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Abstract: iWith ithe irapid igrowth iof ionline isocial imedia 
iand iubiquitous iInternet iconnectivity, isocial isensing ihas 
iemerged ias ia inew icrowd isourcing iapplication iparadigm iof 
icollecting iobservations i(often icalled iclaims) iabout ithe 
iphysical ienvironment ifrom ihumans ior idevices ion itheir 
ibehalf. iA ifundamental iproblem iin isocial isensing 
iapplications ilies iin ieffectively iascertaining ithe icorrectness iof 
iclaims iand ithe ireliability iof idata isources iwithout iknowing 
ieither iof ithem ia ipriori, iwhich iis ireferred ito ias itruth 
idiscovery. iWhile isignificant iprogress ihas ibeen imade ito 
isolve ithe itruth idiscovery iproblem, isome iimportant 
ichallenges ihave inot ibeen iwell iaddressed iyet. iFirst, iexisting 
itruth idiscovery isolutions idid inot ifully isolve ithe idynamic 
itruth idiscovery iproblem iwhere ithe iground itruth iof iclaims 
ichanges iover itime. iSecond, imany icurrent isolutions iare inot 
iscalable ito ilarge-scale isocial isensing ievents ibecause iof ithe 
icentralized inature iof itheir itruth idiscovery ialgorithms. iThird, 
ithe iheterogeneity iand iunpredictability iof ithe isocial isensing 
idata itraffic ipose iadditional ichallenges ito ithe iresource 
iallocation iand isystem iresponsiveness. iIn ithis ipaper, iwe 
idevelop ia iScalable iand iRobust iTruth iDiscovery i(SRTD) 
ischeme ito iaddress ithe iabove ithree ichallenges. iIn iparticular, 
ithe iSRTD ischeme ijointly iquantifies iboth ithe ireliability iof 
isources iand ithe icredibility iof iclaims iusing ia iprincipled 
iapproach. iThe ievaluation iresults ion ithree ireal-world idata 
itraces i(i.e., iBoston iBombing, iParis iShooting iand iCollege 
iFootball) ishow ithat ithe iSSTD ischeme iis iscalable iand 
ioutperforms ithe istate-of-the- iart itruth idiscovery imethods iin 
iterms iof iboth ieffectiveness iand iefficiency. 

 
Keywords: iBig iData, iSRTD, iData iSparsity, iRobust, iSocial 

iMedia iSensing 

I. INTRODUCTION 

This ipaper ipresents ia iscalable istreaming itruth 

idiscovery ischeme ifor isocial isensing iapplications. iSocial 

isensing ihas iemerged ias ia inew iparadigm iof 

icrowdsourcing iapplications iwhere ihumans iare iused ias 

iubiquitous, iversatile iand iinexpen- isive isensors ito ireport 

itheir iobservations i(often icalled iclaims) iabout ithe 

iphysical iworld i[35]. iThis iparadigm iis imotivated i i iby ithe 

iproliferation iof iportable idata icollection idevices i(e.g., 

ismartphones), ithe iwide iadaptation iof ionline isocial imedia 
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i(e.g., iTwitter, i Facebook) i and i the i ubiquitous i Internet 

i connectivity (e.g.,WiFi, 4G/5G). Examples iof isocial 

isensing iinclude iob- itaining ireal-time isituation iawareness 

iin idisaster iand iemergency iresponse iscenarios i[34], 

iintelligent itransportation isystem iap- iplications iusing 

ilocation ibased isocial inetwork iservices i[1], igeotagging 

iand iurban isensing iapplications iusing iinputs ifrom 

icommon icitizens i[40]. iA icritical ichallenge iin isocial 

isensing iis ireferred ito ias itruth idiscovery iwhere ithe igoal iis 

ito iidentify ithe ireliability iof ithe isources iand ithe 

itruthfulness iof iclaims ithey imake iwithout ithe iprior 

iknowledge ion ieither iof ithem. 

