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Abstract—
ATrecommendationTengineTfiltersTtheTdataTusingTdiff
erentTalgorithmsTandTrecommendsTtheTmostTrelevant 
itemtoTusers.TItTfirstTcapturesTtheTpastTbehaviourTof
TaTcustomerTandTbasedTonTthat,TrecommendsTproduc
tsTwhichTtheTusersTmightTbeTlikelyTtoTbuyTorTwatc
h.TIfaTcompletelyTnewTuserTvisitsTanTecommerceTsit
e,TthatTsiteTwillTnotThaveTanyTpastThistoryTofTthatT
user.TheTpossibleTsolutionsTforTthisTcouldTbeTtoTtell
TthebestTsellingTproducts,Ti.e.TtheTproductsTwhichTar
eThighTinTdemandTorTtoTrecommendTtheTproductsT
whichwouldTbringTtheTmaximumTprofitTtoTtheTbusin
ess.TThreeTmainTapproachesTareTusedforTrecommend
erTsystems.TOneTisTDemographicTFilteringTi.eTTheyT
offergeneralisedTrecommendationsTtoeveryTuser,Tbased
onmovieTpopularityTandorTgenre.TSecondTisTcontentb
asedTfiltering,TwhereTweTtryTtoTprofileTtheTuser’sTin
terestsTusingTinformationTcollected,TandTrecommendTi
temsTbasedTonTthatTprofile.TTheTotherTisTcollaborati
vefiltering,TwhereTweTtryTtoTgroupTsimilarTusersTtog
etherTandTuseTinformationTaboutTtheTgroupTtoTmake
TrecommendationsTtoTtheTuser.TPersonalisedTrecomm
endationTsystemTcanTplayTanTimportantTroleTespecial
lywhenTtheTuserThasTnoTclearTtargetTmovie.TInTthis
Tpaper,TweTdesignTandTimplementTaTmovieTrecomm
endationTsystemTprototypeTcombinedTwithTtheTactual
TneedsTofTmovieTrecommendationTthroughTresearchin
gTofTKNNTalgorithmTandTcollaborativeTfilteringTalgo
rithm. 

1. INTRODUCTION 

OurMovieTRecommendationTSystemTaimsTatTdevelop
ingTaTSoftwareTbestTsuitedTforTPlatformTStreamingT
ServicessuchTasTNetflix,TPrimeVideo,SonyLIV,Faceboo
k,Tetc.WeTplanTtoTapplyTMachineTLearningTusingTPy
thonTProgrammingTLanguageTtoTdevelopTsomethingT
bestTsuitedTforTtheseTplatforms,whichwillTnotTonlyTh
elpTtheTusersTwithTbetterTRecommendations,TbutTitT
willTalsoTallowTthemTtoThaveTaTbroaderTrangeTofT
moviesTpresentedTandTrecommendedTtoTthemTforTwa
tching.TThisTwillTautomaticallyTenhanceTtheTqualityT
ofTtheTplatform,makingTitTattractiveTforTtheTendTuse
rsTandTbetterTtoTuse.TOften,TthesesystemsTareTable 
toTcollectTinformationTaboutTaTusersTchoices,TandTca

nTuseTthisTinformationTtoTimproveTtheirTsuggestionsT
inTtheTfuture.TForTexample,TFacebookTcanTmonitorTy
ourTinteractionTwithTvariousTstoriesTonTyourTfeedTinT
orderTtoTlearnTwhatTtypesTofTstoriesTappealTtoTyou.T
Sometimes,TtheTrecommenderTsystemsTcanTmakeTimpr
ovementsTbasedTonTtheTactivitiesTofTaTlargeTnumberT
ofTpeople.TForTexample,TifTAmazonTobservesTthatTaT
largeTnumberTofTcustomersTwhoTbuyTtheTlatestTApple
MacTbookTalsoTbuyTaTUSUSBTAdapter,theyTcanTreco
mmendTtheTAdapterTtoTanewTuserTwhoThasTjustTadd
edTaTMacbookTtoThisTcart.PersonalisedTrecommendati
onTsystemTisTaTkindTofTinformationTfilteringTtechnolo
gy.TItTisTanTintegratedTsystemTwhichTisTaTcombinatio
nTofTaTvarietyTofTdataTminingalgorithmsTandTuserTrel
atedTinformation,TtoTmeetTtheTinterestsTorTpotentialTi
nterestsTofTusers.TTheTcommonTrecommendationTsyste
mTisTcategorisedTasTcontentTbasedTrecommendationTs
ystem,TcollaborativeTfilteringTrecommendationTsystem,a
ndThybridTrecommendationTsystem[9,10].EachTrecomm
endationTalgorithmThasTdifferentTuseTrangeTandTuseco
ndition,TitTresultsTinTtheTuseTofTdifferentTrecommend
ationTalgorithmTforTtheTsameTinformationTrecommend
ation.TInTtheTactualTapplicationTofTrecommendationsys
tem,TtheTsystemTtendsTtoTbeTaThybridTrecommendati
onTsystem.TThatTis,TtoTmixTtheTadvantageTofTeachTr
ecommendationTalgorithmTtoTtheTrecommendedTproces
sTtoTeffectivelyTimproveTtheTrecommendationTeffect.In
TthisTpaper,TtheTkeyTresearchTcontentsTisTtoThelpTus
ersTtoTobtainTuserinterestedTmovieTautomaticallyTinTt
heTmassiveTmovieTinformationTdataTusingTKNNTalgo
rithmTandTcollaborativeTfilteringTalgorithm,TandTtoTde
velopTaTprototypeTofTmovieTrecommendationTsystemT
basedTonTKNNTcollaborativeTfilteringTalgorithm. 

