an important step in structure-based
drug design. In the last decade,many computational methods have beendewel-
oped to predict and analyseprotein-ligand binding sites. Many approatessud
as POCKET (Levitt and Banaszak 1992, LIGSITE (Hendlich et al., 1997,
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SURFNET (Laskowski, 1995, CAST (Liang et al., 1999, and PASS (Brady
and Stouten, 2000 use pure geometric characteristics and do not require any
knowledgeof the ligands. Thesemethods are good but not perfect. For the im-
portant classof enzymesJigandsbind in a deeppocket, which contains consened
residues. Therefore, the protein-ligand binding site prediction can be improved
by better pocket de nition and consenation. Oneway to improve existing pocket
detection methods makesuseof the connolly surface,which is deinfedasthe con-
tact and reertrant surfaceof protein to solvert. Thus, the rst open question
is: "Can we dewelop a better prediction method using the Connolly surfaceand
consenation?".

Open question 2: Can we impro ve protein-protein interaction site
prediction using existing prediction metho ds?

Protein-protein interactions play a pivotal role in the organisationof life. The
recognition of protein-protein interaction sitesis of great importance to idertify
functionally important amino acid residues facilitate experimertal e®ortsto cata-
log protein interactions, enhancecomputational docking studiesand drug design,
as well as enablefunctional annotation for the growing number of structurally
resolhed proteins of unknown function. The problem of predicting protein-protein
binding site computationally has beentackled by a number of groups over the
last 10 years, basedon sequetial and/or structural information of proteins. As
a result, there are a number of prediction senerspublicly available, to which the
userscan submit their protein structures and get the prediction results. Howewer,
there is no direct comparisonbetweentheseapproatesand the predictionsgiven
by theseseners are di®eren. Therefore,the secondopen questionarises: "Can
we improve protein-protein binding site prediction using existing methods?"

Open question 3: Can we impro ve protein-protein  docking using
interface prediction?

The rapid accurrulation of data on protein-protein interactions, sequences,
structures calls for the dewelopmert of computational methods for protein dock-
ing. Typically docking methods are investigated which attempt to predict the
complex structures given the structures of componerts. A major challengein
this eld is to extract the near-native structures from a pool of a large number of
solutions by using an appropriate scoringfunction. The dewelopmer of docking
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algorithms and scoring functions is tracked by the CAPRI (Critical Assessmein
of Prediction of Interactions) experimerts (Mendezet al., 2003. Obviously, reli-
able knowledgeof protein binding sitescan signi cantly improve the accuracyof
predicting complexstructures. Thus, we askthe last question: "Can we improve
protein docking using interface prediction?"

1.2 Outline

Answering thesethree open questionsis the main cortribution of this disserta-
tion. First, in Chapter 2, | will discussthe relevant literature and explain the
state-of-the-art computational approades to predicting protein-ligand/protein
binding sitesand protein complexstructures. Then, in Chapter 3, the rst open
guestion” Can we impro ve protein-ligand binding site prediction us-
ing the Connolly surface and conservation?" is answeredby deweloping a
method called LIGSITE ¢¢. The algorithm of LIGSITE °¢ and its improvemen
on ligand-binding site prediction is illustrated in detail. Comparingto the other
four approates,LIGSITE, CAST, PASS,and SURFNET, LIGSITE ¢ performs
slightly better than the other tools and achievesa successate of 71% and 75%
for unbound/b ound structures, respectively.

The method metaPPI, discussedn Chapter 4, answersthe secondopen ques-
tion of improving protein interface prediction using existing methods. MetaPPI
signi cantly improves prediction succesgates from 23-55%to 70% for enzyme-
inhibitor and from 10-18%to 44%for other interfaces.

In Chapter 5 and 6, the third open question"Can we impro ve protein-
protein docking using interface prediction?" is partially answered. In
Chapter 5, family-based residue interface propensity is integrated into a scor-
ing function to improve docking for two families: trypsin-like serine protease
for enzyme-inhibitor complexesand V set domains (antib ody variable domain-
like)/C1 set domains (antib ody constart domain-like) for antib ody-antigen. In
Chapter 6, a FFT-based docking algorithm called BDOCK is deweloped to im-
prove the docking for enzyme-inhibitor complexespy taking the degreeof buried-
nessand consenation of surfaceresidueinto accoun. Finally, the third question
is completely answeredin Chapter 7, in which the interface prediction results by
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metaPPI are integrated into BDOCK to improve protein docking, either during
docking or after docking. In the last sectionin this chapter, the °exibility of
proteins is taken into accourt implicitly , by softeningthe protein surface. This
approad improvesthe docking successate for non enzyme-inhibitor complexes.
Finally, the conclusionand the future work are discussedn the last chapter.



Chapter 2

Background

2.1 Protein structure

Proteins are an important classof biological macromoleculespresen in all bio-
logical organisms. Proteins consistof a sequencef 20 di®eren amino acids, also
referredto asresidues.To be able to perform their biological function, proteins
often fold into one,or more, speci ¢ spatial conformations,driven by a number of
non-covalernt interactions sud as hydrogenbonding, ionic interactions, Van der
Waals' forcesand hydrophobic pading. In order to understandthe functions of
proteins at a molecular level, it is often necessaryto determine their three di-
mensionalstructure. This is the topic of the scieri ¢ eld of structural biology,
that employs techniques sud as X-ray crystallography, nuclear magnetic reso-
nance(NMR) spectroscoly and electron microscoyy, to determinethe structure
of proteins.

The number of known protein structures depositedin the Protein Data Bank
(PDB) (Bermanet al., 2000 hasgrown exponertially over the last 30years. This
trend canbe expectedto cortinueasstructural genomicgrojectsgain momertum
and techniquesallowing higherthroughput structure determination are deweloped
(Bermanet al., 2000. Currently there are more than 40,000crystallographic or
NMR structures of proteins or nuclear acids available in PDB.



2.1 Protein structure

2.1.1 Classi cation of protein structure

Se\eral methods of structural classi cation of proteins have been deweloped to
introduce someorder to the large amourt of data presen in the Protein Data
Bank. Sud methods facilitate structural comparisonsand provide a greater
understanding of structure and function (Hadley and Jones 1999. The most
widely usedand comprehensie classi cation databasesare SCOP (Murzin et al.,
1999, CATH (Orengoet al., 1997. Theseclassi cations make use of di®eren
methods of de ning and categorisingprotein folds that leadto di®eren views of
the protein-fold space.

SCOP (Structural Classi cation of Proteins), wasamongthe earlieste®ortsto
classify protein structures into folds. Protein domainswith no obvious sequence
homologyto other domainsare de ned and classi ed manually. In many ways,
this databasehasbeenconsideredhe standardfor protein structure classi cation.

CATH (Class Architecture Topology Homologous)superfamily makes use of
a conbination of manual and automated proceduresin de ning and classifying
protein domains. CATH relieson the consensu®f three automated classi cation
methods to break protein chainsinto domains.

2.1.2 Protein surface

The protein surfaceis the outer or the topmost boundary of a protein. The
topology of the surfaceof a protein is intimately related to its function; parts of
the surfaceare directly involved in interactionswith other moleculesihe solvert-
protein interfaceis almostcertainly relatedto the structure of the native molecule;
and the chemicalreactivity of the various functional groupswill depend on their
relation to this interface (Lee and Richards, 1971).

There are three types of protein surfaces: Van der Waals surface, solvert
excluded surface (Connolly surface), solvert accessiblesurface. Van der Waals
surface correspnds to the envelope containing the atomic spheresof Van der
Waals radius. The shape of the van der Waals surface of a moleculemay be
misleading,especially for macromoleculessinceit frequertly cortains small gaps,
pockets and clefts which are sometimestoo small to be penetrated even by a
solvert moleculelike water. For all practical purposesthe van der Waals surface
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Figure 2.1: Calculation of the Van der Waals surface, Connolly surface and
solvert accessible surface. The Van der Waals surface corresponds to the ernve-
lope containing the atomic spheres of Van der Waals radius; The Connolly sur-
face is composed of cortact surface and re-ertrant surface; The solvent accessi-
ble surface corresponds to the certre of the spherical probe traces. Edited from
http://www.ccl.net/cca/documents/molecular- modeling/node5.html
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of theseoddmerts cannoterter into cortact with a solvernt or a drug moleculeand
thereforeis not truly an accessiblesurface. To "smooth" the roughnessf the van
der Waals surface,Lee and Richards (197] introducedthe conceptof a cortact
surfaceand a solvert accessiblesurface. These surfacesare obtained by rolling
a spherical probe of a diameter correspnding to the size of a solvert molecule
(usually water) on the original van der Walls surface. As a result, the areawhere
the probe touchesthe van der Waals surfaceis called the cortact surface,the
certre of the sphericalprobe tracesa surfacecalled the solvernt accessiblesurface
and the patchesover narrow gapsand cleftstraced by the surfaceof the probe are
called re-ertrant surfaces. The Connolly surfaceis composedof contact surface
and re-ertrant surface(Connolly, 1983. Figure 2.1 illustrates the calculation of
thesethree typesof surfaces.

2.2 Protein-protein  interaction

Proteins do not live alone,they have to interact with other moleculeslike DNA
and RNA aswell as other proteins to perform their biological function. Protein
interactions play a critical role in all stagesof cellular developmer, metabolism
and biological pathways. For example,signalsfrom the exterior of a cell are me-
diated to the inside of that cell by protein-protein interactions of the signalling
molecules. This process,called signal transduction, plays a fundamertal role in
many biological processesand in many diseaseqe.g. cancer). Proteins might
interact for a long time to form part of a protein complex,a protein may be car-
rying another protein (for example,from cytoplasmto nucleusor vice versain the
caseof the nuclearporeimportins), or a protein may interact brie°y with another
protein just to modify it (for example,a protein kinasewill add a phosphateto
a target protein). This modi cation of proteins can itself changeprotein-protein
interactions. The speci ¢ interactions between proteins are critical in most cel-
lular processes.The normal function of a cell can be seriouslydamagedby the
disruption of interactions or by the non-speci ¢ aggregationwith other proteins.
In a word, protein-protein interactions are of great importance for virtually
every processin a living cell. Information about these interactions improves
our understanding of diseasesand can provide the basisfor new therapeutic ap-
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proadies. There are many methods deeloped either from biological experimertal
or computational perspective, aswill be discussedoelow.

There are se\eral biological experimertal techniquesdewelopedin the last two
decadedo detect the interactions betweenproteins. One of the most important
techniquesis the yeasttwo-hybrid system. Two-hybrid screeningis a molecular
biology technique usedto discover protein-protein interactions (Criekinge and
Beyaert, 1999 Young, 1999 and protein-DNA interactions by testing for physical
interactions (such asbinding) betweentwo proteins or a singleprotein and a DNA
molecule,respectively. Phizicky and Fields (1999 and Shcemaler and Panchenko
(20073 have givena good review of experimertal methodsto investigateprotein-
protein interactions.

Although high-throughput experimertal methods produce a large amourt of
data about protein interactions, interactomesof many organismsare far from
complete. The low interaction coveragealong with the experimertal biasesto-
ward certain protein types and cellular localisations reported by most experi-
mental techniquescall for the developmert of computational methods to predict
whethertwo proteinswill interact (Shoemaler and Panchenko, 2007H. The prob-
lem of predicting protein-protein interactions computationally has beentackled
by a number of groupsin di®eren elds of structural and functional genomics.
From a structural perspective, protein-protein interfacestudieshave perhapsbeen
the most successfucomputational approades. Structural analysisof the inter-
facesof known protein-protein interactions allows commonstructural interaction
motifs to beidenti ed. Thesemotifs canbe usedto predict whetherit is possible
for two proteins of known structure to physically interact (Kim etal., 2009. Some
computational methods are basedon the co-localization of potertially interacting
genesin the samegeneclustersor protein chains (genecluster (Overbeeket al.,
1999, geneneighborhood (Galperin and Koonin, 200Q Huynen et al., 200Q Ro-
gozinetal., 2002, and Rosettastonemethods (Enright et al., 1999 Marcotte and
Marcotte, 2002 Marcotte et al., 1999 Yanai et al., 200]), on co-ewlution pat-
ternsin interacting proteins (sequenceo-ewlution methods (Bowerset al., 2004
Goh et al., 200Q Jothi et al., 2008 Kim et al., 2009, and on the co-expression
of genes. Somemethods nd patterns of co-accurencesin interacting proteins,
protein domains, and phenotypes (phylogenetic pro les (Pellegrini et al., 1999
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Snitkin et al., 2009), while othersusethe presenceof sequence/structuralmotifs
characteristic only for interacting proteins.

2.3 Protein binding site prediction

As discussedabove, proteins have to interact with other moleculeslike DNA,
small molecules(ligand) or other proteins to perform their biological function.
Knowledge about where the protein binds to other moleculesgives us a better
understanding of its biological function. Before discussingprotein-protein in-
teraction site prediction, | will discussthe computational approatesto predict
protein-ligand binding site.

2.3.1 Identi cation of protein-ligand binding site

Proteins not only interact with other proteins but alsointeract with somesmall
molecules(called ligands here) like NAD (Nicotinamide adenine dinucleotide),
AMP (Adenosine 5-monophosphate)etc. Unlike the interaction between pro-
teins, ligands tend to bind to the pockets (cavities) on protein surface. Identi -
cation and evaluation of theseligand binding sitesare the initial stepsfor protein
structural-baseddrug design. Characterisingtheseligand binding pockets plays
an important role in automated ligand docking.

In the last decade,a variety of computational methods has been deweloped
for the location of possibleligand-binding sites of proteins. Most of thesepocket
detection methods use pure geometric criteria to nd clefts on protein surface
and do not require any knowledgeof the ligands, such as POCKET (Levitt and
Banaszak 1992, LIGSITE (Hendlich etal., 1997, SURFNET (Laskowski, 1995,
CAST (Liang et al., 1998, and PASS (Brady and Stouten, 200Q. Statistical and
empirical studies have shown that the actual ligand binding sites correspnd to
the largest pocket on a protein surface(Laskowski, 1995 Laskowski et al., 1996.

Oneof the rst methods, POCKET (Levitt and Banaszak 1992, introduced
the idea of protein-solvert-protein ewerts as key concept for the identi cation
(seeFig. 2.3.1a). The protein is mapped onto a 3D grid. A grid point is part
of the protein if it is within 3A of an atom coordinate; otherwiseit is solvert.
Next, the x, y, and z-axesare scannedfor pockets, which are characterisedas a

10
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a. POCKET, LIGSITE, LIGSITE ®¢ b. SURFNET
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Figure 2.2: Pocket identi cation methods. a. POCKET, LIGSITE, and LIGSITE ¢
scanthe grid for protein-solvent-protein and surface-solent-surface everts, respectively.
POCKET uses3, LIGSITE and LIGSITE ©¢ 7 directions. POCKET and LIGSITE use
atom coordinates while LIGSITE ¢ usesthe Connolly surface. b. SURFNET placesa
sphere,which must not contain any atoms, betweentwo atoms. The sphereswith maximal
volume de ne the largest pocket. c. CAST triangulates the surface atoms and clusters
triangles by merging small triangles to neighbouring large triangles. d. PASS coats the
protein with probe spheres, selects probes with many atom contacts, and then repeats
coating until no new probes are kept. The pockets, or active site points, are the probes
with large number of atom contacts.
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sequence®f grid points, which start and endwith the label protein and a period of
solvert grid points in between. Thesesequenceare called protein-solvent-protein
ewverts. Only grid points that exceeda threshold of protein-solven-protein everns
are retained for the nal pocket prediction. Sincethe de nition of a pocket in
POCKET is dependert on the angle of rotation of the protein relative to the
axes, LIGSITE extends POCKET by scanningalong the four cubic diagonals
in addition to the x, y and z directions. LIGSITE was originally tested on 10
receptor-ligandcomplexesof which 7 bind in the largest, 2 in the secondlargest,
and 1 in the third largest predicted pocket.

In SURFNET (Laskowski, 1999, the keyideais that a sphere which separates
two atoms and which does not cortain any atoms, de nes a pocket (see Fig.
2.3.1b). First, a sphereis placedso that the two given atoms are on opposite
sideson the sphere'ssurface. If the spherecortains any other atoms, it is reduced
in sizeuntil no more atoms are cortained. Only spheres,which are betweena
radius of 1 to 4A are kept. The result of this procedureis a number of separate
groupsof interpenetrating spherescalledgapregions,both insidethe protein and
on its surface,which correspnd to the protein's cavities and clefts. SURFNET
was usedto analyze67 enzyme-ligandstructures and the ligand is bound in the
largest pockets in 83% of the caseqLaskowski et al., 1996.

CAST (Binkowski et al., 2003 Liang et al., 1999 computesa triangulation
(seeFig. 2.3.1c) of the protein's surfaceatoms using alpha shapes (Edelsbrun-
ner et al., 1995 Edelsbrunnerand Mucke, 1994. In the next step, triangles
are grouped by letting small triangle “ow towards neighbouring larger triangles,
which act as sinks. The pocket is then de ned as collection of empty trian-
gles. CAST wastested on 51 of 67 enzyme-ligandcomplexesusedfor SURFNET
(Laskowski et al., 1996 and achieved a successate of 74%.

PASS (Brady and Stouten, 200Q usesprobe spheresto 1l cavities layer by
layer (seeFig. 2.3.1d). First, aninitial coating of the protein with probe spheres
is calculated. Each probe hasa burial court, which courts the number of atoms
within 8A distance. Only probeswith court above a threshold are retained. This
procedureis iterated until a layer producesno new buried probe spheres.Then
eat probe is assigneda probe weight, which is proportional to the number of
probe spheresin the vicinity and the extert to which they are buried. Finally, a

12
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Method Geometric technique Evaluation dataset | Result
POCKET Identi cation  "protein-solvent- | - -
protein" ewvents on 3D grid, 3
directions(X,Y,2)
LIGSITE Extension and re nement of | 10 receptor-ligand | 7 ligands bind in
POCKET, 7 directions complexes the 1st, 2 in the
2nd, and 1in the
3rd largest pre-
dicted pocket.
SURFNET | Place probe sphere between| 67 enzyme-ligand | 83% succesgate
atoms structures
CAST Alpha shape and triangulation 51 of SURFNET | 74%succesgate
dataset
PASS Coat protein by probe sphere| 30 protein-ligand | ligands bind to
layer by layer complexes the top 3 pock-
etsin 26 cases

Table 2.1: Summary of geometric-basedprotein-ligand binding site prediction methods.
The geometricapproadiesand the evaluation dataset usedin thesemethods are shovn, as
well asthe prediction results stated in their own test.

small number of active site points (ASP) are selectedby identifying the certral
probesin regionsthat cortain many sphereswith high burial court. The nal
active site points are determined by cycling through the probesin descending
order of probe weight, keepingonly those above a threshold and farther than
8:0A apart from ead other. Finally, the retained active site points are ranked by
probe weigh.

Table 2.1 summarisesthe discussedgeometric-basedprotein-ligand binding
site prediction methodsand the prediction resultsontheir own evaluation datasets.
The largest pocket identi ed by thesegeometricmethods on the protein surface
is usually the binding site of a ligand. Besidesthese purely geometric meth-
ods above, there are methods, which take additional information into accourt
to re-rank predictions. (Glaseret al., 200§ re ned SURFNET's predictions by
consideringthe degreeof residue conseration in the pocket. Q-SITEFINDER
(Laurie and Jadkson, 2005 usedthe interaction energybetweenthe protein and a
simple van Waals probe to locate energeticallyfavourable binding sites. Eyrisch
and Helms (2007 proposeda novel pocket detection protocol and applied it on
three selectedproteins BCL-XL, IL-2, and MDM2, to identify transient pockets
which could be inhibitor binding sites. The unbound structures were used as

13
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starting points for 10 ns long molecular dynamics simulations. Then trajectory

snapshotswere scannedfor cavities on the protein surface using the program
PASS (Brady and Stouten, 200Q. The inhibitors were placedinto the transiert

cavities they detected using AutoDock (Morris et al., 1998 and the complexes
were comparedto known inhibitor bound complexeswith lessthan 2 A RMSD.

The results shaved that this protocol could be a viable tool to identify transient

ligand binding pockets on protein surfaces(Eyrisch and Helms 2007%.

As discussedbove, there aremany pocket iderti cation methodsdewelopedto
predict protein-ligand binding site. Howewer, they can not be compareddirectly
since di®eren methods use di®erern test datasets, di®eren represemations of
pocket sitesand di®eren assessmdmmethods. This callsfor the needto compare
thesedi®erenn methods on the samedataset using the sameassessmencriteria.
Are they good enough?Is it possibleto developa newmethod to improve protein-
ligand binding site prediction? Thus, the rst open questionin Chapter 1 comes
up, "Can we impro ve protein-ligand binding site prediction using the
Connolly surface and conservation?" . | am goingto answer this questionin
the next chapter.

2.3.2 Protein-protein  binding site prediction

Protein-protein interactions play a critical role in protein function. Completion
of many genomess beingfollowed rapidly by major e®ortsto identify experimen-
tally interacting protein pairs in order to decipherthe networks of interacting,
coordinated-in-action proteins. Identi cation of protein-protein interaction sites
and detection of speci ¢ residuesthat cortribute to the speci city and strength
of protein interactions is an important problem (Chothia and Janin, 1975 Yan
et al., 2009 with broad applications ranging from rational drug designto the
analysisof metabolic and signaltransduction networks. Computational e®ortsto
identify protein-protein interaction sites, in particular, identify surfaceresidues
that are ass@iated with protein-protein interaction, play an increasinglyimpor-
tant role becausethe experimertal determination of protein structures, protein-
protein complexeslag behind the number of protein sequencesDuring the last
decade many e®ortshave beenmadeto analysethe properties of protein-protein
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interaction in order to predict interaction sites (Bradford and Westhead 2005
Jonesand Thornton, 1997 Neuvirth et al., 20043 Yan et al., 2004 Zhou and
Shan 200)). | will discussthe state-of-the-art protein-protein interaction site
prediction methods in detail below.

2.3.2.1 Surface patch based prediction metho ds

To analysethe surface properties, the surfaceis usually divided into seweral
patches and these patches have di®eren characteristics which can be a mea-
sureto distinguish the binding sites from the rest of the surface. In 1997,Jones
and Thornton (1997ab) analysedthe surfacepatchesusing six parameters:soha-
tion potertial, residueinterface propensity, hydrophobicity, planarity, protrusion
and sohation accessiblesurfacearea (ASA). The six parameterswere then com-
bined into a global scorethat gave the probability of a surface patch forming
protein-protein interaction.

Fernandez-Recicet al. (2009 applied protein docking simulations and anal-
ysis of the interaction energylandscapesto identify protein-protein interaction
sites. The ensenbles of the solutions generatedby the simulations were subse-
quertly usedto project the docking energylandscapesonto the protein surface.
They found that highly populated low-energyregionsconsisterly correspnded
to actual binding sites. In their results, as much as 81% of the predicted high-
propensity patch residueswerelocated correctly in the native interface. An obvi-
ousshortcomingof this approad is its slow speedsinceit is very time consuming
to do docking simulations to a large data set. Moreover, the sameauthors pro-
posedOptimal Docking Area (ODA), a method of analysinga protein surfacein
seart of areaswith favourable energychangewhen buried upon protein-protein
assaiation (Recioet al., 2009. This method iderti ed cortinuoussurfacepatches
with optimal docking solvation energy based on atomic sohation parameters.
This energywas calculated using an atomic ASA-basedmodel accordingto the
following equation:

Edesov = i 8 ¥%ASA (2.1)

where % is the atomic solvation parameter (ASP) for atom typei (i.e. the
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cortribution to the sohation energyper unit of ASA).

Liang et al. (2009 deweloped a new energyscoringfunction and appliedit to
the analysisof the surfacepatches. They found that the patch with the highest
energyscoreoverlappedwith the obsenedinterfaceand the residuewith the high-
est energyscoreof a small promoter was very likely the key interaction residue.
(Neuvirth et al., 20043 deweloped a method called ProMate to distinguish in-
terface regionsbasedon 13 properties. They got a successate of 65% on a test
data set of 57 proteins. Liang et al. (2009 presert an empirical scoringfunction
PPINUP, which is a linear conbination of energyscore,interface propensity and
residueconseration scorefor the prediction of protein-protein binding sites.

2.3.2.2 Machine learning prediction approac hes

The support vector madine (SVM) is a supervised learning algorithm, useful
for recognisingsubtle patterns in complexdatasets. The algorithm performsdis-
criminative classi cation, learning by exampleto predict the classi cations of
previously unseendata. The algorithm has beenapplied in domains as diverse
astext categorisation,imagerecognitionand hand-written digit recognition. Re-
certly SVM has been used for the prediction of protein interaction interfaces
(Bradford and Westhead 2005 Koike and Takagi, 2004 Yan et al., 2009. Yan
et al. (2009 generateda SVM classi er to determine whether or not a surface
residueis located on the interface using information about the sequenceneigh-
bours of a target residue. In their leave-one-outexperimert, an SVM classi er
was trained using a set of surfaceresiduesfrom a combined set of 115 protein
complexesJabelled asinterface or non-interface. Their prediction results shoved
that SVM yields relatively high sensitivity (0.51) and speci city (0.41).

As mertioned above, no single parameter absolutely di®ereriates interface
from other surfacepatches. In the method of PPI_PRED, a SVM was trained
to distinguish betweeninteracting and non-interacting surfacepatchesusing six
of the surface properties: surface shape, hydrophobicity, conseration, electro-
static potertial, residueinterface propensity and solvent accessiblesurfacearea
(Bradford and Westhead 2005. Then this SVM was usedto predict interface
surfacepatchesof proteins not included in the training set. Using this method,
PPI_PRED was able to successfullypredict the location of the binding sites
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Patch Locations

Figure 2.3: The protein interface prediction result for Subtilisin (PDBid: 1cse,chain E)
accordingto PPI_PRED. Left: The top three surface patches predicted to be interface,
right: the native complex structure (inhibitor in gray). The st predicted interface is
correctly located in the native binding sites.

on 76% of the 180 protein data set using a leave-one-outvalidation procedure.
PPI_PRED was applicableto both obligate and transiert binding sites. One of
the prediction examplesshavn in Figure 2.3 is Subtilisin (PDBid: 1cse,chain
E). In the prediction results of PPI_PRED, the top three surfacepatchesto be
interfaceare reported in the left gure (red, yellow, green). From the right gure
we can seethat the highest surfacepatch (red) is located in the interface when
it binds to its partner.

