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MyBestQuery — A serious game to collect
manual query reformulation

Adrian Chifu, Serge Molina, Josiane M¢

Abstract—This paper presents MyBestQuery, a serious game
designed to collect query reformulations from playes. Query
reformulation is a hot topic in information retrieval and covers
many aspects. One of them is query reformulatioanalysis which
is based on users’ sessioft can be used to understand user's
intent or to measure his satisfaction with regardso the results he
obtained when querying the search engine. Wiomatic query
reformulation is another aspect of query reformulaton. It
automatically expands the initial user's query in oder to
improve the quality of the retrieved document set. This
mechanism relies on document analysis but could alsbenefit
from manually reformulated query analysis. Web seach engines
collect millions of search sessions and possible ay
reformulations. As academics, this information is hrdly
accessible for us. MyBestQuery is designed as a iseis game in
order to collect various possible reformulation uses suggest. The
more long-term objective of this work is to analyse¢he humanly
produced query reformulation in order to both analyse manual
guery reformulation and compare them with the autonatically
produced reformulations. Preliminary results are reported in this

paper.

Index Terms—Information retrieval, Query reformulation,
Serious game, Human annotation

|I. INTRODUCTION

U SERSs queries play an

information retrieval process. A query correspotadthe
way a human expresses his information need toysters but
also to the way the system matches the user's teedbte
documents to retrieve.

Understanding or rather not understanding uselsieglis a

words" assumptidn[4] is the most common and does not rely
on query understanding.

However, as pointed out by Boldi al. [5], if we could
understand query reformulation patterns we may lie &
understand user intent and build systems that geouisers
with efficient assistance. Not only query reforntida can
help understanding user expectation, but it cam dslp
measuring user satisfaction. For example, Hassaral.
consider the relationship between the user's cugeery and
the next query as implicit signals of query satiitan [6].

Another important topic related to query reformigatis
automatic query reformulation. It aims at improvihg search
engine effectiveness by automatically building avrguery
from the user's initial query. Some methods arergiréeval
methods, while others are post-retrieval such agryqu
relevance feedback [7] [8]. Compaori al. show that
expansion parameters are very important for diffiqueries
[9]. Considering the reformulated queries, Ermaketaal.
also show that a linguistic based analysis of gsedan help
understanding why some automatic query expansiaghads
work better than others [10].

These examples of query reformulation usage ibtistthe
importance of harvesting query reformulation exaspWeb
search engines collect in-house query logs thabeamsed by
company members, but are rarely accessible to atese
Our goal is to collect human based query refornutat at a
large scale. However, recruiting users for expeninds a

important role in thechallenge most user studies face. Crowdsourcirgigy to

overcome this challenge. Yuen et al. define crowdsaog as
"distributed problem-solving and business productioodel"
[11].

Crowdsourcing has mainly been used in IR to create
corpora to be used for evaluation purposes andfi@dly for

problem search systems face. Some research attetmptsrelevance assessment [12] or document annotatRjnIfiour

discover the semantics of user's query words bygusome

case, the problem is also to create corpora by haméio

knowledge resources such as ontologies [1] [2] ¢r kprovide some annotation-like information. Yuen ktpaesent

disambiguating query terms [3]. In practice stitle "bag of
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a taxonomy of crowdsourcing in which four types of
applications are distinguished, namely: voting ays,
information sharing systems, games, and creatigéess. In
our view, games represent an interesting way tdecol
information which can help reaching our goal ohiege scale
gathering of annotations if gamification is doné&e.in many
field, gamification for IR is a hot topic [14].

In this paper, we present MyBestQuery, a seriousegae
developed that aims at collecting query reformatsi and

'Document and queries are represented as sets afarad words.
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making it available for research purpose. It isilatée at
http://mbq.irit.fr . Players challenge the initial query in its
capability to retrieve more relevant documents,y thget
rewards depending on their achievement; padloaks,lavels
and leader boards are other means we includeceigahme.

The rest of the paper is structured as follows:tiSecll
presents the related works, Section Il depictsgbals of the
game with a purpose while Section IV describes rian
features of the gamification. Finally, Section \egents the
first results and Section VI concludes this paper.