Consider ia icampus iattack iscenario i(e.g., iOSU iattack iin 

iNov. i2016) ias ian iexample. iA isignificant iamount iof 

ireports iabout ithe icurrent isituation iof ithe iattack i(e.g., ithe 

inumber i i i i i iof icasualties, ithe iescape ipath iof isuspects iand 

isafety ialerts) iare iavailable ifrom ithe isocial isensors i(e.g., 

inews ireporters i and icommon icitizens ion isocial imedia). 

iHowever, ithose isocial isensors imay inot ialways igenerate 

ireliable iclaims iand isome io f  itheir iclaims imay ieven 

icontradict iwith ieach iother. iTable iI ishows isome iexample 

itweets icollected iin ithe iOSU iattack. iWe iobserve ithe ifirst 

itwo itweets ireport ithat ithere iwas ia ishooting ihappening iat 

iOSU icampus iwhile ithe ithird ione ireport iit iwas ifalse inews. 

iIn igeneral, iit iis ivery ichallenging ito iidentify ithe 

itruthfulness iof ithe iclaims iwithout iknowing ithe ireliability 

iof ithe iindividual isources iwho imake ithem ia ipriori. 

iAdditionally, isources icould ialso iintentionally ior 

iunintentionally ipropagate ithe imisinformation ithrough 

itheir isocial inetworks i[38]. iAll ithese icomplexities imake 

ithe itruth idiscovery iin isocial isensing ia inon-trivial itask ito 

iaccomplish. 

Table-I: iExample iTweets ion iContradicting iClaims 
iin iOSU iCampus Attack, iNovember, i2016. 

Tweet Timestamp 
OSU iPOSSIBLE iSHOOTING: iI iam ion icampus 

near i@OSUengineering iTONS iof ipolice. 
28 iNov i2016, 

7:23 iAM 
There iwas ia ishooting iat iOhio istate iplease ipray 

for ipeople’s isafety i#osu 
28 iNov i2016, 
7:47 iAM iEST 

Liberals i putting i out i fake i claims i about i the i ter- 
rorist iattack. i1st inot ia ishooting, i2nd inot ian 

iAmerican, i3rd inot inazi ibut iIslamic i#osushooting 

28 i i iNov i i2016, 
11:37 iAM iEST 

A irich iset iof isolutions ihave ibeen iproposed iin inetwork 

isensing, idata imining, imachine ilearning icommunities ito 

isolve ithe itruth idiscovery iproblem i[7], i[14], i[17], i[25], i[37], 

i[39], i[41]. iHowever, iseveral isignificant ichallenges ihave 

inot ibeen iwell iaddressed iby ithe istate-of-the-art isolutions. 

iFirst, iexisting isolutions idid inot ifully isolve ithe idynamic 

itruth idiscovery iproblem iwhere ithe iground itruth iof iclaims 

ichanges iover itime. I 
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There iare itwo icritical itasks iin iaddressing ithe idynamic 

itruth ichallenge.  

iThe ifirst iis ito icapture ithe itransition iof itruth iin ia itimely 

imanner iand ithe isecond ione iis ito ibe irobust iagainst inoisy 

idata ithat imay ilead ito ithe iincorrect idetection iof ithe itruth 

itransition. iOnly ia ismall inumber iof ischemes ibeen 

iproposed ito isolve ithe idynamic itruth idiscovery iproblem. 

iFor iexample, iPal iet. ial iconsidered ithe ievolving 

iinformation iof iobjects iand iesti- imated ithe itruth iof 

ivariables iin icurrent itime iinterval ibased ion isources’ 

ihistorical iclaims i[24]. iLi iet ial. iproposed ia iMaximum iA 

iPosterior ibased ireal-time ialgorithm ito isolve ithe idynamic 

itruth idiscovery iproblem i[9]. iHowever, ithese iapproaches 

icould ibe iunresponsive iwhen ithe iamount iof isocial isensing 

idata iis ilarge ior ithe iamount iof iresources ion ithe ideployed 

isystem iis ilimited. iMoreover, itheir isolutions iare inot irobust 

iin inoisy iand isparse isocial isensing iscenarios isince itheir 

itruth idiscovery iaccuracy iis isensitive ito ithe iquality iand 

iquantity iof ithe isensing idata. 
Second, iexisting itruth idiscovery isolutions idid inot ifully 