Fig.1- Example of KNN Algorithm 
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2. LITERATURETSURVEY 

2.1.KNNTalgorithm 

KNNTalgorithmTisTcalledTKTnearestTneighbourTclassifica
tionTalgorithm.TTheTcoreTideaTofTtheTKNNTalgorithmTi
sifTtheTmajorityTofTtheTkTmostTsimilarTneighboursTofTs
ampleTinTtheTfeatureTspaceTbelongsTtoTaTcertainTcatego
ry,TthenTtheTsampleTisTconsideredTtoTbelongTtoTthisTca
tegory.AsTshownTinTFigureT1,TtheTmajorityTofTw’sTnear
estTneighboursTbelongTtoTtheTxTcategory,TwTbelongsTto
TtheTXTcategory. 

2.2.CollaborativeTFilteringTBasedTSystems- 

OurTcontentTbasedTengineTsuffersTfromTsomeT
severeTlimitations.TItTisTonlyTcapableTofTsugge
stingTmoviesTwhichTareTcloseTtoTaTcertainTmo
vie.TThatTis,TitTisTnotTcapableTofTcapturingTta
sesTandTprovidingTrecommendationsTacrossTge
nres.TAlso,TtheTengineTthatTweTbuiltTisTnotTr
eallyTpersonalTinTthatTitTdoesn’tTcaptureTtheT
personalTtastesTandTbiasesTofTaTuser.AnyoneTq
ueryingTourTengineTforTrecommendationsTbase
dTonTaTmovieTwillTreceiveTtheTsameTrecomm
endationTforTthatTmovie,TregardlessTofTwhoTs
heheTis.TTherefore,TinTthisTsection,TweTwillTu
seTaTtechniqueTcalledTCollaborativeTFilteringTt
oTmakeTrecommendationsTtoTMovieTWatchers.
TItTisTbasicallyTofTtwoTtypes:- 

UserTbasedTfilteringT- 

TheseTsystemsTrecommendTproductsTtoTaTuserTthatTsi 
ilarTusersThaveTliked.TForTmeasuringTtheTsimilarityTbet
weenTtwoTusersTweTcanTeitherTuseTpersonTcorrelation 
orTcosineTsimilarity.TThisTfilteringTtechniqueTcanTbeTill
ustratedTwithTanTexample. 

ItemTBasedTCollaborativeTFilteringT- 

InsteadTofTmeasuringTtheTsimilarityTbetweenT
users,TtheTitembasedTCFTrecommendsTitemsTb
asedTonTtheirTsimilarityTwithTtheTitemsTthatTt
heTtargetTuserTrated.TTheTmajorTdifferenceTist
hat,TwithTitembasedTcollaborativeTfiltering,Twfi
llTinTtheTblankTvertically,TasTopposeTtoTtheT
horizontalTmannerTthatTuserbasedTCFTdoes.TIt
successfullyTavoidsTtheTproblemTposedTbyTdy
namicTuserTpreferenceTasTitembasedTCFTisTm
oreTstatic.THowever,TseveralTproblemsTremainf
orTthisTmethod.TFirst,TtheTmainTissueTisTscal
ability.TTheTcomputationTgrowsTwithTbothTthe
customerTandTtheTproduct.TTheTworstTcaseTco
mplexityTisTO(mTn)TwithTmTusersTandTnTite
ms.TInTaddition,TsparsityTisTanotherTconcern. 

