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Abstract

Collaborative ltering techniquesare widely used by
many E-commece sites for recommendatiorpurposes.
Sud techniqueshelp customes by suggestingproductsto
purchaseusing other uses' prefeences. Today's top-
recommendatioathemesare basedon market basletdata,
which showswhethera customerboughtan item or not.
Data collectedfor recommendatiopurposesnightbe split
betweerdifferentparties. To providebetterreferrals andin-
creasemutualadvantayes,sud partiesmightwantto shae
data. Dueto privacy concernshowerer, they do not want
to disclosedata.

This paperpresentsa schemefor binary ratings-based
top-Nrecommendationn horizontallypartitioneddata, in
which two parties own disjoint setsof uses' ratings for
the sameitemswhile preservingdata ownes' privacy. If
dataowness wantto producereferrals usingthe combined
datawhile preservingheir privacy, we proposea schemeto
provide accutate top-N recommendationsithout exposing
data ownes' privacy. We conductedvarious experiments
to evaluateour schemeand analyzedhow different factors
affectthe performanceausingthe experimentresults.

1. Intr oduction

Collaboratve ltering (CF)is arecenttechniquefor pre-
dictionandrecommendatiopurposeshathelpsuserscope

with information overload using other users' preferences.

The conceptiof CF originatedin the early ninetieswith the
InformationTapestryproject[3]. CFtechniquesarewidely
usedin E-commercedirectrecommendationsand search
enginedo suggesttemsto userq1, 2].

CF systemswork by collecting ratings for items and
matchingtogethemserssharingthe sameinterestor styles.
Thegoalof CFis to predicthow well a user referredto as
theactiveuser( ), will like anitemthathe/shedid notbuy
beforebasednacommunityof users'preferencefs]. The
key ideais that will preferthoseitemsthatlike-minded

usersprefer, or thatdissimilarusersdo not. Filtering sys-
temsprovide predictionsfor singleitems. They also per
formtop- recommendatiofTN), in whichanorderedist
of itemsthatwill belikedby is provided.

Today'sTN scheme§l4, 9, 10] arebasednmarketbas-
ket datawhereusers'preferencesre representedby 1 if
they boughtthe items, or O otherwise. We presenta TN
schemeon binary ratings where customersrate products
they boughtas1 if they likedthem,or 0 otherwise.In our
schemeneighborsareselectecamongsimilar anddissimi-
lar usersbecause will preferthoseitemsthatlike-minded
usersprefer, or thatdissimilarusersdo not.

To provide referrals,datacollectedfrom mary usersis
used.Someonlinevendors gspeciallythosenewly created
ones,might have problemswith available dataandown a
limited numberof users. It becomedif cult for themto
form large enoughreliable neighborhoodsHolding a low
numberof usersmight causea cold startproblemandre-
strictsthe CF systemgo provide referralsfor only alimited
numberof items. Recommendationthenmight be unreli-
ableandsometimesarenotcomputableatall.

Datacollectedfor CF purposesnight be horizontallyor
vertically partitionedbetweendifferentparties. They hold
disjointsetsof users'preferencefor thesametemsin hori-
zontalpartitionwhile in vertical partition,they own disjoint
setsof items' ratingscollectedfrom the sameusers.Com-
bining horizontallypartitioneddata(HPD) s helpful for CF
systemswhenthey own a low numberof users. To pro-
vide moreaccurateecommendationshereshouldbelarge
enoughnumberof neighborsselectedrom availableusers;
this mightbe achieved by integratingHPD.

Usersbuy productsrom differentonlinevendors.Some
userspurchasebooksfrom Amazon.conwhile othersbuy
from Barnes Noble.com. Amazon.coms and Barnes
Noble.coms databasesyhich includeratingsfor the same
books,recordedfrom disjoint setsof users,canbe jointly
usedfor betterreferrals.Jointdatais bene cial for thembe-
causecustomergpreferreturningto storeswith betterrefer
rals. Combineddatawill alsobene t customerdy making
it morelikely to receve moreaccuratendreliablereferrals.



