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ABSTRACT

Crowdsourcing and games with a purpose (GWAP) teaeh
received considerable attention in recent yearss&hiwo human
computation mechanisms aid humans in solving tésks either
cannot be solved or are difficult to solve usingchiaes. Despite
this increased attention, much of this transforamthas been
limited to a few areas of information retrieval IR this paper,
we examine these two mechanisms’ applicabilityRo Using a
traditional, or “core” IR model, we break the mod®o distinct
steps, evaluate the literature, and define sevemsntial criteria

for the suitability of these crowdsourcing and garteeach step.

After finding the most suitable steps using thesiéeria, we
choose one step and design an experiment to ealpir@valuate
how these mechanisms can benefit IR tasks.

Categories and Subject Descriptors
H.3.3 [Information Search and Retrieval: Retrieval models

General Terms
Management, Measurement, Design, Experimentatiommath
Factors, Verification.

1. INTRODUCTION

1.1 Crowdsourcing

Crowdsourcing has been defined as the act of takingb

traditionally performed by a designated agent (lguan

employee) and making it available to an undefingeherally
large group of people in the form of an open call][ Although

crowdsourcing is not a new concept, the recentirisattention
placed on crowdsourcing is due to several factoduding the
ubiquity of the Internet, an increased need toguerftasks that
computers cannot do well (such as relevance judggnereo-
tagging, and image annotations), the improved wadd reach of
micropayment methods, as well as the disparity tdba

economic labor demand and tight local labor resons. In fact,
the large worker supply, little regulation, and Idabor costs
provide crowdsourcing’s strongest advantages [4].

As with many new technologies, the early days ofwsourcing
have primarily focused on the areas with the gstateed:
repetitive, single-purpose tasks designed aroundsiraple
objective, such as image classification, video aatrmt, form-
based data entry, optical character recogniticemsiation, and
document proofreading. However, as crowdsourcinginise to
mature, it has begun a transformation, creatingidating new

opportunities for leveraging real-time human coragioh for a
range of diverse tasks.

Since Amazon.com introduced Mechanical Puitk 2005, this
mechanism has become a phenomenon in academicdesea
many disciplines as well. Consider language traiosia an
examination of the number of articles returned byGaogle
Scholar search for “language translation” showsvdbait steady
growth over the period 2006-2011. A similar seaccmbining
crowdsourcing-related terms combined with the degsbrase
“language translation” shows exponential growthrote same
period (see Figure 1). This may indicate that fra606-2011
research in language translation expanded slowlyt &n
increasing share of this research involved crowrdsng.

In effect crowdsourcing has not only facilitatetietresearch, but
has become a research area of its own. This peebeatih new
challenges and new opportunities in this intersectof people
and technology. Design components such as humaorg$aand
human-computer interaction are essential to sufidess
crowdsourcing tasks, as are consideration of pdggho law,
ethics, systems testing, etc. — all of which neede integrated
with existing principles of computer architecturedaapplication
design. This may in turn provide functionality otcaracy not
previously thought achievable.
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Figure 1. Number of Google Scholar articles mentiong
“language translation” and “language translation” AND
“crowdsourcing” by year, 2006-2011
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Frequent uses for crowdsourcing in IR tasks incluelevance
judgments, classification tasks, labeling and aatimog text and
images. Since document relevance is a highly-stibpgedask,
redundant judgments by different assessors are désigned into
the task to reduce subjectivity and bias. Crowdsagraddresses
this need as judgments can be performed inexpénpsigeickly
and — when the relevance task is designed well th Wigh
quality. Likewise, classification tasks also rely the abilities of
the worker to correctly group items, so the diugrspf
crowdsourcing is an advantage. Finally, labeling annotating
text is often a tedious exercise, making it prowe etrors.
Crowdsourcing can address these potential errorpdomitting
additional labels to be generated through seveeshibers of the
crowd, and spreading out the workload to more peoducing
the tedium. An example of this is LabelMe [28], @olt that
provides for the labeling of images; several woskannotate a
single image, and these annotations are then meogettate a
single metadata file.

Overall, we observe that crowdsourcing is an exgitarea that
involves a mix of different disciplines. Althoughet discussion in
this paper primarily focuses on how crowdsourcimgl @ames
can improve IR-related tasks, there are many othsgiplines
where potential benefits are possible, such as at&sned in
collaborative filtering algorithms with the 2009 tflix prize.