3. PROBLEMTFORMULATION 

WithTcompleteTdeterminationTandTaTconcreteTresearchTon
TtheTsubject,TtheTsolutionTtoTcomeTupTwithTtheTmostTc
ompetentTandTmodernTMovieTRecommendationTSystemT
wasTsuccessful.TOurTMovieTRecommendationTSystemTai
msTatTdevelopingTaTSoftwareTbestTsuitedTforTPlatformT
StreamingTServicesTsuchTasTNetflix,TPrimeVideo,TSonyL
IV,TFacebook,Tetc.TAThybridTapproachTcanTbeTtakenTbet
weenTcontextTbasedTfilteringTandTcollaborativeTfilteringT
toTimplementTtheTsystem.TThisTapproachTovercomesTdra
wbacksTofTeachTindividualTalgorithmTandTimprovesTtheT
performanceTofTtheTsystem.TTechniquesTlikeTClustering,
TSimilarityTandTClassificationTareTusedTtoTgetTbetterTre
commendationsTthusTincreasingTprecisionTandTaccuracy.T
WeTplanTtoTapplyTMachineTLearningTusingTPythonTProg
rammingTLanguageTtoTdevelopTsomethingTbestTsuitedTfo
rTtheseTplatforms,TwhichTwillTnotTonlyThelpTtheTusersT
withTbetterTRecommendations,TbutTalsoTallowTthemTtoT

haveTaTbroaderTrangeTofTmoviesTpresentedTandTrecomme
ndedTtoTthemTforTwatching.TThisTwillTautomaticallyTenha
nceTtheTqualityTofTtheTplatform,TmakingTitTattractiveTfor
TtheTendTusersTandTbetterTtoTuse. 

4. PROPOSEDTSYSTEM 

ThisTRecommendationTsystemTwillThaveTtheTsolutionTfo
rTallTtheTproblemsTandTchallenges,TonceTandTforTallTco
ncerningTitsTsafetyTofTdataTandTtheTcorrectTusageTofTit 
byTprovidingTusefulrecommendationsTtoTtheTusers,Thenc
eTenhancingTtheTsystemTandTtheTplatform.TThisTsystem
majorlyTsolvedTandTprovidedTtheTusersTaTbetterTexperie
nceTonTdifferentTplatformsTforTwatchingTmoviesTbyTnot
makingTthemTmanuallyTselectTanyTmovieTeveryTtimeTth
eyTwishTtoTwatch.TTheTsystemTwillTputTtheTmoviesTint
oTdifferentTcategoriesTsuchTasThorror,Tcomedy,Tromance,
etcTandTaccordingTtoTtheTuser’sTpreferences,Trecommend
sTtheTbestTmoviesTbasedTonTtheTuser’sThistory.IncaseTth
eTuserTsignsTupTforTtheTfirstTtime,TheTshallTbeTprovide
dTtheTbestTsellers,TorTtopT10TmoviesTbeingTwatchedTon
theTplatformTbyTanTArtificiallyTIntelligentTSystemTonTas
creenTwhichTwillThelpThim.TTheTSystemTwillTrecommen
dTaccordingTtoTtheTcategoryTofTtheTmovies,TandTthus,Te
fficientlyTmanagesTtheTtimeTofTtheTuser. 

5. KNNTCOLLABORATIVETFILTERIN
GTALGORITHM 

KNNTcollaborativeTfilteringTalgorithm,TwhichTisTaTcolla
borativeTfilteringTalgorithmTcombinedTwithTKNNTalgorit
hm,TuseTKNNTalgorithmTtoTselectTneighbours.TTheTbas
icTstepsTofTtheTalgorithmTareTuserTsimilarityTcalculation,
KNNTnearestTneighbourTselectionTandTpredictTscoreTcal
culation.TInTuserTsimilarityTcalculation,TTheTsimilarityTb
etweenTusersTisTcalculatedTbyTevaluatingTtheTvalueTofT
theTitemsTevaluatedTbyTtwoTusers.TThenTcomesTtheTK
NNTnearestTneighbourTselection,TinTwhichTtheTalgorith
mTselectsTaTnumberTofTusersTtheThighestTsimilarityTasT
theTU’sTneighbour,TdenotedTasTu’.TAfterTdeterminingTth
eTuser'sTneighbours,TtheTscoreTcanTbeTpredictedTaccordi
ngTtoTtheTscoreTofTtheTneighbourTtoTtheTitem,TwhichTi
sTknownTasTpredictTscoreTcalculation. 

6. RECOMMENDATIONTSYSTEMTDESIGN 

6.1. MainTObjective 

WeTaimTatTdevelopingTaTSoftwareTbestTsuitedTforTPla
tformTStreamingTServicesTsuchTasTNetflix,TPrimeVideo
,TSonyLIV,TFacebook,Tetc. 

6.2. SpecificTObjectives 

ThisTRecommendationTSystemsThasTtheTfollo
wingTobjectivesToTdevelopTaTSoftwareTthatTw
orksTasTaRecommendationTSystemTforTMovie
sbestTsuitedTforTPlatformTStreamingTServicess
uchTasTNetflix,TPrimeTVideo,Tetc,TtoTapplyT
MachineTLearningTusingTPythonTProgramming
LanguageTtoTdevelopTsomethingTbestTsuitedTf
orTtheseTplatforms,TwhichTwillTnotTonlyThelp
theTusersTwithTbetterTRecommendations,butTal
soTallowTthemTtoThaveTaTbroaderTrangeTofT
moviesTpresentedTandTrecommendedTtoTthemf
orTwatchingTandTtoTmakeTaTgoodTresearchTa
boutTRecommendationTSystemsTandTtheirTwor
king,ThenceTgatherTallTnecessaryTinformationT
thatThelpsTinTdesigningTtheTnewTmovieTreco
mmendationTsystem. 