Mutual advantageslueto collaborationbetweerparties
canarisefrom TN groundedon joint data. Data sharing
might occur betweenonline vendors,searchengines,or
even competingE-commercecompaniesand allows data
ownersto provide richer recommendatiorservices. TN
gualitiesmightbeincreasedf dataownersareableto com-
binetheirdata.Recommendationsomputedrom thecom-
bineddataarelik ely moreaccuratehantheonescalculated
from oneof the disjoint datasetsalonebecauseeombined

dataallowsthepartiesto nd morereliableneighborhoods.

Therefore,TN on HPD is essential. However, dueto pri-
vagy, legal, and nancial reasonsthey do notwantto share
their data.If privacy measureareprovided,they canshare
data.Providing privacy measuress akey to achieze HPD-
basedTI'N. Thereforewe investigatehe privagy-preserving
TN (PPTN)on HPD problemde ned asfollows:

To maximizethe mutual pro ts, two online vendos,
which own disjoint setsof uses' prefeencesof the same
items,wantto provide TN to their future customes using
thecombineddatawhile preservingheir privacy. Howcan
they producerecommendationsn theintegrateddatawith-
outexposingtheir privacy?
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Figure 1. PPTN on HPD

Fig. 1 shavs PPTN on HPD. Two vendors, and
holdingr and  numberof users'ratings,respectiely
ofthesame numberof items.They performTN usingthe
joint data,whichis an matrixwhile preserv-
ing their privagy. Sinceprivacy andaccurag arecon icting
goals,the proposedrotocolshouldachiere agoodbalance
betweerthem. We conductedexperimentausingtwo well-
known realdatasetsto shav the overall performancef our
schemeandhow accurag changesvith varyingfactors.

2. Relatedwork

Canry proposegwo schemegor PPCF[1, 2]. In these
schemesyiserscontrolall of their own privatedata;a com-
munity of userscancomputea public “aggregate” of their
data, which allows personalizedrecommendationso be
computedwithout disclosingindividual users'data. Po-
lat and Du use randomizedperturbationtechniquesfor
PPCF[11, 13]. In their schemea sener collectsdisguised

ratings from users,createsa central databaseand starts
providing CF serviceshasedon the existing database Al-
thoughtheir schemesre basedon numericalratings, pro-
vide predictionsfor singleitems,andrequireddatais avail-
ableto thesener, weinvestigatebinaryratings-based@N on
HPD while preservingdataowners'privacy. PPCFon ver
tically partitioneddata(VPD) problemis discussedn [12]
while we investigateHPD-based'N with privagy.
Privacy-preservinghave Bayesclassi er for HPDis dis-
cussedn [7]. They shav thatusingsecuresummatiorand
logarithm, they can learn distributed nave Bayesclassi-
er securely Privagy-preservingassociatiomuleson HPD
arediscussedn [6]. They addressecuremining of asso-
ciation rules over HPD while incorporatingcryptographic
techniquesto minimize the shareddata. TN in reduced
spaceis discusseddy [14]. Customerpreferencedatais
consideredisbinary by treatingeachnon-zeroentry of the
useritem matrix as1. Item-basedIN is discussedn [8]
whereKarypis presentstem-basedCF algorithmsthat rst
determinethe similarities betweenvariousitems and then
usedthemto identify the setof itemsto berecommended.

3. HPD-basedTN with privacy

After data collected for recommendations, sends
his/herknown ratingsand a query for which items he/she
is looking for referralsto asener, which rst selectseigh-
bors. Thena frequeng countis performedon the items
neighborsbought. The item list is sortedandits mostfre-
guently purchased itemsarereturnedasreferrals. TN
algorithmsproposedby [14, 9, 10] are basedon market
baslet data. However, purchasingandconsumingtemsdo
notnecessarilyneanthatconsumertikedthem.Customers
buy productshey mightlik e; sometimeshowever, they dis-
like whatthey bought.Referralsmight notbeaccuratecal-
culatedrom marketbasletdata.Thereforewe hypothesize
thatit is likely to provide moreaccurataecommendations
if datashaving users'preferencesslike or dislike is used.