This paper is organized as follows. In the nextisacwe cover
related work in this area. In Section 3, we introela core IR
model and describe each of the model's steps. atidde4, we
identify the research questions we will examineim study and
ascertain the significant problems that exist inings
crowdsourcing and games for IR tasks. In Sectiowé outline
our planned research, including a discussion of msearch
methodology, anticipated challenges, and the ergdect
contributions of our work. We conclude our work3action 6.

2. RELATED WORK

Although the quantity of research conducted on uhibty of
crowdsourcing and game mechanisms has grown raipidscent
years, few attempts have been made to classiffyffes of tasks
these mechanisms address. A 2011 study by QuinBeddrson
classified human computation systems, includingvdspurcing
[24] but did not describe the tasks these systefdseas in detail.
Yuen et. al. perform a more comprehensive surveyasks in
crowdsourcing [37] and a similar survey of serigasnes in [36].
In each survey, the authors provide a good taxocami
classification, but their taxonomy does not examtimeir utility
with different systems, specifically IR systems.

IR models have been discussed extensively in tamture (e.g.,
[3, 7, 22]); however, none of these discussionsestdhow crowd
and game-based mechanisms can add value to areas R
model.

2.1 Crowdsourcing

There have been several recent tutorials on sooraputing that
examine the application of crowdsourcing to areadko Alonso

has presented some guidelines for conducting studi&ng

crowdsourcing platforms [1, 2]. Likewise, Ipeirot{d4] has

provided some useful insight into study design. ideer, these
discussions primarily focus on crowdsourcing steidiethe most
high-demand tasks: labeling, translations and tmpisons,

relevance judgments, and classification. The lastdre elements
of our model and their work is incorporated intor sesearch
design.

Lease and Alonso also conducted several workshmisatidress
specific issues with crowdsourcing, serious garaes, IR, such
as addressing spam, incentive models, and qualittra, among
others [1, 5, 18]. The Human Computation workshepamine
issues in human computation, a broader classificatf human-
machine collaboration that includes both games
crowdsourcing [12, 13]. The topics covered in thesekshops,
although broad, provide useful insight that we ewpin our
research methodology.

and

2.2 Serious Games

A recent research study indicated there are moae tmalf a
billion people worldwide playing online games aadean hour a
day, 183 million in the US alone [23]. Another sputhas
estimated that the average American has played@t@urs of
video games by the age of 21, equivalent to fivery®f working
a full-time job 40 hours per week [25]. What if semf this time
and energy could somehow be channeled into produgtbrk?
And better yet, what if people playing computer gantould,
without consciously doing so, simultaneously solaege-scale
computation problems?

Serious games are human-based computation meckanism
designed to solve a specific problem outside oé mntertainment
[26, 29]. Although designed to be entertainingjrth@in purpose
usually falls within one of three categories: t@irr to investigate,

or to advertise [9]. They are denoted “serious gamm®
differentiate them from games designed strictly feisure. A
subset of serious games, designed to be playechdycrowd
through an open call, is denoted games with a [serg@WAP).

In this abstract, we refer to “GWAP” as “seriousngs” or
simply, “games”.

Some examples of serious games include the ESP Gathe
considered the first human computation system. B haen
subsequently adopted as the Google Image Labé&teobjective
is to collect image labels for Google Images. Iditoh to basic
image annotation, Peekaboom [35] is designed te lpayers
determine object locations within images. Phetch, [33] is
designed to enhance image descriptions and theréfioprove
web accessibility, particularly with image searchiesa similar
way, Matchin [10] helps search engines rank imates fit a
given set of criteria. These games improve thetspo IR, and
could be akin to the preprocessing step for noh+etxieval.

The underlying concept of the ESP Game has beehedpip
other aspects of information retrieval. For insgntagATune
[17] provides annotation for sounds and music, Whicturn can
improve searches for audio clips. Verbosity [34H @@ommon
Consensus [20] collect “common-sense” knowledge.is Th
common-sense information can be provided as inpsttuations
involving reasoning and is a step towards enhantiteractive
user interface design.