A. Crowdsourcing in IR Research Field

The idea of crowdsourcing data using serious gamest
new in Information Retrieval. For example, crowdsing has
been used for relevance assessments [15] and rahgsf&2].

In IR, relevance assessment consists for humanetidel
whether a retrieved document is relevant to a qoenyot. In
TREC evaluation campaign, participants’ systemsienet
1000 documents for each query (or topic). This maks
relevance assessment a very time consuming taklng by a
few people. According to Alonso and Mizzaro,
“crowdsourcing is a cheap, quick, and reliableratitive for
relevance assessment” [15]. However, some chakenc
regarding crowdsourcing should not be ignored. Biggest
concern remains the constant need for quality ofnsince
there is the risk of contributions from workers tttzaie not
qualified enough for the task, even if they mighink about
themselves that they are. Moreover, the use of fization in

a crowdsourcing application must be done carefualigrder to
obtain usable and trustable results. Some of thenmased in
order to guarantee good results are presentediiosdV.

Another very popular type of crowdsourcing appliimatis
document annotation. For example, Nowak and Rigkeat
image annotations by this mean [13].

RELATED WORK

B. Crowdsourcing Gamification

Games with a purpose are a way to
crowdsourcing [16]. Various games exist to allowe th
annotation of images and videos by players
http://www.insemtives.eu/games.php for examples
Lafourcade developed the JeuxDeMots game to makeahu
providing semantic relationships between terms.[17]

Various features make an application be consideed
game [18], [19]; the main features and how we imshse
them for our purpose are developed in section IV.

A. Collecting Query (Re)formulations.

The main goal of the application is to collect imf@tion on
how humans would (re)formulate a query accordingato
information need.

More precisely, given an information need and atiain

GOALS AND MEANS
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query, we ask the player to provide a query hekthirill
perform better, that is to say a query that willdehe system
retrieving more or better documents according te th
information need.

To make the task more concrete and feasible, wst fir
provide the player with a short description of thecument
collection and a short description of the searajirenwhich is
used (basically a Google-like search engine).

B. Users’ Information Needs and Initial Queries.

Rather than using our own data, we decided to efseemce
collections. We choose TRE€orpora. TREC provides topics
composed of a title part which could simulate ar'asguery, a
description part which provides more informationtba user's
intent and in some collections a narrative which ba used
by assessors to decide on the relevance of a vetrie
document. An example of a TREC topic is given Tdble

TABLE |
ExAmMPLE OF TRECToOPIC
Element Detail
Title Falkland petroleum exploration
Description What information is available on petroleum exploration
in the South Atlantic near the Falkland Islands?

The advantage of using TREC reference collectisrthat
we also have access to relevance judgments foraasly on
the document collection. We can then evaluate tageps
gueries against the collection and compare theltsetu the
initial query.

In the current version of the game, we use Clue@(%t? B
document collection (http://lemurproject.org/cludi@/) and
the Robust collection (http://trec.nist.gov), asliwas the
Indri/Lemur search enginéttp://www.lemurproject.org/

IV. GAMIFICATION

A. Main Gamification Feature Description

implement Various features make an application be considesd

game [18], [19]. Among them, we consider the fesgur

(sefescribed in the following subsections.

).

There should be a "Sense" to PlayMost of internet users

query search engines and have faced the problem of

expressing an efficient query. This fact helpedasgesign a
meaningful scenario. It is easy to explain thatygta will

have to try to build a query from an informatioredeand that
they will have to try to write the most useful quethe one
that will yield as much relevant documents as fmesiThe
action “the player formulates a new query” is digaelated to
the outcome “a score that depends on the numbezl@fant
documents retrieved using this query with the gigemarch
engine”.

*http://trec.nist.gov provides the details of the ER evaluation program,
tracks and data sets.
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Play Implies Interactivity. Interactivity is implemented
through various choices the player has in the MyBasry
game. He can choose among several information nétals
can have a strategy that starts with the inforrmatieeds he
thinks are the easiest and learns from them. Halsandecide
to reformulate several times the same informatieednor
rather change information need.

