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damage r(u), find the set of nodes 1 to place monitors so thatthe total installation cost does no, 
"*"..Jit""gir"n UuOg"tB with the expectarion that the ;r;;;;;;5es activatedwith misinfbrmarion af.ter r/ spread ;;r;; .iirimat. aterproving our probrem is Np-Hardnesr, *.ir,."0r." two greedyalgorithms fbr this proble.m. Experimen,or ,".uio ,ir* that thesugg.ested greedy algorithms aie more effective- it,un tt" t*obaseline algorithms Max Degree ana n"naom.- 

"
The rest of this ar.ticle iJ orgoni..J-;"?o,ro*r. A sum_mary of linear threshold model urO u p..r.niotion u*ing tt"eq.uivalent tive-ar.c gr.aph.modet r* atlpiry.JiJiro*ing,t.

Introduction. Sectir.rn 3 dcfines ,t. prul-1"'. uf"minimizingthe spreacl of misintbrmation (MSM)'.rJr,*"rr*'its level ofha'dness. Irr Sectio, 4, we pr.csenr,dt*Jil;;;i*;;;il;
to solve_rhe MSM problem. The resulr oi,?t"-Jip.ri*"nt i,given in section 5. The rast paft concerns itselfwith concrusionand future work.

II. DIFFUSION MODEL

_ 
Foremost, we would like to give a sllmmary introduction onthe spread of infbrmation lldgh tn" fi"".. if,."ri"td model,f'or more details see t2l, tl6j.

I. INTRODUCTIoN

. Infbrmation propagation models are the bases fbr research_ing how to limit the effects of misinformaii"r.-ffr.* are manyolrr:r:rr"l{o:: of proposed diffusion *"A"i,,r.t 
"s; 

threshotdmodels [2], [3], cascacring r,noders t+1, .pra"rni" rnoders [5],competitive influence cliffusion ,odLL fOt,.rfr.irf fy the rwomodels independent cascadine (rc) mooei ;;ii;;. threshold(Lr)_moder proposed uy_reripL frf ;; ;;;;;;iory utlizeoIt), t7t, t8l, tel, tr0l, ilsl.
Recently, there have been various approaches to the re_search of misinformation on ontine social networks (OSNs).

Qazvinian Il l] and Kwwon [12] identified n irintirrrnrtion unOrumors. T.D. Nguyen [7] researched the problem oiiOentityingthe ft most suspected users from the set oi: ui.tir, *t oare already influenced by the misinfor.nution. fo."strain themisintbrmation propagation,. some.authors rugg"rr"A choosinga few initial nodes to inject good informatili and spread iton the same network to convince 
"rh., 

;;;;-iiq,jrot, frst,where different many information propagati"n *oj"i, such as:multi-campaign independent .ur"uo"'riJ.iiiilll-o*p",i,i",
activation nrodel [14], indelendent .rr"uOing _oi"i anA Unea,threshold model [15] are used.

_, 
In particurar, Zhang Il] suggested a research on determiningthe smallest set of nodes f", pf."irg- *"nitom witn tfregiven misinformation emitting rou..., irJ-iirlrr*rable rnode needing protecrion so thi probabifi f "irlritrrmationactivaring the r nocle'is within the allowei ,,r=ri",O. In here,the a,thors usecl IC model and the nocles on i,tilt ,noni,o^are placed could obstr.uct misinformarion 

".iii.Jn.rrn ,r,..with thc same monitor expenses on each node.In this article, we used the LI ,r"d;i; examine theproblem of tbreknowins the source 
"f 

;;ri;f*#on .g andthe cost. c(u) ro prace 
",nonito.s 

u, "u.iffi.iil" noo. ,,r.
The node .u when activated with misinforniJon 

"orres 
o

A. Linear threshold rnoclel

We model a social netv
where z is a nnite sei#"JI,,HtIT::lfTilg ;y,:l;is the set of arcs or directed 

"ag., 
.onn..irr'*O1 of nodes,lVl.: n,,lEl: nr. A nocte represents an individual in thesocial network, while an arc e : (u,u) in E represents therelationship between individuals , ond .,, lrrp*ri"jr. For eachnode u € f, we denote by Ni,,(u),t" *rii lr_rJghbors ofa.

