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COMPUTERADDEDDRUGDESIGNSUCCESSANDLIMITATION

1.Abstract

Moderndrugdiscoveryischaracterizedbytheproductionofvastquantitiesofcompoundsand
theneedtoexaminethesehugelibrariesinshortperiodsoftime
Theneedtostore,manageandanalyzetheserapidlyincreasingresourceshasgivenrisetothe
fieldknownascomputer-aideddrugdesign(CADD).

CADDrepresentscomputationalmethodsandresourcesthatareusedtofacilitatethedesign
anddiscoveryofnewtherapeuticsolutions.

Digitalrepositories,containingdetailedinformationondrugsandotherusefulcompounds,are
goldminesfortheStudyofchemicalreactionscapabilities.Designlibraries,withthepotentialto
generatemolecularvariantsintheirentirety,allowtheselectionandsamplingofchemical
compoundswithdiversecharacteristics.

Structure-baseddrugdesignandligand-baseddrugdesign
aretwomethodscommonlyusedincomputer-aideddrugdesign.Inthisarticle,wediscussthe
theorybehindbothmethods,aswellas
theirsuccessfulapplicationsandlimitations.
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2.Background

Developingnew drugsisaveryexpensiveandtime-consumingprocessthatdatesback

millionsofyearstowhenonlyherbalremedieswereinuse[1].Drugswithsynthetic/semi-

syntheticoriginsonlycameintoexistenceinthelastcentury[2].Compoundsdevelopedprior

tothistimewerenotveryeffectiveintermsofpotencyorsafety,andmustthereforebe

optimized.In the era oftrial-and-errorprocesses,rationalstrategies were developed to

improvethepotencyofcompounds[3-6].Inthe1980s,theuseofcomputerswasextended

from datahandlingtoamoreprominentroleindrugdiscovery[7].Theuseofcomputersinthe

fieldofpharmaceuticalresearchistypicallydesignatedascomputer-aideddrugdesign(CADD)

[8,9];althoughitisalsoreferredtoascomputer-assistedmoleculardesign(CAMD).CADD

methodshaveemergedasaneffectivetoolfordrugdiscoveries.CADD isaspecialized

discipline thatuses computationalmethods to simulate drug receptorinteractions to

determineifagivenmoleculewillbindtoatarget,andifso,whatitsaffinitywouldbe[10].This

methodhasbecomethemostwidelyusedtechniquetosignificantlydecreasethenumberof

potentialmedicinalcompoundsfrom alargelibrarybypredictingwhichwillbeinactiveand

active.Thismethodrequiressignificantlylesscostandtimeforhighthroughputscreening

withoutcompromisingthequalityofleaddiscovery.Bindingofligandstothereceptormay

occurvia hydrophobic,electrostatic,and hydrogen-bonding interactions [11].In addition,

solvationenergiesoftheligandandreceptorsitealsoplaymajorrolesinthisprocessbecause

partialtocompletedesolvationmustoccurpriortobinding[12].Therearetwomajortypesof

drugdesigntechniques:ligand-baseddrugdesign(LBDD)andstructure-baseddrugdesign

(SBDD).
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SBDDisusedwhenthethree-dimensionalstructuresoftargetproteinsareavailable,while

LBDDdesignisemployedincasesinwhichthestructuresareunknown.CADDmethodsare

dependenton bioinformaticstools,applications and databases [13].MD simulation has

becomeoneofthemostinfluentialtoolstopredicttheconformationofsmallmolecules,as

wellasformodellingconformationalchangeswithinabiologicaltargetuponbindingbysmall

molecules[14,15].Semi-empiricalmethodssuchasabinitiomethodsordensityfunctional

theoryaremostoftenusedtoprovidetheexpectedopt(electrostaticpotential,polarizability,

etc.)ofthedrugcandidatethatinfluenceitsbindingaffinity[16].Theadvantagesofusing

CADDindrugdiscoveryinclude:a)costsavings;b)time-to-market,thepredictivepowerof

CADDfacilitatesselectionofpromisingleadcandidates,therebypreventingtimefrom being

wastedondeadendcompounds;c)betterinsight,oneoftheintangiblebenefitsofCADDisthe

deepinsightthatresearchersacquireintodrugreceptorinteractions.Computer-aideddrug

design may be used to identify hits using structure orligand-based virtualscreening,

optimizationofhit-to-leadforaffinityandselectivity(SBDD,LBDD,etc.)andoptimizationofthe

otherpharmaceuticalpropertiesofleadswhilemaintainingitsaffinity.Fig.1showsdifferent

methodsusedinCADD.Inthisreview,weprovidedetailedinformationregardingdifferent

methodsusedinCADD,aswellassomeoftheirmajorsuccessesandlimitationsimized

parameters formolecularmechanics calculations and to estimate importantelectronic

properties
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3.Introduction

Computeraideddrugdesign(CADD)providesseveraltoolsandtechniquesthathelpsin

variousstagesofdrugdesignthusreducingthecostofresearchanddevelopmenttimeofthe

drug.Drugdiscoveryanddevelopinganewmedicineisalong,complex,costlyandhighlyrisky

processthathasfewpeersinthecommercialworld.Thisiswhycomputer-aideddrugdesign

(CADD)approachesarebeingwidelyusedinthepharmaceuticalindustrytoacceleratethe

process.Thecostbenefitofusingcomputationaltoolsintheleadoptimizationphaseofdrug

developmentissubstantial.Thecostandtimeinvestedbythepharmacologicalresearch

laboratoriesareheavyduringthevariousphasesofdrugdiscovery,startingfrom therapeutic