It is imperatve to selectthoseuserswho have high pos-
itive andhigh negative correlationswith  asneighborshe-
cause will preferthoseitemsthatlike-mindeduserspre-
fer, or that dissimilar usersdo not. However, dissimilar
usersare not consideredn TN processn [9, 10]. Accu-
ragy might be increasedf we selectthe bestsimilar and
dissimilarusersasneighbors.

Similaritiesbetween andotherusersarecomputedis-
ing differentmetrics.For marketbaslet data, Tanimotoco-
efcient [9, 10] is usedandcanbede ned as:

(1)

where representshe numberof elementsn thebaslet
. We modify it asfollows anduseit asa similarity metric:



(2)

where and representhe numberof similarly
anddissimilarly rateditemsby users and , respectiely
and is the numberof commonlyrateditemsby them.
For example,if 's ratingsvectoris
and 'sratingsvectoris

where meansnot rated. Similarities
rangefrom -1 to 1. If , users and aresimi-
lar; otherwisethey aredissimilar When , they are
not correlatedat all. After nding similarities, neighbors
are selectedusing thresholdor best-  methodsto form
the neighborhoodIn the caseof usingthreshold , those
userswhosesimilarities satisfy the condition
areselectedvhile in best- method, numberof best
usersareselectedasneighbors.

Unlike the schemede ned in [14], in our schemefre-
gueng countis not performedbecausaisersrateitemsas
1 or 0 andthe neighborscomposedf similar and dissim-
ilar users. We nd the numberof 1s( ) and0Os( ) in
eachitem's columnafterwe reversethe ratingsof dissimi-
lar usersbecause will like theitemsthatdissimilarusers
do not. We thencompute f , then
theitemwill belikedby , otherwisenot. After nding all
itemsthatwill belikedby , they aresortedaccordingo
valuesand rst  itemsarereturnedastop- recommen-
dation.During TN, somecomputationganbedoneoff-line
while othersonline. Sinceonline computationcostis crit-
ical to the performancejnsteadof nding referralsfor all
unratedtems, sendsaquerystatinghe/shds looking for
recommendationfor itemswhere
where isthenumberrateditemsby .

Without privacy asa concerntwo companies, and
canexchangeheir own data,createa centraldatabaseand
provide ltering servicesusingthe combineddata. To get
referrals, sendshis/herknown ratingsanda queryto one
of the partieswhich nds referrals.However, with privacy
asaconcernthecompanieshouldnotbeableto learneach
other's data. They wantto conductTN usingthejoint data
withoutdisclosingdata.Sinceeitherparty canactasanac-
tive userin multiple scenariogo derive informationabout
otherparty's data,the proposedprotocol shouldbe secure
againstsuchattackscomingfrom both parties. They com-
municatethrough duringonlinerecommendationompu-
tation. The challenges how they canprovide TN services
usingHPD without exposingtheir privacy.

, then

To nd neighbordn TN, thresholdandbest- methods
are used. Sincedifferentneighborselectionmethodsfol-
low differentsteps,we divided our proposedschemento

threshold-basedndbest- -basedschemesndexplained
themin the followings. Dataownersexchangedatato nd
referrals.Oneparty shouldgetall requireddatafor recom-
mendationcomputations.Either party canact asa sener
to getrequireddataand nd the nal referrals. They can
switchtheirroles.We assumeahat actsasasener.

3.1.1. Threshold-basedPPTN on HPD. In threshold-
basedTN, usersareselectedasneighbordasedonaapre-
de ned threshold( ) value. Both partiescan nd simi-
laritiesbetweerusersthey holdand andselectneighbors
using sendsrequireddatato , which nds recom-
mendationsThe detailsof the schemeareasfollows:

Stepl. senddis/herratingsandaquery(for which
total numberof unrateditems he/sheis looking for top-
recommendationfp bothparties.

