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Abstract — Assessing the value of individual users'
contributions in peer-production systems is paramont to the
design of mechanisms that support collaboration anémprove
users’ experience. For instance, to incentivize ctibutions,
file-sharing systems based on the BitTorrent protoal equate
value with volume of contributed content and use a
prioritization mechanism to reward users who contrbute
more. This approach and similar techniques used in
resource-sharing systems rely on the fact that thehysical
resources shared among users are easily quantifiabl

In contrast, information-sharing systems, like sodl tagging
systems, lack the notion of a physical resource unie.g.,
content size, bandwidth) that facilitates the taslof evaluating
user contributions. For this reason, the issue ofséimating the
value of user contributions in information sharing systems
remains largely unexplored. This paper introduces Hhis
problem and takes the first steps towards a solutim More
precisely, it presents a framework to design algattims that
estimate the value of user contributions in taggingsystems,
proposes three complementary success criteria foropential
solutions, and outlines the methodological evaluath
challenges.
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. INTRODUCTION

The wide adoption of blogs, wikis, and tagging eyt
has transformed online information production fram
centralized, proprietary, and hierarchical editomadel to a
decentralized, non-proprietary, and collaborativeadei.
Benkler [1] defines systems with the above charisties as
commons-based peer-production systgors simply, peer
production systems).

Quantifying the value of individual user contritarts in
peer-production systems is instrumental for a numife
mechanisms that enable their efficient functioramgl even
their long-term survival. One direct application raéthods
to quantify the value of individual user contrilouts is to
support incentive mechanisms to boost participatoa
collaboration. For instance, iroffline peer-production
systems like car pooling, drivers have an incentivehare
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their cars (i.e., give rides to other people), assanith a
higher occupancy are allowed to use a dedicatadrfaEmne
[1]. Similarly, in online peer-production systems, like
BitTorrent [6], for instance, users who contributere (i.e.,
they upload more) have higher download priorityni&irly,
the value of contributions can also be used tordeégicious
and opportunistic users by marginalizing thosesigdro do
not contribute at all.

In peer-production systems designed for the shasedf
a single type of resource, which embeds an easily
measurable  physical quantity, quantifying users’
contributions is generally straightforward. In
Folding@Homé for instance, users donate CPU cycles, thus
user contributions can simply be calculated bynesting the
number of (normalized) CPU/hours donated by a user.
Analogously, in BitTorrent-based systems contritigi can
be evaluated by estimating the volume of uploadeffid.
Thus, to a great extent, quantifying contributionsthese
systems reduces to counting the units of donatsourees.
Even in peer-production systems that deal with iplelt
types of resources, accounting for the amountshgsipal
resources produced by one user and consumed b adhe
the core of techniques that quantify the value of
contributions [2].

However, some systems lack a clear mapping between
the amount of physical resources donated and the vd a
contribution. This is the case of peer-productigstams
designed to support the production of informaticyods,
such as social tagging systems (e.glel.icio.us or
CiteULike.org and wikis (e.g.Wikipedia.org. In particular,
the lack of a quantifiable resource unit createsieav
challenge: the value of each user’'s contributioasnot
anymore be directly linked to some amount of respursed
to produce them. For example, whereas a user noalype a
large number of tags, only a few of them may indbelb
their peers (i.e., other users of the system) itiqudar tasks
such as navigating the list of items or organizingir item
collections. Moreover, the value of informatiorcentextual
to the user. Some users may find the tag ‘agnethiable
when searching for information about a specifienitia the
system (e.g., Pedro Juan Gutierrez’'s novel Tropicamal
where Agneta is one of the characters), while stheay
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find the tag ‘Latin American novel’ more useful fiad the In the former category, as we have already mentione
same relevant item. guantifying the value of user contribution is ldsgbased

To take a first step towards estimating the valdie oOn counting the amount of resource “”_'t?' one usefyes
individual user contributions in online peer-protioe  2nd donates to other users (and implicitly to tystesn).
systems designed to support the production of inéion ~ FOr example, in P2P grids (e.g. Folding@Home and
goods, this paper focuses on a popular instanceuch OurGrid [4]), contributions are quantified as CPQus,
systems, namely, social tagging systems, wheresusewhereas in P2P content sharing (e.g. Tribler [¥T &@rent,
produce and share metadata &mynotating contentitems  SopCast.com and PPLive.com) the value of contoistis