Game Exists Within a Frame, Rules, Play, and Cultue.
Rules are quite simple in this game and are givetihé user
before he starts playing. The score he obtainedriipon the
number of relevant documents that are retrievethertop-10
retrieved documents using his query. The highex tioimber,
the higher the score is. At any time the user @relaccess to

3

Leader boards. A board displays the scores of the best
players in order to maintain some challenge in gaene.
Indeed, since the player does not play againsthengtiayer,
leader board is a mean to keep players active.utord
versions, we would like to improve the scenariated game
so that players could play together.

Ensuring the collection of valid data.We tried to avoid as
much as possible bias in the collected data. Teerfiean was
by displaying the queries in a random order so it
learning effect will be on different queries forchaplayer.
When analysing the data, we can choose not to denshe
results from the first queries a player played. $deond mean
consists in carefully choosing the wording in theotials and

the scores of the other players, making the gamee maadvices given during the game and test it on a [iéayers

challenging. Indeed, in this game the payers ateplaying
one against the others.

B. Concrete Gamification of Query Reformulation

Rules. A game consists in reformulating a given queryhwit
the objective for the player to help the systenrieeing
relevant documents.

Tutorial. A tutorial for novice players is provided. The
tutorial part is also a simple way to explain thies to players
and to give sense to the game.

In our case, the tutorial part consists in prowditwo
information needs the new player can choose. Tles rare
explained and the various choices he has are prdwadl each
step. We also provide the player with some hinthow he
can get good scores during the game. During thaialit he
can try on and will have a feedback on his try \uhis
different in function of the context (topic, effaeness of his
new query).

Reward and scoresThe player earns points based on th
effectiveness of the new formulation of the quesyshiggests.
The score the player gets for a given game (a gieny) is
from O to 3 for each reformulation he tries. Therscdepends
on how much the initial precision (that is to saging the
initial query formulation) after the top k retrievelocuments

first.

V. DISPLAYS

Tutorial Part One Tutorial Part Two,

¢ Tr 10 1
Fig. 1. Main screen of the game: the player hassxto a

few queries for which he can suggest reformulatibteshas
also access to the Tutorial part. Some querieaatre

€ accessible until the player gets a certain score.

Fig. 1 presents a typical display a player seesnwhe
connected. He can access the tutorial that explairst the
goal of the game. The tutorial consists also in axamples

(P@K) has been improved. For computing the scom, Wi some suggestions for effective query reforriata The

process the user's query using Indri/Lemur systeamtle
document collection and calculate the precision 1
documents (number of relevant documents in thefstite 10
first retrieved documents). We compare this resaltthe
precision using the initial query (topic title).

tutorial part can be accessed without being loggeés soon

as the player makes some successful games, he agets
sufficient score to open lockers that give accesiv queries
and information needs to play with.

Padlocks and levelsWhen the player gets enough points

thanks to the games he played, padlocks are opemnédg

him access to new queries. Currently the pointseasy to
obtain so that padlocks can be unlocked when tageplstarts
playing. Depending on the enthusiasm of the playeranay
make the opening of new padlocks more and moredliff
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ReFormuLaTion score

TuToRriaL:

After being submitted, your query has been evaluated by the system.
Depending on the result of this evaluation, you have been given some stars that
will allow you to unlock new queries.

If you didn't get the 3 stars or if you want to get higher in the highscores, you
can try to reformulate the query again.

Some abvices :

Abetter query is:
“International crime mafia"

Relevant documents using "International Organized Crime":

Relevant documents using "Mafia international organized crime drug weapons

o
=
3
@
=

Improvement :

HiGH Scores :
Rank Username Score Query relevance  Query improvement
1 . % B 5% I
2 (s0% T 33% NS
3 (B 53 -
Tryacain | PLay acain WITH anOTHER QUeRY

Fig. 2. Tutorial part of the game regarding query
reformulation. Rule, information need, initial qgueand a
query reformulation suggested by the player.

Fig. 2 shows the tutorial part of the game. Both tjuery
and the information need are displayed (the efREC topic
composed of the title, description, and narrativéiemw
available). The user can then make a try for a oewry
associated with the information need (see bottom gfathe
screenshot Fig. 2).