6.3.ArchitectureTDesign 

ThereTareTthreeTcomponentsTinTtheTsystem,TincludingTm
ovies,TusersTandTtheTrecommendationTsystem.TTheTrecom 



 
Fig.T2.TSystemTArchitecture 

mendationTsystemTdeterminesTtheTdynamicTmoviesTbase
dTonTreal-
timeTmovieTandTuserTrelatedTinformation,TandTbroadcast
TrecommendableTpricesTtoTusers.TTheTpriceTreflectsTthe
TrelationshipTbetweenTdemandTandTsupply.TUponTreceiv
ingTdifferentTtypesTofTrecommendations,TtheTuserTselect
sTaTdesiredTmovieTheTwantsTtoTwatchTandTputsTinTthe
TwatchTlaterTlistTifTheTdoesTnotTwishTtoTwatchTatTthat
Ttime. 

6.4. DatabaseTDesign 

DatabaseTisTtheTbasisTofTtheTsystem,TthisTsystemTusesT
MYSQLdatabase,TtheToverallTdatabaseTstructureTdiagram
TisTshownTinTtheTfollowingTfigureT3,TrepresentingTtheit
egrityTconstraintsTbetweenTtheTdataTtables[18].TableTUse
rsTisTtheTdescriptionTofTuserTinformation,TincludingTuser
ID,TuserTname,Tpassword,TregistrationTtime,Tetc.TTableT
UserSimilarTisTtheTdescriptionTofTtheTuserTsimilarityTinf
ormation,TincludingTtheTuserTsimilarityTID,TuserTID,Tsim
ilarTneighbourTuserTID,TandTtheTvalueTofTtheTsimilarity.
TableTScoreTisTtheTdescriptionTofTusers’TratingTinformati
onTonTtheTfilm,TwhichTisTtheTdirectTinformationTsource
ofTcollaborativeTfilteringTalgorithm,TitTincludesTtheTscore
ID,TtheTuser'sTIDTwhoTgiveTtheTscoreT,theTvalueTofTthe
score,TcontentTofTcomments.TTableTMovieTisTtheTdescrip
tionTofTtheTmovieTinformation,TincludingtheTmovieTID,T
movieTname,Tdirector,TmovieTURL,Tetc.TTableTMovieTy
peTisTtheTdescriptionTofTtypeTinformationofTtheTmovies,i
ncludingTtheTIDTofTmovies’Ttype,TmovieTname,TandTty
peTID.TTableTMovieSimilarTisTtheTdescriptionTofTtheTm
ovieTsimilarityTinformation,TincludingTthemovieTsimilarity
ID,TmovieTID,TtheTIDTofThighlyTsimilarTneighbour,Tthe
valueTofTsimilarity.TBothTtheTtableTUserSimilarTandTtabl
eTMovieTsimilarTareTtheTbasisTofTtheTrecommendationTa
lgorithmTandTsystem[15.16]. 

Fig.T3.TRelationalTModelTofTDatabase 

7. IMPLEMENTATION 

UserTregistrationTsystemTwillTcaptureTtheTuser’sTexplicit
TandTimplicitTbehaviouralTcharacteristicsTandTtheseTchara
cteristicsTareTstoredTinTtheTuserTdatabaseTthroughTtheTu
serTloginTmodule.TAfterTloggingTinTtoTtheTsystem,TtheT
systemTwillTmakeTtheTappropriateTrecommendationTaccor
dingTtoTtheTuser'sTinformation[19.20].TAsTshownTinTallT
theTfiguresTbelow. 
 

 

 

 
 

                  
                      Figs-TDisplayTofTtheTimplementedTrecommendationTsystem 



CONCLUSION ANDTFUTURETSCOPE 

A hybrid methodology ought to be taken between KNN based 
separating and community oriented sifting to work the 
framework. This methodology will dispose of disadvantages of 
every calculation and will make the presentation of the 
framework all the more better. Strategies like Clustering, 
Similarity and Classification are utilised to improve proposals 
consequently expanding exactness and precision.In future we 
can work on hybrid recommender using clustering and 
similarity for better performance.  

• Our approach can even be further extended to other domains 
to recommend songs, video, venue, news, books, tourism and 
e-commerce sites, etc.  

• The features provided by use for more interactive 
enhancement of the screens and inclusion of more data.  
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