Active node and inactive node. The process of spreadinginformation from the source set .9 to other nodes on OSNsdevelops through discrete rime sreps I :0, i, i].]]"Eu.f, noa.r, € I/ has two possible states, active and inactive. In each timestep t, node u is active if 2r is q misinfbrmation-emitting noctein ,9 or r, receives misinfornration fiom other n.tiua'n"igf,Uorr,really accepts it and continues to share .,ra'p.iugur. i, ,oother nodes; otherwise, node u is inactive. O.*,"iy St C-Vthe set of active nodes at time ,, 
"bri";;ly ;;':;. Infuence weight. Every arc (u,u) e A i, u.L.lJtrd with aninfluence weight ru(u, rie fo, Ii. ir,ri.liirg til"'iniu.n., ur

29/



inlbrmation f.ronr user
rr.h th;;;;,:';i'ri'lli,lntX,t'ter u The weights are nurmarized 

., E'rinntittg ttte rtutttbet of activar

*fi#,1-*:;,fi --;i;;-.:"rffi ;:,,:*U*}j***,H*Tff*i'iffioemonstrating the nodrn"tgt,to,.r;;i;;';""-:" u that will be activated uy u.tiu" o(s):^E prqr)l1(Gr,s)l 
@)

::: l':*1*l"g T;,""ril,T:ff:'J;#:r:t';:j$q,"ru"' a. c.ec

;ie 
uya.atea during the .spread process refle*s 

al [0' IJ and where f.\ ]xnowledge of the indivirt,*,"1-,-f^I_'",'r,rurrec[s our Iack ol' Da-noo .::::^:":"""'.u.r elemcnts of set X.
this nroder berongs ,u ,nlul^', ''t'*'il'",ni;lr"H"l::L* 

"';;*i;il'::;"1't'::';;;:",;:i;

^.!,:,,n, 
,n,.,niia';;;";:;::rlii*fm#:"':::. :;U:il::'.' uv 'iJ,,ffi ^,,,1;"i 

ro"rcc when a node

nocle ?' in inactive state r

"r o u"i".,;;,:'ffi:.:1j:,[il:j:nJ:1,:*1{:;,:IiX [T;','.',H*l{,}^fffll U,;g*[J*h#
,.,oI_,,, ;,;; -';. 

a"' meinins:,,{fu:*il$r:HH,^,,*sTii:*f',[J,+,,,,#:tr

*h.r. ly'.iljr,,,"(u) is the s

.-- ll ,n" ;;ii;i i,i;;,i:: "r i"i* in-neighbors 
".,^l;- .. IHAiii#'",-,lT f;tl'"Ji*i,ii"ii:IIT;::?:H

xJi:HJa;;;;#ffi::.,*lJ:ii,il-';;:,i:#;l#,;,JXi ;x*Xlr,, ro,, orglrl.,ffi;;:,tffi:xi;i:T,:i
. 
$!t 

r = 0, we have: rhe a*ive set is rhe s 
res t\then 2(s) coincides wtttr o(.9i*ri;;,;;:

. Ar srep r ) r, everv. 
:outce set D(s)=o(s): 

-D r'g7slR(ct,s)l 
(5)

if its weigh-red'J,r'lr'iltt'"ate node , will be acrivared However. sr 
GL€?

nreaning Eq. 2 is .rr,-1l', lttlu. ,r-"".irnbr," ,-,,ctivaled 
However' ttllt:::":ll, *rr,i, use rhe rerm dantagero ref.er

. 5;;;*,:*iili:#:d};Sk ." :"i,:::;::i#::ffi; ^-. .^J; 
"

vated.