iexplore ithe iscalability iaspect iof ithe itruth idiscovery 

iproblem. iSocial isensing iapplications ioften igenerate 

ilarge iamounts iof idata iduring isome iimportant ievents 

i(e.g., idisasters, isports, iunrests) i[27]. iFor iexample, i3.8 

imillion ipeople ihave igenerated ia itotal iof i16.9 imillion 

itweets iwith itweet iper iminute ipeaked i i iat ia irate iof iover 

i152,000 iin iSuper iBowl i2016 i[22]. iHowever, icurrent 

icentralized itruth idiscovery isolutions iare iincapable iof 

ihandling isuch ilarge ivolume iof isocial isensing idata idue ito 

ithe iresource ilimitation ion ia isingle icomputing idevice. iA 

ilimited inumber iof idistributed isolutions ihave ibeen 

ideveloped ito iaddress ithe iscalability iissue iof ithe itruth 

idiscovery iproblem. i Both iOuyang iet ial. i[23] iproposed ia 

idistributed isolution ibased ion iHadoop isystem, ibut ithere 

iare iseveral inon-trivial idrawbacks. iFirst, iHadoop iis ia 

iheavy-weight isolution iin ithe isense ithat iit irequires ia ilong 

istart iup itime. iSecond, iHadoop iis idesigned i i i as ia ibatch 

iprocessing isystem ithat iis imost isuitable ifor idata i i i of ivery 

ilarge ivolume i(e.g., iPetabytes iof idata) iand imay inot i i be 

ithe ibest isolution ifor ithe isize iof idatasets icollected iin 

imany isocial isensing ievents i(e.g., iGB ito iTB). iThird, 

iHadoop iassumes ihomogeneity iof ithe iunderlying 

icomputing inodes i[29], iwhich iignores ithe iheterogeneity 

iof ithe icomputational iresources iwe ihave iin ireal 

idistributed isystems. 
The ithird ichallenge ilies iin ithe iheterogeneity iand iunpre- 

idictability iof ithe istreaming idata itraffic. iFirst, idifferent 

itopics ipartitions i can i be i processed i in i a i synchronized 

i manner i [23]. iHowever, i such i strong i homogeneity 

i assumption i on i the i data istreams ibarely iholds iin ireal 

iworld isocial isensing iapplications. iIn ithis ipaper, iwe 

idevelop ia iScalable iStreaming iTruth iDiscovery i (SSTD) 

i scheme i to i address i the i above i challenges. iTo iaddress ithe 

idynamic itruth idiscovery ichallenge, iwe idevelop ia i Hidden 

i Markov i Model i based i solution i to i dynamically i es- 

itimate ithe itrue ivalue iof iclaims ibased ion ithe i observations 

ireported iby isocial isensors. iTo iaddress ithe iscalability 

ichallenge, iwe ideveloped ia ilight-weight idistributed 

iframework ithat i is iboth iscalable iand iefficient ito isolve ithe 

itruth idiscovery iproblem iusing iWork iQueue iand iHTCondor 

isystem. iTo iaddress ithe idata iheterogeneity ichallenge, iwe 

iintegrated ithe iScalable iand iRobust iTruth iDiscovery 

i(SRTD) i ischeme iwith ian ioptimal iworkload iallocation 

imechanism iusing i feedback icontrol i(i.e., iProportional 

iIntegral iDerivative i(PID) icontroller) ito idynamically 

iallocate ithe iresources i(e.g., i cores, imemories) ito ithe itruth 

idiscovery itasks. iWe ievaluated ithe iScalable iand iRobust 

iTruth iDiscovery i(SRTD) ischeme iin icomparison iwith ithe 

istate-of-the-art itruth idiscovery ibaselines iusing ithree 

ireal-world isocial isensing idata itraces i(i.e., iBoston 

iBombing, iParis iShooting iand iCollege iFootball) icollected 

ifrom iTwitter. i The i evaluation i results i show i that i our 

i Scalable iand iRobust iTruth iDiscovery i(SRTD) ischeme  

isignificantly ioutperforms ithe icompared ibaselines iin 

iterms iof itruth idiscovery iaccuracy iand icomputational 

iefficiency. 
In isummary, ithe icontributions iof ithis ipaper iare ias 

ifollows: 

• This ipaper iaddresses ithree ifundamental ichallenges iin 
itruth idiscovery iproblem iin isocial isensing: idynamic 
itruth, iscalability iand iheterogeneity iof istreaming 
idata. 