targetidentification[1,2],candidatedrugdiscovery,drugoptimizationthroughpreclinicaland

extensiveclinicalexperimentstoassessthe

effectivenessandsafetyofnewlydevelopeddrugs.Themajorpharmaceuticalcompanieshave

investedheavilyintheroutineultra-HighThroughputScreening(uHTS)ofvastnumbersofdrug-

like‘molecules.[3,4]In parallelwiththis,drug design and optimization increasinglyuses

computersforvirtualscreening.[5-7]RecentadvancementsinDNAmicroarrayexperiments

explorethousandsofgenesinvolvedinadiseasecanbeusedforgainingindepthknowledge

aboutthediseasetargets,metabolicpathwaysandtoxicityofthedrugs.[8]Thetheoretical

tools include empiricalmo-lecularmechanics,quantum mechanics and,more recently,

statisticalmechanics.This latestadvance has permitted explicitsolventeffects to be

incorporated.Allthisworkistheavailabilityofhighqualitycomputergraphics,largelysupported

onworkstations.[9]
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Twodistinctcategoriesofresearchareclearlydistinguishable1)Crystallography,NMRor

homologymodelling.Adetailedmolecularstructureofthetargetmacromolecule,thedrug

receptor,isknownfrom x-ray.2)Variableactivityofotherwisesimilarmolecules.Thetarget

receptorbindingsitehaspropertieswhichcanonlybeinferredfrom aknowledgeoftheboth

thesetypesofapproach.DrugDiscoveryProcessDrugdiscoveryisaseriesofprocesses

whichwhenfollowedidentifythedrugcompoundsfortheeffectivetreatmentorcontrolof

diseasetargets.Itstartswiththescreeningoflargenumberofchemicalcompounds

tooptimizethediseasetargets.Itrequiresinsightinformationaboutthestructureofthedrug

receptorsothatthedrugmoleculescanbeadjustedtothebindingsite.

Figure1:DrugDiscoveryProcess
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Drugdiscoveryprocessstartswithunderstandingthediseaseforwhichthedrugtobedesigned.It

consistsofthefollowingsteps.

1.CandidateDrugDiscovery

 SelectionofTherapeuticTarget

 LeadDiscovery

 LeadOptimization

2.Preclinicalandclinicaltrialstoevaluatethesafety,efficacyandadverseeffectsofthedrug

 AnimalStudies

 ClinicalTrials

3.FDAapprovalprocessforthenewlydiscovereddrugandbringingthedrugtomarketfor
publicuse.

 Additionalpostmarketingtesting

 Furtherimprovementofthedrug.

Ingeneral,ittakes3-6yearsfornewdrugdiscoveryandpre-clinicaldevelopment.Theclinicaltrials

canlastupto10yearsormorebeforetheproductreachesthemarket.[10]Approximatelyittakes

12-15yearsandcostsmorethan$1.3billiontobringasuccessfuldrugtomarket.[11]Onanaverage,

amongthe5000-10000screenedcompoundsabout250compoundsareselectedforpreclinical

trials.From them only5survivetoenterintoclinicaltrialswhileonlyoneapprovedbytheFDAafter

strenuousreviewofthenewlydiscovereddrug.

CADDStrategiesintheDrugDiscoveryProcess

StrategiesforCADDvarydependingontheextentofstructuralandotherinformationavailable

regardingthetarget(enzyme/receptor)andtheligands.―Direct‖and―indirect‖designarethetwo

majormodelingstrategiescurrentlyusedinthedrugdesignprocess.Intheindirectapproachthe

designisbasedoncomparativeanalysisofthestructuralfeaturesofknownactiveandinactive

com-pounds.Inthedirectdesignthethree-dimensionalfea-turesofthetarget(enzyme/receptor)

aredirectlycon-sidered.

IR@AIKTC-KRRC
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WorkingofCADD[13]

PreparationofaTargetStructure

Successofvirtualscreeningdependsupontheamountandqualityofstructuralinformation

knownaboutboththetargetandthesmallmoleculesbeingdocked.Thefirststepisto

evaluatethetargetforthepresenceofanappropriatebindingpocket.[12-13]Thisisusually

donethrough theanalysisofknown target-ligand co-crystalstructuresorusing in-silico

methodstoidentifynovelbindingsites.[14]

AtargetstructureexperimentallydeterminedthroughX-raycrystallographyorNMRtechniques

anddepositedinthePDBistheidealstartingpointfordocking.Structuralgenomicshas

acceleratedtherateatwhichtargetstructuresarebeingdetermined.Intheabsenceof

experimentallydeterminedstructures,severalsuccessfulvirtualscreeningcampaignshave

beenreportedbasedoncomparativemodelsoftargetproteins[15-17]

IR@AIKTC-KRRC

ir.aiktclibrary.org



9

HomologyModeling

Intheabsenceofexperimentalstructures,computationalmethodsareusedtopredictthe3D

structureoftargetproteins.Comparativemodelingisusedtopredicttargetstructurebasedon

atemplatewithasimilarsequence,leveragingthatproteinstructureisbetterconservedthan

sequence,i.e.,proteinswithsimilarsequenceshavesimilarstructures.Homologymodelingisa

specifictypeofcomparativemodelinginwhichthetemplateandtargetproteinssharethesame

evolutionaryorigin.Comparativemodelinginvolvesthefollowingsteps:(1)identificationofrelated

proteinstoserveastemplatestructures,(2)sequencealignmentofthetargetandtemplate

proteins,(3)copyingcoordinatesforconfidentlyalignedregions,(4)constructingmissingatom

coordinatesoftargetstructure,and(5)modelrefinementandevaluation.Fig.1.4illustratesthe

stepsinvolvedinhomologymodeling.Severalcomputerprogramsandwebserversexistthat

automatethehomologymodelingprocesse.g.,PSIPRED[18]andMODELER.[19]