B. Model equivolence

Chen [16] showed t]
arc graph nrt-rriel wirh ,:1'^:T 

LT,m.del is equivalent to live-

:T :: :ii ;; ;;i;;i,t i::;:ilTflfi 

""ff 

THI' lH::i:we- use live_arc graph model ," "rrf[. ,f,; ilil","rn rhe LT modet, given a.social ;*r? t!"(V,o)and 
thernnuence weights u(.) on ail.arcs, ;; ,:,; u rlioo* tive_arc

ff.-il;'ffiJl;.?i::'l:g +.i{*01',lt ,, a, mos,
ttr (u, t,),.rJ"r"' *.' iJ .'1, 

t"1tt"6 with probabili ty p(u. u) =

t,t# d;r,,;:..Llif h d !r#;];H, ?

Hj,t;lli*;;*#.Htliiaffi',:ffJ::;:"fi"...#"1:
Graph G1 serecrion rt"t,', lno arc set containing live-arc.

*tg1:;;,Iffi ;!i{;"?*i#lfl :.,,_",ilff

Consider an OSN r
(v,ei-'*iin irlil],J"*nted with a directed graph G =
mation source 

". 
,.rJ ::"Y: and the original *i'infot-

"r 
p*r.*irg #;,;iil' 

we are concerned with the problern

ltl"H*"fi ,T:t* j, tliTtTJ.ixi,T,,, ffi lffi

#*#,**tu:ryfrmiffi
ilflffi iH,;-* Ii.*T;.,1'-"1 *ffiitl Jf ,x:illl." t*
wirh the ,il';';*,fiif'ng thtoust'out the tocial networks

o.no," iy nJf"."rj*.Jlt 
succ€ss of those events.

gylyy c,,.ii,,i ;#J. # ;l ;i.i:':il::niHif,Iorsr,ance of aI parhs ,ro*,n:g" set .g to ; ;;r^; in graph
;"i '&iil"jX:t,:",i[t;u) (ir.no 

',.r, 0,,r, .iio.'*. o"0,,e 5' then clcr(S,u) = 0)' we have:

n(u) : {f(j;l= 
w(u,t), rr 1u: (u,a) e Es"(' - Z-a6;,'i" t"7 tt(u,.u) Otherwise

(3) Ra(cr,S) : {,r, e v !ds,(s,r) < ct} (6)
.Then, fiom Al S 

lve^aelerrnine rhe damage Df caused by ,mtsrnrormation source .g after a *.."jri.ri.using Eq. z:

o!,: pnpr(G)lRa(Gy,s)! (7)

pr(Gt): fl r(r)
u€v

where



Suppose, we cannot intertere with source S but we cari place
monitors on other nodes to limit misinformation propagation.
The. rrronitors suggested by Zhang [l] are used to prevent
misinformation from spreading from S, to the given nodes
needing protecting.

Moni.tor. Monitor.is a content-filter system that detects mis_
inlbrmation from nsers (nodes) placed to p..u.niit. share and
propagation of misinformation from thii users. rr," pru"ingof nronitor on node o is equivalent to removing the nod!
and its.adjacent edges from graph G and requir.ei c(u) cost
rcspectively.

We consider the problem of finding the node set / to place
monitors such that the installation budget does not exceed thegiven budget B with minimal damages after d spread steps of

. Let G(I) be the sub-graph of G after removing the node set/ and the set of it adjacent dclges. Then, the daitages causedby source S on graph G afteiplacing *onitors on the node
set -I are equal to those caused ty .oJ.." .g on graph G(1).

^P:nor: 
ay g@) the ser of ali possibte [r._ir" graphs of

9!l ,rg ca[ D,f(/) the damage'functton causeO by sour.ce
D alter d spread steps when the monitors are placed on nocle
set .L Then, from Eq. 7 we have:

oiU): f Pr(Gy)1R,1(G1.s)l (8)
C teAtI)

With the process misintbrmation propagation by the LT
model, the problem of Minimizing tie 

^SpieaA 
of Misinfor_

mation on OSNs is stated as tbllows.