(e.g., URLs, photos) wittags(i.e., free-form words). estimated by the volume of content a peer donatethd
. . other.
In particular,we propose a framework for solutions that ) o ) )
aim to assess the value of user contributions igitag Valuing contributions in these resource-sharing

systemsThe context considered in exploratory search Peer-production systems relies on: first, the fewit the
mechanisnsuch as the “Explore Tags” feature provided byamount of resources donated are easily quantifiseleond,
del.icio.us or MrTaggy [3]. The intuition behind the the assumption that contribution value can be tiyrdinked
proposed method is that thalue of tags produced by a to the resources consumed to deliver a servicettard) on
user, from the perspective of another user, is propodito ~ the simplifying assumption that a unit of contrieait
their ability to lead that user to content relevanher; while ~ resources has uniform perceived value across efbux the
the value of items published by a userlinked to their System (e.g., in Folding@Home one-hour of norméllize
usefulness to other users, which, in turn, couldjmentiied ~CPU time has the same value regardless of whentand
by their usage frequency and/or the ratings reddsteusers Whom it is delivered).

(as in I_:Iickr_.com where users declare photo_s as favorites; |, contrast, none of these assumptions hold foresys
and, CiteULike.org where users declare the importance Ofinat sypport production/sharing of information. sirit is
each item they annotate). impossible to directly quantify the ‘effort’ thaah led to the

We instantiate a key component of the proposedroduction of a specific piece of information; arsecond,
framework by defining a function that estimaths value of ~Vvalue of information (e.g., items in tagging syssgnis
the tags produced by one user from the perspe(ﬂf\/e hlghly SUb]eCtlve to users’ opinions and interests.
another userThe proposed function focuses on aspects that 14 aqdress this latter issue of contextual valomespeer
affect the value of information, in general, and uality of  ,roquction systems, such ¥ahoo! Answeds, Flickr.com
tags, in particular (Section Il). The definitiorf @ther 5,4 plogs in general, allow usersrade content items (e.g.,
components is left as future work. Il answers, photos, or blog posts and comments résglght

In summary, the main contributions of this work:are ~ The rating given by a user expresses how muchilste: that

particular item, and can be interpreted as an agtiraf the

* a formalization of the problem of assessing theiwal value of that contribution from her perspectivethaligh

of user contributions in tagging systems (Sect\ | this approach generates rich feedback about wieas like
(or sometimes dislike), it has two limitations. gtjrrating
information is generally sparse (i.e., the majoatyusers do
not express their preferences via ratings); andrgkcin
tagging systems, item rating does little to addréss
« an evaluation methodology and the criteria toproblem of assessing the value of tags.
evaluate possible solutions (Section VII); and,

» a framework for solutions that aim to quantify the
value of contributions, and a function to estimguwe
value of tags (Sections V and VI);

To fill these gaps a method that takes into accboit

« a roadmap for future investigations on assessiag ththe value of items and tags is necessary. Clednyh
value of items produced by a user in tagging systemexplicit (e.g., ratings) and implicit (e.g., usagtatistics)
as well as the accuracy and the robustness of tHeedback are useful and could be used as parsaitizion.

proposed methods (Sections VIlI). B. Harnessing the Value of Contributions

.  MOTIVATION Let us assume, for the sake of exposition, thahaee

This section describes solutions to assess thee vaflu alrea_dby devised a method to as?ehs_s the value of use
user contributions in (generic) online peer-proguct Ccontributions in tagging systems. This section gts
systems; highlights the lack of techniques for esyst mechanisms that could benefit from the output fremech

focused on information production and sharing; and“ethOd'_ We note _that, while (_aach one of the cited
discusses possible uses for the assessed comtrilvatiue. mechanisms can be implemented independethigyconcept
of contribution value we propose can serve as diadi

A. Quantifying Contributions in Peer Production Systéem  currencyto support all these mechanisms.

Online peer production systems can be categorizied i
systems where users produce and share: (1) respuanoe,
(2) information.

2 http://answers.yahoo.com




Once users are ranked according to the value of theto the increase of certainty that the outcome efrtaivigation

contributions to their peers such ranking can leelus

» To create incentives for participatioby rewarding
heavy contributors with, for example, tangible redga

process is a set of relevant items.