Moleculardynamics-baseddetection

Thedynamicnatureofbiomoleculessometimesmakesitinsufficientto useasinglestatic

structuretopredictputativebindingsites.Multipleconformationsoftargetareoftenusedto

accountforstructuraldynamicsoftarget.Classicmoleculardynamic(MD)simulationscanbe

usedforobtaininganensembleoftargetconformationsbeginningwithasinglestructure.TheMD

methodusesprinciplesofNewtonianmechanicstocalculateatrajectoryofconformationsofa

proteinasafunctionoftime.ClassicMDmethodstendtogettrappedinlocalenergyminima.To

overcomethis,severaladvancedMDalgorithmssuchastargeted-MD[20],conformationalfolding

simulations[21],temperatureacceleratedMDsimulations[22],andreplicaexchangeMD[23]havebeen

implementedfortraversingmultipleminimaenergysurfaceofproteins.

IR@AIKTC-KRRC
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Figure:1.4Stepsinvolvedinhomologymodelbuildingprocess.38-39

MonteCarloSearchwithMetropolisCriterion(MCM)Simulations

MCM samplesconformationalspacefasterthanmoleculardynamicsinthatitrequiresonlyenergy

functionevaluationandnotthederivativeoftheenergyfunctions.AlthoughtraditionalMDdrivesa

system towardalocalenergyminimum,therandomnessintroducedwithMonteCarloallows

hoppingovertheenergybarriers,preventingthesystem from gettingstuckinlocalenergyminima.

MCM simulationshavebeenadoptedforflexibledockingapplicationssuchasinMCDOCK.[24]

GeneticAlgorithms

Geneticalgorithmsintroducemolecularflexibilitythroughrecombinationofparentconformations

to child conformations.Inthissimulated evolutionaryprocess,the―fittest‖orbestscoring

conformationsarekeptforanotherroundofrecombination.Inthisway,thebestpossiblesetof

solutionsevolvesbyretainingfavorablefeaturesfrom onegenerationtothenext.Indocking,aset

ofvaluesthatdescribetheligandposeintheproteinarestatevariable.Statevariablesmayinclude

setofvaluesdescribingtranslation,orientation,conformation,numberofhydrogenbonds,etc.

IR@AIKTC-KRRC

ir.aiktclibrary.org



11

Thestatecorrespondstothegenotype;theresultingstructuralmodeloftheligandintheprotein

correspondstothephenotype,andbindingenergycorrespondstothefitnessoftheindividual.

Geneticoperatorsmayswaplargeregionsofparent‘sgenesorrandomlychange(mutate)the

valueofcertainligandstatestogiverisetonew individuals.GeneticOptimizationforLigand

Docking(GOLD)[25]exploresfullligandflexibilitywithpartialtargetflexibilityusingagenetic

algorithm.

ScoringFunctionsforEvaluationofProteinLigandComplexes

Docking applications need to rapidly and accurately assess protein-ligand complexes,i.e.,

approximatetheenergyoftheinteraction.Aliganddockingexperimentmaygeneratehundredsof

thousandsoftarget-ligand

complexconformations,andanefficientscoringfunctionisnecessarytorankthesecomplexes

anddifferentiatevalidbindingmodepredictionsfrom invalidpredictions.

Force-FieldorMolecularMechanics-BasedScoringFunctions

Force-fieldscoringfunctionsuseclassicmolecularmechanicsforenergycalculations.[26]These

functionsuseparametersderivedfrom experimentaldataandabinitioquantum mechanical

calculations.Thebindingfreeenergyofprotein-ligandcomplexesareestimatedbythesum ofvan

derWaalsandelectrostaticinteractions.DOCKusestheAMBERforcefieldsinwhichvander

WaalsenergytermsarerepresentedbytheLennard-Jonespotential

IR@AIKTC-KRRC
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Knowledge-BasedScoringFunction

Knowledgebasedscoringfunctionsusetheinformationcontainedinexperimentallydetermined

complex structures.They are formulated underthe assumption thatinteratomic distances

occurringmoreoftenthanaveragedistancesrepresentfavorablecontacts.Ontheotherhand,

interactionsthatarefoundtooccurwithlowerfrequenciesarelikelytodecreaseaffinity.Several

knowledgebasedpotentialshavebeendevelopedtopredictbindingaffinitylikepotentialof.

Consensus-ScoringFunctions

Consensusapproachesrescorepredictedposesseveraltimesusingdifferentscoringfunctions.