More directly relevant to IR, Page Hunt [21] is iagte-player
game that displays a random web page to a playerplayer’'s
task is to come up with query terms and operatoas would
bring up the web page in the top few results (¢hg,top 5) of a
search engine. Page Race and Page Match are tiatiorss of
the Page Hunt game that are two-player competitvel
collaborative games, respectively. These gamesigeoxaluable
feedback on query design.



3. INFORMATION RETRIEVAL MODEL

In this section, we introduce an IR model and dbsoeach of the
model's stages. We then examine the applicability
crowdsourcing and games to each stage.

A “core” definition of information retrieval (IR)si the science of
finding relevant material that satisfies an inforomtneed from
within a large collection. This searchable matermaby be

generated either by users or through computer eaijns.

Although IR has its origins in finding relevant tei recent years
the scope has expanded to multimedia search [@,d.9], image

search (e.g., [15, 27]), and audio search (e.g.3(8), among
others. The collections normally comprise minimadtyuctured or
semi-structured data, which contrasts with strecturdata
searches typically performed in relational database

IR also covers other kinds of data and functiongohd what is
specified in the core definition provided above. Example, it
covers browsing or filtering document collectionsl @mnotation
tasks (such as the addition of metadata).

Figures 2 and 3 illustrate the steps of our coreni®lel. Similar
IR models have been developed, such as that byaktercand
Warner [16]. This model illustrates a typical prsgefor
establishing an IR application for searching a doent
collection. Although there are several other aspéot IR not
shown in this core IR model, (e.g., document traih); the
model forms a reasonable starting point for examgirthe fit of
crowdsourcing and GWAP. Steps 1-6 (Figure 2) dedg@the IR
system design and implementation (preparatory ytage steps
7-12 (Figure 3) designate the user query proces@imigractive
stage). Later, we will examine each of these sitepsore detail,
including each step’s objective and the expectsdltrer output.

( 1. Define domain ]

2. Obtain document
collection

3. Preprocess Documents [ 3d. Remove stop words ]

[ 3a. Perform lexical analysis ] | 3e. Stem tokens ]

| 3b. Term resolution ] [ 3f. Analyze tokens J

[ 3c. Tag parts of speech ] [ 3g. Classify documents ]

[ 4, Index documents ]

5. Configure retrieval
system

6. Implement user
interface

Figure 2. Designing the retrieval system applicatio.

From Figure 2, we can make several observationst, Rhe
domain, which contains the boundaries and natutbetask, is
defined. Next, we identify and obtain a documeriiection. Then
in Step 3, we preprocess the collection’s documenisr to
indexing. This preprocessing consists of sevelgbsstincluding

(0]

lexical analysis, term resolution (resolving ablatens and
acronyms), part-of-speech tagging, stop word reinetamming
and analysis of tokens, and the classificationazfudnents. Once
preprocessing is completed, we determine the apptep
indexing strategy, essential configuration paransetd index
the preprocessed document collection, and confitheeetrieval
system application. The last aspect of the systesigd is the
creation of the search interface.

7. Identify information
need :
I !
[ 8. Obtain query terms and _}
operators

need/query

11. Refine information
[ 9. Retrieve and rank results ]

10. Evaluate query results
against information need

12. Display final set of
relevant documents

Figure 3. Handling a user query

Once the system has been implemented, it is readgefarches.
Figure 3 illustrates the steps involved to handtpiary. The user
defines her or his information need and providescteterms and
operators through the search interface. The irterfaasses this
information to the search engine, which retrieved aanks the
results. The user would then evaluate the querytseagainst her
or his information need; if it was not what the mudead
anticipated, she or he would refine the query teamd re-issue
the query until satisfied with the results. Our mlaidhen enters its
final stage, and the final ranked list is display@these steps
illustrated are similar to a traditional relevarieedback model as
described in the literature, (e.g., [3]).

4. RESEARCH QUESTIONS

Given the model described in Section 3, we wishxamine how
applicable crowdsourcing and game mechanisms agado step.
Therefore, the objective of our study is to exantime following
research questions:

1. Which steps of this core IR model are suitable for
crowdsourcing? For game-based formats?

2. What criteria are important to determine this <iliy? Are
all criteria equally important?

3. For the steps we identify as highly suitable fothei
crowdsourcing or game-based formats, why haveait et
been exploited?