Delinition I (Minimizing the Spread of Misinformation _

YSY)j Given a social graph G : (V, E) tutdet.the LT nodel.
S c V is tlte source of nisinfottnaiior. 'fnrn 

node u e V lns
a cost c(u) ) 0 to place the monitor.s and damage r(u) _ l
when.actiwted by misinformation, with limited bidget B > O
ayd t!e. given number of misinfurnwtion spread steps d, € Za,
the objective of the problem is to lind thi node rrif c f 1,ito place monitors with the total cost not etceeding budget'L,
X,er"(r) 1B to minimize the funcrioniitri'

The MSM problem can.be shortened as: Find ser / C y \5' to minimize the function Df(/) with the condition that
l,,.rc(u) < B.

B. Hatdne.rs

. In this part, we show that the problem MSM is Np_Hardness
by reducing it from the decision version of Set Cover problem
defined as foltows.

- .The decision version oJ'Set Cover ptoblent. Given a universe
U of 

.m, 
elements, l,l: {e1,e2,...,"_}, ancl a collection.S ofn subsets of the universe set, ,S : isr, 52,..., Sn}, such that

V,& 
: 1,1.. Given a positive lnt"gr, * {'r,'tt.'qurrtion i,

there a collection of at most & oflhese *br"t, whose union
equals l/.

Theorem l. The MSM pmblem is Np-Harclness.

Proof. To prove that the MSM problem is Np_Hardness, first
we construct a reduction flom a known Np_Complete problem
which is decision version of Set Cover proUlem. Next, we
prove the equivalence between the instance.s of MSM problem
and decision version of Set Cover problem.

Consider the decision version oi tutSU problem: Given asocial graph G = (V,.E) uncler the LT model- ^9 C Iz isthe source of misinlbrmation. Each node z e 7 iur-. .o.ic(u) > 0 to place the monitors and clanrage .fr.l : 1 when
activated by misinformation. with Iimited iudglt B > 0 ancl
the given nunrber of misinformation spreal ffi, a , Z*,
there exists or not node set I c y \ S t; ptace m.tlnltors with
Duer "(u) 

( B, such thar D.?(/) S ,, *;;; j ii a posttive
integer.

Reduction. Given an insrance TSC: {U,E,&} of the deci_
sion version of Set Cover problem, we ionrtruct an instanceIu!lr : {G,ut(u,1,).0,, S.c(u).r(u.),d, B, t} oithe MSMproblem as lbllows.

. For each set ,S, € .S, we constr.uct a source node of
misinfbrmation s; € S and a node u;, connecting thesetwo nodes with a directed edge (s;,u;) with weightw(si,u;): 1, activared threshol-d 0),': t'.. For_each element e, € l,l, we coristrrct a node ur.. If
e.,1 € Si, we br.rild a directed eclge of kLt,u;\ with an
i1fl1en1e weighr rlr(z;,,i) : #*1, ,ii.r.'l*1,,r1 t,
the in-degree of ui. the acrivateti"tir"iJshold 0,, = 1.. Damage done on ench node activated by nrisinlbrmation
,. r'(",) :r(ui): 1 (i = L..n, j = 1..,*1.. The.cost of placing monitors on each node c(u1) :c('u2):... = c(,u-) = 1,c(o1) : c(az) =...: "(C) =*oo

u'(u,.u,) = 1111 1ry

.--.,,{,,

r(rr,)-r(1)-r

.(!,)-r..(/,)-+6

e'i-1

Fig. I:' Reduction fiom the decision version
problem to the MSM problem

of Set Cover

The reduction is illustrated in Fig. l. Finally, plt B: k,d = 2, t = n - k. It is easy to see that the reduction is
implemented in polynomial time of n.

_ We now will prove the two.instances Tsc : {U,S,ki ana

! u s y = {G, w (u, rt), 0 u, S, c (u), r (u), tt, E, t} are equivalent
tcr each other.

zt9



, -,.lrp!ot: 
that the instance Zs6; has the solution S, with

the above-mentioned reduction, we choose the node set

l= {r,, lS.. e s'; to place rhe monitors. Th"n, rv" tuu"
Lu,erc(ui) 1k: 9. Because,S' covers all the elements ofU, all_nodes ri (j - L..m) are acljacent ," url"or, one node

