A Cognitive-based Scheme for User Reliability and
Expertise Assessment in Q&A Social Networks

Konstantinos Pelechririis Vladimir Zadorozhny, Vladimir Oleshchuk
*University of Pittsburgh  fUniversity of Agder, NO
{kpele, vladimi} @pitt.edu vladimir.oleshchuk@uia.no

Abstract—Q&A social media has gained a great deal of attention l0ok” of a web site made it appear to be more authoritative.
during recent years. People rely on these sites to obtain iafma-  |nappropriate banner ads affected the credibility of the. si
tion due to the number of advantages they offer as compared Neyertheless, an unverified source can still be preferable t

to conventional sources of knowledge (e.g., asynchronousd h if it i t d ient. Studies h
convenient access). However, for the same question one magdi umans 11 it 1S easy 10 access and convenient. studies have

highly contradictory answers, causing ambiguity with resgct to Shown that individuals may rely on less trustworthy but more
the correct information. This can be attributed to the presence accessible sources to obtain the information they need even

of unreliable and/or non-expert users. In this work, we propse though the accuracy of the information itself is in doubt.[3]
a novel approach for estimating the reliability and expertise of a This however, increases the possibilities that their $edsc

user based on human cognitive traits. Every user can individally . . . . p
estimate these values based on local pairwise interaction¥Ve inadequate or less reflective, and the obtained informatidn

examine the convergence performance of our algorithm and we be flawed. _ . .
find that it can accurately assess the reliability and the exertise of The reputatiohand the expertise of the answsoviderhas a

a user and can successfully react to the latter's behavior @nge. direct impact on the quality of the information obtainedthis
paper, we consider a novel approach to assess user réjiabili
and expertise by utilizing human behavioral patterns. Thénxm

During the last decade, advancements in computing afatt our scheme is based on is thebility of a person to
networking have drastically changed the way people acqukeow everything about all things. In other words, expertise is
information. For example, printed sources of informatiord a context dependent; Bob is a highly-reliable person, anlee
knowledge (e.g., scientific magazines, books etc.) aregbeifava programmer and (with high probability) can answer any
supplanted by digital media, while functions of traditibnaguestion with regards to this topic. However, he will not béea
libraries are being taken over by online digital librariesda to answer questions about heart diseases. Since everyaquest
search engines. In OSNs, users might seek help from theis pg@osted is related to a specific topic (e.g., “Java progrargfnin
for specific topics. As an example, members of the Yahot$occer", etc.), we keep track of a user’s (say Jack) agtjpér
Answers network can post a specific question, and the restcategory with the help of theesponse matrix (to be defined
the users are free to provide answers. The same is possiblehe following). We define statistical metrics (estimateul
via the most popular OSN to date, Facebook, which h#se response matrix) that capture the compliance/dewiaifo
introduced a new feature called “Questions”. For quick arsw Jack’s behavior with the expected profile and update ouebeli
such online forums, Q&A SNs, online tutoring, etc., have then his expertise and reliability. The main advantages of our
advantage of being asynchronous, often without requiricgf assessment system are its lightweight nature and the fatt th
to-face communications, and in general being more conaénidt can be appliedocally from every user individually.

Common to all of these situations is the lack of vetting of We would like to state upfront that the current work stud-
these modern sources of information for their quality, eorr ies the characteristics of the assessment algorithm umaer t
ness and accuracy, among other characteristics. For agstassumption that the cognitive traits considered are trimal-C
in the physical world, an oculist is an eponymous source wh@nging these traits is left for future work.
has been recognized as anthority on eye diseases. The same The rest of the paper is organized as follows. Section Il
holds true for a book used in a reputable medical school; psovides a simple example illustrating the basic idea of our
usage in the medical school automatically imbues it with trepproach. Section Il briefly discusses prior related stsidDur
status of infallibility. On the contrary, it is clear thatrfmfor- ~cognitive-based assessment scheme is presented in SRction
mation provided by an online source, the same property dd@gction V presents our simulation results, while Section VI
not hold. In social psychology studies, people have beendouforms our conclusions and discusses the scope of our work.
to place a higher trust on information provided from sources 1. SYSTEM MODEL

classified as authorities [1], even though the classifioatiog., Consider a simple scenario with two users, Bob and Jack

book used in university) itself is subjective. In [2], a spud . ) . ! .
. e re&;lylng to each others’ questions about various topics. Fo
of how a diverse set of human participants searches for an

appraises medical information, it was found that a “prdfesa 1We use the terms user reputation and user reliability ihtergeably.