Theseresultscanthenbecombinedindifferentwaystoranksolutions.[31]Somestrategiesfor

combiningscoresinclude(1)weightedcombinationsofscoringfunctions,(2)avotingstrategyin

whichcut-offsestablishedforeachscoringmethodisfollowedbydecisionbasedonnumberof

posesamoleculehas,(3)arankbynumberstrategyrankseachcompoundbyitsaverage

normalizedscorevaluesand(4)arankbyrankmethodsortscompoundsbasedonaveragerank

determinedbyindividualscoringfunctions.[32]

Structure-BasedVirtualHigh-ThroughputScreening

Structure-basedvirtualhigh-throughputscreening(SB-vHTS),theinsilicomethodforidentifying

putativehitsoutofhundredsofthousandsofcompoundstothetargetsofknownstructure,relies

onacomparisonofthe3Dstructureofthesmallmoleculewiththeputativebindingpocket.SB-

vHTSselectsforligandspredictedtobindaparticularbindingsiteasopposedtotraditionalHTS

thatexperimentallyassertsgeneralabilityofaligandtobind,inhibit,orallostericallyalterthe

protein‘sfunction.Tomakescreeningoflargecompoundlibrarieswithinfinitetimefeasible.SB-

vHTS often uses limited conformationalsampling ofprotein and ligand and a simplified

approximationofbindingenergythatcanberapidlycomputed.ThekeystepsinSB-vHTSare:(1)

preparationofthetargetproteinandcompoundlibraryfordocking,(2)determiningafavorable

bindingposeforeachcompoundand(3)rankingthedockedstructures.[33]

IR@AIKTC-KRRC
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Ligand-BasedComputer-AidedDrugDesign

Theligand-basedcomputer-aideddrugdiscovery(LBDD)approachinvolvestheanalysisofligands

knowntointeractwithatargetofinterest.Thesemethodsuseasetofreferencestructures

collectedfrom compoundsknowntointeractwiththetargetofinterestandanalysetheir2Dor3D

structures.Theoverallgoalisto

fornovelcompoundspossessingthebiologicalactivityofinterest,hit-to-leadandlead-todrug

optimization,andalsofortheoptimizationofDMPK/ADMETproperties.LBDD isbasedonthe

similarpropertyprinciplewhichstatesthatmoleculesthatarestructurallysimilararelikelytohave

similarproperties.[34]LBDDapproachesincontrasttoSBDDapproachescanalsobeappliedwhen

thestructureofthebiologicaltargetisunknown.Additionally,activecompoundsidentifiedbyligand

-basedvirtualhigh-throughputscreening(LB-vHTS)methodsareoftenmorepotentthanthose

identified inSB-Vhts.[35]representthesecompoundsinsuchawaythatthephysicochemical

propertiesmostimportantfortheirdesired

interactionsareretained,whereasextraneousinformation notrelevantto theinteractionsis

discarded.Itisconsideredasanindirectapproachtothedrugdiscoveryinthatitdoesnot

necessitateknowledgeofthestructureofthetargetofinterest.Thetwofundamentalapproaches

ofLBDD are(1)selectionofcompoundsbasedonchemicalsimilaritytoknownactivesusing

somesimilaritymeasureor(2)theconstructionofaquantitativestructureactivityrelationship

(QSAR)modelthatpredictsbiologicalactivityfrom chemicalstructure.

IR@AIKTC-KRRC
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MolecularDescriptors

Moleculardescriptorscanincludepropertiessuchasmolecularweight,geometry,volume,surface

areas,ringcontent,rotatablebonds,interatomicdistances,bonddistances,atom types,planarand

nonplanarsystems,indices,functionalgroupcomposition,aromaticityindices,solvationproperties,

andmanyothers.[36]Thesedescriptorsaregeneratedthroughknowledge-based,graph-theoretical

methods,molecularmechanical,orquantum-mechanicaltools[37-38]andareclassifiedaccordingto

the dimensionality‖ ofthe chemicalrepresentation from which they are computed[39]:1-

dimensional(1D),scalarphysicochemicalpropertiessuchasmolecularweight;2D,molecular

constitution-deriveddescriptors;2.5D,molecularconfiguration-deriveddescriptors;3D,molecular

conformation-deriveddescriptors.Thesedifferentlevelsofcomplexity,however,areoverlapping

withthemorecomplexdescriptors,oftenincorporatinginformationfrom thesimplerones.

IR@AIKTC-KRRC
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Docking

Dockingisthecomputationaldeterminationofbindingaffinitybetweenaproteinstructureand

aligand.Thismethodinvolvesproficientsamplingofallpossibleposesoftheligandinthe

bindingpocketofthetargetproteintoeaseoptimalbindinggeometry,asmeasuredbythe

definedscoringfunctions[39,41].Dockingofsmallmoleculesisgenerallyperformedinoneof

threeways:(a)rigiddocking,inwhichthetargetandligandaretreatedasrigid;(b)flexible

liganddocking,inwhichthetargetisheldrigid;or(c)flexibledocking,inwhichboththetarget

andligandareconsideredflexible[42].Moleculardockingprotocolscanalsobedefinedasa

blendofasearchalgorithm andascoringfunction[43-46].Manyscoringfunctionsand

algorithmsarecurrentlyavailable.Thesearchalgorithm issupposedtoprovidesupportand

freedom totheprotein-ligandcoordinationtoenableaccuratelyandsufficientsampling,

includingthebindingmodes.Logically,thesearchalgorithm issupposedtohavegoodspeed

and effectiveness,while the scoring function mustbe able to analyze physicochemical

properties ofmolecules and thermodynamics ofinteraction.The complexityofdocking

increasesintheorderofrigiddocking,flexibleliganddocking,andflexibledocking[47].A

reliabledockingalgorithm shouldexhaustivelysearchallpossiblebindingmodesbetweenthe

ligandandtarget;however,thisisimpracticalbecauseofthelargesizeofthesearchspace.

Therefore,constraints,restraints,andapproximationsareappliedtoreducethedimensionality

oftheproblem inanattempttolocatetheglobalminimaasefficientlyaspossible.Sincelarge

conformationalspaceisavailabletoproteinstructures,partialflexibility(sidechain)has

recently been incorporated into some docking algorithms,e.g.,GLIDE [37],GOLD [38],

AUTODOCK [48],FlexX [49],etc.Geneticalgorithms(AUTODOCK,GOLD)andMonteCarlo

simulatedannealingalgorithms(GLIDE)arewidelyused.Thegeneticalgorithm isaniterative

processthatsustainsapopulationofindividualsthatarecandidatesofthesolutionstothe

problem being elucidated.However,simulated annealing is an iterative procedure that

constantlyapprisesonecandidatesolutionuntilitreachesaterminationcondition[50].