3. a /. Thus, when placing u *onito. on the set -I we have

!.1uy,i1,,*,r,,710(tti,ri),<_7: d,r, therefbr-e no node 11 is
actrvated. The nodes u.i f I and aie directly adjacent to the
nodes in ,S will be acrivared, so we have pi!)"= n, _ f,.
. Conversely, sr-rppose the instance Iysla iasif," sotutln of

the node ser.f.gr placing mqnitors f. C frlS with !,,., c(u) :B .: k such rhat Oi\ S n _ k. By 
'the 

aboil_menrioned
reductron, we determine theset,S, : {Si I u.; € I). Then, we
have fS'f = A. Because c\ur):*oo > B (r:1..m.), then it
i.s impossible to place moniiors on nocles ,iiy : i. ,r). ltu,,l. r:1,{ can only consist of tr; (t: t..nj. 6esiOes, the facttnal a,f (r) S n - k proves the ,oi., ,,i tti':1-..-j cannot beactivated by misinflormation. Thence, .l.ii noa" uf is aalacent
to at least one node u,i € Lln other words, the s'et S, core.s
the entire elements of setl,l. tr

A. Greedy algorithm based o.rt danmge-reducing function
The goal of the MSM problem is to minimize misinforma_

tion propagation, which means minimizing the varue of thefunction. DiU), equivalently, maximizing ;rrrg. reduction,
or, maximizinC f U).Therefore, ,, ."n- use the /(I) as asubstituting objective function in the MSNI problem. This
algorithm works on gradually supplementing rfie set I using
the greedy method.

. 
Idea ofthe algorithnt. Initialize I = 0, thenrepeat the act ofchoosing the node u € N,l(S,) so that the frnctioi ]ilu{u}; lsmaximal. If the ctrrrent total cost of monitor placing does not

exceed budget threshold B then add ,tr to _I, on the contrary.
stop the algorithm and return the set 1 as the result. Thisprocess ends when the total cost of monitor placing for theset-.I exceeds the given budget B or when uit it,. .trnr.nt,in N,i(.9) have been checked. The O"ruif, oitt" alirithm areshown in Algorithm I pseudo-code.

IV. THE SUGGESTED ALGORITHMS

Regarding the problem ofinformation propagation, ones can
use the baseline algorithnrs Max Degree ani fi.andonr to finda good enough solution. These two baseline algorithms arecommonly used to evaluate the effectiveness in'comparison
with newly suggested algorithms tll, t2l, tgt, fiSt.
., Delote by ff1(,S) the set of nodes with distance no grearer
than ft starting from the misinformation ,our." ,o ,S in graph
G. When tr : I, t/r(S) is the out-neighb";; ;;. To prevent
the pr-opagation of misinformation aftJr a tr,," ,teps then rhe
nodes chosen to place monitors need to be in sei Na(S) aswell.

--l:-rn,r article, we propose two greedy algorithms tbr theMSM problem, the first one is baied on ttr-e ctra.acteristics
of 

.the.f'unction /(.1.) (given by Eq. 9) *"uru.in!:th, damage
reduction level after determining ihe node set 7 for placiig
monitors; the second algorithm uie the function of o(u j lgirreib{ Eq. 

l-0.1 
measuring the increment of /(f) over'a cosr unit

when adding a new node o to set .I.

_ 
Damage-reducittg functiort. For each set / C /Va(^g), we

define the damage-reducing t'unction Je) as:

tU):Di(D -Die) -Di _Di@ (e)

implicitry. Di@:Di.
f,(I)'.s vulue-in<.teasing.fun<.tion over one cost unit. rNith

each given set .I, function a(r,) measures the increment of
/(-i') over a cost unit when adding a new node ?,a N,r(,S) toset .i', determined by:

etgorithm t: cree.ty ate;;;;;ed on funution /(/)
Ilr:t .' g = (y. e), -(".,mUutput: Nodes ser 1 is lhe solutiol ro rf,. frlSV p-Oi.,n.