I. INTRODUCTION



our example, we consider three topics of interest: “Foditbal [1l. RELATED WORKS

“Mgdmme” and “Erogrammmg“. Ea(_:h user .ShOL”d be able In this section, we will briefly discuss existing work on
to judge thequality of the mformgtlon obtalped from thereputation systems and expertise inference.

other user. Assurpe th_at_ Bc”)b rec§|_ved some mfo_rmatlon f_romReputation systems: Reputation models have been pri-
?]ack rel_ated to “Medicine”. Intumvgly, the quality of ®i arily considered in the context of online electronic méske
information should be assessed using (1) Jack’s knowle(%|

S . il §ers of each specific market rate each other, and a central-
about Mgdpne  and (2) reputation prack. HOWGVGI’,.I ized authority computes the trust value (reliability) orey
be unrealistic to assume that there is a globally consistedt

. X single entity [4]. These computations are mainly based on
adequate way to estimate both (1) a_md (2) for _JUSt any usEirmple statistics acquired from users’ feedback (e.g.itiges
agnd negative feedback). Sabatdral. [5] designed the regret
system. They describe their scheme using an example batrowe
from an online marketplace and they show how their system
exploits the social relations among the different userdrlef,

the reliability that a user (say Bob) has in any of his peers
say Jack) is based on their direct interactions as well as th

eractions ofwitnessegsay Alice) with Jack and their social

even in relatively small user communities, and it is pradhc
impossible in large scale social networks. Instead, we gsep
to estimate (1) Bob’s subjective opinion about Jack’s krealge
of “Medicine” and (2) Bob’s subjective opinion about Jack’
reputation.

In this paper, we introduce a scalable and automatic w.

to assess individual opinions as well as to further 2998293 ation with him. Huynhet al. [6] introduce the notion of

them. \tNe fu_tll;ze cc:_gnm:;e prlncut)lez OI human éeacrtllglns Qertified reputation. If Bob has no interaction with Jack and
requests of information. It a user tends to respond COm8ISIe |\, 50061 fing any witnesses to report reputation informatio

LO quleztlonilre_lat?hd tto a p;’\;l/lrtlcularr]_ltop_|;: 'thwe con_5|de_r”_hﬁ)rr Jack, Jack can present certified information about h& pa
nhowledgeable in that area. vieanwhile, It Ine User 1S Wailin, o t5rmance. These are essentially references from otfesits

to reply to many remote]y related topics, it would be safer (@, 1ave interacted with Jack. Certified reputation is very
assume that this person is an amateur in each of those amiaasu%%ful for open multi-agent systems, where users can laave a
her replies should be treated as less than reliable. We figrm '

i D . ﬁ‘oin the system arbitrarily in time.
capture these behavioral patterns by maintaining pairwiss

views of each other in the form obsponse matrices (RM Expertise inference: There exists some related work in
P (RM) the literature that tries to assess the expertise metrian@h

Columns in a response matrix correspond to topics of intgres, ., [7] identify expertusers in an online Java forum using

while rows reflect history of user résponses. _Flgure 1 ShO\Q{S‘centralized approach that leverages social network sisaly
an example of two response matrices reflecting Bob’s vie

Wols considering the network graph structure. Similar kvor

of Jack and vice versa. Note that Bob has a high opini_%%n be found in [8], [9], and [10]. The well-known PageRank

about Jack’s knowledge in “Programming” since Jack’s e=pli . . :
are consistently focused on this topic; Bob’s opinion aboaLgonthm [11] ranks web pages based on thpularity on

T . . ecific topics as seen from Web users; it can potentialiy for
Jack’s reliability is also high, since Jack’s responses rare P P 4

d . te topics. M hile Jack h Ithe basis for expertise inference [12]. A large portion of th
spread over Va”Ol,JS remote OD.'C? e.a.nw” ie Jack has a ,8%sting work tries to locate expert users within a largevoek.
opinion about Bob’s knowledge in “Medicine”, as well as Bob