IR@AIKTC-KRRC

ir.aiktclibrary.org



16

Pharmacophore

Apharmacophoreistheensembleofstericandelectronicfeaturesincluding1D(physicalor

biologicalproperties),2D(substructures)and3D(charged/ionizablegroups,hydrophobic

groups,andhydrogen

bondacceptors/donors)aspectsthatarenecessarytoensuretheoptimalsupramolecularinteractions

withaspecificbiologicaltargetstructureandconsideredtoberesponsibleforadesiredbiologicalactivity

[51-56].TheconceptofapharmacophorehasbecomeanimportanttoolinCADD.Inapharmacophore,

eachatom thatexhibitscertainpropertiesrelatedtomolecularrecognitionisbridgedtoapharmacophore

feature.Thesemolecularfeaturesarelabeledhydrogenbonddonors(HBD),hydrogenbondacceptors

(HBA),hydrophobicaromatics,etc.[57].Pharmacophorefingerprintingcomparesdifferentmoleculesat

thepharmacophorelevel.Whenonlyafewpharmacophorefeaturesareconsideredina3Dmodel,the

pharmacophoreissometimesdescribedasaquery.Apharmacophoremodelcanbeestablishedinboth

ligand-basedandstructure-basedmanners.Intheligand-basedapproach,thismethodcanbeusedby

superposingasetofactivemoleculesandextractingthecommonessentialchemicalfeaturesrequired

fortheirbioactivity.InSBDD,thisapproachcanbeusedbyprobingpossibleinteractionpointsbetween

thetargetproteinandligands.Pharmacophoretechniqueshavebeenusedextensivelyinvirtualscreening,

denovodesign,leadoptimization,multitargetdrugdesign,etc.Withadvancesincomputationalchemistry,

alargenumberofautomatedtoolshavebeendevelopedandmadeavailableforpharmacophore

modeling.
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Pharmacophore/LigandBasedVirtualScreening(PBVS/LBVS)

Pharmacophorebasedvirtualscreening(PBVS)usesapharmacophoremodelingapproachto

screenlargedatabasestoidentifymoleculesofdesiredbiologicaleffects.Toaccomplishthis,

aquery(pharmacophoremodel)thatencodesthecorrect3D organizationoftherequired

interactionpatterninthemostlikelymanneriscreated.Differentoptionsareavailablefor

constructingapharmacophore

model(query)depending on the information available forthe particularprotein target.

Examplesofsomeprogramsthatperform pharmacophorebasedsearchesincludeUNITY[58],

MACCS-3d[59],Catalyst[60],PHASE[62],andROCS[63].Table1showssomeofthemajor

toolsusedinLBDD.Ingeneral,PBVSisconductedintwoconsecutivesteps,checkingthe

atom typeand/orfunctionalgrouprequiredbythepharmacophoreandcheckingwhetherthe

spatialarrangementofthesecompoundsmatchesthesequeries[64].PBVSissuperiorto

SBVS with respectto itsabilityto screen multi-conformationaldatabasesconsisting of

millionsofcompoundsincomparativelylesstimeandyieldinghighqualityandstructurally

diversehits/leads[65].Moreover,theproductionofseveralfalsepositivehits/leadshasbeena

majorobstructiontobothPBVSandSBVSbaseddrugdiscoveryprocesses.Pooridentification

ofimportantphysicochemicalparametersisonepossiblereasonforthefailuresofbothPBVS

andSBVS[66].

ScoringFunctions:ConceptandApplication

Scoring function is the mostimportantcomponentin structurebased drug design for

evaluatingtheefficacyofligandsbindingtotheirtargetproteins[67].Inmoleculardocking

experiments,protein-ligandcomplexesneedtoberapidlyandaccuratelyassessed[68].As

molecular docking experiments generate thousands of ligand binding

orientations/conformations,scoring functions are used to rank these complexes and

differentiatetheaccuratebindingmodepredictionsfrom inaccuratepredictions[69,70,

71].
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Thegoalofanidealscoringfunctionistorankthecomplexasdeterminedempirically[72].

Additionally,thescoringfunctionshouldbeabletopredicttheabsolutebindingaffinityofthe

complextofacilitateidentificationofthepotentialhits/leadcandidatesagainstanytherapeutic

targetfrom alargelibraryofcompoundsasusedinvirtualscreening.Scoringfunctionsare

veryhelpfultoscreeninglibrariesofcompoundsorindividualcompoundsbasedontheir

bindingmodeandaffinity.Overtheyears,variousscoringfunctionsthatexhibitdifferent

accuraciesandcomputationalefficiencieshavebeendeveloped[73].Inthissection,webriefly

reviewthescoringfunctionsinliteraturedevelopedforprotein-ligandinteractionsinmolecular

docking.Fig.2showsdifferentscoringfunctionscurrentlyinuse.Scoringfunctionshavebeen

categorizedintofourdifferenttypes:

1.Force-fieldormolecularmechanics-basedscoringfunctions.

2.Empiricalscoringfunctions.

3.Knowledge-basedscoringfunctions.

4.Consensusscoringfunctions.