4. How can we identify and incorporate game desighrtiepies
into our tasks to improve quality?

These four research questions address some ofghesi facing
this research area — a definition of the typesagks to which
crowdsourcing and/or games can apply. The rapidvigroof

crowdsourcing and game-based approaches to solwimgan
computation issues has been impressive, but tleiwtgrhas not
been evenly applied to IR. We infer from this unegeowth and
from our own knowledge of IR that not all aspedt©or model
are equally suitable for crowdsourcing and gametdermats.



Thus, our first question examines why the applicatof these
mechanisms is not more uniformly distributed amadimg steps.
The second research question addresses the neadystematic
way of determining fit for each mechanism. We badi¢he best
way to arrive at this determination of fit is thgbuan objective
set of criteria and weighting on this criteria. Ghird question
studies this fit and empirically examines each sbépour IR

model through previous research and our own exgerisn Our
fourth question examines the ability to design a/&¥\that aligns
game objectives with task objectives. These fowgstians, taken
together, can guide researchers to determine thkcability of

crowdsourcing and games to a specific task.

5. PROPOSED METHODOLOGY

In this section, we discuss our research methogolagticipated
challenges, and the expected contributions of arkw

5.1 Step Suitability Determination

To provide some insight into our first research siiom, we
initially review the literature for studies invohg crowdsourcing
and games as applied to each of our identifiedsstEmding a
large amount of related research that relatesstem may likely
provide insight into the criteria that may be ugeddetermine
suitability.

One notable observation is much of the current arese in
crowdsourcing has been applied to areas where denspu
perform poorly, such as obtaining document coltexi (Step 2)
and evaluating query results against an informatieed (Step
10). There are also a few research studies thatreselsourcing
to identify an information need (Step 7) and toagftjuery terms
and operators (Step 8).

With games, the scope of existing research is eaerower, with

fewer examples to borrow from. As with crowdsouggin
evaluating query results against an informationdni&tep 10) is
relatively well-represented in the literature, kere is little

previous work in the use of games to obtain a dantroollection

(Step 2). There is limited work in the classificatipreprocessing
step (Step 3g) and identify information need (S%p and

obtaining query terms and operators (Step 8).

Examining this further, we see that there are soriteria that are
essential to crowdsourcing and game design, soraé dhe
beneficial, and some additional criteria that oapply to game-
based formats. We discuss these criteria in thegestion.

5.2 Evaluation Criteria
Our approach
applicability to each step is to initially apply ntatory criteria
for each step. These criteria are determined byimgakcommon-
sense evaluation of the process involved in eagh & well as a
review of relevant literature. We regard Step 12 ésrminal step
and do not evaluate it further. Our two mandatwiteria are:

Criterion 1: Can the mechanism (either crowdsourgjror
games) handle the scale of the task?

To illustrate our scalability requirement, considame of the
preprocessing tasks — stemming tokens (Step 3éhidrstep, we
“stem” or reduce inflected or derived terms toenstbase or root
form, usually through the use of a stemming albarit To
accomplish this step using the crowd or a gaméiomd of tokens
would need to be evaluated and stemmed in a simiky.
Clearly, machines can perform this step far mofeieftly and
so the stemming step would fail our scalabilityt.tééhus, all

to determining crowdsourcing and game

seven of the preprocessing steps (Steps 3a - 3gpdscale for
crowdsourcing or game design, given the large nurobigems to
be evaluated. Indexing (Step 4) and the rankingratrteval (Step
9) also fail our scalability test.

Criterion 2: Does the mechanism require specializzdocal
knowledge to complete?

A step may require extensive local knowledge, suash an
understanding of user expectations of the IR systbmexisting
and expected system capabilities, or other locakiraints that
neither the crowd nor game players could be madeeawf in a
reasonable amount of time. The domain definitice) usually
requires system designers with considerable knayeleof the
local system. Likewise, the configuration of thérieval system
application (Step 5) requires specialized knowledgfe IR
systems, such as the ability to tune and configarameters and
develop a search strategy. Thus, these are unligedgnefit from
an “open call” and are subsequently eliminated franther
consideration.

For the steps not eliminated by the scalability &whlized or
specialized knowledge tests, we consider the fofigveriteria:

Criterion 3: Can the outputs provided by the meclism be
effectively and efficiently tested and integrateda the IR
model?

The following two additional criteria apply only games:

Criterion 4: Can the mechanism be designed to béeetraining
yet accomplish the objectives of the task?

