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SOMMARIO

La Sentiment Analysis consiste nell'applicazione di tecniche automatiche di
elaborazionalel linguaggio naturale (NLP) per estrarredpinioni espresse in un
tedo Su un oggetto o un argomerda parte dellQautore. [SentimentAnalysise
spessautilizzataper analizzare i contenuti proveniedai social mediasul Webed
estrarre le opinionin materiadi brandse prodotti. Questo processo prende il nome
di analisi della Web Reputation Strumenti semanticidi analisi del sentimento
richiedono unOapprofonditanoscenza di dominiper eseguire le loro analisi. Nella
maggior parte dei casi il ddtase della conospoea va costruito e mantenuto
aggiornato manualmenteln questo lavoro si propone un nuUoOvo appiec
automatico per raccoglier@ati al fine di costruire una conoscenza di dominio. Il
nostro approccio sfruttadrowdsourcingll crowdsourcing un modelloche utilizza
tecnologie IT, come software eeti di telecomunicazioneper costruire una
piattaformavirtuale, in cui deitasks sono svolti inoutsourcingda un insieme
distribuito di individui che sono disposti a eseguirlil hostro approccio si basa
sull'idea diacquisirela conoscenza diominio sfruttandounaweb applicatiore una
comunit”™ online di individui In questo lavoro si * proceduto in primo luogo
studiando ilfenomenodel crowdsourcinge costruendo una serie di strumenti di
modellazione pera sua applicazioneAbbiamo utilizzato questi strumenti per
sviluppare una metodologi@i crowdsourcingper untool di analisi semantica del
sentimento Abbiamoidentificatq quindi, una serie di diversi possibdesign che
una metodologiadefinitiva avrebbe potuto assumere. Il passo successivo ¢ stato
costruire un esperimentoconsistentenel test di quattro serse metodologie,

rappresentate da quattro differerdrowdsourcing web applications Ciascuna

Vil



metodologia si differenzia dalle altproponend diversi tipi di compitiagli utenti
nella propria comunit™ esfruttando paradigmi distinti sia per incoraggiare la
partecipazione deghtessisia per raccoglieredati. In particolare, ogni metodologia
premiain modo diversali utentiin cambio delle I informazioni(compensazione
monetaria, esperienza di gioco, eclnjine, dbiamochiesto aun gruppo di prova di
51 utenti di utilizzare le nostre applicazioni e fornire le loro opinioni attraverso un
guestionario In questo modo, abbiamo valutatodeattro metodologie rispetto alla
variabile rappresentata dallasoddisfazione degli utentil dati provenienti
dall'esperimentsono stati analizzatillo scopodi elaborare una proposta definitiva
di metodologia dicrowdsourcing capace draccoglieredati da unestesansieme di
individui e popolare, in questo modbdominio di conoscenza di uno strumento di
analisisemantica dedentimento. Questo modello finale massimizza la sodilsfa
degli utenti, cios la metrica di giudizio da noi scel@,di conseguenzaisulta
validatosecondo i ostri parametri e abttivi.
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ABSTRACT

Sentiment Analysis refers to the application of natural language processing
techniques to extract the sentiment expressed by an author in@vexsnn object or

a topic. Nowadays, the sentiment analysis is widely adopted to analyze the content
coming from online Web social media, and extract the peopleOs opinions regarding
brands and products. This process is named Web Reputation analysis. Semantic
sentiment analysis tools require extensive domaiowkedge to perform their
analyss. The majority of the actualoftwaredesigns require to manually provide

and keep up to date, the knowledge database. In this work we propose a novel
automatic approach wather and collect data in order to build a domain knowledge.
Our approach exploitshe crowdsourcing. Crowdsourcing s model in which a
collection of IT technologies, such as software and telecommunication networks, are
exploited to build a virtual ptéorm for outsourcing a certain collection of tasks to a
distributed pool of individualghat arewilling to perform these tasks hus, our
approach is based on the ideaofjuiring specifidomain knowledge by addressing

a large onhe community of indiiduals througha web applicationln this work we
proceeed firstly by studying the crowdsourcing phenomenon and by imgjld set

of modeling tools forcrowdsourcing applications. Thewe use these tools to
develop a crowdsourcing methodology for semtiment analys. We identifieda set

of several options from which weould choose the features of th&nal
crowdsourcing methodologyrhus, we builan experiment consisting on the testing

of four different methodologiesepresented by four differestowdsourcing web
applicatiors. Each methodology differs from the others by exploiting different types

of task executed by the users in its community, and distinct paradigms for



encouraging user participation and the data collection. In particular, each
methodology rewards the users for giving their knowledge, in a different way
(monetary compensation, gaming experience, &) addressd a test group of 51
usersand we askdthem to use our applications and provide their opinions by means
of a surveyln this way, ve assesxithe four methodologies with respect to the user
satisfaction variable. Finally, we analgizthe data coming from the experiment to
come up with a final proposaf a crowdsourcing methodology to collect data from a
large set of indiiduals in order to populate the knowledge domain of a sentiment
analysis toolThis final model maximizes the user satisfaction metrit wechose

as quality indicator and thus it results valeth according to our parameters and

goals.
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Chapter 1

Introduction: scope of research and methodology

The following thesis is the result ofir researches in the fields afowdsourcingand
sentiment analysis.

Sentiment analysi®r opinion mining refers to the application of natural language
processing, computational linguistics, and text analytics to identify and extract
subjective information in source materials. In particular, it usually refers to the
analysis of humainedacted text taletectthe attitude (positive, negative oreutral)
expressed by the authower an object Several software applications have been
developed for thesentiment analysisAt this regard,our research focused on a
specific subset of these tools, capable of analytiegcontent coming from various
social platforms (e.g. Twitter) and detectithgg sentiment expressed by the authors
over a particular lamd or productThis processs namedWeb reputatioranalysis.

The most valuablesentiment analysidools exploit semantic text processing
technigues andhereby need comprehensive domain knowledge perform their
analyss. One of the shortcomings of the actdakignof the majority of these
instrumentsis that the knowledge domain must be manually provided by the
administrators orby the users of the tool. Thus, shapproach requires devolving
resourcesn order tocustomizethe knowlelge doman before using the application
Moreover, it requires devolving time to keep the knowledge domain up to date and to

extentit with new information that magome oubver the time.
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In thisthesiswe propose a neautomaticapproach to the building and maintenance
of the domain knowledge @& semantidMeb reputationanalysis toqgl based on the
applicationof thecrowdsourcing.

Crowdsourcingis a novel research topic and it has been poorly covieyethe
literature even if much has been saabout it by several sourcesNe define
crowdsourcingas Oa model in which a collection of IT technologies, such as
software and telecommuaition networks, are exploited to build a virtual platform
for outsourcing a certain collection of tasks to a distributed pool of individuals (the
crowd) that are willing to perform these task&®@ing such an innovative domain, in
order toharnesghe crowdsourcingn our tool,we first hadto perform awidespread
and comprehensive studyf the phenomenon. We proceeded by developing a
completemodelfor analyzing and studying therowdsourcingThe resultingnodel

is composed of two partthedescriptive frameworknd theprescriptive framework.

The descriptive frameworls ourmodelinginstrument. It provides ten dimensions of
analysis and theelated metrics, to classify describeand modelcrowdsourcing
systemsExamples of these dimensioare: the User Type and the Task Type, that
describe the type of users (amateur or professional) and tasks (simple, complex,
game) of acrowdsourcingplatform; the Community Size, that describes both in a
guantitative and qualitative way the size of therdmse of arowdsourcingsystem;

or, finally, the Rewardnd Incentivadimensiors, that assedbe type of rewar@dnd
incentivemechanisms that theowdsourcingsystemimplementsto encourage user
participation. Theen dimensions are the resaft our theoretical and experimental
researchem the crowdsourcingdomain. W put particular focus on th@eveloping

of a theoreticallywell-grounded descriptingnodel The descriptive framework
fulfill s this requiremenby aggregating and presenting both our theoretical research
and our experimentakexperience acquired by analyzinggal crowdsourcing
platformscurrentlyon the market.

The prescriptive frameworknovesour work a step further. It appliehe concepts
introduced by thedescriptive frameworlor analyzing a vast and heterogeneous
empirical datasetcomposed of 6Ireal crowdsourcingapplications Examples of

crowdsourcingapplicationghat we analyzeth the empirical dataset are: Wikipedia,
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Amazon Mechanical Turk and Threadless. phescriptive frameworlanalyzes the
links between the dimensions in thescriptive frameworlooking how the values of
each dimension are mapped in the values of the other dimensions, using the dataset
as source foinformation. In this way it provides a characterization of the most
common practices implemented by real and successiuldsourcingsystems on the
market.

The development of these tools gave us a sufficient knowledge ofavesourcing
domain,in order to properly exploit it. We then returned at our main problem of
building an innovative methodology to populate doeain knowledgef a semantic
sentiment analysis toolAt this regard, we developed four test cases of
crowdsourcingnethodologiegaimedat this goal The test cases are examples of real
crowdsourcingweb applications and weamedthem crowdsourcingscenariosln
particular, all the four scenarios dPeedictionmarketsweb applicatios. Prediction
Marketsare virtual markets creatddr the purpose of making predictions. The user
of these markets makes prediction concerning events in the future by answering to
guestions or placing new questions. Then, the answers coming from a larbaseser
of web users are aggregated by theb apgication and the resulis the final
prediction. We modeledand chosethe scenarios according to tldescriptive
frameworkand by using the knowledge acquired from pinescriptive framework.
Each scenaricexploits a different set of values for several dmsions in the
descriptive frameworkRewards,Incentive, Task Type, etc.)After building them

we exgerimentally tested the applicatiobg addressing group ottestusers.

We can summarize the methodology that we followed in this thesis its
organizationm a set of successive steps. Each step is covered by one of the following
chaptes.

The first step has been studying the literature sEmtiment analysisand
crowdsourcingo understand the boundaries of our resedhghmain congats, the
current development in these fieldsnd where we can insert our work in the
scientific playgound. Chapter 2 covers this part.
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The resultof this critical literature reviewmoved us in the second step. We
understood that we needed a set of tomssupport us in the domain of
crowdsourcing.Thus we developed thealescriptiveand prescriptive frameworks
presented in Chapter 3.

Chapter 4 describes thexperimental phase of our workVhat we wanted was
building an effectivecrowdsourcingmethodologyfor a sentiment analysis engine
Many parameters can be used to assess the qualityrafvdsourcingnethodology:

the resources needed for implementing it, the quality of the data that it produces, etc.
The researches that we carried out i tlontext of thdrameworkssuggested us to

turn our attention toward the user satisfaction, i.e. the level of satisfaction that the
users of acrowdsourcingapplication express over ilndeed, we understood that
maximizing the level of satisfaction coutdaximize also the level of participation.
Thus, we made the hypothesis that the user satisfaction could be a valid indicator for
harnessing the quality of@owdsourcingsystem In the wake of thiswe set up our
experiment. Following theecommendationoming from the frameworks we
developed the four differerdrowdsourcingscenarios. We then assessed the user
satisfaction parameter by asking to a test group of users to test the scenarios and
answers to a survey. Finally we analyzed the experimentalirdarderto build a
crowdsourcingnethodology for a sentiment analysis engine that maxstmseuser
satisfaction variable.

Chapter Sontains the final conclusion of this thesis #mel answeto the question if

our research methodology has been dvaior solving our research problem.
Moreover, it outlines the possible future developments of the research.

Finally, the Appendix A contains a detailed description of the empirical dataset of
crowdsourcingapplications and thé\ppendix B contains all theishggregated
results of the surveyogether with the list of questions. These appendixes can be
used as reference while reading this thesis.



Chapter 2

Background review and state of art

2.1 Introduction

In this chapter we will presernhe fundamentalconcepts used throughout all this
researchin particular, we will widely discuss the conceptsam$dom of the crowds,
crowdsourcingand sentiment analysisThe aimdriving our effortsis to provide a
complete set of definitions and ideas that are needed to understaarhlyses and
discussiongarried outin the remainingpart of thesis This is the first step of our
research methodology as we outlined it in the fist chapter.

First, we will briefly outline the topic of thevisdom of the crowdsresenting a series

of related work and research. &Wwisdom of the crowds one of theconceps$ that
stay behind thecrowdsourcingphenomenon. Tis, we must spend some words at
this regardbefore addressing therowdsourcingin order to give the reader a
completebackground context.

Crowdsourcings the gcond topic discussed in this chapter. It is the central topic
and driver of all our research and thereby, we will take care of presenting and
describing it in details. In particular, we will offer an introduction to the topic
containing the main definitits use throughout the entire thesishdn, we will carry

out a review of the othaworks that have been developed in this fidlde goal of

thisreview is to show wherthis researclecan be put in the scientific playground and
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how it differs from other related workgzinally, we will provide some examples of
crowdsourcingapplications that will help the readerunderstandingnd correlating
all thepresentedoncepts.

The last part of this chapter teedicatedto presenting thesentiment aalysis. The
sentiment analysis, together with theerowdsourcingthe key concept from which
we starteddevelopingour researchWe will explain what is theentiment analysis
and how is correlated to therowdsourcing.We will conclude presentingevera
works that tried to address sowfethe same problems we faced.

2.2 Wisdom of the cowds

2.2.1 What is the wisdom of the crowds

In his book, Surowiecki discusses in detail the conceptiedom of the crowdsnd
propose to define it as the process of takirig account the collective opinion and
knowledge of a group of individuals rather then a single exigesinswer a question

or find a solution to a problem (Surowiecki, 2008he termcrowdswill be widely
usedthroughoutthis thesis with various meams that will be clarifiedeach time

For the momentwe can provide aefinition, provided by Surowiecky2004) as
well. This definition is rather abstract and general but already suitable for our
purposes. When presenting tbescriptive frameworkve will propose instead an
operational definition more suitable for analytical purpo3éw following is the
definition by Surowiecky (2004):

OA crowd is any group of people who can act collectively to make decisions and
solve problems. So, on the one hand,dsganizations, like a company or a
government agency, count as crowds. And so do small groups, like a team of

scientists working on a problem. But even more interesting are groups that aren't

really aware themselves as groups, like bettors on a horseorangestors in the
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stock market. They make up crowds, too, because they're collectively producing a

solution to a complicated problemO

The idea of studying the behavior of big grewb people taking decisions is rather
old. At the beginning of the lasentury, theBritish scientist Francis Galton already
tried to analyze how collective judgments arise among group of indiviciiads
county fair and to assesstheir quality compared to other form of decisions
(Surowiecki, 2004).He surprisingly found out that the quality of collective
judgments was usually higher with respect to decisions made by single experts.
These findings were later confirmed bgveralotherexperimental sitdies Steyvers

et al, 2009 Vul & Pashler 2008;Kittur & Kraut, 2009.

Surowiecki relates to diverse collections of independently deciding individuals,
rather than crowd psychology as traditionally understood. His central thesis, that a
diverse collection of independently deciding individueldikely to make certain
types of decisions and predictions better than individuals or even experts, draws
many parallels with statistical samplin§urowiecki argues that, under certain
conditions, the collective judgments of large groups of people are more adbiamat

the judgments of any individual, even an expert (Surowiecki, 260 nhames this
phenomenon th&isdom of the crowdsffect.

In the 90Qjuethe Internet revolution and the increasing number of people connected
by digital technologies, the idea hadarted acquiring more value and being
fashionablein the academic and business contémternet, the Web and cheap IT
connections, have made finally possible to design systems capable of inteiiognnect
and interaghg with huge group of users. The ITtechnologies and software
applications have given the way to harnessatiselom of the crowd®s a large extent

and scale. Moreover, these technologies come at a low cost, adding more value and
appeal to the projects trying to exploit the colleckmewledge.

In the computer science domain many projects have tried to tap into the collective
knowledge of the peopl&.he wisdom of the crowdsffect ras been used by many
famous projects such as Wikipedrnazon Mechanical Turketc. (these projects

will be covered in théollowing paragraphs as examplel)oreover, thewisdom of
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the crowdsis the idea running many socialeb applications such as the
Folksonomies. A Blksonomy (the terrhas been coined by Thomas Vander Wal and

is a portmanteau of folksnd taxonomy) is a system of classification derived from
the practice and method of collaboratively creating and managing tagsadttenn
and categorize content (Peters, 20QBjs practice is also known as collaborative
tagging, social classification, gal indexing, and social tagging (Lambiotte &
Ausloos, 2006) Tagging, which is one of the defining characteristica\&b 2.6
services, allows users to collectively classify and find informatiaus it widely taps
thewisdom of the crowdss we presdadit until now.

The idea holds so much appeal for the social software communitythileatvisdom

of crowd$ has become a part of the vernacular. Unfortunately, most of these claims
are misguided. The problem is that people tend to forget the "under certain
conditions" part of Surowiecki's theory. Inde&ljyrowieckiin his researches, pu
some constraints and/pothess aimed at allowing thevisdom the crowdsffect b
effectively work.Not all crowds(groups) are wise. Consider, for example, mobs or
crazd investors in a stock market. Indeed, according to Surowiecki (2004), the
requirements of OopennessO, péerand t@terogeneit® are key factors for the
emerging of thecollective intelligenceThese general requirements can be declined

in four elements, required to form a wewd:

Diversity of opinion
Independence

Decentralization

K K K K

Aggregation

! The term Web 2.0 isassoited with web applications thecilitate participatory information sharing,
interoperabity, usercentered design and collaboration on tNerld Web. A Web 2.0 site allows users to
interact and collaborate with each other in aiaomedia dialogue as creators of ugenerated conterih a
virtual community, in cotrast to websites where usene limited to the passive viewing of content that was

created for them. Examples of Wel® hclude sociahetworking sites, blogs, wik&nd folksonomies
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Diversity of opinion is fundamental. Theoretically, each person should have private
information even if it's just an eccentric interpretation of the known facts. Practically
this is impossible tachieveand the requirement igsually relaxed: in order to
effectively being able t@xploit the wisdom of the crowdsffect, thecrowd must
present, at least, a good grade of heterogeneity.

Independence is another important requirement. People's opdoodit have to be
determined by the opinions of those around them. As we already discussed for the
diversity of opinion this property isalso impossible tobe completelyensurée in
practice but large online virtual communities, composed of millions of users spread
in theworld, can achieve a good grade of independence.

Decentralizationmeans the ¢ople are able to spedmd and draw on local
knowledge, i.e. the people donOt have a common social, cultural and environmental
background. This property is easily ensured lgyfdct the virtual communities are
virtually accessible from everywhere in the world.

Finally, aggregationis the last requirementit means that the systems should
implement sme mechanise for turning private judgments into a collective
decision.

Moreova, still according to Surowiecki, thevisdom of the crowdsffect can occur

only whenmembers of @&rowdhold another fundamental property

¥ They ae presented with elearly definedporoblem

This constrainimneans that thevisdom of the crowdss effective only when tapped

for solvingwell-definedproblems, i.e. problems where a resolution methodology is
already shaped and the information coming from dt@vd are the input of this
resolution process. We can link this requirement to the previowsygrfegation.
Indeed, only for clearly defined problems is possible to design an aggregation
mechanisms. The systems (online or offline) caenptoitthe wisdom of the crowds
effect to find neel resolutions mechanisms. The aggregation algorithms must
already employ one of these mechanisms. According to thiee wisdom of the
crowds can be seen just as a way of collectiaggreat amount of disparate
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information to be used as inpof a resolution processrhis is a fundamental
concept, often misunderswa@anddiscardedy the researchers and avators in this
field.

Until now we presented the conceptf wisdom of the crowdandcrowdsand we
showed which are the requirements that must be enforcetfeitively tap them
However we didnOt address tpeoblem of establishing which are the theoretical
groundings that run thevisdoms of the crowdsffect. In other word, we didnOt
explain from a theoretical point of view, how is possible for thisdom of the
crowdsto work. Bayn(2008)reformulates this problem in the question OWhere does
the wisdom of the crowdsome from?0O. Surowiecki (2004) doesnOt offer any
theoretical explanations instead he merely provides a comprehensivewisdom

of the crowdsworking examples without trym to address the problem. Other
authors instead try to provide some explanatiéis.instanceBayn (2008) at this
regard, recallshe Law of Large Numbershe trick is that truly diverse, i.e. random,
opinions will always vary around the mean of theison; so when you aggregate a
whole lot of random opinions, you get a deceptively precise avesagprerset al.
(2009) argue that that what powers thisdom of the crowdsffect is actually the
aggregation mechanism and thtisey state that the re@lintelligence@rises from
this algorithm anchot from the crowd. On the other hand, Kittur & Kraut (2008)
think that thecoordination of the peopleOs individintélligences makes it possible
for acollective intelligenceo arise and perforrpetter tha the single individuals.
Moreover, some authors showed the weakness afigtom of the crowdspproach
and how it can easily be undermined in various ways. For instance, Letra@hz
(2011) showed that social influence among a commuwuotyd easily destroy the
validity of the outcomes of thevisdom of the crowdsffect. On the same wake,
Kittur et al. (2007) made a studynd showed that as the online communities get
older and bigger, small subgroups of OeliteO esesyevithin them and tts aspect
can greatly undermine the quality of the resulmally, we can conclude with
Surowiecki (2004) who cites nmany more potential sources of hiagroup
polarization, conformity, iwgroup bias, frening and groupthink. All these sources

come from thestudy of Social Psychology which, and should be clear from now on,
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is related to thevisdom of the crowdsnd thecrowdsourcingghenomena as much as

the Computer Science.

2.3 Crowdsourcing

2.3.1 The Crowdsourcing: introduction and description

Coined by JefHowe in the June 2006 iseuof Wired magazine (Howe, 200@he

term crowdsourcing in its original fashion, describes a new wesed business
model that harnesses the creative solutions of a distributed network of individuals
through whatamounts to an open call for proposals. Ho(2806) offers the
following de nition:

Osimply dgned, crowdsourcing represents the act of a company or institution taking
a function once performed by employees and outsourcing it to afinediéand
generallylarge) network of people in the form of an open call. This can take the form
of peerproduction (when the job is performed collaboratively), but is also often
undertaken by sole individuals. The crucial prerequisite is the use of the open call
format and he large network of potéial laborersO

According to this definitioncrowdsourcingis mostly relatedo the business world
andthe termitself is a portmanteau afrowd and sourcingmaking clearthe link

with the word outsourcing that belongs to the remuics and business jargons.
Therefore, it shouldnOt be surprising that most of the sources that covered this
phenomenon from thieginninghave seen ias something concerning the business
domain gee Chanal & CaronFasan, 2008Whitla, 2009. The main dference
betweerthe crowdsourcingand the traditional outsourcing is that in the later case we
have a subject (aompany, an irtgution, etc.) that hires a singkxternal agent to
perform a task while in the former case the same subjgctsran open tldo a vast
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and distributedhetwork of agents that conguat the same timén accomplishinghe
task,until the subject doesnfdtd the best solutiafs) for himself and close the call.
Therefore, in this business exceptiocrowdsourcing describes a process of
organizing labour, where firms parcel out work to some form of online community,
offering rewards of some kinds fanyone within therowd who completes the task
the firm has set (Whitla, 2009).

The description we outlinedntil here derivesrom the traditional business point of
view. However, from its origin the phenomenon dagplychangedts bordersand
characteristics and notine termusually refes to a broader idea tha&mbraceghe
field of computer science, business andcehdwviorism. Thus, nowadays,
crowdsourcingis a termrepresenhg a whole set of IT systems, technologies and
designs, built for harnessing distributed netvgook individuals with the aim of
accomplishingsome kind of tasksCrowdsourcingisnOt anymore jus business
model but it represents a whole new way of designing IT systems interacting with
large online communitiedoreover, in this exception, the requirement for a precise
subject outsourcinghe tasks to thecrowd disappears because tbwd itself may
self-organize in an online commuyithatperfornms some kind of jobs

Finally, the original HoweOs definition refers to vietsed systems (Howe, 2006),
while, nowadays,the market proposes severa¢sktop applications capable of
exploiting the crowdsourcing At this regard, we will discuss the example of
computer gameslevelopedfor crowdsourcinginformation from the playerg(see
Chapter 3. At a later stageHowe himself defines therowdsourcingin more
general term (Howe, 2008):

OCrowdsouring is the act of taking a job traditionally performed by a designated
agent (usually an employee) and outsourcing it to an undefined, generally large
group of peple in the form of an open call

In addition to this, w too have to provide an operationalefinition of the
crowdsourcinglt is a fundamental passage in order to cleanglerstandfrom the
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beginning,the limits ofthe researcHield in which we are movingThus, we define

the crowdsourcingas

Oa model in which a collection of IT technologies, such as software and
telecommunication networkate exploitedo build a virtual platform for
outsourcing a certain collection of tasks to a distribyted! of individuals(the
crowd)that are willing toperform these tasksO

In our definition the individuals can either concur to make the best solution emerge
among the many others, or they can collaborate on the same task to develop and
evolutionary improving solution (we will discuss in detidiesetwo approaches in
thedescriptive frameworkChapter 3.

We can draw a parallelism between the conceptislom of the crowgresnted in

the previous paragra@nd thecrowdsourcinglndeed, beyond the fact that the word
crowdappears in both the terms, tbemmonalitiesare manyBefore proceeding on
this topic, we need to underline the facttin this passagee are referring to the
wisdom of the crowdsis a model,namely a problersolving model and, as
consequencgewe arenot focusingour attention on th&visdom of the crowdsffect

that we widely discusgreviously Actually, we can see theisdom of the crowd
model as the model that harnesseswigglom of the crowdsffect and in this way

we will consider it in relatioto thecrowdsourcing

The crowdsourcings a more general model that includes within its borders also the
wisdom of the crowdsl'he wisdom of the crowdsodel requires to rely on the
collective intelligence of groups of individuals to collect informationorder to
solve particular problemsSurowiecki states that theisdom of the crowdsiodel

can be used only for problems that havedefined right answer (OcognitionO
problems), such as, for instance, forecasting the weathiee okt week. The model
insteadsnOt gootbr solving problems of skills; for instance, it means thatcanOt
exploit thewisdom of the crowdsiodel to perform a surgery (Surowiecki, 2004).
Therefore the wisdom of the crowdsodel is a declination of therowdsourcing

model in which the task consists in gathering, aggregating and presenting
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information from thecrowd The crowdsourcingmodel ismore general becaait
isnOt bounded to any particukimd of tasks.Concluding the parallelispwe can
summarize the relationship keten thecrowdsourcingand the wisdom of the
crowdsarguing that therowdsourcings a general model of Otasisolution® while
the wisdom of the crowds a problemsolving model that fits just for what we
named OcognitionO problems. Thuspwdsourcingis a broader modehnd the
wisdom of the crowdsiodel is a particular instance of the general case

We have now taliscusshe natureof thetasks that are usually crovadurced. This
may help to understand the phenomenon itself. In our research we saw ma
different kind of crowdsourcingplatforms and the range of crovgdurced tasks
varies to a great extent accordingly. In tescriptive frameworlve will proposea
precise and complete categorizatiorttigsecrowdsourcingsystemsin this section
we just want to povide some practical examplé&e following table provides a list
of crowdsourcingsystems with a description of their scope, tasks and why we can
consider thencrowdsourcingplatform according to our definition.

Table 1: Severalcrowdsourcing systems and their description

Name Description

Amazon Mechanical T2 (AMT) is a popular crowdsourcing marketplac
introducedby Amazon Inc. in 2005. AMT ia marketplace for small tasks th
cannot be easily automatefiasks areusually jobs thatomputes cannot easily
Amazon Mechanical accomplishand thus require human intelligence; for instantding if two
Turk different descriptions corresportd the same productagging an image with

de<riptions of its content, or transcribimgth high quaity an audio snippet.

In the marketplace, employers are known as requesters and they post tasks

human intelligence tasks, or HITs. The HITs are then picked up by online 1

2 The marketplace is named after an 18th century "automatic"-phegag machine, which was handily beating
humans in chess games. Of course, the robot was not using any artificimjantalalgorithms back then. The
secret of the Mechanical Turk machine was a human operator, hidden inside the machine, who was the real

intelligence source.
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referred to as workers, who complete them in exchange for a small pay

typically a few cents per HIT.

AMT is basically an onlinecrowdsourcingvirtual labor platform that acts a
intermediary between the demand of work time @sdsupplyfrom the uses in
the crowd.(Ipeirotis, 2010b)

Wikipedia

Wikipedia is a free, webased, collaborative encyclopedia project. Its over

million articles have been written collaboratively by volunteers around the wo

Wikipedia is an example of crowdsourcimyoject in which thetask to be
accomplished by thecrowd is the collective writing and editing of article
Moreover, Wikipedia is an example of crowdsourceygstem unlinked to the
business world:he users in the crowds are volunteers and the rewarkamism

is completely not monetaryKolbitsch & Maurer, 2006).

InnoCentive

InnoCentive is an "open innovatiocbmpany that takes researgtoblems in a
broad range of domains such as eeghing, computer science, mathd business
and frames them agHallenge problems" for anyone to solve them. It gives ¢

awards for the best solutions to solvers who meet the challenge criteria

InnoCentive calls the people who attempt the problems "solvers" anc
companies thesegblems come from as "seekers% B011, InnoCentive's onlina
community exceeds 250,00®lgers. The cash awards for solving challenc

problems are typicallynithe $10,000 to $100,000 range

InnoCentive is a crowdsourcing platform according to our definition. I
somehow similar to Anmon Mechanical Turk but the tasks that it proposes ar
a different kind being complex scientific problenthus thereward mechanism i
different and t will be studied in the descriptive framewaak well (seeChapter
3). (Brabham, 20084;akhani etal., 2006.

Threadless

Threadless is a crowdsourcing online apparel store. Members of the Thre
community submit-shirt designs onlinedesigners upload theirshirt designs to
the website, where visitors and members of the community score thansaate
of 0 to 5.

According to our definition, Threadless is a crowdsourcing project where the
performed by the crowd is the designing and selection through voting of-n
shirts.(Brabham, 20082009)

Waze

Waze is a social mobile applicatigmoviding free turrby-turn GPS navigatior

based on the live conditions of the road. The users in its online community h.
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install the WazeOs software in their mobile phone and in this way givtinmes

information used to build the maps and the tcatbndition.

According to our definition, Waze is a crowdsourcing project where the usel
asked to give information while moving with their mobile phone. A collectior

algorithms is then used to aggregate this data and build a knowledge base.

Kickstarter is an online threshold pledge system for funding creative prsjexis
as movies or music band&n amount of money is set as threshold to reach for
specified purpose and interested individuals will pitch in, keeping the donati
an escrow fund. When the threshold is reached, the contributions are retire:
the escrow fund and a contract is formed so that the collective good is sulfpl

Kick starter .
the chosen target is not gathered by thadiine, no funds are collected.

Kickstarteris a crowdsourcingystemwhere the task is canibuting in a monetary
way to funda project or a cause. There are many other examples of sy
similar to Kickstarter, and they usually come with the name of crowdfun

platforms.

As we statedthe range of possible tasks varies to a great extent and some of the
systems share just few similarities with the purposes and scope that we @at for
research (see Introduction). In particular, crowdfunding systems and online labor
platforms donOt evémvolve the sharing and the crawling of information. Although
they arecrowdsourcingsystems accordgto our operational definitiorthey are not
mean for building any kind of knowledge base. On the other hand, Wikipedia or
Waze have more similarities Wi our original purposes: they involve the collecting

of information from an online community to build a knowledgsebaf some kind

(for instance dreely available encyclopedia). Thus, itOs legitimate to wonder why we
decided to focus our taintion toward such awide field, including platforms with

very different features and goalBhe reasornis that we wanted to encompass the
whole crowdsourcingphenomenon, in all its declinations and formulations. We
thought that thanks to this analysis we could getengata and knowledge in order to
better understand and therebyploit, the concept for ourgoals We wanted to
understand which kind of people composediwvd that following our definition is
basically an online community, and what motivate theselpéopoinit. In the wake

of this, we decided to studwlso the reasons that move the pkopo join the
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communitiesof online labor platformsnd crowdfundingand check to what extent
their reward mechanisms can be applied toease Moreover, we thought that only

the studyingof the wholecrowdsourcingphenomenon would haveadeus able to
understand which are thederlying key factors that powéoth thecrowdsourcing
modeland its formulation in term afisdom of the crowds

Forthe same reasons we also briefly analyzed the-sperce environment. Indeed,

it is clear that it is possible to draw some kind of parallelisms between the two
phenomena and various authors pointed it Bualjham,2008a Enkelet al.,2009.
According b our operatioal definition, gensource can be considered a particular
application of thecrowdsourcingmodel in which we lack the external subject
allocating the tasks but instead thevelopers@ommunity regulates itself and
choices the tasks to becaenplished. The opesource movement is interesting to us
because the study of thmotivations that move people to joiopensource
communities share a lot of similarities with tilséudy of the motivationsthat
encourage people engagements in many othevalsourcingprojects.

In the next paragraph we will discuss more in deep the role that our work holds in the
crowdsourcingscientific playground anaihatlinks it shares with other researches.

2.3.2 Literature review on crowdsourcing

In this section we will try to offer a brief but comprehensive overview of the
researches thdtavebeen carried out in the field ofowdsourcig and that wehave
coveredfor our purposesMoreover, we will drawseverallinks between these
studies andstudies belonging to other fields of research such as menmce,
psychology ananline communitiesOurfinal goalis showing in which position we
can put our work in the scientific playground. In this paragraph we will not cover the
studies over theentinent analysidecause we will discuss them in the next section.
Crowdsourcings a relatively new phenomenon but various authors already tried to
carry out some studies on this topic. The majorityhefse studies lack a complete
vision of thecrowdsourcingconcept. Instead, they focus on specific case studies that
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they analyze in detailsisuallyproviding many considerations asthtistical fact
Examplesof this approachare theworks focusing on specificcrowdsourcing
communities likeBrabham (2008b, 2009) and Chanal & Catiéasan (2008)All

these researches offer an introduction to ¢hewvdsourcing,with definitions and
descriptionsbut they donOt try to completely analyre ghenomenon. Their goal is

not developing a comprehensive mbdethe crowdsourcingout providing detailed
studies of how some successfubwdsourcingsystems achieved their missions.

On the other hand, the work Bfabham (2010)Schenk & Guittard (2011Erickson
(2011) and Buecheleet al. (2011) tried to offera first complete insighon the
crowdsourcing.They triedto model the phenomenon and find the underlying key
factors. Theirmain goal is developingframeworls to describethe crowdsourcing
project that may help designers and developers in this field. These works have been
the main subjects of our researches because we share with them the goal of building
a comprehensive frameworKhis framework shouldin our mind allow us to
effectively model ne crowdsourcing applications with strong theoretical
groundings(see Introduction). The reaseovhy we decided to build our owmew

model famelythe descriptiveand prescriptiveframeworkspresented irChapter 3

is that wethought that thesearlier worksdidnOt provida frame complete enough

for the crowdsourcingenvironment. Ofterthey proposdoo simpletaxonomiesto
embrace all the possible facets that gnewdsourcingcan assume. For instance
Buecleler et al. (2011) proposea framework in which the projects are analyzed
according tofour main dimensions: what, who, why and how. Malenal. (2009)
proposea larger model with more categories and declinatiaxt at describing
collective projects Still also thee modek lacks what we considered to be a
fundamental passage: the analyses of the motivations and the reasons that move the
peopleto engagewith crowdsourcingcommunities Indeed, ve wanted to analyze

how to desigrcrowdsourcingapplication capable of stimulatirgmuch as possible

the user participationAll these studies offer several brief comments on this topic.
But no work is strong enough on this. We thought that there was the chance of
developing a better framework embracing all the previous experienceslief ear

researches. Each of the surveyed studies focused on a small subset of the underlying
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factors that run therowdsourcing Schenk & Guittard2011) focus on the type of
tasksthat can be crowdourced and theeveraltechniquesthat can be used to
choo® the solutions among the many proposed by ctioevds (see Chapter 3.
Brabham (2010) focesmore on the motivations of the users joinargwdsourcing
communities Finally, Laubacher & Dellarocas (2009) introduce the concept of data
guality mechanism.

What we wanted was a framework that not omigluded all the results of the
works but also tried to show which are the links betwtervarious features of the
crowdsourcingthat we call dimensions in our frameworks)d how they influence
each othes; always keeping in mind the main goal of stimulating user engagement
Finally, we wanted to add a stronger theoretical grounding to the researches on the
crowdsourcingphenomenon. Indeed, therowdsourcinghas been often covered
without the sufficient seintific attitude. The studies usually lack a common jargon
and use different terms to refer to the same concept. We wanted to develop a
framework providing a common ground from which starting the discussions over the
crowdsourcingMoreover, we wanted tank the analysis of therowdsourcingwith

the researches carried out in other fields in this way adelleg moretheoretical

roots At this scope we surveyed the works on the incentives and rewards
mechanisms used in corporatiand management theorfof instances, an Hippel

& von Krogh, 2006;Lakhaniet al, 2006) looking for a correlatin with the rewards
used in online communitiesor the same reason, as weeatly partly stated, we also
took into accounstudies on the opesource movementsaf instance, Bonaccorsi &
Rossi, 2004; Lakhani & von Hippel, 200Bakhani & Wolf, 2003, on the online
communities phenomenon itselb( instance, Nov, 2007) and of psychold@alder

& Staw, 1979.

Finally, we were diven also by the consideratidhat nostudy analyzedill the
possible types ofcrowdsourcingapplications Indeed, all the studieshat we
surveyed focus just onspecific categoriesof crowdsourcingsysems such as
crowdfundingor online labor platformsErickson (2011) drafts a raw taxonomiy o

the various types afrowdsourcingapplications but his work is just at an early stage

and at the moment itOs not possible to check if it wilkhly effective.Instead we
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tried to embrace all the possible facets offering a categorization of tleiv&orms

that thecrowdsourcingcan assume.