Force-FieldorMolecularMechanics-BasedScoringFunctions

Classicmolecularmechanicsareusedbyforce-fieldscoringfunctionsforenergycalculations

[74].ThesescoringfunctionsusevariousphysicalfeaturessuchasvanderWaals(VDW)

interactions,electrostaticinteractions,andbondstretching/bending/torsionalforces.Force-

fieldormolecularmechanics-basedscoringfunctionsutilizeparametersderivedfrom both

experimentalandabinitioquantum mechanicalcalculations[75].Thesescoringfunctions

estimatethebindingfreeenergyofprotein-ligandcomplexesbythesum ofthevanderWaals

(VDW) interactions and electrostatic interactions [76].Despite its various successful

applications,amajorchallengeassociatedwithforcefieldscoringfunctionsistheirinabilityto

treatsolventmoleculesinligandbinding[77].Toovercomethisshortcoming,variablesfrom

theempiricalscoring functionsareoften taken into consideration along with force-field

functions.

IR@AIKTC-KRRC

ir.aiktclibrary.org



19

EmpiricalScoringFunctions

Thesescoringfunctionsarebasedoncountingthenumberofdifferenttypesofinteractions

betweentwobindingpartners[78,79].Thesefunctionscountthenumberofatomswithina

ligandandreceptorthatareincontactwitheachotherorcalculatechangesinthesolvent

accessiblesurfacearea(_SASA)inthecomplexandtheuncomplexedstructureoftheprotein

and ligand.These interaction terms ofthe function may include favorable contacts

(hydrophobichydrophobic), unfavorable contacts (hydrophobic- hydrophilic), favorable

contributionstoaffinity(especiallyifshieldedfrom solvent),nocontributionifsolventexposed

(numberofhydrogenbonds),andunfavorableconformationalentropycontribution(numberof

rotatablebondsimmobilizedincomplexformation).

Knowledge-BasedScoring

Thisscoringfunctionattemptstocaptureknowledgeaboutthereceptor(target)-ligand

bindingavailableintheproteindatabank(PDB)bystatisticalanalysisofstructuraldataalone

[80-81].Frequencyof

occurrenceofindividualcontactsisassumedtomeasuretheirenergeticcontributiontothe

binding.Aspecificcontactthatoccursmorefrequentlythananaverageorrandom distribution

indicates

attractiveinteraction,whereaslessfrequentoccurrenceindicatesrepulsiveinteraction,e.g.,

PMFscore(potentialsofmeanforce)[82].
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ConsensusScoringFunction

Despitetheavailabilityofsomegoodscoringfunctions,consensusscoringfunctionshave

beendeveloped.Everyscoringfunctioncurrentlyinusehassomelimitationsandadvantages.

Theconsensusscoringfunctionwasdevelopedwhileconsideringtheadvantagesofdifferent

scoringfunctionstoachievehighaccuracy[83].Consensusscoringfunctions,whicharethe

mostadvancedscoringtechnique,improvetheprobabilityoffindingthecorrectsolutionviaa

combination ofdifferentscoring functions [84].The bestaspectofconsensus scoring

functionsistheirabilitytoscorepredictedbindingposesusingdifferentscoringfunctions[85].

Commonlyusedconsensusscoringstrategiesinclude:(1)Weightedcombinationsofscoring

functions,votebynumberstrategy.(2)Votebynumberstrategyinwhichacutoffvalueis

establishedforeachscoringmethodusedandthefinaldecisionismadebasedonthenumber

ofpassesamoleculehas(3)Rankbynumberstrategyinwhicheachcompoundisrankedby

itsaveragenormalizedscore.(4)Rankbyrankstrategyinwhichthecompoundsaresortedon

thebasisoftheiraveragerankandpredictedbyindividualscoringfunctions.

MolecularDynamics

Moleculardynamicssimulation,alsoreferredasMD,isoneoftheprincipaltoolsforthe

theoreticalstudyofbiologicalmolecules[86].InMD,Newtonianmechanicsareappliedto

calculatethetrajectoryofasystem [87].However,standardMDmethodsdependontheinitial

conformationandarenotinherentlysuitableforsimulationofligand-targetinteractions[88].

ThisresultsinMDbeing

unabletocrossthehigh-energybarricadeswithinthesimulation’slifespanandpreventsit

from efficientlytraversingtheroughsurfaceofproteinincomplexwithligand.Simulated

annealingstrategiesareapplicableformoreefficientuseofMDindocking[89].Thisprocess

computationallycalculatesthebehaviorofamolecularsystem withrespecttotime.Agreat

dealofdetailed information regarding thevariationsand conformationalchangeswithin

proteinsandnucleicacidshasbeenprovidedbymoleculardynamics.Thesecomputational

methods are now commonly used to investigate the dynamics behaviorofbiological

moleculesandtheircomplexes[90].Thesemethodsarealsowidelyappliedtodetermine

structuresfrom x-raycrystallographyandNMRexperiments.
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SOFTWAREFORGENERALPURPOSEMOLECULARMODELING[40]

Forworkstations,minicomputers,andsupercomputers(SGI,Sun,Cray,etc.)

 AMBER—PeterKollmanandcoworkers,UCSF.

 Computerassistedmodelbuilding,energyminimiza-tion,moleculardynamics,and

freeenergyperturbationcalculations.

 MidasPlus—UCSFComputerGraphicsLaboratory.

 CHARMM—MartinKarplusandcowrokers,Har-vard.

 QUANTA/CHARMm—MolecularSimulationsInc.(MSI)molecular/drugdesign,

QSAR,quantum chemis-try.

 X-ray&NMRdataanalysisInsight/DISCOVER—Biosym,Inc.NowMSIandBiosym

becameAccelrysInc.