Step2. computessimilaritiesbetweenusersit holds
and and selectsneighborsbasedon To prevent
fromlearning , canusearandomthresholdratherthan
a x edone. Therefore,it createsa uniform randomnum-
ber( ) fromarange andaddsthatnumberto

, nds , andusest asarandomthreshold. will
notbeableto learnthethresholddueto therandomnumber

Step 3. It then nds valuesfor all

from the neighbors'dataandsendshemto

through . Since doesnot know the thresholdvalue,
the neighborswhich neighborsratedwhich items,andthe
valuesof and it will notbeabletolearntrueratings.

Step 4. nds similarities for usersit holds, selects
neighborshasedon , and nds for all
. It computes valuesand nds referralsas

explainedbeforeandsendghesorteditem list to
Bothpartiescansendthe and valuesfor all

to withoutsendingt to eachotherand can nd recom-

mendationsHowever, since gets  numberof referrals

ratherthan  recommendationghey exchangedataand

oneof themprovidesrecommendationt®

3.1.2.Best- -basedPPTN on HPD. After similarities
betweerall usersand arefound,best  numberof users
areselectedsneighbors. nds similaritiesbetweerthose
usersit holds( ) and andsends valuesto
which rst nds similarities betweenusersit holdsand

andselectsbest  usersasneighbors. Since canact
asan active userin multiple scenariogo derive data,the
schemeshouldnotallow to derive datafrom similarities

foundby . Theschemesdetailsareasfollows:
Stepl. sendshis/herratingsandaqueryto and
Step2. estimatesimilaritiesbetweenusersit holds

and usingprivatesimilarity computatiorprotocol,which
is describedn thefollowing sectionto prevent  from de-
riving data. Thenit permutesthem using a permutation



function , which is only known by it, and sendsper
muted valuesto through . will notbeableto
learntrueratingsdueto andprivatesimilarity computa-
tion protocol.It alsodoesnotknow thetypesof correlations
betweerusers holdsand .

Step3.  nds similaritiesfor usersit ownsandselects
best usersamongall usersasneighbors.

Step4. It then nds valuesfor those itemsand
sendghemandtheneighborselectecamongusers holds
to through . Since doesnotknow theneighborghat
selectecamonguserst holds,which neighborgatedwhich

items,andthe valuesof and it will notbeableto
learntrueratings.
Step5. nds andcomputes  valuesfor all

items.It then nds top- recommendatioandsendso

We proposeo useprivatesimilarity computatiorproto-
colto nd the similaritieswithout exposingprivagy. Since
customer®nly buy andrateafew, active users'ratingsvec-
torsareusuallysparse However, sinceeitherparty canact
asanactive user they might usedenseratingsvectors.We
only explainthe protocolfor because alsofollowsthe
samestepsto nd similaritiesfor userst holds.

After gets 'sdata,it nds . If is lessthan

, then  nds the itemsthat did not rate.
thencreatesa uniform randominteger from therange
andrandomlyselects numberof unrated
items. It then lls thoserandomlyselected number
of unrateditems’ cellsin 's ratingsvectorwith the cor
respondingdefault votes(  s) calculatedusing privatede-
fault votescomputatiorprotocol,which is explainedin the
following section.If s biggerthan , nds the
itemsthat ratedandcreatesuniformrandominteger
from therange . It thenrandomlyselects num-
berof rateditemsandremovestheirratingsfrom 'sratings
vector thenforms 's new ratingsvectorand can es-
timate similarities usingit. Since doesnot know ,
, andrandomlyselectedatedandunratedtems,it will
not be ableto gure out valuesfrom values
calculatedusingnew ratingsvectorevenif it actsasanac-
tive userin multiple scenariosvhere  representaisers
that holds. For eachuserheldby , independently
creates or , hds new ratingsvectors,and esti-
matessimilaritiesbasedon them. The rangesor and
canbe adjustedbasedon how much privagy and ac-
curagy wanted. Remwing someof the ratingsandadding

s might make accuray worsebecausenumberof avail-
able ratingsdecreaseand non-personalizedatings might
notrepresent 'strue preferencesHowever, whenthereare
enoughratings,we canstill estimatereliablesimilaritiesaf-
terremoving someof them.Since sarenon-personalized

ratingsfor , it is likely to estimatesimilaritieswith decent
accurag usingprivatesimilarity computatiorprotocolafter
inserting s.