Our researctalso hada strong experimental part. For what we kralwost allthe
academic literature on therowdsourcingphenomenon lagkon this side.One
attempt is the work of Lingt al. (2005) in which they tried to statistically study
which are the most effect method to motivate users in online communites. W
completed our theoretical results with an experimental analysisvast dataset of
real crowdsourcingapplications and with #hresults of an experiment we conducted
to test variougrowdsourcingscenarios. In this way we also drew a link between the
theoretical studiesver thecrowdsourcingwith the practical analysis of IT systems,
such are the web applications we developed psssiblecrowdsourcingscenarios
(see Chapter)4 Indeed,althoughthe crowdsourcings a topic belonging to the IT
domain, we found out that the majority of the studies donOt consider this connection
and prefer to study it as a mere social phenomenopletety unlinked to its natural
environment, i.e. the Internet.o@d exceptions to this approach are the work of
Bretzke & Vassileva (2003) and Cheng & Vassileva (2005b).

2.4 Sentiment Analysis

2.4.1 Introduction and description

Communication through theveb in all its forms (websites, blogs, forums, social
networks) has become an important way of forming and spreading opinarribid-
reason the analysis ofelv content has become an important field of study for several
kinds of applications, such as ustrial marketing or anterrorism.

The sentiment analysiss a topic belonging to the broader field of the natural
language processing (NLP, Natural Language Processs@gjtiment analysiss
about analyzindhumanredactedtext in order tounderstand th attitude (positive,
negative or neutral) of the authon the subject he is writing abouthe recognition
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of opinions is not anasy problem because it requires seenanticcomprehension of

a text, domain knowledge and higiuality language processingkills. We can
consider the traditional text classification andthe sentiment analysisas two
orthogonal issuesn the traditional text classification, the focus is on identifying the
topic discussed in the document, whilehe sentiment classificatiadhe focus is on

the assessment of the sentiment exprédsg the author of the documeffiue &
Gamon, 2005)The latertask is moe complex for several reasons: weed to
identify the obgct of which the author expresses his sentiment; we must identify if

a document the author expresses more than one sentiment on the same object and, in
case, how thigroupof opinionsis correlated; theentiment analysisiust deal with
sarcasm, irony andhetoricalforms. We can conclude that tlsentimentanalysis
involves all the steps that are usually performed in text classification, plus all the
required processes to assess the sentiment.

Sentiment malysisis becoming a fashionable topic because of the great amount of
humanredacted texts that are availableagpdhanks to th&Vveb 2.0platforms. The
users ofWeb 2.0platforms daily providea great amount of information about the
most disparie subjects by writing on blogs apdsting on social networks or on web
forums.This amount of data can be analyzed thibagntimentnalysistechniques

to extract information useful for several purposes, such as marketing or political
surveys.Industrial marketing perhapss the major beneficiary of these analyses.
Indeed, much of the content shared by Internet usersigsrmpinions on products
and services on theommercialmarket. These opinions can be gathered to study the
overall sentiment of the people about goods and commercial brands. We call this
processWeb reputatioranalysis oropinion mining.The automatidNebreputation
analysis allows the firms tstop leveragindhe traditional instruments of collection

of the custmer satisfaction and to expldaster and cheaper mechanisms based on
IT technologies. Moreover, thgentiment analysiand its declination inwomatic

Web reputatioranalysisallows the gathering of reaime dataand this camepresent

a vital competitive advantage for the companies acting in aggressive markets.

The algorithms for performingertiment analysiscan be classified according to

various dimensionghe task of the analysis, i.e. the classification of text in®tye
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or negative categorieth)elevel of clasdication (sentence or documenthether the
analysis is mainly based on synt@anget d., 2002), mainly using dependency
parsing (Matsumotet al.,2005)or semantics, using corpora (such as WordNet) and
then extending them amually or automatically (Whitelawet al., 2005) the
technigues used in the algbms, e.g., Support Vector Machif§VM) or Naive
Bayes (NB.

2.4.2 Sentiment Analysis Engine: description

In the previous section we presented the fieldesitiment analysignd we discussed

its meaning and scop&he majority of the semantic sentiment analysis tbalsea
common architecture design that is the result of the evoloficthe academiand
industrial research in this field. Thusn ithis section we will discuss this general
architecture

As we already stated, we will focuspecifically on tools for the Web Reputation
analysis, as we desced it in the previous paragraph. However, often throughout
this thesis we will generally refer to a sentiment analysis tool. The readers must keep
in mind that in that cases we are anyway referring the subset of tosdstohent
analysisthat performWeb reputatioranalysis.

Web reputationanalysis toolcan be used to analyze the social media (Twijtter
LonelyPlanet, TripAdvisor) and extracthe sentiment concerning a brarkhese
tools monitorthe platforms, crawlinghe data posted by the users, and automatically
extracs the information concerning a subject (the braiMbreover, tle analysis is

% Twitter is an online social networking and microblogging service that enables its users andemad text

based posts of up to 140 characters, informally known as "twtg.//www.twitter.com]

“Lonely Planet's online commity is used by over 600,000 travellers for trade tips and advice. The Lonely
Planet website includes blogs, a groupgatfprm andthe ability to rate ah review sites and restaurants.
[http://lwww.lonelyplanet.com]

® TripAdvisor is the world's largest travel site that assists customers in gathering travel information, posting
reviews and opinions of travel related contantl engaging in interactive travel forunitsis a pioneer of user
generated content. The website services are free to users, who provide most of the. content

[http://www.tripadvisor.com]
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not just about amverall brand, buthese toolxan also discern among posisout
various topic related to the brand

The tools supporting th&/eb Reputatiomnalysis can be split into two categories:
semantic tools, and not semantic tools. The semantic tools analyze the text and
information crawled from the Web, according to a semantic interpretation of the
natural langage. On the other hand, the tools belonging tosémondcategory
cannot interpret the natural language, but instead they try to be compayitfast
crawling and analyzing great amount of data. Surely, these tools are more limited
that the semanticnes because the analysis is performed without taking into account
the semantic of the information.

We focus onlyon tools of Web reputatioror sentiment analysighat can exploit
semantic analysis. THeagure 1 shows theypical architecture of one of thewools.

We will brief describet. It is not our goal to propose a detailed descriptibthese
instrumentsbecause as we stated, our research faesi®n the harnessing of
crowdsourcingechniques to build a knowledge domairb®used by generic tool

(see Introduction)Thus, we will focus on the building of domain knowledigeugh
crowdsourcingandwe will discusghis topic in the next paragraph.

The architecture is composed tdur main parts that are by themselves divided in
smaller components, as itOs possible to see in Figure 1. The maiepantawling,

data quality,sentiment analysieind user interfaceThey correspond to software
modules. The crawling software module tskare of gathering the information from

the social platform and storing it in raw format in a database. The crawler module is
itself split in three components matching the three platforms that are monitored by
our example toolThe data quality module te& care of taking the raw data coming
from the crawler angberformingsome transformations to allow a betsantiment
analysis.It assessethe quality of the information according to ithsource, checls

the languageletecting slang and jargon words dmally prunes the database from
unneeded data. The main module is of course the sentiment analysis one. It is the
module that actually analyzes the text trying to understand the sentiment of the
opinion expressed. Moreover, it also exploits semanticysisato understand the
object to which the sentiment refers. Finally, at the end of the chain we have the user
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interface for performing and presenting the analyses. We can sdketeahtiment
analysis module has a component called domain data. Thige isnbwledge base
used bythe toolto perform semantic analyses. Indeed, to be able to understand the
meaning of the information, the tools must be aware of a lot of information
concerning brands, names, products, etc. For instance, the tool must béhatviire

a tweet posted on Twitter contains the word OMilan A.C.O this is referring to the
football club and not to the city of Milan itself. Thus, it appears clear that the domain
knowledge is a fundamental database and that it is of great interest b igedgted

and as much as possibéxhaustive In the next section we will showiow the
domain datas designecandwe will introduce a methodology to useowdsourcing

for enhancingt.

crawling data quality
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Figure 1: A Web reputation analysis tooltypical architecture design

The arrows represent the data flux andhe box representsthe main components
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2.4.3 Domain modeling and crowdsourcing

The majority of researches developed in $katiment analysiand Web reputation

field focus on the corproblem of understanding the attitude expressed by a natural
language text. Much less has been said on the minor problem of building a model
around the subject (the brand) whage want to analyze the reputation on the Web.

In order to better understandettopic first we need to present the terminology and
give the definition of the terms brand, model, etc. Then we will propose a literature
review of the works on this field and we will tracdirgk with the crowdsourcing
phenomenon showing which is theetition of our research effort.

Roughlyspeaking the model of a brand is a formal description of a hramaduding

the set of characteristics and features that we want to md@daosider for instance,

as subject for theentiment analysi@vhat we nameé the brand)the city of Milan.

Thus, in this casethe model of the brand is the set of categories in waidVeb
reputation analysistool splits the crawled information coming from the users. A
brand is always collocated in a wdktermined domain, tisudesigning a model for a
brand also means building a representation of its domain. We can definite the domain
as the part of the real world that refers to the brand. It is composed by the elements
that are correlated to the brand in the real world. Fétebenderstanding this
concept consider the following examples: if we want to studyMbb reputatiorof

a mobile phone company, the brand will be the company name and/or nicknames, the
model of the brand will be the set of features we want to studly,asuthe quality of

its products or costumer services, and the domain will be represented by the names
of its phones, by the components of its phones, by the categories of pibdalss

and so on. The concept of domain described isatee same concethat we named
knowledge domain in the previous paragraph. Thusumexample architecturthe
information concerning the domain of a bramd stored in the domain data
component of Figure 1. To each domain corresponds a specific vocabulary of terms
that are used in its context. The tool uses this vocaputarsolve the lexical
ambiguitiesin which it may encounter while analyzing a text. We already discussed

the example of the word OMil@nthat can represent the citytloe football club.
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Another exarple is the Italian word OcalcioO: it may refers to the sport, to the act of
kicking or finally, to thechemical elementltOs clear that only an updated and
comprehensive vocabulary can allaWeb reputatioranalysistool to performhigh

guality sentiment analyses.

Some studies, while not explicitljocusing on domain modelingstill try to
determine the elements that characterize a particular application domain and they do
so through feature extraction systems, bottomup methodlogies to perform
mining ontext expressing opinions onlkaand in order to deduceemain features

of it. One of these studies Balahur & Montoyo (2009jhat takes as input a user
guery containing the brand of whicthe user wants to know th&keb repuation.

Then the system, using the knowledgextractedfrom ConceptNétor WordNef,
automatically discovera series of features typical of the braSgangler, Proctor &

Chen (2008) usa different approaclhat attempts to infefrom the volume of
speeb the most important features of the brand, with@lying to any a priori
knowledge The end result is @et of distinct categories of characteristtbsit
describe the brand of intere$hese categories cluster the terminology of a specific
brand (like products names, nicknames and components).

We can see from these studies that there isgaeement in thacademiditerature

that asemanticsystem ofsentiment analysiss highly depedent onknowledge
domain (eonget al, 2009. Thus, a sentiment analysis tool is usually vertical
focused on a specific set of brands belonging to the same domain, although there
even been attempts to develop systems that easily adapt to new contexts
(Andreevskaia & Bergler, 2008 ; Aue & Gamon, 2005

The approach to domain knowleddpilding of the majority of sentiment analysis
tools currently available imanual A tool of this typedoesnCautomatically build a

domain representation using some of th®matic techniques presented previously,

® WordNet is a lexical database for the English language. [httpdives.princeton.edu]
" ConceptNetis an artificial intelligence project whose goal is to build and utilize a large commonsense
knowledge base from the contributions of many thousands of people across the Web.

[http:/Mmww.media.mit.edu/~hugo/conceptriet/
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but the domain must be manually provided by the administrators before starting to
use tool. Thus, before using the tool it must pass a customization phase. This
approach presents some shortcomings. First, it regjargreat effort to design a
comprehensive and exhaustive modgecond,it requiresto keepthe domain
knowledge up to datdloreover, the architectud these tools, usualipvolves that

the crawler componentsespart of the domain knowledge to cramé¢w data from

the social platforms. Indeed, the crawling is based on keywords detection in the
analyzed text. These keywords derive from the data included in the domain
knowledge (theycorrespond to thesubbrands). Table 2 shows thetypical
representatio of the domain knowledge used by\&b reputatiorsentimentinalysis

tool.

Table 2: An exampleof domain knowledge representation for é¥eb reputation analysis tool

Concept Description

Brand The object of sentiment analysiExamples are: Milan,
ran
Berlin, London or Nokia, Vodafone, etc.

Taxonomy of the conceptelated toa brand. For instance i
the case of the brand of the city of Milan this can involve
Category (and sub-category, with as many | category 6 OFood & DrinkO and the socétegory of

levels as needed) OrestaurantO. The brand Nokia can involve the cate
Omobile phone® and the -sategory OUMTS mobilt
phonesO

Subbrands are the conceptontained in the categories ar
subcategories. For instancé the brand is Apple and thi
category is Omobile phoneO, a possiblebsamd can be
Sub-brand Olphone 40.

The subbrands areised by the crawler componetagether
with the brand name, as keywords for crawling data from

social platforms.

We propose daifferent approach to populate, keep updated and extend the domain
knowledge. Indeed, we saw thatowdsourcingtechniques can be used to gather

knowledge coming from the people. Moreover, we saw that a large network of
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individuals usuallydetairs a greatamount of knowledge. We think that these two
factors together can be exploited to build an automatic system capable of extending
and keeping updated tleedomain knowledgédor a sentiment analysis todhrough

the harnessing of the data coming from laag@rgecrowd In Chapter 4we will

show in details how we built our approach.

In particular wethink that acrowdsourcingonline communitycan be used to extract
information regarding thérands and theubbrands. We studied several different
mechanims totap crowdsourcingin orderto obtaindomain knowledge All these
mechanisms (the scenarios, see Introduction) b&ipresented in Chapter 4.

Other studies in the academic literature tried to tapviedom of the crowdsnd the
crowdsourcingo build a knowledge base for specifiordain or of commorsense

fact. Von Ahn & Dabbish (2004) developed aiowdsourcinggame to aquire
commonsense knowledge from the playdsge also von Ahmt al, 2006) They
addressed the problem of collecting a dasabof Ocommesense factsO using a
computer game. Informally, a commeanse fact is a true statement about the world
that is known to most humans: Omilk is white,O Otouching hot metal hurts,O etc.
Several efforts have been devoted to collecting comsaose knowledge for the
purpose of making computer programs more intelligent. Such efforts, however, have
not succeeded in amassing enough data because the manual process of entering these
facts is tedious. They therefore introduced Verbosity, a novel atiegasystem in

the form of an enjoyable game.

Hsueh et al. (2009) instead focused on tapping tlwowdsourcingto build a
knowledge base ofentimentannotations(positive, negative, neutral) of snippets
Annotation acquisitionis an essential step inatning supervised classrs.
However, manual annotation is often tho@nsuming and expensive. Thus, they
investigated the possibility of recruitimgowdsof annotators through Internet online
communities as an appealing option that allows multiple iladpetasks to be
outsourced in bulk, typically with low overall costs and fast completion rates. They
particularly focused on the problem of assessing the over quality of this process and
of the data coming from th&owds.Moreover, they conducted an empal study to
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examine the effect of noisy annotations on the performance of a sentiment analysis

tool.



Chapter 3

Modeling crowdsourcing applications

3.1 Introduction

In the previous chapt we discussedthe concepts ofWisdom of the crowds
Sentiment Analysiand Crowdsourcing In particular weoutlined severalimportant
definitions thatare already weljroundedn the academititerature and significant
examples of theapplication of crowdsourcingtechniquesin a wide variety of
circumstances

In the wake of the literature review carried ouCinapter 2 werealizedthat there is
a substantialdearth of a deep and complete empiricatudy of the current
applications ofcrowdsourcing In this chapter we fulfill this lacly developinga
research framework for modelimgowdsourcingprojects This is the seconstep of
our research methodology as we outlined it in the first chapter.

Our research should follow the same path that has been traced by L&kkani
Hippel (2003) and Lakhar& Wolf (2003) for the opetsourcesoftware. In their
researches thegssess the opewource collaborative environment focusing on the
motivations and the incentives that encourage the peopé:gdage incollective
projectsand provide their resourcesTwo are thegoals we set fothis part ofour

work:
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- provide adescriptve frameworkfor assessing and modeling existing
crowdsourcingprojects

- provide aprescriptive frameworkn the form ofbest practice®btained
from the analysis of existingrowdsourcingprojects according to the
previous framework. The idebehindis tha thesebest practiceshould
be used as guidelinewhile designing newapplications exploiting
crowdsourcingand provide a further set of information to aid the design
of the experiment (see Chapter 4)

First, we build an empirical dataset of existingrowdsourcingapgdications and
projects. Secondwe outline the set of dimensions that shape aescriptive
framework These dimensions come fromcamprehensivenquiry of the existing
literature oncrowdsourcingwhile taking into account also contribotis from other
research domains that we regarded meaningful (Psychology Theory of
Management anBconomic$.

Last we try to draw some conclusions from the analysis of éhgirical dataset
exploiting our descriptive framewotkin particular we outline a taxonomy of the
crowdsourcingprojectsincluded inour empirical dataset. The synthesis of these

analysis and conclusions fosithe prescriptive framework

3.2 Empirical Dataset

3.2.1 Selection of the sources

While choosing themembers of our empirical dataset we faced thablpm of
having a precise and coherent definition of what oan canObe considered
crowdsourcing We have alreadyitedin thesecondchapter théHoweD£2008 brief

descriptionof crowdsourcing
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OCrowdsourcing is the act of taking a job traditionally performed by a designated
agent (usually an employee) and outsourcing it to an undefined, generally large
group of people in the form of an open call.

Moreover, inChapter 2as well, provided our operational definition of what is the
crowdsourcing
OCrowdsourcing is a model in which a collection of IT technologies, such as
software and telecommunication networks, are exploited to build a virtual platform
for outsourcing a cdain collection of tasks to a distributed pool of individuals (the

crowd) that are willing to perform these tagks

Thesedefinitions give a general idea of whaheansexploiting thecrowdsourcing
and we provided many details and exaraptethe previoussection Nevertheless,
for our aim, namelygathering a selection of sources &m empirical dataset, these
definitions are stilltoo vague and generi&€ventually in orderto populateour
empirical dataset we decided to includelyoapplications thatmaich thesekey
characteristics

1 They are crowdsourcing projects according to HoweOs (20@B)our
operationabefinitions

2 They provide one or more coherent and systematic mechanisms to s
the exchange of the information from and to the crowd
They are based on software programs (inclutlifedp-based applications)
They are actively usetly a community ofpeople well-established an
with a stable implementation
They are taskriented
Theyare open to everyone

The first characteristits listedbecause the HoweOs definitiorcmfwdsourcingvas
the starting point of our research and also because it is widely accepted as

characterization of the term. As a result the other outlined regemtsnare used to
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betterspecifythe membershipdnctionof our empirical dataset and to fuettrestrict

our field of research. In particular we focus only eomputerapplicatiors (3j
characteristic). Indee@s discussed in the previous chapt@emughout historghere
have been various examplescodwdsourcingapplications not exploiting the Wedy

even the information technology (IT) (see Surowieck2004. These legacy
examplesare out otthe context ofourresearch.

The second characteristic states that the applications in the empirical dataset must
have an interface to support throwdsourcing. Namely it means that the
applications must exploit thecrowdsourcing in a systematic way using a
standardizedset of tools (interfaces, algorithms, technology backend, etc.).
Obviously this is an unavoidable requirement to allow us to perfocoharent
scientific analysis on the dataset. The characteridtensd 6are selfexplicative: we
focus just on systems that are cuathg active and that are not subject to
revolutionary renovations. Moreover they should be freely available to everyone
allowing us to test and study theBomething more should be discussed about point
5. This requirement states thiie applications mustllocate the work to therowd

in the form oftasks For our matters a task is a unit of wanka set of actionthat

can be accomplished infeite amount of timeA task can becomplex or simfe,
time-consuming or trivialetc. The definition doesnOt commit to any specific type of
work (Schenlk& Guittard 2017).

ItOs possible to raise the question if the list of requiremmnistraining the
membership to thempirical dataset can undermine the validity of descriptive
frameworkand, consequently, of the conclusions built over it. Indeed this problem
can be ruled outthe dataseteven bounded by the previous assumptions, still
contains a significant share of the existargwdsourcingapplications Indeedany
crowdsouring project meets the first characteristics by definition. Furthermore the
majority of the projects areither Web-basedor simple desktop applicatiorss
showedby the examplein the previous chapter. This property forces them to meet
the second charactstic almost inany case (countesxamples can be found in
Surowieckj 2004 and in Jones &afaelj 1999. The requirements 4, 5 and 6 donOt
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change the situation significantlyAs a result the dataset still remains relatively
heterogeneousndrepresentative of tHandscape

The list of candidates has been drawn looking for existing catalogs of applications
and through a survey of tlavailableliterature.Wikipedia (2011), aBitAbout (2011)

and crowdsourcing.org (2011), all offer comprehendists of crowdsourcing
projects. Likewise Brabham (2088 Frei (2009), von Ahn & Dabbish (2004),
Chanal & CaroffFasan (2008), Shaet al. (2011), Maloneet al. (2009), Schenk &
Guittard (2011)present some other interesting candidates in their works.

Only a subset of the candidates has been included in the empirical dataset, namely
the ones matching thieatures we have already discussed of which we could
obtain enough data of our aim.

3.2.2 Dataset Description

In this section we list some statistical information concerning the empirical dataset.
The dataset consists of 6fowdsourcingappications. The greatest majority of them
(56/61) are Welbbased projects. The remaining part is made of desktop applications
(games, as we will disss in the next section). TablesBmmarizes the data so far
presented

Table 3: Distribution of the type of applications in the dataset

Web-based applications 56
Others applications 5
Total 61

We also collected the country of origin of the elemantbedatasetThe country of
origin of acrowdsourcingoroject is the nation where the firm or ttheveloping team
that createdhe applicationis placed. For a small part of the set we couldn@t fin
exact informationsome projects donOt have a precise develtgangor the teanis
spread in various locations @ime project isnot backed by any company. This is
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mainly true for opersource collaborative project like Wikipedia or Distributed
Proofreaers. All the applications in the dataset, independently fromcthentry of
origin, use English as main language.

Figure 2shows this information in a chart.
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Figure 2: Geographical distribution of the applications in thedataset

* N.A. stands for not available

While collecting data for the elements in the dataset we couldnOt get precise numeric
information in all the cass. In some cases we had to estimate these missing
information or proceed without them\We can alreadytate that the missingata
doesnGiffect the overall quality of the framework. Indeed the missing information
usuallyis the country of origiror the size of the usdyase (this will be discussed in

the next section)These records amot imperative to erform all the analysis. Table

4 provides some statistics on this topic.

8 [http://iwww.pgdp.net] Distributed Proofreadéssa webbased project that supports the developmenttekes

by allowing many people to work together in proofregdirafts of eexts for errors.
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Table 4: Quality of the data concerning the applications in the dataset.

*Due to rounding, the percentages may not add up to 100%

Applications of which we fave 33 54%

complete precise data

Applications of which we 4 7%

estimated some data

Applications of which we lack 28 46%

some data

Appendix A containsa detailed list of the elements the empirical datasewith
attachedhe sources used for gathering the recogendix A contains also a short
de<ription of the functionalitiesf every application in the set. The description takes
the form of a list of keywords. These keywom® self-explicative and allow the
readerdo easily understandthich are the aims of therowdsourcingproject under
observation. For instance, Table shows the keywords for twelementsin the
dataset: Amazon Mechanical Turbnd Wikipedia (see Chapter 2 for their

descriptiors).

Table 5: List of keywords for two crowdsourcing projects in the dataset

Amazon Mechanical Turk ‘ Task allocating, job marketplace

Wikipedia ‘ Collective encyclopedia

Following a common practice introduced by th&eb 2.0 Figure 3shows atag
cloud® of the keywords describing the elements in the dataset.

°A tag cloudis a visual representation for text datgpitally used to depict keyword metadata (tags) on

websites, or to visualize free form text
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allocating community-driven
creativity design funding
geoinformation job
marketplace product
task

Figure 3: Tag cloud of the keywords describing the elements in the dataset

3.3 Descriptive Framework

3.3.1 Introduction

The descriptive frameworks the novel systematic approacthat we proposdo
assess and analyze realowdsourcing applications. Our research focused on
selecting and identifying the most fitting variables that have to be taken into account
while studying theerowdsourcingphenomenon. The resus a set otendimensions

and for any of them the associatedmetric These dimensions come from a
comprehensive inquiry of the previous academic works in the field&edf 2.0,
Psychology, Online Communities, Knowledge Management, Knowledge Sharing, etc.
As we have already outlined in the second chagi®vdsourcings not just a sub
domain of the computer scienchbut instead as far as it intrinsically requires
profoundinteraction with auser-base(thecrowd), it has a great deal also with human
factors that transcend the mere technoladger motivations, incentives, rewards are
key concepts that can hmderstoodonly taking into account topics that cross the
bordes of IT. Lakhani & Wolf (2003) already pointed out tlmenclusion while
dealing with opersource phenomenorAs consequenceeseral dimensions in the
descriptive frameworkre new adaptatiosiof already existing concepta domains

at first glance distantfrom our fields We didnOt take existing concegssds but we
renewed them to meet the requirements that the modelingrastdsourcing
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applicationgbrings. This approach from os&de gives a solid scientific background

to our analysis anfftom theother sidedoesnOt commit us to a too inflexible model.
Indeed some dimensions are not reflexed in any previous research but come out from
our considerations. The result islescriptive frameworthat encompasses if not the
whole range otrowdsourcingprojects, at least the majority of them. Obviously it
seamlessly covers tlempirical dataset we presented in pinevious sections. This is
straightforwardas the dataset played a double role in our research: it was the test
field for assessing the goodnedgghe dimensions imported from domains other than
the crowdsourcingand it gave us a set okal cases from which extractew
dimensionsand their metrics

In the next section every dimension will be discussed illustrating the ratiandl

the analysigorocess behind it with punctual references to the academic literature
when neededWe will also try to offer some operational guidelireesd Oreal lifeO
exampledo better explain how to use the metric of the dimensions in the framework.
As a summary Tabl6shows the list of all dimensions specifying also thastrics

Table 6: The dimensions of thalescriptive framework

Dimension Name Metric
Collective Knowledge, Knowledge Sharing, Collective Creativity, Clot
Categorization Labor, Knowledge Acquisition, Crowdfundingp@n Innovation, Problem
Solving
Crowdsourcing Type Integrative, Selective
Required Knowledge Low, Medium, High
Community Size (Quantitative) >0, N.A.
Community Size (Qualitative) Small, Medium, Big, N.A.
User Type Amateur, Professional
Task Type Simple, Complex, Game
Main Reward Enjoymentbased, @portunistic, Prestigeriented
] Enjoymentbased, Oppaunistic, Prestigeriented, None
Minor Reward
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Remuneration (Quantitative) Numeric Range, N.A.

Remuneration (Qualitative) Low, Medium, High

. Sharing of the result, Sharing of the goal, User ranking and voting syst
Incentive

Position inside community and user powealg, Money, Competition

Group Evaluation [Voting], Groufvaluation [Averaging], Group
Data Quality Mechanism Evaluation [Consensus], Reward AccuraCpmpetition, Surveillance,

None

3.3.2 Dimension Description

Categorization

Categorization is the first and most important dimension of descriptive
framework As the name suggests already provides a first taxonomy of the
crowdsourcingapplications assessed by our novel framework. Its importancenies
the fact that correctly categorizing caowdsourcingproject is a keystep before
moving to the othedimensioss. In the next section, when the result of the analysis
on the dataset will be presented, it veléarly emergethat the category to which a
member belongsignificantly influenceshe values of the other dimensions.

While taking into account these remarks the framework tries to pravides much

as possible reliable characterization of the dimension. To fulfill this requirement it
offerseightdifferent values to describeceowdsourcingapplication.

The framework doesn@®y to invent from scratch new categories but instead tries to
follow the prevalent ideas that come from the industry and the academia.
Nevertheless thdramework distinguishestself from previous works because it
brings a rigorous and systematic approexithedealingof the problem. The main
effort is aimed at preciously defining the values for the dimension.

The possible value®r the metricare: Collective Knowledge, Knowledge Sharing,
Knowledge Acquisition, Cloud Labor, Collective Creativityro@dfunding, Open

Innovation, Problem Solving.
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In the crowdsourcingprojects that fall in the Collective Knowledge category the
crowdsourcings usedio develop and aggregataowledge and information through
open Q&A, usegenerated knowledge systems, iabcnews systems, social
forecasting etc.(Crowdsourcing.org, 2031In other words in these applicatiahe
crowdsourcings used to acquire afat share information from and to tloeowd.

For instance, Wikipedia falls in this categorfor(a description of Wikipedia
internals and structure si&elbitsch & Maurer 2006)and Maloneet al. (2009).
Knowledge Sharing and Knowledge Acquisition are two possible specifications of
the Collective Knowledge category and they are bound to itmplsiwords we can
state that in Knowledge Sharing projects the knowledge coming froandivel goes
back to thecrowd. In KnowledgeAcquisition projects this doesn@appen and the
flux of information is onawvay, going from thecrowdto a different ageniikipedia

is an example of Knowledge Sharing, becausetbedcan access to the generated
knowledge. Get A Slogahinstead is an example of Knowledge Acquisition because
the crowdcanOt access to the knowledge generated by other contributors.

Cloud Laboris the leveraging of a distributed virtual labor pool, available on
demand to fulfill a range of tasks from simple to comp{&awdsourcings used to
connect labor demand and supplZrd@wdsourcing.org,2011)). For instance,
Amazon Mechanical Turk falls this category (Alonset al, 2008;Ipeirotis201(a,
20100 offer a comprehensivatroduction to Amazon Mechanical Tudesigr). At
support of Cloud Labor as a separated category we can recall @ Ussderson
(2009); indeed they clainthat Cloud Labor (OMechanized LaborO) completely
changes the dynamics ofowdsourcingand proposes to categorize it in a separate
cluster.

Problem Solving is a specialization of the Cloud Labor category and is dhocthd

to it. Problem Solving embrasthe crowdsourcingapplications in which the focus is
not on the information but on thexecutionof tasks. In this paradigm therowdis

12 Get A Slogan is a crowsourcedslogan development servidéttp://www.getaslogan.com]
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not called to share their knowledge but to help in solving problems of different kinds.
CrowdSpirit*is an exampleGhanal & CarorFasan 2009.

Collective Creativitycrowdsourcingapplications tap into a creative talent pools to
design and develop original art, media or cont€nbwdsourcings used to tap into
online communities of thousands of creatives to develop original products and
concepts, including photography, advertising, film, video production, graphic design,
apparel, consuer goods, et¢Crowdsourcing.org, 2031

Open Innovatia is a concept similar to Collective Creativity but it declines in a
different way.We define Open Innovation as the usage of thewdsourcing
paradigm to address sources outsaeentity or a group in order to generate,
develop and implement new ideg&chenk & Guittard, 2091 This refers mainly to
scientificresearch. An example is Inneftive (seeChapter Zor a description The
central idea of Open Innovation is that in a world of distributed knowledge,
companies should not only rely on their ovasearch and developmemnit also try

to use the resources coming from outside their bordémsegbruugh,2003))
According to this view Open Innovation falls inside newdsourcingparadigm and

for this reason the framework inserts it among the possatégories.

Crowdfunding is an approach tioe raisingof monetarycapital for new projects and
activities (including businesd)y soliciting contributions from a large number of
stakeholders followingseveral types of models: donations or sponsorshiprevhe
there is no expected financial return, lending or investment in exchange for equity,
profit or revenue sharing@fowdsourcing.org2011)). An @ample of this paradigm

is Kickstarter(seeChapter Zor description)

ItOs clear that the values may oyeifasome cases and that the borders between one
category and the other are not that shamitOs possible that an application falls into
more categories at the same time. For this reason the framework almves

multiple values for this dimension.

™ CrowdSpirit is acrowdsourcingcommunity built around designing eleatio products. Users submit ideas for
innovative electronic products that the community votes on. The best ideas rise to the top where investors provide

financing.[http://www.crowdspirit.com]
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Table 7can help while categorizing @owdsourcingapplication according to the

taxonomy proposed in odkescriptive frameworkt consists of a set of questioasd

exampledo be usedh assessg asystem.

Table 7: Questions fao correctly assessing the category of erowdsourcing system

] Examples
Category Questions ]
(see Appendix A)
Does the system provide a mechanism exploi
crowdsourcingto gather and aggregate informatic
glo & ggreq Wikipedia
and/orknowledge coming from the user communit
Collective Waze
Does the system use usgrnerated knowledg
Knowledge . Delicious
systens such as wikis or Q&A?
] Urtak
Does the system allowhe users to signal news
websites or other form of information?
Knowledge Does the system allow the users to access free Wikipedia
Sharing the knowledge base built througtowdsourcin@ Waze
Does the system collect the information coming fr :
y g Article One
Knowledge the crowd and pass it to other agents outside
o Partners
Acquisition crowd without sharing freely the knowledgbuilt by
. . Urtak
its community?
Does the system offer a mechanism to allow &)
y = Amazon MT
Cloud Labor demanding workime and job/tasks executiomo
o CrowdSpring
meet cowds supplying it?
Does the system offer a mechanism to create or Threadless
communities of creatives developing origir
Collective . . o BoobB
. products (art, design, movies, advertising, mu
Creativity Zooppa
etc.) allowing agents outside the community to
this creative pool? iStockphoto
Is the system used to globally collect and re .
Crowd- y g y N Kickstarter
_ financial fund from people interested in investing
funding . . Pledgemusic
donating their money for some goals?
Open Innovation Is the system used to explaitowdsourcingin order InnoCentive
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to collect idea®r advanced solutions globally? - Philoptima

¥ Is the system used to ask people to study scier

problens?

¥ Is the system used to bring innovation and r
developments in any researctield using idea

coming fromthe crowds?

¥ Is the system used to asle crowdshelp in order to] TopCoder

Problem Solving solve problems such as software testing, ¢

- UuTest
collecting or testing of models?

As concluding remarks Figure ghows the @tegorization ofthe elements in the
empirical dataset.
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Cloud Labor l Collective Knowiedge | Knowiledge Acquisition Qpen innovation '
Collective Creativity Crowdfunding Knowiedge Sharing Problem Solving

Categorization

Figure 4: Categorization of eements in the empirical dataset

*Due to elements belonmg to more than acategory, the count add up to more than 61
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Crowdsourcing Type

Following the path traced by SchenkGuittard (2011),his dimension distinguishes
between two different situatioms which the crowdsourcingparadign is used. In the

first case crowdsourcingis used to accumulate multiple and complementary
informationor data. We call this behavidntegraive crowdsourcing Examples of

this behavior areWikipedia, Delicious? or Waze. In theseapplications user
contributions are aggregateuform a coléctive database of information:ikipedia
keeps track of every change in its knowledggsed, Waze instead keepen
collecting geographical data coming from its isase.

In the second case only a subset of the information coming froerdielis taken

into account. We name thibehavior Selectivecrowdsourcing.This situation
happens frequently applications that fall in the category of Cloud Labor, Problem
Solving or Open Innovation, according to the previous taxonomy. In these
applications the focus is not on the information itself but orexeeution of dask or

the solution of a problemThe way the subset is selected can vary greatly as
consequence. Selectiverowdsourcing generally implies a winneaakesall
mechanism where only the finder of the OwinningO solution is rewarded and the
others are discarded. This is the case of InnoCefaivimstance. Counteexamples

to this behavior come froset A Slogan, where the OloosingO solstare not
discarded but kept in a virtual catalog &possible future usage.

Table 8 summarizes the discussion concerning the Task Type through a set of
operational definitions and can be used to assess this dimensiocrdéovdsourcing

implementation.

2 Delicious & a social bookmarking we service for storing andsharing web bookmarks.

[http://lwww.delicious.com]
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Table 8: The metric for the dimensionCrowdsourcing Type

Metric Value Definition

Crowdsourcings used to accumulataultiple
and complementary information or data.

Integrative
User contributions are aggregated to form a
collective database of information
Only a subset of the information coming from t
Selective crowdis kept. Usually this involves a set of

criteria to select thbest or most suitable data

Figure 5shows theCrowdsourcinglype of the elements in the empirical dataset.

Crowdsourcing
Type

O Integrative
M selective

Figure 5: Crowdsourcing Type of the elements in the empirical dataset
*Due to rounding, the percentages may not add ufp 100%

Required Knowledge

Being part of the community of @owdsourcingproject and actively collaborating

to it requires a certain amount of effort. In particular we can state tinser willing

to join acrowdhas todetainsome basic skills and kwledge.These skills can be for
example the ability to perform some tasks (like translating from a language to
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another) or to use some specific software and technoldigg.order of magnitude of

the required knowledge varies according to the specifidiegtpns and contest

The required knowledge represents the entry barriers that a user has to ovarcome
order totake partto a crowdsourcingproject. The entry barriers can vamthin a
single project. For example the entry barriers in Wikipediabmiguite low if we
consider a user willing to bring just little modifications to an article but become
considerable if instead heould liketo write a new article from scratch.

The Required Knowledge dimension models this property ofctbevdsourcing
paradigm. It can assume the following values: low, medium, high or any
combination of the previous. The reason whymiy assume multiple values is
expressed well by the Wikipediase multiple values define a rander the required
knowledge. Sdaf sometasks can be accomplished with low entry barriers and others
instead with high entry barriers, then the Required Knowledge dimension will
assumeboth the low value andhe high value. 1tOs importatitat while modeling a
crowdsourcingproject both the lowst and thehighest required knowledge find
expressionin this dimension This is the criterion wdollowed for our empirical
dataset.

For our purposes we need to specify what can be considered a low, a medium or a
high requirement of knowledge. Clearly tdefinition will be abstract and noba
stringent because the numlnércases varies a lot and itOs hard to bind this variability
to only three precise values for the dimension. We lookedratataset and we tried

to assess the lowest and the highesbwkadge requirements among all the
applications in the set. Starting from these two extremes we have been able to
empirically define what is anedium required knowledge. Considering the extension
of our dataset and itOs heterogeneity we can assume wittcqguiidence and by
induction, that our judgments on teealeof the Required Knowledgdimensionare

valid also for applications not included in the empirical dataddetating your
position on Waze or donating money on Kickg&tarhas low entry barriers
Proposing new clothes design on Threadiessmedium entry barriesr(seeChapter

2 for a description)Finally as we alreadgliscussegwriting an article for Wikipedia

presentdigh entry barriers.
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Table 9summaries the concepts exposed above and can be used as a fast reference
while assessing @owdsourcingsystem.