TuToriaL :

After being submitted, your query has been evaluated by the system.

Depending on the result of this evaluation, you have been given some stars that will allow you to
unlock new queries.

If you didn't get the 3 stars or if you want to get higher in the highscores, you can try to reformulate the
query again.

Locin To see You ScORes

Try acain

PLAY 2GAIN WITH 3NOTHER QUERY

Fig. 3. Tutorial part - scores the user's querpioled.

When submitting the query, it is sent to the seaebine
which retrieved the documents according to its ir@mk
function. The ranked retrieved document list iguim sent to
trec_eval 3.

A score is calculated based on the number of rateva
documents in the top 10 retrieved the user’s gleag to. The
user has access to the score he obtained usimguéry (see
Fig. 3).

The user can reformulate again the same query draghk
to the main screen in which new information needs/ rhe
available, depending on the score he obtained.

VL.

In this section we present preliminary results arerg
reformulations as suggested by users.

The game is now online and we have been able tectol
the first reformulations from players. We had abtwénty
different players. The players are mainly studemit® were
advertised by the creators of the game. We use TREfd 8
ad hoc collections. More precisely, in the game, pravide
some of the queries in a given order. Twenty-sigrggs have
been played with by the users; seven of them haenb
reformulated only once. Fig. 4 presents the nuralb¢imes a
query has been played (a player can play the sameeyq
several times); thus it indicates the number obnrefilations
for each query.

RESULTS

3 . . .
http://trec.nist.gov/trec_eval/ calculates varieffectiveness measures
considering a specific run and query relevance.data
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60

50

40

30 ¢

20 ¢

Fig. 4. Number of query reformulations suggestedders
for each topic.

For each query formulation, we calculate the eifectess

obtained using Indri/Lemur on the TREC 7 and 8 doent

collections é&dhoc track with 528,155 documents from
newspapers) and employing ec_eval . We focused on the
precision when the 10 top retrieved documents ansidered,

also known as P10.

For several reformulations Indri /Lemur did notriete any

documents and these reformulations were ignorednwh

calculating the average P10. An interesting pooriststs in
recurrent reformulations. For instance, the refdation
"international crime mafia" occurred for topic "301
international organized crime" 10 times from altofa33 and

it also happens to be the best reformulation imseof P10.

We compared the P10 results of MyBestQuery refoatians
with the results obtained by employing automatitrieeal
models, such as Query Likelihood (QL), Relevanced&idl
(RM1) [20] and Relevance Model 3 (RM3) [21].

02 |
ol \il

305 301 302 303 304

Queries
Fig. 5. Boxplots for the 5 queries with the most
reformulations with respect to P10 (sorted by dedicey
order of the number of reformulations made by pigye

In Fig. 5 we show the boxplots for the queries wtile
higher number of reformulations, with respect td Ralues.
P10 takes its values between 0 (no relevant doctsmeere
retrieved in the top 10) and 1 (the 10 top retritdecuments
are relevant).

For the topic 305, one can notice that the perfoigcaas
low and, most of reformulations are below the agerpoint
8f 0.21. The maximal values are out-liars, gathextetthe level
of 0.4.

In the case of topics 302 and 303, the values @ndensed
around the median, with some out-liars mostly talsalow
performance. The results for topic 301 and 304 revéder
distribution, with topic 301 oriented towards good
performance.

These results are displayed in Table 2. RM1 and Ri&
parameters that can be tuned, such as the number of
documents and the number of terms considered for
reformulation. For RM3 there is an extra parametatled
Lambda which anchors the initial query in the reformidat
(interpolation of QL and RM1).