Chen and Zhou (2009 deweloped a method called PPISP to predict protein-
protein interaction sites from a neural network with sequenceopro les of neigh-
bouring residuesand solvent exposure as input. The network was trained on
615 pairs of non-homologouscomplex-forming proteins. Tested on a di®erert
set of 129 pairs of non-homologouscomplex-formingproteins, 70% of the 11,004
predicted interface residuesare actually located in the interfaces. These 7732
correctly predicted residuesaccourt for 65% of the 11,805residuesmaking up
the 129 interfaces. The main strength of the network predictor lied in the fact
that neighbour lists and solvert exposureare relatively insensitive to structural
changesaccompalying complex formation. Fariselli et al. (2002 did a similar
job, but their neural networks were trained with a reducedrepresemation of the
interacting patches and the succesgate slightly increasedto 73%. SPPIDER
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is a neural-netvork prediction method that includes predicted relative solvent

accessibiliy asinput (Porollo and Meller, 2007. Senet al. (2004 deweloped a
consensusnethodology which combinesfour di®erem methods: data mining us-
ing Support Vector Machines, threading through protein structures, prediction of

consenred residueson the protein surfaceby analysisof phylogenetictrees, and

the Consenatism of Consenatism method of Mirny and Shakhnasich (Mirny and
Shakhnaich, 1999. Their prediction resultson a datasetof 7 hydrolase-inhibitor
complexesdemonstratedthat the conmbination of all four methods improved pre-
dictions over the individual methods. Recetnly, Li et al. (2007 proposedto use
conditional random elds (CRFs) to predict protein interaction sites by solving
sequetial labelling problem with featuresincluding the protein sequencero le

and the residueaccessiblesurfacearea. The authors comparedthis CRFs-based
method with the other methods sud as support vector maciinesand neural net-

works. The comparative experimerts on 1276 non-redundart chains of hetero
complexesshoved that CRFs-basedmethod achieved the best performanceon a
completedata set.

Table 2.2 summarisesthe di®eren protein-protein interaction site predic-
tion methods discussedabove and the prediction results on their own ewalua-
tion datasets. It is very hard to say which method performs best from this
table directly becauseof di®eren datasets, de nitions of interface and assess-
mert criteria. Moreover, Table 2.3 lists all the properties of proteins usedin
these prediction methods. The method PPI_PRED usedall thesesix properties
in the training of SVM, while the other methods only useda part of them. It
can be seenthat consenration, residue interface propensity and solvernt acces-
sible surface area are the most used featuresin these methods, becausethey
play critical rolesin protein-protein recognition medanisms. Furthermore, to
our best knowledge, no direct comparisonbetween these methods on the same
datasethasbeenundertaken. Therefore,we askthe secondopen question: "Can
we impro ve protein-protein  interaction site prediction using existing
prediction metho ds?" To answer this question, the metaPPI algorithm is
deweloped using Vv e public available prediction webseners: Promate, PPINUP,
PPI_PRED, PPISP and SPPIDER, which will be discussedn Chapter 4.
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Method Learning approach | Evaluation dataset Result
Scoring patches us- | 28 homo-dimers, 25 | 66% predictions are cor-
Jones and | jng 6 parameters hetero-complexesand 6 | rect
Thornton antib ody-antigen
(1997h
Support vector ma- | 19 protease-inhibitor | Sensitivity (78.5% and
Yan et al. | ghine (Pl), 31 antibody- | 82.3%) and specicity
(2009 antigen complexes(AA) (77.6%and 81.0%)for PI
and AA
Consensusmethod 7 hydrolase-inhibitor | Sensitivity 90%, speci-
Sen et al. complexes city 92% and correla-
(2009 tion coexcient 56%
) Optimal  Docking | 66 non-obligate hetero- | 80% correct prediction
Recioet al. | arga complexes
(2009
Promate Scoring function 57 transient hetero- | 70% correct prediction
complexes
PPISP Neural network 1156 protein chains for | 80% accuracy and 51%
training dataset and 100 | coverage
for test dataset
PPI_PRED | Support vector ma- | 180 complexesfor train- | 76% succesgate
chine ing and testing (leave-
one-out)
PINUP Empirical  scoring | 57 unbound proteins | 44.5% accuracy and
function from the docking bendch- | 42.2%coverage
mark 2.0
SPPIDER Support vector ma- | 435 complexes directly | 74% accuracy and 42%
chine and nerual | derived from PDB correlation coezxcient
network
] Conditional random | 1276 non-redundart | Precision 52%, recall
Li et al | %gs hetero-complex 30% and correlation
(2007 coexcient 25%

Table 2.2: Summary of the state-of-the-art protein-protein binding site prediction meth-
ods. The approaces and the evaluation dataset usedin these methods are summarised,
aswell asthe prediction results stated in their own test. From this table, it is very hard to
compare these methods directly sincethey useddi®erernt datasets, de nitions of interface
and assessmenmethods.
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2.4 Protein-protein  docking

Practically ewvery processin the living cell requires molecular recognition and
formation of complexes,which may be stable or transient asserblies of two or
more moleculeswith one moleculeacting on the other, or promoting intra- and
inter-cellular communication, or permaner oligomericensenbles(Eisensteinand
Katchalski-Katzir, 2009. The rapid accunulation of data on protein-protein in-
teractions, sequencesstructures callsfor the developmern of computational meth-
ods to help our understanding of live cells. One of the methods is involved in
the prediction of the complex structure from its componerts. Typically docking
methods are investigatedwhich attempt to predict the complexstructures given
the structures of componerts. Over the past 30 yearsmarny docking approades
have beenproposed,ranging from thermodynamic approadesto correlation ap-
proadies,from rigid body docking to °exible docking.

Docking algorithms operate on the atomic coordinates of two individual pro-
teins usually consideredasrigid bodiesand generatea large number of candidate
asseiation models betweenthem. These candidatesare then ranked by using
various scoring functions, used independerly or in conbination. The scoring
functions generallyinclude geometricand chemical complemenarities measures,
electrostatics, hydrogen-bonding interaction and van der Waals interaction, and
someempirical potential functions. A number of algorithms and many di®erer
scoringfunctions have beendeweloped in the last ten years,asrecerly reviewed
by Eisensteinand Katchalski-Katzir (2009; Halperin et al. (2002; Smith and
Sternberg (2002; Vajda and Camado (2009, andthe eld hasbecomeextremely
active.

2.4.1 Rigid-b ody docking

In the rigid-body docking approades,the proteins are consideredasrigid and no
°exibilit y is taken into account. Here, an overview is given of the di®eren steps
involved in rigid-body protein-protein docking:

1. Start with the experimerted three-dimensionalstructures of the two un-
bound componert proteins. Assumingthat the formed complexhaslimited
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conformational changes,the two componert proteins are regardedasrigid-
bodies.

2. A 6-D rotational and translational degreeseard is performedover all pos-
sible assaiations sincein most casef unbound-urbound complexeshere
is no biological information about which parts of the proteins will interact.
This seart will samplethe spaceof all possibleassaiations and conse-
qguertly there will be a lower limit on the di®erencein conformationsbe-
tweentwo docked predicted complexesthat determinesthe solution of the
sear® procedure.

3. A large number of di®erert complexesare generatedafter the global seard
procedure. Then a function is dewelopedto scorethe quality of thesedocked
(predicted) complexes.At this stage,geometricor electrostaticcomplemen-
tarity is often usedsinceit is very fast to compute.

4. Ideally, the docking algorithm thereby idertify seweral complexeswhich are
closeto the native complexbasedon thesecomplexeshaving best score.

5. If the experimertal complexstructure is known, then the predicted complex
structure is superimposedand the root meansquaredeviation (RMSD) be-
tweenall Cg atoms of the predicted and native structure is calculated to
evaluate the quality of the docking method. The predicted one can be re-
gardedasnear-native complexstructure if the RMSD is belov 3 Angstrom.

6. Then a re-ranking of the resultant complexescan be undertaken possibly
using computational more intensive calculations.

7. Finally, conformational °exibilit y can be introducedinto the algorithm to
re ne the few predicted complexesstructure when there are only a limit
number of complexesto consider.

Someparts of this procedureare illustrated in Figure 2.4 (Kohlbacher, 200J).
Starting from two unbound structures, a lot of docked complex structures are
generatedby a structure generator. Then these structures are Itered using a
scoring function and only a few favourable structures are left for evaluation in
more details.
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Figure 2.4: The overall structure of rigid-body docking algorithm (Kohlbacher, 2001).

2.4.2 Fast Fourier Transform

In the rst step of many docking methods, an attempt is madeto represemn the
protein structures in an excient way. In 1992, Katchalski-Katzir et al. (1992
‘rst proposedfast Fourier transform method (FFT) which were further dewel-
oped by seweral authors (Ben-Zeevand Eisenstein 2003 Chen and Weng 2003
Eisensteinand Katchalski-Katzir, 2004 Gabb et al., 1997 Ritchie and Kemp,
200Q Sternberg et al., 1998 Tovchigrecko et al., 2009. A good review about
this method can be found in Eisensteinand Katchalski-Katzir (2004.

Figure 2.5 illustrates the whole procedureof using discrete Fourier transform

23


pictures/introduction/docking.eps

2.4 Protein-protein  docking

for protein-protein docking. In this method, the protein structure is projected
into a three-dimensionalgrid of N complexnumbers. The shape of the molecule
is depictedin the real part asdescrited in the below:

protein A protein B

discretise discretise
predicted complexes

rotate protein B

1 H discretise
a= e
- &
] | | !l H : 1
static grid mobile grid local refinement
l L | Filter
[ FFT | . FFT | loop “
\ / finish loop

Multiply JI—-[ Inverse transform J—»l Stack | ———= | Re-ranking ‘

Figure 2.5: A typical FFT docking procedure.

N 0O

1 surfacecell

Protein A: ap,qr = . p interior cell
0 elsewhere

72 interi I

N _q interior ce
Protein B: byqr = 0 elsewhere

Thus, for moleculea, surfacegrid points are given the value 1, thosein the
interior are given the value p (usually -15), and grid points outside the molecule
are given a value of 0. For moleculeb, grid points on the surfaceand in the
interior of the moleculeare given the value g (usually 1). This assignmenh is
illustrated in Figure 2.6.

Thesetwo grids canthen be superimposedand the mobile grid (protein B) is
translated by shifts ®, ;°. The value of a.mn £ B, @m; —n; - givesthe extert of
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Protein B

* | Interior: +1

-~

[Surface:+1 J ———— 3

- . | Blank: 0

Protein A
I I
|

Interior: -15

Figure 2.6: Both proteins are projected into a 3D grid and the grid cells are assigned
with di®eren valuesaccordingto theire locations.

shape complemermarity for grid point (I, m, n) of the grid of protein A. A value
of 1 for the product grid indicatesthat the cell of protein B is superimposedon
the surfaceof A which indicates favourable shape complemetarity. A value of
-15 indicates a steric clashwith the cell from B superimposedon the core of A.
The value of -15 is chosento penalisebut not totally prevent steric clashes. A
value of zeromeansthat there is no overlap betweenthe two proteins. Thus, the
totally shape complemetarity for the two superimposedgrid ce—- is calculated
from

PN A

Co; e &mn £ B @mi i e (2.2)

I=1 m=1 n=1
The value of ¢ is a corvolution and its calculation requiresO(N ®)complexity.
To reducethe calculationtime, we usethe discreteFast Fourier Transform (FFT)
to speedup the processof calculation. A discrete Fast Fourier Transformis

DD AN\
DFT(Aimn) = expli 2% (pl+ gn+ rn)=N]£ a.mn (2.3)

I=1 m=1 n=1
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First, calculate the discrete FFT for grid A and grid B. Then, calculate the
complexconjugateof DF T(A) which is denotedasDF T }(A). Then by Fourier
theory, the discrete Fourier transform of ¢, DF T(C) is given by

DFT(C)= DFTI }(A)DFT(B)

Therefore,c = IFT(DFT(C)) wherel FT is the inverseFourier transform.
In summary, this discrete Fourier transform can reducethe complexity of O(N ©)
to O(N3logN3®) (N is the sizeof the grid) (Katchalski-Katzir et al., 1992.

Moreover, the imaginary part in a complex can be usedto store additional
complemetarity information. For example, electrostatics complemenarity and
hydrophobic complemetarity (Berchmanski et al., 20029 are addedto Tter the
predicted complexstructurestogetherwith geometricshape complemenarity. As
summary, Table 2.4lists the docking methods developed during the last ten years:

Method Rigid-body searh Re-scoring, ranking, ltering
and re nemert
ICM Pseudo-Bravnian Monte | Clustering and selection of
(Fernandez- | Carlo with grid based| 400 conformations. Flexible
Recio et al., | energyfunction re nement of interface side-
2002 chains and re-scoringwith a
detailed free-energyfunction.
ClusPro Fast Fourier transform | Re-scoringwith empirical po-
(Comeau (FFT) correlation approad | tentials and clustering. Re-

et al., 2009 using the program DOT | nement of the 25 largest
with a shape complemetar- | clusters by the °exible dock-

ity scoringfunction ing method SmoothDock
MolFit (Ben-| FFT with a weighted shape | Clustering of good solutions,
Zeev and | complemermarity target | Ttering using a priori infor-
Eisenstein function mation and small, local, rigid
2003 rotations around selectedcon-
formations
3D-Dock FFT correlation docking us- | Complexesre-ranked with a
(Gabb et al., | ing the program FTDOCK | pair wise potential using RP-
1997 Score. After clustering, side-

chains in selectedstructures
arere ned usinga mean- eld
approad by Multido ck
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Method Rigid-body seart Re-scoring, ranking, Ttering
and re nemert
DOT (Man- | FFT correlation approad | None
dell et al., | with shape complemetarity
200) and electrostatics
Gray et al. | Monte-Carlo seart using | Iterative re-paking of side-
(2003 simpli ed protein geometry | chainsand rigid body docking
and scoringfunction repeated until cornvergence.
Final selectionby clustering
Hex (Ritchie | FFT  correlation  using | None
and Kemp, | spherical polar coordi-
2000 nates and Gaussiandensity
represemation of protein
shape
ZDOCK FFT correlation with shape | Clustering of conformations
(Chen  and | complememarity, electro- | to avoid redundancies
Weng 2003 | statics and desohation
GAPDOCK Genetic algorithm with a | None
(Gardiner shape-basedtest function
et al., 2003
GRAMM FFT correlation with sim- | Clustering of conformations
(Tovchi- pli ed geometryusingshape
grediko et al., | complemenarity and hy-
2002 drophobicity in scoringfunc-
tion
BIGGER Binary grids; scoring with | no clashched
(Palma et al., | geometric, cortacts courts,
2000 electrostaticsand solvation
PatchDock Geometric docking: match- | none
(Duhovny ing of local shape fea-
et al., 2003 tures and geometric hash-

ing, fast geometric scoring
and seard, avoids exhaus-
tive orientation searh

Table 2.4: Algorithms of some current protein-protein docking methods, taken from
Mendezet al. (2003 and Vajda and Camadio (2004).
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2.4.3 Benchmark for testing the docking algorithms

The docking problem can be divided into two classesdepending on the input of
componert structures. If we separatethe complexstructure into two componerts
and then try to dock them together, it is called bound-bound docking. This is
quite successfulwith rigid body docking methods. For the unbound-urbound
docking, the separately crystallised componert structures are usedas input for
docking which is more challengingthan the former. Sincethe componen struc-
tures are slightly di®eren from the subunits in the complex structures (RMSD
0.5-1.0A).

In order to test the performanceof the new docking approades, researbers
apply their docking methodsto a setof complexstructuresin which both of bound
and unbound structures are known. Chenet al. (2003 deweloped a bendhmark of
59 non-redundart protein complexesncluding 22 enzyme-inhibitor complexes,19
antib ody-antigen complexes,11 other complexesand 7 ditcult test cases.This
bendimark is widely usedby other groups(Comeauet al., 2004 Duan et al., 2005
Gottschalk et al., 2004 Gray et al., 2003 Li et al., 2003 to test their docking
methods. Someother groups (Fernandez-Recicet al., 2002 Gabb et al., 1997
Gottschalk et al., 2004 Palma et al., 200Q Ritchie and Kemp, 2000 use their
own protein complex structure data set of which someare also included in this
bendmark.

All complexPDB ids in this bendimark are listed: 1a0o, lacb, 1ahw, latn,
lavw, lavz, 1bqgl, 1brc, 1brs, 1bth, 1bvk, 1lcgi, 1cho, 1cse,1dfj, 1dqj, 1efu, 1e08,
1fbi, 1 n, 1fql, 1fss, 1gla, 1got, liai, ligc, 1jhl, 1kkl, 1kxq, 1kxt, 1kxv, 1l0y,
1mah, 1mel, 1mlc, 1nca, 1nmb, 1lppe, 1gfu, 1spb, 1stf, 1tab, 1tgs, ludi, l1ugh,
1wej, 1wql, 2btf, 2jel, 2kai, 2mta, 2pcc, 2ptc, 2sic, 2sni, 2tec, 2vir, 3hhr, 4htc.

A new update bendhmark (Mintseris et al., 2009 was published by the same
group. The newbendmark consistsof 72 unbound-urbound caseswith 52rigid-
body cases;13medium-ditculty casesand 7 high-dixcult y casesvith substartial
conformational change. In addition, 12 antib ody-antigen test casesare included
with the antib ody structure in the bound form. Yet until now, few docking groups
test their docking algorithm on this new bendhmark dataset.

For the evaluation a new docking algorithm, researbers usually choosecom-
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plex protein data set of their own opinion or from the bendymark usedby other
groups, for example,the one from Chen et al. (2003. To judge a docking algo-
rithm is good or not, the docked complex structures are comparedto the native
complexstructures. If the near-native structures are found in the top 100to 1000
solutions as many as possibleand the RMSD value of the best hit is belov 3
A, we can sa this is a good docking approad. The number of hits in the top
100to 1000docked solutions, the ranking of the best hit and the RMSD value
of the best hit are the three mainly parametersusedfor evaluation of docking
algorithms.

Moreover, investigation on the interfacesof known protein-protein complexes
have revealedthat enzyme-inhibitor, antib ody-antigen, other complexespresen
important di®erencesn the amino acid composition, hydrophobicity and elec-
trostatics (Decanniereet al., 2001 Glaser et al., 200). Jadkson (1999 com-
pared protein-protein interactions in di®eren typesof complexesand concluded
that enzyme-inhibitor are more static and hence more easily predictable than
antib ody-arntigen interfaces. This suggestshat di®eren Itering criteria should
be appliedto di®eren type of complexes.Li et al. (2003 applied type-dependen
‘Ttering techniqueto docking algorithm and retained much more native-like struc-
tures and increasedthe successfuprobability of predicting complexstructures.

In the review paper of Vajda and Camado (2009, a classi cation of pro-
tein complexesbasedon docking dixcult y was introduced. They claimed that
enzyme-inhibitor complexescan be determinedby current docking methods with
reasonableaccuracy - possibly within a few alternative structures. Results for
antigen-artib ody pairs were lesspredictable, and data for small signalling com-
plexeswere generally poor. Transiert complexeswith large interface areasun-
derwent substartial conformational changeand were beyond the read of current
docking methods. Moreover, basedon measuremets of conformational change,
interfaceareaand hydrophobicity, they de ned v e typesof protein-protein com-
plexesto characterisethe expectedlevel of docking dixcult y (seeTable 2.5).
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Type  Conformational change Interface Docking output
¢ ASA hydrophobicity
I Small(rigid-body) Standarc? Strong: the corvex- con- Successfulunlesskey side-
cave interface provides chainsarein wrongconfor-
good shape complememar- mations
ity
[ Small > 200A\? unimportant successful
[l Moderate, but larger Standard Variable, but generally Unpredictable: canbevery
than for Type weak. Charge-darge dixcult, even with known
interactions can be strong  hyper-variable regions of
antib ody
v Restrictedto sidechains < 1400\? Weak: mostly polar and Hits arefound but are gen-
charge-targeinteractions erally lost in scoring and
ranking
Vv Substarial bak- > 2000\2 Generally moderate Rigid-body methods ap-
bone change pear to fail for thesecom-

(CeRM SD > 2A)

plexes

2 Standard interface: 14002 - ¢ ASA - 200A2; ¢ ASA: changeof solvert accessiblesurfaceareaupon compleximation

Table 2.5: Classi cation of protein complexesbasedon docking ditcult y, taken from Vajda and Camado (2004).
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2.4.4 CAPRI: Critical Assessment of Predicted Interac-
tions

CAPRI is a community wide experimert to assesshe capacity of protein-docking
methods to predict protein-protein interactions (Janin et al., 2003 Mendezet al.,
2003. Nineteen groups participated in rounds 1 and 2 of CAPRI and submit-
ted blind structure predictions for se\en protein-protein complexesbasedon the
known structure of the componert proteins. The predictions were comparedto

the unpublished X-ray structures of the complexes. CAPRI has already been
a powerful drive for the commnunity of computational biologists who deweloped
docking algorithms. Eadc participating group is allowed to submit 10 modelsper
target and thesemodelsare comparedto newly obtained X-ray structures of the
complexes,which crystallographershad made available for the evaluation. The
CAPRI experimerts is hosted by Hendridk Kim group at the European Bioin-
formatics Institute (EBI). The website is http://capri.ebi.ac.uk/ . In ead
round, oneor more targets are realisedand the participants have to submit their
predictions before the deadline. After the submissiondeadline, the results will

be published on the websiteand are classi edinto: ""Removed predictions”, \In-

correct predictions”, \Acceptable predictions”, \Medium predictions” and \High

quality predictions”, basedon se\eral criterias sud asfraction of native residue-
residuecontact, the RMSD valuesof the ligandsafter superimposingthe receptors
of the prediction and the native complexstructures. Until now (Decenber, 2007),
there have been 30 targets being evaluated at CAPRI experimerts. Thesetar-

getscanbe usedasa bendimark data set, complememary to the Weng'sdocking
bendmark data set.

2.4.5 Protein interface prediction and protein docking

As discussedabove, although there are already many docking approateswhich
can predict the complexstructures correctly and rank the near-native structures
at the top 100ewen 10, it is still very attractiv e to improve the current docking
approadies. Improving the protein docking involvestwo tasks: an excient seart
procedureand a good scoring function. The two critical elemens in a seart
procedure are speed and e®ectienessin covering the relevant conformational
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space.On the other hand, the scoringfunction should be fast enoughto allow its
application to a large number of potential solutionsand, in principle, e®ectiely
discriminate betweennear native and non-native docked complexstructures. Pre-
dicting the interface correctly rst is very useful sinceit can help usto improve
our discrimination. Therefore, the third open questionin this dissertation is "
Can we impro ve protein-protein  docking using interface prediction?"
Howewer, although many binding sites prediction methods have beendeweloped,
only a few groups integrated it into docking. For example, Gottschalk et al.
(2009 predicted protein-protein binding sites rst using their own prediction
program: ProMate (Neuvirth et al., 20043, of which the successate was about
70%, and then they usedthesepredicted binding sitesto calculate the tightness
of t of the two docked proteins. A linear relation betweenthis scoreand the
RMSD relative to the true structure is found in most of the caseghey evaluated.
Ghnther et al. (2007 preserted ISEARCH approad which usesknown domain-
domaininterfaces(DDI) storedin aninterfacelibrary to screenunbound proteins
for structurally similar interaction sites. First, a known DDI library is derived
from the PDB and SCOP. Then the ligand's and the receptor's badkbone struc-
tures are examinedfor sites similar to a represetative DDI in the DDI library,
using the superposition algorithm NeedleHgstadk (Hoppe and FrAmmel 2003.
When the algorithm detectslocal structural similarity betweenthe receptorand
one part of the DDI patch, aswell as betweenthe ligand and the correspnding
patch of the DDI, a hit is obtained. Ligand and receptor are then transformed
according to their superposition onto the correspnding DDI patchesto build
the nal model of the complex. This approad was evaluated on 59 complexes
from the Chen bendmark dataset (Chen et al., 2003 and achieved acceptable
docking results. Thesestudiesencourageus that using predicted interaction sites
can improve protein docking. Howewer, we will try di®eren interface prediction
methods and dewelop di®eren scoring functions basedon thesepredictions. All
scoringfunctions will be integrated togetherto improve docking. Theseapproat
will beillustrated in detail in Chapter 5 and 7.

Furthermore, an important ingrediert for achieving successfuldocking re-
mainsthe useof prior knowledgeof the protein regionsthat are likely to interact
(Mendezet al., 2005. The available biochemicaldata (mutagenesisxperimerts,
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sequenceconsenation, NMR studies, etc.) relevant to a protein-protein com-
plex may be incorporated into docking algorithms to improve exciency. For
instance, Barahonaand Krippahl (2008; Krippahl and Barahona (2005 applied
Constraint Programming techniquesto rigid body docking algorithm BIGGER
(Palma et al., 200Q. Their approad imposeda broad range of constrains or
combinations of constrairnts on distancesbetweenpoints of the two structuresto
dock, which allows the useof experimertal data to increasethe e®ectivenessand
speed of modelling protein interactions and which cannot be done as exciently
in Fourier transform methods. Recertly, Motiejunas et al. (2009 preserted an
excient Brownian Dynamics (BD) algorithm that mimics the physical processof
di®usionalassaiation and relevant biochemical data is directly incorporated as
distanceconstrairts in BD simulation.

2.5 Flexible docking

In the previous discussion,proteins are assumptedto be rigid-body. Howewer,
in native proteins, they are not rigid. The "nativ e state" is not a single con-
formation, but a whole ensenble of conformations which are populated under
physiological conditions. In many cases,this °exibilit y is essetial for the bio-
logical function. For example,it allows enzymesto t themsehesaround their
ligands, and molecularmotors to corvert chemical energyinto medanical work.
Therefore,characterisingthe °exibilit y of a native protein is of great importance
in protein docking. The dewelopmer of computational approadiesable to accu-
rately handle the °exibilit y of the protein within the cortext of protein-protein
docking problemsis still not satis ed. Modelling the °exibilit y of protein is still a
hard problem due to high degreesf freedomand is very challengingin the next
few years.

For example, when comparing the structures of the monaoclonal antib ody
D44.1 Fab fragmert (1mlb) and lysozyme (1lza) with that of the complex be-
tweenboth (1mlc) a signi cant conformational changeis obsened on lysozyme,
with Pro70 moving as much as4 A and dragging the main chain atoms (Figure
2.7, modi ed from Palmaet al. (2000Q). This type of change,although possible,is
not commonand Proline wasnot includedin the list of amino acidsto be treated
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Figure 2.7: Detail of the interaction betweenmonoclonal antib ody D44.1 Fab fragmert
(Imlb) and lysozyme(1lza). The blue one correspond to the lysozymein the complexand
the yellow one Fab fragment (only show interface), while the red one show the conforma-
tions of the non-complexedlysozyme structures , when superposedon that of the crystal-
lographic complex (1mlc). Signi cant conformational changesof PRO70 and ARG45 are
shown in cyan and green, including vicinal main chain atoms, as the structure of the free
lysozyme forms a complex with the antib ody. Left: main chain level. Right: side chain
level, the ARGA45 of 11za (red) penetrating to Fab fragmernt (Palma et al., 2000).

as °exible. As a result, when docking 1mlb to 1lza, the docked geometry that
correspnds to the structure of the crystallographic complex imposesa drastic
overlap between Pro70 of lysozymeand Tyr50 of the antib ody, forcing it to be
discarded(Palma et al., 2000.