Table 9: The metric for the dimension Required Knowledge

Metric Value Examples
Write anarticle for Wikipediadesigna new
High advertising campaign, develop a new software
application
Medium Translateshort textstestsoftware
L Ratea movie or a bangyrovidetraffic jam
ow
information,donatemoney

Figure 6shows the Required Knowledge of the elements irthgiricaldataset.
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Figure 6: Required Knowledge of the elements in thempirical dataset

*Due to elements belonging to more than a category, the count add up to more than 61

Community Size (Quantitative and Qualitajive

It should be clear frm what we discussed @hapter 2hatthe crowd plays a vital

role in crowdsourcingapplications Thus itOsessentiafor the descriptive framework
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to providea metricsto describe therowd The Required Knowledge dimension can
help indetermining tle usetbase because itates which are the entry barsethat

the people in theerowd must be able to meet prior of joining the community.
Howeverthis characterization is not enough. Tdescriptive frameworlproposes
other measureat ths regard namelythe Community &e presented here and the
User Typepresented in the next sectiofhe Community Size expresses how big is
the usetbase ofa crowdsourcingapplication, both in a quantitatisda qualitative

way. To assess how many people belongs toctioevd we need to specify in a
rigorous way what we consider to be tbewd for our modeling purposes. In
Chapter 2we widely discused the terncrowd and wepointed outthe commonly
accepted definition. Here waovide more details.

The Quantitative Community Size is the average number of active contributors that
belong to the communitgngaging withthe crowdsourcingproject. This number
expresses the OsizeO of tmewd Thus the crowd is composed by active
contributors. An active contributor is a user whrovideshis resources by mean of

the crowdsourcing application. The resources can be information, worie,
problem solving abilities, money, etc. The users who passively benefit from the
knowledge generat by the usebase are not part of tregowd and should not be
countedwhile assessing the community sida. the same waythe agents who
exploit thecrowdsourcingparadigm with the intent of gaining resources should not
be counted as welhs an examie consider the usual Wikipediah& majority ofthe

users of its website are just passive readers and they donOt contribute in any way to
the knowledge bas@gHolmes, 200§ thereforethey are not part of therowdin this

case. Only the small part of users who are also writers or editors is counted.
Furthermore consider Amazon Mechanical Taska case of Cloud Labdidere we

have a set of agents who propose tasks tadmemplishedby the crowd These
agentsleverage thecrowdsourcingplatform but they are not part of therowd
according to the definition we gave befohe.the majority ofcases assessing the
exact dimension of therowd and comingout with a number can be really
troublesomegspecially when the aomunity s not static but variewith the time.

For this reason itOs sufficient to assess an OaverageO number biefmrapiey to



Modelingcrowdsourcing applications 49

the usetbase In AppendixA itOs possible teeethat we used this approach for

almost all the elements in our empiricakaket.

The size of thecrowd is a fundamental measure in theowdsourcingparadigm.
Surowiecki (2004) argues that besides the requirements of OopennessO, OpeeringO,
OsharingO and Oheteroge@ef{sechapter 3, the size of therowdis a key factor

for the emerging of theollective intelligenceSmall group of people fails in making
intelligence decisions or performing complex tasks, where big gronlfaborating

with the right instrumentscan succeedLorenzet al. (2011) arge that decreasing
heteogeneity in social group can undermine thisdom of the crowdsffect and
weaken the accuracy of the crowdurced data. Therefore under the hypothesis of
openness to online contribut®nthe community size matters when it comes to
heterogeneityThe W in particular, is an ideal technology for aggregating millions
of disparate, independent ideas without the dangers of Otoo much communication®
and compromise, in this way avoiding heterogendityaddition, we argue that the
size of the usebase is a alue for technical reasons: the technologies empowering
the crowdsourcingparadigm require a consistent mass of users to be effective. We
refer in particular to the mechanisms to validate the quality of the esowded
information. Eventually different ombers of contributors influencealifferent
crowdsourcingparadigms where it comes to data quality medmnincentives and
rewards. Theseremarks will be discused while presenting theprescriptive
frameworkbecause they are part of our general conclusions on the modeling of
crowdsourcingsystemsAt the moment they support our thesis on the importance of
the Community Size dimensiorSurowiecki (2004) claims that there iscatical
massof users. Without theritical mass the system will not meet the expectatadns
quality of the outcomesAlbors et al. (2008 expressthe same concept while
analyzingthe sustainability of online communities. FinaBparratt & Usoro (2003)
enlargethis vision andpoint out that a critical mass of users can attract new users in
thecommunity;otherwise there is the risk of loosing them. Thhe community size

itself isan incentive to join the community.
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The Qualitative Community Size dimension derives from the Quantitative
Community Size. We introduced it mainly for allowing the clustering of different
elements in oudataset in this way aidinfyrther analysis. Moreover we were not
able to collect exact size information for some elements in the set, but anyway we
were able to estimate it in a qualitative way using vargmsgces on the @b (see
Appendix A for details). Thusa qualitative measa for the size was welcome.
Qualitatively the community size can assume¢hvalues: small, mediuand big

As usually to define the correct meaning of these values we started from the
information wehadfrom our dataset. In particular we proceed in tingy.

1. We created a set containing the quantitative community sizes of the elements
in the empirical dataset

2. As we stated we couldnOt retrieve this information for all the elements. We
retrieved 36 cases corresponding t®9% of the elements in the empiaic
dataset

3. We removed from theamplethe lowest and highest values

4. We computed thenedian valuef the remainingcases namelyM = 566000
" 500000users

5. We tookas medium size the range [M/21¥2], extremes includedas small
size the range (0 ; M/2nd as big size the range (M*%)

Figure 7and8 showthe size distribution of thelements in the empirical dat.
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Figure 7: Qualitative Community Size of the elements in the empirical dataset

* N.A. stands for not available
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Figure 8: Quantitative Community Size of the elements in the empirical dataset

*some elements are highlighted, logarithmic scale

User Type

Our descriptive frameworHistinguishes between two types of users belonginieto
crowd: amateur users and professional usémsour context, an amateur user is

someone who belongs to the community afrewdsourcingproject andperforms
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the tasks without specific professional training or educatkrthe opposite side a
professionaluser can apply a prior knowledge coming from professiedatation

or schoolingwhile contributing toa crowdsourcingcommunity 1tOs important to
stress that the definition doesnOt commit aty financial incentives that
crowdsourcingsystens may offer.

Many authors studied the composition of trewdsaccording to this taxonomy.
Howe (2008) coined the terncrowdsourcing and he actively tethered the image of
amateur or hobbyist to therowdsourcingparadigm. LikewiseSchenk & Guittard
(2011) point out that although professionals are not excluded a priori from
crowdsourcing by nature they are more likely to function in classic outsourcing
process. Thuysthey argue thatthe crowd is mostly composed by amateur
participantsOn the other endBrabhamquestionghis visionand bngs a survey he
made on iStockpota™in which results that the 58% of the surveyed contributors
had at least a year of formal schooling in art, design and photogrBpdlyhem,
2008k 2009.

We claim that the nature of the usgpe (amateur or professional) is deeply tied to
the nature of therowdsourcingapplication ando the natureof the task that has to
be crowdsourced Amateurs and professionals can concur in composingrtved.
Therefore we stand asidem bothHowe® vision of acrowdmainly composed of
amateur anthe BrabhamOs one of a predominant share of professional contributors.
The User Type dimension reflexes this position. Indeed it is not tied to assume just
one value. We believe that thep@nnesd property ofcrowdsourcingprojecs
(especially the ones in our dataset as we stagéate) allows almost in all the cases
the amateur contributors emgage in the projectds we discussed iG@hapter 2this

is part of the nature afrowdsourcingHowever somecrowdsourcingapplications
present such high entry barriers (see Required Knowledge) and complextties in
tasks that they are practically accessihlet to professionalsAn example is

13istockphoto is an online, royalty free, international mistock photography provider operating with the

micropayment business modgittp:///www.istockphoto.com]
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InnoCentive where therowdis mainly composed bihds orProfessors (Lakhart

al. 2006).
Table 10summarizes the discussion concerning the User Type through a set of
operational definitions and can be used to assess this dimensioordéovdsourcing

implementation.

Table 10: The metric for the dimension User Type

Metric Value Definition

Amateur user performs the tasks without specific

Amateur ) o )
professional training or education
Professional user can apply a prior knowledge com
Professional from professional education schooling while

performing the tasks

Figure 9showsthe User Type distribution of tredements in the empirical datt.
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Figure 9: User Type of the elements in the empirical dataset
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Task Type

Schenk & Guittard (2011yy to answethe question OWhat can be cresudirced?0
proposinga threecategoriestaxonomy of the type of taskthan can be crowd
sourced: simple, complex and creative ta3ke examples we discussedGhapter

2 should have already revealed that tla¢ure of the tasks varies tolage extent.
Crowdsourcingmay be used for simple tasks such as data collection and translation
of texts, or insteaadrowdsourcingcan be implemented to achieve complex tasks
(e.g. problem solving Smple tasks are ratheopr from a cognitive point of view
andtheir completion requires a relatively lowolvement from the individuals. At

the other end¢omplex tasks involvelsnowledge intensive activities and may require
advanced skillsuch asoftware developing or filmnkang.

In our descriptive frameworkve recall the same taxonomy proposed by Schenk &
Guittard (2011) but we discard the notion of creative task and insteadp@sprthe
notion of game task. According to Schenk and Guittard, creative tasks imply the
creaton of original creative contents involving arts and design produchioour
opinioncreative tasks canfotm a category byhemselvedecause any creative task

is always eithesimple or complex. Thusthe category is completemlerlappedoy

the other two and doesnOt present any characteristic of originality. Gasneetask

not taken into account byheé work of Schenk and Guittard. Howevedhile
surveying thecrowdsourcingapplications on the marketie found several examples

of systems thatap gaming to collect the&isdom of the crowd§aming is a type of

task hat falls apart from the other tvamd presesttraits of uniqueness thgpurred

us to consider it separatelndeed a popular approach to motivating volunteers is to
create a gamthat requires the player to perform some computation in order to get
points or succeed. The idea is that since people play games online, it may be possible
to divert that energy for some particular purpose. Quinn & Bederson (2009) use the
term OGames wita PurposeO whitiscussinghis concept.

A crowdsourcingmplementation can also involve complex and simple taskbke
same time For this reason th&ask Type dimension isnOt tied to assumsingle
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value; instead it caalsoassume thesimple andthe complexvaluestogether For

what we said before game task falls apadit canOt be mixed

Table 11summarizes the discussion concerning the Task Type through a set of
operational definitions and can be used to assess this dimensiocréovasoucing

implementation.

Table 11: The metric for the dimension Task Type

Metric Value Definition

Simple tasks are rather poor from a cognitive point
) view and their completion requires a relatively low
Simple ) o )

involvement from théndividuals. They require few

steps and short amount of time to be accomplishe

Complex tasks involve knowledge intensive activitie
Complex and may require many steps and/or a medium/lon

amount of time to be completed

Game The task consists in playir@mputer games

Figure 10shows the Task Type distribution of the elements in our empirical dataset
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Figure 10: Task Type of the elements in the empirical dataset
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RewardgMain and Minor)

Describing thecrowdsourcingphenomenon requiresn insightof the reasons that
move the users in therowdto takepart tocollaborative projest Assessing these
reasons is a fundamental process in order to efflgiemplement acrowdsourcing
systemcapable of exploiting themroperly. We already discussed @hapter 2and

in the previous sections thtte quantity of data collected from tlmowdsgreatly
influences the quality of the outcomes produced dogwdsourcing Roughly
speaking a greater amount of gathered informatiorresponds to an overall better
quality of the data comingut from the crowdsourcing(Surowieckj 2004. Thus,
stimulating user participation and contribution is vital.

The motivations that push peogle join communities have been deeply studied in
many fields d research much time beforéne digital and Internetrevolution.
Questions about human motivation have been central in philosophy, literature,
economics, and psychology for centuries. It is impossible to do justice of this here.
For our aim is sfficient to identify which are the central drivers and use them to
shape a metric for outescriptive frameworkNVe name the motivatiomswardsand

we propose two dimensions for describing them: Nfaen Reward andhe Minor
Reward.These dimensionsngeoverthe same setnd are forced to assume just one
value. The rationalbehindthe choice of splitting the rewards descrgotiinto two
dimensions lies in the fact that it allows usbetteranalyze how the rewards affect
each other and how theyeatinked. In particular theMlain Reward dimension
expresses which is the most important driver of user participation while Minor
Reward describes the secondasgson.Minor Reward may also assumeCamoneO
value if thecrowdsourcingsystem exploits only anreward mechanism.

The wgs in which individualsare gratified by being part of online mmunities,

such as the onepoweing crowds, partly differ from individualsCreasons for
participating in offline communities such as firms work places Historically,
studies of the incentives for increasing the performance of employees working in big
organization have focused on extrinsiotivations. Theraditional rule was Orun a

firm as if it were a set of marketsO, meaning rewarding employeesliagcior their
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marginal productivity and relying on extrinsic rather than intrinsic motivation
(Prendergast, 1999The economists have contributed the most to our understanding
of how extrinsic mavations drive human behaviofhe classical human behawio
economic modefor examplejs based on incentives applied from outside the person
and following the principle that(people change their actions because they are
induced to do so by an external intervenfgRrey, 1997. Economic theory thus
takes extmsic motivation to b rdevant for behaviorand he money has been
traditionally considered thenain extrinsic motivation l(akhani & Wolf, 2003.
However traditional models based only on extrinsic drivers donOt suffice in
describing the reasons why people contributentodern online communities
(Brabham,2009) Facing this problem, more recent studies have focused on the
practice of opersource. Inthis production, users essentially work foee to create
software (Coar2006), which in itself undermines the power of simple extrinsic
motivators such as money. Several researches on motwanompensource
paticipation (Bonaccorsi & Ross2004) mint out that the primary motivator has to

be related to the pleasure of doing hobbies. As Torvalds states, Omost of the good
programmers do programming not because they expect to get paid or get adulation
by the public, but becauseidt fun to programQGhosh,1998. Although similar in

some aspectpensource production is not the same aswdsourcing Indeed
crowdsourcing participation relies both on extrinsiand intrinsic motivations.
Intrinsic motivation is defined as the doing of an activityifeinherent satisfactions
rather than for some separable consequence and because of external prods, pressures,
or drivers (Lakhani & Wolf, 2003. Calder & Staw (1975) states that an intrinsic
motivation Ois valued for its own sake and appears to be wstHiredOA
crowdsourcingapplication relies more on extrinsic or intrinsmotivation according

to its structure,goals and implementation. Cloudabor crowdsourcingusually
propose a mechanism ofrewarding completely basedn direct monetary
compensatiorso exploiting a model based mainly on extrinsic drivers. Insi@ad
Knowledge Sharing communitsuch as Wikipedia denOt rely at all on moneg t
stimulate user contributiomNov (2007 conducted a survey tliie reasons that drive

Wikipedians and it results that the manare in order of importance Fun
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(OWriting/editing in Wikipedia is funO), Values (Ol feel it is important to help
othersO), Understanding (Writing/editing in Wikipedia allows me to gain a new
perspective on thingsO), Enhanceni@Wwriting/editing in Wikipedia makes me feel
neededQ), Career (Ol can make new contacts that might help my business or careerO)
and ldeology (Ol think infmation should be freeQ). It appetat besidesnerely
intrinsic reasol connected to altruism arehjoyment (Values, Fun and ldeoldgy
there are alsenotivatiors not directly connected to motagy compensation but still
ascribabled it (Career)andrelatedto the user acknowledgement in the community
(Enhancement)In particular the role of careemdvancements as motivator for
contributing to knowledge sharing communities has been studied also by Sharratt &
Usoro (2003). Brabham 2009 asked to the Threagscrowdsourcingcommunity
Owhy do you participate on the site?0 and collected the answers from a sample of
participants. It redted that the user were drivenainly by the desire of Omaking
moneyO, @iproving their creative skillsO @getting freelance opportunities@ by

Othe love of the community itselfO. Although the author admits that the sample is too
small to allow general conclusions concerning ¢hewdsourcingphenomenon, it
anyway supports a model of concurring intrinsic and extrinsic motivations.

We propse aslightly different taxonomy ofthe motivations that drive user
participation Our proposais not groundedon the traditional split between extrinsic

or intrinsic motivatiors but instead on a taxonomy roposed by three main
categories. These three egbries encompass all the reasons reviewed before
offering at the same tima more clear illustration of the drivers. Our approach
derives fromMalone, Laubacher & Dellarocas (2009 hey argue that the main
factors that spur user participatioan be clasfied essentily in money, love and
recognition @loryQ. We enlarge this visioand propose a classification in which
the reasons can be opportunistic, enjoynErsed or prestigeriented. The
opportunist category covers thextrinsic motivatiors such as money but also
intrinsic onessuch as career development. The enjoyrbased category cower
intrinsic motivations connected to altruism, fumlunteerism curiosity, etc. Finally

the prestigeoriented category follows the glopategorydefinition of Maloneet al.
(2009)
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Table12 offers a complete vision of our taxonomy and can assist while ass#gsing

rewardsa crowdsourcingsystem.

Table 12 The Reward dimension (Main or Minor) metric in the descriptive framework

Main or Minor Reward Description and declination

Not Monetary:

1. Receving a fair share of the result
2. Career related

3. Skills improvement

Opportunistic Monetary

1. Direct direct monetary compensatiol
micropayments

2. Indirect: improve future earning
(through skills  and reputation

improvements)

Desire todo something different from your work
Desire to express yourself

Curiosity anddesire to test if it works

Values and Ideology

Enjoyment-based
1. Volunteerism anddesire to support ¢

cause of the project

2. Redprocity, exchange and mutual help

Desire to communicate and to establish netwc

with other people

Fun

Desire to influence other people
Prestige-oriented

Increasing online reputation and recognition

Desire of power and control

Figure 11 and 13how theMain and Minor Reward distribution of the elements in

our empirical dataset.
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Figure 11: Main Reward of the elements in the empirical dataset
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Figure 12: Minor Reward of the elements in the empirical dataset

Remungation (Quantitative and Qualitative

We discussed in the previous section that one of tigvations that moves people
to join a community (Rewaddis money and tis is particularly true for the
crowdsourcing ascribable to Cloud Labor. The Quantitativeenfuineration
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dimension describes the amount of money tharavdsourcingimplementation
offers to its contributors. According to a survey we conducted over the elements in
our empirical dataset the remuneratioan variesgreatly amongthe various
crowdsourcing services. It starts with the micropayments offered by Amazon
MechanicalTurk and ends with the big prizes proposed by InnoCentthazeover
Threadess uses a mechanism in which the user shares a frattibe revenues
collected by the service thanks to its creative works. Even among the same platform
the direct monetary compensations d@ different according to each taslor this
reason the Quantitative Remuneration dimension is modeled as a ratige in
descriptive framewotk=or our empirical dataset we used the dollar as monetary unit
but obviously the framework isnOt commit to any particular unit. As we already saw
for the Quantitative and Qualitative Community Size dimensions, we usually tether a
qualitative dimension ta quantitative dimension. Remuneration tsa exception

to this norm. Thusthe Qualitative Remuneration derives from the Quantitative one.
Qualitatively the remuneration can assume three values: low, medium and high. To
define he correct meaning of these values we started from the information we had
from our dataset angrecededvith the same technique discussedthe community
size.lt resulted a range between (0 ; 100] for low remunerations (micropayment), a
range between (D ; 1000] for medium remunerations and finally a range between
(1000 ; #) for high remunerationsObviously as far as the remuneration of a
crowdsourcingservice can range to a large extent, the qualitative remuneration

dimension can assume multiple vaue

Figure 13shows the Qualitative Remuneration of the elements in our empirical
dataset.
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Figure 13: Qualitative Remuneration of the elements in the empirical dataset

* N.A. stands for not available

Incentive

While discussinghe eward dimensions we listed the motivations that move people
to join a crowdsourcingcommunity. It appears obvious that erowdsourcing
implementation should properly leverathgs set of motivationgn order to push as
many people as possibk® join its community and remaining over time. The
Incentive dimension provides a description of the mechanisms tnatvasourcing
platform can usen order to effectively leverage the rewards discussed in the
previous section. Thusve could say that while theeward dimensions describe an
implementation from the point of view of the udesethe Incentive dimension uses
instead the viewpoint of the developers.

The metric for the reward dimensions derives from an analysis of the academic
literature. Thanks tthis analysis we have been able to identify three main categories
to which ascribe the motivators. Unfortunately we were not able to feHeveame
path &so for the Incentive dimensiobecause it hasnOt been deeply covered by a
relevant number of resednes yet. Thus, we proceeded in a more experimental way



Modelingcrowdsourcing applications 63

starting from the elements in thempirical dataset as diféw times beforeand
developinga set of cases depicting the metric for the dimension.

A first consideration is that every incentive is ceated and exploits a subset of the
reward mechanismd he following table provides a summary of our conclusions.
After listing the set of incentives we will provide a description of each of them with
some references to the literature wip@ssible Tablel3 can also be used as a set of
operationabescriptionavhile assessing @owdsourcingapplication.

Table 13: Metric for the Incentive dimension

) Reward o Examples
Incentive Description )
category (cf. Appendix A)
=  Amazon MT
Offering money to the users
o ) ) =  TopCoder
Money Opportunistic in exchange of their

contributions

Foursquare (indirect

through badges)

User ranking and

voting system

Enjoyment-
based, Prestige
Oriented

Implementing useranking
systems according tbé

level of their contributions

Implementing voting
mechanisms allowing the
users to express on others(

contributions

Threadless
Get A Slogan

Yahoo! Answers

Competition and

Gaming

Enjoyment-based

Introducing competition
among the users for
exampleby usinggaming,

contests or races

Threadless

gwap

Cerberus game

Position inside the
community and

user power scaling

Prestige-oriented

Implementing hierarchies o
users with different powers

and status in the community

Wikipedia
Waze

OperttreeMap

Sharing of the

results

Enjoyment-based

Allowing the users to acces
and enjoythe others®

contributions

Wikipedia
Waze

Yahoo! Answers
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_ » Making the users aware of *  Wikipedia
Sharing of the )
Enjoyment-based the goals of the =  Phylo
goals )
crowdsourcing = Fold.it

Money is thefirst incentivethatwe propose. [tGsraightforwardhat it is linked with

the reward mechanism of direct monetary compensationcréwdsourcing
application that leverage dmancial compensation for moving the peoyite take

part to its community shodlrelies on money as incentive. This is particularly true
for Cloud Labor implementations. The financial incentives have been covered by
Shawet al. (2011), Mason & Watts (2010) and Chandler & Kapelner (2010). All of
them agree that the money is the best incentive for leveraging the opportunistic
expectations of therowdand should be considered as the best incentive of extrinsic
motivations. But Mason & Watts (2010) and Chandler & Kapelner (2010) point out
that money aloa is not a sufficient incentive for erowdsourcingsystem. They
conducted two experimental researches focusing on the wookdfee Amazon
Mechanical Turk community and found out that itOs possible to consistently boost the
user participation by providgiother incentives alongside the money. In particular
they discovered that explaininget reasons and the goals of the taskthe users,
greatly increaseshe level oftheir contributions. In other words, they linkedh
incentive foropportunistic rewarsl to incentives for enjoymettased rewardsiNe
model these discoveries the Incentive dmension metric with the valuesharing

the results and Sharing the goals. The later directly expresses the concept discussed
above, namely to incentive the users rogking them sharing the goals of our
initiatives. Sharing the results instead is sliglatljifferent case. In this situation the
incentive leverage the fact that aser actively participating to therowdsourcing
community willbe able teenjoy the resulof its and othersO contributiokgikipedia

itOs an example ofowdsourcingthat relies more on this incentive. The users are
stimulatedto write and editing articles because the platform allows them to enjoy the
results of the work of the others. Wikgha also exploitshe Sharing the goals

incentivebecause it makes the contributors aware of the importance of their work.
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User ranking and voting systems axther incentive to stimulate user contributions

and they usually come together thus we groupethtin one value of the dimension.
They leverageboth the prestigeorientedand enjoymenbasedrewards mechanisms
Indeed user ranking can propel the recognition of the best parteiéhin the
crowdwhile voting systems can aid the emerging of the top users and contributions
as well. Moreover these incentives can increase the OfunO in the participation
exploiting the enjoyment side.

The Competitiorand Gamingncentive is similar to the previous User rangkand
voting systems but more general. Sacn@wvdsourcingsystems can propose contests
and races among therowdsin which the paradigm is winngéakesall. Or as we
already saw some can exploit competition through ganiihgse systems may not
useany user ranking or voting systms (for example in caske winneris selected

by a single agentutside thecrowd and so completely lack a public recognition
mechanism of the users. Thus, they donOt rely on prestgeéed rewards but
instead the competitn boosts thenjoymemntbased rewards, especially by increasing
the fun side of the participation.

Finally the last incentive we propose is Position inside community and user power
scaling. This incentive exploits the prestiggented reward mechanismsiviag
increasing powers to the users according to the quantity and the quality of their
contributions stimulate their participation by leveraging all the three declinations of
the prestigeoriented rewardsdesire to influence other people, increasing ranli
reputation and recognition and desire of power and corfieéng & Vassileva
(2005%) point out that introducing hierarchies of users inside a community increases

the participation and the quantity and quality of contributions.

Figure 14shows the Inaative distribution of the elements in our empirical dataset.
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Figure 14: Incentives of the elements in the empirical dataset

*Due to elements belonging to more than a categorthe count add up to more than 6

Data QualityMechanism

Crowdsourcingrelies onindividualsto accomplish its tasks antet quality ofits
resultsis greatly affected by the behaviors ahe resources provided by the user
base. Thus, itOs vital to provide a set of mechanisms to ensure ansoMériaiht
quality of theinput and outputdata, in this waymeeting the goals set for the
crowdsourcingsystem.The basic concept behirmowdsourcings that gathering a
large amount of information from therowd the result will be better than if just
relying on small group people (thisegtensivelycovered inChapter 2 This is true
even for Cloud Laborystems:the logic in this case is thaxploiting the skills and
the resources (OinformationO to a greaergxtof many peoplét is possible to
accomplisha task in a cheaper and better waye problem is how to correct
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aggregatall the data coming from therowdand put it togethethrough a reliable
system

The basic mechanisns averaging(Buecheleret d., 2011; Suowiecki, 2003.
According to thigparadigmall the information coming from therowdare weighted

and mixed togethetlo produce an outputccording to somérmula The averaging
formula can vey by far. It may be a simple arithmetic mean of all the data rather
than amuchmore complicateclgorithm that considerseveralfactors such afor
instance, the time of contributions. Averaging is alreaolgto offera mechanism to
ensure the qualitpf the crowdsourced data. The reasoglies on a mathematical
truism: f you ask a large enough group of diverse, independent people to accomplish
a task (whatever it is) and then average the results, the errors each of them makes in
coming up with an awer or a solution, cancel themselves out (Surowiecki, 2004).

In somecrowdsourcingimplementation itOs not possible wanted to average the
informationproducedby thecrowd.Instead a mechanism to bring out the best data
produced by the community woulie a much better way to address the problem. A
possible solution to this situation would be designing a system allowing thbasser
itself to select and elicit the best data (or solutid@®)eng & Vassileva, 20@h.

This scenario can be implemented tigb voting and rating systems thatthe best
scoringdata would automatically emergBuecheleret al, 201). This scenario can

be described as @ouble crowdsourcing systepecauserowdsourcings used both

to produce the data and to select the bestamong it.Some authors prefer to name

it peervetted productiongrabham, 201D

Another data quality mechanismasnsensuse@Buecheleret al, 201]). According

to this acontribution to the knowledge base is subject to a continuous review by the
community and the quality is ensured by the collectaved steadyprocess of
reviewing and correctingAn example of this paradigm is offered by Wikipedia
articles that can be edited by any user. ItOs important to underline that this paradigm
can be implemeet only bycrowdsourcingapplications that donOt need to produce
final static information but instead can rely on a dynamically changing knowledge
base. Collective geographical information systems such as &a€hapter Zor a
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description) or OpenStre@ap'® can benefit the most from this mechanism.
Moreover this mechanism allows the data to be kept updated by tHeasseitself.

Cloud Labor and Problem Solvingrowdsourcingsystems often use a different
approach to data quality. Usually in tleavironmentonly one solution among the
many proposed by therowd is selected (cf. Selectiverowdsourcing and the
selection is made by a group of agents that is outsiderdialsourcingcommunity.

In these cases the quality is ensured by the fact that #rsagill select only the
solutions matching their criteria atitereforeobviously satisfying their expectations.

In our modeling framework we name this paradigm for data quastiReward
Accuracy. The name derives from the fact that in the majorityasés a winner
takesall mechanism follows the selection processthatonly the winning solution

is rewaredd To foster even more the quality itOs possible to use a broader Reward
Accuracy system in which the winning solution is dynamically rewaededrding

to its performance and/or qualitglfawet al, 2011).

Shawet al. (2011) arguethat surveillance is another widely used mechanism to
foster better quality in data coming from online communities. Surveillance can be
implemented through automatalgorithms that check the informatiqi®inha &
Swearingen, 2001)For example natural language processing algorithms are often
used incrowdsourcingranslation systems to detect unwanted words or expressions
(Kolbitsch & Maurer, 2006)Othercrowdsourcingapplications can rely instead on
manual surveillance. In this case a restrict group of people check that the crowd
sourced datacomplies with the system rules and guidelines. If the group of
supervisors is selected among thhewd, manual surveillance cdrme combined with
incentives such as position inside the community and user power scaling and a
prestigeoriented reward mechanisf@heng& Vassileva, 2008).

The last data quai mechanism we propose for this dimension is competition, i.e.
the competitio among the usersO productiofikis paradigm by itself is not tied to
any specific implementations but instead is a broalletractconcept.Howeverwe

think that competition by itseis a mechanisncapable of increasing the quality of

14 OpenStreetMafs a collaborativeroject to create a free editable map of the wdwekw.openstreetmap.org]
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the data produced bgrowdsourcingthus it should be listed among the possible
values for metric of this dimension.

Finally we must observe that data quality mechasiane important also to avoid
maliciousbehaviorsby the usersFor example ircrowdsourcingapplications based

on thegamingparadigmthis can be a serious problem especially if they affer

some form of monetary compensation. In these situations a set of mechanism to
avoid cheating is unavoidahfeon Ahn & Dabbish, 2004)

Table 14summaries the concepts presented above together with examples taken
from the empirical dataset.

Table 14: Metric for the Data Quality Mechanism dimension

Data quality o
) Description Examples
mechanism
The usetase itself selects and elicits the best data { , 11, cadiess
Group Evaluation [Voting] solutions) produced by mean@abwdsourcingThis Delici
. elicious
or Peer-vetted production scenario can be implemented through voting and rat
systems * Digg
* Foldit

) According to this paradigm all the information comin
Group Evaluation ) )
) from thecrowdare weighted and mixed together to| = Gwap
[Averaging] ]
produce an output according to some formula = Phylo

According to this paradigmsersO contributions are| Wikipedia
Group Evaluation subject to a continuous review by the community an W
. aze
[Consensus] the quality is ensured by the collective and steady

. . . L}
process of reviewing and correcting Foursquare

In this scenario only one solution among thaenm

proposed by therowdis selected and rewarded. To " InnoCentive

foster even more the quality itOs possible to use { * Threadlss
Reward Accuracy ) _ o
broader Reward Accuracy system in which the winni| =  Amazon MT

solution is dynamically rewarded according to its | Crowdspring

performance and/or quality

Introducing competition among the contributors | * GetA Slogan

Competition independently from its implementation, can provide| = Cerberus game
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rough mechanism for ensuring data quality = |nnoCentive

Surveillance can be implemented through automati
algorithms that check the information or by selecting * Amazon MT

group of agents for this purpose. In the later case{ = Clickworker

Surveillance .
restrict group of people check that the cresedirced | . cerperus game
data complies witthe system rules and igielines
None No data quality mechanism is applied

Figure 15shows the Data Quality Mechanism distribution of the elements in our
empirical dataset.
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Figure 15: Data Quality Mechanism of the elements in the empirical dataset

*Due to elements belonging to more than a category, the count add up to more than 61
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3.4 Prescriptive Framework and empirical dataset

analysis

3.4.1 Introduction

In the previous section we outlinedir noveldescriptive frameworkn a detailed
way. As we already statethe main goal of thdescriptive frameworls to piovide a
coherent and systematic way to modelwdsourcingapplications.Crowdsourcing
especially when combined with IT technolegjis an innovative domain and we
found out a substantial lack of a correct and exhaustive method to analyze and
characterized all its possible facets. We think thatdseriptive frameworkulfill s

this lack.In this section we willapply thedescriptive frameworko a large set of
crowdsourcingsystems, the ones in our empirical dataset, and we vaW cdlome
conclusions and analyse§herefore this section will form theprescriptive
frameworkas we outlined in thmtroductionto this chapte

The prescriptive frameworks a comprehensivexample of usage of oulescriptive
framework.In this way it also assumes the form of a tem$efor our modeling
techniques However the prescriptive frameworks not just a test case but also a
fundametal part of our research effort in the field @owdsourcingindeed in this
section we will perform an analysis of tkeowdsourcingphenomenon and try to
offer a complete insight of thdomain shaping it intoconsiderations over the
elements in thelataset. The research is limited to dements in the dataset but as,
we already statedve tried to choosanas much as possible representasigsof all

the various facets thatrowdsourcingcan assume. Moreovewe think that the
prescriptive framewrk can also assume the form of guideliréding in the design
phase ofnew crowdsourcingapplications. V@ will analyze the links between the
dimensions in thedescriptive frameworKooking to how the values ofeach
dimensionare mappedn the values ofhte other dimensions, using the dataset as
source of information. In this way we will provide a characterization of the most

common practiceimplemented by real and successftdwdsourcingsystems on the
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market. This set of informationould bea preciousaid for setting up a coherent
methodology when developing new applications exploitngwdsourcingand in
particular,for developing the experimental part of our research (see next chapter)
While presenting thedescriptive frameworkve already partly @plied it to the
elements in the empirical dataskt.fact each dimensiomlescription was followed
by thedataset distribution chagccordingto the dimension itseliWe donOt repeat
this passage here. Insteadwnwe move our focus on the connections between
dimensions.Thus, we identified a set of relationshi@sid the dimensions and we
analyzed it by presenting charts followed by our considerations. These relationships
can be either binary, tBunvolving just two @nensions or ternarythusinvolving
three dimensionat the saméme. The following paragraphs will cover this topic.
The prescriptive frameworks not just an end in itself, but a stagipoint for the
next step of ouresearchmethodology Indeed tle modelingtools (the frameworks)
were meant as thefoundations from which studying experimentally another
importantfactor. the user satisfactio®ur final aim was establishing which are the
best practices tamplementa crowdsourcingmethodology to podate and keep
updated the knowledge domain o$entiment aalysis enginemaximizing the user
satisfaction variablgsee htroduction for more details)Thanks to the analysis
performed whiledevelopingthe prescriptive frameworkwe have been able to
identify and desigrthe four main differentcrowdsourcingscenarios involving the
sentiment aalysis engine. These four scenangere then experimentally tested and
the results form the core of our effortdie next chapter will dis@s these results in

details.

3.4.2 Relationships among dimensions

While analyzing the connections among the ten dimensions indékeriptive
framework we decided to split the set of dlie dimensions in two subsets. We
named them: fixed dimensions set aadable dimensions set
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The values of the dimensions in the fixede@inotvary just according to the wishes

of the crowdsourcingsystem designers but are deeply linked to external factors. For
example Task Type and Required Knowledge are connected to the type of job that
the users in the community will have to perforfiime type of job is chosen before
building the community. Actuallywe can say that therowdsourcingcommunity is

built for performinga specific job(or set of jobsand around thigthese)job (jobs).

The designers can propose different mechanisms or interfaces to aid the users while
performing these tasks but they canOt chahgie intrinsic nature andall the
consequences that brings in term of required knowledge and complexity
Moreover consider Community Sizes another example: the developers of a
crowdsourcingapplication canOt actually control this dimension. They might work
on the factors that at the end affect the size of communitytheytsimply canOt
decide which size their community will have to assume (actualyould be better

to say that they canOt force a community to grow to any desireolusitey can

limit the growto a particular &lue). Thus, Community Size iserelya descriptive
dimension of thedescriptive frameworknd is value isconstrainecby reality and

not by the designersO choicategorization, User Type and Crowdsourcing Type
are part of te fixed dimensions set as wbkcause thegre connected to the toae

of the crowdsourcel task itselfas seen previously for Task Type and Required
Knowledge For instance, consider the case in whighwant to build a community

to performonline translationsve will use a Cloud Labor systeamdas consequence
the Caggorization dimension will have to reflex this choice.

On the other handReward (Main and Minor), Inceme and Data Quality
Mechanismform the variable dimensions set. Remuneration is part of the variable
dimensiors set as well but it is a different cadecause it is linkegust to the
monetary reward and thuge will not perform any analysis on this dimensidbhese
dimensions are different from the ones in the fisetl because the designers while
implementing acrowdsourcingapplication,can choosemong differentvalues for

this group of dimensions and these choices leadeteeral differentways of
exploiting the crowdsourcingto accomplisha collection of tasks The range of

options from which the developers can pick the valsestconstrainequst bythe
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dimensionmetrics. Indeed even for the variable dimensions,dée external facter

can limit the range opossible options. Anywaya certain amount of freedom is
always given to the developerand the choice othe correctvalues for these
dimensions is vital to ensure the success @badsourcingapplication. We can see
them ascritical success factor¢CSF) necessary fola crowdsourcingproject to
achieve its mission (Rockart, 197®reviously we stated that Community Size
cannotbe setby the developers banywayit is affected by the desigrséichoices.