TABLE 2 PERFORMANCE ANALYSIsfor reformulations, in terms of P 10. The threstftolumns are based on Indri language modellisgdaearch engine. The
first column reports the results when using thahguery (TREC topic title part), the second uR&41 automatic relevance feedback model, with 100
documents and 100 terms and 10 documents andr§, tére third uses RM3 model. Finally the last oolwses the human reformulation.
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Topic | QL RM1 RM3 XYZ reformulation

100/100 10/10 | 100/100/0.2 100/100/0.5 100/100/0.8 10/10/0.5 | # min max average
301 0.40 0.40 0.30 0.70 0.50 0.40 0.30 | 33 0.00 1.00 0.606
302 0.80 0.80 0.80 0.80 0.80 0.80 0.80 ( 18 0.00 0.80 0.700
303 0.10 0.10 0.10 0.10 0.10 0.10 0.10 | 17 0.10 0.40 0.188
304 0.40 0.30 0.30 0.20 0.30 0.40 0.30 | 11  0.00 0.40 0.155
305 0.10 0.00 0.10 0.00 0.10 0.10 0.10 | 58 0.00 0.40 0.103
306 0.10 0.70 0.60 0.70 0.80 0.80 0.60 4 020 040 0.275
307 0.10 0.30 0.70 0.40 0.30 0.60 0.70 1 030 0.30 0.300
308 0.20 0.30 0.30 0.20 0.30 0.20 0.30 5 0.00 0.00 0.000
309 0.00 0.00 0.00 0.00 0.00 0.00 0.00 5 0.00 0.00 0.000
310 0.30 0.10 0.20 0.30 0.30 0.20 0.20 3 0.00 0.20 0.133
311 0.90 1.00 1.00 1.00 1.00 1.00 1.00 2 0.00 0.00 0.000
312 0.60 0.80 0.90 0.90 0.80 0.90 0.90 2 0.70 0.90 0.800
313 0.10 0.40 0.20 0.10 0.20 0.20 0.20 2 080 1.00 0.900
314 0.00 0.00 0.00 0.00 0.00 0.00 0.00 2 0.10 0.50 0.300
31T 0.50 0.50 0.70 0.40 0.70 0.70 0.70 1 050 0.50 0.500
419 0.30 0.30 0.10 0.10 0.20 0.10 0.10 4 0.10 0.50 0.350
435 0.30 0.50 0.60 0.10 0.40 0.60 0.60 1 070 0.70 0.700
436 0.30 0.20 0.30 0.20 0.20 0.30 0.30 1 050 0.50 0.500
442 0.10 0.00 0.00 0.00 0.00 0.00 0.00 6 030 0.30 0.300

TABLE 3
REFORMULATION SAMPLE FR.OM PLAYERS .FOR THIB QUERIES WITH j’HE LARGER NUMBERS OF REFORMULATIONS

Topic number - title part Best reformulation Average reformulation Worst reformulation
305 - dangerous vehicles corvette police highway corvette highway truck accident
301 - international organized crime  international crime mafia International organized crime russia International criminal organisation
302 - poliomyelitis postpolio polio poliomyelitis postpolio protection outbreak disease
303 - hubble telescope achievements new hubble data discover hubble projects hubble news last
304 - endangered species mammals  Endangered Species Mammals mamal endangered species ecology endangered list

In Table 2 the parameter setups are denotgrbr topic basis. The Rl has the value of 0.3650 W& topics
"#documents/#terms" for RM1 and out of 19 improved by MyBestQuery reformulations.
"#documents/#terms/lambda" for RM3, respectively.

In the case of MyBestQuery reformulations we shoe t
number of reformulations together with minimum, nmaxm  VII. CONCLUSION
and average P10 performance, per considered Bp&best |, this paper we presented the first version of the

values for each topic are in bold. . - MyBestQuery serious game; it aims at collecting rgue
One can notice that topic 309 remains difficult footh oformulations from users. The query reformulatsanfar is
approaches (automatic and human reformulations) WO paseqd on the information need description. We ctate the
equal 0 throughout its corresponding table linewleer, for st reformulations and have shown some features these
topic 311 the automatic reformulations are clebdfter. preliminary results. These results have to be supphted by

) ] ] analysing the future data we will collect thank to
For the topics with several query reformulations also \ygestQuery.

give examples of good, average and bad MyBestQuery

reformulations (see Table 3). The title part of thgic is also Another version of this game also allows collectignan
mentioned as initial query reference. One can edh@t term  hragiction on query difficulty along with possibleasons of
misspelling  affects performance (‘mamal” instead  Gfase or difficulty (free text). We analysed theatations and
"mammal”), as well as giving the inappropriate sym for &  ghow that even if human cannot predict query difficin an

particular term ("disease" for "polio”). On the ethhand, ;ccurate way, some reasons they express are incleed to
good human comprehension, followed by a thoughtiam query difficulty [23].

choice could enhance performance.