Diffusion — the availability of information goods across

the user population may affect their value, forregke when

such as more resources to store their own cohtentfew users possess certain information. In the coraé a
access to exclusive conténtr even intangible rewards tagging system, one may think of particular itemgags that

such as stars [7,8];

To prioritize access to scarce resourcesjuests to the
system could be prioritized according to the rahthe
user who is requesting it. This can be at the simea

are shared with selected people versus the popoés.

Applicability — information goods can be of general or
particular applicability or interest. That is, tiridormation
may serve a general audience or only a small fnaaif the

natural incentive mechanism in Q&A portals such agiser population. For instance, some tags can berigen

vark.com[9].

To tame spamminf0], for instance, by filtering from
search results those users who has
contributions;

To highlight trends and prioritize content displdie

enough (e.g., networks) to be of interest to sévesars.
Conversely, other tags (e.g., agneta) are onlywaeleto a
restricted subset of the user population.

low value

Content — naturally, the value of a piece of information
may be affected by the characteristics of its auste
Hirschleifer points out two common subclasses f dspect

contentproduced by users who have higher value ofn markets, where content conveys information abthat
contributions could be used to personalize thel finagnvironment or individuals’ behavior. The conteimension

search result;

To help recommending experts in a particular tothe

value contributed by a user can be a useful sigmal
distinguish between users that are knowledgeatdatab

a given field

We note that most of the above mechanisms thaehkarn

the value of contributions in information-sharingep-
production systems have an equivalent in resourasrg)
systems.
where contribution value is estimated as propodtida the
content volume uploaded over the life of a pees.,(ithe
sharing-ratio enforcement mechanigid] is an example of
prioritizing the user requests, such as publicattdmew
torrents, based on the value of user contributions)

I1l.  BACKGROUND AND RELATED WORK

This section provides the background for the desifjn
future methods to quantify the value of user cbations in
tagging systems. First, it reviews past work on dgleaeral
problem of assessing thalue of information gooddNext, it
discusses previous efforts towards evaluatingjtiadity tags
and their usage isocial information foragingasks.

A. The Value of Information Goods

Assessing the value of peer-produced informatiotagying
systems is an instance of the problem of assesissngalue
of information goods. In this topic, Hirschleiferld]
describes five aspects that affect the value @rimétion:

of peer-produced information maps to its semarfior
example, a tag may express how the user intendsei@an
item (e.g., ‘to-read’); or, which topic the itemldegs to.

Decision-relevance — this dimension captures the
importance of the information for a decision proble~or
instance, the information that a friend is readingarticular
book may be valuable to a person to decide whetheot to
buy that book.

For example, some BitTorrent-based sgstem  Stigler [13] and Bates [14] complement the listsereted

by Hirschleifer [12] by stating that the value ofdrmation

is only fully determined by its use. Thus, to estiewalue of
tags and items, this work must consider the contexthich

they are used.

B. Characterizing the Qualitiy of Tags

Several previous studies focused on assessingutiliyg
of tags, and indirectly target some aspects disclids/
Hirschleifer. Chi and Myticowcz [15] use informatitheory
to evaluate the efficiency of tag-based facetedckean
particular, they use the entropy of the set of #@wonditional
on tags as a measure of a tag's effectivenessdtceethe
search space, which is a way to quantify the gestaispect
of tags. However, Chi and Myticowcz [15] do not @t
for the relevance of items retrieved by the tagsemwh
evaluating tag-based search efficiency.

Along a similar path, Heymann and Garcia-Molina][16
investigate whether tags help users to categoonéent by
analogy with well established classification todksployed

Certainty — the value of information goods depends onby library management systems. They use a quabtati

the certainty the information provide about thecoute of a
particular process. For example, given a user timgebased
navigation system, the value of a tag should begt@mnal

3 Flickr limits the number of high quality photos armal user can upload.
This limit is lifted once the user pays the sengabscription.

* In CiteULike, one could think of free limited acse® articles or online
books that are only available on portals that negslibscription.

analysis approach to evaluate the power of tagbuit
classification systems rather than a user-centrantitative
approach to assess value.

Similarly, Pirolli [17,18] studies the process oftting
information of interest, using the metaphor of aalBn
foraging for food to analyze the information segkprocess.
Pirolli explores the intuition that social search tnore



efficient (i.e., when information seekers obtaitu&s’ from
other users, as opposed to discovering by themsgelVae
models proposed by Pirolli assume that users fiwhaids
information of interest by following ‘foraging clstleft by
other users. In tagging systems, we can view tagda
navigation as an information foraging process: t@agsclues
left by some users that may help others to findhéteof
interest. The idea that tags represent clues usethe
information search process [17,19,20] inspires thark.
More specifically, this work proposes to quantife tvalue
of tags by measuring its impact on information #egkasks.