Algorithm 2i Thc algorithm to qst;marc O" r"tui ot,t"IIGiffi

for plrcing nrotritors.
Output: The estimored volue of thc fuoction Df (f).
begin

. In.the worst case, Algorithm I executes maximally nf
iterarion.s-of calculating rhe value of the function]1f), *t..int_: ll/a(S)|. However, in order to calculate the value of/(I), we need to calculare the expecteO nurn# of noO",
activated by misinformation after c/ spread ,trfr.-Co.puting
exactly the expected number of nodes actirated by misinformg-
1i.o1 

is#_P-Hard tl6l, tt7l. To resotve tti, proUfJ*, Wei Chentl6l, ttTl used the Monte Carlo simutations 
"iiil Oir"J,

process to estimate the expected number of activated nodes.
The estimation of the vatue of af (t) usinj ilM;;;rt;;
method is presenred in Algorithm-i.

I *0;
N - N7(o);
t,-u;
wlrilc (C < Bl oul (N I A) do
| ?r * argmirx,,. n J(l u{r,.}): //Usc Et1. 9 rocalculrtc /(,1)I i,t (: +,:(r) ( B thrr
I I t*lulul:
i L c*cic(u);
I N*N\{u}:

Rcturn /:

I Graph G( I ) oblaincrl aftcr rcrnoving thc D(dc scl .I fronr -eraph G:I count * g1

I tur.i=lk,Bdo
I I Sirnulatin,e the rnisinlirrnation prupagation process fioru the source setI I 5 un sraph G( /):

I I j::..: *. number of uutivuled notles afler <t sprcad sreps:
I L couttt*co.uttt+tt,,i
I Rerum couut / R:

cnd

(10) Given seed set 5, we can simulate the randomized difltrsion
process with seed set S for Il tinres. Each time, we count the

a(,)-((ItS_J(lD



number of tctivated nodes alter d spread steps, ancl then take
the average of these counts over the 1? times. We can incrcase
B to get arbirrarily high accuracy in or. 

"rii*ui*- ,f iy (1.-
Hence, in the worst case, Algoiithm I runs in t ^" O(h? i.1.with n1 : lry,r(S)l and B is the nunrber of ri*Jouonr.

B. Gree6, algorithm bused on the f (I),s value_incrcasing
fimction

. Previously, Algorithm I is based on the idea of picking outthe.nodes yielding maximum damage reduction to add to thenodc set needing to be praced with nronitors. However, in thiss€ction, we propose another algorithm based on pi.king ou,the nodes yielding maximum damage reduction dut the cost
expensed is considered.

The inlluence weisht u,(u, u) in the LT nrodel is setup asfollows: 
^E-o:!. :dg" Incoming the node .tr has the influence

weight of 1/d(u) where d(t,) is the in_degree ,i ,, il,], .."",all edges make the same contribution tJ activating the nodeu and the sum r,rf influence weights of the edges" t;;;;;
the node rr is l. The cost of *tinito. ptu"irg ,in euch nodeis tandomly chosen in 11.0,3.0]. Mor"ou.., ii aii argorithms
that use the Monter-Cario method, the numbcr of simulations
is set ro 10000.

A. Dataset

_. 
We use thr"" ."al-*o.lcl networks that are commonly uti_lized in the research on infbrmation aimsion, ln.trOing tteEmail, CollegeMsg, ancl Gnurella *tor" a.r.,:ijiion, .u, U.fbund in the provided references tlgl. The statistics of these

datasets are summarizecl in Table I.

TABLE I: Statistics of Three Real Networks

ldeq of tlrc algorithm. Initialize / : 0, then repeat the actof choosing the node t e n4r(S) so rhat,t. irr.i", o(o) ismaximal. If the current total cosi of monitor plu"ing does notexceed budget threshold B then add u to 1, on thl c,:nt.ary,
stop the algorithm and return the set .I as the result. Thisprocess ends when the total cost of monitor placing fbr theset-1 exceeds the given budget B or *h.n ait itre et",,.nts
in r/a(,9) have been checked. The o.tuit, oiti* atfritrrm areshown in Algorithm 3 pseudo_code.

L, ,l-.- y9:f, case, Atgorithm 3 runs in tinre O(nl,?), with
n1 : lN4(5')l and 1? is rhe number of simulations.