Conformation changesthat occur during the formation of a protein complex
are amongthe most ditcult challengesto rigid body docking methods. Treating
this molecule®exibilit y in an explicit way is an impracticable computational task
sincethere are many degreesof freedom. Recertly, Many of the groups which
deweloped docking programshave already deviseda way of consideringside chain
conformational rearrangemen during docking, whether implicitly or explicitly
(Camado, 2005 Camado and Vajda, 2001 Fernendez-Reciet al., 2003 Jadkson
et al., 1998 Munoz et al., 2003 Palma et al., 200Q Zadharias, 2003; Methods for
consideringhigher levels of °exibilit y, involving the rearrangemen of segmets of
the protein badkbone,i.e. loops,domainsor the wholeprotein, arecurrertly being
explored by an increasingnumber of groups (Dominguezet al., 2003 Fitzjohn
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2.5 Flexible docking

and Bates 2003 Grunberg et al., 2004 Smith et al., 005gb). The limitation of
current approadiesin represeting macromolecular’exibilit y for protein-protein
docking have beendescriked in a survey (Bonvin, 200§ which emphasizedthe
needfor combining existing approades.

Protein docking algorithms dealing with °exibilit y can be grouped into two
classes:side chain °exibilit y only as well as badkbone and side chain °exibilit y
both considered.Molecular dynamics simulation or Monte Carlo simulation are
often usedin the latter approad, in conjunction with someform of rigid-body
docking, either beforeor after the MD simulations.

2.5.1 Side-chain °exibilit vy

One approad to addressthe problem of side-hain °exibilit y explicitly is to use
a reducedprotein model in the context of rigid-body docking, to allow sometol-

eranceof atomic clashesacrossprotein interfaces(Gray et al., 2003 Zadharias,

2003. Gray et al. (2003 useda reducedrepresemation model for side-dains
in Monte Carlo seard . In their low-resolution represemation, ead residueis
represeied by the four badkboneatoms (N, Cg, C and O) and one pseudo-atom,
the \centroid”, to represen the side-dain. The location of the certroid is the

averagelocation of the side-tain atomsin the residuesof idertit y, derived from

the known structures from the PDB. After the low-resolutionMC seard, explicit

side-dains are addd to the protein badkbonesusing a badkbone-degndert ro-
tamer pading algorithm and are optimized using a simulated-annealingMonte

Carlo seard. (Zadarias 2003 took a similar approad but he usedat most
three pseudoatoms to represen one residue. This reduced protein represema-

tion allowedan excient energyminimization sear in rotational andtranslational

degreeof freedom. A multicopy approat wasusedto selectthe most favourable
side-tain conformation during the docking process.

Kimura et al. (200) and Rajamani et al. (2009 have shown that the side-
chains important for molecular recognition acquired conformations similar to
thosein which they found buried in bound complexes,using molecular dynam-
ics. The side-dains on the interface in the unbound structures often di®er a
lot from thosein the bound complexes(Camado, 2005. Analysis of side-dain
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rotamer conformationsacquiredin solution plays an important role in modelling
the whole protein complexes. The challenging thing hereis how to identify the
right rotamer conformation, i.e the rotamer conformationin the bound complex,
of interfaceresidues(if they are known to be on interface) in the unbound struc-
ture. A simple method is to usethe most recurrert rotamer conformationsin
MD simulation snapshots(Camado, 2005. This method works quite well for
Cohesin-Dakerin complexin CAPRI-I |, in which the andhor residues(the most
important residuesin molecular recognition) do not change conformation upon
binding in badkbones.

Alternativ ely, Lorberet al. (2002 precalculatedmultiple conformationof mul-
tiple residuesfor the ligand. These conformations were docked into both the
bound and unbound structures of the cognatereceptors,and their energieswere
evaluated using an atomistic potential function. Their docking results from 7
test systemssuggestedthat the precalculatedensenbles did include side chain
conformations similar to those adopted in the experimertal complexes. When
docked against the bound conformations of the receptors,the near-native com-
plexesof the unbound ligand were always distinguishable from the non-native
complexes. When docked against the unbound conformations of the receptors,
the near-native docking solutions can usually, but not always, be distinguished
from the non-native complexes. In ewery case, docking the unbound ligands
with °exible side chains led to better energiesand a better distinction between
near-native and non-native ts (Lorber et al., 2002. In Figure 2.8, docking the
unbound conformation of BLIP asa rigid body, led to non-native complexesof
TEM-1/BLIP having better energyscoresthan near-native complexes.This was
becausdwo key interfaceresidueson the unbound ligand, Asp49and Phel42 are
in the "wrong" conformationsfor optimal t to TEM-1. Consequetly, the near-
native complexescannot be distinguishedfrom the non-native docked complexes
when docking to either the unbound or bound conformations of the receptor.
Obviously, this approad is very time consuming.
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Figure 2.8: The high-scoring unbound BLIP structure (green), generated from multi-
conformer docking to the unbound conformation of TEM-1 (cyan), is shovn. The rigid
unbound BLIP (magerta) hasbeensuperimposedonto the bound ligand (gray). A partial
molecular surface for the complexedreceptor is shavn to illustrate hydrophobic interac-
tions. Important intermolecular hydrogen bonds are shown in yellow. The conformations
of two key interface residuesfrom BLIP, Asp49 and Phel42,are shaovn for the best scoring
docked structure (green), for the original unbound structure (magerta), and for the bound
complex (gray). The molecular surfaceof TEM-1 is colored red where the superpositioned
rigid unbound ligand clashesinto the receptor (Lorber et al., 2002.

2.5.2 Backbone °exibilit y

Protein interfacesexhibit considerableplasticity, and various typesof badkbone
conformational changeshave beenobsened upon complexation. Se\eral Seeral
promising approateshave beendeweloped to treat badkbone °exibilit y explicitly
in protein docking. In the CAPRI rounds (3-5), Smith et al. (0059 showed that
using the ensenbles generatedby Molecular Dynamics simulations, as inputs
for a rigid-body docking algorithm, increasedthe successate, especially for the
targets exhibiting substartial amourts of induced t. In their recert work on
CAPRI rounds (61-11), this cross-daking was followed by a short MD-based
local re nemert for the subsetof solutions with the lowest interaction energies
after minimisation (Kr$l et al., 2007. Their results revealedthat cross-daking
approad produces more near-native solutions but only for targets with large
conformational changesupon binding. Re nemert MD simulations substartially
increasedthe fraction of native contacts for near-native solutions, but generally
worseninterface and ligand RMSD. They found that although MD simulations
are able to improve side-dain padcking acrossthe interface, which resultedin an

37


pictures/introduction/blip.eps

2.5 Flexible docking

increasedfraction of native contacts, they are not capableof improving interface
and ligand bakbone RMSD for near-native structures beyond 1.5 and 3.5 A,
respectively.

Bastard et al. (2003 explored a similar approad and they took into ac-
court the induced conformational adjustmert of °exible loops situated at a pro-
tein/macromoleculeinterface. Their method was basedon a multiple copy rep-
resertation of the loops, coupledwith a Monte Carlo conformational seart of
the relative position of the proteins and their side chain conformations. The se-
lection of optimal loop conformationstook place during Monte Carlo cycling by
the iterative adjustmert of the weight of ead copy. Using this approad they
were able to pick up the correct loop structure of a protein/DNA complex be-
tweenthe prd paired domain protein and it cognateDNA. HADDOCK performs
rigid-body docking followed by a moleculardynamicssimulated annealingre ne-
mert on badkbone and side-dain degreesof freedom, and the added °exibilit y
improves the docking results (Dominguezet al., 2003. A multi-b ody docking
approad hasbeenimplemerted in FlexDock to deal with hinge motions assai-
ated with complexformation given the knowledge of hinge regionsprior to the
docking and the method wasableto correctly model large conformationalchanges
occurring in the binding of calmodulin and a target peptide (Sdneidmanet al.,
2005. Recertly Wanget al. (2007 presentied a reformulation of the Rosettadock-
ing method (Gray et al., 2003 that incorporates explicit badbone °exibilit y in
protein-protein docking. This method was basedon a "fold-tree" represetation
of the molecular system (Bradley and Baker, 2009, which seamlesslyintegrates
internal torsional degreeof freedomand rigid-b ody degreesf freedom. Problems
with internal °exible regionsranging from one or more loopsor hinge regionsto
all of oneor both partners canbe readily treated usingappropriately constructed
fold trees. The explicit treatment of badkbone °exibilit y improvesboth sampling
in the vicinity of the native docked conformationand the energeticdiscrimination
betweennear-native and incorrect models (Wang et al., 2007%).

Ehrlich et al. (2005 have studied the impact of protein °exibilit y on protein-
protein assaiation by meansof rigid body and torsion angledynamicssimulation.
In their study, the binding of barnaseand barstar was chosenas a model system
becausehe complexationof these?2 proteins is well characterisedexperimertally
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2.5 Flexible docking

Figure 2.9: Comparison of rigid body docking (left) and soft docking (right) (Munoz
et al., 2003.

and the conformational changesaccompalying binding are modest. On the side-
chain level, they shavedthat the orientation of particular residuesat the interface
have a crucial in°uence on the way cortacts are establishedduring docking from
short protein separationsof approximately 5A. However, side-dain torsion angle
dynamics simulations did not result in satisfactory docking of the proteins when
using the unbound protein structures. On the badkbone level, even small (2 A)

local loop deformationsa®ectthe dynamics of cortact formation upon docking.
This result indicated that both side-dhain and badkbonelevels of °exibilit y in°u-

enceshort-rangeprotein-protein assaiation and shouldbe treated simultaneously
for atomic-detail computational docking of proteins.

2.5.3 Soft docking

The certer idea of the soft represemation of protein surfaceproposedby Munoz
et al. (2003 is that the assumptionthat a protein moleculeis constituted by
a hard core part that determined the overall shape of the protein surrounded
by a layer of high plasticity that allows penetration of side chains but without
constraining them by type of amino acid. Figure 2.9 illustrates a transversal
section of a complex obtained by completerigid docking (left) and the docking
introducing the soft shape algorithm they proposed(right).

Palma et al. (2000 obsened that most of the conformational change upon
complex formation are due to °exible amino acid side chains positioned at the
moleculesurfaceand not ewvery amino acid shoved the samedegreeof freedom
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2.5 Flexible docking

to move. Amongst the protein complexesobsened, ARG, LYS, ASP, GLU and
MET preserted the highest frequencyand amplitude of movemeris betweenthe
structures of unbound and bound proteins. In their docking approat BIGGER,
every atom (except C- atom) belongingto the side chain of these ve amino
acids was considered®exible and was allowed to unrealistically penetrate the
other moleculeduring the docking seard.

This sectionsummariseshe state-of-the-art computational docking methods
dealing with the °exibilit y, either in side chain or in badkbone (loop) level, im-
plicitly or explicitly. Howewer, dealingwith the °exibilit y is beyond the scope of
this dissertation and little e®orthasbeenmadein this area. In this dissertation,
| proposea simple and implicit method to dealwith the °exibilit y of the protein
by softeningthe protein surface. This method will be discussedn Section7.2in
Chapter 7.
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Chapter 3

Protein-ligand binding site
prediction

In most cellular processesproteinsinteract with other moleculesto perform their
biological functions. Theseinteractions include the binding of ligandsin recep-
tor sites, the binding of antib odies to antigens, protein-DNA interactions, and
protein-protein interactions. Shape complemetarity haslong beenrecognisedas
a major factor in theseinteractions (Berchmanski et al., 2002 Halperin et al.,
2002 Jonesand Thornton, 1996 Katchalski-Katzir et al., 19923. The protein
surfacecan form pockets, which are binding sites of small moleculeligands. The
determination of pockets on the protein surfaceis therefore a prerequisite for
protein-ligand docking and an important step in structure-baseddrug design.
In the last decade,many computational methods have been deweloped to pre-
dict and analyseprotein-ligand binding sites. Many sud as POCKET (Levitt
and Banaszak 1992, LIGSITE (Hendlich et al., 1997, SURFNET (Laskowski,
1995, CAST (Liang et al., 1999, and PASS (Brady and Stouten, 2000 usepure
geometric characteristics and do not require any further knowledge of the lig-
ands. Thesemethods have beendiscussedn detail in Section 2.3.1 previously.
The rst open questionin Chapter 1 is Open question 1. Can we impro ve
protein-ligand  binding site prediction using the Connolly surface and
conservation? | am goingto answer this questionbelow.
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3.1 The LIGSITE ¢¢ approach

3.1 The LIGSITE ¢€¢ approach

To answer the above question, we introduce two extensionsto LIGSITE: First,
instead of capturing protein-sohert-protein ewverns, we capture the more accu-
rate surface-solen-surface ewverts using the protein's Connolly surface (Con-
nolly, 1983, and not the protein's atoms. We call this extension LIGSITE ¢
(cs=Connolly surface). Secondwe re-rank the pockets identi ed by the surface-
solvert-surfaceevens by the degreeof consenation of the involved surfaceresidues.
We call this extensionLIGSITE ¢ (csc=Connolly surfaceand consenration).

The ultimate goal of ligand-binding sites prediction methodsis to nd active
sites on uncharacterisedstructures. Therefore, it is of great importance to test
and validate the methods on suzciently large data sets. To this end, we use210
bound structures from the Protein Ligand Database(PLD) (Puvanendrampillai
and Mitc hell, 2003 and 48 bound/unbound structures from Laurie and Jadkson
(2005 and Brady and Stouten (2000Q.

3.1.1 Algorithm

LIGSITE®® is an extension of LIGSITE. Instead of de ning protein-solert-
protein ewerts on the basis of atom coordinates, it usesthe Connolly surface
and de nes surface-solent-surface everts. The algorithm proceedsas follows:
First, the protein is projected onto a 3D grid. In orderto minimize the necessary
grid size,we apply principal componert analysissothat the principal axis of the
protein aligns with the x-axis, the secondprincipal axis with the y-axis, and the
third with the z-axis. For the grid we usea step sizeof 1.0A. The rotation does
not a®ectthe quality of the results (data not shown), it only minimizesthe neces-
sary grid size. Second grid points are labelled asprotein, surface, or solventusing
the following rules: A grid point is marked as protein if there is at leastoneatom
within 1.6 A. Next, the solvert excludedsurfaceis calculatedusing the Connolly
algorithm (Connolly, 1983 and the surfacevertices' coordinates are stored. In
the Connolly algorithm, a hypothetical probe sphere(usual radius 1.4 A) rolls
over the protein. The Connolly surfaceis a conmbination of the van der Waals
surfaceof the protein and the probe spheressurface,if the probe is in conact
with more than one atom. A grid point is marked as surfaee if a surfacevertex
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3.1 The LIGSITE ¢¢ approach

is within 1.0 A. Note that the distance thresholds ensurethat all surface grid
points are also labelled as protein. All other grid points are marked as solvent
(seeFigure 2.3.1a in Chapter 2). A sequenceof grid points, which starts and
endswith surface grid points and which has solventgrid points in between, is
called a surface-solern-surface evert. LIGSITE “*¢ scansthe x, y, z directions
and four cubic diagonalsfor sut surface-solert-surface events. If the number
of surface-solert-surface everts of a solventgrid exceedsa minimal threshold
(MINSSS, 6 in this work), then this grid is marked as pocket Finally, all pocket
grid points are clustered accordingto their spatial proximity. l.e. if a pocket
grid point is within 3:0A to a pocketgrid point cluster, it is addedto this cluster.
Otherwise,it becomesa newcluster. Next, the clustersareranked by the number
of grid points in the cluster. The top three clustersare retained and their certres
of massare usedto represen the predicted pocket sites. This rst extensionto
the basic LIGSITE algorithm is called LIGSITE ®. For LIGSITE ®¢, the top 3
pocket sitesare re-ranked accordingto the degreeof consenration of the involved
surfaceresidues.To be precise,the consenation scoreis the averageconsenation
of all residueswithin a sphereof certain radius (8A here) of the certre of massof
the cluster. The consenration scorefor ead residuein a given protein is obtained
from the ConSurf-HSSPdatabase(Glaseret al., 2005.

3.1.2 LIGSITE, PASS, CAST, SURFNET Implemen ta-
tions

In order to compareLIGSITE °*° to LIGSITE, LIGSITE is implemerted as well
and the sameparametersare usedin both methods. A CAST PyMOL plugin was
downloadedfrom cast.engr.uic.edu/cast/  , PASSexecutablebinaries (version
1.1) wererequestedfrom its authors and the SURFNET sourcecode wasobtained
from www.biochem.ucl.ac.uk/~roman/surfnet/surfnet.html

3.1.3 Test Datasets

To validate the binding site predictionswe usetwo bendimark datasetsof bound-
only and bound/unbound structures. For the bound dataset, we use the Pro-
tein Ligand DatabasePLD (Puvanendrampillaiand Mitc hell, 2003, which is the

43


cast.engr.uic.edu/cast/
www.biochem.ucl.ac.uk/~roman/surfnet/surfnet.html
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largest hand-curated databasecortaining all the protein-ligand complex struc-
tures available in the PDB. Currently, it has485 protein ligand complexesPLD

v1.3). We removed redundart structures (35% sequencesimilarity) and selected
those having consenration scoresin the ConSurf-HSSPdatabase(small peptides
are not consideredas ligand for 16 out of the 485PLD structures). The result is
a setof 210structures listed in Table 3.1.3

For a realistic evaluation, which takesinto accoun °exibilit y of structures, we
needbound and unbound structures. The predictions are madefor the unbound
structure and are chedked againstthe bound structure. Nissink et al. (2002 pre-
serted a large test set of 305ligand-bound protein complexes.Among these 305
structures, Laurie and Jadkson (20095 createda data set of 35 structurally dis-
tinct proteins, for which there are also unbound structures. Additionally, Brady
and Stouten (2000 createda data set of 20 bound/unbound protein structures.
The structure 2er6is ignored sinceno ligand is found in the current PDB entry.
Furthermore, there are ve examplesoccurring in both data sets: 1stp, 2ypi,
1rbp, lifb, 3ptb and 5cpa. As a result, we have 48 bound/unbound structures on
which we test LIGSITE °¢, LIGSITE, PASS, CAST and SURFNET.

The structures are preparedas follows: All solvert moleculesincluding phos-
phate, sulphate and metal ions are ignoredin the unbound structures. Next, the
bound and unbound structures are aligned using PyMOL (Delang 2002. Note
that the choiceof structural alignmert algorithm is not signi cant, asnearly iden-
tical structuresarealigned, which only di®erin someconformationalchanges.Af-
ter ead tool predicts ligand binding sites, the predictions have to be rated. This
is a ditcult task asthe methods follow di®eren approadies and use di®erert
evaluation methods. For example,Hendlich et al. (1997 measuredthe accuracy
by the percernage of predicted pocket atomsthat arein cortact with the ligand.
A protein and ligand atom arein cortact if they are within a distanceof the sum
of the van der Waalsradii plus 0:5A. Laurie and Jadkson (2005 useda precision
threshold for successn which at least 25% of probe sitesin a single cluster are
within 1:6A\ to a ligand atom. Alternativ ely, the successate of predictions can
be measuredby computing the distance betweenthe ligand and a single point
represeting the pocket (Brady and Stouten, 2000. To assessli®eret methods
on the samedata set, we needa common criterion for success. Therefore, we
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3.1 The LIGSITE ¢¢ approach

Table 3.1: Overview of the data set of 48 bound/unbound structures.

Complex Unbound RMSD (A)2 Protein Description Ligand Description?
1bid 3tms 0.24 Thymidylate synthase CBX, UMP
lcdo 8adh 1.17 Alcohol dehydrogenase NAD
ldwd 1hxf 0.44 Alpha thrombin + hirudin MID
1fbp 2fbp 0.89 Phosphotydrolase AMP, F6P
1lgca 1gcg 0.32 Galactose-binding protein GAL
lhew lhel 0.21 Acetylchitotriose NAG
lhyt 1npc 0.87 Thermolysin DMS,BZS
linc lesa 0.21 Elastase ICL
1rbp lbrq 0.54 Retinol binding protein RTL
1rob 8rat 0.28 RibonucleaseA C2pP
1stp 1swb 0.33 Streptavidin BTN
1ulb lula 0.61 Purine nucleosidephosphorylase GUN
2ifb litb 0.37 Fatty acid binding protein PLM
3ptb 3ptn 0.26 Beta trypsin BEN
2ypi lypi 0.57 Triose phosphateisomerase PGA
4dfr 5dfr 0.80 Dihydrofolate reductase MTX
4phv 3phv 1.28 HIV 1 protease VAC
5cna 2ctv 0.44 Concanavalin A MMA
7cpa 8adh 2.17 Carboxypeptidase FVF
labw la6u 0.35 B1-8 FV fragment NIP
lapu 3app 0.36 Penicillopepsin MAN, OET, IVA, STA
lacj 1qif 0.34 Acetylcholinesterase THA
1blh 1djb 0.23 Methyl]phosphonate FOS
1lbyb lbya 0.26 Beta amylase GLC
1lhfc lcge 0.37 Fibroblast collagenase HAP
lida lhsi 1.41 HIV 2 protease QND, HPB, PY2, PPL
livd 1lnna 1.00 Sialidase FUC, ST1, NAG, MAN
imrg lahc 0.30 Alpha momorcdharin ADN
Imtw 2tga 0.31 Trypsin DX9
1lokm 4ca? 0.34 carbonic anhydrase 1 SAB
1pdz 1pdy 0.54 Enolase PGA
1phd 1phc 0.17 Camphor 5-monakygenase HEM, PIM
1pso 1psn 0.33 Pepsin 3a IVA, STA
1gpe 3lck 0.25 Lck kinase PP2, PTR
1rne 1bbs 0.60 Renin NAG, C60
1snc 1stn 0.52 Staphylococcal nuclease PTP
1srf 1pts 0.45 Streptavidin MTB
1stp 2rta 0.62 Streptavidin BTN
2ctc 2ctb 0.15 Carboxypeptidase LOF
2h4n 2cba 0.33 Carbonic anhydrasel|l AZM
2pk4 1krn 0.63 Plasminogenkringle ACA
2sim 2sil 0.25 Sialidase(neuraminidase) DAN
2tmn 113f 0.62 Thermolysin PHO, NH2
3gch 1ldhg 0.91 Gamma chymotrypsin CIN
3mth 6ins 1.00 Methylparaben insulin MPB
5p2p 3p2p 0.62 Phosphilipase DHG
limb lime 1.45 Inositol monophosphatase LIP
6rsa Trat 2.08 Ribonuclease uvc

a8RMSD: Root mean squaredeviation of C® atoms after superimposing the unbound
structures on the bound structures.
bThere-letter abbreviation in PDB, separatedby \," if more than one.
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3.1 The LIGSITE ¢¢ approach

Table 3.2: The PDB code of 210 protein-ligand complexestaken from the PLD database.

1a0q
laco
lace
1bgo
1c5c
1cps
1did
lejn
1fkb
1hfc
ljao
1mfc
1pbd
1gh7
1slt
1ulb
2cpp
2pk4
3er3
4est
5p21

1a28
ladb
lapt
1bhf
1chx
lcqp
1dih
lela
1fki
1hti
1182
1mmp
1pdz
1qpe
1snc
luvs
2csc
2qwb
3ert
49rl
sp2p

la42
ladd
lase
1bl7
1c83
lctr
1dmp
leax
1fmo
lhyt
1llah
1mmq
1pgp
1rbp
1sre
lvgc
2ctc
2sim
3fx2
4hvp
6acn

la4dg
ladf
lazm
1blh
1cbs
lctt
1dog
lepb
1frp
libg
licp
1mrg
1lpha
1rds
1stp
1xid
2er0
2sns
3gt
41bd
6cpa

la6éw 1a9u
laec 1laha
1b59 1b6n
1bma 1bmg
lclx  1cdg
1d0l  1d3h
1drl 1e96
leta lexw
1glp  1lgpy
licn  1lida
lldm 1lgr
Imrk 1mts
lpoc 1ppi
lrgk 1rne
ltdb  1thl
lydr 2aad
2fax  2gbp
2tsc  2xis
3gpb  3hvt
4mbp  4tin
6rnt  6rsa

laaq
lai5
1b9v
lbra
1kp
1dbb
leap
1fOr
lhak
limb
llic
Imup
1ppk
1rob
1tlc
2ak
2gpb
2yhx
3nos
4xia
Tlpr

labe
17
lbaf
1lbyb
1cla
1dd7
lebg
1fbl
1hbv
linc
1limo
1nco
1pso
1rpa
1tng
2ada
2ifb
2ypi
3tsl
5abp
7tim

lacO
lake
lbap
1byg
1cle
1dg5
leed
1fen
1hdy
livb
llpm
1nsc
1gbr
1rt2
1tph
2ak3
2msb
3cla
4cts

5cpp
Qaat

lacj
lanf
1lbcd
1c2t
lcoy
1dhf
leil
1fgi
lhew
live
1mbi
1okl
1qcf
1sin
lukz
2cmd
2phh
3dfr
Adfr
5erl
9icd
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3.2 Results and Discussion

Method Top1l Top 3
unbound bound | unbound bound

LIGSITE ¢ 71 79

LIGSITE® 60 69 77 87
LIGSITE 58 69 75 87
CAST 58 67 75 83
PASS 60 63 71 81
SURFNET 52 54 75 78

Table 3.3: Succesgates for 48 unbound/b ound structures (percertage). In LIGSITE ¢,
the top 3 pocket sites identi ed by LIGSITE ® are re-ranked by consenation. Only the
top 1 prediction is consideredin LIGSITE ¢,

take a distance-basedpproad. For LIGSITE ¢¢ and LIGSITE, this point is the
geometriccerter of the pocket sites' grid points. In PASS, the pockets are rep-
reserted by its active site point ranked by their probe weight. In SURFNET,
the default \gaps.pdb" output Te is a PDB-format le in which ead gap region
generatedby SURFNET is represeted by a single ATOM record. Each atom is
located at the certer of massposition of the correspnding gap region, and the
atoms can be usedto represen the predicted pocket sites ranked by their vol-
ume. CAST de nesatomsbelongingto a pocket. The pocket can be represeted
by its certer of mass. Thus, for all methods we can de ne a single point which
represems the predicted pocket and we can compute the distance of this point
from the ligand. A prediction is a hit if it is within 4A to any atom of the ligand.