The social information foraging models concentrate
the process (and its efficiency) that users folltowfind
information of interest. Assessing the value oftagd items
(i.e., the value of user contributions) may serveteutility
functionthat guides the user in the foraging process.

Other studies focus on the content aspect of peer-

produced information. Suchanek et al. [21] studibs
quality of tags by determining the descriptive powEa tag
(i.e., its efficiency in describing an item). InetBame spirit,
Dubinko et al. [22] propose ‘interestingness’ asetric to
estimate the quality of items and tags, as perdebse the
users. The metric is harnessed by mechanisniigk.com
to rank photos and tags during the navigation E®ce

Related to these previous studies, but focusinghen
quality of tags for information retrieval tasks buas content
classification and general search, Figueiredo .ef28] and
Bischoff et al. [24] evaluate the quality of infaamtion
provided by tags in comparison to other textuatuiess of
the items available in the system. This work fosuse the
value of tags that one user produces from the petisge of
another user, instead of analyzing the qualityamfstfor a
given task regardless of the user who is perforrting

IV. NOTATION, ASSUMPTIONS ANDPROBLEM

STATEMENT
This section introduces the notation and the assang
about the user interaction model used in this wdtk.
formally defines the problem of assessing the valuaser
contributions in social tagging systems.

A. Notation and Assumptions

LetS =(U,I,A) be a social tagging system, whéefe
represents the set of users in the systafienotes the set of

and respectively, used by the userlt follows thatl, =
{il{w,i,L,t) € A,}, andT, = {l|{u,i,L,t) € A,,l € L}. The
set of tags assigned to a particular itef, and the set of
items tagged with a particular tag', are similarly defined.
The set of all tags in the system is giverTby U,cy Ty,

Since one annotation may contain multiple tags, we
define the sef,, as the set of tag annotatiaisproduced by
useru. More formally,£,, = {L|3(u,i,L,t) € A,}. Finally,
for a tagl € T, letl' = {i|l € T'} represent the set of items
annotated withl. Unless stated otherwise, subscripts identify
users and superscripts identify items (or tags).

B. Formal Problem Statement and Success Criteria

The problem of assessing the value of user cotioibs
is formalized as follows: given two usersandu from a
social tagging systei$, we want:

(1) To define a functiork (u, s) that quantifies the value
provided byu to s, combining the value of botiags
anditemsproduced by.

(2) To define a ranking method to order information
producers from the perspective of each information

seeker in the system accordingkttu, s)s.

Three aspects should be considered when evaluating
solutions to compute functions (1) and (2) aboveeyTare:

i) feasibility — given that social tagging systems can
possibly deal with millions of users, the compwtadl,
storage and communication overheads involved in
computingK (u, s), ranking the information producers
should not be prohibitive.

accuracy— the estimation of user contributions’ value
should be as close as possible totthe value of user
contributions; and,

iii) robustness— the method to comput&(u,s) and
ranking the information producers should be robust
against malicious and opportunistic attempts to
manipulate (inflate/deflate) the value of one’s oem
other users” contributions.

V. A FRAMEWORK TOASSESS THEVALUE OF USER

CONTRIBUTIONS

items, and4 represents the set of annotations. An annotation

is a tuple that specifies its author, the annotaéed, the tags
used, and the time it happened. Formally {(u,i, L, t)},
whereu e U,i €1, L is a set of tags (i.e., free-form words
selected by the user to annotate the item at iimdote that
we group all tags a user annotates an item at coreemt
into a single annotation event.

The set of annotations,, where individual annotations
can be simply distinguished by their timestampratizrizes
a particular usen € U. More formally,A, = {{(q,i,L,t) €
A|q = u}. From the set of annotatiods, it is possible to
derive the set of itemg, and the set of tagg, annotated,

Users in a tagging system are either information
producers or information seekers, depending onatti®n
they perform at a given moment. Information prodsce
publish new items and/or annotate existing itemsi A
information seeker navigates the set of items alikglin the
system. To assess the value of a user’s contribinicuch
system, one must combine the value of items and tag
produced by the user.