As proof of this we can see thile variable dimensions deeply affect how much a
crowdsourcingproject will boost user participatioand involvement: arrectly
rewarding and incemizing users increase the chances that they will engage with the
community and leveraging on an effectivdata quality mechanism ensure a high
quality output from thecrowdsourcing.These exampleshould clarify why we
considerthe variable dimensions soucial for acrowdsourcingsystem. In the wake

of these considerationthe prescriptive frameworkvill be focused on the variable
dimensions. We will try to answer to the question: OGiven some values for the
dimensions in the fixed set, how to best cleodke values for the variable
dimensions?@Part of the answer jsist @ccording to the situatio@sindeed as we
already stated, external factors may limit our choices for the variable dimensions. For
instanceif we donOt leverage monetary rewards avédtise the monetary incentive.
But in all the situations in which we have different options we will trydemtify
which arethe best practices studying the elements in our empirical ddtaset

looking to the consolidated experience of real existysgesns on the market.

The following table summarizes which dimensions are in the xéset and which

ones are in the variabfilset. It must me pointed out that for the Community Size
dimensiononly the qualitative metricds been taken into accountarder to make

the analysis easier and more understandable. We already stated that this was one of
the reasons why we introduced the qualitative metrics.
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Table 15: Dimension subsets and the belonging elements

(*) not consideredhere

Dimension Subset Dimensionsin the subset

=  Categorization

=  Crowdsourcing Type
= Required Knowledge
Fixed Dimensions Set
=  Community Size (Qualitative)
=  User Type

= Task Type

= Main Reward

=  Minor Reward
Variable Dimensions Set = Remuneration®()
= Incentive

= DataQuality Mechanism

We already pointed out in thatroductionto this seabn that we considered two
typesof relationships: binary angrnaryrelationshipsMoreover, n this paragraph

we underlined our ahce of focusing on thdimensios coming from the variable
set. Thusany relationshighatwe analyzed has an element coming from the variable
dimensions set. The other element (or elementsrimaryrelationships) camither
come from the fixed set or belong to the variable set as well. In partieukny
dimension in the variable set has been analyzed accordgsoptedimensiorsin the

fixed set, but wealso studied relationshipsver dimensions all belonging to the
varieble setandsome othemixed case Even with these constraints the number of
possible relationships among the dimensions indéeriptive frameworkvas still
huge. A complete analysis of all of them was unneeded and outside the scope of our
research. Tiis, we focused only on the relationships we believed worthy to present
according to the quality dhe considerations that was possible to carry on them. In
particular we elicited all the analysdsinging to obvious conclusions such as, for
instance, thd&kemuneratiofTask Type relationshipt comes straightforward than
increasing complexity of the task correspsntb a proportional increasing
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remuneration. The usefulness of each analysis wiltlbafied with the analysis
itself.

We have to spenfitw more words on th€ategorization dimensiorndeed it falls
outsidethe previousonsideratioa becase it belongs to the fixed set. Nonetheless,
we analyzed it in relatiowith the Reward and IncentivBmensionsThe reason is
that we think this to be a fundamental passage order to providea complete
characterization of therowdsourcingphenomenonWe will spend few more words

on this in thdfollowing Categorization paragraphs.

The next tablgrovidesa detailedsummaryof all the relationshipthat have been
taken into accountor shaping theprescriptive frameworklt must be read in the
following way: the first column specifies the main variable; the second column
specifiesthe second element of the relationship; if in a row it is present aven a

element in the third column it means that the relationship is ternary.

Table 16: The relationships analyzed in therescriptive framework

Dimension Binary Relationship Ternary Relationship

Required Knowledge

Main Reward UserType
Task Ty
Minor Reward Main Reward
Main Reward Minor Reward

Required Knowledge
Incentive
Community Size (Qualitative)

User Type

Community Size (Qualitative)
Data Quality Mechanism
Task Type

Main Reward Minor Reward
Categorization
Incentive
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3.4.3 Main Reward

Main Reward®Required Knowledge

Figure 16 shows achart depicting the relationship between the Main Reward
dimension and the Required Knowledge dimensidme values on thehart bars
represent each time the number of elements in the ealpiatase{OcountO¥irst,
itOs possible to notice thaterowdsourcingsystem in the dataset has a main reward
of type Prestig®riented andas consequenc®nly Enjoymentbased Motivation
and Opportunistic appear psssiblevalues for the Main Rewdrdimersion. From
this first observationwe canarguethat a rewaraf type Prestig@rienteddoesnOt
usually suffice inencouraginguser participation and involvement and thereby the
projectsin the dataset usually prefer to exploit ottygresof rewardat first stage.

Main rewards of type mjoymentbased are mainly used when the required
knowledge is lowwhereas medium or high entry barriers (see iptev section)
usually bring to pportunistic rewards. We can deduce that enjoyshased rewards
donOtusffice in motivating userso join crowdsourcingcommunities that require an
elevated dbrt and thus these communitidavor extrinsic motivations perhaps

coupled with enjoymerbased minor rewards.
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Figure 16: Main Reward BDRequired Knowledge relationship chart

*Due to elements belonging to more than a category, the count add up to more than 61

Main RewardBUser Type

Figure 17 shows a chart depicting the relationship between the Main Reward
dimension and the User Type dimension. The trend is similar to the one seen for the
previous relationship between Main Reward and Required Knowledge. |rileed
crowdsourcingsystems thately more on main rewards of type Enjoyméated

have proportionally more chances of having amateur users in their communities. On
the other handservices that rely on pfessional users seem to predgportunistic
rewards. Moreover, we can dedubatthe opportunistic rewardgimulate more the
professional users participatidhan the amateur one. We already stated while
presenting thelescriptive frameworthat usually all therowdsourcingcommunities

are open to amateur users. Nonetheldsfore designing a new application,
developer should identify which is their target user type. Professional users are
stimulatedto participateby extrinsic rewards. Instead, not only enjoymieased
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motivations suffican stimulating amateur users engagementdtsh amateur users

seem much less affected by opportunistic rewards than professionals.

50

Count

Enjoyment-based motivation Opportunistic

Main Reward

Figure 17: Main Reward BUser Type relationship chart

User Type

H Amateur
E professional

*Due to elements belonging to more than a category, the count add up to more than 61

Main Reward®Task Type

Figure 18 shows a chart depicting the relationship between the Main Reward

dimension and the Task Type dimension. As we could

aspect simple tasks are

usually coupled to enjoymebiased rewards while complex tasks usuailyolve

more theopportunisticside Anyway, itOs possible to notice that the number of

crowdsourcingservices with complex tasksdthat rely on opportunistic rewards is

just slightly greater than the onedying on enjoymenbased rewards. Thus, users

are wiling to perform even complex tasks if motivated with enjoyrbasied

rewards and opportunistic motivation is not mandatory in every case. Moreover, we

can observe that drowdsourcingapplications belonging to our empirical dataset
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exploit game tasks andjeymentbased rewards, while no service relies on game
tasks and opportunistic rewards. At first glance thidccappear straightforward but

it should be observed that at the moment of writing nooosvdsourcingservices
exploiting game and extrinsimoretary motivations (for instance crovsdurced

social betting platforms) are reaching the market.

Task Type

M simple Task
307 B complex Task
[JGame Task

20

Count

107

0

Enjoyment-based motivation Opportunistic

Main Reward

Figure 18 Main Reward BTask Type relationship chart

*Due to elements belonging to more than a category, the count add up to mdhan 61

3.4.4 Minor Reward

Minor RewardDMain Reward

Figure 19shows a chart depicting the relationship between the Minor Reward
dimension and the Main Reward dimension. The analysis of this relationship is

interesting because it shows how usually cr@vdsourcingapplicatiors couple the
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Minor and Main reward dimensiofirst, itOs possible to notice that unlike what was
for the Main Reward several crowdsourcingsystems rely on Prestig@riented
motivations as Minor Reward Actually, it looks that Pr&tigeOriented is the
foremost minor rewardSecondy, severalelements in the dataset donOt rely on any
Minor Reward These systens usually seem to choose enjoyméased main
rewads. The reason why they laakinor rewards is mostly connected toithavn
intrinsic nature: often they canOt exploit monetary or other extrinsic rewards because
it® not part of their mission, neithérey canOt relgn rewards of type prestige
oriented because this is not supported by the nature of the-smwcked task oryb

the platform.

Finally, it looks that the rewards of type opportunistic are hardly used as Minor
Reward. We adaargue that the reason is that the opportunistic rewards easily become
the Main Reward when used.

Main Reward
Enjoyment-based

307 O motivation

(] Opportunistic

209

Count

107

Enjoyment-based Opportunistic Prestige-oriented N.A.
motivation

Minor Reward

Figure 19: Minor Reward BMain Reward relationship chart

*Due to elements belonging to more than a category, the count add up to more than 61
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3.4.5 Incentive

IncentiveDMain Reward®Minor Reward

Figure 20 shows a chart depicting the ternary relationship betweennttentive

Main Reward and Minor Reward dimensions. While presentingdeseriptive
frameworkwe repetedly stated that the Incentidémensionis linked to the Reward
dimensions (both). In particular we showed a table summarizing this fact (see the
descriptive frameworKor more details). In tisi paragraph we will support our
statementhroughthe analysis of the elements in the empirical dataset and we will
show how weexperimentallybuilt the links between the incentives and the rewards.
Conversely in this paragraph we will not show any correlations between the Main
and Minor Reward dimensions because we already discussed them previously in this
section. We must underline the fact that itOs possible for projects in our empirical
dataset to explomore incentives at the same time, but they can have just one Main
Reward & the time. They might also have ohéinor Reward which must be
different from the main one, but they are not forced to have it

If we look to the Money incentive we can see thas iinked to theOpportunistic

Main Reward. This is perfectly coherent from what we presented idetbeiptive
framework.

Instead, if we move to the User ranking and voting systeogtive we can notice

that the Main Reward is of type Enjoymdiasel motivation while the Minor
Reward is either Prestigwiented or not available. This is perfectly summarized by
Table 13as well.

The incentiveCompetition (and Gaming) has almost gua count of elements with

an Ehjoymentbased Main Reward arah Opportunistic one. The Enjoymebiased
countis slightly greater and therefore we put this incentive in relation with the
Enjoymentbased motivations in ourdescriptive framework Moreover, we
concluded that the opportunistic component comes from the facdhmpetition can

aid the emerging of the best usgr®nline communitiesThe greater visibilityof the

bestusersis an important factoior many communities, especiallgr the ones with
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professional users, because the people inctbevd can use itto improve their
reputation andjet better compensation and jolmspther wordsas a form of indirect
monetary compensation. We will see several examples of this behavior throughout
all the analysis of the dataset and it will become clearer.

Position insi@ community and user power scaling are refeinethe descriptive
framework,as linked toa Prestige Oriented reward mechanisihis doesnOt emerge
from the chart but thers an explanatio of thistrend. Indeedwe can see thdhe
link emergs when lo&ing to the IncentiveD Minor Reward relationship and we
already said that main rewards of type Presbgented never appear in our
empirical dataset concluding that this type of reward alone doesnOt suffice
stimulating users involvementThus we nee to move our focus to the Minor
Reward dimension to find the link and tieswhat itexactlyappears to happen.
Finally, Sharingof the result and Sharingf the goal have always a dominant

connectionwith Enjoymentbased main rewardss we would aspect.
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Figure 20: Incentive DMain Reward BDMinor Reward ternary relationship chart
*Due to elements belonging to more than a category, the count add up to more than 61

IncentiveDRequired Knowledge

Figure 21shows a chart depicting the agbnship between the Incentidemension
and the Required Knowledge dimension. First, it musblieervedthat incentives
are mainly linked to e reward mechanisnadopted by thecrowdsourcing
applications. We already pointed out this fact previously in descriptive
frameworkand while describing the Incentiv® Main Rewardd Minor Reward
ternary relationship. HoweveritOs still desirabléo analyze how the other
dimensions intera with thelncentivedimension looking for possible influences and

connections.
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At first sight itOs possible to notice thatowdsourcingsystems with low entry
barriers and required knowledge (see thescriptive frameworkor definitions)
usually exploitmorethe incentives Sharingf the goal and Sharing of the result. We
can argue that the main reason is that these two incentives are relatively the easiest
and cheapesines todeploy by an online communitynd thereby, when possible,
they are chosen as firstution. Sharing the goal theoretically doesnOt require any
investment from thecrowdsourcingapplications developers if we exclude the
actions, not mandatory, focused on brand and image developing. |itdeseplires

the users in the community to share tiekasons and the airo§ the tasks they are
invited to accomplish. Sharing the result requiresctisevdsourcingapplications to

set upan infrastructurallowing the usetbase to enjoy the results produced by mean
of crowdsourcing.For online communitiesising Internet technologiethis can be
achieved at relatively low expenses. Thus, Shavintpe results and Sharirgf the

goal are two incentives that are vastly used for boosting user participation in
crowdsourcingprojects with low entry barriers angkquired knowledgeand in
which low-cog ard easy incentives suffice. It is nalfways possible to exploit these
two incentives. Many services (for instance Cloud Labor), donOt allow the user to
share the results produced by meartrafivdsourcingoecauseof legal reasonand

often crowdsourcing platforms donOt even hold the intellectual rights on the
crowdsourcingoutput because they wods intermediate agesthetween the demand

of crowdsourcingand the offer. Moeover, it isnot always possible to inceve users
engagement by mean of Shariofjthe goal. Usuallyonly notfor-profit online
communities can dpe to exploit this incentiverinally, it must be observed that
when the required knowledge gets higher, these two incentnags revealnot
effective enough to stimulate user participation. This is the reason why Money,
Competition and User Ranking and Voting System seem to be preferred in
crowdsourcingprojects that have medium or high entry barriers. Moreakertrend
looks similar both for a meéaim required knowledge and for a high one. Analyzing
the chart italso appearthat moneyis seldom explogd as incentiveor taskswith a

low required knowledgeAs final conclusion it must be observed that ohe¢he

incentives, namelyPosition inside ammunity and user power scaling,rarelyused
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by all the systems in the empirical dataset independently from the required
knowledge The reasors that t is not always possibl® build online crowdsourcing
communities in which usefsave different role and powergither becausthere is

no need of such powers and roles or because the designers donOt want to divide the
users in theommunity
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community systems
and user
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Figure 21: Incentive BRequired Knowledge relationship chart
*Due to elementsbelonging to more than a category, the count add up to more than 61
IncentivebUser Type

Figure 22shows a chart depicting the agbnship between the Incentidemension

and the User Type dimension. The analysis of this relationship is interesting because
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it can shed light on whichare the most effective incentives for the amateur and
professional users. In particular our attention will be focused on the pooiglss
users because, generally, it is harder to get them involved in online communities with
respect to the amateurs ones.

As we could aspect the main incentive for professional users appears to be the
financial incentive, namely the moneiyndeed while aalyzing the Main Rewar®

User Type relationship, we found out that opportunistic rewards were important to
get the involvement of professional users in¢hmvdsourcingcommunity and thus

it comes straightforward to support opportunistic rewards with honetary
incentive.When it comes to amateur users the main incentives are Sludrihg

goal and Sharingf the result. This trend is similar to the one we have seen for the
previous redtionship between the Incentiand the Task Type dimensions. The
similarity can be explained considering that communities with a low required
knowledge usually attract amateur users while the ones with high or medium entry
barriers attracted more professional users so the trends for the two relationships
should follow he same path. Moreover, Sharwfghe goal and Sharingf the result

are linked to enjoymeriiased rewards and therefore work better with amateurs.

ItOs interesting to notice that the Competition and User ranking and voting systems
are widely used as inpBves even incrowdsourcing communities with a
professional usebbase. The reason can be traced in the fact that user rankings and
voting systems are linked to Presti@eented reward mechanisms. Professional
users usually pay attention to their repatatbecause it is a fundamental value in
order to get more earnings and jobs. Thus, theyld actively contribute to
crowdsourcingprojects in order thhave a showcase of their abilities and skills. The
crowdsourcingapplications can support this behavioy setting up users ranking,
voting systems and contests that reward the most talented users. Finally User ranking
and voting systems and Competition seem to encourage also amateurs participation.
In this case warguethat the reason should be found ie #njoyment side of these

systems.
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Figure 22: Incentive BUser Type relationship chart
*Due to elements belonging to more than a category, the count add up to more than 61

3.4.6 Data Quality Mechanism

Data Quality Mechanis®Community Size

Figure 23 shows a chart depicting the relationship between the Data Quality
Mechanism dimension and the Community Size dimension. This relationship is
interesting because, as vedready stated while describing th€ommunity Size
dimension m thedescriptive framewotkthe size of the community fandamentaln

order to effectively implement systems thabuld ensurea high quality ofthe
crowdsourcingoutput.

We start looking to the Surveillance mechanism, i.e. a mechanism in which there is a
manual control of the output quality. This type of data quality mechanism can be
used only by smaltrowdsourcingcommunities. Indeedin bigger communities
where the ammt of exchanged data is huge, this type of mechanism would require a
big effort anda greatquantity of resourcethat only few projects can provide. This
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emerges from the relationship chart where we can see that the communities
exploiting Surveillance anmathersmall.

Bigger communities, generallyprefer to rely on two of # Group Evaluation
mechanisms (Averaging andiig), on Competition and on Reward Accuracy. The
same mechanisms are exptoiteven by smaller communities as proof of the fact
that hiey work wellindependentlyrom the community size.

Competition and Reward Accuracy have a similar trend. This is a consequence of the
fact that these two mechanisms are often coupled in serexatisourcingorojecs

and they are implemented togett{seedescriptive famework.

Group Evaluatiorb Consensus mechanism doesnOt seem to be really used by many
elements in the empirical dataset. We can argue that the reason is that it requires a
crowdsourcingsystem based specifically on collaborative tagsksvhich multiple
people from thecrowd can work on the same job at the same time and make
contributions like, for instance, what happens for Wikipedia articles.

ItOs interesting to notice that all the communities but two, of which we could retrieve
information about the community size, use one or more Data Quality Mechanisms.
This is another evidence of the importance of this dimension irdéseriptive
framework

Finally, as we could aspect, the tresfdnedium sized communities is something in
between the other two cases. Medium size communities seem to exploit all the Data
Quality Mechanisms included in odescriptive frameworkvithout expressing any

clear préerence for any of them. This is coherent with the way we choice to shape

the qualitative metrics for the Community Size dimension.
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Figure 23: Data Quality Mechanism- Community Size relationship chart

*Due to elementshelonging to more than a category, the count add up to more than 61

Data Quality Mechanis®Task Type

Figure 24 shows a chart depicting the relationship between the Data Quality
Mechanism dimension and the Task Type dimension. At first glance, it@deptuss
notice thatcomplex tasks require different data quality mechanism with respect to
simple tasks. This is coherent with the fact that complex and simple tasks need,
generally, a different amount of effort to be accomplished.

Reward Accuracy and Camtition seem to be the preferred mechanisms by
communities with complex tasks while Group EvaluatidAveraging and Group
EvaluationbVoting are preferred by communities based on simple tasks. Moreover,
Surveillance is usechore when the tasks are harde

ItOs interesting thease of game task¥he systems that exploit gamiag basdor
crowdsourcinguse, as we could aspect, Competition as Data Quality Mechanism.
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But theyalsoexploit in the same percentage the Group Evalu&iGonsensus and
Group EwaluationD Voting solutions Indeed these gameare usually designedo
produce acrowd-sourcedevolutionarysolution to a problemfor instance genom
mapping (see the Appendix A), that the gamers contribute to generate while playing.
Moreover, somgames allow the players to vote the other playersO perfos@ance
achievemerstin order to produce better crovedurced results. These observations
are well showed by the chart.

Finally we must observe that tbeowdsourcingsystems in our empirical deget can

ask to thecrowd to perform different kind of taskwith different leve$ of
complexity. Thus, they usually rely anore than onelata quality mechanism at the

same time.
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Figure 24: Data Quality MechanismBTask Type rdationship chart
*Due to elements belonging to more than a category, the count add up to more than 61
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3.4.7 Categorization

CategorizatiorBlncentive

We will discussthe Categorization dimension in bny relation with the Incentive
Dimension and in ternary relation with Main and Minor Reward dimensions. As we
stated previously Categorization is not a dimendmmbonging tothe variable
dimensions set as we defined it in the introduction tgthscriptive frameworkout

we decidedo analyze it anyway because we thought this could aid drawing a better
description of therowdsourcingphenomenon.

Figure 25shows a chart depicting the relationship between the Categamizat
dimension and the Incentivdimension. It appears that thesssms falling in the
Collective Knowledge and Knowledge Sharing categories exploit the Sharing the
goal and Sharing ¢éhresult incentives. The reasshould be clear: these systems
usually have in their mission statenm®rhe goal of sharing the resultey produce
througlout crowdsourcingandtherefore they obviously exploit the Sharing the result
incentive. Moreoverpeople see amission of knowledge sharing asnsething
valuable by itself. ierefore they usually share the goal and the user involvement
resultsencouraged biact

Monetary incentive is instead the foremost incentive of Cloud Labor and Problem
Solvingcrowdsourcingsystems. We can argue that the main reward of these systems
is opportunistic and in particulas the direct monetary compernsan (see next
paragraph). fus, the incentive reflexes this fact. Moreover, usually the tasks
proposed by these systems are either more complex than the ones of projects in other
categories, or they donOt have an enjoyment side. Therefore, only a islibstant
extrinsic reward can move pdepo accomplishthem. er ranking and voting
systens arevery important in thesgystemsas well. We discussed in pélne reasons

of this tendpreviously while presenting thedentiveb User Type relatioship. We
stated thaprofessional userare usually stimulated by systems that allow them to
increase they reputation amt and ve see here anoth@roof of this conclusion

Indeed Cloud Labor and Problem Solving systems usually have a significant
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percentageof thar userbase composed by professioaald therefore they exploit
User ranking and voting mechanisms for this reason.

Collective Creativity andKnowledgeAcquisition applicationsdonOt seem focus

on any particular incentivieut they tend to uselalf themwith a little preference for
User ranking and voting systems.

Open innovation and rBwdfunding have a diffent behavior with respect to the
other case presentadtil here. The only incentive used blye Open Innovation
systems in our empiricalataset is the monetary orlghesecrowdsourcingprojecs
usually require a great effort from the users involved and thus they have to stimulate
user enggement throughoutbig monetary prizes. Moreover, we have just few
examples in our empirical datasétloese systems.

Crowdfunding applications usguist twoincentives: Sharing the goal and Sharing the
result. The main reason of this behavior stays inpdmicular nature of the task
performed by thecrowd, i.e. financing projects and activitieJhis is a form of
integrativecrowdsourcingand without any kincdf competition thus it would have
been hard to use other type of incerdive
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Figure 25: Categorization BIncentive relationship chart

*Due to elements belonging tanore than a category, the count add up to more than 61

CategorizatiorDMain Reward®Minor Reward

Figure 26 shows a chart depicting theéernary relaionship between the
Categorization, Main Reward and Minor Reward Dimensions. The analysis of this
relationship is very interesting because it allows us to check drowdsourcing
systems belongng to different categories exploit different kind of rewards
mechanisms. In this paragraph we will cover just the ternary relationship between the
three dimensions and not the link between the Main Reward and the Minor Reward
dimensions that has already been discussed previously in this section.

First, we find anotér proof of our statement that thewardsof type opportunistic

are almost never minoewards. Indeedve can segusttwo small green aresan the

chart of Figure 25Thesearea representhe number of systems in our empirical
dataset that exploit extisic-opportunistic, namely monetary, rewaids the Minor
Reward dimension and they are rather small compared with the rest of the chart.
Therefore we can again concluthat extrinsic rewards are the main and foremost
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stimulators of users participati@md involvement in onlinerowdsourcingactivities

(but often they arenOt sufficient when taken alonejessziptive framewoik

Cloud Laborcrowdsourcingapplications mainly propose opportunist rewdatshe

Main Rewards dimension and prestggéened one for the Minor Reward
dimensia. This is the behavior we coultbpect, being them a particular kind of
labor systemsProblem Solving category presents the same trend of Cloud Labor.
Indeed, as we already stated, they are usually coupled and themsyiken belongs

to both the categories at the same tigee thedescriptive framewoik Collective
Creativity systemsalso present a similar trend but here the preference for
opportunistic main rewards is not as marked as in Cloud Labor category.
Crowdfunding systems rely mainly on enjoymbased main rewards and they
usually donOt have a mor reward. This behavior ithe samethat we have
previouslyseen while discussing the relationship between crowdfunding systems and
incentives.Also the catgory Knowledge Aquisition hasa behavior similar to the
one it lad with regard to the Incentivdimensions: they rely on enjoymemased
main rewards and prestigeiented minor reward in the majority tife cases. Open
Innovation systems exploit only opgtunistic main rewards and prestigeented
minor rewards for the same reasons why they use only the monetary incentive: the
complexity of their tasks requireeally temptingprizes and thus onlg monetary
compensatiofiits here

Finally, we canobservehow clearlyit again appearthe link between the Incentive
dimension and the Rewar ones (both) as we outlined it in traescriptive

framework.
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Minor Reward
Enjoyment based
.mﬂmuon

Eopportunistic
Oprestige.otiented
WA

Count

Categorization

Figure 26: Categorization DMain Reward DMinor Reward ternary relationship chart

*Due to elements belonging to more than a category, the count add up to more than 61

3.4.8 Final Conclusions

In the introduction to this section we said that phescriptive frameworkad three
main roles in our research: being a test of the modédicignique and hypotheses
developed in the contest of tdescriptive frameworkproviding a set of guidelines
(or best practices) derived from the analysis of the aemaldsourcingapplications
belonging to our empirical dataset and finalbyoviding an usage example of the
descriptive frameworkTo this we can add now that tipeescriptive frameworks
also asurvey of the crowdsourcingphenomenon. We think that thgrescriptive
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frameworkas outlined in the previous paragrapfulfill s all the goals weset at the
beginning of its development.

On that bases, we can conclude that dlscriptive frameworks a valid aid to
analyze thecrowdsourcingdomain andts applicationsit can coverll the possible
facets thatcrowdsourcingassume thanks to its inclusivdist of dimensions and
metrics Moreover, theframeworkhelpsto understandhe designlogic behind a
crowdsourcingapplication: which are the incentives for the users and why, how
these incentives are connected to nature of sk t@ be performed on the platform,
how and why the users are encouragegbin the community and finally how all
these featuresare put ogether in an organic IT systeme. a virtual online
crowdsourcingcommunity.

While describing the Incentivdimension we built a connection between them and
the reward mechanism$he incentives werglentified experimentallyooking tothe
elements in theempirical dataset. Afterwards, we had a look to the academic
literature in order to find some theoretical grdung supporting our choice (see the
dimension description in th@escriptive framewodkand at this point we drew the

link between incentives and rewards. We must underline that, at this stage, the
connection was a hypothesis, although mediated by qariexce on the field. The
analysis of the ternaryelationship among the Incenti#®Main Rewardb Minor
Reward dimensions performed in the contest ofptt@scriptive frameworkgave us
empirical evidence of the connection we had built. Moreover, itredf@another
proof of the validity of thedescriptiveframework.On the same wake, although not
asrelevant we proved the statement we made aboutdlaionoccurringbetween

the Community Size and Data Quality Mechanism dimensions. The analysis of this
relationship in the contest of tipeescriptive frameworlgave us evidence of the link.
We can conclude that thdescriptive frameworkve described in this chaptés the
synthesisof theoretical research ev the academic literature, arekperimental
analysis of reatrowdsourcingapplications. Thelescriptive frameworkoupled with

the prescriptive frameworkorms a complete survey of tiseowdsourcingandscape.

We have to spendome words on théest practice At the beginning of this

paragraph we said that one of the roles ofplescriptive frameworkvas indeed to
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provide a set of guidelines to be useful when developing aewdsourcing
applications. Moreover, in thmtroduction we said that one of our agtwas to
answer to the question OGiven some values for the dimensions in the fixed set, how
to best choose the values for the variable dimensions?0. We think that the work done
until here can answer to this question. In aoalysis of the relationships existing
among the dimensions in thaescriptive frameworkwe have outlined how real
crowdsourcingsystems are built, showing how to combine the various facets that the
dimensions can assumé&e showed how the dimensionstire variable set assume
their values according to values taken by the dimensions in the fixdd ges way

we have offered various hints to design bettewdsourcingapplicationscapable of
effectively exploiting the several techniques exposed here.

We have usedhe knowledge presentadhtil now to build the next phase of our
research that will be covatein detail in the next chapteAs we already stated
several times throughout this thesis, our biggest effort was elirattuinderstanding
which ae the best mechanisme exploit the crowdsourcingto build a factual
knowledge base for sentiment aalysis engine (seetroduction andChapter Zor
further detailsand definitions). We developed four different scenarios. They
correspond to an equal mber of onlinecrowdsourcingplatforms that exploit
different declinations of crowdsourcing mechanisms.The importance of our
descriptiveand prescriptive frameworkeelies in this passagéhey were the key to
understand which ardl éhe possible ways to build @owdsourcingapplicationand

to learn which constrains set up to mékeore effectve. To make clear this concept

a paragraph of the next chapeah briefly show how the design choices for the four
scenarios are linket the analysis in therescriptive framework



Chapter 4

Experimental study and analysis of the results

4.1 Introduction

In this clapter we will describéhe experiment we conducted as last part of our
research. As we already discussed in the Introduction, we lthkettheoretical work

to an experimental effortconsisting in the analysis of the empirical dataset of
crowdsourcingapplicationsin the prescriptiveframework and in the experiment
presented her&his is the last step of our research methodology as we outlined it in
the first chapter.

The experimerat study presented here has several goals: first we wanbeddaan
effective crowdsourcingmethodology for a sentiment analysis engine capable of
maximizing the user satisfaction variabldis is the main problem of our research,
i.e. developing a n@l methodology for automatically populating the knowledge
domainof a semantic analysis todhkecond we wanted tdestour modeling tools
(the descriptiveand prescriptive frameworRsn the context of a newrowdsourcing
application development. In thiway, we could test on the field the modeling
techniques that we showed in the previous chapter and moreover, apply the
knowledge coming from thprescriptive frameworkin this way we could further
assess the validity of our research methodolégyally, we had another goal that
comes as consequence of the other two. While presentirtgsiceptiveframework
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and, even morehe prescriptive frameworkwe spent many words on describing
which are the best ways for stimulating user participationcriowdsouring
communities. It clearly appears that this is a fundameaogat: the most effective

ways of harnessing theowdsourcingnvolve not just the mere technological side,

but also the social side. Actually, we could state that themplementation
technologiesmust address and take into accotims issue.Indeed, there is no
crowdsourcingnethodology without a tal and vast community of users as faitas
declines in the problem of data quality and data production (8&sdom of the
crowds,Chapte 2). Thus, our experimental effort was also much oriented towards
this issue. Practicallywe linked this issue to the user satisfaction. As we said in
Chapter 1, our research hypothesis is that user satisfaction is a good indicator of the
quality of acrowdsourcingsystem. Moreover, we derived the conclusion that the
level of user participation is directly linked to user satisfaction. Tlaswanted to
understand, from real test users, which are their opinions and feelings on various
crowdsourcingimplementationsand methodologieshat we set up, in ordeto
understand in which directionge will have to move while building the futureal
crowdsourcingmplementation foa specific sentiment analysis tool

The experiment hadeen built thanks to the gound studies of therowdsourcing
phenomenon. As said in the Introductiampwdsourcingis a novel domain and
before starting this research our knowledge of the field didnOt allow us to directly
start implementing acrowdsourcing methodology for the sematic sentiment
analysis Therefore, we came with such a complete approach.

Thedescriptive frameworkas helped uanderstand which are all tii@ctors to take

into account while developing a nesxowdsourcingapplication and has \gn us a
coherent andcomplete methodology to describe it in a scientific fashion. The
prescriptive frameworkold us how to moven order to effectively build the
application: which are thbest practices, which are the fundamental issue and how
realcrowdsourcingapplicationson the market face them.

The test cases that we developed are four. Each of them is different in several design
choices but they all shareettsame background architecture. The test scenarios are

developed starting from this base architecture ofcavd®urcingweb application.
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The webapplication involves a community of users that have to accomplish tasks. It
is acrowdsourcingsystem according to our operational definition (S&apter 2).
Then, each scenarapplies a set of differeméchniques derivefrom the modeling
frameworks that we developed. In particular the fissicond and fourth scenarios
usedifferent set of incentives and rewards systems but they are acp@lding to

the otherdimensions of analysis the descriptiveframework The thrd scenario

tries also to exploit a different type of tagkgame task), thus changing the rewards
and incentives systeras well The basearchitecture and all the other details
concerning the scenarios will be widely covered in the chapter.

In the nextsection we will describe the experiment in details: in vithednsists and
which is the overall methodology. Then, we will describe each scenario using the
descriptiveframeworkas guideline and shomg also some useful screenshdts
paragraph 4.5 we will show how we used theescriptive frameworkin this
experimental phase. Then, we will present the survey that was used to collect the
datafrom the test users and we will describe the group of test users. Finally, the last
part d the chapter is devoted to the analysis of thaults. It consists of two
paragraphsin the first we will analyze thepecific answers odach quesbin in the
survey; in the secondye will draw our general conclusiorend concludethe

chapter.

4.2 Degription of the experiment

In this section we will describe the experimantletails The experiment consists in
the analysis of four differemrowdsourcingnethodologiegxposedn four different
test cases cfowdsourcing scenarios). The scenarios amowdsourcing web
application, i.e. web applications that explaibwdsourcingThus, according to our
operational definition ofcrowdsourcing,they are platform in which a groupof
individuals (thecrowd) perform a collectionof tasks according to a meld(see
Chapter 2).
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As we already discussed in the introduction to this chaptesur experiment we
addresseda crowd in order to populate the knowledge domain af sentiment
analysis toal The core of the empirical experimeitas beenchoosing a
crowdurcing methodology to effectively allowhe people to perform this tasnd

test the outcomes to identify an overall final model that maximizes the user
satisfaction, i.e. our quality metric

Part ofthe problem was designingcaowdsourcingsystem and architecture in all its
features: the design of the community, of the rewards system, etc. We also had to
design a visual interface for the uséhte chose to address the problem by exploiting
the Prediction Markes. Prediction markets (also kwa as predictive markets,
information markets or decision markets) are virtual markets created for the purpose
of making predictions. The user of these markets makes prediction concerning events
in the future by answering to questions. We decided to buiddse architecture and
interface of acrowdsourcingveb application oPrediction Marketand then dedtie

this base architecture four differentscenarios. Each scenario moves from the base
architecture harnessing a particular rewards and incentivensyzit they all share

the same way of collecting the knowledge floe sentiment analysis tofsbm the

crowd.

The base architecture consists of an online community in which the users can signup
and login. After logging in, they can see a list of open tijues concerning future
predictions. For instance, a possible question can be OWill Milan A.C. win the next
ltalian football championship in 2011/20127®@en, the users caanswer to these
guestions with a Yes or No answer. Thus, they are closed queStlmnsisers can
alsosee the list of answers given by other usethe crowdsourcingcommunityas
percentage of Yes and No with respect to the totahrswers given for each
guestion

The users can also post new questions. The type of questionsahadetts can
propose on the web application is not unbounded. Indeed, we restricted the field to
just two domains: théootball and thefashiontrend We chose these two domains
because thegreeasily manageable by us and tlagwell known by a large sha

of the peoplein the test group. Indeed, we wanted to free ourselves from
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experimental biasscoming from the facthatthe questionsO domains were disliked

by the majority oftesters. As it would be clear at the end of our analysis, this would
have undermined great parbf our conclusions, in particular the ones concerning
therewards and incentive systems.

The questions must follow achemehat s fixed by the web applidan. As we will

further describe, the reasons why we chose this approach are two: first we were
concernedo develop a limited experiment, second becaas®je will see, posting
guestionss the way how the users provitheir knowledge to our system inder to
enhance the knowledge domain. In particular, our focus was more on understanding
which are the best practices to stimulate user participation tartvedsourcing
community and thus we focused our attention on the rewards and incentives and not
on the specificknowledge that we could retriei®m the uses. As we will discuss

in the conclusions, this is the next step of our research and will be addressed in future
work.

The next table provideslist of possible question schenfes our experiment.

Table 17: Question schemes for therowdsourcing web application

Domain Question £hemes

=  Will [ Team X] win in [Match Y]?

= Will [Team X] buy [Player YP

Football =  Will [Team X] sell [Player YP

=  Will [Player Y] play in [Match ZP

=  Will [Team X] win against [Team Y] in [Match 2]

= Wil [fashion item X] by [brand Y] be trendy the next

(Winter/Summefutumn/Springy
FashionTrend
= Will [brand X] be trendy the néx

(Winter/Summer/Autumn/Spring)

ItOgpossible to see that the scherbesind the form of the questiarThe terms that
appeamwithin square brackets are free variables that can be filled by the user input.
The termswithin round brackets instead are list of values from which a useqriclan
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an optionwhen creatin@ new quetson.

We decided to focus also on the social aspénts.experimental model, while being
limited in many aspects and being just a sketch test case, follows a common practice
of real social communitieS hus, in the base architecture every user has anarso
page. He can access to his personal page and see the list of questions he had
answered and posted before.

Every question has a closing date. This closing date is chosen by the poster of the
guestion. After the closing date, the question is closed and the users cannot answer to
it anymore. As far as the web applicationaisleclination of aPrediciton Market

model, every question is a prediction about a future event. Thus, every query must
have a closing date, after which either the poster decide to not accept anymore
answers or he knows that the real answer will be out, allowing him to compare it
with the predition made by the communitinyway all the posted questions, either
closed or open, are archived and the users can browse the question database and
query it.

ST ® search |[search a question...

The social prediction market

Exploit crowdsourcing to make prediction about the future.
Place your question about football and fashion and ask the crowds!

Today's Top Questions

» Will A.C. Milan win in Cagliari-Milan? Answer

» Will A.C. Milan buy Aquilani? Answer

» Will "Field Jacket” by Burberry be trendy the next Autumn? Answer

_— o | X your qu n | . Question tag-cloud
Enter Your
10.06.07 (Footbal) (o i
[— Will A.C. Milan win in a’.N You L;an eaSI}y :absk“ you(lj’ america
Cagliari-Milan? £ questions on footba™ an
Enter Your Password 10 People answered on this | W7 fashion to our community article

Remember Me —3 Aqullani?
7 People answered on this

— - and get the people's
18.06.07 (Footbal) g feedback create credit dead

Will A.C. Milan buy

fair

18.06.07 (Fashion) . X
. Will “Field Jacket” by image interviews
News user? Register here, Burberry be trendy the |

it's free! next Autumn?
12 People answered on this north

norwegian
Eee i ] 9

read
shooting

Figure 27: The interface of thecrowdsourcing web application for our experiment.