3.2 Results and Discussion

3.2.1 Successrates of di®erent metho ds

Table 3.2 shows the succesgates using these v e methods on 19 complexesfrom
PASS (Brady and Stouten, 2000 and 29 complexesfrom Laurie and Jadkson
(2009, excluding those structures already existing in PASS, for unbound and
bound structures. For unbound structures, LIGSITE © achievesthe best overall
succesgate both for the top prediction and the top three predictions. Using
the geometricfeature alone, LIGSITE ¢ canidentify ligand-binding sites at 60%
and 77% accuracy for the top 1 and top 3 pocket sites, respectively. In the
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3.2 Results and Discussion

secondstageof re-ranking by consenration, LIGSITE ¢ correctly re-ranks 34 out
of 37 top 3 predictions by LIGSITE “*. Thus, LIGSITE ¢ improvesthe success
rate of top 1 predictions from 60% to 71%. For bound structures results are
generallybetter (seeTable 3.2). For the bound structures, LIGSITE ¢ improves
the successate from 69%to 79%for the rst prediction. Theseresults indicate
that conformational changespose a challenge for all methods. In 2tga/Imtw
and 3gd/1chg, the loops near the ligand binding sites stretch signi cantly to
allow ligand binding. None of the methods predicts the site correctly. Howewer,
this ligand binding site is the biggest pocket on bound structure and is highly
consened (data not shawvn).

In 28 (57%) casesthe v e methods predict the samepockets as binding sites
(seeTable 3.4). Figure 3.10n the left shonvs sud an example. Thesepocket sites
are spatially similar and they are all the biggest pockets correspnding to the
ligand binding sites. Figure 3.1 on the right shavs a casewhereall methods fail,
sincethe binding site is nearly °at, sothat the assumptionthat the ligand binds
at a large pocket doesnot hold.

To further validate the algorithms, LIGSITE ©¢, LIGSITE, SURFNET, and
PASS are tested on non-redundart bound structures of 210 protein-ligand com-
plexesfrom the Protein Ligand Database. CAST is not evaluated sincewe only
get a PyMOL plugin for it, which hasto be usedmanually. As summarizedin
Table 3.2.1, LIGSITE ¢ performsslightly better than the othersand achievesan
overall successate of 75%for top 1 predictions.
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Table 3.4: Comparison of LIGSITE ¢, LIGSITE, PASS, SURFNET, CAST on 48 unbound structures.

Complex Unbound LIGSITE ¢ 2 LIGSITE® PASS SURFNETY CAST
PDB Hits® Dpnear' HitS Dpnear Hits Dnear Hits9 Dyear HitS Dyear

1bid 3tms 1 3.4 1 2.0 1 3.9 1 3.9 1 3.1
lcdo 8adh 1 0.8 1 0.6 1 0.2 1 1.3 1 0.8
ldwd 1hxf 1 1.7 1 2.3 1 0.7 1 2.3 1 0.9
1fbp 2fbp 1 0.5 1 0.6 2) 0.8 - - 1 15
1gca 1gcg 1 0.8 1 0.8 1 0.5 1 3.4 1 0.5
lhew lhel 1 1.8 1 1.8 1 1.0 1 2.6 1 1.6
lhyt 1npc 1 1.2 1 1.1 1 1.7 1 1.0 1 0.7
linc lesa 1 2.9 3 0.8 - - 1 1.9 (10) 21
1rbp 1brq 1 0.9 1 0.9 1 0.9 2 1.6 1 1.0
1rob 8rat 1 0.9 2 1.0 1 0.3 1 1.7 1 1.6
1stp 1swb 1 0.6 1 0.3 1 0.8 1 2.4 1 1.4
1ulb lula - - (20) 3.2 - - 1 3.6 1 3.3
2ifb lifb 1 2.2 1 2.2 1 25 1 2.3 1 2.1
3ptb 3ptn 1/2 11 2 1.0 2 0.5 2 1.7 1 0.9
2ypi lypi - 3.0 2 3.0 (©)] 2.2 - - 2 2.7
4dfr 5dfr 1 1.9 1 35 1 2.3 - - 1 4.5
4phv 3phv 1 2.7 1 2.6 - - 1 2.9 1 2.6
5cna 2ctv 1/11 1.0 (13) 1.0 2 0.8 (6) 11 (6) 1.0
7cpa 5cpa 1 1.0 1 1.1 1 1.3 1 1.6 (©)] 1.0
labw la6u 1/3 0.5 4) 14 - - - - 1 14
lacj 1qif - 3.5 - 3.6 1 1.9 - - (40) 3.9
lapu 3app - 1.2 - 1.9 - - 1 3.7 -2 -4
1blh 1djb 1 0.7 2 1.2 1 2.4 2 3.9 5) 0.8
1lbyb lbya 1 25 1 2.8 4) 11 -1 -(4.2) 1 24
lhfc 1cge 1 0.7 1 0.9 ?3) 0.8 3 1.2 1 0.5
lida lhsi 1 34 1 2.9 3 1.0 1 1.0 1 1.6
ligj ladj 14 0.8 -(19) 2.9 - - - - - -
limb lime 1 1.7 1 1.0 1 1.7 1 4.0 1 1.3
livd lnna 1 14 1 1.1 1 35 2 0.9 1 1.9
1mrg lahc 1 1.9 1 1.9 - - 1 3.3 1 0.8
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Table 3.4: Comparison of LIGSITE ¢, LIGSITE, PASS, SURFNET, CAST on 48 unbound structures.

Complex Unbound LIGSITE ¢ 2 LIGSITE® PASS SURFNETY CAST
PDB Hits® Dpnear' HitS Dpnear Hits Dnear Hits9 Dyear HitS Dyear

Imtw 2tga 1/5 2.8 -(7) 1.2 - - ) 3.2 (8) 1.6
lokm 4ca2 1 2.2 1 1.6 - - 3 2.2 1 2.1
1pdz 1pdy 1 2.6 1 3.1 1 1.7 - - 5) 1.0
1phd 1phc 1 0.7 1 1.2 1 1.8 2 14 1 1.3
1pso 1psn 1 0.8 1 1.6 1 1.6 -1 -(4.3) 1 21

1gpe 3lck 2 1.5 2 1.2 1 0.7 - - - -
1rne 1bbs 1 1.0 1 1.2 1 14 1 2.2 1 1.0
1snc 1stn 1 15 1 15 1 1.3 1 1.9 1 1.3
1srf 1pts 1 15 1 0.5 1 1.2 5) 0.8 1 11
2ctc 2ctb 1 0.6 1 1.1 2 0.8 1 2.2 1 1.2
2h4n 2cha 1/2 1.0 2 1.0 - - 3) 1.2 (2) 1.2
2pk4 1krn 1/2 0.7 2 0.8 - - (2) 2.2 1 1.9
2sim 2sil 1/2 0.7 2 0.6 - - 2 2.3 2 0.8
2tmn 113f - 2.1 - - - - 1 0.7 1 3.9
3gdh 1lchg 10 2.2 -(10) 2.2 1 0.9 (11) 1.5 2 25

3mth 6ins 9 3.8 -(9) 1.8 - - -3 -@4.7) - -
5p2p 3p2p 1 1.3 1 1.6 1 1.8 (2) 1.6 (2) 15
6rsa Trat 1/4 0.9 -(5) 1.1 1 11 1 0.6 1 0.9

aGrid resolution: 1:0A; probe radius: 1:6A.

bParametersare the sameas LIGSITE ©¢,

®The valuesare directly taken from PASS. Only the best hit is shawn.

dGrid separation: 1:0A. Minimum and maximum radius for gap spheres:1:0 and 4:0A.
The gaps.pdb Te is usedfor the represeriation of pocket sites.

®Hits: PS(s) lying within 4A of the superimposedligand. Only the best hit is shown.
A dashindicates that no hit is found, brackets indicate hits, which are no top hits.
fDistancesfrom hits to the nearestatom of superimposedligand, unit: A.

9The ranking of pocket sites lying within 4A of the superimposedligand.
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3.2 Results and Discussion

Method Topl Top3
LIGSITE®* | 75%

LIGSITE® | 67% 87%
LIGSITE 65% 85%
PASS 54% 79%
SURFNET | 42% 56%

Table 3.5: Succesgates for 210 bound structures. Note that only the top 1 prediction is
consideredin LIGSITE ©s¢.

The predicted pocket sitesare classi edinto four classedollowing (Laskowski
et al.,, 1996: the ligand binding site is the rst, second,third largest pocket or
none of these. Table 3.6 shavs the percertage for thesefour classesas well as
the averageand the stadard deviation of the size of the pocket sizesin term of
the number of pocket grid points. The goal of re-ranking by consenration is to
bring hits found in the secondand third largestpocket to rank 1. The ratio of the
largest pocket to the secondlargest for a given protein approximately indicates
how unusually large the largest pocket is. For binding sitesin the largest pocket
the ratio is greaterthan for binding sitesin the secondand third largest pocket.
To put it di®eretly, if the largest pocket is signi cantly larger than the others,
then it is likely the binding site, otherwisethe other two pockets are likely, too.
There are 27 casesn the fourth classwherethe ligand doesnot bind to any of the
top 3 pocket sites(seeTable 3.6). Among these?27 structures, there are 11 cases
that the ligand binding site is around a small pocket and the ranking of this site
in LIGSITE  is below 3. LIGSITE © fails to identify binding sitesfor the other 16
structures. Howewer, amongthesel6 caseghere are 12 proteins wherethe ligand
binding site is nearthe biggestpocket. LIGSITE © canidentify thesepocket sites
at the top 1 if the distance threshold is setto 8:5A. The ligand-binding site is
geometrical°at for only 4 caseq1ac0,1182,1rgkand 2msb). Howeer, the binding
site is more consenred than the rest of the surfaceexceptfor 1182in these4 cases.
None of the geometricalmethods can detect sud °at binding sites.
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3.2 Results and Discussion

Figure 3.1: Left : Hen egg-white lysozymewith its ligand Tri-N-Acetylchitotriose (PDB
lhel). The ligand binds in a deeppocket and all algorithms correctly predict the binding
site. red: LIGSITE ¢, blue: LIGSITE, cyan: PASS, yellow: SURFNET, orange: CAST.
Righ t: Hexamericinsulin with its ligand methylparaben (PDB 6ins). The binding site of
the ligand is unusually °at and therefore none of the methods detectsit correctly.

Table 3.6: Numbers of protein in ead classfor 210 bound structures

Class No. of protein(perc.) Avg.(Size) Dev.
Class1: Binding site in largest pocket 141/210=67% 209 185
Class2: Binding site in secondlargest pocket 28/210=13% 66 64
Class 3: Binding site in third largest pocket 14/210=7% 40 41
Class4: Binding site in none of above 27/210=13%

3.2.2 Conserv ation impro ves ranking

Consenation hasbeenwidely usedfor function site prediction (Aloy et al., 2001,
Armon et al., 2001, Pupko et al., 2002 and protein-protein interaction interface
prediction (Aytuna et al., 2005 Bradford and Westhead 2005 Espadaleret al.,
2005 Neuvirth et al., 2004h, combined with other physiochemical properties.
Here,we proposeto re-rank the top 3 geometric-basedgbrediction usingthe degree
of consenation of the involved residues.As a result, we can improve the ranking
for 183 out of 210 structures, which are hits of LIGSITE “'s top 3 predictions.
LIGSITE ¢ correctly ranks 157 out of thesel83astop 1 (86%). Figure 3.2 shows
a typical examplehow a consenration scoreimprovesthe ranking for a Kringle
domain (pdbid 1krn).
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3.2 Results and Discussion

Figure 3.2: Mapping pockets and degreeof consenation onto a protein surface (1krn).
The rst two pockets have similar size (ratio: 1.3). The residuesnear the secondlargest
pocket (right, yellow), which is the ligand binding site, are more consened than those near
the largest pocket (left, yellow). Red: highly consened, grey: lessconsened.
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Figure 3.3: The successrates of LIGSITE  for di®erent thresholds for the minimal

number of surface-solent-surface everts (MINSSS), for the top 3 predictions for 210bound
structures.
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3.2 Results and Discussion

Figure 3.4: Limits of LIGSITE °¢: The hole in aring structure (pdbid 1a4j) is predicted
by LIGSITE °¢ aslargest pocket. The ligand binds, however, to the secondlargest pocket
shown on the left.

3.2.3 Parameter analysis

In LIGSITE ¢, there are four key parameterswhich in°uencethe results, namely
grid size,minimal number of surface-solen-surfaceevens (MINSSS), the radius
of the sphereto calculate the conseration score,and the distance threshold for
de ning hits (seeMethods and Materials). For grid size,we tested LIGSITE ©¢
using 0.8, 0.9, 1.1 and 1.2 A. The succesgates only vary | 5 to +5 percernage
for the 210 bound structures (data not shown). Although a smaller grid size
leadsto ner-grained pockets, the ranking is not a®ected.Additionally, smaller
grids leadsto cubically increasingrun-time. Thus we choose1:0A. The surface-
solert-surface events (protein-solvert-protein ewvens in LIGSITE) vary from 1
(buried) to 7 (deeply buried). Figure 3.3 shows the succesgates of LIGSITE ©®
for di®eren MINSSSvalueson the 210bound structures. The cuto®of 6 leadsto
the bestresults and is thereforechosen. Nonethelessscanningalong 7 directions
fails if the structure forms a ring (seeFigure 3.4). As mertioned earlier, at the
secondstage, the top 3 pocket sites are re-ranked by the averageconsenation
scoreof residueswith a sphereof radius 8 A. This radius ensuresa moderate size
of patch within this sphere,which givesa reasonableaverageconsenration score
for re-ranking.
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3.2 Results and Discussion

a b c
Figure 3.5: The occupancy of ligands on predicted pocket sites. Grey: the whole pocket
sites, Red: masscerter of pocket sites and Magerta: ligand. a). Carbonic anhydrase |l
(2cba), a perfect prediction. b). Acetylchitotriose (1hel), good prediction but only a small
part of ligand atoms occupy the pocket sites. ¢). Purine nucleosidephosphorylase(lula),

the pocket sites cover all atoms of the ligand. The minimal distance is 5:10A since the
ligand is very small and it is not counted as a hit.

3.2.4 Limitation of LIGSITE °¢s¢

Represeting the pocket site asthe masscerter of grid clustersis somehav too
simple for very large pockets. The ligand doesnot occupy the whole pocket sites
and doesnot locate around the certer of the pocket sites. Also, the orientation

of ligand and the shape of the pocket sitesare very important for the assessmen
of predictions. Figure 3.5.a shaws a perfect prediction on Carbonic anhydrase
Il (pdbcode 2cba). In this case,the pocket sites cover all ligand atoms and the
minimal distance betweenthe masscerter of this pocket and the ligand is 1:8A.

Howewer, as showvn in Figure 3.5.b, on Acetylchitotriose (pdbcode 1hel), only a
small part of ligand atoms occupy the pocket sites. In Figure 3.5.c, the ligand is
very small comparingto the pocket site of Purine nucleosidephosphorylasgpdb-
code lula). The minimal distance betweenthem is 5:10A, which is not courted
asa hit (4A is usedto de ne a hit). This phenomenonmight be a reasonwhy
the succesgates of SURFNET here are lower than reported in Laskowski et al.
(1996, which useda di®eren hit de nition. Howewer, increasingthe distance
threshold does not improve the performanceof LIGSITE ¢ signi cantly (data
not shown). Newerthelessthe advantage of represeting pockets asa singlepoint

is that di®eremn methods can be assessetly the samecriteria. Moreover, rather
than using the original grid points in the cluster, it is straightforward to extend
this single point using a sphereof certain radius.
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3.3 Summary

3.3 Summary

In the last decade many computational methods have beendeweloped to identify
pockets on protein surfacesand to analyzethe relationship betweenthe pockets
and ligand-binding sites. Most of them are purely geometricand do not require
any knowledge of the ligands. Howeer, there is no comparisonbetween these
methods. In this paper, we propose a method called LIGSITE ¢, which ex-
tends LIGSITE (Hendlich et al., 1997 by de ning surface-solert-surface everts
and ranking them by the degreeof consenration (Glaseret al., 200§. We com-
pare LIGSITE ¢*¢ to LIGSITE, PASS, SURFNET, and CAST on a dataset of 48
unbound/bound and 210 bound-only protein-ligand complexesusing the same
ewvaluation criteria. On the unbound/b ound complexesthe methods predict the
samecorrect ligand-binding sitesin 28 out of 48 cases.Overall, LIGSITE ¢ per-
forms slightly better than the other approatesand correctly predicts the ligand
binding site in 71% and 75% cases,respectively. LIGSITE ¢ is our exact an-
swer to the rst question: "Can we impro ve protein-ligand binding site
prediction using the Connolly surface and conservation?"

LIGSITE *° is available online at scoppi.biotec.tu- dresden.de/pocket .
Userscan submit PDB les or enter a PDB ID and specify the chain ID. The
parameterscan be adjusted by the user. It returns the pocket sitesin a standard
PDB Te format and a python script for visualisation of pockets using PyMOL
(Delang 2002 aswell. LIGSITE ¢¢ and LIGSITE are both implemerted in C++
using the BALL (Kohlbacher and Lenhof, 200Q library. LIGSITE ““s C++
sourcecode is freely available for academicusersfrom the web site.
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Chapter 4

MetaPPl: a meta protein
Interaction site prediction
metho d

In the previous chapter, we have depicted a computational approad to predict
the ligand binding site on the protein surface,using surfacegeometricfeature and
sequenceonsenation information. Now we want to extend our prediction to the
protein-protein interaction sites. In this chapter, we will try to answer the sec-
ond open question"Can we impro ve protein-protein  interaction site pre-
diction using existing prediction metho ds?" by deweloping a meta predic-
tion method (metaPPl) using v e existing state-of-the-art protein-protein binding
site prediction webseners. These v e websenrers include Promate, PPI_PRED,
PPISP, PINUP and SPPIDER, asmertioned in Chapter 2. The prediction results
from thesesenersare integrated together and our metaPPI providesa consensus
prediction.

Beforewe explain our metaPPI approad, we introducea method to generate
cortinuous patches using the mesh represemation of the protein surface. The
patch generationis the rst step in the binding site prediction and cortinuous
patches are of great importance to prediction accuracy (Jonesand Thornton,
19973ab).
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4.1 Patch generation

4.1 Patch generation

In protein-protein interaction site prediction methods, the patch generationis

the rst step. The protein surfaceis divided into di®eren patchesand a scoring
function is appliedto thesepatches. A patch is de ned asa certral surfaceresidue
and its n nearestneighbour surfaceresidues. Then the patch with the highest
scoreis consideredas potential binding site. In the prediction methods discussed
in Section2.3.2, the patchesare generatedbasedon distance. Usually, a surface
residue(Cg atom position) is chosenas starting point of the patch. The surface
residueswithin a sphereof a certain radius are addedinto this patch. A vector

constrairt is appliedto avoid patchesthat include residuesfrom opposite "sides"

of a protein (Bradford and Westhead 2005 Jonesand Thornton, 19973 Liang

et al., 2006 Neuvirth et al., 2004h. Howewer, in this distance-basedyeneration
method, discortinuous patches could form, which might in°uence the accuracy
of the prediction. That is the casesince the protein-protein interaction sites
are almost cortinuous. In this section, we will discussour approad to generate
cortinuous patchesusing a meshrepresetation of the protein surface,which is

called\MeSu".

4.1.1 MeSu approach

In our MeSu (Mesh Surfae) approad, the surfacevertices are usedto gener-
ate the patchesrather than protein atoms. First, given the protein structure
we calculate the solvert excludedsurface(SES) using the Connolly's algorithm
(Connolly, 1983. The SESsurfaceis represen by a mesh.

For ead surfaceresidue,the nearestsurfacevertex is chosenasits correspnd-
ing surfacevertex (certer vertex). Starting from this certer vertex, rst we add
its children to the patch. Then the children of its children are addedto the patch.
The procedureis iterated for a certain number of steps(seeFigure 4.1).

Figure 4.2 shavs two di®eren patchesgeneratedby MeSuwith 10 iteration
steps. The left patch is quite °at while the right oneis very deeply buried. All
the patcheson the whole surface of protein ®chymotrypsin (PDBcode: lacb,
chain E) are shavn in Figure 4.3 and colored di®erettly. The whole surfaceis
partitioned into di®eren cortinuous patches.
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4.1 Patch generation

Figure 4.1: lllustration of the continuous patch generation procedure of MeSu. First,
the children (bottle green) of the certer vertex (red) are added into the patch. Then
the children (black) of its children are added to the patch. This procedureis iterativ ely
repeated for a certain number of steps. Here only three iteration stepsare shown.

Figure 4.2: Two di®eren patchesgeneratedby MeSuwith 10iteration steps. Left: a °at
patch; right: a deeply buried patch. Red: starting point.
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4.2 Protein-protein  binding site prediction

Figure 4.3: Applying MeSu on the protein ®chymotrypsin (PDBcode: lacb, chain E).
The whole surfaceis partitioned into di®eren cortin uous patches.

The two key parametersin MeSu are surfacedensity and iteration steps. For
surfacedensity, we use 1 dot=A? here. The size of patch is determined by the
iteration stepsand the patch shape. Here we use 10 stepsand it will generate
patcheswith 10-20residues,dependingon the shape.

This cortinuouspatch generationapproad is successfullyappliedin our metaPPI
approad, that we will mertion in the next section. The cortinuous patcheshelp
to improve the prediction accuracy Furthermore, these mesh patches can not
only be usedto model the shape of protein ligand binding sites but alsoto com-
pare di®eren ligand binding sitesin di®eren proteins.

4.2 Protein-protein  binding site prediction

Biological functions and processesre performedthrough a network of proteins
andtheir interacting partnersincluding proteins, nucleicacidsand small molecules.
The recognition of protein-protein interaction sitesis of greatimportanceto iden-
tify functionally important amino acid residues facilitate experimertal e®ortsto
catalog protein interactions, enhancecomputational docking studies and drug
design,as well as enablefunctional annotation for the growing number of struc-
turally resoled proteins of unknown function (Letovsky and Kasif, 2003 Nabieva
et al., 2005 Pazosand J-W, 2006 Stark et al., 2004.
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4.2 Protein-protein  binding site prediction

In the last decade,many approadies have been deweloped for prediction of
protein-protein interacting sites, basedon sequetial and/or structural informa-
tion of proteins. These approates have beendiscussedin detail previously in
Section2.3.2 Howewer, there is no direct comparisonbetweenthese prediction
approadeson the samedata set using the samede nition and criteria. Here we
integrate the prediction results from v e state-of-the-art public available predic-
tors: PPISP (Chenand Zhou, 2005 Zhou and Shan 2001, PPI_PRED Bradford
and Westhead (2005, Promate (Neuvirth et al., 20043, PINUP (Liang et al.,
2009 and SPPIDER (Porollo and Meller, 2007. Then we proposea meta pre-
diction approad which can improve the prediction accuracy Togetherthese
approadies are ewvaluated on the same unbound structures from a data set of
62 protein-protein complexesderived from Weng'sdocking bendimark (Mintseris
et al., 2005 and CAPRI targets (Mendezet al., 2005, usingthe samede nitions
and criteria. The detailed method is explainedin below.

4.2.1 MetaPPl approach

The unbound protein structures are submitted to the v e prediction senersand
prediction results are retained. We assigna con dence scoreto ewery surface
residueif it is predicted as an interface residueby one prediction method. Thus,
ead surfaceresiduegetsa con dencescoreof 0 (none of the prediction methods
predict) to 5 (all prediction methods say it is an interfaceresidue). Therefore,the
whole surfacecan be divided into di®erer patchesconsistingof the residueswith
the samecon dent scores.The patch with the highestcon dencescoreis selected
asthe initial predictedbinding sites. If it is onecontinuouspatch, then the whole
patch is consideredas potential predicted binding site. Otherwise, the patches
are clusteredinto di®eren cortinuous sub-patdies. Then the biggest sub-patd
is consideredas potential predicted binding site.

Then we usethe MeSumethod to generatepreciselycortinuouspatchesusing
a meshrepresemation of protein surface. The solvent accessiblesurfaceof the
protein is calculatedusing Connolly algorithm (Connolly, 1983 andis represeted
asa mesh. Next, the vertex nearestto the masscertre of the potential predicted
binding site is selectedas starting point. Starting from this point, rst we add its
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4.2 Protein-protein  binding site prediction

Table 4.1: The Succesgates of di®eren prediction approacheson the test data set (%);
El=Enzyme-Inhibitor

Type # | PPIPRED PINUP PPISP Promate SPPIDER | metaPPI |
El (20) 45 52 55 36 23 70
Other (42) 28 15 25 13 10 44
All (62) 33 27 34 21 14 52

children (neighbouring) verticesto the patch. Then the children of its children
are addedto the patch. The procedureis iterated for 10 times. In the last step,
the PDB atoms that are assiated to the verticesin this patch are the nal
predicted binding site. This procedureis illustrated in Figure 4.1

Mostly, the prediction is assessedby two parameters. One is the accuracy
of predicted interface, which is the fraction of correctly predicted residuesin the
total number of predictedinterfaceresiduesghe other is the coverageof the actual
interface by the predicted interface, which is the fraction of correctly predicted
interfaceresiduesin the total number of native interfaceresidues.A prediction is
successfulf morethan half of the predicted residuesare native interfaceresidues
(accuracy, 50%),asde ned in Liang et al. (2006; Neuvirth et al. (20043. A
residueis a surfaceresidueif its relative solvert accessibleareais greater than
10%, calculatedby NACCESS(Hubbard, 1999. The complexstructuresareused
for de ning native interface residues. A surfaceresidueis consideredas native
interface residueif its accessiblesurfacearea decreasecby more than 1A2 upon
complexation.

To evaluate theseapproates,we composea data set of 62 complexesderived
from Weng'sdocking bendimark (Mintseris et al., 2009 and recert targets from
CAPRI experimerts (Janin et al.,, 2003 Mendez et al., 2003. Ead complex
only has one chain in each componert sincethe v e prediction seners can only
predict interfacefor proteins with onechain. This data set consistsof 20 enzyme-
inhibitor complexesand 42 other types of complexes. The unbound structures
(someCAPRI targets are bound or homology modelling structures) are usedfor
interface prediction and comparedto the complex structures (bound) to de ne
successates.
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4.2 Protein-protein  binding site prediction

4.2.2 Prediction results
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Figure 4.4: The overlapping performanceof the "v e prediction methods. All the methods
predict 5 interfaces successfully (accuracy , 50%). Four of them are successfulfor 4
interfaces(11 for three, 23 for two and 25 for one of them, respectively). For 56 interfaces,
none of these v e methods gives correct prediction.

The successates of eat method are summarisedin Table 4.1 Our metaPPI
approad adhives 70% successate for the enzyme-inhibitor (EI) complexesand
44%for other complexes.Totally, our approad gets52% successgate for all the
test cases.Overall, our approad improvesthe prediction of individual prediction
methods by about 20%.

We also show the averageaccuracyand averagecoverageof ead prediction
methods in Table 4.2 Our approad has higher accuracy (60% for EI, 38% for
non El and 45%for all) than other methods. Howewer, our method doesnot have
hihger coveragethan others methods. Sincethe goal of the prediction is to help
docking, the accuracyis moreimportant than coverage.In MeSuapproad, when
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Figure 4.5: The succesgates of metaPPI that leavesone predictor out. This plot shows
that the metaPPIl approad including all "v e predictors performs better than metaPPI
leaving one predictor out, except for metaPPI without PPISP and SPPIDER for EI com-
plex.

the expansionis iterated for moretimes, we would get higher coveragewith lower
accuracy(data not shavn). The detailed binding sites prediction results of eat
method for eady complexare shavn in Table 4.3 For somecomplexes,Promate
doesnot return any predicted interface. And for somecases SPPIDER predicts
a very big interface which is unrealistic.