® Note that this function is a building block anditbbe used to determine
the value of one’s contribution to the entire systeK (u,*).



More formally, letv(l,,s) andr(i,, s) be two functions
that quantify the values of a tdg, and of an item,,

respectively, produced by userfrom the perspective of an

information seekes. A function K (u,s) should combine
v(l,, s) andr(i,, s) for all tags and items produced oy

In particular, the intuition behind computimgl,, s) is that
the value of a tag should be proportional to itiditshio lead

users to items that are potentially relevant to her. Qragy

to infer the items that are potentially relevantataser is to
assume that the user’s past tagging activity pes/ia good
approximation of her future information needs, émépply
a personalized item recommendation technique &r indth
the set of items and their respective probabilftyetevance.
One such technique is based on a personalized manddk

approach on a tripartite graph that connects usdes and
tags to items, where the probability of relevanoe the

items is given by the stationary distribution oé tandom
walk [25,26,27]. Note that there are other altavest to

infer the set of items relevant to a user, suchsg®ciation
rules mining [38].

Similarly, the valuer(i,s) of an itemi, to an

information seekes should be proportional to its ‘relevance’
and ‘usefulness’ to usar. This can be estimated directly

based on: (1) network analysis similar to that igopto the

citation graph to find influential authors [28,29]; (2) direct

user feedback such as ratings; or (3) indirect tessulback
such as the frequency an item is (re)visited.

Figure 1 presents a block diagram that illustrates
process to assess the value of user contribufidrestop part
of the diagram presents the flow to calculate #iees of tags
produced by user to an information seekaras a function

of the tags’ ability to lead to items relevant to her. The

‘Tag Value Calculator’ block combines the infornaati

friendship links, or group co-membership informati@an
certainly drive the design of specific solutions foe value
calculator and aggregator boxes.

w
FS v (lul S )
Tag Value
Calculator

Relevant
Item Set
Finder

Tag Value
Aggregator

Info

Producer

Item

T(iu, S) Item Value

Aggregator

Item Value
Calculator

Usage
Monitor

Figure 1. Components of a framework to quantify thevalue of
user contributions.

The next section focuses on assessing the valtagef
v(l,, s) assuming the availability of tag assignments sace
(e.g., as collected and studied by Santos-Netb ().

VI. ASSESSING THEVALUE OF TAGS

Our attempt to assess tag value builds on a foratéin
of the certainty and applicability aspects of information
value (as categorized by Hirschleifer [12] — Sectld.A)
and the observation by Stigler that the value &frination
goods is only determined by its use [13].

More specifically, we consider the value of user

seeker's set of relevant itei¥ (produced by the relevant contributions in the context of a faceted searcltharism
item set estimator, which can be based on an iterguch as the “Explore Tags” feature providedday.icio.us

recommendation engine) and the information prodsicer OF MrTaggy [20]: the user interacts with the systém

annotations to determine the value of tags T, (i.e., the
tags extracted from the annotations produced)idy s.

entering a set of keywords (tags) and the systéfieves the
items that are annotated withll these keywords. The
assumption is the set of items retrieved by thdegysis

The bottom part of the diagram presents the flow taarrowed by adding new tags (that match a subsetros).

calculate the value of items producedibthat are used hyy.
The ‘Item Value Calculator’ box combines the infation
seeker’s item usage statistics, represente] fyutput from
the item usage monitor), and the kebf items originally

published by to estimate the value of these items. Thes

usage statistics can be obtained via click trdocesgxample,
that provide information about how often a userstones a
particular item.

Finally, the estimated values of tags and items al

aggregated separately and then combined into thes \a
the contributions fronu to s, K (u, s).

It is important to highlight that the proposed femork
(Figure 1) is generic. Each building block can hetantiated
according to the specific characteristics of theteay. For
example, the availability of user activity data,clsuas
records of tag assignments, click traces, itemngati

In the context of such navigation mechanism, théhotke
described below assesses the value of a tag atlylirelated
to the amount of uncertainty reduction about the ofe

(%elevant items, when an information seeker apm@iagven

ag to navigate the system. Mutual information [31]
reviewed below, formalizes this notion of uncertgin

Given a set of items, which are relevants to a given

ruser, and a probability mass functi®) overl, which can

e interpreted as the probability of an item beiglgvant to
a given user, Shannon’s entropy [31] quantifiesdlierage
information content (or uncertainty) in the setimms as
follows: H(I) = —Y,;¢; P(i) log P(i).