For instance, Contact Finder [13] does not directly reply to

reliability. users’ queries but identifies a set of peers that can provide a
“good” reply to the specific question. Other similar appives
Bob . can be found in [14] [15] and [16].
Bob’s view of Jack: Jack’s view of Bob:

v ) - ) There exist literature that deals with closely related and
Football Medicine Programming Football Medicine Programming . . . . .. .
0 0 1 0 1 0 interesting issues from the perspective of cognitive smen
0 0 1 0 0 0 For instance, [17] examines the way a user builds expertise.
1 0 1 However, to the best of our knowledge, date there exists no
Jacks expertise in Programming: High Bob's expertise in Medicine: Low work in the literature that tries to exploit cognitive andhae-
facksrefiabiity: Fhat Bob's reiabilty: Low ioral characteristics of humans to reach thent estimation of
reliability and expertise

0 0 1

Fig. 1. Example of Response Matrices reflecting high and low

opinions

To sum up, a user’'s overall reliability is reflected through
the spread of 1s over rows of the RM, while a user’s expertiseln this section we will present our scheme which estimates
in particular topics is represented as the density of 1s én tfor user: (say Jack) his reliability; and his expertise; , on
corresponding columns. In Section 1V, we further describe oqueries of type; (say “Football), building on the example of
approach building on this example. Section II.

We would like to emphasize on the fact that opinions Response matrix (RM): The Q&A SN's participating enti-
are generated and propagated automatically without éiplites can be both consumers of information, as well as proside
involvement of users. For this purpose we do not requiresus&/hen a consumer Bob asks a query he obtains responses
to evaluate the quality of responses from their peers. directly from multiple providers (e.g., Jack). The goal bkt

IV. ASSESSMENT SCHEME



SN is to assess the quantities,., and es..x, Yo € Q, p(t). In order to compute the uncertainty on the expertise value
where @ is the set of different topics (in our case = with respect to Jack, we propose the usenoBnapshots in
{“Football”, “Medicine”, “Programming”}). Bob can obtain time, which will providem sample sets. Using the estimates
locally a subjectiveopinion about Jack’s (i) reliability and (ii) computed from MLE for each of the above sets, Bob can
expertise ing. compute the average estimapoand its standard deviatign.

The first step is for Bob to derive the RM for Jagk e, € In turn, this provides a method to obtain an expertise imterv
nwxn: rqwxn js the set ofw x n matrices,w is the number E of width p,;, centered ap.
of questions considered (e.g., posted from Bob) and the Assessment of 2<%, : Reliability is a personality trait, related to
number of different topics. In our example we have-» =3. the “good will” of an entity. Given its highly subjective nat,
Note that there is no actual correspondence between thalactbere are no clear metrics of Jack’s reliability. Howeves, a
time and the rows except that the queries were made withitentioned before, a reliable person canrtseghly profiledas
the time intervalrg,, corresponding to the RM. Thus, multiplefollows:
“ones” in a row simply imply responses obtained to multiple
queries on different topics withimz,,. A single RM can be
thought as a single snapshot of the network (with respect to
Jack’s activity in Bob’s view).
Assessment ot5eb, ..« The expertise of Jack is tightly
related with aspecialization An expert on one topic is expected
to be rather engaged on the related questions. Thus, being
consistentlyactive is a sign of expertise in the corresponding
category. For this task, Bob will use the column off 525

that corresponds to “Football” (let it be columy). Column  Using the profile above we can formally define itfg?, . Let
j is a vector, denoted byn %) e wmwxl, of “0’s and FRi be the number of “1” entries ins77% (1). With &, being

Jack w

1) Given that Jack cannot be an expert in a large variety
of topics, he is expected to reply to only a few topics.
This translates to the matri¢ 52, (¢) of a reliable person
being dominated by “0"s.

2) Reliable Jack is expected to consistently reply to the

topics within his interest/expertise. This translateshie t

matrix M 225 () having aminimumnumber of “1”s which

areclusteredto a few columns.

wqn — Bob,j :
1"s. X5°%J(t) can be thought of as an observation vectofhe Kronecker's deltag, =33 6,,. ymes . Furthermore, let
Its nthelement, denoted by, (1)5°%7, is equal to 1 if Jack G=ij=1 o e

responded to the!" “Football” question in the snapshet vector T Bob = [m;]Bob, = 3 8. s 72k, Each element of

otherwise, it is 0. Wemeasurahe interest of Jack in “Football” = Taek

through his active participation in the corresponding disc 1 5¢, is the number of Jack’s replies in each query category.

sions; this can roughly capture Hisndencyto be an expert in Finally, let z, be the number of modes in the sample Hét®,

the field. (see Appendix for details in the mode calculation). TheokJa
Each one of the questions in a snapshot can be thought 48 gonsidered to beeliable, that is+7ot, =1, iff:

Bernoulli trial x. The trial is successful if Jack responds. Thus,

the probability of succesg of X is equal to Jack’s expertise

on “Football”, which we assume to be constant throughout the

snapshot. In random variables terminology, the outcomaef tHerea, 5 and- are functions of the dimensions ofZe% (w, n).