CollegeMsg llirected 1,g99 59,g35 10.6Cnutella Directetlu[urqrra ulrected 6,301 20 777 ? ,

Al{orithm Jt Grccdy atgurithm bild n, fu*iiliifi

B. Experimentrtl Resu!r

. hnp.a1 of t ,,gut. ri'!.2 shows rhe rotal damages causedby misinfbrmation after. placing monitor on the node set Iby Algorithm l, Algorithm 3, Max Degree algorithm and
Random algorithm in the case that budget .A cnanger, f :
{10,25,95,50,70, 110}, r/ : 6, and,t, ,Iirinforrution source
set is randomly initialized with the size of lSl : 10. Underall circumstances, Algorithm I and Algorithm J yietaeO more
desirable results than the remaining aigorithnrs.'The danrag"
reduction is from 1.017 rimes tu S]aZdti*.., iigte, in 

"orn-parison with Max Degree algorithm. Especialty"in Fig. 2(a)*h:i { = 10, Algorithm I and Algorithm I p.wcto be J.4Zg
and 2.87 times, respectively, moreiffective compareO to Max
Degree.algorithm. In Fig. 2(c), when B : 10, Aljorithm l.and
Algorithm 3 prove to be 3.0b2 and S.02g timeslrespectively,
more effbctive compared to the Max Degree algorithm.

hnpnct of sc,urces. Fig. 3 presents th-e dam-age reduction

lefor3 1O after ptacing rnonitorc on node / b! atgorithmI and Algorithm 3 as well as the baseline algorithms Max
Degree and Random when the size of source .9 c-hanges, l.gl ={5,10, 15., z},zbl, rl = 5, wirh a fixed budgei;i; : 2b. We
can see that, in all scenarios, Algorithm l and Algorithnr 3
are more ell'ectual than the. two baseline algorithms. In Fig.
3(a) when lS] : O, Atgorithm I proves 2I56i times more

:f'..jr."" than Max Degr.ee atgorithm. In Fig. 3(c), once lSl =20, Algorithm I pr-oves 3.gg times mor.e Jffective than Max
Degree algorithm.

^ In general, Algor.ithm I is almost as effective as Algorithm
3 on the three datasets.

VI. CONCLUSION AND FUTURE WORK
In conclusion, we consider the MSM problem of determin-

ing the optimal position for placing *onitoru with a view to

zqa

u - \ v : E r, rr(r.. r,), (r. lr, thc ntisilfornnlioD source sct sNodes ser .I is the mlutioo to the MSIvI problem.

Vrr € N: //Use Eq. l0 ro caleulare

V. EXPERTMENT AND EVALUATIoN
To evaluate the effectiveness of the two proposed algo.

rithms, we conducted experiments on ,"ul_*orli networks
and compared with the baseline algorithms Max Degree and
Random. These two baseline algorithms ur" 

"o*monty 
or.O

in.experiments to compare with suggested algorithms t\, tZJ,t8l, tls1.

. . 
Max Dcgree Algorithm is perlbrmecl by selecting the

highest-degree nodes to place monitors wtrite tte RanOom
algorithm is perfbrmed by randomly selecting node, to ptu..
nronitors.

Comparing the efl'ectiveness in decreasing the number of
nodes-activated by misinformation with vaiable UuOget B,
B- :_{L0,25,38, b0,20, 110} and the variaUte sir" of ,n" ,.,s. lsl : {5, 10,15, 2},2sl.
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Fig. 2: Total damages when budget B changes, d: 6, lSl : 10
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Fig. 3: Damage reduction when the size of source S changes, d : b, B :2b
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mininrizing the propagation of misinfbrmation on OSNs in rJ
spread steps on a limited budget for the installation of mon-
itors. Besides proving MSM is Np-Hardness, we suggested
two greedy algorithms based on the damage_reducing func_
tion /(/) and the /(1)'s value-increasing iunction over one
monitors-placing cost unit. The result of the experiment shows
that the suggested algorithms ar.e better than the baseline
algorithms Max Degree and Random. In the future, we will
expand the problem to the case in which each node activated
with misinfbrmation causes clifferent damages and, at the
same time, consider the problem on various other information
propagation models.
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