Note that the maximum entropy occurs when the
probability mass function is uniform, and it is aef the set
is either empty or the probability mass functiorcddlapsed



at a single element of the set (i.e., in both céisere is no associated to these URLs overlap with query tersesl uo
uncertainty in the set). Thug,< H(I) < log|I|. locate them [32].

The conditional entropy is similarly defined by ngithe VIl.  EVALUATION : CHALLENGES AND METHODOLOGY
probability of items conditional on a set of tagehe

conditional entropy is useful, for instance, to mea the
remaining uncertainty in the set of itefdf a user uses a
tag [ to navigate. Conditional entropy is expressed a
follows: H(I|l) = — Y;; P(i, 1) log P(i|l), whereP(i, 1) can

be interpreted as the probability that itei relevant and is
annotated with tagj in the context of an information seeker;
and,P(i|l) represents the probability that a particular item A. Estimating a Ground Truth

is relevant to an information seeker, given th&tc is used Determining the accuracy of the estimated contidlout

to navigate the system. Next, we use the subgoripticate  \5je s challenging. Ideally, one should compéue alue
that the probabilities are contextual to an infaioraseeker.  ostimates to a ground truth. Obtaining a groundhgru

Mutual information combines the two entropy defaris ~ however, is costly if not impossible.
above to quantify the reduction in uncertainty abau The ground truth, however, can be itseftimatedin at
random variable given the knowledge about anoteiom  |east three ways: (1) by conducting a controlledvesyion a
variable. In this study, mutual information prowsde way to sample of the user population, where survey ppeitis are
qu_antlfy the reduction in uncertainty abo.ut a gatemns/ by  gsked to rate the annotations produced by othes:u@ by
using a tag to narrow down the navigation space. Theyanking users based on how frequently the tags giheguce
formal definition of mutual information [31] is g by:  are actually used by their peers to find relevéamns; and,
M(I;1) = H(I) = H(I|l) . Normalizing it by H(I), the  (3) py ranking users according to their opportunity

This section discusses the challenges and the bp@ssi
solutions to evaluate the proposed method to atisesslue
gf user contributions in tagging systems. In patég it
presents a high level view of the design decisiowslved in
the experiments and in estimating baselines touatalthe
accuracy of the proposed method.

normalized mutual information is expressed as ¥esto produce valuable information given their positian the
social network.
o -% JH() >0
M@ = 1) The first option, that is, the controlled surveyash

0 JH(I) =0 traditionally been employed. This option has, hogve¥wo

We use the normalized mutual information (Eg. 1) tomajor shortcomings: first, it can be conducted atlp small
estimate the value of a tdg from the perspective of an Scale compared to the scale of today's taggingesyst
information seekes, as follows. second, the unavoidable degree of subjectivity umdn-
produced ratings may lead to significant inconsisites,

DEFINITION 1: given an information seeker a sequence of \yhich introduces an extra cost to the experimef3g).
tagsW that expresses one of her information needs, and a

set of itemg}” that are relevant to the information seeker's Tge seﬁond (f)tptionﬁ estimating dthe value of anranati
specified information neethe value of a tag I produced by ased on how often they are used fto retrieve iisnnsore

. . . practical. However, the feasibility of this apprbads
2nL(;tsﬁreruu’SngItsh i;ejg?ﬂeté);g?():g@rsmat'on heed W from predicated on the availability of detailed activitgcords

(search logs and click traces). To date, we ddawé access
f,W,s) < p(L)MIY; 1) 2) to such detailed activity records from tagging syst.

where p(0) _ ZiP® _ Finally, another (ygt even less _precise) method may

1Y circumvent the above limitations. This method isdshon
relevance of the items retrieved by fag two assumptions: first, that the opportunity to darce
value/knowledge in a social network is linked to a
participant’s position in that social network, asdcond, that
the opportunity to produce value and the value algtu
produced are highly correlated.