Our schemefollows online and off-line computation
componentsFinding sis doneoff-line while othercom-
putationsare conductedonline. Sincedefault votes( s)
areusedfor nding referrals,beforeproviding predictions
to their new customersdataowners nd s off-line using
privatedefault votescomputatiorprotocolasfollows:

Step 1. Eachparty nds and valuesfor all

Step 2. randomly selects number
of items. It createdarge enoughrandomvalues for

, addsthemto and values, and
nds and Since
nds valueswithout

usingrandomnumbers. Slnce doesnot know how mary
usersownedby rateditem andhow mary of themrated
asl or O, it will not be ableto learntrue ratingsfor item

. Evenif it learnsratingsfor items,it doesnot know

ratingsfor remaining items.
Step3. thensends valuesto , whichcalculates
values compareshemwith 0, and nds
sforthose items.If , Iis1,or0otherwise.
Step 4. nds valuesfor items
where andsendshemand sfor items
to thatwill notbeabletolearn valuesfor items.
Step5. nds valuesfor itemsandtells . They

thenstoretheminto matrices.

4. Analysis

We analyzedour schemein terms of online overhead
costsbecauseoff-line costsare not critical to the perfor
mance We shav how muchadditionalcostsareintroduced
dueto privagy. Thenumberof communicationss 2 without
privacy asa concern. The overheadcommunicationcosts
dueto privagy areonly 3 and5 for threshold-andbest- -
basedschemesrespectiely. The storageoverheaddueto
privag is relatively small because and store
defaultvotesin two matrices.

The overhead computation cost is negligible in
threshold-basedchemebecauseone party createsa ran-
dom number  for randomthresholdand conductsone
more addition. In best- -basedschemepone party uses
privatesimilarity computatiorprotocol,which increase®r
decreasethenumberof comparisondy or ,on
average respectrely dependingpn  where is or
Thesamepartyalsousesa permutatiorfunctionto permute
similaritiesandcreates randomintegers.



We claim that our threshold-basedchemeis secure.
Since is only known by , doesnot know random
threshold It doesnotknow how mary andwhichusersvere
selectedasneighbordecause only sends valuesaf-
ter it selectedneighborsusingrandomthreshold. also
doesnot know the typesof correlationsbetweerusersheld
by and . Evenif nds out neighborsandthe types
of correlationsjt will notbe ableto derive true ratingsfor

itemsbecausefterit gets valuesfor itemsfor
, the probability of guessinghe correct
and  valuesforitis 1 outof . Theprob-
abilities of guessinghe like and dislike ratingsof item

arel outof and , respectiely. Thereforethe
probabilityof guessing 'sdatafor ~ numberof itemsfor
is 1 outof where

is the numberof waysof picking unorderedutcomes
from possibilities. The probability for  canbe found
similarly whenit actsasasener.

Ourbest- -basedschemas securedueto permutation
and private similarity computationprotocol. For oneuser
the probability of guessing is 1 out of and
the probability of guessinghe correct  numberof items
is 1 out of . The probability of guessingthe cor-
recttype of correlationis 1 out of 2 andthe probability of

guessinghe correct valueis 1 out of . For
, the probability of guessingthe correct or
valueis 1 out of . The proba-

bilities of guessingsimilarly or dissimilarly rateditemsare
1 out of and , respectiely. Finally, the
probability of guessinghe correctusersfor is 1 out of

I. Thereforethe probability of guessinghe 'sdatafor

is 1 out of

whendefault votesare

appendedThe probabilitycanbefoundsimilarly whenrat-
ingsareremoved.