• We idevelop ithe iScalable iand iRobust iTruth 
iDiscovery i(SRTD) ischeme ithat iincorporates ithe 
iHidden iMarkov iModel i(HMM) ito ieffectively 
iaddress ithe idynamic itruth idiscovery i challenge. 

• We idevelop ia ilight-weight idistributed iframework 
ibased ion iWork iQueue iand iHTCondor isystem ito 
iaddress ithe iscalability ichallenge. 

• We iintegrate ithe iScalable iand iRobust iTruth 
iDiscovery i(SRTD) ischeme iwith ian ioptimal iworkload 
iallocation imechanism ito iaddress ithe iheterogeneity 
iof ithe istreaming isocial isensing i data. 

• We ievaluate ithe iperformance iof ithe iScalable iand 
iRobust iTruth iDiscovery i(SRTD) ischeme iand 
icompare iit iwith ithe istate-of-the-art itruth idiscovery 
isolutions ithrough ireal-world icase istudies. iThe 
ievaluation iresults idemonstrate ithe ieffectiveness iand 
isignificant iper- iformance igains iachieved iby iour 
i scheme. 

II. PROBLEM IFORMULATION 

In ithis isection, iwe iformulate iour irobust itruth idiscovery 

iproblem iin ibig idata isocial imedia isensing. iIn iparticular, 

iconsider ia isocial imedia isensing iapplication iwhere ia igroup 

iof iM isources iS i= i(S1, iS2, i..., iSM i) ireports ia iset iof iN iclaims, 

inamely, iC i= i(C1, iC2, i..., iCN i). iLet iSi idenote ithe iith isource 

iand iCj idenote ithe ijth iclaim. iWe idefine iRP i
t
 i i ito ibe ithe ireport 

imade iby isource iSi ion iclaim iCj iat itime it. iTake iTwitter ias ian 

iexample; ia isource irefers ito ia iuser iac- icount iand ia iclaim iis ia 

istatement iof ian ievent, iobject, ior itopic ithat iis iderived ifrom 

ithe isource’s itweet. iFor iexample, ia itweet i“Not imuch iof ithe 

icomment iabout ithe iDallas ishooting ihas ifocused ion ithe ifact 

ithe isniper iwas ia iveteran.” iis iassociated iwith ia iclaim i“Dallas 

ishooting isniper iwas ia iveteran”. iThe itweet iitself iis 

iconsidered ias ithe ireport. iWe iobserve ithat ithe isocial imedia 

isensing idata iis ioften isparse i(i.e., ithe imajority iof isources 

ionly icontribute ito ia ilimited inumber iof iclaims iin ian ievent). 

iWe i ifurther i idefine i iCj i i= i iT i iand i iCj i i= i iF i ito i irepresent ithat ia 

iclaim iis itrue ior ifalse, irespectively. iEach iclaim iis ialso iassociated 

iwith ia iground itruth ilabel i i ix∗
j i i i i isuch ithat ixj i i= i1 iwhen iCj i is 

itrue iand ixj i= i0 iotherwise. 
 
 

http://www.ijeat.org/


International Journal of Engineering and Advanced Technology (IJEAT) 
ISSN: 2249-8958 (Online), Volume-9 Issue-2, December, 2019 

1504 

Published By: 
Blue Eyes Intelligence Engineering 
& Sciences Publication  

Retrieval Number: B3557129219/2019©BEIESP 
DOI: 10.35940/ijeat.B3557.129219 
Journal Website: www.ijeat.org 

The igoal iof ithe itruth idiscovery itask iis ito ijointly iestimate 

ithe itruthfulness iof ieach iclaim iand ithe ireliability iof ieach 

isource, iwhich iis idefined ias ifollows: 

DEFINITION i 1. iClaim i Truthfulness iDj i ifor i claim iCj : 

iThe ilikelihood iof ia iclaim ito ibe itrue. iThe ihigher iDj iis, ithe 

imore ilikely ithe iclaim iCj i is itrue.  