Here its declination in the first scenario
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® search |s h ti
crowdsourcing the future! 2. earch a question... m

The social prediction market

Exploit crowdsourcing to make prediction about the future.

Place your question about football and fashion and ask the crowds!

Football question

Choose a question type

» Will [Team X] win in [Match Y] ? Go

» Will [Team X] buy [Player Y] ?

» Will [Team X] sell [Player Y] ?

» Will [Player Y] play in [Match Z] ?

» Will [Team X] win against [Team Y] in [Match Z] ?

Home | Aboutus | Questions Archive | Your Profiles | Register for free | Ask your question | Contact us
Copyrioht © Francesco Pongetti 2011 All Rights Reserved

Figure 28: Interface for choodng a question schemén the case of football question.

This part is equal in all the four scenarios

Football question
Will [Team X] win in [Match Y] ?

» Please fill the form below to ask the question

Team X
Match Y I
Closing Date

Figure 29: Interface for filling t he values of the question schemehen posting a new question, in this case a
football question.

This part is equal in all the four scenarios

We developed thelescriptive frameworkn order to describe in a coherent and
rigorous wg a crowdsourcing application. Therefore, we can model our
experimental base web application by using thscriptive frameworkAs we
already stated, each scenarios differs from the others according to the rewards and
incentives system. Thus, accordirtg our descriptive frameworkhey have different

description for their Rewards (Main and Minor), Remuneration and Incentive
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dimensions. Moreover, the third scenario exploits a slightly more different
architecture because it uses a task of type game (seeeClipdescriptive
frameworR. In the next paragraph we will describe the Rewards (Main and Minor),
Incentive, Remuneration, and Task Type dimensions of each scenario according to
the descriptive framework Here instead we will describe the other common
dimensions that are equals fol thle four scenarios and thatsgend directly from

the base architecture.

We have to spend more words concerning the Data Quality Mechanism dimension. It
clearly appears that therowdsourcingweb application of our expemnent can be
described according to two parameters. Indeed, we must point out that the tasks
performed by the users of th@owdsourcingapplication are two. We already
discussed that the main task is providing data foagentiment analysis engine. We

will describe the methodology for this task funthe this section. Howeveahe users

of thecommunity also perform the task making predictions while answering to the
guestions. This comes from our choice of exploitingRhediction Marketsas model

for a possible online community. It doesnOt really matter for the outcome of the
experiment but it reflexes in the description of tb®wdsourcingapplication
according to thedescriptive framewotk Thus, we will fill the dimensionsO
descriptions taking o account that the tasks performed by the users are actually
two.

Coming back to the Data Quality Dimension, we can statddghathat concernghe

task of populating thedomain knowledge, oucrowdsourcingplatform doesnOt
provide any quality mechanisrior the task of making predictions instead, the Data
Quality Dimension assumes a value according to the scenario taken into
consideration. Thus, as we alreaghw for the Task Type, Rewards, Incentive and
Remuneration dimersns, the Data Quality Dimemsi will be also separately
discussed for each scenario in the following paragraph.

The next table summarizes the descriptiothef commordimensions and provides

our remarksvhen needed
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Table 18: Part of the dimensions of thelescriptive framework with their values for the crowdsourcing

Dimension

system of our experiment

Value(s)

Remarks

Categorization

Collective Knowledge,
Knowledge Sharing, Knowledge

Acquisition

The crowdsourcingveb application
(in all the four test case
declinations) is a system to tap tl
collective knowledge of the peopl
in thecrowds.The user shares the
predictions hus it belongs in the
category of Collective Knowledg:
and Knowledge Sharing. Moreove
the system acquires information fc
the sentiment analysis engir
without sharing them with the
crowd thus the system is also

platform of Knowledge Acquisition

Crowdsourcing Type

Integrative

The type of crowdsourcing is
integrative. Indeed, all  the
information coming from the
crowds are colleaed, used anc
aggregated, both for making
predictions or for populating th

knowledge domain

Required Knowledge

Low

The entry barriers for joining the
community are low. No specific
skills or education are needed
take part to thecrowdsourcing

community

User Type

Any

Any type of users can join th

community

Community Size(Qualitative)

Any

The pilot community is compose
of 51 people but the system is ju
an experiment. A real communit
of this type can have ansize In

the context of the experiment w
cannot describe the applicatic

according to this dimensions
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The system doesnOt provide ¢
data quality mechanism for the ta
) ] of collecting theinformationfor the

Data Quality Mechanism None ]
knowledge domain. For the task
making  predictions see th

discussion of each scenarios

We havenow to disciss which is the methodology that we exploit in our experiment
to populate the knowledge domain. While posting new questlensiser have to
follow a wizard. This wizard declines in several ways according to the scenario to
which it refers but the part ivhich we collect the information faentiment analysis
engineis common to all the test cas®ghile posting a new question the user has to
input the values for fregariables according to the schesnghowed previously in

this section. These values are tteal input for the domain knowledge. When the
user inserts a new question concerning football it has to insert the name of a team or
of a players or of a match or a combinations of this information. Then, the
crowdsourcingapplication, with a design eduia all the four scenarios, takes this
input and queries the domain knowledgfethe sentiment analysis toahecking if
these keywords match any itemseadyin the knowledge database. In particular, it
checks the list of brandand subbrands (see Cipter 2). The domain knowledge for
football is composed of brands, sbiands (and categories but we will not consider

it for our experiment). Teams and players are brands, while football matehsgb
brands of the teams that are playing the competiktmreover, plgers are also sub
brands of the team in which they are playing #rechampionshipare subbrands

of theteams that belong to thert in a new question posted layuser appears an
unknown brand or subrand, i.e. a brandr sub-brand thais not already irdomain
knowledge, the web application asks to the users to provide some information
concerning these items in order to populatesemantic knowledgdatabase. Thus,

in this way we desigriea methodology to directly astthe users infonation about

new brands, subrands and the links between them, in order to build the football (or
fashiontrendin the other casegpecific domain knowledge. The systemssasks

information about the objects that appear in fevtball questions:
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¥ For aa unknown team the system asks the user to specify the nation and the
championship in which the team plays

¥ For an unknown player the system asks the user to specifgaimen which
the player plays

¥ For an unknown match the system asks the user to spleeifyation where
the competition is taking place, the championship to which it belongs and the

teams playing

Thus the system can crawler this data and populatesehtment analysis toolOs
knowledge domain accordingly with new brands,-btdmds and ican make the
proper connections between thefimlowing the questionsO schemdloreover, the
system also asks to provide information concerning the nation of origin of teams,
players and matches. This data is not used in the experananbur research but

will be used for future searches on the other componeita typical domain
knowledgerepresentatiorthe categories.

The next table summarizes the conadphefootball domain.

Table 19: Brands and subbrands created by thecrowdsourcing methodology for the football domain

New Brand New Sub-brand(s)
Team Match, PlayerChampionship
Player Match

What we explained until now for the football field can be repeated for the fashion
trend donain. Indeed, it follows exactly the same design, just the questions are
different and as consequence also the brands, thbraodds and the links between
these objects. Fashion brands that appear in new questions are new brands for the
domain knowledgen the fashion trends. Fashion items instead will belsabds of

the fashion brands producing it. The systems ask this information about the objects

that appear in new fashion questions:
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¥ For an unknown brand the system asks the user to specify the anadidhe
type of fashion goods it produces (shoes, pants, jackets, etc.)

¥ For an unknown fashion item the system asks the users to specify the type
(shoes, pants, jackets, etc.) and at the same time is able to automatically link

it to the brandhanks to thejuestionsO schesne

As we saw for the football domain, the system also asks information that are not
directly used in the experiment for creating new brands oibsafds, namely the
fashion goods that a fashion brand produces and the typiasiian iem.Eventhis

data will be used for future researches on the other component of the domain
knowledge, the categories.

The next table summarizes the concepts of the fashion trends domain.

Table 20: Brands and subbrands created bythe crowdsourcing methodology for the fashion trend domain

New Brand ‘ New Subbrand(s)

Fashion Brand ‘ Fashion Item

Football question
Will [Team X] win in [Match Y] ?

» Can you help us with some additional details?

1) Our system doesn't know the team A.C. Milan, can you tell us its nation
and championship?

Nation

Championship

2) Our system doesn't know the match "Cagliari-Milan", can you tell us its
nation of origin, championship and the teams playing?

Nation
Championship [
Team 1 |
Team 2

Figure 30: Interface for collecting the information for the sentiment analysis tool in the case of a football
question.

This part is equal in all the four scenarios
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We will know present the four scenarios descending from the base web application
that we described until now. The next table provides for each scenario a description
of its main features and design.€Fhin the next paragraph we will describe them
according to thelescriptive framework

Table 21: Description of the four test scenarios

Test Scenario Description

This scenario is the base web application itself with
Scenario 1 any changes from the description that we offe

previously

In this scenario we modify the base architecture adc
the possibility for the users of the application to thee
ranking of the people in the community according
the number of arrect predictions they made. The ust
Scenario 2 can also see correctness statistics of any other use

the community by browsing their personal pages.

In this way we tried to exploit a prestigeiented
reward mechanism and the incentives coming witl

(seedescriptive frameworland next paragraph

This scenario is the most different from the base \
application. In this scenario the users plays aga
their friends. Each user has a list of friends on
website and can challenge them at makiew correct
predictions posting new questions. The friends

accept the challenge and answethe question.

In this scenario the user can see the personal pag
. his friends in addition to his own page. Each user
Scenario 3 S o
correctness statistics in his gagnd his friends can se
them. Moreover, the users can see the ranking of
friendsand himselfaccording to the number of corre

predictions they made.

In this scenario we wanted to exploit both a presti
oriented rewards mechanism with the link
incentives, and a task of type ganseddescriptive

frameworkand next paragraph

Scenario 4 This scenario is similar to the first one but we add
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possibility for the uses of betting with money on the
correctness otheir answerswhile answering to the
questiors. Thus they can earn and lost money wh
answering to the question®f course, this is just ai
experiment, and no real money was involv
However, we asked to the testers to act and think
the money they were bettingas real.Moreover, the
users get a monetary bonus every poged questions
that provide new useful information ftine sentiment
analysis toql i.e. that contains new brands or st

brands.

In this scenario we wanted to exploit a monet:
reward mechanism and the linked incentives (

descriptive frameworknd next paragraph).

As concluding remarks we have to describe the procedure we used to perform the
experiment itself. We made thesepst:

We interviewed one tester at the time
The active tester had first to answer to the first five questions in the
survey

¥ Then, we gave him a laptop asking him to try for a certain amount of time
the four scenarios

¥ When the tester was satisfied with three spent trying the four scenarios
we closed the laptop and a&skhim to answer to the remaining part of the
survey

¥ We collected all the data from 51 testers and analyzed it

4.3 Description of the scenarios

In this paragraph we will apply traescriptve frameworko the four test cases. We
already provided a description of them in the previous section and we discussed the

fact thatthe majority of the dimensions aime common,deriving directly from the
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1)

base architecture. Thus, in this section we wilimment just the remaining
dimensions, i.e. the Rewards (Main and Minor), Incentive, Remuneration, Task Type
and Data Quality Mechanism (juiir what concernghe task of predicting future
events) dimensionslhe following tables show the descriptions for each scenario.
While reading the tables, it may be useful to keep in rthedlescriptive framework

in order to understand the terms and the values used.

Scenario 1

Table 22: Dimensions of thedescriptive framework for the first scenario

Dimension Value and comments

Main Reward

- Enjoymerntbased
o Fun

o Curiosity and desire to test if it work
o Desire to do something different from your work
o Desire to expresgourself
o Values and Ideology
o Volunteerism and desire to support a cause
the project

Rewards (Main and Minor) o Reciprocity, exchange and mutual help

Minor Reward: None

This scenario exploits just one reward of type enjoyment based. In
the scenario provides no other reward mechanism besides it. Thu
users are stimulate to join the community because they find it fu
because they are curious to see how it wdokgause they simple wai
to express their predictions or finally because they might share the
of the community, i.e. helping the enhancing of skatiment analysis

engineOGdomain knowledge.

The scenario doesnOt even have any kind of minor reystem

- Connected to enjoymehased reward

Incentive o Sharing of the result because the user can access

the predictions coming from the community
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The system has just a reward system of type enjoybessd, thus the
Incentive dimension must reflex this (sa@escriptive frameworlat this
regard). The only incentive provided by the system is the sharing c
result. Indeed, the users can accessheogredictions made by othe
users and see the closed and open questiawgsing by querying the

database

Remuneration (Qualitative)

None

Task Type

Simple

The task type is simple because the users can just answer with yes
statement to any question. This doesnOt require a huge effort. Mor
posting a new question is a simple task as well. Indeed, the uset
have to follow an easy wizard with festeps. Providing data fdhe

sentiment analysis toadk a step in the process of posting new ques

and doesnOt require any effort

Data Quality Mechanism

Scenario 2

Group Evaluation [Averaging]

The quality of predictions coming from tttemmunityis ensured by
the averaging of the single answer given by the users. Thus, itis a
evaluation mechanism according to owescriptive framework
Moreover, itOs a classic averaging approach, the same one tt
discussed both while describing thisnginsion in Chapter 3 and whil
talking of theWisdom of the Crowda Chapter 2

Table 23: Dimensions of thedescriptive framework for the second scenario

Dimension

Value and comments

Rewards (Main and Minor)

Main Reward

- Enjoymerntbased
o Fun

o Curiosity and desire to test if it work

o Desire to do something different from your
work

o Desire to express yourself

o Values and Ideology

= Volunteerism and desire to support
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cause of the project
= Reciprocity, exchange and mutual
help
Minor Reward

- Prestigeoriented mechanism

o Increasing online reputation and recognition

For what concernghe Main Reward this scenario has the sa
characteristics of the previous one. Thus, our comments for the
scenario are valid also here. Moreover, in this scenario we exploit ¢
Minor Reward of type prestigeriented. Indeed, we introduced iretl
web application a ranking system of the users in the community an
possibility for every user to see the correctness statistics of

predictions made by the other individuals in ¢hewd

Incentive

- Connected to enjoymetiased reward

o Sharing ofthe result because the user can
access to all the predictions coming from the
community

o  Competition

- Connected to prestigariented reward

o User ranking and statistics of the best users

o Position inside the community

The second scenario has all the samieymentbased reward system ¢
the first one. Thus, it also exploits the same incentives. Moreover, i
some more incentives connected to the fact that it exploits a pre:
oriented minor reward. Indeed, the prestigeented minor reward relie:
on the user ranking and statistics of the best users system. The Pc
inside the community is another incentive deriving from the fact tha
users with the best performances will be followed in their prediction

the majority of the community.

Finally, Competition is a new incentive of this scenario linked to
enjoymentbased. Indeed, as we discussed indscriptivescenario,
competition can be fun factor for many users and it is introduced ir
test case by the user ranking that moveusers at competing betwee

themselves

Remuneration (Qualitative)

None

Task Type

Simple

The second scenario has the same value of the first one for what |
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the Task Type dimension, thus it is valid all what we discussed beftc

Data Quality Mechanism

Scenario 3

Group Evaluation [Averaging]

Competition

The second scenario again has the Group Evaluation [Averagin
value for the Data Quality Mechanism dimension. Thus, what

discussed before for the first scenario is valid also here.

Moreover in the second scenario, the data quality is also ensured |
competition among the users that is stimulated by the user rankin
statistics. We already discussed in thescriptive frameworkhow the
competition among users can help in acimg an overall higher quality

of the outcome ofrowdsourcing.

Table 24: Dimensions of thedescriptive framework for the third scenario

Dimension

Value and comments

Rewards (Main and Minor)

Main Reward

- Enjoymentbased
o  Fun (through gaming)
o Curiosity and desire to test if it work
o Desire to do something different fror
your work
o Desire to express yourself
o Values and Ideology
o Volunteerism and desire t
support a cause of the project
o Reciprocity, exchange an
mutual help
Minor Reward

- Prestigeoriented mechanism

o Increasing recognition (among friends)

For what concernghe Main Reward this scenario shares m:
commonalities with the previous one and the first. Thus, our comn
for the first and second scenario are valid also here. The differer
that in this case the fun part of the enjoymiease reward system &k

a bigger role because the third scenario isr@avdsourcinggaming
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platform (seedescriptive frameworlor this definition). We will see
while analyzing the result of the survey if increasing the fun rev

through gaming is an effective system fonmstlating user participation

For what concernshe minor reward, we have even here a prest
oriented mechanism. Indeed, the competition with the friends, v
gaming on making predictions, brings an increasing recognition tc

winner users

Incentive

- Connected to enjoymehased reward

o  Competition and Gaming

- Connected to prestigeriented reward

o User ranking and statistics of the best us

(between group of friends)

The third scenario has incentives connected both to the enjoyr
based rewardsystem and to the prestigeiented one.For what
concernsthe first reward we have the incentive Competition ¢
Gaming. The explanation is obvious and comes from the gai
system.For what concernghe prestigeoriented reward we have as
the secondcenario user ranking and statistics of the best users. In
also in this case we have ranking and statistics of the best users bt

are shared only among friends

Remuneration (Qualitative)

None

Task Type

Game

The main difference between this scenario and the other three rel
the task type. As we discussed in the previous paragraph the
scenario is acrowdsourcinggame, following the definition that w
proposed in thelescriptive frameworkThus, thedsk type is obviously

Game.

Data Quality Mechanism

Group Evaluation [Averaging]

Competition

The third scenario again has the Group Evaluation [Averaging] as
for the Data Quality Mechanism dimension. Thus, what we discu

before for the firsscenario is valid also here.

Moreover, as in the second scenario, we have the Competition a:
quality mechanism even here. Thus, what we discussed \

presenting the second case is valid also here.
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Scenario 4

Table 25: Dimensions of thedescriptive framework for the fourth scenario

Dimension

Value and comments

Rewards (Main and Minor)

Main Reward

-> Opportunistic
o Direct monetary compensation both f

winning a bet/prediction and for providin
useful new information forthe domain
knowledge by posting new questions.
Minor Reward
- Enjoymentbased
o Fun
o Curiosity and desire to test if it work
o Desire to do something different from you
work
o Desire to express yourself
o Values and Ideology
o Volunteerism and desire to support
cause of the project
o Reciprocity, exchange and mutu

help

This time the minor reward is of type enjoymdaised and thudor

what concernshis part it is valid what we already said in the previc
scenarios. The main reward instead is opportunistic. This is the
scenario that exploits an extrinsic/opportunistic reward system.
users earn money by winning bet, i.e. by performing copeedictions.
Thereby the opportunistic reward is a direct monetary compenss
Moreover, they get a monetary bonus every time they reach ten p
questions that provide new information the sentiment analysis too
This should stimulate both trenswering to the questions (second ta

and the creation of new questions (first task)

Incentive

! Connected to enjoymehased reward

o Sharing of the result because the user
access to all the predictions coming from t

community.

- Connectedpportunistic reward
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o Money

The fourth scenario has the money as incentive. Indeed, it explc
direct monetary compensatidfor what concernthe minor reward, the

incentives are the same seen for the first and second scenarios

Low, Medium, High

The monetary remuneration provided by this platform varies accor
to the amount of the money used by the users to bet on predic
Remuneration (Qualitative) Thus, it encompasses the whole range of Low, Medium and t
Moreover, we supposedhdt the compensation for posting ne
questions would be low. Anyway, in the survey we inserted a spe

question at this regard

Simple

Task Type The fourth scenario again has the same value of the first one for

regard the Task Type dimensidhus it is valid all what we discusse

before

Group Evaluation [Averaging]

Reward Accuracy

The fourth scenario again has the Group Evaluation [Averaginc
value for the Data Quality Mechanism dimension. Thus, what

discussedefore for the first scenario is valid also here.

_ ) Moreover, this scenario has a Reward Accuracy system as data ¢
Data Quality Mechanism mechanism. Indeed, the system of the fourth scenario provide:
monetary bonus only to people in theowd able to post at least 1
questions providing new information ftre sentiment analysis todh

addiction, the user can earn money by betting, only if making co
predictions. This should ensure that the users would try to post
time question regding new brands and sdivands and to answer

their best to the questions.

4.4 The experiment and the prescriptive framework

In this section we will discuss to which extent the analyses performed in the context
of the prescriptive frameworkhelped usn shapingthe experimentAt this regard
we can state that thprescriptive frameworkold us how to choose the four scenarios
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to test.

We already know from the beginning that the experimeatalvdsourcingweb
application that we have to idi was a knowledge community, i.e. ErOowledge
Sharing®, OKnowledge AcquisitionO 6olective Knowledg& crowdsourcing
application. Indeed, this emerges from the paragraph 4.2 in which we described the
Categorization dimension for the four scenarios.

In the analysis of the relationship Categorizat®rincentive in theprescriptive
framework we understood that knowledge communities almost in any case, exploit
OSharing of the goalsO and OSharing of the resultsO incentives. Moreover, we saw
that the gratest part otrowdsourcingcommunities belong to this category. Thus,

we developed the base web architecture in order to harness these two incentives. As
counterargument we also tested the case of the third scenario where the OSharing of
the resultsO isot exploited, thus removing this incentive from the base architecture.

In the analysis of the relationship Main Rew&iask Type, we saw that generally
crowdsourcingsystens with simple tasks exploit enjoymehased main rewards,

while opportunistic revards are usually offered in the case of complex tasks. Thus
we focus more on the former and three out four scenarios focus on this type of
reward mechanism. Moreover, usually enjoyresded rewards are coupled with
prestigeoriented rewards (see Minor Rard b Main Reward relationship) and we
tested this design in the second scenario.

The analysis of the ternary relationshipcentivebMain RewardD Minor Reward
IncentivebTask Type and Incentiv®@Required Knowledgeshowed us which other
incentiveswe could exploit in our test cases. In particular, we saw that the incentive
Competition, User Ranking and Voting systems were harnessedtwisourcing
application with both enjoymetitased and opportunistic reward systems. Thus, we
designed a limitedersion of these incentives in our scenarios: the second scenario
exploits both a user ranking system coupled with user statistics and as consequence
of this, also competition. The third scenario instead introduces competition by
gaming.

The rationale behth the gaming system of the third scenario comes from several

factors. Firstwe saw that our empirical dataset had few examples of this type of
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crowdsourcingtask and thus we wanted to study more in deep the topic. Second,
from several analyses in tipee<riptive frameworkt turned out that these platforms
usually presentraoriginal behaviomw.r.t. the other approachesnd therefore they
may offer some kind of advantages. Moreover, we already had in our mind the idea
of building a game as final implem@tion for acrowdsourcingmethodology fothe
sentiment analysigee Conclusions).

Finally, some considerations regarding the fourth scenario: fronpréncriptive
framework analyses, in particular from the Main RewaBl Minor Reward
relationship, clearly emerges the importance of the extrinsic/opportunistic reward
mechanism andf the monetary incentive. Previously, we formulated the hypothesis
that this is probably the besiward for stimulating user participation. Thus, we built
the fourth scenarimtexplore this type of systems and test our hypothesis.

As concluding remark, theeview performed in the context of thprescriptive
frameworkgave us some data regarding gerity of the reward systems and how

to state if a reward would have be#re minor orthe mainfor our scenarios. In
particular, we saw that the prestiggented reward mechanism never appears as
main reward in reatrowdsourcingimplementation. Thuswe described our test
cases accordantly. This is true also for the opportunistic reward mechanism that we
saw being always the main reward when exploited (see Main Rewatahor
Reward relationship). At this regard, we will see that our experiment psovide
counterargumend to this conclusiormnd wewill widely discuss this finding.

4.5 Survey

Table 26presents the list of questions composihg surveythatwe proposed to the
test users. The survey consists2@f questions and tries to coval the relevant
aspects othe crowdsourcingphenomenon andf our research. In particulaeach
gueston refers to aspecific topic. Assessing the user satisfaction while using a

crowdsourcingsystem, has been the main driver behind the survey, bgudstions
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decline this goal in the specific sebmponents of arowdsourcingplatform,
according to thelescriptive framework.

The first groupof questiongOUser Information®glps us to idenyf classify and
analyze our base of test usefhey are geeral quesons concerning the test usersO
age, sex and education level. Moreover, they also assess the amount of time spent
online and the general attitude of the ggeward the online web communities of
knowledgesharing(with the question Ol am liketg join online web communities

and to share my knowled@g.

Other questionsefer to a specific dimensiqr set of dimensiorsdiscussed ithe
descriptive frameworlfor instance Size dimensionReward dimension, etcJhese
guestions may or noinvolve the test scenariosihe kst group of questions
(OScenari@) refers to the scenarios themseltesy are usedo perform general
comparisonsind analysebetween the scenarioBhe OSubjectO column of Table 17
specifies to which grougquestionbelongs or to which dimension(s) refers.

As we already discussed while descrghthe experiment, we divide it two parts.

In the first part the users answer to a set of questions before tryiagungsourcing
scenarios. Then, they have to play whie scenarios and finally they answer to the
remaining questionsAt this regard, he questions numbered in bdll Table 17
belong to the second part of the experiment.

Table 26 also shows the values that the answers can assume under the column
OValueO. Ehtest usecan providgust one answer for each questidine answers

can be a number (for instance whspecifyingthe age), or a valugom a multiple
choice. In the latter casge often used a Likettype scale. ALikert-type scale, is a
psychometric sale commonly used in questionnaires, and is the most widely used
scale in survey research, such that the term is often used interchangeably with rating
scale even though the two are not synonymous. When responding to a Likert
guestionnaire item, respondsspecify their level of agreement or disagreement on a
symmetric agreelisagree scale for a series of statements. Thus, the scale captures
the intensity of their feelings according to four five possible values: strongly
disagree, disagree, neither agreer disagree, agree and strongly agrébe

guestions whout a Likeritype answeluse instead a tedist of possiblechoices.
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Finally, several questions ask the respondent to order the four scemrantser
itemsaccording to one of their propertiesfeatures.

The survey was designed using the tools offered bygl@doocs and accessible by
any web browser. The usewrhile answering to the questionnaiveas oversae by a
researcher. Thushe tester had the chance of asking any kind of explanations
regarding thejuestions. Of course the researcher didnOt interfere in any way with the
testersproviding helpjust whennecessary and he didnOt check the answers provided
by the users at the moment of filling the survEélge questionnaire was completely
aronymous.In this way, we ensured a higher quality of the experimentdeme

All the questions in the survey were mandatory.

Lastly, a final notice concerning the questaiboutthe education level: the education
level considered is the academic titlattkhe respondefiteld or was pursuing at the
time of the survey.

While presentingthe results of our experimentve will discuss each question
analyzing the meaning and explaining why it was ch@separt ofthe surveyln
particular, we will provide thedisaggregate ressltfor each question befe

analyzing the aggregate data

Table 26: List of questions in the survey

# Question Value Subject
. User
1 Please enter your age Numeric [18 - 99] .
Information
User
2 Please enter your sex [Male; Female] )
Information
[High school diploma
. User
3 Please enter your edumm level Bachelor DegreeMaster )
Information
Degree PhD; Other
Please enter the numbafrhours spent online in a ) User
4 Numeric [1 - 24] )
day Information
I amlikely to join online web commuties and to ) User
5 Likert-type scale .
share my knowledge Information

6 I think the size of the community matters when Likert-type scale Size dimension
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10

11

12

13

choosing if joiing or not an online community

| would share mknowledge and spend my time
contributing to online communities for free if | sha
the goals

| would share my knowledge and spend my time
contributing to online communities for free if | car

access to the results and they are udefule

| would share my knowledge and spend my time
contributingto online communities for free if | get

fun

| am likely to contribute much more to an online
community if | can receive any kind of monetary
compensation even if | share the goals and/or tt

results

I am likely to contribute t@nline communities only
if performing simple (tag images, assign values, e
tasks

I am likely to contribute t@nline communitieglso
by performing complex (write long essays,

translation of text, etc.) tasks if | have the skills

| would not join an online communities and/or
perform tasks if they are not linked to my interest

even if | geta monetary compensation

It wasnOt a problem for me to provides some

additional information while placing new question

Please order the four scenarios according to ho
likely would you join each of them

Please order the four scenarios according to the

enjoyableness

Please order the four scenaéwcording to the
number of questions that you are likely to ansarer
postin each of them

Which range of compensation would you judge fe
for providing us useful infonation by placing new

questions?

Instead of money would you accepted some oth:

form of compensation (for instance fdree analysis

Likert-type scale

Likert-type scale

Likert-type scale

Likerttype scale

Likert-type scale

Likert-type scale

Likert-type scale

Likert-type scale

[Scenario 1; Scenario 2;
Scenario 3; Scenario 4]

[Scenario 1; Scenario 2;

Scenario 3; Scenario 4]

[Scenario 1; Scenario 2;
Scenario 3; Scenario 4]

[0.01-0.10 euro for
question; 0.16L euro for
question; | don®t care /

everything would be fine]

[Yes, if | judge the

monetary compensation

Reward and
Incentive

dimensions

Reward and
Incentive

dimensions

Reward and
Incentive

dimensions

Reward and
Incentive

dimensions

Task Type

dimension

Task Type

dimension

Reward and
Incentive

dimensions

Scenarios

Scenarios

Scenarios

Reward and
Incentive

dimensions

Remuneration

dimension

Remuneration,

Reward and
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by the sentiment engine for your purposes) for low; Yes, even if | judge Incentive
providing us useful information by placing new the monetary dimensions
questions? compensation adequate;

No, in any case]

[User ranking in the
Please order the following incentives according t second scenario; Gaminc  Data Quality
20 | how much they encourage you to correctly answe in the third scenario; Mechanism
the questions Monetary betting in the dimension

fourth scenario]

) Data Quality
| would try to correctly answer the questions at m ) )
21 . i ) Likert-type scale Mechanism
best even in the first scenario

dimension
Would you consciously provide false/incorrect Data Quality
22 information in thefourth scenario just to benefit of [Yes; Maybe; NoJ Mechanism
the compensation? dimension
Would you consciously provide false/incorrect
information in thefourth scenario just to benefit of Data Quality
23 the compensation knowing that the website use [Yes; Maybe; Noj Mechanism
automatic and/or manual mechanisms to avoid dimension

cheating?

4.6 Test groupdescription

In this paragraph we will describe the test group of users that we used for collecting
the data for our experiment.

The test group was composed of 51 people and each of them answered to all the
guestions composing the survey that we presented in theopsesection. As we

said, the first five questions, were mean for discovering important information
concerning the testertn particular, we wanted to ensure that our test group was
heterogeneous enough according to age, sex, education levéls etondtion for
becoming a tester we requested the users tictiee surfersi.e. to usually use the

Web at home and not just at work. Moreover, we didnOt request the users to have a
specific level of technology expertise nor to have previous experiencesnitk o

web communities.
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In the following part, v will review each of the first five questioaad provide the

results ofthe survey.

Age distribution

The majority of the testers belong to the range of age between 20 and 30 years and
30 and 40 years. The reason is that these users ad@gestinternetusers and as
consequence they hageeaterchances of joining online web communities. Anyway

we tried to have an as much as possh#éerogeneoutest group, thus itOs possible

to see that we interviewed also users with sewaradrdifferent ages, ranging from

19 to 66years(see Appendix B for the complete list of testersO ages).

Figure31 presents chart depicting the age distribution
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Figure 31: Age distribution chart among the test users

Table 27 presents the age distribution with percentages and the number of users
belonging to each range. It alshows the averagedterOs agmd the variance of

the sample
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Table 27: Age distribution among the test users

*Due to rounding, the percentages may not add up to 100%

<20 1 2%
20%$ Age < 30 31 61%
30%$ Age < 40 12 24%
40% Age <50 3 6%

%50 4 8%

Average 30.45 -
Variance 116.25
Total 51 100%

Sex distribution
The majority of the testere males. Anyway, the difference between the number of
females and males in the test group is little. Thus, the test group is heterogeneous

according tdhe sex distribution.

Figure32 presents a chart depicting tbexdistribution.

Male [29]

Figure 32: Sex distribution chart among the test users

Table 28 shows the sex distribution with percentages and the number of users
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belonging to eackex

Table 28: Sex distribution among the test users

*Due to rounding, the percentages may not add up to 100%

Male 29 57%
Female 22 43%
Total 51 100%

Education level distribution

As we already said, the education level is the acadétie that the tester heldr

was pursuing at the time of the experiment.

ItOs possible to see from text chart that he majority of the testetsold a Master
Degreeor at least a Bachelor Degre€hus, we were not able to have an equal
distribution of testers among the various categories of education level. Anyway, few
users in the test groups hold or are pumng a PhDwhile few less have just a High
School DiplomaPeople belonging to the category Other either have a lower degree
than the High School Diploma or have some kind of vocational education.

Figure33 presents a chart depicting tb@ucation levedlistribution.

High school diploma
Bachelor Degree
Master Degree

PhD

Other

0 4 8 12 16 20

Figure 33: Education level distribution chart among the test users
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Table 29 presents theducation levetistribution with percentages and the number

of users holding each academic title, including Other.

Table 29: Education level distribution among the test users

*Due to rounding, the percentages may not add up to 100%

High School Dploma 4 8%
Bachelor Degree 9 18%
Phd 20 39%

Other 6 6%
Total 12 100%

Hours spent online a day

We wanted to check that thesters were active Internet users. Thus we asked to
provide the average number of hours spent online each day. While interviewing the
users we found out that is a common practice to surf the Net duricg tiffie for
personal purposes. Thus, we took iatountthis factor and the number of hours
spent online is the overall average, includihg time spent onlindor personal
purposesat work.

The majority of testers spend about taomorehours a day surfing the Web for
purposes unconnected to th@bg$ and/or educatiofrew users spend just one hour a
day. Moreover, itOs possible to see that many testers spend even 4 or more hours a
day online. Thus, we can see that the test group was biased to very active Internet
users. This is not a problem forraesearch because the probability of engaging with
online web communities grows proportionally with the time spent online. Thus,

active and very active Internet users are the main target users of our research.

Figure34 showsa chart depicting theoursspent online a day by the test users.
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0 5 10 15 20

Figure 34: Hours spent online a day by the test users chart

Table 30 shows the hours spent online a day by tesietls percentages and the

number ofusers belonging to eatime range.

Table 30: Hours spent online a day by the test users

*Due to rounding, the percentages may not add up to 100%

1 hour a day 6 11%

2 hours a day 18 35%

3 hours a day 9 17%

4 hours a day 6 11%

5 hours a day 6 11%
More than 5 houra day 6 11%
Total 51 100%

General attitude toward online web communiaesl knowledge sharing

We assessed the general attitwfiehe users in the test grqupward online web
communities of knowledge sharing (see thalescriptive framework for
Categrization) through the question: Ol am likely to join online web communities
and to share myrlowledgeO. This question hadikelit-type scale apossiblevalues

for the answenWe assessetthis general sentimebecause we wanted to be sure that
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there wasno strong biasamong the people in the test groumainstonline
communities Indeed, a strong bias would have undermined the result of the research.
This bias could come from a strong privacy sentiment that piefrent joining any

type of community ofrom an overall low feeling towardthe sharingof information

on Internet independently from the degi, the purposes and the rewayktems
proposed by therowdsourcingplatform.

ItOs possible to see from the next chart that the testers are wselbltyiented
towards online web communities. The majority of them agrees or strongly agrees
with the statement in the question. No tester has a strong bad feeling against online
communities (OStrongly Disagree®hile some of them usually donOt easiip jo

web communities (ODisagreeO). A good percentage of the users in the test group
neither agree nor disagree with the statement in the question. They donOt have any
negative sentiments against web community but ustiadly think carefully before

joining one of them.

Figure 35 shows a chart depictindpe answer tahe questioraccording to a Likert

type scale.

Strongly disagree

Neither agree nor... _

Agree

Strongly agree
0 5 10 15 20 25 30

Figure 35: Answers distribution chart for the question

Ol am likely to join online web communities and to share mignowledgeO

Table31 showsthe answer to the questionth percentages and the numbeusérs

choosing each option
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Table 31: Answers distribution for the question
Ol am likely to join online web communities and to share mgnowledgeO

*Due to rounding, the percentages may not add up to 100%

Strongly Agree 1 2%
Agree 27 53%
Neither Agree or Disagree 12 24%
Disagree 11 22%
Strongly Disagree 0 0%
Total 51 100%

Heterogeneityand representativeness the test group

As we said, we tried to select an as much as possible heterogeneous test group in
order to not introduce biases in our analysis. Moreover, we wanted our test group to
be representative of thgpical users that surf thhWeb and actively use Internet in
Italy. At this regard we used the study of Livraghi (2011), for comparing the
characteristics of our test group, with the ones ofltddan Internet users-or what
concernsthe ageand sexdistributions, our test grougpproximately follows the
same patterns that we have for the overall Italian case. However, the level of
education of our testers, is higher then the one of the typical Italian Internet users.
Indeed, the average level of education of the Italian Inteisess is the High School
Diploma (Livraghi, 2011), while in the case of our test group is a university degree
(bachelor or master). Anyway, we think that this factmesnOintroduce a
significant bias to our analysis, being all the other characterigppsoximately
distributed as in the general Italian case.

4.7 Results

We will now present the result of the survey. For each question we provide detailed
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statistics concerning the answagwwen by the testers. Moreover, we analyze the
meaning of the results and how they reflex on our prospective. lisftieg all the
results for each question, we will commeénthe next paragraplhe general results
of the survey, poiting out ouroverall comlusions gained from the experimemd
how this experience can help us to shape a realdsourcingnethodology fothe

sentiment analysi®ols

Question 61 think the size of the community matters when choosing if joining or not

an online community

While analyzing the Size Dimensions (Qualitative and Quantitaitivé)e context of
thedescriptive framewortve pointed outhatthe size otheuserbase (or therowd)

is adecisive factor for angrowdsourcingoroject. The reason is that the sizetloé

crowd influences both the quality of therowdsourcingOsutput (seedescriptive
frameworkand Wisdom of the @wds,Chapter 23) and the general attitude of the
individuals toward the community. A vital and vast community has more chances of
engaginga higher number of new joiners andoreover people tend to be more
active in big communities (sedescriptive framework Chapter 3). With this
guestion we tried to bring experimental data at the support of our statements. Thus,
we asked the testers txpgess their opinion concerning the size of a generic
crowdsourcingcommunity. We can see that the majority of the testers agree or
strongly agree with the statement of question 6 while no tester disagrees or strongly
disagrees. We can conclude that as ststed in thedescriptive framewotkthe
community size is a fundamental aspect both for the qualitheocrowdsourced

data and for the users in therowds themselves. Thereby, the designers of

crowdsourcingplatform should try to maximize it.