We claim that our proposedprotocolfor nding default
votesis securedue to the following reasons. Eachparty
sends  valuesfor correspondingtems to each othet
Sincethey do not know how mary usersheldby eachother
rateditem andhow mary of themratedas1 or 0, they will
notlearntrue ratings. Sincethey exchangedatafor half of
theitems,evenif apartyderivesdataaboutthem,it will not
beableto learndataaboutothers.The probabilityfor  to
guess 's datacanbe found similarly as explainedabove
for threshold-basegcheme.

5. Experimental results

We used two well-known real data setsin our ex-
periments. Jesterhas 100 jokes and recordsof 17,988

userswhere the ratings rangefrom -10 to +10 and they
are continuous[4]. MovieLens (ML) consistsof rat-
ings made on a 5-star scalefor 3,591 movies made by
7,463 users. It was collectedby the GroupLensResearch
Project(www.cs.umn.edu/research/Grgars).

We measuredhe accuray of our schemausingclassi -
cationaccurag (CA), coverageand -MeasurgFM). CA
is the ratio of numberof correctclassi cationsto number
of classi cations. Coverageis the percentagef itemsfor
which a CF algorithm can provide referrals. FM [14] is
a weightedcombinationof precisionandrecall, which are
usedfor informationretrieval taskswhere:

We rst transformednumericalratingsinto binary rat-
ings. We labelleditemsas if the numericalrating for the
item washiggerthan3, or 0 otherwisein ML. We labelled
themaslif thenumericalatingfor theitemwasabove 2.0,
or 0 otherwisein Jester We randomlyselected,000and
6,000userdrom Jesteffor trainingandtestingsetsrespec-
tively. ML wasrandomlydividedinto training andtesting
setswith 4,000and3,000usersyespectrely. We thenran-
domly selected?2,000usersfor trainingamongthose9,000
and4,000users.500 userswererandomlyselectecamong
those6,000and3,000usersastestusers.

To evaluatethe overall performanceof our schemewe
conductedseveralexperiments First, we ranexperimentgo
nd theoptimum valuefor neighborselection.We used
2,000and 500 usersfor training and testing,respectiely.
We held 5 rateditemsfrom eachtestusers dataandtried
to nd predictiondor themusingour schemewhile varying

. We thencomparedgredictionswith thetrueratings.We
only shaoved CAsin Fig. 2 for bothdatasets.As seerfrom
the gure, the resultsare bestwhen is 0.1 and0.2 for
Jesterand ML, respectiely. Therefore,we selectedthem
asoptimum  values. The resultsare slightly becoming
worsewhen is away from its optimumvalue.

To shawv how accurag changeswith differenthnumbers
of bestneighbors( ), we conductedexperimentsusing
the same2,000and 500 usersfor training andtesting, re-
spectvely. Sinceresultsfor both datasetsare similar, we
only shavedFM valuesfor Jestein Fig. 3. We againheld5
rateditems'ratings triedto nd recommendationf®r them,
andcomparedhemuwith true ratings. As seenfrom Fig. 3,
the resultsare becomingbetterwith increasing  up to
1,000bestneighborsandthey becomesteadyafterthat.
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We thenranexperimentdo shov how differentnumbers
of users( ) affect the results. We hypothesizethat with
increasing , it is morelikely to nd large enoughneigh-
borhoodsfor accuratereferrals. SinceHPD-basedecom-
mendatiorschemeombinegwo disjointsets,it is likely to
increaseaccuray. We usedthresholdselectionschemefor
neighborselectionusingoptimum  valueswhile varying

from 100to 2,000. We randomlyselectedraining users
from training setswherewe usedthe same500 testusers.
Usingourschemetop-10recommendationserefoundfor
randomlyselectedrateditemsfrom eachtestusers ratings
vector Wethencomparedgredictionswith trueratings,cal-
culatedCA andFM valuesfor both datasets,and shaved
resultsin Table1. With increasing , the resultsbecome
better ThereforecombiningHPD helpsCF systemsgo pro-
vide moreaccurateeferrals.