,i €1' is the average probability of

The rationale behind Eq. 2 is that if usgproduces tag
L, that return only irrelevant items to(i.e., p(l,) = 0),
these tags are useless to the information seekem, ttough
they may reduce the uncertainty about the¥et

Previous work by Burt [33] partially supports thest
assumption above. Burt shows that the ‘network traimg
index reflects well the opportunity for information
brokerage in social networks, and consequently the
opportunity to produce valuable information. In his
experiments with the social network formed by empks of

Note that the information needs of a particulara supply chain company, Burt shows that the vafudeas
information seekes can be approximated by either the was significantly higher for those employees withow
previ0u5|y used query terms, or by the set of Mmj to network constraint mdex (I.e., In _a position oé thetwork
annotate items. Indeed, for more than 62% of URhsa( that allowed them to bridge two highly connectedsters of
sample collected frondel.icio.u3, at least 50% of tags People). We conjecture, admittedly at this pointhout

On the other hand, i, leads the user to a subset of
relevant items, the value of these tags is propuatito the
reduction in the uncertainty about the set of ramitems
and the relevance of the items retrievedlby which is
represented by the coefficiemfl,,).



strong support, that the social graph the can Istoacted
based on the explicit social links between useranobnline
social (for instance, indel.icio.us and CiteULike users

declare others as their contacts, andFliokr users declare

friendship to others) can be used to infer the oppity
users have to produce value.

In more detail, our conjecture is that users ofiaoc
tagging systems that haveoav network constraint index are
in a better position to producealuable contributions, as

information (items and tags) flow through the linksthe
social graph, which enable information producerswvtrk
like brokers between heterogeneous clusters ofsuddrs
brokerage position, in turn, enables the user twdyre
valuable information (both items and tags).

B. Experimental Design

as it suggests that changes in the system statennpdy the
computation of value for the entire population tften.

VIII.

This work introduces the problem of assessing tiaev
of user contributions in peer production systent facuses
on one particular class of systems: tagging systams
propose three success criteria that should bedenesl when
evaluating possible solutions: feasibility, accyraand
robustness. Moreover, we propose a framework that
describes a class of solutions to estimate conioibwalue
in tagging systems, and we suggest how this framegsan
be instantiated for particular algorithms that make of tag
annotation traces and social networks. Our propeskdion
to assess the value of the tags formalizes thetlisatags
produced by a user are valuable to another useheif

SUMMARY AND FUTURE WORK

This section discusses aspects of the experimentdlcrease her ability to find relevant items.

evaluation of potential solutions to assess theuevabf
contributions in tagging systems. First, it pres¢he metrics
used to evaluate ttazcuracy feasibility androbustnes®of a

proposed method. Second, it lists comparison baseli

Finally, it briefly comments on factors that magluence the
accuracy and robustness of a method.

We are aware that there is a long way before fully
demonstrating the merits of the solution we propdseget
there, however, there are four paths to be purasefiture
work: first, the design of a method to assess tieev of
items; second, the robustness evaluation of th@osex
method; third, the evaluation of the impact of eliént

Metrics. We proposed three criteria to evaluate a metho§€arch models and aggregation methods on the edsess

to quantify the value of users’ contributionaccuracy
feasibility androbustnessTo evaluateccuracy we propose
to use a metric to compare ranked lists such asl&kntau
distance [36] or NDCG [37]. The idea is to rankredeased
on the value of their contributions and comparerémkings.

Feasibility can be evaluated by the algorithm's time an

space complexity together with some characterinatiothe
system activity that may impact the cost of updgtthe
value of users’ contributions (e.g., the rate ohaations
produced by users in the systerRobustnessshould be
evaluated by a metric such s;sam factor i.e., the fraction
of spammers (or malicious users) that gets prombiec
given attack strategy (e.g., imitation of genuiser.

Baseline There are several potential

should highlight the tradeoffs between the techesqu-or

instance, one could usetivity similarityto assign value to

the tags/items produced by a user to her peersile witis
may be efficient to compute, it may not be robast,it is
easy to an attacker to imitate the tagging behafiartarget
user; another baseline could figpularity of items and tags.

Factors. At least two aspects may affect the efficiency of

a method to quantify user contributions: thearch model

and theaggregation methodsThe goal is to investigate the (5]

impact of these design decisions on the efficieatythe
proposed solutions.

Scalability issues.The contextual nature of information

value creates a challenge to techniques that duati
value of user contributions. To take the contetd account,
the value of a tag or item produced by a user néeds
evaluated from the perspective of each user insfstem
separately. This requirement clearly poses a sitifaebsue,

baselines to
compare the proposed method against. The comparison

value of user contributions; and, fourth, a fulabsis of the
time and space complexity of the algorithms progose
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