 

iFormally iwe idefine iDj ito iestimate: 

Pr(Cj i= iT i) 

DEFINITION I 2. iSource iReliability iRi ifor isource iSi: iA iscore 

irepresents ihow itrustworthy ia isource iis. iThe ihigher iRi iis, ithe 

imore ilikely ithe isource iSi iwill iprovide icredible iand 

itrustworthy iinformation. iFormally iwe idefine iRi ito iestimate: 

Pr(Cj i= iT i|SCi,j i= iT i)  

where iSCi,j i= iT idenotes ithat isource iSi ireports iclaim 
Cj ito ibe itrue. 

Since isources iare ioften iunvetted iin isocial imedia isensing 

iapplications iand imay inot ialways ireport i itruthful i iclaims, iwe 

ineed ito iexplicitly imodel ithe ireliability iof idata isources i iin 

iour iproblem iformulation. iHowever, iit iis ichallenging ito 

iaccurately iestimate ithe ireliability iof isources iwhen ithe isocial 

imedia isensing idata iis isparse i[34]. iFortunately, ithe ireports 

ithemselves ioften icontain iextra ievidence iand iinformation ito 

iinfer ithe itruthfulness iof ia iclaim. iIn ithe iTwitter iexample, ithe 

itext, ipictures, iURL ilinks, iand igeotags icontained iin ithe itweet 

ican iall ibe iconsidered ias iextra ievidence iof ithe ireport. iTo 

ileverage isuch ievidence iin iour imodel, iwe idefine ia icredibility 

iscore ifor ieach ireport ito irepresent ihow imuch ithe ireport 

icontributes ito ithe itruthfulness iof ia i claim. 
We ifirst idefine ithe ifollowing iterms irelated ito ithe 
icredibility i iscore i iof i ia i ireport i imade i iby i isource i iSi 
ion i iclaim i iCj i iat itime ik. 
DEFINITION i3. iAttitude iScore i(ρk i) i: iWhether ia 
isource ibelieves ithe iclaim iis itrue, ifalse ior idoes inot 
iprovide iany ireport. iWe iuse i1, i-1 iand i0 ito irepresent 
ithese iattitudes irespectively. 
DEFINITION i4: iHidden iStates iof iTruth: ithe itrue 
ivalue ifor ithe iclaim iat ia igiven itime iinstant ithat iis 
inot idirectly iobservable. 
DEFINITION i5. iIndependent iScore: i(ηk i): iA iscore 
iin ithe irange iof i(0,1) ithat imeasures iwhether ithe 
ireport iRi,u iis imade iindependently ior icopied ifrom 
iother isources. iA ihigher iscore iis iassigned ito ia 
ireport ithat iis imore ilikely i i ito ibe imade 
iindependently. 

III. PROPOSED IALGORITHMS 

This iPaper idescribes ithe ithree ichallenges 
inothing ibut ithe iMisinformation, idata isparsity 
iand itrustworthiness iusing ithe iSRTD(Scalable iand 
irobust itrust idiscovery ischeme). iCertain 
iobservations iare imade iwhich iare irelevant ito iour 
imodel ias ifollows 

 Observation i1: iSources ioften ispread ifalse 
iinformation ifrom iothers iwithout iindependent 
iverification iby isimply icopying ior iforwarding 
iinformation i(e.g., iretweets ion iTwitter). 

 Observation i2: iFalse iclaims ihave iintensive 
idebates ion ithose iclaims iand ioften icontroversial 
iand isources itend ito idisagree iwith ieach iother. 

 Observation i3: iIf ia isource idebunk isits 
iprevious iclaim, iit’s ivery ilikely ithe iprevious 

iclaim iis ifalse ibecause ipeople iare igenerally 
iprone ito ibe iself-consistent. 