Figure 36 shows a chart degiog the answer to the questiaocording to a Likert

type scale.
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Figure 36: Answers distribution chart for question 6

Table32 shows the answer to the question with percentages and the number of users

choosing each option.

Table 32: Answers distribution for question 6

*Due to rounding, the percentages may not add up to 100%

Strongly Agree 11 22%
Agree 25 49%

Neither Agree or Disagree 15 29%
Disagree 0 0%
Strongly Disagree 0 0%

Total 51 100%

Question 71 would share my knowledge and spend my time contributing to online

communities for free if | share the goals

In the descriptive frameworkwe concluded that one of theomponentof the
enjoymemtbased reward mechanism is thathe users often participate in
crowdsourcingcommunities because they share the goals that power the community
itself. Moreover, we pointed out that sharing of the goals, together with the sharing
of the results, is a fundamental incentive for the enjoyrhased reward

mechanism. This came out also from our considerations concerning the Incentive
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dimension in theprescriptive framework(see theprescriptive framewonk We
pointed out the example of Wikipedia where users basically contribute because they
believe in the idea of free knowledge. Moreover, we showed the outcome of a survey
from which comes out that the sharing of the goals (OValuesO in the survey) is the
second most important reason for becoming a Wikipedians (@escriptive
frameworR. Thus, we argued that the sharing of the goals is oftele@sivefactor

for encouraging the usersO engagenhewour experiment, we asked to the testers, if
they agree or nowith the statement in question 7 that exactly focuses on assessing
the importance of Osharin§the goalsO. In particular, the question tries to clear the
ground from other reward mechanisms. Indeed, it contains the formula Ofor freeO
meaning that no ber form of compensiain would be given besides the Osharing of
the goal®. It results that all the 51 testers agree or strongly agree witatiment;
thereby they providedtrongevidence that sharing of the goals is a decisive factor
for stimulatinguser participation imn online community otrowdsourcingWe can
conclude that the designers should take o&i@early pointing out the goals behind

a crowdsourcingproject even in the case of a fiot-free initiative backed by a
company for busineseasonsOf course,crowdsourcingprojects with good social
goals such as Wikipedia or Kickstarteenefitfrom this. However, the sharinof

the goals isnOt limited just to benefic social initiative. Consider for instance the case
of Waze, it strongly tes to make its users aware of the benefits that they will receive
joining its community and being active contributors. Thus, it moves the users toward

the sharing of its goals in order to make them active contributors.

Figure 37 shows a chart degiog the answer to the questi@atcording to a Likert

type scale.
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Figure 37: Answers distribution chart for question 7

Table33 shows the answer to the question with percentages and the number of users

choosing each option.

Table 33: Answers distribution for question 7

*Due to rounding, the percentages may not add up to 100%

Strongly Agree 5 10%
Agree 46 90%
Neither Agree or Disagree 0 0%
Disagree 0 0%
Strongly Disagree 0 0%
Total 51 100%

Question 81 would share my knowledge and spend my time contributing to online

communities for free if | can access to the results and they are useful to me

Following what we did in question 7, here we analyze another component of the
enjoymentbased reward systenm this case the Sharing of the result (@escriptive
frameworkfor a definition). Indeed, many onlir@owdsourcingcommunities share

the results produced by thelatforms. We had evidence of this from our analysis of
the empirical dataset in the coxiteof the prescriptive frameworkin particular,

sharingof the results was one of the most @dad incentives fronrcommunities
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with a main reward of type enjoymelpdsed. Moreover, it was one of the most
exploited incentives overall. In our analysis thie Categorizationb Incentive
relationship in theprescriptive frameworkwe also saw that the communities of
knowledge (OCollective KnowledgeO, OKnowledge Sharing0 and OKnowledge
AcquisitionO) usuallywvidely use this incentive for stimulating user pagation.

This result is particularly interesting to us, because as we said in the paragraph 4.2
our base web application, and all its declinationshe four scenarios, falls in the

three categories that compose the knowledge communities taxonomy: ®@ollect
KnowledgeO, OKnowledge sharing® and OKnowledge AcquisitionO. Thus, it turns out
that we are clearly interested at assessing the validity of the incentive OSharing of the
resultsO. Moreover, @owdsourcingmethodology for the sentiment engine would
surely fall at least, in the category OKnowledge AcquisitionO. Question 8 tries to
bring some statistical data at this regard. We asked to the users to which grade they
agree with the statement of the questids. for question 7 we tried to clear the
ground fom other reward mechanisms with the formula Ofor freeO meaning that no
other form of compensation would be givefihe result shows that the majority of
testers agree or strongly agree with the statement, thus they are deeply more
stimulated at contributing to arowdsourcingproject if they can access to the

outcome of therowdsourcing.

Figure 38 shows a chart degiing the answer to the questiaocording to a Likert

type scale.
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Figure 38: Answers distribution chart for question 8
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Table34 shows the answer to the question with percentages and the number of users
choosing each option.

Table 34: Answers distribution for question 8

*Due to rounding, the percentages may not add up to 100%

Strongly Agree 17 33%
Agree 30 59%
Neither Agree or Disagree 4 8%
Disagree 0 0%
Strongly Disagree 0 0%
Total 51 100%

Question 91 would share my knowledge and spend my time contributing to online
communities for free if | get fun

With this question we tried to assess hiowportant is the fun part for aser who

takes part to acrowdsourcingcommunity. As we said in théescriptive framework
talking of the type of task, sevemowdsourcingcommunitiestry to stimulate user
engagemenby proposingtasks of game typdn every case thesaowdsourcing
projects are knowledgeeommunities i.e. they are Oollective KnowledgeO,
Knowledge Sharingd or OKnowledge Acquisitiontdwdsourcing platforms
according to the Categorization dimension of a@ascriptive framewortk This
emerges from thanalysis of the empirical dataset (see the relationshiggving

the Task Type dimension, at this regard). We saw that fun is a fundamental
component of the enjoymebased reward mechanism and we had evidence of this
also analyzing the WikipediaOs community: it emerged from the survey performed by
Nov (2007) hat the main reason why contributing to Wikipeidiecause writing or
editing articles is funnyMoreover, our third scenario is of type game and thus we as
well tried to widely analyze to which extend the fun side can help at stimulating user

contributon. With this question we try to provide an overall general view of the
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topic directly asking if the users would be interested at contributing to a
crowdsourcingcommunity just to spend their spare time in a OfunnyO activity
without receiving any other for of compensation. As for question 7 and 8 we
introduced the formula Ofor freeO in order to clear the ground from other reward
mechanismsilt turns out that &lightly majority of the testers (53%lisagreer is

neutral with the statement. Thus, we amgue that the overall sentiment toward
taking part tocrowdsourcingprojects just for fun is low. Anyway, a good share of

the user agrees or strongly agrees with the statement. They still represent a good pool
of individuals to tap forcrowdsourcingpurpo®s. Moreover, the majority of users

that doesnOt agree with the statement are neutral at this regard and donOt express an
overall negative attitude to the fun side of online communities. Thus, we can
conclude that a gooctowdsourcingmethodology should yrto exploit other rewards

and incentives coupled with the fun, in order to tap several different groups of
people.Analyzing other questions concerning the third scenario we will come back
on this topic.

Figure 39 shows a chart degiag the answer to thquestioraccording to a Likert

type scale.
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Figure 39: Answers distribution chart for question 9

Table35 shows the answer to the question with percentages and the number of users

choosing each option.
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Table 35: Answers distribution for question 9

*Due to rounding, the percentages may not add up to 100%

Strongly Agree 5 10%
Agree 19 37%

Neither Agree or Disagree 16 31%
Disagree 11 22%
Strongly Disagree 0 0%

Total 51 100%

Question10. | am likely to contribute much more to an online community if I can
receive any kind of monetary compensation even if | share the goals and/or the

results

Question 10 tries to assess to which level the extrinsic/opportunistic reward
mechanism and ino#éives stimulate user engagement in onliceowdsourcing
communities. In particular, it focuses the direct monetary compensation as reward
system and the money as incentive (see Rewards and Incentive dimensions in the
descriptive framewodk This is a irst general question and we will study further the
topic analyzing the results concerning tbarth scenario that, as we said, invatve

the betting of real money and monetary compensation. We wanted to focus on the
contributions derived just from the ekxisic incentive and thus we formulated the
statement of question 18skingto the testers if they would contribute (much) more

to an online community just because of the monetary incentive even if they already
share its goals and they can access to dimevdsourcingresults. These two
incentives were already covered by the previous questions.

ItOs possible to seeFigure40, that there is no strong bias toward a specific answer.
The only clear result is that no tester strongly disagree with the statérasyby no

one completely exclude the chance that a monetary compensation would increase his
activity level in acrowdsourcingproject. Actually, the relative majority of the testers
agres or strongly agreewith the statement. This brings support te thypothesis
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that we formulated in thdescriptive frameworkand that we also remarked in the
prescriptive framework i.e. the users are deeply stimulated loyopportunistic
reward mechanism, in particular by a direct monetary compensation for their
cortributions. Moreover, we can argue again, and now exjperimentaktatistical

data supporting us, that the opportunistic reward mechanism is the main ireathrd

the systems that exploit it. We already reached this conclusion previously, while
analyzirg the relationships concerning the Main and Minor reward, in the
prescriptive frameworkThus, we can already conclude that the direct monetary
compensation seems the best way for stimulating user participatomadsourcing
projects. However, we will @ne back with more details discussing tloeirth
scenario. Still there is &ig share of testers that disagrees with the statement.
Excluding any kind ofmoral prejudice toward the moneyy the testers, we can
conclude that the money often dogssficeif consideredalone, at stimulating part

of the individuals that may composeceowd. We already saw it commenting the
result of the NovOs survey in the context ofigseriptive frameworkAt this regard,

it is valid again what we conclude for questiontBat a good combination of
incentives and rewasdelps at tapping the biggest share of the people.

Figure40 shows a chart degiog the answer to the questiaocording to a Likeft
type scale.
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Figure 40: Answers distribution chart for question 10
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Table36 shows the answer to the question with percentages and the number of users
choosing each option.

Table 36: Answers distribution for question 10

*Due to rounding, the percentagesnay not add up to 100%

Strongly Agree 13 25%
Agree 11 22%

Neither Agree or Disagree 12 24%
Disagree 15 29%
Strongly Disagree 0 0%

Total 51 100%

Question 1Jand Question 12

| am likely to contribute toonline communities only if performing simple (tag

images, assign values, etc.) tasks

| am likely to contribute to online communities also by performing complex (write

long essays, translation of text, etc.) tasks if | have the skills

We will analyze together question 11 and question 12 because they both focus on the
Task Type dimension of odlescriptive framewotk=rom this point of viewthey are
complementary questions and must be studied togéttierasked to the testers,
which isthe tasksO maximum complexity that they would accept in order to take part
to a crowdsourcingcommunity. At this regard, we provided in questionsbine
examples of simple taskkg images, assign values, etc.) and assessed how much the
testers are likelyo join a community that requires the users to accomplish them.
Both question 11 and question 12 are irdeng to us for several reasonsst, we

are interested to check which level of efforts canaskto the users of a future

sentiment analysisrowdsourcing community; second we wanted to link our



Experimental study and analy®f the results 145

theoretical analysis of the Task Type dimension with experimental data. Thus, we
inserted also these two questions in the survey.

It& possible to see in Figudd, that the relative majority of the teste@7%) agrees

or strongly agree with the statement, thus they are interested only in communities
with simple tasks. Anyway, 29% of the testers are neutral and 24% disagree. Thus,
we need to move to the next questions to analyze better these tasglesstion 12

we preceded in the same way of question 11, proposing a list of possible complex
tasks (write long essays, translation of text, etc.) and assessing how many users
would accomplish themVhile reading the answers of questions 11 and 12 we were
expecting that the users would have provided complementary data. Namely, the
number of users that agree or strongly agree with the question 110s statement would
have disagreed or strongly disagreed with question 120s statement. However, no
tester strongly degrees with question 12 while only 27% disagree. This is far way
from the 47% of users that expressed strong bias toward simple tasks. We can argue
thatwe got theseesults because the testers tenddbexcludea priori any type of
involvement thus thg donOt express a strongly negative feeling in question 12.
Moreover, question 11 and 12 concentrate just on the complexity of the taskd and no
on the nature of themome users may perform also really complex tasks if they
strongly likely them while thewill also perform simple boring tasks if stimulated by
other form of incentives unlinked to the nature of the job, such as the direct monetary
compensationThis emerges also from the strong component of neutral answers to
both the questions. We can cam that the individuals in trerowdsdonOt exclude

a priori any complexity of tasks but what really matters is the incentives and rewards
system set up by throwdsourcingplatforms

Figure 41 shows a chart depicting the answer to the question 11 according to a
Likert-type scale.
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Figure 41: Answers distribution chart for question 11

Table 37 shows the answer to the question 11 with percentages and the number of

users choosing each option.

Table 37: Answers distribution for question 11

*Due to rounding, the percentages may not add up to 100%

Strongly Agree 4 8%
Agree 20 39%
Neither Agree or Disagree 15 29%
Disagree 12 24%
Strongly Disagree 0 0%
Total 51 100%

Figure 42 shows a chart depicting the answer to the question 12 according to a

Likert-type scale.
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Figure 42 Answers distribution chart for question 12

Table 38 shows the answer to the question 12 with percentages and the number of

users choosing each option.

Table 38 Answers distribution for question 12

*Due to rounding, the percentages may not add up to 100%

Strongly Agree 0 0%
Agree 22 43%
Neither Agree or Disagree 15 29%
Disagree 14 27%
Strongly Disagree 0 0%
Total 51 100%

Question B. I would not join an online communities and/or perform tasks if they are

not linkedto my interests even if | get a monetary compensation

Question 13 is another question concerning the opportunistic/extrinsic reward
mechanism and incentives. As we already stated, we are deeply interestexd to thi
topic because from our analgsentil now appearsstrong evidence that the direct
monetary compensation is the best mechanism to stimulate user involvement in
crowdsourcingprojects. Howeverwe saw that often this mechanism needs to be

couplad with other forns of reward and/or incentive to wo well. The monetary
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compensation alone doesnOt suffice to ntlkeemajorityof the people to join the
crowds.We wanted to bring experimental data at support of this conclusion in order
to finally reach a groundbreaking conclusion at this regard. Morgthemonetary
mechanism requires a good level of financial investments to be exploited by an
online commauity backed by an organizatioffthus, we would like to bring more

data supporting this hypothesis in order to clear the ground from any déulisy,

our first research problem, namely developingr@avdsourcingmethodology fora

typical sentiment engine, moves us to consider other options before looking to the
monetary incentive.

Question 13 tries to assess if the users are generally orignhgetforming tasks

even if they are not interested on them but they can receive an amount of money for
their job. In other words, we checked if the money incentive alone is a good option
for a crowdsourcingcommunity of any kindWe introduced the formalOif they are

not linked to my interestdO clear the ground from all the forms of enjoymbased
reward. We didnOt take into consideration the prestigeted reward because as we
saw in theprescriptive frameworkt is never used as main reward macism.
Looking at Figure43, itOs possible to see that indeed, a very strong share of the
testers would not be effectively encouraged at taking part twoadsourcing
platform by just the money. 92% of the total set of testers agrees or strongly agrees
with the statement. No tester is neutral or disagrees with the question. Only a small
percentage (8%) of testers strongly disagree with the statement. As usually we can
exclude a moral bias from the testers, indeed the test was completely anonymous
thus theusers were not concerned at showamgttitude different from the reality.

We can conclude that our hypothesis on the direct monetary compensation is valid.
However, we will come back on the opportunistic reward system again, talking of
the fourth scenarm. This conclusion will be part of the general compound of results
that we will put together in the second part of this section.

Figure43 shows a chart depicting the answer to the question according to a Likert

type scale.
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Figure 43: Answers distribution chart for question 13

Table 39 shows the answer to the question 12 with percentages and the number of
users choosing each option.

Table 39: Answers distribution for question 13

*Due to rounding, the percentages may not add up to 100%

Strongly Agree 13 25%
Agree 34 67%
Neither Agree or Disagree 0 0%
Disagree 0 0%
Strongly Disagree 4 8%
Total 51 100%

Question #. It wasnOt a problem for me to provides some additional information

while placing newguestions

Queston 14 etters in the specific problem of assessing which would be an effective
crowdsourcingmethodology for populating the domain knowledgeao$entiment
analysis toalln particular, this question directly assesses if the task tha¢svgned
in our base web application, and thus in all its four declinations into scenarios, would
be easily accomplished by the users of a future hypothetieaidsourcing
community. In other words, we wanted to know to which extent the users are likely

to provide useful information for us while taking part to our experimental
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community. As we stated several times throughout this thesis, one of our main goals,
besides modeling the novel domainasbwdsourcinghas been understanding how

we can effectively develop crowdsourcing applications that encourage user
participation in an online community. This is an important step linked to our wish of
shaping acrowdsourcingmethodology fora sentiment analysis tooA great part of

our work has beeras consequerg the analysis of the underlying factors that bring
people into theerowds. The following questions regarding the four scenaiigsto

put a light on this topic. Question 14 instead collects experimental data concerning
the general architecture of thaseweb applcation It provides data toheck that the
design choices that we maddile developing the base architecture donGttera
negative biasAs we discussed in the paragraph 4.2, all the four scenarios collects
the informatiam for the sentimengénginein the same wathus, besides their different
declinations, they all share a common methodology for accomplishingndisé
important taskof populating thedomain knowledgeMoreover, this task comes
alongside the other task of making predictiofise later derives from our choice of a
Prediction Marketweb applications but itOs not directly linkedtiie sentiment
analysis although it is fundamental to us for understanding dievdsourcing.
Question 14 checks the testersO sentiment towards the technical methodology for
collecting dataover the football and fashiotrend domains.The problem is if the
testers have been annoyed by having to provide new information every time they
posted questns with unknown brands or stpands. With this question in the
survey we tested if the choice of asking new information in the process of posting
new questions in the web application was easily accepted by the users thus not
influencing the answers tbeé remaining part of the survey. Moreover, we wanted to
check our hypothesis that we can buildrawdsourcingcommunity that provides

data toa sentiment analysis toohs sideeffectto its processes. An affirmative
answer is particularly interesting laese it confirms the correctness of our
methodology.

Looking at Figure44, it clearly emerges that all the testers donOt express any
negative attitude toward the way of collecting the information implemented in our
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web application. Indeed, 100% of thettgsoup agrees or strongly agrees with the

statement in question 14.

We can concludethat our methodology of producing semantic data from

crowdsourcingwas not invasive and well accepted. We will propose again this

conclusion in the final compound at thed of this section.

Figure44 shows a chart depicting the answer to the question according to a Likert

type scale.
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Figure 44: Answers distribution chart for question 14

Table 40 shows the answer to the question 12 with percentages and the number of

users choosing each option.

Table 40: Answers distribution for question 14

*Due to rounding, the percentages may not add up to 100%

Strongly Agree 17 33%
Agree 34 67%
Neither Agree or Disagree 0 0%
Disagree 0 0%
Strongly Disagree 0 0%
Total 51 100%
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Question 15Please order the four scenarios according to how likely would you join

each of them

Question 15, 16 and 17 try to assess the effectiveness of the four scenaobthand
respective design choiggn stimulating the testersO involvement. Question 15 starts
by checking which scenario is more likely to move the people to join it.

Looking at Figure45, we can see that the third scenario, the game scenario (see
paragraph 4.2), is the most effective while the first scenarios is the less one. Indeed,
althoughthe first scenario doesnOt appear with the highest frequency in the last
position (hefourth scenario does), it is still placed in the majority of the cases in the
third and last position. Thus, a first conclusion is that the gaming is a strong
incentive for the users when deciding to join or notavdsourcingcommunity.We
already pdty discussed it while describing the result for question 9 concerning the
fun aspect. We saw that fun is a good incentive and we can argue that gaming is the
most effective way of implementing itt also emerges that the OSharing of the
goalsO and the l8ing of the resultO are not effective enough as incerftivesir

web applicationIindeed, they are the main incentives exploited by thesiestario,

which we must stresst again, is just the base web architecture without any
modifications.

Comingto the second antburth scenario we see the former is usually placed in
good position, just after the third one, while the former performs worse and 26 (51%)
of the testers put it in the last positidle can argue that the competition and user
ranking sytem introduced with the second scenario works well in stimulating user
engagement. Going to tHeurth scenario, w can argue that there was a strong
negative bias from the testers towards the betting of real money and that this bias
was not counterbalaed by the monetary bonus that tfoeirth scenario gave as
incentive to post new questions on the communityis bias could undermine our
conclusions, indeed it seems that the monetary incentive doesnOt work well as
incentive, contradicting all the evideexwe got until now against this fathus, ve

can already conclude that our design choice of a betting system as monetary

incentive for the fourthscenariohas undermined, in part, thealidity of our
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conclusios. Of course we couldnOt imagine this tewdile designing the survey
and this problem is part of any experimental effort involving daaé, whichoften
presents bias andgdden factors, unknown at the moment of the design. Moreover,
this result gave us new information for the sake of devejppicrowdsourcing
methodology fora sentiment analysis engin@ fact, we can state thatPaediction
Market crowdsourcingveb application oriented to the betting isnOt an effective way
to stimulate user involvement. Anyway, the set of all questmmerning the
scenario promes a better characterization and help us to understandeéhe
situation When we will provide our general conclusions taking into account the
whole survey and not just a question at the time we will see that indeed the resul
confirm our original hypothesis. Anyway, we can argue that a system implementing
only a financial bonus for posting new useful question would be hi#era betting
application We will include these considerations in the final compound.

Figure 45 shows a chart depicting the answer to the question accotdiritpe
positions of the four scenarios.
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Figure 45: Ranking distribution of the four scenarios in the answers to question 15
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Question 6. Please order the four scenarazxording to their enjoyableness

Question 16 assess the overall sentiment of the testers toward the four scenarios after
that played with them for a certain, variable according to the wish of the tester,
amount of time. As we would aspect, the resulessamilar to the one seen for the
previous question and we could repleatealmost all of the consideratiomgee made

for question 15. The main difference is thhé scenario number four performs
better placing in the third position with the highest foegcy. This seems to support

our idea that the outcome of question 15 was biased by a general negative sentiment
toward online betting. Indeed, even if the tester looks less likely join the fourth
scenario, he expressa better appreciation for it thanrfthe first scenario, implicitly
confirming our hypothesiszor what concernthe scenario number three and two, the
resuls are almost identical in their meanings to threes of question 15hé third
scenario confirms to be the most appreciatedvald by the scenario number two

and, finally,we can see that without exploiting any kind of incentives besides the
OSharing of the goalsO and OSharing of the resultO, the first scenario fails in gaining
the appreciation of the test group.

Figure 46 shows a bart depicting the answer to the question according to the
positions of the four scenarios.
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Figure 46: Ranking distribution of the four scenarios in the answers to question 16

Question ¥. Please order the four scenarascording to the number of questions

that you are likely to answer or post in each of them

Question 17 looks at how the four scenarios encourage usersO contribution. Indeed,
we want to check which scenario and the respective design choices, brings more
people in thecrowdat posting and answering more questions. In other words, which
scenario would have the most vital community.

Looking at Figured?7, it is possible to see that scenario number two perform better
overall, placing in the first position witthe highest frequency, thus overcoming
even the third scenario, that until now has presented the best performance. Anyway,
the third scenario seents work well as well. We can argue that the user ranking and
user statistics implemented in the second g@mnare strong incentive for
contributions. Moreover, the competition as incentive, which is exploited both by the
second and third scenario, performs well overall. The first scenario, confirming what
we have seen until now, places in the last positiothéx majority of the cases.
Finally the fourth scenario again comes often as third preference. If this result didnOt
surprise us in question 16, which concerns the enjoyableness of the scenarios and not
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the contribution level, here instead tells us thatrtiumetary bonus isnOt a strong
enough incentive both for answering to the questions and for posting new questions.
Again, we think that we can trace back these findings to the bias against betting that
seems to transpire from all the outcomes of quesfoi@ and 17.

Figure 47 shows a chart depicting the answer to the question according to the

positions of the four scenarios.
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Figure 47: Ranking distribution of the four scenarios in the answers to question 17

Question 18Which range of compensation would you judge fair for providing us

useful information by placing new questions?

Question 18 refers to the Remuneration dimension ofescriptive frameworkit

tries to assess which level of remuneration would be judge faihdoyestersfor
providing us information for the domain knowledge by placing new question. It is
directly linked to the fourth scenario that is the only scenario with an opportunistic
reward system. Moreover, this scenario, as we already discussedatithel users

to post new questions by giving them a monetary bonus for reaching a threshold of
ten useful new questions posted. In the prospective of building a future working
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implementation of @rowdsourcingnethodology foa sentiment analysis engirvee
already asked to the testers which level of remuneration they wouldolikifis

bonus Moreover, this gave us more information concerning d¢ht@vdsourcing
phenomenon itself. Indeed, the data coming from this question can be used as aid by
the developrs of newcrowdsourcingapplications that exploit a strture similar to

our test casesccording to thelescriptive frameworkOf course, this remark is valid

also for the majority of the data produced by this research, and, in fact, it has always
beenone of our driving goals.

Looking to the Figure8, we can see the majority of the testers (73%) didnOt express
any preferences concerning the level of remuneration they would judge fair for their
job, acceptinginsteadany amount of money. This is the rhasportant resulfor

what concernghe designing ofiew crowdsourcingapplications: most of the time the
monetary compensation works well at encouraging user involvement, independently
from its level. This is particularly true farowdsourcingcommunites that propose

small and simple tasks and we already had a preview of this while discussing of
Amazon Mechanical Turk (see thaescriptive framewo)lk Moreover in the
prescriptive frameworkve avoiced to analyze theRemunerationdimension but
anyway we still can bring some new findings also in this topic thanks to our
experiment and survey. Surely, these findings are not always generalizable. At this
regard, consider for instance the case of InnoCentive (we already discussed it several
times in thisthesis): the tasks that it proposes are really complex tasks thus the
monetary incentive has to be proportionally increased and itOs amount is a

determining factor for stimulating the user involvement.

Figure48 shows a chart depicting tla@swer to theguestion.
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| don't care / everything
would be fine [37]

0.01-0.10 euro for
" question [9]

0.10-1 euro for
question [5]

Figure 48: Answers distribution chart for question 18
Table41 shows the answer to the question with percentages and the number of users

choosing each option.

Table 41: Answers distribution for question 18

*Due to rounding, the percentages may not add up to 100%

0.01-0.10 euro for question 9 18%
0.101 euro for question 5 10%
I donOt care / everything 37 73%

would be fine

Total 51 100%

Question 19. Instead of money would you accepted somther form of
compensation (for instance few free analysis by the sentiment engine for your

purposes) for providing us useful information by placing new questions?

We saw several times how the monetary incentive can be a strong aid in stimulating
user irvolvement incrowdsourcingorojects. However, we were interested in finding
alternative to the monetary incentive for the sake of developingaavdsourcing
methodology In particular, we wanted to discover if there could a market for the

sentiment analyses produced hyspecific sentiment analysis toahd if these
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analyses could be used as a form of OpaymentO for the contributions given by the
crowd. Moreover, we condered that involving the uséase in the usage odhe
sentiment analysis tooWould increase the effectiveness of the OSharing the goalsO
and OSharing the resultsO incentives. Thus, we investigated this topic by asking the
testers if they would acceptree other form of compensation instead of money (and

in particular free sentiment analygasrformed bya sentiment analysis eng)néor
providing to thecrowdsourcingsystem useful information by placing new questions.
Unfortunately, it is possible to sdeom Figure 49 that this is not the case. The
greatest majority of the test users refuse this possibility. Anyway, we can see that
there is still a good share of the testers (33%) that would accept this alternative in
any case. We can make two consideratilooking to the data. First that it is possible

to propose a combined payment composed both of a monetary incentive and of
another form of compensation involvinhge analyses produced by a sentiment
analysis toal Moreover, that the strong negative aaswmay come from the fact the
majority of the testers were not able to understand the topserdfment analysis
because they didnOt know it befoféus, further development may open new
possibilities.

Figure49 shows a chart depicting the answer toghestion.

No, in any case [33]

Yes, if | judge the
LN monetary compensation
to be too low [1]

Yes, even if | judge the
monetary compensation
adeguate [17]

Figure 49: Answers distribution chart for question 19

Table42 shows the answer to the question with percentages and the number of users
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choosing each option.

Table 42: Answers distribution for question 19

*Due to rounding, the percentages may not add up to 100%

Yes, if | judge the monetary 1 2%

compensation low

Yes, even if | judge the 17 33%
monetary compensation
adequate
No, in any case 33 65%
Total 51 100%

Question20. Please order the following incentives according to how much they

encourage you to correctly answer to the questions

Question 20, 21, 22 and 23 refers to the Data Quality Mechanism dimension. At this
point, we can see how we tried to shape the surveyderdo cover all the main
factors that are involved iocrowdsourcing.The Data Quality Mechanism is the last
dimension proposed in odescriptive frameworknd it will be analyzed it.

As we stated already, tleeowdsourcingnveb application in all its four declinations
doesnOt provide any kind of data quality mechanism for the sake of ensuring a good
quality of the information reachinthe sentiment analysis todowever, it exploits
some data quality mechanisms for the otharor task of making predications. Thus,

we can study the results coming from this approach in order to either test the validity
of our descriptive frameworland to gain new knowledge that would be of great
interest in future researches involving the gualf the data fola specific sentiment
analysis toal

In paragraph 4.3 we described the Data Quality Mechanism dimension of the four
scenarios and we saw that all of them exploit the Group Consensus [Average]
mechanism in the same way. However, we alsted thathe secondo and third
scenarios harness also the Competition mechaniite the fourth adds a Rewards
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Accuracy mechanismMoreover,the second and third scenaiamplement the
competitionin a different way:scenario number two introdas tle competition
through usr ranking and user statisticssesario number three instead uses the
gaming and the challenges between friends.

At this regard, itOs interesting to us a comparative analysis of these three ways to the
data quality, to discover wth one is the most effective. Thus, in question 20, we
asked to the users to rank the scenarios according to how much they encourage them
to correctly answering the predictions.

Looking at Figures0, we can see that the User Ranking in scenario two isdega

as the best mechanism by the testers. Gaming also performs well, being in second
position with the highest frequency. Finally, remarkably for us, the monetary betting

in the fourth scenarigsnOt regarded as being a good incentive to provide correct
answers.Thus, in our experiment, the reward of the accuracy performs worse than
the other two. This is a countargument to Shaw, Horton & Chen (2011), which
proposed the reward of the bestowdsourcingproductions as the foremost
mechanisms for fostemgndata quality.

Figure 50 shows a chart depicting the answer to the question according to the

positions of the four scenarios.

35
31
30 |28 27
25
User ranking in the second
20 16 scenario
15 13 & Gaming in the third scenario
121
10 7 8 Monetary Betting in the
. fourth scenario
First Second Third
Position Position Position

Figure 50: Ranking distribution of the four scenarios in the answers to question 17
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Question21, Question 2 and Question 23

| would try to correctly answer the questions at my best even in the first scenario

Would you consciously provide false/incorrect information inftheth scenario just
to benefit of the compensation?

Would you consciously pride false/incorrect information in tiieurth scenario just
to benefit of the compensation knowing that the website uses automatic and/or

manual mechanisms to avoid cheating?

We will conclude our presentation of the data coming from the survey, arathein
guestion 21, 22 and 23. We analyze these questions together becausg tbey tr
assess first if a data quality mechanism isnOt unavoidable to ensure a good quality of
the answers and second if using the a monetary bonus would not undermine the
methoalogy we chose focrowdsourcingdata forthe domain knowledgeroducing

low quality outcomes.

In Figure5l, it is possible to see that almost 100% of the test group agrees with the
statement of question 21. Thus, they would try to provide correct answer also
without any additive data quality incentive such as Competition or Reward
Accuracy. From this result wean state that Group Consensus [averaging] should
already perform well in producing good answers.

Figure 52 and 53 show the answs to the last two questions. résults, that the
people in the test group are nstrongly oriented at cheating just for reéng
monetary bonus. Moreover, quest@tries to check if a data quality mechanism of
type Surveillance (sedescriptive framewojkwould foster a better data quality
overall.Indeed, it does, rising the number of people that would surely not chemat fro
the 65% to the 90% of the test base.

It is possible to argue to which extent the people answered sincerely to these last
three questions. The questionnaire was completely anonymous thus we have no
evidence of lying or giving false answers and we think ttata are reliable.
However,for what concernshe data quality a bigger and more heterogeneous test
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group may have produced slightly different results.
Figure 51 shows a chart depicting the answer to the question 21 according to a
Likert-type scale.

Strongly disagree I
Disagree
Neither agree nor...

Strongly agree
0 10 20 30 40 50

Figure 51: Answers distribution chart for question 21

Table 43 shows the answer to the question 21 with percentages and the number of

users choosing each option.

Table 43: Answers distribution for question 21

*Due to rounding, the percentages may not add up to 100%

Strongly Agree 0 0%
Agree 50 98%

Neither Agree or Disagree 0 0%

Disagree 0 0%

Strongly Disagree 1 2%
Total 51 100%

Figure52 shows a chart depicting the answer to the question 22.
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Yes [0]

Maybe [18]

Figure 52: Answers distribution chart for question 22

Table 44 shows the answer to the question 22 with percentages and the number of

users choosing each option.

Table 44: Answers distribution for question 22
*Due to rounding, the percentages may not add up to 100%

Yes 0 0%
Maybe 18 35%

No 33 65%
Total 51 100%

Figure53 shows a chart depicting the answer to the question 23.

No [46]—
Yes [0]

Maybe [5]

Figure 53: Answers distribution chart for question 23
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Table 45 shows the answer to the quest@Bwith percentages and the number of

users choosing each option.

Table 45: Answers distribution for question 23

*Due to rounding, the percentages may not add up to 100%

Yes 0 0%
Maybe 5 10%

No 46 90%
Total 51 100%

4.8 Analysis of the results

We will now provide our general conclusions concerning the experiment that we
carried out and that can be drawnnfrthe answers to the survey. saeonclusions

are aimed at proposing a finelowdsourcingmodel for an application capable of
enhancinga generic sentiment analysis teath a methodology to crowdource the

data in order to populate idomain knowledgeThis model maximizes the user
satisfaction variable as represented by thi@ions of the test groug:hus, with this

last paragraph we conclude our research warlswering to the first research
guestion that we posed the beginning of our effort

While developing the survey we tried to cover all the aspbett we regarded as
meaningful and relevant for our purposes, i.e. to further assess the validity of the
modeling tools (thelescriptiveand prescriptive frameworKsin addition toall the
analysedocused on the empirical dataset thad madepreviously and to firally
developed a groundbreakirggowdsourcingmethodology fora sentiment analysis

tool with a focus on the user satisfactidde still have to conclude with a complete
and coherent description of our proposal for a commuattyeving thdater task

We will try to offer a schematic presentation of this community, of course again
exploiting ourdescriptive frameworkThe overall analysis that we will draw here
takes into account our main goal of understanding how to foster user participation to
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online crowdsourcingcommunities and at the sartime tries to put together all the

pieces that we presented throughout the thesis

The community that we want to build fdhe sentiment engine is a knowledge
community, i.e. a communityith the following values for the Categorization

dimension of thelescriptive framework

¥ OKnowledge Sharing®
¥ OCollective KnowledgeO
¥ OKnowledge AcquisitionO

We already discussed this in the paragraph 4.2 when we presented the common
dimensions of the four scenarios. Thug will read the answers provided by the
testers at the light of this consideration.

From question 7O! would share my knowledge and spend my time contributing to
online communities for free if | share the goale®)can derive the importance of
OSharing of the goalsO incentive. Clearly stating the goalscaiwasourcing
application greatly hekpin attracting the userstimthe crowdand in fostering their
participationand satisfactionThus, this could be arffardable option for a future
implementation of &entiment analysisrowdsourcingnethodology. From question

6 (Ol think the size of the community matters when choosing if joining or not an
online communityQjlearly emerges that@owdsourcingcommunityshould tries to

opt for all the incentives that can increase the size of its user community. This
finding offers another good support to our decision of focusing on the study of the
stimuli of user involvementThe answers to question @I would share my
knowledge and spend my time contributing to online communities for free if | can
access to the results and they are useful to te#Q@¥ that OSharing of the resultsO
should be coupled with OSharingtioé goalsO. Indeed, we sawttie prescriptive
framework context that this practice is exploited by the majority of knowledge
communities. Acrowdsourcingcommunityfor a sentiment analysis toshould not

make an exception to this. The problem is which kind of resultsséimément
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analysis toolOsrowdsaircing community should share. For what we saw in the
analysis of question 1@Instead of money would you accepted some other form of
compensation (for instance few free analysis by the sentiment engine for your
purposes) for providing us useful infornaatiby placing new questions28® testers

are not interested in thesentiment analysislt results that the proposal for a
community should consider other form of knowledparing We think that the idea
developed irour base web application is goingtime correct direction at this regard.
Our base application proposes a system wherertved accomplisheseveraltasks:

the people makpredictions answering to the questiangrovideuseful information
about new brands and sbbands while posting newguestions. Thus, the
crowdsourcingof semantic data fathe sentiment analysis toobmes asideeffect

of anothercrowdsourcingask, namely th@lacing of new questions. In this way we
provide to the community a database of cressdrced data (therediction3, which

can be seen as a value for the users in the comnurtity is not vital for sentiment
engineOs purposes. The database of predigitims resulthat is shared, and the
implementation of the OSharing of the resultsO incentiveoMer, this is a way of
dribbling the problem emerged from the answers to question 19, i.e. the users seem
not willing to engage directly withsentiment analysis A crowdsourcing
methodologyfor a sentiment analysis toshnnot avoid from tlse considerabns
andthuswe think it should always take the form of a web application aimed at some
other purposes, producing sisle effect the data fothe tool This conclusion is also
baded by the results of question @It wasnOt a problem for me to provitese
additional information while placing new questionsi@)which we saw that the
testers were not annoyed by the necessity to provide additional information while
posting new questions. The only shortcomiigy that this approach requires
developingnot intrusive mechanisms to collect semantic data. We made a first step
into this direction proposing the solution representedPbsdiction Marketsweb
application model but of course many other ways can be studied and tried.