H Bob,j i i

fth trial [,’\h(t)ha_ckj' is 0 if Jack d'_d not respond to the” ..When the first part of (3) does not hold, we need to penalize

Foot.ball question, and 1 otherwise. Hence, the probsbili j,.. Eor example, ift, < o, Jack can be thought as acting

density function (pdf) otx is: selfishly not providing any answers at all (even at the topics
Fa(X = Ap) = p™h - (1 — p)l = (1) of his e>_<p(_ertise3) In this case, Bob panalizes J_ack based on (i)

_ _ _ the deviation ofr, from its lower bound, that ig; = o — Ry,

By replacing p with e5, v\ i the pdf described by as well as (i) the deviation ok, from 4 (dz = v — R»):

Equation 1 can be thought as the formal definition of Jack’s

expertise. Given the expertise sample set we have collected ;.Bob,

we use the Maximum Likelihood Estimation (MLE) [18]

a<R1<B AN Rp<y 3

Mm@ R) (- - R)

framework to obtain an estimate on parametein particular, = y1- L} Yy L, mAwe=1 4)
this estimate corresponds to the solution of the following “ f2
optimization problem: If R > B, Jackis unreliable. He imlkativeand simply provides
L w _ answers in many areas where he has no background. This can
max ~leog(fi(/\i|p)) subject top < [0, 1] (2) lead to the difusion of low quality information. In this case

Bob penalizes Jack based on the (i) the deviatiomofrom
Considering one snapshot/RM of the network at time its upper bound, that ig; = R, — 8, as well as (i) the deviation
provides Bob with a single sample set of observations. Tiws,
solving the MLE problem, he acquires a single point estimatesoy course, Jack might have no expertise at all and thereforeljiable, he
will exhibit extremely low activity. As discussed in Sectid/ in the current

2Later, in Section V, we will describe scenarios where experis falsely work we are not interested into distinguishing between &iskeliser and a
inferred and how we can mitigate these occurences. non-expert.



of Ry from ~ (d2 = v — R2): A. Experimental Setup

Bob ((w-n—pB)—(R1—B)) 1 In order to obtain the RMs, we emulate the behavior of
TJack — T1° +x2'(1_ — '(’Y—Rg)) . . . | i .
(w-n—p) 5 an information provider. In our study, we are primarily inte
. (w-n— Ry) e L adas=1 (5) ?sted in |dent|fy|£1g‘3‘ fou_r categories cif useIs; Re.llabI@ent",
(w-n—p) R Talkative expert”, “Reliable amateur” and “Talkative atear”.

The names are self explanatory but to give an example, a
“Talkative expert” is someone who is real expert on a few
topics (as expected), but she is also replying to questions
outside her specialization. On the contrary, a provider can
{ﬁe classified as “Reliable amateur” if she does not have any
expertise (something which can also be common) and is gncer
enough not to provide any uncertain answers to any category.
py if Ra >y Simply pgt, a “Reliable amateur” is aware of her non-e?(perti
Y1 = { L otherwise (6) and provides only a few answers (e.g., for the questions she
is certain about). We would like to emphasize the fact that
. we make the implicit assumption that providers are swifish
Yo = { L—py If Ry > (7) thus, a real expert will always reply to questions that fatbi
0 otherwise her area of specialization. Otherwise it will be extremedych
if possible at all, to distinguish between a “Selfish expertd
a “Reliable amateur”.