More ispecifically, ithe icontribution iscore iof 
isource iSi ion iclaim iCj iis idenoted ias iCSij iand iit 
iis iformally icalculated ias: iCSij i= isgn(SLSK ii,j)K 
iX ik=1RK+1−k ii i|SLSki,j| 

The ifollowing idiagram iexplains iabout ithe 
iSRTD iarchitecture 

 

A. Architecture iof iSRTD 

Usually ifrom ithe iabove idiagram iDynamic iTask 
iManager iwhich iimplemented ias ia imaster iwork iQueue 
iprocess ithat iinitializes ia iwork ipool, idynamically 
ispawns inew itask iinto ithe itask ipool iand iit iconsidered 
ias ia ikey icomponent. iDTM idivides ithe iTSC imatrix 
iinto isub imatrices ithen iit ispawns iset4 iof itasks ito 
iprocess iall isubmatrices ion ithe iHTCondor isystem. 
iSRTD iis ialways iintegrated iwith ithe ifeedback icontrol 
isystem ito imonitor ithe icurrent iexecution ispeed iof ieach 
iTruth iDiscovery itask iand ialso ito iestimate iits iexpected 
ifinish itime. iDTM iwas iinformed iby ithe ifeedback 
icontrol isystem iof icontrol isignals ibased ion ithe 
iperformance iof ithe isystem iand iit idynamically iadjust 
ithe itask ipriority iand iresource iallocation ito ioptimize ithe 
ioverall isystem iperformance. 

B. SRTD iAlgorithm 

1) iAlgorithm i1 iScalable iRobust iTruth iDiscovery 
i(SRTD) 
Input: iTSC imatrix 
Output: iclaim itruthfulness iˆ ix∗ ij,∀1 i≤ ij i≤ iN 
Initialize iRi i= i0.5,∀i i≤ iM; iset ithe ivalues iof icredibility 
iscores; iinitialize imax iiteration i= i100 
Split iOriginal iTSC imatrix iinto iZ isubmatrices, ilet iS(z) 
idenote ithe inumber iof isources iin ithe iz-th isubmatrix 
iwhile{Dj}do inot iconverge ior ireach imax iiteration ido 

for iall iz,1 i≤ iz i≤ iZ ido ifor iall ii,1 i≤ ii i≤ iS(z) ido ifor iall 
ij,1 i≤ ij i≤ iN ido 

if iTSCij iexists ithen 
compute iCSij ibased ion iEquation i(6) i 
end iif 
end ifor i 
end ifor 
for iall ii,1 i≤ ii i≤ iS(z) ido 
estimate iRi ibased ion iEquation 

i(7) i 
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end ifor 
for iall ij,1 i≤ ij i≤ iN ido 
compute iTCz ij ibased ion iEquation i(10) i 
end ifor 
estimate iDj ibased ion iEquations i(11) iand i(12) i 
end ifor 
end iwhile 
for iall ij,1 i≤ ij i≤ iN ido iif iDj i≥ ithreshold ithen ioutput iˆ ix∗ ij i= i1 
else 
output iˆ ix∗ ij i= i0 i 
end iif 
end ifor 

 
IV. RESULTS IAND IANALYSIS 
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V. CONCLUSION 

In ithis ipaper, iwe iproposed ia iscalable irobust itruth idiscovery 

i(srtd) iframework ito iaddress ithe idata iveracity ichallenge iin 

ibig idata isocial imedia isensing iapplications. iin iour isolution, 

iwe iexplicitly iconsidered ithe isource ireliability, ireport 

icredibility, iand ia isource’s ihistorical ibehaviors ito ieffectively 

iaddress ithe imisinformation ispread iand idata isparsity 

ichallenges iin ithe itruth idiscovery iproblem. iWe ialso idesigned 

iand iimplemented ia idistributed iframework iusing iWork 

iQueue iand ithe iHTCondor isystem ito iaddress ithe iscalability 

ichallenge iof ithe iproblem. iWe ievaluated ithe iSRTD ischeme 

iusing ithree ireal- iworld idata itraces icollected ifrom iTwitter. 

iThe iempirical iresults ishowed iour isolution iachieved 

isignificant iperformance igains ion iboth itruth idiscovery 

iaccuracy iand icomputational iefficiency icompared ito iother 

istateof-the-art ibaselines. iThe iresults iof ithis ipaper iare 

iimportant ibecause ithey iprovide ia iscalable iand irobust 

iapproach ito isolve ithe itruth idiscovery iproblem iin ibig idata 

isocial imedia isensing iapplications iwhere idata iis inoisy, 

iunvetted, iand isparse. 
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