Figure 4.4 shows the overlapping prediction results of the v e method for all
the test cases.All the methods predict 5 interfacesuccessfullfaccuracy, 50%).

Table 4.2: Averageaccuracy and coverageof di®erert prediction approaceson the test
data set (%)

Type | PPI_PRED PINUP PPISP Promate SPPIDER metaPPI
accu covr accu covr accu covr accu Ccovr accu covr accu | covr
El 41 42 46 43 46 39 40 19 38 45 60 35
Other | 26 29 24 22 27 24 15 8 26 41 38 21
All 31 33 31 29 33 29 24 12 29 42 45 25
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4.3 Summary

Four of them are successfufor 4 interfaces(11 for three, 23 for two and 25 for
one of them, respectively). For 56 interfaces,none of these v e methods gives
correct prediction. To addressthe in°uence of eat method on the sueccessates
of metaPPI, we plot the succesgates of metaPPI that leavesone predictor out
in Figure 4.5. To our surprise,for EI complex, metaPPI without PPISP hashigh
sucesgate (72%), while PPISP performsbest (55%) amongthese v e methods.
MetaPPI without SPPIDER has the same successrate (72%) but SPPIDER
only adchives23% for EI complex. MetaPPI without the other three predictiors
has lower succesgate than metaPPI including all predictors (PPl _PRED: 67%;
PINUP: 65%; Promate: 60%). For nonEl complexand all test casesmetaPPI
without PPI_PRED and PINUP have the lowest sucessate 34% and 44%, re-
spectively. Overall, this plot shows that the metaPPI approad including all ve
predictors performs better than metaPPI leaving one predictor out, except for
metaPPI without PPISP and SPPIDER for EI complex.

At the time whenthis dissertationis nished, a similar approad meta-PPISP
was undertaken by the group of PPISP (Qin and Zhou, 2007). Meta-PPISP
combined results from three approades: PPISP, Promate and PINUP. In meta-
PPISP, a linear regressionmethod, using the raw scoresof the three seners as
input, wastrained on a set of 35 nonhomologougroteins. Their crossvalidation
showved that meta-PPISP outperformsall the three individual seners. It would
beinterestingto comparethis meta-PPISP approad with metaPPI and integrate
it into our metaPPI sener.

4.3 Summary

In this work, we dewvelopa metaapproad to predict protein binding sitesbasedon
the prediction results obtained from other v e existing prediction seners. This
approad, together with v e other approades, are evaluated on a data set of
62 single-thain complexes,which are derived from Weng's docking bendimark
data set and CAPRI targets. The results show that our approad improvesthe
prediction acurracyover the other v eindividual approades,not only for enzyme-
inhibitor complexeshut alsofor other typesof complexes.MetaPPI is our answer
to the secondopen question"Can we impro ve protein-protein  interaction
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site prediction using existing prediction metho ds?".

The limitation of theseinterface prediction approadesis that they only work
for proteins with one chain in the structure. Howewer, most of the antib ody
proteins have two chains, one heary chain and one light one. Both chains are
involved in interactions with antigens. Therefore, new approadesstill needto
be deweloped to predict interface for multi-chain (multi-domain) proteins like
antib odies. Furthermore, proteins can interact with many other proteins at the
sametime, forming multiple interfaces. Therefore,dealingwith multiple interface
prediction should be addressedn any prediction approad.

MetaPPI is available at http://scoppi.biotec.tu- dresden.de/metappi .
The user can submit a single-dain protein structure and metaPPI returns the
interface prediction results for each method and a python script is provided for
the userto visualizethe prediction resultsin PyMOL.
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Table 4.3: The prediction results of di®eren approacteson the data set

b

PDB Receptor Ligand ©
- Real®  Cpp=Ppp'  Cpi =Ppi Con =Ppn Cor =Por Cep=Psp  Cmp =Pmp | Real®  Cpp=Ppp  Cp =Py Cpn =P pn Cor =Ppr Cep=Psp _ Cmp =Pmp
1ACB 25 15/27 10/23 14/20 11/25 14/45 14/16 17 1/12 11/20 7120 2/ 8 17/49 10/15
1AY7 17 2/18 8/16 6/22 4/10 4/15 3/11 15 0/10 11/20 9/11 5/ 9 10/21 8/11
1BVN 33 24/47 17/36 9/15 2/15 13/54 10/17 24 6/ 7 16/23 14/21 71 8 23/50 10/11
1CaGl 29 19/33 11/23 16/20 12/25 15/46 16/16 19 7111 13/17 13/22 4/ 6 12/12 77
1D6R 21 17/36 4/15 1/20 8/23 4/23 6/11 15 9/15 2/19 7130 3 6 15/52 8/18
1DRJ 34 10/20 10/14 5/14 4/13 o/ 0 9/14 42 14/43 21/32 14/15 3/ 5 1/ 1 13/16
1E6E 23 3/75 9/39 2/21 o/ 0 8/43 0/21 28 8/ 9 13/17 17120 8/11 19/23 14/15
1EAW 25 18/23 8/21 14/20 7124 3/29 12/12 21 13/15 19/25 16/20 5/ 6 15/18 9/ 9
1EWY 19 11/38 2/31 3/ 9 o/ 0 8/45 1/11 19 5/13 7119 13/21 4/10 9/18 8/14
1F34 32 12/39 7/31 1/27 1/14 13/53 4/13 33 13/20 11/15 14/20 4/ 4 22/39 8/11
1MAH 29 23/77 12/44 13/20 0/13 8/30 1/ 6 20 3/16 6/15 2/20 o7 16/31 3/19
1PPE 21 16/25 8/17 10/20 10/23 2/ 9 9/14 16 8/ 8 16/20 12/16 3/ 3 16/29 12/13
1TMQ 30 20/36 16/32 12/20 3/11 12/28 12/16 25 0/12 17122 17127 6/12 20/55 14/15
1uUDI 27 21/27 13/24 10/20 1/ 5 7115 7/11 23 8/16 13/18 16/20 5/ 9 21/59 13/14
2PCC 14 11/58 9/28 0/14 o/ 8 o/ 5 7/13 17 9/15 3/12 4/22 2/11 0/ 5 6/14
2SIC 21 14/29 8/16 18/20 7112 8/30 8/11 14 0/25 14/19 0/21 9/11 11/44 0/17
2SNI 18 11/31 7/13 16/22 6/20 6/23 6/10 14 9/14 12/21 13/20 6/ 7 14/40 8/14
7CEI 17 8/14 8/16 9/13 2/ 2 2/ 6 6/ 8 16 6/14 0/22 4/11 o/ 5 o/ 0 6/15
T16 23 0/48 16/24 7113 3/28 12/25 5/ 9 31 21/34 7120 4/ 9 2/ 6 1/ 1 9/ 9
T17 20 0/23 0/21 0/18 0/26 2/28 o/ 9 20 9/27 10/15 4/20 1/15 7/16 13/14
T18 24 12/26 8/22 3/20 4/18 6/17 12/14 29 1/47 0/15 0/24 0/26 2/42 o/ 8
Other
1AK4 16 14/24 6/22 8/20 117 1/ 5 5/10 12 0/31 12/17 0/18 o/ 5 12/90 0/11
1ATN 16 0/58 0/20 0/22 o/ 4 16/191 0/12 16 0/31 0/17 2/ 6 0/10 o/ 3 0/10
1B6C 18 10/15 9/20 7123 4/11 7116 10/12 24 6/67 6/24 3/20 o/ 0 13/40 6/11
1BUH 17 0/30 0/23 0/20 5/10 5/43 0/13 18 12/18 7115 6/22 5/ 8 17160 7112
1E96 20 3/15 8/17 7120 o/ 2 15/46 5/13 14 0/28 8/20 1/ 5 o/ 0 9/23 5/12
1FQ1 14 0/24 4/19 1/11 o/ 2 3/27 0/11 13 1/74 4/19 0/21 0/10 7159 0/14
1FQJ 28 21/37 13/25 8/15 o/ 2 13/36 12/17 21 14/27 12/39 7113 2/12 4/15 10/11
1GCQ 11 0/29 9/13 1/21 2/22 6/18 7/10 15 9/13 3/19 8/11 o7 12/33 6/10
1GHQ 8 0/38 0/22 0/19 o/ 0 1/16 0/15 9 2/21 0/17 5/20 1/ 6 4/38 0/10
1GRN 20 5/25 3/15 6/22 1/ 5 10/55 3/ 9 22 0/20 5/20 11/20 o/ 0 13/33 1/ 6
1H1V 46 14/58 6/18 3/14 2/ 4 38/188 6/13 41 0/99 0/31 0/13 o/ 0 0/20 0/ 5
1HE1 26 14/23 1/27 9/20 o/ 0 8/10 8/12 28 12/18 10/16 14/20 o/ 2 23/49 13/17
1HES8 21 0/210 0/48 0/20 o 2 7167 0/11 18 7/30 5/17 9/22 o/ 0 14/27 3 7
112M 28 11/33 7/15 5/20 o/ 0 10/47 6/14 39 23/60 10/20 o 7 o/ 3 0/11 0/16
1IBR 50 17/28 7117 15/20 o/ 0 22/52 11/15 56 16/68 2/36 2027 3/10 11/65 1/14
1KA C 19 0/25 0/15 0/20 o 7 2/32 0/10 21 10/14 8/16 o/ 9 4/ 8 1/ 8 6/10
1KTZ 8 2/31 4/18 7122 2/12 8/70 5/11 10 3/19 8/19 8/20 2/11 8/23 8/12
1KXP 43 26/46 0/20 7121 2/ 4 40/189 13/16 46 27163 0/31 0/ 16 2/ 5 1/30 0/14
1KX Q 36 27166 1/27 11/16 0/15 22/51 11/12 28 2/10 6/19 7120 o/ 3 25/85 5/12
iM10 29 14/21 6/24 37 o/ 4 2/ 5 7112 33 0/28 0/31 0/20 o/ 9 8/19 0/11
1QA9 17 0/19 0/22 0/25 o/ 3 o/ 9 0/12 19 0/28 0/17 0/14 o 2 0/ 6 1/15
1SBB 17 0/34 1/20 0/18 o/ 3 0/28 0/10 16 0/31 0/22 3/ 4 o/ 4 1/ 2 0/12
1w Q1 31 17135 0/18 2/ 5 o/ 0 11/27 10/15 34 14/22 14/20 14/20 o/ 0 18/21 9/ 9
2BTF 25 19/48 0/19 8/21 1/ 4 22/188 8/15 25 12/17 12/31 3/22 1/ 2 11/34 0/13
TO4 28 1/42 0/30 0/11 0/11 1/32 0/14 22 15/21 6/21 7122 3/12 21/90 9/14
TO5 22 2/42 2/30 0/11 0/11 0/32 0/14 23 7/18 7119 2/26 3/12 22/99 9/10
TO6 34 25/42 14/30 9/11 1/11 18/32 10/14 26 1/22 6/20 5/20 1/12 23/90 4/14
TO7 13 0/24 5/22 o/ 2 0/14 o/ 3 4/12 18 0/40 1/18 0/13 o/ 9 0/18 1/13
TO8 30 0/42 0/32 0/20 o/ 0 1/21 0/17 26 3/38 4/20 4/16 2117 5/19 3/10
TO9 40 8/31 6/19 15/20 8/23 24164 8/10 40 5/31 6/18 15/20 10/23 25/63 5/11
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Table 4.3: The prediction results of di®eren approacteson the data set

PDB Receptor P Ligand °©

Real®  Cop=Pon'  Cpi=Ppi Con=Ppn Cpr Py Cop=Psp Comp Pmp Rea® Cow=Poo  Cpi=Ppi Con=Ppn Cor Py Cp =Psp Crp =Pmp
Ti1 22 11/24 6/19 13/22 7114 5/ 6 13/15 18 13/23 1/20 15/24 o/ 8 15/40 9/11
T12 24 10/22 6/20 14/22 7114 6/ 7 15/16 15 2/ 9 6/21 10/20 2/ 6 15/43 5/ 9
Ti4 43 3/35 2/31 3/21 0/22 5/17 1/10 38 1/51 7118 7129 o/ 6 29/84 5/10
T15 9 1/20 2/26 3/18 2/11 o 1 0/14 9 1/11 6/21 3/20 2/ 9 7137 3/19
T20 45 10/35 12/21 18/33 o/ 0 21/52 17/18 36 23/99 17/19 10/20 0/ 0 14/75 13/18
T21 15 1/33 4/21 0/22 2/12 0/24 0/10 11 0/22 0/19 0/21 4/12 8/60 0/13
T22 15 0/20 0/18 6/29 0/14 9/27 1/11 12 9/15 5/27 9/20 1 7 10/24 5/ 6
T23 53 33/50 12/21 0/15 5/31 1/ 6 9/14 53 33/50 12/21 0/15 7131 1/ 6 9/14
T24 15 11/22 8/15 12/20 4/11 11/24 10/15 13 8/16 0/17 1/21 0/10 o/ 2 0/12
T25 22 18/22 10/15 15/20 8/11 18/24 15/15 22 20/36 4/16 0/22 0/13 1/ 6 7112
T26 33 0/49 9/31 12/20 o/ 0 4/13 9/12 24 2/11 4/19 4/11 0/11 1/ 2 3/14
T27 9 2/30 0/20 0/23 o/ 2 o/ 8 0/10 9 0/32 3/18 8/20 o7 3/17 2/10

89

2 Type of complexes,EIl. enzyme-inhibitor complexes,Other: other comoplexes
b Receptor: the bigger protein in complex; Ligand: the smaller one
¢ 1 nf,: the number of residueson real interface in complex
d Cpp: the number of residuespredicted correctly to be on interface from PPl _Pred;
Ppp: the number of total residuespredicted to be on interface from PPl _Pred,;
pi. PINUP; ps: PPISP; pr: Promate; sp: SPPIDER; mp: metaPPI o
Promate fails in someproteins, i.e, P, = 0. It is spe cally designedfor enzyme-inhibitor complexes.

 For someproteins, SPPIDER (version 2) predicts a very big interface which is unrealistic.
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Chapter 5

Using prop ensity to impro ve
docking

In Chapter 7, we will usethe last chapter's interface prediction for docking. In
the next chapters, we dewelop simple prediction methods for speci ¢ types of
proteins and integrate them into docking. First, in this chapter, | will discuss
how the residue interface propensity improve protein docking for two speci c
protein families.

With the growth of the Protein Data Bank, moreand more complexstructures
are available. Thesecomplexstructures can be usedto calculate someproperties
that characterisethe protein-protein interaction. The residueinterfacepropensity
is one of these properties, which measureshow likely a residuetends to on the
interface. In this chapter, we proposeto calculate the residueinterface propensi-
ties for families of the structural classi cation of proteins SCOP (Andreea et al.,
2004. For residueswith high propensities,we calculate the tightnessof t scor-
ing function betweentheseresidues. Overall, this novel scoring function shows
a good correlation with the RMSD and therefore can improve docking. In be-
low, | will shav how to calculatethe residueinterface propensitiesand how these
propensitiesimprove rigid-body docking.
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5.1 Materials and Metho ds
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Figure 5.1: Scatter plot of the number of residuesin the interface based on distance
(SCOPPI) and basedon solvert accessiblesurfacearea. The strong correlationship suggests
that both methods are equivalent.

5.1 Materials and Metho ds
5.1.1 FFT docking metho d BDOCK

In our initial docking system BDOCK (version 1.0), we implemerted the FFT
docking method (see Section 2.4.2 using the BALL library (Kohlbacher and
Lenhof, 2000. BDOCK alsoincludesscoringby residuepair potential and des-
olvation energy BDOCK scansthe protein surfaceat a rotational angle of 10°
using a grid sizeof 1.0 A and a surfacethicknessof 2.0 A.

5.1.2 SCOPPI, Structural Classi cation of Protein-Protein
In terfaces

To compute the residue interaction propensities we use SCOPPI, Structural
Classi cation of Protein-Protein Interfaces,a databasewith over 40.000struc-
tural interaction interfaces(Winter et al., 2009 for over 8000 PDB structures
(www.scoppi.org). SCOPPI denotestwo domainsasinteracting with ead other
if at least5 residuepairs are within 5 Angstroms (the 5-5rule). The 5-5rule cor-
related very well with de ning the interface basedsolvert accessiblesurfacearea
(ASA) asshavn in Fig. 5.1 Fig. 5.2 shows a screens-hotof SCOPPI with the
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5.1 Materials and Metho ds

Figure 5.2: The screenshot of visual SCOPPI. It shows the interaction residuesin the
SCOP family b.47.1.2. The interface residuesare shaved in upper caseand marked green.

family members aligned by sequenceand interacting residueshighlighted. Non-
redundart family-members are usedto compute residueinteraction propensities
are descriked below.

5.1.3 Prop ensity calculation

SCOPPI cortains all the residue-residuecortact information in domain-domain
interactions at family or superfamily level. Residueinterface propensity is calcu-
lated at family level, i.e. the interaction of all proteins in the whole family are
usedfor calculation. To remove the redundart interactions, we use a threshold
of 90% similarity. For ead amino acid type i of protein, the propensity can be
calculated using the following formula:
- probn _ Nin (i):Nin
PrOPEN = Drol ~ Naur (1)=Nau (1)
where prol§" is the probability of residuetype i in the interface and prolf"
is the probability of residuetype i on the surface;Nj, (i) is the number of amino
acids of type i in the interface; Nj, is the total number of amino acids of any
type in the interface; Ng,, is the number of surfaceamino acids of typei in all
the domainsbelongingto this family; Ng, is the total number of surfaceamino
acids. Thoseresidueswith Propen above 1 indicate that it has high probability
for being in interface. Here we de ne those residueshaving Propen , 1.5 as
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5.1 Materials and Metho ds

\predicted interfaceresidues".

The main drawbadk of the propensity scoreis that it dependson the size of
SCOP family and the number of interaction derived from SCOPPI. For those
proteins of which there is not suxcient interaction data in SCOPPI, it is im-
possibleto calculate the interface residue propensity. That is the reasonwhy
we only restrict our docking test in Trypsin-like serine proteasefamily (SCOP
family ID b.47.1.2)for enzyme-inhibitor complexesand V setdomains(antib ody
variable domain-like)/C1 set domains (antib ody constart domain-like) (SCOP
family ID b.1.1.1/2) for antib ody-antigen, for which there is sutcient structural
data available.

As an examplefor the residuepropensitiesof two families considerFig. 5.3,
The residuepropensitiesdi®er substartially betweenthe families supporting the
needto considerpropensitiesat the family-level rather than globally. In Figure
5.4 the propensitiesof Fig. 5.3 have represeted ascolors(red = high propensity,
green= low) of the surfaceresidues.This exampleshows that the propensity in
the interface is higher than in the rest of the surfaceresiduesthus encouraging
the overall approad.

The reasonfor using residueinterface propensity asa scoringfunction is that
the near-native docked complex structures should have highest propensity value
if we calculate the averageresidueinteraction propensity (IP) for thoseinterface
residuesof receptor as bellow:

IP=— Pro (5.2)

where
1 .
10aPropen if Propen, 1.5

Pro = Propen else

Here Propen is the precalculatedpropensity for the residuei in the receptor
from docked structure usingequation5.1and N is the number of interfaceresidue.
If Propen is, 1.5, it is made 10 times bigger to ensurethat those docked
complexeshaving more predicted interfaceresidueshave higher propensity score.
This propensity scorecan measurehow likely the interface of docked solutions
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5.1 Materials and Metho ds

Residue| b.47.1.2| b.1.1.1/2 | Residue| b.47.1.2| b.1.1.1/2
ALA 0.53 1.16 LEU 1.05 0.96
ARG 0.72 0.94 LYS 0.52 0.75
ASN 0.51 0.59 MET 0.92 1.54
ASP 0.95 1.27 PHE 1.94 2.86
CYS 8.99 0.13 PRO 0.69 1.19
GLN 0.64 1.13 SER 1.25 0.55
GLU 0.55 0.58 THR 0.94 0.51
GLY 0.97 0.80 TRP 4.18 2.52
HIS 2.07 1.26 TYR 1.50 3.71
ILE 0.88 1.13 VAL 1.07 0.65

Figure 5.3: The residuepropensitiesof Trypsin-lik e serine protease(SCOP ID: b.47.1.2,
calculated from 747 interactions) and V set domains (antib ody variable domain-like)/C1
set domains (antib ody constart domain-like) (SCOP ID b.1.1.1/2, calculated from 620
interactions). TRP and TYR have high preferencein the interface in both families. CYS
has highest preferencein b.47.1.2but it hasvery low propensity in in b.1.1.1/2. The right
table shows the propensity valuesfor ead residue. Those residueswith propensity , 1.5
are regarded as predicted interface residues,i.e. for b.47.1.2they are CYS, HIS, PHE,
TRP and TYR; MET, PHE, TRP and TYR for b.1.1.1/2.
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5.1 Materials and Metho ds

1ACB 1CGlI

1DQJ 1FBI

Figure 5.4: The residue interface propensities on the protein surface of the receptors.
The gray oneiis its binding partner. Red: high propensity, green: low propensity (The
color schemeis referred to the valuesfrom Figure 5.3). The receptor of 1ACB and 1CGI
is Trypsin-like serine protease(b.47.1.2). The high propensity residuesfor this family are
CYS, HIS, PHE, TRP and TYR. The receptor of 1DFJ and 1FBI is V set domains (anti-
body variable domain-like)/ C1 set domains (antib ody constart domain-like) (b.1.1.1/2).
The high propensity residuesfor this two families are MET, PHE, TRP and TYR. These
“gures indicate that the high propensity residuesaccunulate around the real binding sites.
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5.2 Results

trend to be native interface. Using this scoring function to scorethe docked
solutionsis very fast sincewe only care about the interface residues.

As shawn for an enzyme-inhibitorexamplein Fig. 5.5.c-escoringwith desoha-
tion energy residuepair potential and shape complemetarity doesnot correlate
well with RMSD. The residue interaction propensity in Fig. 5.5a is already
much better, asit singlesout near-native structures together with a few very
poor predictions. To further reducesud false positiveswe combine the residue
interaction propensitieswith the tightnessof t (ToF) proposedby Gottschalk
et al. (2009. For ToF we only considerresidueswith , 1.5 propensity. ToF is
calculated accordingto:

dinter i dall

ToF =
daII

(5.3)

where

Dinter is the minimum distance of the Cg of residuei with propensity , 1.5
(high probability to be in interface) of receptor to any atom of ligand. Dy is
the minimum distanceof Cg atom of surfaceresiduej of receptorto any atom of
ligand. There are n residueswith | 1:5 propensity and m surfaceresidues. As
Figure 5.5.b shaws for the enzyme-inhibitor examplethe tightnessof t of high
propensity residuescorrelatesvery well with the RMSD of near-native complexes.

5.2 Results

To evaluate the above scoringfunctions we considered24 examplesfrom the Chen
data set (12 enzyme-inhibitor and 12 antib ody-artigen). For ea¢h complexin the
data set, we keep10000docking solutionsand scoreead by atom cortact energy
residue pair potential, propensity score,tightnessof t. Next, we compute the
Z-scorefor eat scoringfunction:

Xii )t

Y4
whereX; is the scoreofi solution, X is the meanscoreof total 10000solutions
and %is the standarddeviation. The bene t of usingZ-scoreto re-rankthe docked

Z-score =

(5.4)
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Figure 5.5 Di®erert Z-scoresvs RMSD of the enzyme-inhibitor complex 1ACB. a).
Residue interaction propensity b). Tightnessof t c¢). Desohation energy d). Residue
pair potential e). Shape complemenarity. While c, d, and e are not well correlated with
the RMSD, the propensity can single the best RMSD solutions together with some poor
solutions. Thesefalse positivesare completely abseri from the tightnessof 't score,which
correlates very well with the RMSD. The scatterplots of Z-scoresvs RMSD for all the
complexesare available at www.biotec.tu- dresden.de/~bhuang/bdock .
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5.2 Results

solutionsis that the scoresof di®eremn scoringfunction for di®ere complexare
comparable.

Here we de ne a docking solution as near-native structure (hit) if the RMSD
betweenit and the native complexis below 4:5A. It is obviously that when we
applied Tters to the complex structures pool, some near-native structures are
also Ttered out together with non-native structures. To seethe improvemen
after Tter, the improvemen factor | F is calculatedaccordingto
_hits 4 N

IF = — 55
h|tSbf:|\|bf ( )

whereNps, Ny are the number of the complex structures; hits s and hits i are
the number of near-native structures (RMSD - 4:5A\) in the pool, before Tter
and after lter.

Enzyme-inhibitor = complexes The receptorsin these complexesare in the
samefamily (Trypsin-like serineprotease, SCOPID b.47.1.2)which interact with
di®eren inhibitors. They are 1ACB, 1AVW, 1BRC, 1BTH, 1CGl, 1CHO, 1PPE,
1TAB, 1TGS, 2KAI, 2PTC, 4HTC. For this family, CYS, HIS, PHE, TRP and
TYR have propensity , 1.5 and are regardedas predicted interfaceresidues(see
Figure 5.3). The docking and Tter results are shoved in Table. 5.1 Basedon
shape complemetarity, BDOCK generatessomenear-native structures for all 12
E/l complexesyanging from 6 to 981,in 10000docking results. The best RMSD
for thesecomplexesis belowv 3A exceptfor 1BTH amongthese 10000solutions.

When Ttering these10000solutionsby propensity score,the number of com-
plexesin the pool reducedto one thousand to two thousand but most of the
near-native structures are still remaining in the pool. The improvemert factor
(IF) after Tter by propensity score, 1:0is greaterthan 2 for all the complexes.
Filter by ToF (- j 1:5) canremove more falsepositive solutionsexceptfor 1BTH
and 4HTC. For 1BTH, there is a very deeppocket in the enzymesurfacewhere
the inhibitor ts into tightly, while 4HTC has a long tail of the inhibitor in-
volved in interaction (seeFigure 5.6). This is the reasonwhy ToF fails to rank
near-native structures high for them.

Using both Tter criteria, the number of docking candidatesreducesto less
than one thousand and the best result is still remainedin this pool except for
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Table 5.1: The docking results for 12 enzyme-inhibitor complexes.