Table 1. Accurac y vs.

| [ [100 [200 [500 [ 1,000 [ 2,000 ]
Jester[ CA | 0.7010] 0.7048] 0.7078] 0.7102] 0.7116
FM | 0.6586 | 0.6619 | 0.6642 | 0.6662 | 0.6703
ML | CA | 0.6530] 0.6726| 0.6874] 0.6970 0.7062
FM | 0.7269| 0.7480 | 0.7683 | 0.7769 | 0.7863

CF algorithmsare not able to provide referralsfor all
itemsdueto low availabledata. Whenthereis alow num-
berof usersjt becomedglif cult to nd predictionsor some
items. SinceHPD-basedchementegratessplit data,it is
morelikely to nd recommendationfor more items. To
shav how different valuesaffect coveragewe conducted
experimentsusing ML. We found coveragevalueswhile
varying from 50 to 2,000and shaved resultsfor differ-
ent valuesin Fig. 4. As seenfrom the gure, coverage
increasesvith increasing becausdét becomesnorelikely
to have itemsratedby moreusers.
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Figure 4. Coverage vs.

In threshold-basedchemeywe proposeo usearandom
threshold. selects valuesbasebn . Asseernfrom
Fig. 2 wherewe shoved CAs with varying  values,if
is changedrom 0.2t0 0.1 or 0.3for ML, 1 accurag is
lost. Since valuesare uniformly createdwhen  is
0.01,onaveragewelost0.5 accurag.

Finally, we ran experimentsto shav how different
and  valuesaffect the overall performance. In private
similarity computationprotocol, we either remove ratings
or add default votesfor randomlyselectedtemsbasedon

. We hypothesizehat insertingdefault votesmight in-
creaseaccuray because 's availableratingsincreasesnd
malkesit possibleto nd morereliable matchingsand ac-
curatereferrals. However, since default votes might not
match 'strue preferencegor thoseitems, insertingthem
might make accurag worse. We conductedexperiments
while varying  valuesusingboth datasetsand shoved
FMsfor only ML in Fig. 5. We usedthe same2,000train-
ing userswhile 500userswvho ratedlessthan60itemswere
randomlyselectedor testing.We thenfoundtop-10recom-
mendationgor randomlyselectedLO rateditemsfrom each
testusers data. Predictiondor thoseitemswerecompared
with true ratings. As seenfrom the gure, when  is 10,
accurag improveswhile it becomesvorsewhenit is 20 or
more.However, when is 100,accurag lossis only 1

To shov how accurag changeswith | we conducted
experimentsusing both data setsand shaved resultsfor
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only Jestetin Fig. 6. We usedthesame2,000trainingusers
while 500 userswho rated more than 80 items were ran-
domly selectedfor testing. We thenfound top-10recom-
mendationgor randomlyselectedLO rateditemsfrom each
testusers datawhile varying  from 0 to 60. Predictions
for thoseitemswere comparedwith true ratings. As seen
from the gure, whenhalf of the ratingsareremoved, ac-

curag lossisonly 1  whileitis2 when is 60. With

increasing , resultsarebecomingworseaswe expected.
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6. Conclusionsand futur e work

We have presented solutionto PPTNon HPD. Our so-
lution malesit possiblefor two partiesto conductTN using
joint datawith privagy. Our experimentshave shavn that
our solution canachiese accuratereferrals. Our proposed
privatesimilarity computationprotocolcanachieve a good
balancebetweeraccurag andprivagy by adjustingparam-
eters. Predictionsfor single items can be computedwith
privacy using our scheme. We will study how aggreyate
datadisclosureaffectsthe accurag andthe privagy of our
scheme.We will alsostudyVPD-basedIN with privacy.
We will investigatehow our schemeavorkswhenthereis an
overlapbetweerusersheldby dataowners.
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