 SYBYL—Tripos,Inc.

 ECEPP—HaroldScheragaandcoworkers,Cornell

 MM3—NormanAllingerandcoworkers,GeorgiaForpersonalcomputers(Apple,

Compaq,IBM,etc.)

 AlchemyIII—Tripos,Inc.

 DesktopMolecularModeller—OxfordElec.Publish-ingMolecularModeling

Pro—WindowChem SoftwareEnergyminimization,QSAR(surfacearea,

volume,logP),etc.

 PCMODEL—SerenaSoftware.
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SuccessStoryofCADD

ThereisverylargelistdescribingthesuccessfulapplicationsofCADDinthedevelopmentof

novelandpotentdrugcandidatesindrugdiscovery.ThedevelopmentofdrugsforHIVandflu

(influenza)duringthe1990sisamongstthegreatestacknowledgedsuccessfulapplicationsof

CADD.Relenza(whichtreatsinfluenzaandwasapredecessortoTamiflu)andHIVprotease

inhibitorsarethetwomostsuccessfuloutcomesofCADD[91-92].Relenzaisaneuraminidase

inhibitorthatwaslicensedtoGlaxoSmithKlineInc.(GSK)in1990andapprovedbytheFDAin

1999[93].HIVproteaseinhibitorsweredevelopedseveralyearsbeforetheneuraminidase

inhibitors,butRelenzawasapprovedfirstowingtothepressingmedicalneed.ThefirstHIV

proteaseinhibitor,ritonavir,wassynthesizedwithadequateoralbioavailabilityin1991[94].

TheFDAapprovedthiscompoundin1996,inrecordtime(72days).

Thisdrugrequiredeightyearsfordevelopment,whichisabouthalfthatofatypicaldrug.This

achievementwasduetoapplicationofastructure-basedapproachandtheFDA’srapidreview.

AnumberofotherHIVproteaseswereidentifiedaroundthesametime,includingsaquinavir

(Roche)andnelfinavir(developedbyAgouron,nowasubsidiaryofPfizer)[95,96].Thesedrugs

helpedtransform thetreatmentofHIV.AlargenumberofdrugsidentifiedusingCADDalready

existedintheform ofpatentmedicines.Captopril,theangiotensin-convertingenzyme(ACE)

inhibitor,isanantihypertensivedrugthatwasapprovedin1981[97].Dorzolamide,acarbonic

anhydraseinhibitor,wasapprovedin1995[98].Additionally,Saquinavirwasapprovedin1995

[99],andacombinationofthreetherapeuticsfortreatmentofHIV,Saquinavir,Indinavirand

Ritonavirwasapprovedin1996[100].Tirofiban,afibrinogenantagonistthatwasapprovedin

1998[101],andzanamivir,oseltamivir,aliskiren,boceprevir,nolatrexed,

andrupintrivirarearealsotheresultsofCADD[102].ArecentstudybyKokkonenetal.reported

thesuccessfuluseofCADD foridentificationofinhibitorsofSirtuins,aNAD dependent

deacetylaseandwell-knowndrugtargetinneurodegenerativediseasesandcancer[102-110].

AnotherrecentsuccessfulapplicationofCADD wasreportedagainsttuberculosiswhena

combinationofLBDD,SBDDandMDsimulationstudieswereused.Theoutcomeofthisstudy

wastheidentificationofanovelandverypotentinhibitor(NRB04248)ofmycobacterium

tuberculosis.ThiscompoundwasfoundtohavethepotentialtoinhibitPknG(anattractive

drug targetin mycobacterium tuberculosis)withoutany cytotoxic effects againsthost

macrophages[111].CADD hasbeenextremelysuccessfulindesignandidentificationof

inhibitorsagainstseveralimportantdiseases,includingcancer[112-120],diabetes[121-129],

MDR [130-135],and neurodegenerative disorders [136-142].A listofsome successful

inhibitorsdevelopedusingCADDisgiveninTable2.
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ListofclinicallyapproveddrugsdiscoveredbyCADD.

CHALLENGESINCADD

Biologicalsystemsarecomplexandgovernedbyseveralsignificantparameters.Accordingly,

therearecertainlimitationsanditisnotpossibletocopyandsimulatethecompletebiological

system onacomputersystem usingstateofthearttechniques.Oneofthebiggestremaining

challengesindrugdiscoveryistargetflexibility.Mostmoleculardockingtoolsprovidehigh

flexibilitytotheligand,

whiletheproteiniskeptfixedorprovidedwithlimitedflexibilitytotheresiduespresentwithinornearthe

activesite.Itisverydifficulttoprovidecompletemolecularflexibilitytotheproteinasthisincreasethe

spaceandtimecomplexityofthecomputation[153].However,effortsarebeingmadetoaddasmany

parameters aspossible.Receptorand targetmoleculesare highlyflexible in solution because of

conformationchanges[154,159].Therefore,designinganinhibitorblindlytoidentifyasingle,rigid

structuremayleadtothewrongresult.Dockingtoolssupplyenoughflexibilitytotheligand,withlimited

flexibilitytotheresiduesnearbindingsitesofprotein.Proteinsandligandmoleculespossesshigh

flexibilityinsolutionbecauseoftheirconformationalchanges[160].
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Therefore,keepinginmindasingle,rigidstructurewhiledesigninginhibitorsordrugmolecules

mayalsoleadtoanincorrectresult.Watermoleculesareconsideredtoplayacrucialrolein

cellularsystems.Accordingly,itisnecessarytoincorporatetheeffectsofwatermoleculesand

othersolventsintodockingalgorithms [161,168].Occasionally,ligand-basedinvestigations

produceamodelwithagoodRsquarevalue,indicatingitisreliableforprediction.Wecanthen

usethisligand-basedmodeltopredicttheactivitiesofpotentcandidates.Unfortunately,most

structure-basedresultsdonotseem tobeconsistentwithligand-basedresults[169].Ithas

beensuggestedthatsuchdifferencesmightbebecauseofthedependenceofallvirtual

screeningmethodsondatabases,eventhoughtheycanvarygreatlyforparticulartargets[170].