Complex hits,;2 RMSDP Filter by IP¢ Filter by ToF® Filter by IP and ToF
hits af =N af e IF" hits af =N af IF hits af =N af IF RMSD¢
1ACB 6 2.17 6/2049 4,88 6/1068 9.35 6/910 11.00 2.17
1AVW 11 1.38 9/1906 4.30 11/954 10.50 9/502 16.30 1.38
1BRC 42 2.21 24/1933 2.96 9/624 3.43 8/451 4.22 2.21
1BTH 12 3.85 12/1462 6.84 0/112 0 0/3 0 8.04
1CGl 52 1.30 51/1807 5.43  20/130 29.59 20/130 29.59 1.30
1CHO 38 0.90 34/1767 5.06 27/692 10.27 26/562 12.17 0.95
1PPE 981 0.29 653/1930 2 510/881 6.0 417/554  7.67 0.38
1TAB 62 0.71 26/1801 2.33  39/837 7.52 21/262 1293 0.71
1TGS 106 0.69 70/1859 3.55  88/987 8.41 69/654 1055 0.69
2KAI 114 1.43 82/1809 3.98 96/135 6.20 66/654 8.85 1.44
2PTC 52 1.66 46/1798 4.90 52/916 10.20 46/559 15.82 1.66
4HTC 41 2.20 33/1449 5.55 0/121 0 0/6 0 10.07

aThe number of complexeswhoseRMSD is below 4.5 A in 10000solutions.
bThe best RMSD from 10000docking results.
€Z-score. Threshold: , 1:0.

dZ-score. Threshold: - j 1:5.
N4 is the number of docking results remainedin the pool after TTter. hits 5 is the number of hits in this pool.
fCalculated accordingto equation 5.5. Ny is 10000.

9The best RMSD after "Tter using IP and ToF.
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6.

Table 5.2: The docking results for 12 antib ody-antigen complexes.

Complex hits,;2 RMSDP Filter by IP¢ Filter by ToF? Filter by IP and ToF
hits af =N af e IF" hits af =N af IF hits af =N af IF RMSD¢

1AHW 5 2.62 5/1316 7.60 0/1770 0 0/1106 0 5.94
1BQL 8 1.58 8/1641 6.10 8/2236 4.47  8/1377 7.26 1.58
1DQJ 20 2.85 19/1135 8.37 20/1978 5.05 19/1106 8.60 2.85
1EOS8 6 1.25 6/1840 5.43 6/1745 573 6/900 11.11  1.25
1FBI 9 2.84 6/1831 3.64 9/1932 5.17 6/1560 4.27 2.84
1I1Al 4 1.85 4/1804 554  4/1931 5.17 4/1138 8.79 1.85
IMLC 0 4.55 0/1478 0 0/1626 0 0/1177 0 4.55
INCA 13 1.17 13/1876 5.33 13/2307 4.33 13/1499 6.67 1.17
1QFU 8 1.29 8/1745 5.73  3/2279 1.64 3/1021 3.80 1.29
1WEJ 9 3.16 9/1253 799 9/1685 5.83 9/1195 8.36 3.16
2JEL 5 3.48 5/1745 5.73 5/1694 5.90 5/1055 9.47 3.48
2VIR 2 1.40 2/1695 590 2/1852 5.40 2/986 10.14 1.40

aThe number of complexeswhoseRMSD is below 4.5 A in 10000solutions.
bThe best RMSD from 10000docking results.

€Z-score. Threshold: , 1:0.

dZ-score. Threshold: - j 1:0.

N4 is the number of docking results remainedin the pool after TTter. hits 5 is the number of hits in this pool.

fCalculated accordingto equation 5.5. Ny is 10000.
9The best RMSD after "Tter using IP and ToF.
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5.2 Results

1BTH 4HTC

Figure 5.6: The complex structures of 1BTH and 4HTC. Tightnessof 't fails to gure
out near-native structures for them. Blue: enzyme,green: inhibitor.

1CHO and 1PPE. The improve factors becomebetter in all casesranging from
4 to 30.

Antib ody-antigen complexes 12complexedelongto this A/A, i.e. 1AHW,
1BQL, 1DQJ, 1EOS, 1FBI, 1IAl, 1IMLC, 1INCA, 1QFU, 1WEJ, 2JEL, 2VIR. For
thesel2 complexesthe antib ody consit of two domains: V setdomains(antib ody
variable domain-like) (SCOP ID b.1.1.1)and C1 setdomains(antib ody constart
domain-like) (SCOP ID b.1.1.2). Thesetwo domains bind together and they
are both involved in interaction with antigen. Only four residues(MET, PHE,
TRP and TYR) have propensity , 1:5 and are regardedas predicted interface
residues(see Figure 5.3). The docking and Tter results are shaved in Table.
5.2 Basedon shape complemetarity, BDOCK generatesonly a few near-native
structures in 10000docking results, from 1 to 20 exceptfor IMLC (best RMSD
4.55). When comparing the unbound structures (Antib ody D44.1 Fab fragmert
(2mlb) and lysozyme(1lza)) with the complexstructure of 1MLC, a signi cant
conformational changeis obsened on lysozyme,with Pro70 moving asmuch as4
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A and draggingthe main chain atoms (seeFigure 2.7 in Chapter 1). As a result,
rigid-body docking method fails to generatenear-native structures for this case
and °exibilit y needsto be taken into accour.

Filter by propensity (, 1:0), the improve factor is from 3 to 8. Filter by
ToF (- j 2.0), it is from 4 to 6. ToF fails in 1AHW becausethe high propen-
sity residueshave somedistribution on non-interface surface although they do
accunulate around the real interfacein the receptor of this complex. Using both
‘Tter criteria, the IF is 4 to 11 and the number of candidatesin the pool is
from 900to 1600. Comparing to the docking results of E/I complexes,esshits
are found in the initial 10000solutionsfor A/A complexesbasedon shape com-
plementarity which con rms the conclusionby Vajda and Camado (2009 that
antib ody-antigen is lesspredictable by current rigid-body docking methods. That
is alsothe reasonwhy the threshold for ToF hereis - j 1.0.

5.3 Summary

Protein docking aims to predict complex structure from unbound componert

structures. A major challengein this eld is to extract the near-native structures
from a pool of a large number of solutions by using appropriate scoring func-
tion. In this chapter, we descrilke a novel scoringfunction using interfaceresidue
propensity and the tightnessof t betweenhigh propensity residues. We evalu-
ated this scoringfunction on 24 structures from the Chen data set and obtained
improvemert factors of 4-30for enzyme-inhibitor and 4-11 for antib ody-antigen
complexes.The only limiting factor of this scoringfunction is the availability of
structural data to compute the family-basedinteraction propensities. A key in-
sight is that focusingon a few residueswhich are of particular importance(in our
casethe high propensity residues)and consideringthe tightnessof t for these
residuesimproves scoring. This work partially answers the open quesiton 3 "

Can we impro ve protein-protein  docking using interface prediction?"
particularly for two families which have enoughcomplex structures availiable in
PDB.
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Chapter 6

Integrate the degree of
buriedness and conservation Into
docking

In Chapter 5, we usefamily-basedresidueinterfacepropensity to improve protein-
protein docking for two speci ¢ families: Trypsin-like serine protease(b.47.1.2)
and V set domains (antib ody variable domain-like)/ C1 set domains (antib ody
constart domain-like) (b.1.1.1/2). Howewer, the family-based residue interface
propensity haslimited application becausdahere might not be enoughinteraction
data to calculatepropensity, for proteinsin the other families. In this chapter, we
focus on deweloping the knowledge-basedlocking approad for enzyme-inhibitor
complexes.The binding sitesof enzyme-inhibitor complexesalways involve a very
deeply buried pocket (Jadkson 1999 Laskowski et al., 1999. It is alsobelieved
that the binding sites are more consened than the rest of surface (Espadaler
et al., 2005 Guharoy and Chakrabarti, 2006 Jonesand Thornton, 1996 Ma
et al., 2003. Basedon the known knowledge, we try to dewlop new docking
strategy especially for enzyme-inhibitor complex. To read this goal, we update
our docking systemBDOCK 1.0 (seeSection5.1.7) to BDOCK 2.0, in which we
useboth the degreeof buriednessand consenation to improve enzyme-inhibitor
docking (for short, BDOCK afterwards meansBDOCK 2.0). First, we proposea
novel shape complememary scoringfunction for the initial docking stage,in which
the degreeof buriednessof surfaceresiduesare taken into accoun as di®erer
weights. The degreeof buriednessof surface residuesis calculated according
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6.1 New docking strategy for enzyme-inhibitor

to our pocket identi cation tool LIGSITE 5, as discussedn Chapter 3, ranging
from 3 (deeply buried) to 7 (very deeply buried). Secondly in the Tter stage,
the highly consered surfaceresidueslocated around a pocket in enzymesare
consideredto be predicted interface residues,which are then usedto calculate
the tightnessof t asa scoringfunction to Iter the docking solutions generated
in the rst step. This novel docking strategy is depictedin detail below.

6.1 New docking strategy for enzyme-inhibitor

6.1.1 A simple metho d to predict the binding site of pro-
tein enzymes

As discussedabove, the binding sites of enzymesfollow speci ¢ characteristics:
around the pocket and consered. Therefore, here we proposea simple method
to predict interface residuesfor enzymes:the highly consered surfaceresidues
located around a pocket are consideredio be predicted interfaceresidues.In this
sample prediction rule, we only usetwo of the featuresthat are investigatedin
madine learning basedinterface prediction methods (see Table 2.3 in Section
2.3.2: planarity and consenration. The degreeof consenation is taken from the
ConSurf-HSSPdatabase(Glaseret al., 2005, which generatesnultiple sequences
alignmert and scoregesiduesfrom 0 (not consened) to 9 (highly consened). We
considerresidueswith values8 and 9 as highly consered. A residueis de ned
as surfaceresidueif its relative solvent accessiblearea calculated by NACCESS
(Hubbard, 1999 is , 10%. The top 3 pocket sites on the protein surfaceare
identi ed using the tool LIGSITE ®¢, as discussedin Chapter 3. The highly
consened surfaceresidueswhich are within 8A to one of the top 3 pocket sites
form three discortinuous patches. The patches are merged into one patch if
they are closeenoughto eat other (within 3A). Finally, the biggest patch is
consideredas predicted interface. An interface prediction is de ned as successf
morethan 50%o0f the predictedresiduesarerealinterfaceresiduesn the complex.
For chymotrypsin an exampleis shovn in Figure 6.1 4 out of 5 predictedresidues
are real binding sites.

This prediction rule is evaluated on a non-redundar datasetof 102 enzyme-
inhibitor complexstructuresderivedfrom the EnzymeStructures Database(ESD)
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6.1 New docking strategy for enzyme-inhibitor

Figure 6.1: The residueconsenation on the surfaceof the Chymotrypsin. The greenone
is its inhibitor, Eglin C (pdbcode:1ach). Red: highly consened, grey: low consened. The
yellow sphereis the rst pocket site identied by LIGSITE °¢. In our method, 4 residues
are predicted as interface residues,out of which 3 residuesare real binding sites.

(http://www.ebi.ac.uk/thornton- srv/databases/enzymes/ ) and the SCOP
database (Murzin et al., 1995. The prediction successate is 76%, which is
comparableto the performanceof predictorsbasedon macine learning (Bradford
and Westhead 2005 Neuvirth et al., 20043. This result encouragesisto useour
prediction as a scoring function to Tter out the false positive docked solutions.
The PDB codesof these 102 enzyme-inhibitor complexesare listed in the Table
6.1

Beforewe explain how the tightnessof t is computedfor predictedinterfaces,
we introduce FFT docking method and our modi cation to it.

6.1.2 Integrate the degree of buriedness into docking

In our newdocking approad BDOCK 2.0, we follow the FFT approad discussed
in Section2.4.2 Howewer, we make a little modi cation that takesthe degreeof

burial of surfaceresiduesinto accourt for the surfacecells. For the grid points

in the surfacelayer, a componert namedburiednessdegree(Dy,) is addedin for

protein A (enzyme),as shovn below:
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6.1 New docking strategy for enzyme-inhibitor

Table 6.1: The PDB codes of 102 enzyme-inhibitor complexesused for evaluation of
interface prediction.

lacb lanl lavw 1a7 1bi7 1blx 1bgg 1brb 1brc 1bun
lbuv 1bzx 1c5m 1c9p 1lcgi 1ldo 1co7 1cse 1cso 1ctO
lcvw 1d6r 1dfy 1diy 1dp5 1dpj 1ds2 1ditd lebv 1leja
lezq 1f0s 1f2s 1f34 1f5r 1f7z 1fax 1fe2 1fjs 1°e

1fy8 1gOv 1g2l 1gl0 1h9h 1hcg 1hja 1hrt 1id5 1lioe
ljpu 1jgg 1td  1kli  1ksn 1kye 1ldt 1lpg 1llpk 1lqd
llwé 1mct 1mcv 1mee 1mg5 1n8o 1nfu 1009 1p2i 1ppe
lppf 1rOr 1rOt 1rfn  1sbn 1scj 1sgd 1sib 1slu 1smf
1spb 1ta3 1tab 1ltaw 1tel 1tec 1tgs 1ltpa 2btc 2kai

2ptc  2sec 2sgd 2sic 2sni  2sta 2tec 2tgp 2td 2tpi

3btd 4htc
8
< 1+ Dy, surfacecell
Agr = . P interior cell
0 elsewhere

The degreeof burial is calculated by scanningthe X, y, z directions and four
cubic diagonalsto identify the number of protein-solert-protein (PSP) everts.
The grid points near deepburied surfaceresidueswill have PSP ewerts ranging
from 3 (deeply buried) to 7 (very deeplyburied). The valuesof buried degreeis
the number of PSP event minlus 2, raning from 1 to 5.

Dy, = /ZNPSP i 2 If Npgp, 3
0 else

Figure 6.2 illustrates how the degreeof buriednessis calculated and how it
improves the shape complemetarity scorebetweentwo protein surfaces. The
value assignmen of grid points in protein B (inhibitor) is the sameas before.

To investigatethe in°uencesof the degreeof buriednesson the docking results,
we compareBDOCK 2.0with BDOCK 1.0. For convenience we renameBDOCK
1.0 to BDOCK™ (BDOCK without buriedness).frthermore, we also compare
thesetwo approatesto anothertwo well-known FFT-baseddocking programmes:
FTDOCK (Gabb et al., 1997 and ZDOCK version2:1 (Chen and Weng 2003
(pairwise shape complemetarity only). In FTDOCK, all surfacelayer grid points
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6.1 New docking strategy for enzyme-inhibitor

Figure 6.2: 2D schematic illustration of using the degreeof buriednessof surfaceresidues
in FFT docking. The dark curvesrepresen part of the surface of protein A and B. The
digits near the surfaceof protein A are the degreesof buriednessDy,, which are calculated
by scanningfour directions (shown in blue lines, 7 directions in 3D) to identify the number
of protein-solvert-protein events. The shape complemenarity scoreis 29 rather than 9
after shifting protein B to protein A, shawn in the right side.

are assigneda value of 1. While in ZDOCK, the number of atomswithin a sphere
of radius 3:6 is taken into accourt.

6.1.3 The tightness of t scoring function based on pre-
diction

In the Ttering step of docking, a good scoringfunction is neededto Iter out a

large number of false positives. Here we also follow the tightnessof t (ToF) as

discussedn Chapter 5 and make it to baseon the predicted interface residuesof

enzymes.ToF is calculated accordingto:

TOF = dinter i daII (6.1)
daII
where

1 X
dinter = ﬁ Dinter :i (62)

i=1

1 X
dayi = m Dai;j (6.3)



6.1 New docking strategy for enzyme-inhibitor

Dinter IS the minimum distance of the Cg of predicted interface residuei of
the enzymeto any atom of the inhibitor. Dy, is the minimum distance of Cg
atom of surfaceresiduej of the enzymeto any atom of the inhibitor. Therearen
predictedinterfaceresiduesn the enzymeand m surfaceresiduesn the inhibitor.

For eat solution generatedin the initial stage,we compute the Z-scorefor
the tightnessof t and the improve factor after Ttering, asde ned at equation
5.4 and 5.5, respectively.

6.1.4 Test dataset

Benchmark In this work, all thesefour approates(BDOCK, BDOCK™, FT-
DOCK and ZDOCK) aretestedon the samestructures of 59 complexesrom the
docking bendhmark of Chenet al. (2003. This bendimark consistsof heterodimer
complexesclassi ed as enzyme-inhibitor (22 cases) antib ody-antigen (19), other
complexes(11), and dixcult complexes(7). The complexesare classi ed into
two categories: enzyme-inhibitor and non enzyme-inhibitor complex. We have
carried out the unbound-urbound docking and unbound-bound docking as given
by the bendimark. Among these59 complexes,interface prediction and docking
solutions re-ranking by tightnessof t basedon this prediction is only applied
to those 22 enzyme-inhibitor complexes,since our interface prediction rule only
works for enzyme-inhibitor.

CAPRI targets We alsotest thesefour approadeson the targets of CAPRI
experimerts (for CAPRI in detail, seeSection 2.4.4in Chapter 2). 15 recen
CAPRI targets (unbound) and their complex structures from CAPRI website
(http://capri.ebi.ac.uk ) of round 3-8(T08-T23). T10isingoredsinceCAPRI
provided trimer in unboud states. The targets of T24-T27 is also ignored since
the complex structures are not public available. Among these 15 targets, 3 are
enzyme-inhibitor (T16-T18) , 2 are Antib ody-antigen and the rest are other types
of complex.

For evaluation in the samecondition, we usethe sameparametersfor BDOCK,
BDOCK™ and FTDOCK (grid space:1:0A; surfacethickness:2A; rotational an-
gle: 10 degree;3 translations are kept per rotation). The densesampling option
is usedin ZDOCK, which meansthe rotational angleis 6 degree. For eat ap-
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6.2 Prediction and docking results

proad, the top 10000solutions basedon the shape complememarity are kept.
To comparethesedocking solutionsto the native complexstructure, we calculate
the RMSD of the ligand (the smaller of the two proteins) in the predicted versus
native complexesafter the receptors(the larger of the two proteins) is superim-
posed. This ligand RMSD, denotedL_RMSD, is computed on badkbone atoms
(N, Ce, C, O). We de ne a solution asnear-native structure (hit) if the L_.RMSD
is below 10A, which correspndsto the \acceptable prediction” de ned in CAPRI

experimens (Mendezet al., 2005. Then we comparethe number of hits within

the top 10000solutions for these four approades. The RMSD value and the
ranking of the best hit (with lowest L_RMSD) are also compared. Moreover, in

order to ewvaluate the overall performanceof di®eren docking methods on the en-
tire benchmark, we usesuccessate, asde ned previously at Chenet al. (2003;

Chenand Weng (2003. Giventhe number of docking solutions being evaluated
for ead test case(Ns), successate is the percerage of test casesn the bend-
mark, for which at least one near-native structure (hits) hasbeenfound. Since
CAPRI experimerts only acceptedl10 prediction models, we are also interested
in the successate at top 10 solutions.

6.2 Prediction and docking results

6.2.1 Shape complemen tarit y comparison of di®erent do ck-
ing metho ds

In the FFT-based docking algorithms, the shape complemetarity is the rst
criterion to discriminate the non-native and near-native complexstructures. The
goal of the initial stage of docking is to generateas many near-native complex
structures (hits) aspossible.In BDOCK™ and FTDOCK, the surfacelayer grids
are assigneda value of 1, while in ZDOCK, the number of nearby atoms are
taken into accoun (pairwise shape complemetarity). And BDOCK takesthe
degreeof buriednessof surfaceresiduesinto accourt. The docking results of
BDOCK, BDOCK™, FTDOCK and ZDOCK are shavn in Table 6.2 for all 59
complexesand 15 CAPRI targets. For ead approad, the number of hits, the
RMSD value and the ranking of the best hit (with the lowestL _RMSD) basedon
shape complemetarity are listed.
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6.2 Prediction and docking results

6.2.2 Results for enzyme-inhibitor

For 22 enzyme-inhibitor complexes,in 18 casesexceptfor 1CSE, 1TGS, 1UGH
and 2SNI,BDOCK producessigni cantly morehits and better bRMSD (L _RMSD
of the best hit) valuesthan BDOCK"™ and FTDOCK. Theseresults shov that
adding the degreeof buriednessto the surfacelayer grids signi cantly improves
the docking performance. This is the casesince the binding sites of enzyme-
inhibitor complexesusually involve a very big cleft. The \lo ck-and-key" principle
plays an important role in this type of complex. Figure 6.7 and 6.8 shov how the
number of hits dependson the number of docked solutions retained in the top
10000for thesefour shape complemetarity scoringfunctions, for the rst 12 and
the other 10 ElI complexesrespectively. Overall, BDOCK generatesthe biggest
number of hits for 11 cases.While ZDOCK producesmore hits than others for
9 cases.And BDOCK™ performsbestin the casesof 1UGH and 2SNI although
the interfacesof these2 complexesinvolve a large pocket as well.

Evenin the top 2000solutions, BDOCK and ZDOCK can generatea consid-
erable number of hits, asshown in Table 6.3 Therefore, re-ranking by tightness
of t is applied to thesetop 2000solutions generatedby BDOCK and ZDOCK
(discussedbelow).

Figure 6.4 shows the spatial distributions of the top 2000docked solutions of
BDOCK, BDOCK™, FTDOCK and ZDOCK on the complexof 1ACB. For good
visualisation, we only take the top 2000solutionsinstead of 10000.In FTDOCK
and BDOCK ™, the surfacelayer grids being scoredequally, the solutionsare dis-
tributed aroundthe wholereceptorsurface. The solutionsof ZDOCK accunulate
around some patches of the surface, by taking the number of neighbour atoms
into account. Howewer, the solutions of BDOCK mainly accunulate around two
big pocket sites, by adding more scoresto deeply buried surfaceresidues.These
clustered docked solutions suggesttwo di®eren binding sites of two partners,
oneis the Eglin C inhibitor (chain I, 1acb)and another is the Complemen C1S
proteasedomainin 1ELV. This obsenation demonstratesthe potential ability of
our approad to identify multiple binding sites of proteins.
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Table 6.2: The docking results of FTDOCK, ZDOCK, BDOCK ", BDOCK for 59 complexes
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Complex Type? FTDOCK P BDOCK ™ ¢ ZDOCKU{ BDOCK ¢

hits® bRMSD" bRank9 hits bRMSD bRank hits DbRMSD bRank hits bRMSD bRank
1ACB El 9 4.88 8613 7 6.72 5066 96 0.90 2951 251 1.74 1756
1AVW El 0 11.19 9396 14 3.05 1571 82 1.71 3753 83 3.17 4295
1BRC El 7 7.27 9602 73 4.93 6915 54 3.47 2601 129 4.06 2741
1BRS El 5 6.10 1375 72 7.01 9412 545 1.15 9720 185 3.13 9077
1CGI El 21 4.83 187 26 4.28 5317 296 2.52 2360 94 4,16 7304
1CHO El 14 5.60 1972 34 2.96 7332 175 1.95 1548 531 1.89 80
1CSE El 0 19.92 3796 26 3.40 4103 36 1.12 3217 3 3.64 8350
1DFJ El 0 10.46 9578 0 11.82 4132 122 1.99 1788 44 3.81 4435
1FSS El 4 3.72 256 22 4.82 9785 33 1.34 3827 313 2.37 5197
1IMAH El 8 7.10 8005 12 7.75 3219 23 1.37 5831 212 1.60 703
1PPE El 24 2.43 6297 282 5.85 7097 1133 1.17 8 741 0.83 159
1STF El 10 1.45 1998 11 6.53 5023 60 1.66 5 69 2.35 47
1TAB El 9 3.34 489 5 3.11 1902 170 0.94 2103 399 0.99 75
1TGS El 28 5.06 3116 98 4.20 3803 433 1.74 17 22 2.67 4736
1UDI El 8 4,59 2422 2 7.95 9700 55 1.14 222 24 2.82 8973
1UGH El 5 5.04 9137 59 4,70 1997 33 2.51 8107 5 6.41 6637
2KAI EE 10 6.92 3519 54 3.57 2654 45 2.95 5446 418 1.61 8116
2PTC El 11 5.75 167 18 6.12 8290 54 1.55 6961 280 3.81 7009
2SIC El 5 4.58 7572 1 6.45 2862 40 3.61 1581 291 1.10 54
2SNl El 2 7.73 9599 39 4,75 3632 20 6.42 6673 11 8.09 5284
2TEC El 13 1.90 183 30 6.93 8210 173 0.80 18 72 2.46 5967
4HTC El 4 3.68 8098 29 2.32 9588 153 1.31 2 48 1.84 1752
1AHW AA 0 12.26 8859 6 3.34 3885 44 2.10 4545 0 15.09 1979
1BQL AA 3 5.60 4736 6 3.06 2334 47 1.73 940 0 12.43 6952
1BVK AA 6 8.82 8016 0 11.35 6853 18 5.93 8806 0 11.73 5455
1DQJ AA 2 5.99 5291 24 4,79 5845 46 6.01 1986 4 7.99 8544
1EOS8 AA 2 6.10 7120 2 476 1955 1 4.82 9900 0 13.88 8339
1FBI AA 9 5.59 720 15 4.93 8738 25 5.50 7007 56 5.44 8029
1IAl AA 3 4.72 8266 2 8.60 6286 11 5.24 9246 26 3.21 6591
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Table 6.2: The docking results of FTDOCK, ZDOCK, BDOCK ", BDOCK for 59 complexes
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Complex Type? FTDOCK P BDOCK ™ ¢ ZDOCKU{ BDOCK ¢

hits® bRMSD" bRank9 hits bRMSD bRank hits DbRMSD bRank hits bRMSD bRank
1JHL AA 2 4,99 4806 15 5.57 21 109 2.40 6393 1 5.57 8349
1KXQ AA 2 9.23 969 47 1.46 35 28 1.45 958 20 1.46 3901
1KXT AA 3 4.45 357 12 1.12 5412 19 3.57 1148 7 1.55 1872
1KXV AA 6 4.08 614 16 2.18 5014 26 2.73 1983 0 26.58 9834
1IMEL AA 0 10.66 3332 27 1.81 2961 130 1.54 206 388 1.78 15
1IMLC AA 4 8.92 5320 2 3.84 6441 0 11.29 9446 1 3.84 9992
INCA AA 0 12.65 1515 3 1.69 95 80 1.62 81 0 24.51 1606
1INMB AA 3 8.36 1515 1 151 6470 9 2.09 2112 0 21.50 9546
1QFU AA 4 7.22 516 7 2.39 8273 9 2.36 2782 2 2.86 5705
1WEJ AA 3 7.65 1056 7 4.28 8901 33 2.67 8390 0 17.29 6170
2JEL AA 4 5.58 6282 9 7.03 7939 193 2.16 4910 0 14.73 5715
2VIR AA 0 12.06 6086 10 2.59 7054 5 2.88 2072 0 21.39 6964
1A00 oT 2 8.58 6732 45 5.53 6886 33 4.56 8232 29 6.03 7153
1ATN oT 1 8.76 4775 26 2.25 97 9 1.46 6058 5 2.25 9324
1AVZ oT 9 6.13 641 7 6.36 5313 1 8.83 5420 0 13.43 5478
1GLA oT 0 11.98 6490 18 5.73 4425 0 11.35 8094 10 7.34 9242
11GC oT 24 2.66 4099 7 4.64 3637 31 1.87 1727 0 22.14 1481
1Loy oT 2 9.91 7957 1 5.93 9571 0 11.83 8140 0 34.73 8930
1SPB oT 4 7.20 5292 61 1.24 106 156 1.05 1 201 2.02 43
1wQ1 oT 2 8.97 8343 17 5.92 410 119 1.80 5856 2 4.30 7734
2BTF oT 2 6.99 6715 18 2.29 1264 64 1.21 275 1 2.73 9667
2MTA oT 5 6.39 4385 2 9.09 4854 3 7.83 8642 8 3.52 3092
2PCC oT 9 7.71 406 5 6.41 4332 3 9.07 7432 1 9.75 4321
1BTH DI 6 8.55 3795 5 8.33 7578 98 4.45 4533 6 7.02 3930
1EFU DI 0 10.38 2903 0 16.13 3370 0 14.44 8523 0 33.08 8592
1FIN DI 1 7.76 5057 0 15.16 7386 0 13.79 1347 0 10.81 7071
1FQ1 DI 2 7.36 4533 1 7.84 564 2 7.82 3608 5 7.12 5584
1GOT DI 0 10.93 2144 0 10.75 2068 0 20.95 7335 0 14.43 3542
1KKL DI 5 6.55 5677 52 5.02 624 0 10.48 8538 14 8.54 4685
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Complex Type? FTDOCK P BDOCK ™ ¢ ZDOCKU{ BDOCK ¢

hits® bRMSD" bRank9 hits bRMSD bRank hits DbRMSD bRank hits bRMSD bRank
3HHR DI 2 8.72 5453 5 8.58 1700 6 9.02 8152 0 10.23 6593
CAPRI targets
T16 El 1 472 2382 5 6.94 833 29 2.33 382 43 2.21 1715
T17 El 2 6.32 4070 0 10.57 3550 6 6.89 9767 13 1.75 9200
T18 El 0 13.06 577 1 8.20 3465 104 2.57 6095 16 4,01 2567
T13 AA 1 9.60 8107 0 14.79 4435 0 16.68 3456 0 31.17 5353
T19 AA 0 14.13 9912 5 7.38 2781 4 7.92 1759 51 4.22 1842
TO8 oT 0 13.03 885 0 10.87 3992 1 8.92 4801 0 10.21 3503
TO9 oT 0 16.59 4677 0 14.67 2203 0 14.26 3239 0 14.67 5444
T11 oT 4 7.48 3675 19 3.28 1088 11 7.90 3852 2 6.75 6978
T12 oT 12 5.12 8569 64 1.49 3247 32 0.94 510 1 5.88 9631
T14 oT 0 13.91 5421 4 2.93 118 12 1.84 443 2 4.49 9689
T15 oT 6 8.50 849 75 4.33 1802 129 6.29 7466 0 11.55 7104
T20 oT 0 12.07 8316 23 0.71 2 101 1.61 1 3 1.28 2992
T21 oT 0 10.22 6979 13 4.28 1549 8 6.79 4366 1 8.49 5957
T22 oT 7 8.30 3559 11 3.94 5677 34 5.81 9047 0 13.53 8076
T23 oT 0 10.89 2329 1 9.65 8965 5 8.81 2190 0 26.57 6297

aType of complexes,El: enzyme-inhibitor, AA: antib ody-antigen, OT: others. DI: Ditcult test cases.

b parameters: grid spacel.0 A, angle step: 10°, no electristatic, 3 translations are kept per rotation.