This finding offers another opponity. We saw from the answers to questeofOl
would share my knowledge and spend my time contributing to online communities

for free if | get funQ)15 (OPlease order the four scenarios according to how likely
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would you join each of themO)6 (OPleaserder the four scenarios according to
their enjoyableness@nd 17 (OPlease order the four scenarios according to the
number of questions that you are likely to answer or post in each of thtbatGhe

fun side of participating to arowdsourcingcommunity should be properly
encouraged. We saw how the gaming task in the third scenario gained good
conensus among the testers. Thus, designof our crowdsourcingcommunity
should follow this track: proposing tasks that can be regarded as funny to be
accomplished. This cannot be easily achieved by just asking toaweto provide

their knowledge concerning brands or duwbnds of interest fothe sentiment
analysis toql but should be managed by designing collateral tasks. Moreover, we
saw from theanswers to question80 (OPlease order the following incentives
according to how much they encourage you to correctly answer to the questionsO)
and 17,that competition holds several rslén our model. Competition can be
effectively exploited to increagee quality of the crowdsourced data and ig also

an incentive to the enjoymehtsed reward mechanism, in particular its
component of fun.

However, we saw from questid) that the fun ofperforminga taskalone,often
doesnOt suffice at stimukagithe useto accomplish it. The drawback is even bigger

if our purposes encouraging the usersprformingmany times the same task. And
indeed,the toolneeds a lot of information to keep updated its knowledge domain.
Thus, weexplored the opportunitof opportunistic rewards coupled with monetary
incentive. At this regard we gotcontradictoryresults. From ondand, the users
seems toeffectively support our thesis, extracted from the experience of the
empirical dataset and therescriptive framewds, that the direct monetary
compensation i| strong incentive to boost user contributiand satisfactionIn
particular, this turns out from the answers to questioOlam likely to contribute
much more to an online community if | can receive any kafdmonetary
compensation even if | share the goals and/or the resuls®p other hand, when

the questions directly involve oumplementatiorof an opportunisticschemgfourth
scenario), the testers seem to dislike approach (question 15,16,aid 20). e
argued that the betting modbht we designed was not well regaddby the majority
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of the testers and this partly undermined the results of our seoreerningthe

direct monetary compensation and monetary incentive. However, we weebltill

to get worthy data at this regard. In particular, we saw that the individuals in the
crowdsare not deeply interested to the level of the mahaythey can get fronby
accomplishing thgobs. We linked this result to the consideration we made in the
descriptive frameworkand we concluded that for simple tasks the level of
compensation is not determiningfactor. Thus, we werevenable to deepen our
analyses of the Remuneration dimension.

The answers to question (@l am likely to contribute to onk communities only if
performing simple (tag images, assign values, etc.) taskaD)2(Ol am likely to
contribute to online communities also by performing complex (write long essays,
translation of text, etc.) tasks if | have the skilte®)us thatsimple tasks have much
greater chances to attract contributdiisis can be coupled with the resukgarding

the third scenario, i.e. the gaming one, and with the answers to question 15, 16, 17
and 20 that directly compare the four scenarios. It emetbas scenario two and
scenariahree overalperform better then the others in the majority of the situations,
both regarding the user participation stimulation and the data quality of the
crowdsourcingoutcomes We can conclude that simple tasks couplath wser
ranking (exploiting competition) and gaming (another way of exploiting competition
and fun) are the most effective solutioAs$.the end, the former solution is overall

the best one and practically, the easiest to be implemented.

Finally, questios 20, 21(Ol would try to correctly answer the questions at my best
even in the first scenarigC2 (OWould you consciously provide false/incorrect
information in the fourth scenario just to benefit of the compensaticaROP3
(OWould you consciously guide false/incorrect information in the fourth scenario
just to benefit of the compensation knowing that the website uses automatic and/or
manual mechanisms to avoid cheating@&)e us some material to reflex on the data
guality mechanism. We can statieat the users are not willing to cheat while
participating to arowdsourcingcommunity, even if a direct monetary compensation

is offered. Of course, we can argue that to an increasing level of compensation

corresponds a greater level of cheating. Butasis the amount of money involved
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is low, this doesnOt encourage bad behaviors. Following the answers coming from
these questionst seens that just aggregating the crovedurced data could be a
good mechanism afrowdsourcingCompetition itself, that as we saw can be easily
introduced in several ways, is greatly helping in increasing the quality of the-crowd
sourced dataMoreover the second scenario looks better at ensuring data quality
than the third oneAgain it looks thatour crowdsourcingmethodology should not

rely on money to foster better performanparticipation and overall satisfactiaof,

the contributors. Indeed, the testers were not stimulated at providing better answers

by this incentiveFinally surveillance sensto work well to prevent the cheating.

Finally, we can conclude that a mixed combinations of all the factors that we
discussed until now should bi#e main route to follow while developing a
crowdsourcingnethodologyfor any sentiment analysis toolatthasthe architecture
design we assumed Chapter 2 and should achieve the goal of attracting the highest
amount of users and boosting their satisfacfidrus, our final model puts all these
considerations together in a schematic way built accordingutodescriptive
framework In particular,for what concernghe reward mechanism we prop@sgix

of opportunistic and enjoymebtsed rewards. In our case, the traditional distinction
between main and minor reward falls and we put them at the samekk@ihg the
prestigeoriented reward as minor rewardhus, our situation is quite complex
presenting three reward systems.

The next table providea list of all the dimensions with the values that we chose for
them. Some of them descend directly frorhet description of the base web

application discussed in paragraph 4.2.
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Table 46: Our model of acrowdsourcing methodology for a sentiment analysis tool according to the

descriptive framework
Dimension Value(s)
Categorization Collective Knowledge, Knowledge Sharing, Knowledge Acquisition
Crowdsourcing Type Integrative
Required Knowledge Low
Community Size Big (as big as possible)
User Type Any
Task Type Simple

Main Reward
- Enjoymentbased
¥ Fun
¥  Curiosity and desire to test if it work
¥  Desire to do something different from your wor
¥  Desire to express yourself
¥  Values and Ideology

o Volunteerism and desire to support a

cause of the project
Rewards (Main and Minor) o Reciprocity, exchange and mutual he
-> Opportunistic

¥  Direct mmetary compensation for providing
useful new information for the domain

knowledge

¥  (Alternative/In addiction) Indirect compensatior
by offering the services powered the

sentiment analysis engine
Minor Reward
-> Prestigeoriented mechanism

¥ Increasingonline reputation and recognition




Experimental study and analy®f the results 17C

- Connected to enjoymehased reward

¥  Sharing of the result because the user can access

the predictions coming from the community
¥  Competition

Incentive - Connected to prestigeriented reward

¥  User ranking angtatistics of the best users
¥  Position inside the community

- Connected opportunistic reward

¥  Money (direct)

Remuneration Low

Group Evaluation [Averaging]
Data Quality Mechanism Competition

Reward Accuracy

4.9 Testing of the methodology

In the previougparagraph we used the data coming fithie experimento design

our final proposalof a crowdsourcingnethodology for a sentiment analysis tool. In
particular we focused on the specific subset of sentiment analysis todlgebf
reputationanalysis, but auresults are easilfransferableto the general case. This
methodologyshould maximizeur quality metric, i.e. the user satisfaction, becduse

has been built according to the data coming from the survey where we assessed this
specificvariable using aest group of userdndeed, the final model is composed of
subcomponents that derive from the testing of several different solutions, the ones
implemented in the four scenarios, with respect to the user satisfaction and
participation expressed by the ttggoup. Each of the sutbmponents (the rewards
mechanism, the type of task, the incentives, etc.) of the final architecture has been
selectedbecause it was the most effective according to our analyses. Thus, the
overall final metlodology is the one #t maximizes our quality metriand resukli to

be the most effective.
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Conclusions and future developments

We started our research effort facing the probjeeidedby the donain knowledge
component of a typicaentiment analysisngine. Indeed, we saw that there waes

need of an automated methodology to populate the knowledge datsmkdy
these toolsfor performingsemantic analyses. At this scope, we kxbét a novel
research domain, namely tleeowdsourcingWe thought thait would have been
possible to devefw an automaticcrowdsourcingmethodology forpopulating this
knowledge domain and we developed a research methodology for assessing the best
crowdsourcingmnodel for this goal, according to the user satisfaction variable.
However, we saw from the beginnimgf our research that therowdsourcing
phenomenon was still not well covered from a scientific and academic point of view
and thatwe need to performa deep studef it in order to design an effective way of
exploitingthe crowdsourcingor our purposes.

In the first part of this research we fulfilled this lack providing a complete set of
modeling tools forcrowdsourcingapplicationsWe named them théescriptiveand
prescriptive frameworKThe descriptive frameworgrovidesten analysis dimensions

in order to describe and modet@wdsourcingplatform. These dimensiorsnerge

from both a strong theoretical effort that we made reviewing the academic literature

in several different contexts, and froexperimental and empiricalfeft. We tested
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the wvalidity of the descriptive frameworkin two ways: by modeling the
crowdsourcingapplications in the empirical datasatdby applyingit to develop an
experimentalcrowdsourcingmethodobgy for a genericsentiment analysisngine.

We can conclude the validity and coherence of this framework. Moreover, we hope
that its scope will not be limited to this researchtbhatinstead it will offer a novel
instrument in the field o€rowdsourcing.This has always been one of our primary
goalsand it is the main reason why we put such a stréfiogt@nd care in its design

and developing.

The prescriptive frameworkshould offer a further view on therowdsourcing
phenomenon. It has been developed both as part of the testing désttrptive
frameworkand for aiding us in shaping the experimental phase by transmitting the
expertise accumulated by a wide sample of cealvdsourcingapplications currently
active on the markeiThe results of the survey that we conducted as part of the
experimenal effort, confirmed the majority of the findings that emerge from the
analyses of the relationships among dimensions contained imprdeeriptive
framework.We are satisfied by this outcomed we hope that it might also offer a
precious set of guideliseand best practices for the developersrofvdsourcing
applications

In the Chapter 4, we outlinedcaowdsourcingnethodology fora sentiment analysis
tool, emerging from the experiment that we made with a test group composed of 51
people.The presentedrowdsourcingnethodology maximizes the quality indicator
that we chose for our research: the user satisfactimieed, his crowdsourcing
methodology exploits the most effective ways to stimulate the user participation to
the crowdsourcingplatform and at the same time provides a great amount of erowd
sourced data with a good quality.

Eventually we can state that one of our primary gbals beerto study the links
between the technologies aspects and the human factors. In particulaestienqu
has beerwhich are the technologies that more encourage the user participation and
satisfaction incrowdsourcingprojects and how to best design these technologies.
Thecrowdsourcingmethodology that we outlined here answers to this question.
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This research has been a first step towardditta solution of the problem. Indeed,
our crowdsourcingnethodology gives many ideas and direaitmeffectively reach

a real implementation of a workingrowdsourcingsystem taping the crowdsin
order to mairdin and enhance the domain knowledgamf sentiment analysis tool
that follow the architecture we presented in Chaptdih2 problem of automatically
modelinga knowledgedomainis still an open challeng&he research methodology
that we followed hash®wed to be a valid for the scope of proposing a solution to
this problem.

We hope that our effort can put a new light on this topic and thatowedsourcing
would be regarded in future as a possible solution.

With this research, & didnOt exhaust the whole topiccaiwdsourcingapplied to
sentiment analysibecause our resources compared to the magnitude of the job
prevented us from moving furthemrf the moment. Anyway, there are still many
open questions and problems that aesd many of them already came out while
working on this research. We can list somehafseopen challenges from which we

would like to have an answer sooner or later:

1) Increase the number and the type of information that can be colfectid
sentimem analysis tooby the crowdsourcingmethodology Indeedhere we
provided a methodology just for the coneept brand and subrand

2) Develop and apply quantitative measut@ assess the quality of the crowd
sourced information transferredttee sentimenanalysis tool

3) Following the direction shaped by the previous point, develop new
mechanism to foster the quality of crowdurced data. This should involve
also a system tdetect and resolve the ambiguittest thecrowdsourcingof

information naturail brings

4) Develop a way to get information from tleeowdsto better model the

relationships existing among the semantic concepts. This should involve also
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the study of novel automatic technigu® build hierarchies otoncepts,

composinghe domairknowledge.

and many more.

The most pressing challenge for us is probably developing a real implementation of
our crowdsourcingmethodology and many ideas have already been studied at this
regard. In particular, it would be interesting to develop a Faceboplkcaion
following the final recommendations that waitlinedat the end of ouexperiment
Facebook is a social network with many millions of users and it would be the ideal
environment to test on the field our conclusidviereover, it would give us krge
enough community to develop several metrics to evaluate in a preamk
guantitativefashion,the findings that we already exposed in this research. For sure,
we think that this would be a stimulating and challenging next research step.
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Website URL, Location, Description, Categorization
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3 IMDB (. r@"A" B8-&),1.=%,-((%08&51+-0>.3-C+%*>.@D-I* 7-$$%, 1+C%.20-1$%&'%>.20-1$%8&'%.@D58+C
4 Delicious &S+ +-)" (. re@"A" @-,+5%.4--E(58E+0' 7-$$%, 1+C%.20-1$%&%>.20-1$%8& '%.@D58+C
5 Amazon Mechanical Turk IM(L)8E"-( . r@"A" F5*E.A$$-,51+0'>.7-:.358E%1#%5,% 7$-)8.G5:-8>.B8-:$%(.@-$C+0'

6 Wikipedia U+ E+#%8&+5"-8" re@"A" 7-$$%,1+C%.HO,;, $-#%&+5 7-$$%, 1+C%.20-1$%& %>.20-1$%8& '%.@D58+C
7 Foursquare 11"9-)8*1)58%" -( . r@"A" G- 51+-@15*%&. @-,+5$.J%1!-8E>.K%-+09-8(51+-0 7-$$%, 1+C%.20-1$%&'%>.20-1$%8&'%.@D58+C
8 Article One Partners 11581+ $%-0%#5810%8*" -( re@"A" B8+-8.A81.@%58,D.7-(()0+1; 7-$$9,1+C%.20-1$%& %> . 20-1$96& %. A, [)+*+1+-
9 crowdSPRING 1" 81880 -( . Ir@"A" 78%51+C+1;>.L%*+0>.G-"-.L%*+'0>.K85#D+,.L%*+0>.485( 7$-)&.G5:-8>.7-$$%, 1+C%.78%51+C+1;
10 clickworker 111" $+,E1-8E%8" - K%8(50;. F5*E.A$$-,51+0'>.7-:.358E%1#$5,% 7$-)8.G5:-8>.B8-:$%(.@-$C+0'

11 Waze HMSM%" (. I'@"A" 7-(00+1; 48+CUMB@dHS$+,51+-0>.K%-+09-8(51+-0 7-$$%, 1+C%.20-1$%&'%>.20-1$%8& %.@D58+C
12 Urtak H1"815E" -( . re@"A" 7-$$5:-851+C%.B):$+, N#+OPA>. 7-$$%, 1+C%.20-1$%8&'%>.20-15%& %. A, [)+*+1+-
13 CloudCrowd " $)8,8-1&" (. r@"A" F5*E.A$$-,51+0'>.7-:. 358E%1#$5,% 7%$-)8.G5:-8>.B8-:$%(. @-$C+0'

14 CrowdFlower " 8-189$-19%8" -( . re@"A" F5*E.A$S$-,51+0'>.2-:.358E%1#$5,%>.7-01%01.K%0%8! 7$-)8.G5:-8>.B8-:$%(.@-$C+0'

15 Listener Driven Radio 11"$&885&+-",-( . I'@"A" 7-(00+1; 4.8+C%0.=5&+-.@151+-0 7-$$%,1+C%. 78%5A6-C50A8%.A, 1) +*+1+-0

16 Kickstarter I11"E+ E*1581%8" (. re@"A" 78%51+C+1;.B8-Q%,1*.6)0&+0' 78-189)0&+0".

17 Amazon.com 5(5M-0"-( . r@"A" B8-&),1.2%,-((%0&51+-0>.4--E*> K--&*>.358E%1#$5,% 7-$$%, 1+C%.20-1$%&'%>.20-1$%8&'%.@D58+C
18 FundingdLearning 111"9)0&+0'R$%580+0" -( . @#5+0 H&),51+-0.6)0&+0" 78-189)0&+0".
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o #$%&" '&()*+& " - JO$+*/# 18&)0-*2+*/# I"H#$%8& ()" H#(&*

34" -56789:;< " www.rockethub.com U.S.A. Creativity Projects Funding Crowdfunding

= ?@5A"B8C9; @D D;CE9F WWW.growvc.com Hong Kong Technology Start-Ups Funding Crowdfunding

=3 )G5CH;D8 WWW.Sponsume.com United Kingdom Creativity Projects Funding Crowdfunding

== )91@J;HIKL5D8 stardustathome.ssl.berkeley.edu U.S.A. Search Images, Science, Astronomy Cloud Labor, Problem Solving

=M N55CEO8@H8 WWW.zooniverse.org United Kingdom Search Images, Science, Astronomy Cloud Labor, Problem Solving

=P 1EH9@E<;98J"2@55Q@8I. www.pgdp.net N.A. Proofreading E-Texts, OCR, Error Search Cloud Labor, Problem Solving

=R AE7EDIGEI www.wikimapia.org Russia Map, Geoinformation Collective Knowledge, Knowledge Sharing
=S T55TU8"DIGH www.google.com/maps U.S.A. Map, Geoinformation Collective Knowledge, Knowledge Sharing
=V WI168<557"+@ICHUI9E5SC www.facebook.com/translations US.A. Text Translation Cloud Labor, Problem Solving

=X HG59Y;H WWWw.spot.us U.S.A. Community-Funded Reporting, Journalism Crowdfunding

=4 &<IF' www.ebay.com U.S.A. User Recommendation, Goods, Online Auction, Marketplace Collective Knowledge, Knowledge Sharing
M3 <;FI6@8JE9 www.buyacredit.com United Kingdom Community-Funded Movies Crowdfunding

M3 NIZZUFHLE@9 www.zazzle.co.uk U.S.A. Creativity, Product Design, Clothes Collective Creativity, Knowledge Acquisition
M= )8UUIICI www.sellaband.com Germany Music Band Funding Crowdfunding

MM 9L@8IJUBHH www.threadless.com U.S.A. Creativity, Product Design, Clothes Collective Creativity, Knowledge Acquisition
MP /G8C)9@889%IG www.openstreetmap.org United Kingdom Map, Geoinformation Collective Knowledge, Knowledge Sharing
MR *CC568C9EO8 www.innocentive.com U.S.A. High Level Problem Solving, Job Marketplace Open Innovation, Cloud Labor, Problem Solving
MS .EC78J*C"$CHAB@H www.linkedin.com/answers U.S.A. Q&A Collective Knowledge, Knowledge Sharing
MV $CHAB@<IT www.answerbag.com U.S.A. Q&A Collective Knowledge, Knowledge Sharing
MX W@88"\C5AU8JT8"&]6LICT 3form.org N.A. Collective Intelligence Algorithm, Q&A Collective Knowledge, Knowledge Sharing

"HHS%&' (" !

y




# NAME WEBSITE URL! LOCATION! DESCRIPTION! CATEGORIZATION!

39 Google Answers SO0 BE (Vo) - ! [#O#14 2311 4%&&'(567'18,%"&'9$'18,%"&'9$'10; +.61$

40 WikiAnswers GG, (%) | =+& 2311 4%&&'(567'18,%"&'9$'18,%"&'9$'10; +.61$

a FunAdvice.com D +976(#(%) | [#O#1% 2311 4%&8&/(567'18,%"&'9%$":18,%"&'9P!+.6,$!

a2 Yahoo! Answers @+ %Yo (Vo) - | THO#1¥ 2311 4%8&8&'(567'18,%"&'9$":18,%"&'9$'10;+.61$

a3 Digg " HOBSSH(%6) | [#O#1% 4%))?,65@8B.67',|C"-:ID'E-65'10;+.6,$ ! 4%&&'(567'18,%"&'9$'18,%"&'9$'10; +.61$

a4 Reddit m \99B5H(%) | THO#1¥ 4%))?,65@8.67',|C"-:ID'E-65'0;+.6,$ ! 4%&&'(567'18,%"&'9$'18,%"&'9$'10; +.61$

as Phylo F; @&96#(-#) ($6&&8H(+ [#O#1% GOH!1,&6,1J+):1','56(- ! 4%88&'(567'18,%"8'9%"18,%"&'9$'! 1 (K?6-656%,

a6 Foldit >06&9#65 IHO#1¥ GOH!1,&6,1J+):1J','56(- ! 4%8& (567 %"&'9%$"118,%"&'9$'11(K?6-656%,

a7 gwap S E#(%) | [#O#1% GOH!1,&6,13+):10(6", (:1=)+$'1L'(%$,656%, ! 4%88&'(567'18,%"8'9%"18,%"&'9$'! 1 (K?6-656%,

a8 BlueServo HE G TS | THO#1¥ =)+$'1L'(%$,656%, 4%8&'(567'18,%"8'9%"18,%"&'9$'! 1 (K?6-656%,

a9 cerberusgame g B 2-$4)H(%) ! M;1C'5;".&+,9- ! GOHII,&6,1J+)':1=)+$'IL'(%$,656%, :10(6', (:11-5.%,%) @ 4%88&(567'18,%"8'9%"18,%"&'9$'! 1 (K?6-656%,

50 Freelancer s &k (%) ! 17-5.+&6+ N6$;10'7'&IH.%E&)|0%&76,$:IM+-<! 18&&%(+56,$:IPY%EIQ+. 48%72910+E%.:IH.%E&)I0%&76,$

51 Get a Slogan D+ 80b$+ #(%)! CH1# 0896$+,14.'+56%, 49%88!(567'14.+56765@:148%7?910+E%.:18,%"& 93 11L(K
52 Prova "HE QT +HH(%5)! CH1H 4.+56765@:ID'E!B"-6$,:10%$%!B'-6$,:1J.+F:6(B'-6$, 4%&& (567'14.'+56765@: B&EHRO!

53 SocialAttire " 0/0(6+&+556. H(%) [#O#1% 4.+56765@:!H.%972(5!B'-6$,:14&%5:; - 49%88/(567'14.+56765@:18,%"&'9$'11(K76-656%,
54 Fundit "D 9G5H6! ='&+9 4.+56765@!H.%R'(5-152,96,$ 4.%"9>7,96,%

55 Philoptima e 6&Y6F56)+498.5 [HO# 14 N6$;D'7'&IH.%E&)10%&76,$:IPY%E!IQ+.<BF&+(' IF, 1=, 9%7+56%,:1489%?910+E%.:IH.%E&)|0%&76,9
56 TopCoder SO (%69 #(%) ! THO#1¥ S."&+,(14%9" - 1H.%$.+))6,$:IPYE!Q+.<'5F&+(' 48%72910+E%.:IH.%E&)10%&76,$

57 uTest OB BH#(%) | [#O#1% 0%>5"+.'IM"-56/$ 48920 E%.:IH.%E&)10%&76,$

58 Fixya s 6T @-+#(%) THO#1¥ 4%))?,65@B.67",14%-5?)".14+." | 4&%?910+E%.:!40/80%;((;8;';35?5355':!8,%"&'9$'!1(K?6-
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I #3%&" '&()*+& - JOS+*/# l&)O-*2+*/# CATEGORIZATION

34" 5667(" www.bootb.com Italy Creativity, Design, Logo Design, Graphic Design, Brand Design Collective Creativity, Cloud Labor
89" 66;;< " WWW.zooppa.com Italy Creativity, Design, Logo Design, Graphic Design, Brand Design Collective Creativity, Cloud Labor
8=" >)76?@2A676 www.istockphoto.com Canada Creativity, Stock, Photography, lllustrations, Video Collective Creativity, Cloud Labor

¥ Crowdsourcing Type, Task Type, Required Knowledge, Community Size (Quantitative), Community Size (Qualitative), User Type

I #3$%&" CROWDSOURCING TYPE TASK TYPE REQUIRED COMMUNITY SIZE (QUANTITATIVE) COMMUNITY SIZE USER TYPE
KNOWLEDGE (QUALITATIVE)
= 2BCDECFGH>? Integration Simple Low N.A. N.A. Amateur
" EB65<B"J6K"FC Integration Simple Low N.A. N.A. Amateur
L" *0p1(" Integration Simple Low N.A Big (*) Amateur
i Estimated
6M
” . . .
M 1CB>?>6GH Integration Simple Low *source: http://en.wikipedia.org/wiki/Delicious_(website) Big Amateur
100K
3 $F<N60O"%C?A<O>?<B"+ Selection Simple Low, Medium, High *source: http://www.propublica.org/article/propublicas-guide-to- Small Prp;Teasts?;r:’al
mechanical-turk
15M Amateur,
" . .CD% . . . . . g
8 >@>CD2< Integration Simple, Complex Medium, High *source: http://en.wikipedia.org/wiki/Wikipedia:Wikipedians Big Professional
7™M
P Q6GKHRG<KC Integration Simple Low *source: http://techcrunch.com/2011/02/21/foursquare-closing-in- Big Amateur
on-7-million-users/
11K Amateur,
S' $K7>?BC"/OC"2<K70C Selection Complex Medium, High *source: http://www.articleonepartners.com/patent-research- Small Professi;n'al
community/?u=10920
100K Amateur,
N - kgl " n g . )
4 AT 22 Eae {2z, (Geril s LY eI, I *source: http://www.crowdspring.com/how-it-works/ artell Professional
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# NAME "#3$%&#"1()* +-./ ,0&1+,-./ ! "12'("1%+ 1#44")(,-+&(5/+62'0),(,0,(7/8 ! 1#44"(,-+&(5/+ ‘&[+,- 1
D)#$3/%* 1 62'03(,0,(7/8 !
5667 C*@&#1:,!
. T e I (* | 1# 190 e ,
10 clickworker H#$#%E&) +$# -+t | [#0'1*,12'34 BO(1:U6HAREH:<<===>068 V67=(: 24> Y0 (*< B =(- W) B+ @ D:(E#99')@$
H/ !
@& LG | =l ' * :
1 Waze F)&#3.@&() +o#! G 89(L:96H#ARS+ <<===>=@B#>%(*<@|(L&<&4#]I 1 BB<*(:0+:# K3 C@&#1:
L7
- @) RF ey | 1k 1o e * .
12 Urtak F)&#3:@8&!() +$#] [#0'1%,12'34 80(L UHAREI0<<1: & @PHU(< o C*@&#1:
MeT C*@&#1:,!
" 04" "k I-(* | EEAPY (3
13 CloudCrowd #$#%&'() +#,1-(F+$#H. | 1#0'1*,12'34 BO(1:06#A8&+: <<===>0#:N>'(<%(*+@)04@I(1& @%s D:(E#99'()@$
< | C*@&#1:,!
14 CrowdFlower "H5HY6&) T [#0'1%,12'34 80(1:%6#48&+;<<N#)&1 H#IH#@&>Y%(*<P655<6Q<5L <% (5O (= #0'1* 1 DAERSS@S
“$$'() R@979< :
- . - "*@$$!98T
@) Rl G| =l * :
15 Listener Driven Radio F)&#3:@&() +$#! G(=! R>Q> U9&™* @E&HO C*@&#1:
Loen C*@&#1:,!
16 Kickstarter F)&#3:@8&!() "] G(=! 89(1:%6#A8&&+;<<===>V1(:@>%(*<&(@) 0L 9#:90 (HOA''%?98. @18 #0'1* 1 _ it o
D:(E#99'()@$
4@N#
M6/!
17 Amazon.com F)&#3:@8&!() "G G(=! 89(1:0%6#;! K'3 C*@&#1:
488&+;<<4+%>'9&">%):>'&<W%H$@10'(<%(:9'<#%(**P656<C*
18 Funding4Learning F)&#3:@&() "G | G(=! R>a> R>a> C*@&#1:
19 RocketHub F)&#3:@8&!() "G G(=! R>Q> R>Q> C*@&#1:
20 Grow Venture Community F)&#3:@&() "G | G(=! R>a> R>a> C*@&#1:
21 Sponsume F)&#3:@8&!() "G G(=! R>Q> R>Q> C*@&#1:
PQT
AN ey | — 101 * e * .
22 ST el P Clane 89(1:%6#A8&+;<<98@:019& @&4(*#>99$>I#: 2H$HO>H01<+50: ¢ @3B S
XQB!
23 Zooniverse "HSH%&]) "G G(=,#0'1* 89(1:%#A8&&+;<<I$(39>B(()'N# 9#>(:3<I$(3<P656<5P<6QAXQ H#O'1* 1 C*@&#1:
B(()'N#:0#A 9#:9k
X7
- mRAAN % | — 10 * e * .
24 Distributed Proofreaders #3H%E&'() (*+$#. ! G(=,!/#0'1 8O(1:06HARE+<<===>+30+>)#&<U<I& @ &I<IL@&GII%H) (@31 C*@&#1:
5/ !
ikimapi & LG | =l LN * :
25 wikimapia F)&#3:@&() +$#! G(=! BO(L:UHAREH <<IB(3>="2"* @+ @>(:3<) (OH<XX /#0'1* ! C*@&#1:
K'3!1S8T
. ' e 1 — H :
26 google maps F)&#3:@&() +$# ! G(=! R>QG> U9&™*@E&HO C*@&#1:
27 Facebook Translation F)&#3:@&() "G -(C+SH#. G(=,1/#0"1* R>Q> R>C> C*@&#1:
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o #$%8&" CROWDSOURCING TYPE!  TASK TYPE! REQUIRED COMMUNITY SIZE (QUANTITATIVE)! COMMUNITY SIZE ~ USER TYPE!
KNOWLEDGE! (QUALITATIVE):
(o Yeb-) " HEY6R! (B)H +),-%! Fo 112 (. ! . ($%5' |
" : %! : 34*5'69685$-799000:4-*$:549 ' h
<=>1
o "HB06& (B)* - %! 0 | : - ($%5' |
/ &012 AN (S)1 *)- %! rot 34%5'6%B$-799%#:0)?)-%@)(-*&90)?)BAB(C B)& n(3%5" !
34" 0.2156789, HEY6R! (B)H +),-%! Fo Dyt D! . ($%5' |
. . ($%5'G!
: <<= %.9%6$)* * _OpFI 9 I e el
3: 1<<=73@98, +9.9668)# E* - 9%F ! >%@)5! D1 D e
3 A7==101B8 HEY6R! (B)H +),-%! Fo Dyt D! . ($%5' |
<JJj2! ;1 ($%5'G!
' = 04.0 *: * _ 0, | 0, | 0, |
33 @6718=T)) +96.966%)# E*\-%F! >%@)5} 34+5'696885$-799#%04:64%$:6* OKLNEL<O1 MIP11INPR 88, ! >%@)5} H*19%644) 1.
3 ] QJJ2 . ]
* 04H1%® 0, *: - 04l *0 | 0, | 0, 1
3¢ D*7BA,677,%1 e ] A0 34*5'6%863-799%#:0)?)-%@)(:* £90)?) IR-Uo#+$ %6%6$>(- >%@)s! H(3%5 !
p=J2  ($%5'G!
3E FBB+57B,9G7 +9.9668)# E* - 9%F ! >%@)5,GIS)88  34*5'6%685S-799000:)HH694$) T0%:6* O(LYBS*6%6#$) T%01(8$4 >%@)5! i onady st
43(34 :
3 I9BJ78FB"$B)K76) "HEY6R! (B)H E* - 9%F ! >%@)5,G!S)&8 > B)& (3 TE
&) - SF °@)s.G! 34+5'696885$-799000:6'5#68U(4%:6* 96* -(#CO.)#2% @)# H*19%644) 1.
N . ($%5'G!
" y "HE068 (S)* * _ OpF! 9 ! '
3L $B)K7601M HEN& (S E*\-%F! >%@)5,G!S)&8 34+5'696885$-799000:6'5#68U(4%:6* 96* -(HCO(#40%'U(&. B)& H*19%644) 1.
——
3(" | N677"0B+K=78M7"¢P5@ "HS068 ()M E* - 9%F ! >%@)5,G!S)&8 Dyt Dt H,"*(If/o/j‘ri)?# .
=3
" —7n "HE0p @ 1V * _ OhFI 9 I I "*|0hA4)*
3 Q++M=7"$B)K76) 45068 (B) 1 E* - 9%F | >%@)5,G!S)&8 SASOBES-7999#0)7) 90@) (*€90) OV S0 HA0% 4 o H 196 44) 1.
=1 . ($%5'G!
. o R . ore) . , -
ca REREHENE) #%E () E*,-.%F! >%@)5,GIS)&8 34+5'696885$-799000:#*4$5-)@ (#40%'4:6%, 9(UBS B)& H*19%644) 1.
P>I . ($%5'G!
" 54 " 0, ' *: * _ 0, | 0, |
¢ N.B$BGI57-5+S HSNE(S)H B\~ 96F! >%@)5,GIS)&8 34*5'696B5$-799%#:0)2)-%@)(:+£90)?)IW5H#,@T)6%:6*, B)& H*10644) (.
: ($%5'G!
=% 04 0, *. * _ OpF! | |
EE T@9=+*951 +96.%668) % E* - 9%F ! )88 Dyt D oty
L3321
L *| 0/ O, *. * _ 0, | 0, | 0, | '*]0, *:
EM >+*U+876 +9.9668)# E* - 9%F | >%@)5,G!S)&8 B4 OUEES. T99000:6"-6°@36+19 >%@)5! H*19%644) 1.
LJ2! . ($%5'G!
" " "HE0H& (B * _ OpFI 9 | I
EL >7), #%E () E*,-.%F! >%@)5) 34+5'6%6885$-799000:6'5#68U(4%:6* 96* -(HCO5SHAS ol H*19%644) 1.
E(" NOP21 "HSY6&! (B)H E* - 9%F ! >%@)5,G!S)&8 10> B)& H(3%SCH
( 0&(%)" - %Ft 6@)5.G! 34+5'60685$-799000:6'5#68U(4%:6*,96* -(#COI)FC( H*19%644) 1.
——
£/ O+ 196,964 E* - 9%F ! >%@)5,G!S)&8 Dyt Dt H,"*(If/o/jli)?#(!
. . " 1 ($%5'G!
Ha e +96.9665)# E* - 9%F ! >%@)5,G!S)&8 D1 D::! HA0644)4 8.
Y& (" | Yo+




# NAME 1"#$%&H#" () +,-./ ! ,081+,-./ 1 "12'("[%+ 1#44")(,-+&(5/+62'0),(,0,(7/8 ! 1#44"(,-+&(5/+ '‘&/'+,-. 1
D#$3/%* 1 62'03(,0,(7/8 !
, ) , X o 5.1 , @+>&#081!
61 B GG el i | sz | 67(08%HERE, 92, BHTT: T&(%<, 4(&(:%(+:,8:7,:=>%<38(0)/:37,- = AB(BHTT'()%$
* Main Reward, Minor Reward, Remuneration (Quantitative), Remuneration (Qualitative), Incentive, Data Quality Mechanism
. 40)#"+ "/4"0,(#)+ "[4["0,(#)+ .
0 9 Wi . \ 0Y),( %0, T4l
# NAME 400+"/$0"% + 150"% -+ 62'0).(, 0, (7/98 62003(,0(7/8 + N,(@l__+ 00,0+2'03(,-+4/1:0)(&4  +
1 Pledgemusic C)E((ifg)j,?;#/ : H.@; H:@: H:@: "4>8)31(BI&AHIBHTOSE11"4>8)3! (BIRBHI3(>S H:@:;
2 global for me C)[i((ifgl‘ig#” H.@,; H.@; H;@; "4>8')3!(B!&4A#I8#70$&1!"4>8")3!(BI&U#!3(>$ H.@;
C)D(E+#)&>T#]! o . - "4>8)31(BI&AHIBHTOS$E1I"4>8)3I(BIR4HIZ(>$1I  J8(0,/CG>$0>& ()KL (&)@G#8>3)3ML
3 IMDB +(&'G>&() PEE S H@; Ha; 8>)<)31>)/1G(&')31TE7&H#¥ 7 N#O>8/|@%%08>UELI*(+ H8'&()
4 Delicious C)[i((ifgl‘ig#’ ! H.@; H:@: H.@: "4>8)31(BI&AHIBHTOS&1I"4>8)3I(BIRB#I3(>S  JB(0,/CG>$0>8'()IKL(&)3LI@GH8b3)3
(QHEL! *(+#&'& () L1I7#818>)<)31>)/1G(&)3! T~
5 | Amazon Mechanical Turk P, (880)7&%  ABHT&BBH)&H!! Q:RESQ T(O! 7E7&#+71!A(7&()!)77(;1:23{;’();+0) SER)OTHBLIOM || o) o OB HELI . HEE (1080
"4>8)31(BRAHIBHTOS& 11"4>8")3!(BI&4H#13(>$1!I7 , ,
I C)D(E+#)&E>THl! o . . , , &ams( J8(0,ICG>$0>&"()IKL(&)31() 7#)707M
6 Wikipedia )& ABHT& BB H) ]! H:@: H.@: 8>)<)31>)1G(&)3ITET&H#+TLIA(T'&!()) 74! (&)L 7)1
+H(8'G>&() A OYBEI 074! (OB T%8)3 NH#O>8/|@Y60608>%E L 1*(+,#&'&'()11"08GH
C)D(E+#)&>T#]! o . . o o , , ,
7 Foursquare e P, (880)7&% H:@: H@:; 4>8)31(BI&A#IBHTOSR1I"4>8)3I(BIGUH#I3(>S  J8(0,/CG>$0>&()IKL(&)31!@GH#8E3)3
8 Article One Partners P, (880)7&'% H.@; SQQEBQQOQ H#10+ OHE 1 NH#O>8/|@Y%60608>%E 11*(+ #&'&()11"08GH
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APPENDIX B

¥ First 7 questions

"#3Y& Please

Please enter

Please enter your

Please enter the number

| am likely to join online web

I think the size of the community matters

| would share my knowledge and

enter your your sex education level of hours spent online in communities and to share my when choosing if joining or not an online  spend my time contributing to online
age a day knowledge community communities for free if | share the

goals

1 28 Female Master Degree 4 Agree Agree Agree

2 25 Male Bachelor Degree 6 Agree Strongly agree Agree

3 25 Male Master Degree 4 Agree Strongly agree Strongly agree

4 26 Male Master Degree 3 Agree Agree Agree

5 33 Male PhD 10 Neither agree nor disagree Agree Agree

6 33 Male PhD 10 Neither agree nor disagree Agree Agree

7 33 Male PhD 10 Neither agree nor disagree Agree Agree
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#User Please Please enter Please enter your Please enter the number I am likely to join online web | think the size of the community matters | would share my knowledge and
enter your your sex education level of hours spent online in communities and to share my when choosing if joining or not an online spend my time contributing to online
age a day knowledge community communities for free if | share the
goals
8 33 Male PhD 10 Neither agree nor disagree Agree Agree
9 20 Male Bachelor Degree 4 Strongly agree Strongly agree Agree
10 38 Female Master Degree 2 Neither agree nor disagree Agree Agree
High School . .
11 42 Male g. 1 Neither agree nor disagree Agree Agree
Diploma
High School . .
12 39 Female g. 1 Neither agree nor disagree Agree Agree
Diploma
13 25 Male Master Degree 3 Neither agree nor disagree Agree Agree
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#User Please Please enter Please enter your Please enter the number I am likely to join online web | think the size of the community matters | would share my knowledge and
enter your your sex education level of hours spent online in communities and to share my when choosing if joining or not an online spend my time contributing to online
age a day knowledge community communities for free if | share the
goals
14 25 Male Bachelor Degree 3 Neither agree nor disagree Agree Agree
15 25 Female Master Degree 2 Neither agree nor disagree Agree Agree
16 25 Female Bachelor Degree 2 Neither agree nor disagree Agree Agree
High School . .
17 27 Female g. 2 Neither agree nor disagree Agree Agree
Diploma
18 60 Male Master Degree 2 Disagree Neither agree nor disagree Agree
High School . . .
19 25 Female g. 2 Disagree Neither agree nor disagree Agree
Diploma
High School . . .
20 25 Male giploma 2 Disagree Neither agree nor disagree Agree
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1"#$% Please Please enter Please enter your Please enter the number I am likely to join online web | think the size of the community matters | would share my knowledge and
enter your your sex education level of hours spent online in communities and to share my when choosing if joining or not an online spend my time contributing to online
age a day knowledge community communities for free if | share the
goals
21 25 Male Master Degree 5 Disagree Neither agree nor disagree Agree
22 26 Female Master Degree 2 Disagree Neither agree nor disagree Agree
High School . . .
23 32 Female g. 1 Disagree Neither agree nor disagree Agree
Diploma
High School . . .
24 66 Male g. 2 Disagree Neither agree nor disagree Agree
Diploma
High School . . .
25 65 Male g. 1 Disagree Neither agree nor disagree Agree
Diploma
High School . . .
26 43 Female g. 1 Disagree Neither agree nor disagree Agree
Diploma
High School . . .
27 47 Male g. 2 Disagree Neither agree nor disagree Agree
Diploma
High School . . .
28 55 Female g. 1 Disagree Neither agree nor disagree Agree
Diploma

"HHE6&'(1) !