) In future work, we would like to study how much tfiest
Query reformulation performance also has robustnegsirieved documents can help a user to reformuteeguery

issues, meaning that some queries may be harmem ey ar provides more relevant documents at high rankthe
though on average the effectiveness is improvedaf@yse retrieved document list. We will also deeply analyise terms
this robustness, we computed the Robustness IfIg§22],  the ysers used in the formulation of the queryriento try to
for the best reformulations collected by MyBestQuagainst ngerstand their behaviour and to extract somerrimdtion
the best automatic retrieval (QL, RM1 and RM3)€f@lon & that could be useful for automatic query reformiotat
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Additionally, we would like to analyse what condtus we
could draw for information literacy. For examplether

studies have shown that query formulation depends o

expertise in the domain and age [25]. We also catildly
what are the factors that influence difficulty pieidn.

Acknowledgement

This work has been partly funded by the French ANR2I
(Agence Nationale de la Recherche) under the agmeem
ANR-12-CORD-0028

(http://pre-clle.univ-tlse2.fr/agl-

clle-ltc/projets/anr-contint-2012-arcsys/)

(1]

(2]

(3]

(4]
(5]

(6]

(71

(8]

[9]

[10]

[11]

[12]

(13]

[14]

REFERENCES

R. Trillo, J. Gracia, M. Espinoza, and E. Mena. ddigring the
semantics of user keywords. Journal of Universain@aer Science,
JUCS, 13(12):1908-1935, 2007.

N. Hernandez, J. Mothe, An approach to evaluatgiagi ontologies for
indexing a document corpus. Wrtificial Intelligence: Methodology,

Systems, and Applicatior®. 11-21. Springer Berlin Heidelberg. 2004.

A. G. Chifu, F. Hristea, J. Mothe, M. Popescu. &01Word sense
discrimination in information retrieval: A spectralustering-based
approachlnformation Processing & Managemebi(2), 16-31.

K. Sparck Jones. A statistical interpretation afrtespeci_city and its
application in retrieval. Journal of documentati®8(1):11-21, 1972.

P. Boldi, F. Bonchi, C. Castillo, and S. Vigna. Queeformulation
mining: models, patterns, and applications. Infdioma retrieval,
14(3):257-289, 2011.

A. Hassan, X. Shi, N. Craswell, and B. Ramsey. Beyolicks: Query
reformulation as a predictor of search satisfactinriProceedings of the
22nd ACM international conference on Conferencelrdormation &
Knowledge Management, CIKM, pages 2019-2028. ACOLR

C. Carpineto and G. Romano. A survey of automatiery expansion in
information retrieval. ACM Computing Surveys (CSUR%(1):1, 2012.
L. Ermakova, J. Mothe, E. NikitinagProximity Relevance Model for
Query Expansion (regular paper). ACM Symposium qgppliéd
Computing (SAC 2016pisa, Italy, ACM, 2016

J. Compaoré, S. Déjean, A. M. Gueye, J. Mothe,ahdRamparany,
Mining information retrieval results: SignificantR| parameters.
Advances in Information Mining and Management. 2011

L. Ermakova, J. Mothe, I. Ovchinnikova, (2014). @uexpansion in
information retrieval: What can we learn from a pleanalysis of
queries?. Ininternational Conference on Computational Linguwisti
Dialogue 2014\Vol. 20, No. 13, pp. pp-162).

M.-C. Yuen, |. King, and K.-S. Leung. A survey ofowdsourcing
systems. In Privacy, Security, Risk and Trust (PABSand 2011 IEEE
Third Inernational Conference on Social ComputiSgdialCom), 2011
IEEE Third International Conference on, pages 768-TEEE, 2011.

C. Eickhoff, C. G. Harris, A. P. de Vries, and Rin&asan. Quality
through flow and immersion: gamifying crowdsourcedlevance
assessments. In Proceedings of the 35th intermtidCM SIGIR
conference on Research and development in infoomaétrieval, pages
871-880. ACM, 2012.