Incomputer-aideddrugdesign,thesystem istreatedbyforcefieldmodelsinwhichthe

molecules

aretreatedaspointchargesboundbyspring-likeLennard-Jonesandpotentialinteractions.

Despiteprovidingspeedtocomputation,thereareseveralpitfallstothismethod.Inthis

system,theelectronicdegreesoffreedom (polarization)areneglectedandunabletofeature

andanalyzethebreakingofbondswithinthesystems[171,174].Sensitivitytoparameters,

neglectingelectronicdegreesof

freedom (polarization),andinabilitytomodelbondbreakingaresomeofthemajorpitfallsof

thesystem [175].Nevertheless,givenenoughsamples,forcefieldscanbeusedtomodel

processesincludingprotein-ligandbindingandproteinfolding.Oneofthemajorlimitationsof

pharmacophorebasedLBDDisitsdependenceonpre-computeddatabasesthatcontaina

limited numberoflow-energyconformationspermolecule.Thislimitstheprobabilityof

identifyinganactivemoleculebecausemanyconformationsaremissing;especiallythosefor

rotatablebondsofsmallfunctionalitiessuchasarefoundinhydroxylgroups.
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Thisrestrictstheabilityofthisapproachtodistinguishbetweendifferentrotationsduringthe

conformergenerationandthusaffectssampling[176].Missingdifferentconformationsmay

bepossiblebecauseanactivemoleculecannotbeidentified.Thisisespeciallytrueforthe

manydifferentconformationsofrotatablebondsofsmallmolecularfunctionalitiessuchas

hydroxylgroups.Itisdifficulttodistinguishbetweendifferentrotationsintermsofrootmean

squaredeviationdifferences,whichaffecttheirpropersampling.Thereisnoclearprocessfor

constructingapharmacophorequery.However,severalstudieshavereportedthatdifferent

moleculeswerecreatedforsimilartargets,i.e.,screeningasimilardatasetproducesdifferent

molecules,whichwerefoundtobeinactive.Apreviousstudyreportedoneexampleof

the failure ofpharmacophoreswhen differentpharmacophoreswere created forsimilar

targets[177,179].Identificationofverydifferentmoleculesfrom asimilardatasethasalso

beenreported.Anotherpossibleshortcomingisidentificationofkinaseinhibitorspossessing

similarstructures,butdifferentactivityprofilesagainstakinome[180].Takentogether,these

findingsindicatethatpharmacophoreapproachesforidentifyingkinaseinhibitorsdo not

provideaclearpictureoftheiractivityagainstthetargetedkinase[181].Itisimportanttonote

thatmoleculardynamicshaveseverallimitations.Forexample,themethodiscomputationally

verydemandinganddependentonthesizeofthesystem simulation,withtimeslimitedto

hundredsofnanosecondsorafewmicrosecondsat

most[182].Thistimeperiodistooshortforanalysissincethecompletefoldingofaprotein

requiresatimeperiodrangingfrom millisecondstoseconds[183].Accordingly,thislimitation

canleadtoinadequatesamplingofconformations.
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Differentcategoriesandthecriteriaofevaluationsofscoringfunctionsinprotein–ligand

interaction.Thequalityoftheforcefieldisanimportantfeatureforobservationofcertain

propertiesofasystem,anditisveryimportanttoparameterizeforcefieldsforthesystem.The

forcefieldbeingusedneedstobewellparameterizedandveryaccuratetodistinguish

betweenvariousconformationsatdifferenttimesteps.However,itisnotcleariftheforce-field

beingusedwillattaintheaccuracyrequiredbythesystem,

especiallywhensomeverycrucialeffectssuchaspolarizationoftheatomsbytheirenvironmentarenot

consideredbasedontheelectrostaticpotential.Classicaldescriptionsoftheparticlesusedcomprise

anotherimportantlimitationofMDsimulationthatrestrictsinvestigationofsomeimportantquantum

mechanicalbasedphenomena,suchas electrontransferorbondbreaking/formation.
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CONCLUSION

Overall,thereareseveralreasonstousethemoderntechniquesofCADDfordrugdesignand

development.Structure-basedandligand-baseddrugdesignmethodsalongwithmolecular

dynamics,simulationstudiesarethebackboneofmodernCADD processes.Wediscussed

severalsuccessstoriesofthesetechniquesand theirlimitations.Theclearconceptand

advanced knowledge of CADD methods willimprove research quality and facilitate

identificationofnewchemicalentities,leadingtodevelopmentofusefuldrugs.

CADD=Computer-AidedDrugDesign

GOLD = Genetic Optimisation for Ligand
Docking HIV = Human Immunodeficiency
Virus
HTS = High Throughput
ScreeningLBDD=Ligand-based
drug design MD = Molecular
dynamics
PBVS=Pharmacophorebasedvirtual
screeningQSAR=Quantitativestructure-
activityrelationshipSBDD=Structure-based
DrugDesign(SBDD)SBVS=Structure-based
virtualscreening
VS=VirtualScreening
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