Criterion 5: Can the mechanism be designed to pdevan
evaluation of performance and a score aligned witte task’s
objective?

Each of these questions is designed to be answered
“yes”/"no” format, although Criteria 4 and 5 aretrapplicable for
crowdsourcing and therefore we mark it “N/A”.

With Criterion 3, we wish to determine if the megtsn outputs
can effectively be tested and integrated into omdeh without

affecting the inputs of the steps occurring laterour model.

Criterion 4 determines the potential of making thsk engaging
or entertaining. Criterion 5 evaluates if it is pisde to score and
reward performance in “real time” for proper exégatn a task.

5.3 Human Value-Added Computation Model

Our initial test, which examined if each step inr d& model
could scale using the crowd and games, was evdllmsed on
having either the crowd or the game complete alkvassociated
with the task. Perhaps the humans could providepplsmental
role, like handling the most difficult componenis;, provide
quality control? In other words, what if we took haman
computation approach to those tasks, where congpuaed
humans each apply their strengths in a hybridfiishion?

To evaluate these questions, we consider a “hurahrexadded”
criterion on those steps we eliminated for thedahifity to scale
(Criterion 1). This new criterion evaluates whetkiee crowd or
game mechanism can be designed to have humansahds to
the task. We believe several preprocessing tasktd doenefit
from having humans take on those parts of the tst@pmachines
cannot complete, such as term resolution (StepoBIif)ose steps
where a human quality control effort could provigdue, such as
the classification step (Step 3g). The discussibrhav each



criterion applies to each step is not included rdire to space
considerations.

In our research going forward, we plan to examime t
applicability of crowdsourcing and games to thessas and see
(2) if it is possible to expand crowdsourcing arings to the IR

steps in our model, (2) how easy or difficult then be for each
approach, and (3) which of the two approaches (dsoarcing or

games) is the more suitable for a particular step.

The task to refine the information need or querggSL1) meets
our criteria nicely for both crowd and game mechars. There
are only a few instances where these mechanisnes bbeen used
to satisfy this step. We wish to compare how déiferagents
perform the query reformulation task and if crowadt®ing or

games might lead to better retrieval performance.

We plan to evaluate several hypotheses that invihee four
research questions discussed in Section 4. Wetplavaluate and
compare the following agents in our studies:

¢ layperson or “casual user”

e librarian or “expert user”

¢ crowdsourcing worker or “crowdworker”
« algorithms

We will examine the effects of initial queries aggtireformulated
queries for these four types of agents, and exarnave game-
based mechanisms can improve the performance oftingee
information needs for three of them: casual usstgert users and
crowdworkers. We plan to use topics (modified teresent
information needs) and data collections providedhe TREC
2004 Robust task. Our intent is to measure rettiperformance
using the following metrics: recall, precision, drdcore.

5.4 Expected Contributions

The anticipated contributions of our research aréolows. First,
using a traditional IR model, we identify the olijees and
outputs of each step. Second we evaluate the comsciag and
game-based fit for tasks at each step of our masahg criteria
we develop from empirically evaluating other wods well as
observing the characteristics that may impede thesghanisms.
Third, we introduce several research questionswiiaguide our
evaluation of the steps in our model that appeialse for crowd
or game involvement yet remain underrepresenteesearch..

5.5 Anticipated Challenges

The following are challenges we anticipate with theidy
mentioned in Section 5.3. First, we need to entheeriteria are
comprehensive and meaningful. Second, we need gorerthe
samples chosen for each agent group are reprasentdtthe
population. We also need to interleave the experisi® remove
testing and selection bias.

6. CONCLUSION

We have introduced crowdsourcing and serious games
mechanisms to accomplish IR-related tasks. We Hafiaed and
described a core IR model, to which we plan to eémanthe

suitability of applying crowdsourcing and gamederia. We also
plan to further investigate additional crowdsougciand game-
based research that has been applied to each fstejs core IR

model. We then discussed some future research rdesige

anticipate applying to the relationship between iBumodel and
both crowdsourcing and game-based mechanisms.

Although every step of our IR model may not suiéafdr game-
based or crowdsourcing mechanisms, we do beliegeee thre
significant gains that can be obtained. If we camdnstrate
significant gains using these mechanisms, we beligvis
contribution will provide a lasting benefit to Imfoation Science.
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