S. Nowak and S. Riger. How reliable are annotationia
crowdsourcing: a study about inter-annotator agesgrfor multi-label
image annotation. In Proceedings of the internatiaronference on
Multimedia information retrieval, pages 557-566.M2010.

G. Kazai Lumi, F. Hopfgartner, U. Kruschwitz, and. Meder. Ecir
2015 workshop on gamification for information retral (gamifir'l5). In
ACM SIGIR Forum, volume 49, pages 41-49. ACM, 2015.

[15] O. Alonso, S. Mizzaro. Using crowdsourcing for TREElevance

assessment. Information Processing & Managemei() 48053-1066.
2012

[16] L. Von Ahn. Games with a purpose. Computer, 3H8)94. 2006
[17] M. Lafourcade. Making people play for Lexical Acsitiobn with the

JeuxDeMots prototype. In SNLP'07: 7th internatiosgposium on
natural language processing (p. 7). 2007.

[18] K. Salen and E. Zimmerman. Rules of play: Gamegmekindamentals.

MIT press, 2004.

[19] J. Schell. The Art of Game Design: A book of len$eRC Press, 2014.

7

[20] V. Lavrenko and W. B. Croft. Relevance based laggumodels. In
Proceedings of the 24th international ACM SIGIR feoence on
Research and development in information retrieppl,120-127. ACM

Press, Sept. 2001.

N. Abdul-Jaleel, J. Allan, W. B. Croft, F. Diaz, 5. Larkey, X. Li, M.

D. Smucker, and C. Wade. UMass at TREC 2004: Npwgitd HARD.

In E. M. Voorhees and L. P. Buckland, editors, TREGume Special
Publication 500-261. National Institute of Standahd Technology
(NIST), 2004.

T. Sakai, T. Manabe, and M. Koyama. Flexible psetgd®vance
feedback via selective sampling. ACM Transaction#Aeian Language
Information Processing, 4(2):111-135, June 2005.

S. Mizzaro, J. Mothe. Why do you think this quesydifficult? A user
study on human query prediction, In Proceedings tlé 39th

international ACM SIGIR conference on Research dexelopment in
information retrieval, pp 1073-1076. ACM, 2016.

S. Monchaux, F. Amadieu, A. Chevalier, C. Marindjey strategies
during information searching: Effect of prior domatnowledge and
complexity of the information problems to be solvddformation

Processing and Management, 51:557-569, Elseviéf.20

[21]

[23]

[24]

Adrian Chifu. is an Assistant professor and
he is 28 years old. In 2009 he obtained a
Bachelor Degree in Mathematics and
Computer Science from “Valahia” University,
Targovste — Romania. He has a Master
Degree in Databases and Web Technologies,
degree obtained in 2011 and issued by
Universitatea din Bucugé, Romania. He received the title of
PhD in Computer Science from the Université de dosé in
2015. Then he was post-doctorate at Aix-Marseilgversité.
His research focuses in information retrieval, term
discrimination and query difficulty prediction.

Serge Molina is a 21 years old
Ingeneering Student at the Upssitech
engineering school, from the Université de
Toulouse. He completed a Bachelor degree
in computer science at the Blagnac's
Institut Universitaire de Technologie.

Josiane Motheis Professor in computer
science at the ESPE (teacher training
school) Université de Toulouse since
2002. She is a specialist in information
retrieval, data mining and Big Data.
Since 2012, she has been leading the
Information System team of the French
IRIT-CNRS lab. She was the scientific responsilne UPS-
IRIT in the federation FREMIT (collaboration betwetRIT
and IMT, one topic being Big Data) until 2013. Fr@®04 to
2014, she was the editor in chief for Europe andcAfof the
international Information Retrieval Journal, (Sgeén). She
was co-general chair of the CLEF 2015 conferendeveh
PhD students were supervised to successful corplbti her.
She is now leading the FabSpace 2.0 project, am ope
innovation network for geodata-driven innovatiomynded
under H2020 Research and Innovation program.