1+



1"#$% Please Please enter Please enter your Please enter the number I am likely to join online web | think the size of the community matters | would share my knowledge and
enter your your sex education level of hours spent online in communities and to share my when choosing if joining or not an online spend my time contributing to online

age a day knowledge community communities for free if | share the
goals
29 25 Male Master Degree 4 Agree Agree Agree
30 24 Female Master Degree 2 Agree Agree Agree
31 24 Female Master Degree 4 Agree Agree Agree
32 24 Female Master Degree 2 Agree Agree Agree
33 23 Male Master Degree 4 Agree Agree Agree
34 23 Male Master Degree 3 Agree Agree Agree
35 24 Male Master Degree 3 Agree Agree Agree
36 24 Male Master Degree 3 Agree Agree Agree

"HHE6&'(1) !

A+



I"#$d Please Please enter  Please enter your Please enter the number I am likely to join online web | think the size of the community matters | would share my knowledge and

enter your your sex! education level! of hours spent online in communities and to share my when choosing if joining or not an online  spend my time contributing to online
age a day! knowledge! community! communities for free if | share the
goals!
"#1 24 $%&' (% )"*+%,!-%.,%9% /! 0.,%% 0.,%% 0.,%%
"1! 25 )' (%! 23-! 4 0.,%% 0.,%% 0.,%%
"51 27 $%&' (% )"*+%,!-%.,%9% /! 0.,%% 0.,%% 0.,%%
67! 26 )(% ! 8'93%(:,!-%.,%% 4 0.,%% i+, < (=", %% 0.,%%
6>1 21 )(% ! 8'93%(:,!-%.,%% 4l 0.,%% +i< (=1, %% 0.,%%
6/! 22 )'(% ! 8'93%(:,!-%.,%% 2! 0.,%% i+, < (=", %% 0.,%%
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#User Please Please enter  Please enter your Please enter the number | am likely to join online web I think the size of the community matters | would share my knowledge and

enter your your sex education level of hours spent online in communities and to share my when choosing if joining or not an online  spend my time contributing to online
age a day knowledge community communities for free if | share the
goals
High School
43 2 Male 3 Agree Strongly agree Agree
< Diploma & Elye8 &
44 25 Female Bachelor Degree 3 Agree Strongly agree Agree
45 26 Female PhD 5 Agree Strongly agree Agree
46 31 Male Bachelor Degree 5 Agree Strongly agree Agree
47 25 Male Master Degree 3 Agree Strongly agree Agree
High school
48 30 Female g. 2 Agree Neither agree nor disagree Strongly agree
diploma
High school . .
49 30 Female §iploma 2 Agree Neither agree nor disagree Strongly agree
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1"#$% Please Please enter

Please enter your

Please enter the number

I am likely to join online web

| think the size of the community matters

| would share my knowledge and

enter your your sex education level of hours spent online in communities and to share my when choosing if joining or not an online spend my time contributing to online
age a day knowledge community communities for free if | shar e the
goals

High school . .

50 30 Female g' 2 Agree Neither agree nor disagree Strongly agree

diploma

High school . .

51 30 Female dgiploma 2 Agree Neither agree nor disagree Strongly agree

¥ %,-.!/101,2.3452
!

| would share my
knowledge and spend my
time contributing to online

| would share my
knowledge and spend

I am likely to contribute
much more to an online

com munity if | can receive

| am likely to contribute
to online communities
only if performing

I am likely to con tribute to
online communities also
performing complex (write

| would not join an online
communities and/or
perform tasks if they are

It wasnOta problem
for me to provides
some additional

#User o . my time contributing ) - - ) ) . . . )
communities for free if | t0 online communities any kind of monetary simple (tag images, long essays, translation of not linked to my interests information while
can access to the results . compensation even if | share assign values, etc.) text, etc.) tasks if | have even if | get a monetary placing new

for free if | get fun ; - a
and they are useful for me the goals and/or the results tasks the skills compensation guestions
1 Strongly agree Ne'ﬂ:j?;aa;':: nor Neither agree nor disagree Disagree Agree Agree Agree
2 Agree Agree Strongly agree Agree Disagree Agree Agree
3 Strongly agree Strongly agree Agree Agree Disagree Agree Strongly agree
4 Agree Agree Agree Agree Agree Strongly agree Strongly agree
"HH$%& (1) | ! A%



| would share my
knowledge and spend my
time contributing to online

| would share my
knowledge and spend

I am likely to contribute
much more to an online
community if | can receive

| am likely to contribute
to online communities

only if performing

| am likely to con tribute to
online communities  also
performing complex (write

| would not join an online
communities and/or
perform tasks if they are

It wasnOt a problem
for me to provides
some additional

#User o - my time contributing . - - h ) h . . )
communities for free if | t0 online communities any kind of monetary simple (tag images, long essays, translation of not linked to my interests information while
can access to the results . compensation even if | share assign values, etc.) text, etc.) tasks if | have even if | get a monetary placing new

for free if | get fun ) - 4
and they are useful for me the goals and/or the results tasks the skills compensation guestions

5 Strongly agree Ne'ﬂ:j?;aa;':: nor Strongly agree Strongly agree Disagree Strongly disagree Strongly agree
6 Strongly agree Ne'ﬂ:j?;:ggrz: nor Strongly agree Strongly agree Disagree Strongly disagree Strongly agree
7 Strongly agree Ne'ﬂ:j?;aa;':: nor Strongly agree Strongly agree Disagree Strongly disagree Strongly agree
8 Strongly agree Ne'ﬂ:j?;:ggrz: nor Strongly agree Strongly agree Disagree Strongly disagree Strongly agree
9 Agree Agree Agree Agree Agree Strongly agree Agree

|
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| would share my
knowledge and spend my
time contributing to online

| would share my
knowledge and spend

I am likely to contribute
much more to an online
community if | can receive

| am likely to contribute
to online communities
only if performing

| am likely to con tribute to
online communities
performing complex (write

| would not join an online
also communities and/or
perform tasks if they are

It wasnOt a problem
for me to provides
some additional

#User o - my time contributing . - . h - : . . )
communities for free if | to online communities any kind of monetary simple (tag images, long essays, translation of not linked to my interests information while
can access to the results . compensation even if | share assign values, etc.) text, etc.) tasks if | have even if | get a monetary placing new

for free if | get fun : - 4
and they are useful for me the goals and/or the results tasks the skills compensation guestions
10 Agree Agree Agree Agree Agree Agree Agree
11 Agree Agree Agree Agree Agree Agree Agree
12 Agree Agree Agree Agree Agree Agree Agree
13 Agree Agree Agree Agree Agree Agree Agree
14 Agree Agree Agree Agree Agree Agree Agree
15 Agree Agree Agree Agree Agree Agree Agree
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| would share my
knowledge and spend my
time contributing to online

| am likely to contribute
much more to an online
community if | can receive

| would share my
knowledge and spend

| am likely to contribute
to online communities
only if performing

| am likely to contribute to
online communities also
performing complex (write

| would not join an online
communities and/or
perform tasks if they are

It wasn’t a problem
for me to provides
some additional

#User communities for free if | t?z::mz zg:;zl:ilt?gs any kind of monetary simple (tag images, long essays, translation of not linked to my interests information while
can access to the results g compensation even if | share assign values, etc.) text, etc.) tasks if | have even if | get a monetary placing new
for free if | get fun X . f
and they are useful for me the goals and/or the results tasks the skills compensation questions
16 Agree Agree Agree Agree Agree Agree Agree
17 Agree Agree Agree Agree Agree Agree Agree
18 Agree Disagree Disagree Ne'”:ﬁ;:g:: nor Neither agree nor disagree Strongly agree Strongly agree
19 Agree Disagree Disagree Ne'”:ﬁ;:g_’:: nor Neither agree nor disagree Strongly agree Strongly agree
20 Agree Disagree Disagree Ne'”:ﬁ;:g:: nor Neither agree nor disagree Strongly agree Strongly agree
21 Agree Disagree Disagree Ne'”:ﬁ;:g_’:: nor Neither agree nor disagree Strongly agree Strongly agree
22 Agree Disagree Disagree Ne'”:ﬁ;:g:: nor Neither agree nor disagree Strongly agree Strongly agree
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| would share my
knowledge and spend my
time contributing to online

| am likely to contribute
much more to an online
community if | can receive
any kind of monetary
compensation even if | share
the goals and/or the results

| would share my
knowledge and spend
my time contributing
to online communities
for free if | get fun

| am likely to contribute
to online communities
only if performing
simple (tag images,
assign values, etc.)

tasks

| am likely to contribute to

online communities also

performing complex (write
long essays, translation of

text, etc.) tasks if | have
the skills

| would not join an online
communities and/or
perform tasks if they are
not linked to my interests
even if | get a monetary

compensation

It wasn’t a problem
for me to provides
some additional
information while
placing new
questions

#User " X
communities for free if |

can access to the results
and they are useful for me

23 Agree

24 Agree

25 Agree

26 Agree

27 Agree

28 Agree

29 Strongly agree

"HHE6&'(1) !

Disagree Disagree
Disagree Disagree
Disagree Disagree
Disagree Disagree
Disagree Disagree
Disagree Disagree

Neither agree nor

disagree Neither agree nor disagree

Neither agree nor
disagree

Neither agree nor
disagree

Neither agree nor
disagree

Neither agree nor
disagree

Neither agree nor
disagree

Neither agree nor
disagree

Disagree

Neither agree nor disagree

Neither agree nor disagree

Neither agree nor disagree

Neither agree nor disagree

Neither agree nor disagree

Neither agree nor disagree

Agree

Strongly agree

Strongly agree

Strongly agree

Strongly agree

Strongly agree

Strongly agree

Agree

Strongly agree

Strongly agree

Strongly agree

Strongly agree

Strongly agree

Strongly agree

Agree

1+



| would share my | am likely to contribute | am likely to contribute | am likely to contribute to | would not join an online It wasn’t a problem
| would share my . X e . . fee X
knowledge and spend my much more to an online to online communities online communities also communities and/or for me to provides
X b . knowledge and spend P R . . . . . i
time contributing to online . o community if | can receive only if performing performing complex (write perform tasks if they are some additional
#User i X my time contributing . X X : ) . . . N
communities for free if | to online communities any kind of monetary simple (tag images, long essays, translation of not linked to my interests information while
can access to the results g compensation even if | share assign values, etc.) text, etc.) tasks if | have even if | get a monetary placing new
for free if | get fun X . f
and they are useful for me the goals and/or the results tasks the skills compensation questions
30 Strongly agree Neltl:j?sr%gr;e: nor Neither agree nor disagree Disagree Agree Agree Agree
31 Strongly agree Neltr(\j?sr%gr;e; nor Neither agree nor disagree Disagree Agree Agree Agree
32 Strongly agree Neltl:j?sr%gr;e: nor Neither agree nor disagree Disagree Agree Agree Agree
33 Strongly agree Neltr(\j?sr%gr;e; nor Neither agree nor disagree Disagree Agree Agree Agree
34 Strongly agree Neltl:j?sr%gr;e: nor Neither agree nor disagree Disagree Agree Agree Agree
35 Strongly agree Neltr(\j?sr%gr;e; nor Neither agree nor disagree Disagree Agree Agree Agree
36 Strongly agree Neltl:j?sr%gr;e: nor Neither agree nor disagree Disagree Agree Agree Agree
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| would share my
knowledge and spend my
time contributing to online

| would share my
knowledge and spend

I am likely to contribute
much more to an online
community if | can receiv e

| am likely to contribute
to online communities
only if performing

I am likely to con tribute to
online communities  also
performing complex (write

| would not join an online
communities and/or
perform tasks if they are

It wasnOt a problem
for me to provides
some additional

#User o - my time contributing . - - ) ) h . . )
communities for free if | to online communities any kind of monetary simple (tag images, long essays, translation of not linked to my interests information while
can access to the results . compensation even if | share assign values, etc.) text, etc.) tasks if | have even if | get a monetary placing new

for free if | get fun : - a
and they are useful for me the goals and/or the results tasks the skills compensation guestions
37 Strongly agree NeltI:j?sr%grLe: nor Neither agree nor disagree Disagree Agree Agree Agree
38 Strongly agree Neltlzj?;aaggr;e; nor Neither agree nor disagree Disagree Agree Agree Agree
39 Strongly agree NeltI:j?sr%grLe: nor Neither agree nor disagree Disagree Agree Agree Agree
40 Agree Agree Strongly agree Agree Disagree Agree Agree
41 Agree Agree Strongly agree Agree Disagree Agree Agree
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| would share my
knowledge and spend my
time contributing to online

| would share my
knowledge and spend

I am likely to contr ibute
much more to an online
community if | can receive

It wasnOt a problem
for me to provides
some additional

| am likely to contribute
to online communities
only if performing

I am likely to con tribute to
online communities  also
performing complex (write

| would not join an online
communities and/or
perform tasks if they are

#User o - my time contributing . - - ) ) h . . )
communities for free if | to online communities any kind of monetary simple (tag images, long essays, translation of not linked to my interests information while
can access to the results . compensation even if | share assign values, etc.) text, etc.) tasks if | have even if | geta monetary placing new

for free if | get fun : - a
and they are useful for me the goals and/or the results tasks the skills compensation guestions

42 Agree Agree Strongly agree Agree Disagree Agree Agree

43 Agree Agree Strongly agree Agree Disagree Agree Agree

44 Agree Agree Strongly agree Agree Disagree Agree Agree

45 Agree Agree Strongly agree Agree Disagree Agree Agree

46 Agree Agree Strongly agree Agree Disagree Agree Agree

47 Agree Agree Strongly agree Agree Disagree Agree Agree
|
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| would share my
knowledge and spend my
time contributing to online

| am likely to contribute
much more to an online
community if | can receive

| would share my
knowledge and spend

| am likely to contribute
to online communities
only if performing

| am likely to contribute to
online communities also
performing complex (write

| would not join an online
communities and/or
perform tasks if they are

It wasn’t a problem
for me to provides
some additional

#User communities for free if | t:)nz:l?r:z zg::r::?::ilt?gs any kind of monetary simple (tag images, long essays, translation of not linked to my interests information while
can access to the results g compensation even if | share assign values, etc.) text, etc.) tasks if | have even if | get a monetary placing new
for free if | get fun X . f
and they are useful for me the goals and/or the results tasks the skills compensation questions
48 Neither agree nor disagree Strongly agree Disagree Nem:ﬁ;:;_’:: nor Neither agree nor disagree Agree Agree
49 Neither agree nor disagree Strongly agree Disagree Ne'”:ﬁ;:;_’:: nor Neither agree nor disagree Agree Agree
50 Neither agree nor disagree Strongly agree Disagree Nem:ﬁ;:;_’:: nor Neither agree nor disagree Agree Agree
51 Neither agree nor disagree Strongly agree Disagree Ne'”:ﬁ;:;_’:: nor Neither agree nor disagree Agree Agree
* Next 4 questions
Please order the four scenarios . Please order the four scenarios according to the Which range of compensation would you judge fair for
. . . Please order the four scenarios . R L . . R
#User  according to how likely would you join ! . . number of questions that you are likely to answer or providing us useful information by placing new
according to their enjoyableness . .
each of them post in each of them questions?
1 3,2,1,4 3,2,4,1 2,341 I don’t care / everything would be fine
2 1,2,3,4 1,2,4,3 1,2,3,4 0.01-0.10 euro for question
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Please order the four scenarios
#User! according to how likely would you join

Please order the four scenarios
according to their enjoyableness!

Please order the four scenarios according to the
number of questions that you are likely to answer or

Which range of compensation would you judge fair for
providing us useful information by placing new

each of them! post in each of them! questions?!
"l #$%$& #5%$&$" HE&SWS" '1()*+,!-./0!11020/3,45*6!7)89(!:0!;5*Q
% "$%NSSH "$%$S&SH# %$"S&SH <=#%#108/)!;)/1?80@,5)*
A %3$"S&SH "$%SSESH %$"S&ISH '1()*+,!-./0!11020/3,45*6!7)89(!:0!;5*Q
Bl %$"S&SH "$%$S&SH# %$"S&SH "1()*+,1-./0111020/3,45*6!7)89(!:0!;5*Q
a %3$"S&SH "$%SSESH %$"S&ISH '1()*+,!-./0!11020/3,45*6!7)89(!:0!;5*Q
D %$"S&SH "$%$S&SH# %$"S&SH "1()*+,1-./0111020/3,45*6!7)89(!:0!;5*Q
B "$%$&ISH "$%SSESH %$"S&ISH '1()*+,!-./0!11020/3,45*6!7)89(!:0!;5*Q
#< "$&SUSH "$&SUISH "$&$USH "I()*+,1-./0111020/3,45*67)89(!:0!;5*0!
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Please order the four scenarios

Please order the four scenarios

Please order the four scenarios according to the

Which range of compensation would you judge fair for

#User!  according to hg;r:rljlﬁ‘lilhvg?nm!d you join according to their enjoyableness ! number of questi(p))r;;t?:te);gz i;(ether::k(ily to answer or providing us useful gnufg;?::g\ l!)y placing new
"l #$%$&S" #$%05&S$" #$%05&S$" 'I()*+,1-./0!11020/3,45*6!7)89(!:0!;5*Q
"od #$%$&$" #$%0$&$" #$%$&$" 'I()*+,!-./0111020/3,45*6!7)89(!:0!;5*0
"#1 #$%$&S$" #$%05&S$" #$%05&S$" 'I()*+,1-./0!11020/3,45*6!7)89(!:0!;5*Q
"&! #$%$&$" #$%$&$" #$%$&$" 'I()*+,!-./0111020/3,45*6!7)89(!:0!;5*0
"<l #$%$&S" #$%05&S$" #$%05&S$" 'I()*+,!-./0!11020/3,45*6!7)89(!:0!;5*Q
"=l #5%$&$" #3%0$&$" #$%0$&$" 'I()*+,!-./0111020/3,45*6!7)89(!:0!;5*0
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Please order the four scenarios . Please order the four scenarios according to the Which range of compensation would you judge fair for
Please order the four scenarios

#User  according to how likely would you join according to their enjoyableness number of questions.that you are likely to answer or providing us useful info.rmation by placing new
each of them post in each of them questions?
17 3,2,4,1 3,24,1 3,24,1 I don’t care / everything would be fine
18 2,3,1,4 2,3,1,4 2,1,3,4 I don’t care / everything would be fine
19 2,3,1,4 2,3,1,4 2,1,3,4 I don’t care / everything would be fine
20 2,3,1,4 2,3,1,4 2,1,3,4 I don’t care / everything would be fine
21 2,3,1,4 2,3,1,4 2,1,3,4 | don’t care / everything would be fine
22 2,3,1,4 2,3,1,4 2,1,3,4 I don’t care / everything would be fine
23 4,1,2,3 2,3,1,4 2,1,3,4 I don’t care / everything would be fine
24 2,3,1,4 2,3,1,4 2,1,3,4 I don’t care / everything would be fine

"HHS%&' () | ! A4



Please order the four scenarios . Please order the four scenarios according to the Which range of compensation would you judge fair for
Please order the four scenarios

#User!  according to how likely would you join according to their enjoyableness! number of questions that you are likely to answer or providing us useful information by placing new
each of them! Joy ’ post in each of them! questions?!

"#1 $%&%4"%' "%'%&%$ "%&%!1%$ (1)*+,-1./0112113104-56+7!8*9:)!;11<6+1
"=l "%'%&%$ "%'%&%$ "%&%'%$ (N*+,-1./0112113104-56+7!8*9:)!;11<6+1
">l "%'%&%$ "%'%&%$ "%&%!1%$ (1)*+,-1./0112113104-56+7!8*9:)!;11<6+1
"?1 "%'%&%$ $%&U" %' "%&%'%$ (N*+,-1./0112113104-56+7!8*9:)!;11<6+1
"@ '%"%&1%$ '%"%$P%0& "%'%$P0& (1)*+,-1./0112113104-56+7!8*9:)!;11<6+1
‘Al '%"%&1%$ '%"%$P0& "% '%$0& (N*+,-1./0112113104-56+7!8*9:)!; K6+H1

‘&1 '%"%&1%$ '%"%$P%0& "%'%$P0& (1)*+,-1./0112113104-56+7!8*9:)!;11<6+1
"l '%"%&1%$ '%"%$N0& "% '%$0& (*+,-1./0112113104-56+7!8*9:)!;11<6+1
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Please order the four scenarios

Please order the four scenarios

Please order the four scenarios according to the

Which range of compensation would you judge fair for

#User! according to how likely would you join according to their enjoyableness! number of questions.that you are likely to answer or providing us useful info.rmation by placing new
each of them! post in each of them! questions?!
"l #$%$&S$" #$%05&S$" &$"$#$% 'I()*+,1-./0!11020/3,45*6!7)89(!:0!;5*Q
"#1 "$&$%4$# "$&$#$% &$"$#$% 'I()*+,!-./0111020/3,45*6!7)89(!:0!;5*0
"<l "$&SUISH "$&$#$% &$"$#%$% 'I()*+,!-./0!11020/3,45*6!7)89(!:0!;5*Q
"=l #$%$&S$" #3%$&$" &$"$#$% '1()*+,!-./0111020/3,45*6!7)89(!:0!;5*0
">l "$&SUISH "$&$#$% &$"$#%$% 'I()*+,!-./0!11020/3,45*6!7)89(!:0!;5*Q
"2l "$&$%4$# "$&$#$% &$"$#$% 'I()*+,!-./0111020/3,45*6!7)89(!:0!;5*0
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Please order the four scenarios - Please order the four scenarios according to the Which range of compensation would you judge fair for
Please order the four scenarios

#User!  according to how likely would you join according to their enjoyableness ! number of questions that you are likely to answer or providing us useful inforrr_1ation by placing new
each of them ! post in each of them ! questions? !

"#1 $%&U'%" "% '%$0& '%"%$D0& (*+,-1./0112113104-56+7!8*9:)!;11<6+1
$= &%'%""%$ &9%'%$%" &%'%""%$ =>=>&=1190*I<*0!@91A-6*+
$& &%'%'"%$ &%'%$%" &%'%"%$ =>=&>&=1190*I<*0!@91A-6*+
$'! &%'%""%$ &9%'%$%" &%'%""%$ =>=>&=1190*I<*0!@91A-6*+
$"! &%'%'"%$ $%&%4'%" &%'%"%$ =>=&>&=1190*I<*0!@91A-6*+
$9 &%'%""%$ &%'%$%" &%'%""%$ =>=>&=1190*I<*0!@91A-6*+

"HH$%& (1) | ! A+



Please order the four scenarios
#User!  according to how likely would you join

Please order the four scenarios
according to their enjoyableness

Please order the four scenarios according to the
number of questions that you are likely to answer or

Which range of compensation would you judge fair for
providing us useful in formation by placing new

each of them ! post in each of them ! questions? !

"#1 $%&9%4'%" $%&%"%' $%&%d'%" O *0$(1+,-.1/.-10,+123.4 !
"51 $%&Ud'%" $%&U" %' $%&U' %" 0@ *0$(1+,-.1/.-10,+123.4 !
"6! "%$%&%' $%&%"%' $%&%d'%" O *0$(1+,-.1/.-10,+123.4 !
"71 '%"%&1%$ '%&%"%$ '%"%&%$ 0$(*$!+,-.1/.-10,+123.4!
"8! '%"%&1%$ '%&%'"%$ '%"%&%$ 0$(*$!+,-.1/.-10,+123.4!
#(! '%"%&1%$ '%&%"%$ '%"%&%$ 0$(*$!+,-.1/.-10,+123.4!
#$l '%"%&1%$ '%&%'"%$ '%"%&%$ 0$(*$!+,-.1/.-10,+123.4!

I

: 1 l ! I

APPENDIX B 206



-./0111234/0567/!

Instead of money would you accepted some
other form of compensation (for instance a
number of free analysis by the sentiment

Please order the following incentives
according to how much they encourage
you to correctly answer to the questions

| would try to
correctly answer the

Would you consciously
provide false/incorrect

Would you consciously provide
false/incorrect information in the forth
scenario just to benefit of the

#User X . T . questions at my information in the forth . i .
engine for your purposes) for providing us [User ranking in the second scenario, . " L " compensation knowing that the website
useful information by placing new Gaming in the third scenario, Moneta besteven in the first  scenario just to benefit of the uses automatic and/or manual
nbyp 9 ginth P ry scenario compensation? . . .
questions? Betting in the fourth scenario] mechanisms to avoid cheating?
! " #$%u&m(|)u*(+:| I%_% " /01” n NO NO
" 2,+%",3,"'&4“5"6780,"9:’“;$I,9(1)” 0 0 II " "
*$;<,'+(9&$"(8,=7(9, " Yo-9%8! /01, Maybe No
n 2,+%l|&4n5|l6780,ug:’I|;$|’9(1)u*$;<’|+(9&$m>|$ _%%| " /01” n NO NO
@ #$%"&"'(")"*(+) .%-%! /01,, " Maybe Maybe
A #YRM"()"*(+, " 19%.9%6- /01,, " Maybe No
B' #$%"&"'(")"*(+) .%-%! /01,, " Maybe No
(04 #5%"&"(')"*(+) .%-%! /01,, " Maybe No

"HHE6&'(1) !
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Instead of money would you accepted some Please order the following incentives Woul d you consciously provide

other form of compensation (for instance a according to how much they encourage corr:eg?ug‘ng\/)\l/gr) the W%ﬂ‘ég?;:;?:gg??:g false/incorrect information in the forth
| number of free analysis by the ser_lti_ment you to corre_ctly answer to the questi(_)ns | Y _pf ion in the forth scene_lrio just to benefit of the _
#User: engine for your purposes) for providing us [User ranking in the second scenario ’ questions at my information in the fort compensation knowing that the website
! ! ) e - . ! best even in the first scenario just to benefit of the -
useful information by placing new Gaming in the third s cenario, Monetary scenario ! compensation? uses automatic and/or manual
questions? ! Betting in the fourth scenario] ! ’ P ’ mechanisms to avoid cheating?
!
"l #5%!1&'1()1*(+,! -%.%)/ 012,,! Maybe No
!
3l #$%!18'1 ()1 (+,! %-%/ 452$'16)17&+(12,, No No
!
9,+%!,:,"1&;1<1=>71,15? |@%',5(2)!
| ) LY 1107, ) O/ JOA_ |
181 "S @A +(5EFI(T Bo(5. %1% 012,,! No No
!
9,+%!,:,'1&;!1<1=>71,15?,1@%',5(2)!
| ) LY 1107, ) O /0A_ |
I/ *S@A+(5&$1(7,B>(5,! .%/% 012,,! No No
!
9,+%!,:,"1&;1<1=>71,15? | @%',5(2)!
| ) LY 1107, ) O/ JOA_ |
/. *S@A+(5&$1(7,B>(5,! .%/% 012,,! No No
!
9,+%!,:,'1&;!1<1=>71,15?,1@%',5(2)!
o ) LY 1107, ) O /0A_ |
/-] *S@A+(5&$1(7,B>(5,! .%/% 012,,! No No

"HHS%&' () | ! A+



Instead of money would you accepted some
other form of compensation (for instance a
number of free analysis by the sentiment

Please order the following incentives
according to how much they encourage
you to correctly answer to the questions

| would try to
correctly answer the

Would you consciously
provide false/incorrect

Would you consciously  provide
false/incorrect information in the forth
scenario just to benefit of the

#User - - M - guestions at my information in the forth . - .
engine for your purposes) for  providing us [User ranking in the second scenario, best even in the first scenario iust to benefit of the compensation knowing that the website
useful information by placing new Gaming in the third scenario, Monetary scenario ctim ensation? uses automatic and/or manual
questions? Betti ng in the fourth scenario] P ’ mechanisms to avoid cheating?
Yes, even if | judge the monetar
14 - v 2,1,3 Agree No No
compensation adequate
Yes, even if | judge the monetar
15 ! .g v 1,3,2 Agree No No
compensation adequate
Yes, even if | judge the monetar
16 - v 2,1,3 Agree No No
compensation adequate
Yes, even if | judge the monetar
17 ! .g v 2,1,3 Agree No No
compensation adequate
18 No, in any case 1,2,3 Agree No No
19 No, in any case 1,2,3 Agree No No

"HHE6&'(1) !

1+



Instead of money would you accepted some Please order the following incentives Would you consciously provide

other form of compensation (for instance a according to how much they encourage | would try to WOUI.d you copsclously false/incorrect information in the forth
correctly answer the provide false/incorrect
| number of free analysis by the sentiment you to correctly answer to the questions : h o scenario just to benefit of the
#User: engine for your purposes) for providing us [User ranking in the second scenario ! questions at my information in the forth compensation knowing that the website
4 " X L . . ! best even in the first  scenario just to benefit of the .
useful information by placing new Gaming in the third scenario, Monetary scenario! compensation? uses automatic and/or manual
questions?! Betting in the fourth scenario]! ’ P ’ mechanisms to avoid cheating?

!

"#1 $%&!' (N (*1+),-! &I&' 012--! No No
!

"ol $%&! (N (*!1+),-! &"& 012--! No No
!

"l $%&!' (N (*1+),-! &"&M 012--! No No
!

"/ $%&!" (N (*!1+),-! &"& 012--! No No
!

"31 $%&!' (N (*1+),-! &"&M 012--! No No
!

"41 $%&!" (N (*!1+),-! &"& 012--! No No
!

"51 $%&!' (N (*1+),-! &"&M 012--! No No
!

"6! $%&!" (N (*!1+),-! &"& 012--! No No

"HH$%&'(1) | ! A+,



Instead of money would you
other form of compensation (for instance a
number of free analysis by the sentiment

accepted some

Please order the following incentives
according to how much they encourage
you to correctly answer to the questions

| would try to
correctly answe r the

Would you consciously
provide false/incorrect

Would you consciously provide
false/incorrect information in the forth
scenario just to benefit of the

#User! - . M : guestions at my information in the forth . . .
engine for your purposes) for providing us [User ranking in the second scenario, . ? L ) compensation knowing that the website
useful information by placing new Gaming in the third scenario, Monetar best even in the first scenario just to benefit of the uses automatic and/or manual
oy L ' etary scenario ! compensation? - : h

questions? ! Betting in the fourth scenario] ! mechanisms to avoid cheating?
"#1 $%&! (N (*1+),-! &"&l 012--! No No
"31 $%&! (N (*!1+),-! &"& 012--! No No
141 $%&!(!)(*14),-! &"&l 012--! No No
/. ] $%&! (N (*!1+),-! &/&N 012--! No No
/" $%&!' (N (*1+),-! &"&M 012--! No No
I/ $%&!" (N (*!1+),-! &"& 012--! No No
/5! $%&!' (N (*1+),-! &I&' 012--! No No

"HHE6&'(1) !

A+



Instead of money would you accepted some Please order the following incentives Would you consciously provide

other form of compensation (for instance a according to how much they encourage | would try to WOUI.d you copsclously false/incorrect information in the forth
number of free analysis by the sentiment you to correctly answer to the questions correctly answer the provide false/incorrect scenario just to benefit of the
#User! engine for your purposes) for providing us [User ranking in the second scenario ! questions at my information in the forth compensation knowing that the website
4 " X Lo . . ! best even in the first  scenario just to benefit of the .
useful information by placing new Gaming in the third scenario, Monetary scenario! compensation? uses automatic and/or manual
questions?! Betting in the fourth scenario]! ’ P ) mechanisms to avoid cheating?

!

"#1 $%&!' (N (*1+),-! &/&! 012--! No No
!

"3 $%&! (N (*!1+),-! &/&N 012--! No No
!

"41 $%&!' (N (*1+),-! &/&! 012--! No No
!

"51 $%&! (N (*!1+),-! &/&N 012--! No No
!

"6! $%&!' (N (*1+),-! &/&! 012--! No No
!

9-,&!-:-(I1<I=>?1-1@A-1B%(-@)2*!
| ) ; " 1

78 +9%BC-()@"%(1)?-D>)@- &"&J 012--! Maybe No

!
9-,&!-:-(I1<I=>?21-1@A-1B%(-@)2*!
| ) ; " | 1
7.1 +%6BC-(,)@%(1)?-D>)@- &/&! 012--! Maybe No

"HHS%&' () | ! A4



Instead of money would you accepted some

other form of compensation (for instance a
number of free analysis by the sentiment

Please order the following incentives
according to how much they enco urage
you to correctly answer to the questions

| would try to
correctly answer the

Would you consc iously
provide false/incorrect

Would you consciously provide
false/incorrect information in the forth
scenario just to benefit of the

#User! - g M - guestions at my information in the forth . - .
engine for your purposes) for providing us [User ranking in the second scenario, b . ! L ) compensation knowing that the website
f - . e . . est even in the first scenario just to benefit of the -
useful information by placing new Gaming in the third scenario, Monetary ) - uses automati ¢ and/or manual
. I ) scenario ! compensation? ] ) .
questions? ! Betting in the fourth scenario] ! mechanisms to avoid cheating?
$%8&'1%(%)!*+1,1-./0%!12%!34)%1567!
"H1 H< =06%9
#! 8439%)&51#4)15/%:.51% < BEges Maybe o
$%&'1%(%)!*+!,1-./0%!12%!34)%1567!
| < =06%9
s 8439%)851*4)15/%:.51% < 06%% Maybe No
$%&'1%(%)!*+!,1-./0%!12%!34)%1567!
llll' L I = o 0
' 8439%)&51*4)!5/%:.51% <! biere derom N
$%&'1%(%)!*+!,1-./0%!12%!34)%1567!
| < =06%9
> 8439%)&51*4)15/%:.51% <t 06%% Maybe No
$%8&'1%(%)!*+1,1-./0%!12%!34)%1567!
"1 H< =06%9
o 84399%)&51*4)15/%:.51% S 06%4% Maybe No
%&'1%(%)!*+1,1-./0%!12%!34)%1567!
"Q@ $A&196(%)!*+,1-./0%!12%6!34)% < =06%% Maybe No

8439%)&51*4)!15/%:.51%

"HHE6&'(1) !
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Instead of money would you accepted some
other form of compensation (for instance a
number of free analysis by the sentiment

Please order the following incentives
according to how much they encourage
you to correctly answer to the questions

| would try to
correctly answer the

Would you consciously
provide false/incorrect

Would you consciously provide
false/incorrect information in the forth
scenario just to benefit of the

#User engine for your purposes) for providing us [User ranking in the second scenario questions at my information in the forth compensation knowing that the website
9 Y purp P 9 L gin . ! best even in the first  scenario just to benefit of the P wing
useful information by placing new Gaming in the third scenario, Monetary scenario compensation? uses automatic and/or manual
questions? Betting in the fourth scenario] P ) mechanisms to avoid cheating?
48 No, in any case 23,1 Agree Maybe Maybe
49 No, in any case 23,1 Agree Maybe Maybe
50 No, in any case 23,1 Agree Maybe Maybe
51 No, in any case 1,3,2 Agree Maybe Maybe
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