Note here that, the coefficients, y., z; andz,, can also
be functions ofr; and/or R,. For instance, whem; < o, it
might be the case that the number of modes present g.¢.,
is within the limit of ~. In this case, we should not uske
(which is negative!) to penalize Jack, since he adheresdo
expected behavior. Therefore,

Similar definitions can be given far; andz,, controlled by

a different parametes,.. . L .
However, even if ther, is kept belowg it might be the Every user in the n_etwork has am priori flxe_o_l expertise
case that this happens not because Jack focuses on his tdfic§ch topic (expertise vector) and a reliability value. By
ampling two uniform distributions and comparing the saspl

of expertise but because he is very little engaged to reglyii® : S :
(spreading his low activity across a number of topics). Tihies with the real expertise/reliability, we can obtain the RMséd
on the diagram depicted in Figure 2. Furthermore, unless

right part of (3) needs to hold as well. In this case, Bob reduc

the reliability of Jack based on the number of excessive moo%thermse stgted, the valu_es of the S|mu_lat|on pa_trame&_nfd u
present g = ~ — Ru): are shown in the table in the same figure. Finally, in our

experiments that involve dynamic behaviors, the notioriroét

0 if Ry—uw is not tightly related with the absolute time (e.g., seconds
rBob :{ 2 otherwise (8) A jiffy/time ticksis equal to a full RM snapshot. In other
R words, timet = z, means that there exists snapshots (i.e.,

Mappina intervals to opinions: Eor more convenient © ™ guestions in total) since the time we started observing the
pping b ' network.

representation of our results, we will not directly make use Id like t iterate that " |
of the intervals obtained from the assessment scheme, buf'c Would TIke 1o Teierale that currently we are only con-
we will represent them using the notion opinion borrowed sidering the existence of a reply or not, assuming that users

from subjective logic [19]. This will also enable the use O§trictly adhere to the cognitive profiles presented. Néwaless,

subjective logical consensus operators for combiningiops n reallti tthe quagtyt offan al’lSV\lleI’ Its nolt< bllnary.dln tthe fuﬁur-
from multiple users in our future work. we seek to use data from real networks in order to examine

Let 1, d and u be non-negative values such that d + u (i) the compliance of real users with the traits conside(eq,
Lit.du) € [0.1F. Then, the triplew — {t.d.u} is called the effectiveness of our inference schemes and (iii) the im-

an opinion, where components, d and « represent levels provements possible (if any) by incorporating expert kresige

of trust, distrust and uncertainty. For example, high distr information.
with some uncertainty (0.1) could be expressed as an opinilgn
w1 = {0.0,0.9,0.1}, while high trust with a minor uncertainty of _ _ o _
0.04 could be expressed as opinion= {0.96,0.00,0.04}. Recovering the real expertise/reliability: In our first set of

Assuming that-5e>_ = (4, 5], we generate the subjective |ogicexperiments, we opt to examine the accuracy of the individua

opinions using the following equation (likewise, a mappiag aSsessment scheme. We consider a set of 10 users to monitor.

Experimental Results

be designed for the expertise opinion triplete?, ;... .,uue): After obtaining the RMs, we apply our framework and obtain
the corresponding opinions. We first examine the columns of

Bob _gatb atb b-ab—a 9 the RMs in order to obtain an estimation for the expertise

@jack = { 2 7 T2 T2 T2 } ©) of the user with regards to each topic of interest. We then

examine the structure of the whole matrix in order to asdsss i
reliability. Denoting the real value of the attribute (togixper-

In this section, we present our simulation set up and thise/reliability) withr, if r € [t—u, t+u] Vv |t—r| < p-r, p € [0,1], We
evaluations of our assessment scheme. have a correct inference. The valueoflictates the strictness

V. EVALUATIONS
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Fig. 3. Inference accuracy of our scheme. Fig. 4. Overestimating expertise (no refine-
ment phase).
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of the convergence. Smaller values correspond to more stiarious reasons. For instance, Alice is an expert in “Medii
convergence. In our experiments, we have jset 0.15. Our but her account got compromised by Eve who is a computer
results are depicted in Figure 3 where accuracy is shown fwientist and knows nothing about medical questions. Ia thi
the different number of snapshots used. Despite the fattha set of experiments, we seek to examine the effect of similar
were able to recover the reliability for all the users, thetmacy dynamic behaviors on the assessed quantities. We sim@éte 8
with regards to the expertise is relatively low £0%). network snapshots with a behavior change taking place every