¢ Parameters: grid spacel.0 A, angle step: 10°, surfacethickness: 2:0A. 3 translations are kept per rotation.
d Default parameters; Densesampling (rotational angle: 6°).

€ The number of complexeswhoseL _RMSD is below 10A (hit) in the top 10000solutions.

f The best L_.RMSD () in the top 10000docked solutions.

9 The ranking of the best hit from the top 10000solutions basedon shape complemenarit y.
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Figure 6.3: The shape complemerarity scorevs. L_RMSD for FTDOCK, BDOCK ",
ZDOCK and BDOCK on complex 1ACB.

6.2.3 Results for non enzyme-inhibitor

For 37 non enzyme-inhibitor complexes(antib ody-antigen, others and dixcult
complexes),all four approadesproduce lesshits than that on enzyme-inhibitor
complexes. This is becausethe interface of non enzyme-inhibitor complexes
do usually not involve a deeppocket. Therefore, comparingto FTDOCK and
BDOCK"™, BDOCK doesnot produce more hits, asit doeson enzyme-inhibitor
complexes.In cortrast, BDOCK™ performsbetter than BDOCK and FTDOCK
in most of casesand has comparableresultsto ZDOCK.

6.2.4 Results for CAPRI targets

Table 6.2 also lists the docking results of 15 CAPRI targets. For 3 enzyme-
inhibitor targets, BDOCK generatesmore hits than othersfor T16 and T17. For
the rest 12 targets, ZDOCK and BDOCK™ have the best number of hits for 6
targets and 4 targets, respectively. Overall, no hits is found within the top 10000
solutions for 8 targets for FTDOCK, 4 for BDOCK™, 2 for ZDOCK and 6 for
BDOCK.
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Note that we usedensesampling option (rotational angle step: 6 degree)in
ZDOCK while the rotational angle step usedherein FTDOCK, BDOCK™ and
BDOCK is 10degree.Only 15and 6 degreeis provided in ZDOCK programmefor
rotational anglestep. Usingsmallerrotational anglestepin FTDOCK, BDOCK "™
and BDOCK will generatemore hits but more computational expensiwe (data not
shown). Therefore, we chooserotational angle step of 10 degreefor thesethree
programmes.

6.2.5 The docking Success rates

In Figure 6.5, we plot successatesagainstNg for enzyme-inhibitor, non enzyme-
inhibitor and all the test cases.For enzyme-inhibitor, the successatesof BDOCK
and ZDOCK are much better than BDOCK™ and FTDOCK. And BDOCK
achieves comparable successrates as ZDOCK does. At top 10, BDOCK and
ZDOCK havethe samesuccessate of 41%. For non enzyme-inhibitor, BDOCK "
has similar succesgate to ZDOCK and performs better than BDOCK and FT-
DOCK. At top 10, the successate of BDOCK™ is 8.1% while it is 5.4% for
BDOCK and ZDOCK. FTDOCK doesnot produce any hits at top 10. Overall,
for all test casesBDOCK and ZDOCK have similar successateswhenNj is less
than 50. After, ZDOCK getsbetter succesgate than others.

Figure 6.3 shows the relationship of shape complememarity and L_RMSD for
all four approades. The shape complemenarity of FTDOCK and BDOCK™ is
bad sinceit can not put the hits to high ranking. For ZDOCK and BDOCK,
although the shape complememarity can rank near-native structures high but it
alsoproducesmany falsepositive in the top solutions. It is thus clearthat shape
complemetarity is only a starting point to generatenear-native structures but it
is not by itself an adequatemeansfor choosingnear-native structures. Therefore,
another scoring function is neededto pick up near-native structures exciently
(best hits should be within the top 100, eventop 10).

6.2.6 Filter by tigh tness of t, interface prediction

The results of the interface prediction for enzymesis encouragingespecially be-
causeof the simplicity of the prediction rule. The interfaceresiduesare correctly
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predicted for 19 out of 22 enzyme-inhibitor complexes,except for 1DFJ, 1FSS
and 1MAH (seeTable 6.3). Unlike other predictors, the goal of our prediction
hereis to identify a few residuesthat have very high probability to be on the
interface, although the interface could be larger. These predicted residuescan
be very usefulto Tter out a large number of falsepositivesin docking solutions.
Table 6.3 shaws the Ttering results by the tightnessof t (ToF) for these 22
enzyme-inhibitor complexesfor the top 10000 solutions generatedby ZDOCK
and BDOCK.

Table 6.3 shaws the results of Ttering docking solutions by ToF for ZDOCK
and BDOCK. For those 19 correctly predicted complexes, Itering with ToF with
a threshold - | 1:0 rejects a large part of the false positives without rejecting
correctsolutionsfor all casesand 19 casedor ZDOCK and BDOCK, respectively.
Exceptionsfor BDOCK are 1BRS, 1TAB, and 4HTC, this is the casethat the
‘Tter threshold is too high sothat only a few solutions remain after Itering. A
long tail of ligand involvedin the interaction in 4HTC makestightnessof t fail in
this case. The improvemen factor (IF) after Ttering is greaterthan 1 for 19 and
17 complexedor ZDOCK and BDOCK, respectively. Figure 6.6 shavsthe overall
comparisonof IF for ZDOCK and BDOCK. BDOCK has higher IF valuesthan
ZDOCK for 13 casesand lower IF valuesfor 7 cases.Theseresults demonstrate
that ToF performscomparably for ZDOCK and BDOCK. The interesting thing
is that for 1IFSSand 1MAH, although noneof the predictedinterfaceresiduesare
real interfaceresidues,tightnessof 't still works well. The reasonwhy tightness
of t succeedss that thesepredicted interface residuesare located near the real
binding sites.

We also plot the succesgate of ToF for BDOCK and ZDOCK performance
on 22 enzyme-inhibitor complexesagainstthe number of solutions(Ns) in Figure
6.5d. When Ng is belov 600, ToF for BDOCK has better successrate than
that for ZDOCK. Comparedto the successates of BDOCK and ZDOCK shown
in Figure 6.5.a, ToF doesn't improve the succesgate, by re-ranking the whole
top 10000solutions. At top 10, ToF for BDOCK has succesgate of 32% while
ToF for ZDOCK only has succesgate of 14%. These succesgates are lower
than that of 41% for shape complemetarity alone. Here only one side of the
interfaces(enzyme)are predicted correctly. ToF favours not only the near-native
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structures, but alsothosesolutionsthat the inhibitor is assaiatedto the correctly
predicted binding sitesbut with wrong orientation. That is reasonwhy ToF does
not improve the succesgate at top 10. If the interface of inhibitor can also be
predicted correctly, ToF basedon both sidesof predicted interfaceswould be able
to improve the successate at top 10 signi cantly. Despite of that, ToF improves
the relationship with L_RMSD. Figures 6.9 and 6.10 shawv the relationship of
ToF and L_RMSD for ZDOCK, for the rst 12 and the other 10 EI complexes
respectively, as well as Figures 6.11 and 6.12 for BDOCK. For ZDOCK, the

tightness of t correlateswell with the L_ RMSD for all complexesexcept for

1STF and 4HTC. For BDOCK, ToF correlateswell with the L_RMSD for all

complexesexceptfor 1BRS, 1STF , 2SIC and 4HTC.

To summarise, in the initial stage of docking, our new docking approad
BDOCK 2.0 is basedon the known knowledge of the enzyme-inhibitor com-
plexesand thereforeworks very well for this type of complex. For other typesof
complexeslike antib ody-antigen, BDOCK is not applicable sincethey have dif-
ferert interface properties. Howeer, our implemertation of normal FFT-based
approacr BDOCK™ can generate some near-native complexes. For enzyme-
inhibitor complexes,comparingto the other prediction methods in which many
physico-dhiemical properties are consideredand macdhine learning approadesare
used, our interface prediction method is very simple,. Howewer, our prediction
still getsvery good results, 19 caseout of 22 are predicted correctly (76% predic-
tion succesgate for 102 complexes). The tightnessof t scoringfunction based
on these correctly predicted interface residuese®ectiely discriminates between
near-native complexstructures and non-native ones.

6.3 Summary

In this chapter, we descrike a novel shape complemetmarity scoring function
which takesthe degreeof buriednessof surfaceresiduesinto accour. Consid-
ering buriednesssigni cantly increaseshe number of hits in the initial solution
pool. This increasegshe chanceof the subsequen ToF ltering to nd hits. The
comparisonof our approad with anothertwo FFT-based approadies,FTDOCK
and ZDOCK shawsthat our problem-speci ¢ approad is a big improvemert over
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FTDOCK and performscomparablyto ZDOCK for enzyme-inhibitor complexes.
For non enzyme-inhibitor, our approad without the buriednessacieves simi-
lar docking results to ZDOCK and is better than FTDOCK. The tightness of
't method predicts interface residuesfor 19 out of 22 complexescorrectly and
signi cantly improvesdocking results.

In this work, the tightnessof t scoringfunction basedon interface prediction
is only applied to enzyme-inhibitor complexessincethe interface of this type of
complex is easyto predict. In the next chapter 7, we will apply ToF to non
enzyme-inhibitor complexesas well, basedon the metaPPI prediction resultsin
Chapter 4.

97



6.3 Summary

c) d)

Figure 6.4: Comparisonof the performanceof FTDOCK (a), BDOCK ™ (b), ZDOCK (c)
and BDOCK (d) on Chymotrypsin-inhibitor complex (pdbcode:lacb). The masscerter of
the inhibitor of the top 2000docked solutions are shown in blue spheres.Green: enzyme,
magerta: native inhibitor. Scoring surface layer grids equally, FTDOCK and BDOCK "®
samplethe solutions over the whole surface. The solutions of ZDOCK accunulate around
some patches of the surface, by assigning higher scoreto those grid points having more
neighbour atoms. In BDOCK the solutions are mainly clustered around two pocket sites
which correspond to two binding sites. The top left ligand in magena is the Eglin C
inhibitor in lacb and the bottom right ligand in cyan is the complemen C1S protease
domain in lelv. The catalytic domain of lelv is superimposed with the chymotrypsin

domain of 1ach (RMSD: 1:8A). Both of them are in the sameSCOP (Murzin et al., 1995
family of eukaryotic proteases.
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by ToF for 22 enzyme-inhibitor complexes.
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Table 6.3: The TTtering results by ToF of 22 enzyme-inhibitor complexesfor ZDOCK and BDOCK 2

Complex Realys P Cor,=Pre,° ZDOCK BDOCK

hitspr 9 hitsas N € IFT | hitSps hits ar Ny IF
1ACB 10 4/5 96 95/3069 3.2 | 251 208/1921 4.3
1AVW 16 5/5 82 65/1844 4.3 83 83/1187 8.4
1BRC 12 5/5 54 54/3170 3.2 | 129 128/2890 3.4
1BRS 9 5/8 545 4/ 500 0.1| 185 0/ 60 -
1CGlI 16 6/11 296 1/1071 0.1 94 49/2879 1.8
1CHO 10 4/5 175 175/2599 3.8 | 531 136/ 831 3.1
1CSE 15 6/6 36 36/2528 4.0 3 3/1590 6.3
1DFJ 5 1/3 122 1/1000 0.1 44 1/ 421 0.5
1FSS 13 0/3 33 20/1219 50| 313 99/1071 3.0
1MAH 12 0/4 23 23/1968 51| 150 149/3602 2.8
1PPE 14 4/4 1133 137/ 812 15 741 694/2733 34
1STF 14 2/4 60 50/2498 3.3 69 16/1499 15
1TAB 13 4/4 170 169/2373 4.2 | 399 0/ 5 -
1TGS 16 6/8 432 50/1131 1.0 22 20/1100 8.3
1UDI 11 11/14 55 55/1846 5.4 24 24/2879 3.5
1UGH 10 10/11 33 33/2054 49 5 5/1313 7.6
2KAl 12 4/5 45 44/2185 4.5 418 171/ 791 5.2
2PTC 13 4/4 54 50/2566 3.6 | 280 46/ 337 4.9
2SIC 13 5/5 40 40/2902 34| 291 14/ 830 0.6
2SNl 12 5/5 20 19/2573 3.7 11 11/1154 8.7
2TEC 11 5/6 173 173/1866 5.4 72 72/1575 6.3
4HTC 9 6/7 153 117/2309 3.3 48 0/ 61 -

a Only the top 2000solutions are kept for "Ttered by ToF (threshold: - j 1:0)

b The number of real interface residues.

¢ Cory,: the number of correct predicted residues.Pre,: the number of total predicted residues.
4 The number of complexeswhoseL _RMSD is below 10A (hits) in the top 2000solutions.

® N4 and hits 5 are the number of solutions and the hits after "Ttering, respectively.

" Improvemert factor (IF) after Ttering.
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in the top 10000, for four docking algorithms, for the 'rst 12 enzyme-inhibitor complexes.
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"t correlateswell with RMSD for all complexes,exceptfor 1STF.
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Chapter 7

Using protein binding site
prediction to impro ve protein
docking

In Chapter 5, we usefamily-basedresidueinterfacepropensity to improve protein-
protein docking for two speci ¢ families. And in Chapter 6, we proposea simple
rule to predict the binding site of enzymesand use the prediction to improve
enzyme-inhibitor docking. It is obviously that the work in thesetwo chapters
only works for a limited type number of proteins but not for all typesof proteins.
Therefore,wewant to extendthis approad to all typesof proteinsin this chapter.
The binding site prediction resultsare obtainedfrom metaPPl in Chapter 4. Then
we follow a similar approch in Chapter 5 and 6 and the prediction is explored
during docking and after docking, to improve the docking results from all types
of proteins.

7.1 Integrating interface prediction into protein
docking

In this section, we will discusshow to useinterface prediction to improve rigid-
body protein docking. The interface prediction can be usedduring FFT docking
or after docking. First, giventwo proteinsinteracting with ead other, we predict
their potential binding sites using metaPPl. Then we make full use of these
predicted binding sites in our grid-baseddocking system BDOCK, which will
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7.1 Integrating interface prediction into protein docking

be addressedbelow.

7.1.1 Predicted interfaces used during docking

7.1.1.1 Weight the surface grid using the con dence scores

In the FFT docking algorithm, the protein structures are projected into a three-
dimensionalgrid of N complexnumbers. The shape of the protein is depictedin
the real part asdescribed below:
g +1  surfacecell
Protein A: apq = . | 15 interior cell
0 elsewhere
Ya

. + H -
Protein B: byqr = 1 interior cell

0 elsewhere

The predicted interfacescan be usedduring docking in the FFT algorithm.
To read this goal, we modify this basic FFT approad to take the prediction
con dencescoreof surfaceresiduesinto accour. This modi cation is similar to
the approat of BDOCK in which the degreeof buriednesss taking into accoun,
asdiscussedreviouslyin Chapter 6. For protein A, the grid points of the surface
layer are scoredwith the con dencescore(Score.,); For protein B, the interior
grid points are scoredwith the con dencescoreaswell, asstated in the following:

g 1+ Score,,, surfacecell
apqr = . i 15 interior cell
0 elsewhere

Y2 L
1+ Scorey,, interior cell

Ohrqr = 0 elsewhere
Score.q, isthe con dencescoreassignedo ead surfaceresiduein the metaPPI
approad. It isthe number of predictorsthat predict this surfaceresidueto be on
the interface, ranging from 0 to 5. Then the total shape complemetarity cg.—-
for the two superimposedgrids is calculated as:

PAND AN\
Co e = &mn £ B @mi =i e (7.1)
I=1 m=1 n=1
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7.1 Integrating interface prediction into protein docking

Table 7.1: The docking results of BDOCK " and BDOCK s for 62 complexes

Complex Type BDOCK™ BDOCK©s Prediction(%)?
hits® bRMSD ¢ hits bRMSD Receptor Ligand
1ACB E 12 5.0 165 5.3 87 66
1AY7 E 12 2.9 22 5.3 27 72
1CGlI E 61 4.6 373 6.7 100 100
1D6R E 3 4.8 8 7.9 54 44
1DRJ E 5 4.3 108 6.7 64 81
1E6E E 35 4.4 653 3.9 0 93
1EAW E 44 53 176 8.2 100 100
1EWY E 125 2.3 495 2.2 9 57
1F34 E 8 6.5 0 12.8 30 72
1MAH E 7 4.0 33 6.6 16 15
1PPE E 186 0.5 1657 4.5 64 92
1TMQ E 0 27.0 0 34.1 75 93
1UDI E 45 4.7 503 2.7 63 92
2PCC E 28 7.2 1 9.7 53 42
2SIC E 25 3.4 225 1.9 72 0
2SNI E 17 8.6 242 6.0 60 57
7CEl E 26 4.4 0 19.9 75 40
T16 E 4 7.6 37 7.0 55 100
T17 E 0 10.6 0 51.2 0 92
T18 E 1 8.2 0 66.7 85 0
1AK4 @) 0 12.0 0 12.1 50 0
1ATN O 0 13.5 0 56.9 0 0
1B6C @) 25 3.1 333 1.9 83 54
1BUH @) 7 6.5 0 22.0 0 58
1E96 @) 11 4.2 54 7.0 38 41
1FQ1 o) 1 7.6 0 15.3 0 0
1FQJ @) 4 5.6 47 5.7 70 90
1GCQ @) 2 9.8 2 7.0 70 60
1GHQ @) 0 10. 0 33.2 0 0
1GRN @) 17 3.6 0 11.1 33 16
1H1V @) 0 11.8 0 100.0 46 0
1HE1 @) 10 3.5 0 13.6 66 76
1HES8 @) 5 6.9 0 67.8 0 42
112M @) 10 7.0 0 11.5 42 0
1IBR @) 7 8.1 0 26.4 73 7
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7.1 Integrating interface prediction into protein docking

Table 7.1: The docking results of BDOCK " and BDOCK s for 62 complexes

Complex Type BDOCK™ BDOCK©s Prediction(%)?
hits® bRMSD ¢ hits bRMSD Receptor Ligand
1KAC @) 8 6.1 0 28.1 0 60
1KTZ O 1 51 0 14.9 45 66
1KXP @) 7 1.7 0 100. 81 0
1KXQ @) 33 0.7 27 3.2 91 41
1M10 @) 0 11.1 0 45.1 58 0
1QA9 o) 2 7.1 0 10.1 0 6
1SBB @) 2 6.1 0 37.5 0 0
1wWQ1 @) 0 31.9 0 10.2 66 100
2BTF @) 11 6.1 149 3.7 53 0
TO4 @) 17 2.6 0 29.2 0 64
TO5 @) 15 0.8 0 26.8 0 90
TO6 @) 35 1.1 82 3.0 71 28
TO7 @) 4 2.5 0 23.1 33 7
TO8 O 3 8.3 0 44, 0 30
T0O9 @) 0 15.8 0 22.1 80 45
T11 @) 26 4.0 0 20.1 86 81
T12 @) 30 1.6 31 9.0 93 55
T14 O 3 6.6 0 23.4 10 50
T15 @) 50 6.0 0 21.0 0 15
T20 @) 0 20.7 0 21.4 94 72
T21 @) 4 4.9 0 37.8 0 0
T22 @) 20 4.9 0 19.1 9 83
T23 O 0 10.2 0 20.7 64 64
T24 @) 0 16.6 0 16.1 66 0
T25 @) 18 1.8 0 18.4 100 58
T26 @) 62 2.6 0 18.7 75 21
T27 @) 0 10.7 0 23.0 0 20

2 The accuracy of interface prediction by metaPPI
Receptor: the bigger protein; Ligand: the smaller one

b hits: the number of hits in the top 10000docking solutions
¢ bRMSD: the |_RM SD value of the best hit in the pool

Therefore,this shape complemetmarit y scorewould favour the surfaceresidues
with high con dencescores.Giventhe predicted residuesare correct, this scoring
function will put the complex conformationswith both interfacesassaiated to-
getherto the top. This approad is called BDOCK® and is comparedto normal
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7.1 Integrating interface prediction into protein docking

FFT docking approad BDOCK™, Thesetwo docking approadesare evaluated
on the samedatasetusedin metaPPI.

The docking results of BDOCK™ and BDOCK?® are shavn in Table 7.1,
together with the prediction accuracyof both interfaces. For the complexeswith
high prediction accuracyon both interfaces,BDOCK > generatesmuch more hits
than BDOCK"™. Howewer, BDOCK ° is worsewhenthe predictions are not good,
i.e, either both interfacesare not highly predicted correctly, or only oneinterface
is predicted correctly while another is predicted badly. This is the casethat
BDOCK®s strongly dependson the high prediction accuracyof both interfaces.

7.1.1.2 Limiting search space on predicted interfaces

In the traditional FFT-based (grid-based) docking approades, six degreesof
freedomneedto be seartied. Three translations are neededto seart over the

whole. Three rotations of mobile protein needto donein 360 degreerotational

space. Thesekinds of seart are blind and time-consuming. Here we dewelop
a constraint FFT-based docking approat basedon the prediction of binding

sites. First, given two proteins to dock, we predict their binding sites using
metaPPIl. Then we overlap two proteins on their masscertres(coordinate origin).

We also calculate the mass certres of two predicted interfaces and build two

vectors pointing to it from the origin. Then the vector of the ligand (small

protein) is aligned with the vector of the receptor. Then they are projected onto

two 3D-grid and normal FFT docking algorithm is applied. Howeer, in the

normal grid-baseddocking algorithm, the ligand is rotated on a small angle step
like 10° to cover all the rotational conformations. Each rotational conformation
of the ligand hasto be investigatedagainstthe static receptor. This is very time

consumingwhenthe number of conformationsis extremelylarge. Herewe propose
a method to limit the rotational spacebasedon the predicted interface residues
of ligand, asshawn in the step 3 in Figure 7.1 For translational seart space,we
alsolimit on the box of alength of 20A around the predicted interfaceof receptor,
as shawn in the last step in Figure 7.1 Thesetwo limitations will signi cantly

reducethe seart spaceand it will producethe near-native complexesgiven that

the predictedinterfaceare correct. We call this docking approac BDOCK'". The
whole procedureof BDOCK" is illustrated in Figure 7.1
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7.1 Integrating interface prediction into protein docking

Figure 7.1: lllustration of the constraint docking basedon the prediction of interface.
Step 1: Two protein structures with predicted interface in red. The masscertres of the
whole protein and the predicted interface are showvn in blue and red dot, respectively. Two
vectors are shavn pointing from the masscertre of the whole protein to that of predicted
interface. Step 2: Two protein are overlapped on their masscertres. Step 3: The vector
of the ligand (small protein) is aligned with the vector of receptor (big protein). Then
they are projected onto 3D grid and FFT-based docking approach are applied. Here, the
rotational spaceof ligand limited on the predicted interface. The translational seard only
apply to the patch near the predicted interface of receptor. Step 4: The few nal complex
structures are selectedout and energy minimization are applied on the interface.

Figure 7.2 shows the di®eren distributions of the docking solutions from
BDOCK"™ and BDOCK!'". In BDOCK™, without any knowledgeabout the bind-
ing sites, the docking solutions sampleover the whole surface. On the right pic-
ture, with the predictionsin red, the docking solutions only accunulate around
the predicted binding sites. Much more hits are found in the top 2000solutions
in BDOCK!'" than in BDOCK ™™,
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7.1 Integrating interface prediction into protein docking

Figure 7.2: Comparison of the performanceof blind seard (left) and constraint docking
(right) on Chymotrypsin (pdbcode:lacb). The masscerter of the ligand of the top 2000
docking solutions are shown in blue spheres. Green: receptor, magerta: native ligand. In
blind seard, knowing nothing about the binding sites, the docking solutions sample over
the whole surface. On the right picture, with the predictions in red, the docking solutions
only accunulate around the predicted binding sites.

7.1.2 Predicted interface as a scoring function after dock-
ing
7.1.2.1 Tightness of t

In the Ttering step of docking, a good scoringfunction is neededto Iter out a
large number of false positives. Here we take the tightnessof t (ToF) proposed
in Chapter 5 and 6 and make a small modi cation, which takes both sidesof
predicted interface residuesinto account. ToF is calculatedaccordingto:

dinter
ToF= —— (7.2)
dy + dy,
where
g 1 XX 7.3)
inter — — & Dinter i 7.
ne i=1 j=1
1 XX
all = D (7.4)
ne q i=1 j=1
d 1 o D (7.5)
all = all;ij )
m£ P i=1 j=1
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7.1 Integrating interface prediction into protein docking

Dineer :j IS the distanceof the Ceg atom of predicted interface residuei of the
receptorto the Ce atom of predicted interface residuej of the ligand. Dy is
the distanceof Cg atom of predicted interfaceresiduei of the receptorto the Cg
atom of surfaceresiduesj of the ligand. For the receptor, there are n predicted
interfaceresiduesand p surfaceresidues(m and g for the ligand, respectively).

For ead solution generatedin the initial stage, we compute the Z-scorefor
the tightnessof t and the improve factor after Ttering, asde ned previously at
equation 5.4 and 5.5, respectively.

Table 7.2 shows the Ttering results of docking solutions by the tighness of
T (ToF) for BDOCK™ and BDOCK, usingthe interface prediction results from
metaPPI. For the complexesfor which both sidesof interfacesare predicted suc-
cessfully(accuracy, 50%)and hits are found in the solution pool, Ttering with
ToF with a threshold - | 1.0 rejects a large part of the false positives without
rejecting correct solutions. For 20 enzyme-inhibitor complexesmetaPPI predicts
both sidesof interface correctly for 9 cases,for which the ToF works very well
both for BDOCK"™ and BDOCK. For 10 casesmetaPPI only predicts one side
interface correctly and fails in the other side (accuracy < 50%). Among these
cases,ToF still works for 7 and 5 casesfor BDOCK™ and BDOCK respetively.
Howewer, for 42 non enzyme-inhibitor complexesthe docking and prediction re-
sults areworse. In most of the casesBDOCK " generatesnore hits than BDOCK
but there are someditcult casedor which no hits are found in both approades.
MetaPPI predicts both sidesinterfacessuccessfullyfor only 10 casesand oneside
successfullyfor 16 cases. For the rest cases,metaPPI fails in both sidesof the
interfacesand henceToF can not be applied. Moreover, for the complexesfor
which the predictions are correct but no hits arefound in the top 10000solutions,
ToF doesnot work either.

In this section, we integrate the protein interface prediction results into pro-
tein docking. The predition can either be usedduring docking or after docking,
to improve docking results. First, during docking, the prediction con dencescore
obtained from di®eren predictors are assignedto surfacegrid points. This ap-
proach (BDOCK %) will drive the docking solutionsto the predicted interface of
two proteins. Secondly we proposea novel approad to limit the seard space
(rotational and translational) around the predicted interfaces,which can drasti-
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7.2 Taking the °exibilit y into account in protein docking

cally reducethe running time. Furthermore, the predicted interface can also be
integrated into a scoring function tightnessof t to TIter out the false positive
solutionsafter docking. However thesedocking approadesrely on the prediction
accuracy Given both sidesof interface predicted correctly, theseapproadiescan
generatea large number of near-native hits. If the predictions are not perfect,
theseapproateswill not work well. Therefore,a proper scoringfunction is need
to distinguish the non near-native solutions betweennear-native ones.

7.2 Taking the °exibilit y into account in protein
docking

As menioned in Section2.5in Chapter 2, handling exciently the °exibilit y of
proteins is currertly consideredone of the major challengesin the eld of dock-

ing. Proteins often undergo signi cantly conformation changesupon binding

other molecules,involving both local conformational changesof side chains and
loopsat the protein-protein interface,and global conformationalrelaxation of the

protein partners. Thesebig motions, even small motions such asthe local rear-
rangemen of side chains and the small motions of loops have deleteriouse®ect
on docking results. The dewelopmen of computational approadesable to accu-
rately handle the °exibilit y of the protein within the cortext of protein-protein

docking problemsis still not satis ed. Modelling the °exibilit y of protein is still

a hard problem due to high degreesof freedomand is very challenging in the
next few years. However, someapproadeshave beendeweloped to handle °exi-

bility in protein docking. Theseapproadesinclude using multiple conformations
generatedfrom molecular dynamics, modelling side chain using rotamer library,

softening the protein surface. Among these approades, softeningthe surfaceis
the fastestand is easyand simple to implemert. Therefore,herewe proposeand
implemert an implicit method to deal with °exibilit y by softening the protein

surface.
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Table 7.2: The docking results by ToF for BDOCK ™ and BDOCK 2

PDB BDOCK ™ BDOCK Prediction(%)"
hitsyi® hitsas Na ¢ DRMS,9 DRMSx ¢ IF © [ hitsys  hitsSax =Nar BRM S bRM Sy IF Rec Lig
El
1ACB 13 13/1682 51 51 5.9 80 80/1721 2.5 2.5 5.8 87 66
1AY7 12 10/1820 2.9 2.9 4.6 7 7/1648 3.0 3.0 6.1 27 72
1CGil 67 60/1636 4.5 4.5 55 132 127/1631 3.1 3.1 5.9 | 100 100
1D6R 3 1/2038 5.0 8.3 1.6 166 0/1585 2.9 13.8 - 54 44
1DFJ 5 5/1621 4.4 4.4 6.2 51 51/1444 3.7 3.7 6.9 64 81
1E6E 38 36/1498 4.5 4.5 6.3 85 71/1840 3.9 3.9 4.5 0 93
1EAW 44 40/1731 5.3 5.3 5.3 15 14/1859 7.1 7.1 5.0 | 100 100
1EWY 126 58/1793 2.3 2.3 2.6 518 402/2137 4.0 4.0 3.6 9 57
1F34 8 8/1761 6.6 6.6 5.7 1 1/2069 4.5 4.5 4.8 30 72
1IMAH 7 6/1710 4.1 4.1 5.0 76 73/1543 2.4 24 6.2 16 15
1PPE 164 123/1987 1.5 15 3.8 601 576/1868 0.6 0.6 51 64 92
1TMQ 14 14/1864 34 34 54 0 0/1982 34.3 34.3 - 75 93
1UDI 45 24/1821 4.7 6.5 2.9 120 45/1799 3.9 55 2.1 63 92
2PCC 28 26/1683 7.3 7.3 55 5 5/ 966 8.6 8.6 104 | 53 42
2SIC 25 0/1693 35 16.4 - 329 0/1977 1.2 19.0 - 72 0
2SNl 17 13/1795 8.7 8.7 4.3 4 4/1801 9.2 9.2 5.6 60 57
7CEl 25 25/1654 4.7 4.7 6.0 2 2/1456 8.3 8.3 6.9 75 40
T16 6 6/1645 7.0 7.0 6.1 45 0/1973 2.2 12.8 - 55 100
T17 0 0/1642 10.6 23.0 - 13 0/1570 7.4 32.3 - 0 92
T18 1 0/1533 8.2 41.6 - 16 0/2118 4.0 47.2 - 85 0
Other
1AK4 0 0/1636 12.1 12.3 - 0 0/1690 12.3 12.3 - 50 0
1ATN 0 0/1706 12.3 41.4 - 0 0/2017 25.1 25.1 - 0 0
1B6C 26 26/1819 3.3 3.3 5.5 0 0/1699 13.2 13.2 - 83 54
1BUH 7 0/1594 6.4 12.5 - 0 0/1405 15.9 24.8 - 0 58
1E96 11 9/1714 4.4 4.4 4.8 9 9/1524 6.1 6.1 6.6 38 41
1FQ1 1 0/1520 7.4 17.5 - 8 0/1725 7.3 19.3 - 0 0
1FQJ 4 4/1741 57 57 5.7 0 0/1847 10.3 10.3 - 70 90
1GCQ 0 0/1753 10.6 10.6 - 2 2/1888 9.0 9.0 5.3 70 60
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Table 7.2: The docking results by ToF for BDOCK ™ and BDOCK 2

PDB BDOCK ™ BDOCK Prediction(%)"
hitsyf®  hitsas =Na ¢ DRM Sy bRM Sy IF © | hitsps hitsz =N bRM Sy bRM Sy IF Rec Lig
1GHQ 0 0/1570 10.2 12.1 - 0 0/1629 10.0 12.8 - 0 0
1GRN 16 16/1653 3.2 3.2 6.0 10 10/1749 6.5 6.5 5.7 33 16
1H1V 0 0/1713 13.1 28.0 - 0 0/1688 14.6 24.3 - 46 0
1HE1 9 9/1562 3.6 3.6 6.4 1 1/1634 6.5 6.5 6.1 66 76
1HES 5 0/1503 6.9 21.6 - 0 0/1881 13.7 70.7 - 0 42
112M 10 0/1735 7.1 17.3 - 58 14/1789 4.4 6.6 1.3 42 0
1IBR 7 0/1818 8.0 19.8 - 9 0/1640 8.1 204 - 73 7
1KAC 8 0/1589 6.2 21.9 - 0 0/1719 151 29.7 - 0 60
1KTZ 1 1/1964 4.6 4.6 51 0 0/1936 17.6 17.6 - 45 66
1KXP 7 0/1649 1.8 35.8 - 60 0/1379 1.8 26.7 - 81 0
1KXQ 33 30/1784 0.7 0.7 5.1 27 5/1775 1.3 8.5 1.0 91 41
1M10 1 1/1776 9.5 9.5 5.6 0 0/1478 10.5 10.5 - 58 0
1QA9 2 0/1836 7.1 42.7 - 0 0/1655 234 38.9 - 0 6
1SBB 2 0/1691 6.2 12.6 - 0 0/1584 204 225 - 0 0
1IWQ1 2 2/1736 7.5 7.5 5.8 0 0/1581 111 11.1 - 66 100
2BTF 16 0/1618 55 13.0 - 0 0/1860 15.0 15.0 - 53 0
TO4 17 711737 2.6 7.9 24 31 26/1636 6.1 6.1 51 0 64
TO5 15 4/1799 0.9 7.9 15 0 0/1803 11.1 11.1 - 0 90
TO6 35 1/1704 1.2 8.8 0.2 1 1/1665 9.5 9.5 6.0 71 28
TO7 4 4/1788 2.5 2.5 5.6 0 0/1855 27.6 27.6 - 33 7
TO8 0 0/1735 10.9 16.8 - 0 0/2319 10.2 32.8 - 0 30
TO9 0 0/1534 14.7 14.7 - 0 0/1641 14.7 14.7 - 80 45
T11 19 19/1694 3.3 3.3 5.9 2 2/1629 6.8 6.8 6.1 86 81
T12 64 711723 1.5 7.6 0.6 1 0/2102 5.9 12.4 - 93 55
T14 4 4/1858 2.9 2.9 54 2 0/2308 4.5 25.8 - 10 50
T15 75 7/1855 4.3 6.0 0.5 0 0/2217 11.6 11.6 - 0 15
T20 0 0/1811 25.7 25.7 - 0 0/1863 25.3 25.3 - 94 72
T21 13 0/1825 4.3 21.1 - 1 0/1980 8.5 25.6 - 0 0
T22 11 3/1679 3.9 3.9 1.6 0 0/1724 13.5 14.8 - 9 83
T23 1 1/1571 9.7 9.7 6.4 0 0/1901 26.6 28.5 - 64 64
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Table 7.2: The docking results by ToF for BDOCK ™ and BDOCK 2

PDB BDOCK ™ BDOCK Prediction(%)"
hitsyi® hitsas Na ¢ DRMS,9 DRMSx ¢ IF © [ hitsys  hitsSax =Nar BRM S bRM Sy IF Rec Lig
T24 0 0/1720 16.6 16.7 - 0 0/1709 17.0 17.0 - 66 0
T25 18 18/1752 1.9 1.9 5.7 0 0/1768 11.8 11.8 - 100 58
T26 62 0/1808 2.6 17.8 - 0 0/1678 10.1 18.0 - 75 21
T27 0 0/1717 38.7 38.7 - 0 0/1711 35.0 35.0 - 0 20

a Only the top 10000solutions are kept for Ttered by ToF (threshold: -  1:0)
b hits p : the number of hits in the top 10000solutions before Ttering.
¢ Ngf is the number of docking results remainedin the pool after Ttering. hits 4 is the number of hits in this pool.
4 bRM Sy and bRM Sy are the L_RM SD value (A) of the best hit before/after Ttering.
€ Improvemernt factor (IF) after Itering, calculated according Equation 5.5.

f The accuracy of interface prediction by metaPPI; Receptor: the bigger protein; Ligand: the smaller one.
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7.2 Taking the °exibilit y into account in protein docking

In the FFT-baseddocking algorithm, the proteins are projected into 3D grids
and the grid points assaiated around the protein surface are assignedwith a
positive value, mostly it is 1. In our previous work discussedn Chapter 6, we
considerthe degreeof buriednessinto accourt for enzyme-inhibitor complexes,
i.e, the surfacelayer grid points are assignedwith the degreeof buriednesswhich
is calculated by scanning7 directions to court the number of \protein-solven-
protein” everts. This approad works very well for enzyme-inhibitor complexes.
Howe\er, for the other typesof complexesjt doesnot improvethe docking results.
Therefore,we needto consideranother approad for non EI complexeshy taking
the °exibilit y into accoun in docking.

original surface

<«<— ——moving directions

Figure 7.3: lllustration of softening protein surface by moving the original surfaceto 7
directions. The grid points laying on new surfacesare assignedpositive values, as well as
with original surface.

In this work, we propose an implicit way of dealing with the °exibility of
proteins in the FFT-based docking algorithm. First, the proteins are projected
into 3D grids and the coregrid points are assignedwvith negative values. However,
we take di®erern treatment to the protein surfaceof the bigger protein (receptor)
and make it elastic, by shifting it to di®eren neighbours (seeFigure 7.3). Then
the grid points assaiated with these shifted surface are assignedwith a value
of 1. After that, the normal FFT calculations are applied to model the shape
complemetarity of thesetwo proteins. We namethis approat BDOCK* to be
distinguishedwith BDOCK"™ and BDOCK.

To comparethe performanceof BDOCKS", BDOCK™ and BDOCK, we use
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7.3 Summary

50 non enzyme-inhibitor complexesderived from Weng's bendimark data set.
The docking de nitions sud as hits, interface and succesgates are the sameas
previousstudies. The successate of thesethree approathesare shovn in Figure
7.4. It canbe seenthat BDOCK " doesnot improve the successate at the top 10
solutions. But it improvesthe successate slightly whenthe number of solutionsis
increasing.However, the nal complexegyeneratedby this method might have the
steric clashbetweentwo proteins. Therefore, energyminimazation/optimization

hasto be carried out to remove theseclashesn the re nemert step which means
it will take much more running time.

Non enzyme-inhibitor

100
BDOCK
BDOCKﬂ
80 |  BDOCKS -~
S
[0)
*§ 60 )
%) .
%]
8 40t .
o )
3 B
20 r o //
ot T ‘ :
1 10 100 1000

Number of solutions (Ng)

Figure 7.4: Successrates vs. number of solutions for BDOCK ™, BDOCK S and
BDOCK for 50 non enzyme-inhibitor complexes. BDOCK ": normal FFT-based dock-
ing; BDOCK S: soften surface;BDOCK: the degreeof buriednessis considered. BDOCK sf
improvesthe succesgate over BDOCK ™ and BDOCK.

7.3 Summary

Rigid-body docking aims to predict complexesfrom unbound componert struc-
tures. In the rst stage,a pool of candidatesis generatedbasedon shape comple-
mertarity and in the secondstage, candidatesare Itered out. Using predicted
interfacesfor Ttering has beenshavn a promising strategy in previous studies.
Here we extend this work and make our own cortributions:
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7.3 Summary

First, during docking, the prediction con dence scoresobtained from di®er-
ent predictors (metaPPIl) are assignedto surfacegrid points. This approad
(BDOCK %) will drive the docking solutionsto the predicted interface of two pro-
teins. Second,we proposea novel approad to limit the seart space(rotational
and translational) around the predicted interfaces,which can drastically reduce
the running time. Third, the predictedinterfacecanalsobeintegratedinto a scor-
ing function (tightnessof t) to Tter out the falsepositive solutionsafter docking.
Howewer these docking approatesrely on the prediction accuracy Given both
sidesof interface predicted correctly, theseapproadescan generatea large num-
ber of near-native hits. If the predictions are not perfect, these approaheswill
not work well. Therefore,a proper scoringfunction is needto distinguish the non
near-native solutions betweennear-native ones. Finally, we proposean implicity
way to dealing the °exibility by softening the protein surface. This approadh
slightly improvesthe docking results for non enzyme-inhibitor complexes.

121



Chapter 8

Conclusion and future work

Biological systemsare driven by interactions betweenbiomolecules{ DNA, pro-
teins and small molecules. Protein-protein/ligand interactions are involved in

virtually all cellular processesncluding metabolism, signalling and dewelopmer.

Giventhe increasedfocuson interactionsin the current post-genomicsera, struc-
tural knowledgeof complexess requiredto understandhow the variousbiomolec-
ular units work togetherto ful T their tasks. Considerablee®ortshave beendedi-
catedto understandthe rules of molecularrecognition, the structures of protein-
ligand and protein-protein complexes.Below | will summarisethe work that have
beendonein this eld during my PhD and highlight somefuture work.

8.1 Prediction of ligand binding site

Many drugs are small molecules(ligands), which bind to the speci ¢ pocket sites
on speci ¢ targets (proteins). Therefore, identi cation of pocket sites on pro-
tein surfaceis a prerequisitefor protein-ligand docking and an important stepin
structure-baseddrug design. We have deweloped an automated approad called
LIGSITE ¢ to idertify the pocket sites, given a protein structure. In the eval-
uation experimerts on 210 non-redundart protein-ligand complexes,67% of the
biggestpocket sitesare the real ligand binding sites. Also, 87% of ligands choose
the top 3 pocket sites as their binding sitesto proteins. In the re-ranking step,
we usethe consenation information of pocket sitesto improve the succesgate
from 67%to 75%. Comparing to the other approates: LIGSITE, SURFNET,
CAST, and PASS, our approat LIGSITE ¢ performs bestin predicting ligand

122



8.2 Protein-protein  interface prediction

binding sites.

8.1.1 Future work: comparison and classi cation of dif-
ferent ligand binding sites

It would be very interesting to compare the ligand binding sites on di®eren

proteins and classify thesebinding sitesinto di®eren classes.The sameligands
can bind to similar pocket sites on di®eren proteins. Although someproteins
di®era lot on wholestructures, they canform similar pocket siteswherethe same
ligandsaccommalate. Thesepocket sitescanbeidenti ed usingLIGSITE ¢ and
their shapes can be modelled by the MeSu method. An appropriate structural

alignmert method is neededo comparetheseshapesandto idertify the similarity
betweenthem.

8.2 Protein-protein interface prediction

Protein-protein interaction plays a pivotal role in the organisation of life. The
recognition of protein-protein interaction sites is of great importance to iden-
tify functionally important amino acid residues,facilitate experimertal e®orts
to catalog protein interactions, enhancecomputational docking studiesand drug
design,as well as enablefunctional annotation for the growing number of struc-
turally resohed proteins of unknown function. In the last decade,many ap-
proadies have been deweloped for the prediction of protein-protein interacting
sites, basedon sequetial and/or structural information of proteins. Machine
learning approadies, sud as neural networks and support vector madines have
gainedgreat successn this eld. Other approathesfocusedon dewelopinga scor-
ing function to distinguish interfacial residuesfrom other surfaceresidues,using
hydrophobicity, consenation, solvert accessiblearea, interface propensity and
surfaceshape. Howewer, there is no direct comparisonbetweentheseapproates
on the samedata set using the samede nition and criteria. Being motivated
from that, we integrate the prediction results from the v e predictors: PPISP,
PPI_PRED, Promate, PINUP and SPPIDER and dewelop a meta prediction ap-
proad called metaPPIl. These approades are evaluated on the sameunbound
structures from a data set of 63 protein-protein complexesderived from Weng's
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8.3 Protein-protein  docking

docking benchmark and CAPRI targets, using the samede nitions and criteria.
For enzyme-inhibitor complexes metaPPI achieves 78% prediction succesgate,
while other approades only achieve 37-59%succesgates. For other types of
complexes,half of the metaPPI predictions are successfulwhile the other ap-
proadiesonly have 18-35%succesgates. Overall, theseresults shavn that our
metaPPI approad signi cantly improvesthe prediction successate.

8.2.1 Future work: bring more predictors together

MetaPPI is a °exible protein interface prediction approad. It dependsthe re-
sults from other prediction approades. Now it integrates v e state-of-the-art
prediction seners. When more new prediction approades are available, it will
be easyto include them into metaPPIl. Furthermore, the known interfacesfrom
the SCOPPI databasecan also be integrated into metaPPI at the superfamily
or family level. Howewer, we needa fast algorithm to map the target protein to
SCOP family.

8.3 Protein-protein  docking

The rapid accunulation of data on protein-protein interactions, sequencesstruc-
tures calls for the dewelopmen of computational methods for protein docking.
Typically docking methods are investigated which attempt to predict the com-
plex structures giventhe structures of componerts. A major challengein this eld
is to extract the near-native structures from a pool of a large number of solutions
by using an appropriate scoringfunction. In the early stageof my PhD, we pro-
poseda novel scoring function using family-basedresidueinterface propensities
and the tightnessof t betweenhigh propensity residues.We evaluated this scor-
ing function on 24 structures from the Chen data set and obtained improvemert
factors of 4-30 for enzyme-inhibitor and 4-11 for antib ody-antigen complexes.
Furthermore, in the initial stage of docking, we proposea novel shape comple-
mertary scoring function, which takesthe degreeof burial of surfaceresidues
into accoun as di®eren weights (BDOCK). In the re-ranking step, we usethe
tightnessof t scoringfunction basedon predicted interfaced from metaPPlI, to
‘Tter out false positive docking solutions. This approad is evaluated on the
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8.4 Summary

sameunbound structures of metaPPI dataset. In the beginning, our approadt
generatesmore near-native structures than normal FFT-based docking approad
for enzyme-inhibitor complexes. In the lter step, the tightnessof t scoring
function basedon the predicted interface residuesimprovesthe docking results.
Regardingthe conformation changeupon complexation, we proposean implicit
method to deal with the °exibilit y of protein by softening protein surface. This
simple method successfullymprovesthe docking resultsfor non enzyme-inhibitor
complexes.

8.3.1 Future work: scoring function and °exibilit y

As discussedoreviously, the tightnessof t scoringfunction can only reducethe
number of docking solutions and keep the near-native structures in the pool.
Howewer, it can not rank the hits to the top. Therefore,it is necessaryto have
another more accurate scoring function to drive the hits to the top. Flexibility
is still a big challengein the protein docking. The way of softeningthe protein
surfaceis not perfect sinceit will generatemany false positive structures which
have steric clashesbetween two componerts and it will take time to remove
the clashin the re nemen step using molecular dynamic simulations or energy
minimization. The experimerts on CAPRI targets shawv that the °exibilit y is of
great importanceto protein-protein docking and call for new approadesto deal
with the °exibilit y exciently and accurately Furthermore, it would be easyto
integrate the predicted interface into the work from Motiejunas et al. (2009, in
which the biochemical constraints are usedto guide the simulation of protein-
protein assaiation.

8.4 Summary

To summarisein short, | have madethe following cortributions during my PhD
work:

1. Dewelopinga novel protein-ligand binding site prediction method LIGSITE ¢
using the Connolly surface and conseration. Systematically evaluating
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8.4 Summary

LIGSITE ¢ with other state-of-the-art ligand-binding site prediction meth-
ods on a bendimark data set of bound/unbound protein-ligand complexes.
The comparisonresults demonstratethat LIGSITE ¢ performsbetter over
the other methods. The keyimprovemer is the consenation scoring,which
can be integrated into other approades. Making LIGSITE ¢ public avail-
able for academicusersand providing them sourcecodesaswell. Currently
the LIGSITE ¢ websener receives 3-6 submissionsper day.

. Deweloping a meta approad), metaPPI, to improve protein-protein inter-
action site prediction using the prediction results from existing methods.
Demonstrating metaPPI of over 10%improvemert on a data set of docking
bendimark and CAPRI targets. MetaPPI is also public available for users.

. Implemerting normal fast Fourier Transform(FFT) protein-protein docking
algorithm using the BALL library. Dewveloping speci ¢ scoringfunctions to
improve docking for speci ¢ typesof complexes.For instance,family-based
residue interface propensitiesare explored to improve the docking results
for two speci ¢ SCOP families; The degreeof buriednessand conseration
of surfaceresiduesimprovesthe enzyme-inhibitor docking results; Surface
softening improves the non enzyme-inhibitor docking results. Making the
docking sourcecodesfreely accessible.

. Integrating the interface prediction into protein-protein docking. Reliable
interface predictions improve docking, either during docking or after dock-

ing.

. Overall, | deweloped morethan 5000lines of code and madethe web seners
http://scoppi.biotec.tu- dresden.de/pocket for LIGSITE ¢
http://scoppi.biotec.tu- dresden.de/metappi for metaPPI available.
The sourcecode of LIGSITE °*¢ and BDOCK are available under the GNU
General Public License.
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App endix A

Scienti ¢ achievements during
this work

Below the papersare listed, which werepublishedin scierti ¢ journals during the
courseof this thesis.

2 Bingding Huang and Michael Sdroeder(2007), Using protein interface pre-
diction to improve protein-protein dacking, Gene,accepted.

2 Bingding Huangand Michael Sthroeder(2006), LIGSITE °*¢. predicting pro-
tein binding sites using the Connolly surfae and degree of conservation
BMC Structural Biology, 6:19.

2 Bingding Huang and Michael Scroeder (2005), Using residue propensi-
ties and tightnessof t to improve rigid-body protein-protein docking, In
Matthias Rarey, Andrew Torda, Stefan Kurtz, and Ute Willhoeft, edi-
tors, Proceedingsof German Bioinformatics Conference. Pages: 159-173,
Springer.

The following paper is in preparedfor publication on bioinformatics-related
journals.

2 Bingding Huang and Michael Sdroeder (2008) MetaPPI: a meta protein-
protein interaction site prediction methal, in prepared.

The webseners and sourcecode of the above works are available online at:
2 LIGSITE ¢ http://scoppi.biotec.tu- dresden.de/pocket

2 metaPPI: http://scoppi.biotec.tu- dresden.de/metappi
2 BDOCK: http://www.biotec.tu-  dresden.de/~bhuang/bdock

A CD disc cortaining all the sourcecode is attached in this dissertation.
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