The reason for this performance can be attributed to tR80 snapshots. The cycle followed is: “Reliable amateur
fact that when app|y|ng MLE on each column of the RM‘:Re“able expert"—> “Talkative expert“—> “Talkative amateur*.
the correctness of the answer is not considered. As a resultfigure 5 shows the reliability of a user (say Alice) along
the presence of multiple “1”s in a column is considered aswth her expertise (no refinement phase) with respect to two
sign of expertise. Nevertheless, a “Talkative” user wilhiimit ~ different topics. The real expertise topic corresponds to a
this pattern over more columns than just the ones of his hctgdbject in which Alice indeed has expertise (i.e., “Medic)p
expertise (if any). Thus, there will be an overestimatiomsér While the false expertise topic corresponds to a category in
expertise which results in the low accuracy. Figure 4 deglee  Which she is not knowledgeable at“alAs one can observe,
CDF of the difference between the trust for the expert opinidhlice’s reliability follows the behavioral cycle we simué.
and the real expertise value for different number of snapsHmr the first 400 snapshots, her reliability is high, while fo
used for the estimation. As we can see with high probabilitie rest of the simulation period her reputation degradas. T
the inferred value is much larger than the actual one. Fegal reputation reduces to 0.1, however the degradatiohen t
instance, with a probability greater than% this difference assessed value is much less steep due to the accumulates natu
is greater than 0.5. In order to overcome this problem, va the estimation (i.e., no RMs are ignored in the current
include arefinement phaseAfter estimating the reliability scheme even if they correspond to old snapshots that migbt ha
of a user (which is extremely accurate), we scale down the€come stale). The expertise assessment is more chatiengin
initial estimation of the expertise opinion (trust valuejing as alluded to above. As can be clearly seen from Figures
the assessed reputation. Since it must holdi + » = 1, the 5(b) and 5(c), when Alice becomeslkative her assessed
expertise distrust and uncertainty both increased prapmily expertise is boosted in both types of topics. In the case of a

to their initial inferred values. As observed in Figure 3e thnon expertise topic for the period between 400-800 snapshot
refined estimation is very accurate {5%). Alice’s expertise is falsely increased. The same holds fioue

Response to dynamic behavior: The above results cor-

respond to static scenarios; the (rea|) expertise and E[Eip[lt “Note here that, even for the expertise topic, there can hedsefor which

| d t ch duri th t K uti H Alice is an amateur and has no knowledge for this topic. This correspond
values do not change during the network evolution. OWev%*periods where she is building knowledge, her account mspromised as

in reality a user might change her behavior over time fofientioned above, etc.



the period between 600-800 snapshots in Figure 5(b), during|
which Alice is an amateur (e.g., due to her account being
misused). However, if we examine the reliability and exigert
assessments in combination, we can identify the periods o f
expertise assessment, due to the low reliability of AlickisT [4]
falls back to the refinement phase we introduced in the stat[g]
experiments. Simulating the same scenario using the refinem [6]
engine, we obtain Figures 6(a) and 6(b). As it is evident
the non-expertise topic no longer exhibits false assessmen
Furthermore, there is a degradation of the trust in exmertig7]
for the real topic of specialization, when Alice morphs from[8]
“Talkative expert” to “Talkative amateur” as should be tlzse.
Nevertheless, there is a degradation of her expertise glthig  [9]
“Talkative expert” period. This is an expected outcome af t 10]
refinement performed: the trust in a user's expertise degrad
with the reduction of the user reliability. The fact thatddiis [11]
unreliable should affect our general trust in her repli@solr
example, the rate of degradation is relatively small. [12]
To summarize, under the assumption that the cognitive
traits considered are true, our scheme provides high acy:urél
Furthermore, it can react to users’ behavioral change$y fair
fast. [14]

VI. CONCLUSIONS& SCOPE OF OUR WORK [15]

To date very little attention has been paid to the qualiwe]
of the information delivered from a network. Assessing the
expertise and reliability of an information provider is tfiest
step towards quantifying this quality. Even though we foons
Q&A SNs, we believe that similar approaches can be taken for
other kinds of data communication networks. For example, 8]
a sensor infrastructure even if the reporting device isabddi |4
(i.e., it has not been compromised by a malicious entitg), ig
report might not be very accurate due to its physical diganc
from the event’s location. In this scenario, this distaneémbs
the context related to the expertise attribute. Identdythe
expected traits for an expert and reliable user of the upiheyl
network is the only requirement to apply our framework i
different scenarios.

[17]
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APPENDIX

Given a data set, the mode is the value that occurs more fnégue

3" elementr;, is

Jack (Since this is the maximum possible value). By defining the

setS as follows:

S={im >2- max (20)

ke{1,2 ,n}{ﬁk}}

we haveR; to be equal to the cardinality &, that is,R2 = |S|.
In our set of experiments we have set 0.8.



