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Abstract

User studies in information science have recognregel/ance as a multidimensional construct.
An implication of multidimensional relevance is tha user's information need should be
modeled by multiple data structures to represdfdgrént relevance dimensions. While the extant
literature has attempted to model multiple dimemsiof a user’'s information need, the

fundamental assumption that a multidimensional rhadbeetter than a uni-dimensional model

has not been addressed. This study seeks to iesagbumption. Our results indicate that a
retrieval system that models both topicality ane tiovelty dimension of a users’ information

need outperforms a system with a uni-dimensionaleho
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Multidimensional Models of Information Need

1. Introduction

Knowledge is a primary resource for boosting orgatmonal performance (Alavi & Leidner,
2001). Many knowledge management initiatives sethas objectives, ways to better manage
the capture, storage, distribution and applicatbrknowledge. Information retrieval (IR) is
identified as one of the major research topics novwedge management (Alavi & Leidner,
2001). However, traditional information retrievachniques are troubled by the typically short
user queries which often lead to inferior retrievesults. For example, Spink et al. (2000)
observed that most queries contain only 2-3 woAlsisers’ information need is not fully
reflected in queries because users are not awatteeagxistence of a rich contextual backdrop
against which they specify their queries, and bseahey are unable or unwilling to describe
their information need. Even if they are to artatel their information need, the outcome is often
incomplete and inaccurate (Belkin 1980).

In our study, aninformation needs defined as the awareness of the gap between an
extrinsic demand for information and a seeker’sinstc knowledge. This definition is closely
aligned with the notion of the anomalous stateradvidedge (Belkin et al. 1982). A user’s query
is a manifestation of a latent information need, it the information need per se. Users seeks
information to satisfy their information need.

How to better represent users’ information neeanismportant research question in IR.
The recognition of users’ inability to specify adate queries leads to a growing increase in
literature on query expansion techniques (e.g.eveeice feedback, collaborative query
recommendation) with the objective to better captusers’ tacit information need. However, the
effectiveness of various techniques is still coesed mixed (Ruthven, 2003). The majority of
extant research has regarded information need @asi-dimensional construct which can be
represented by a single data structure such astarvef terms (Ruthven, 2003). However, a
multidimensional view of information need has beeoposed recently (Yang, Zhang, Carbonell
& Jin, 2002; Zhang, Callan, & Minka, 2002, Xie, 200Xu, 2007). While these studies have
made an important assumption that a multidimensiomadel of users’ information need is
better than a uni-dimensional one, they have ngigcally compared a multidimensional model
of information need with one that is uni-dimensibriTherefore, a strong theoretical claim on
the superiority of multidimensional relevance canm®made. The purpose of our study is to test
the assumption that a multidimensional model ofsigaformation need is better than one that
is uni-dimensional. This study also compares adédferent multidimensional models of users’
information need.

This paper is organized as follows: First, the owdi of multidimensional information
need and relevance judgment are reviewed (Gric&;22u & Chen, 2006). Then, hypotheses of
this study are introduced. A set of four IR systemisch correspond to the hypotheses is then
introduced. After that, a user study is reported tre performances of the four IR systems are
compared. To conclude, implications are discussed

2. Conceptual Background

2.1 Information Need and Relevance
2.1.1 Information Need



The extant literature has conceptualized infornmatieed in various ways. Based on its content,
an information need has been conceptualized asmalittoc need or a hierarchy of interrelated
subneeds (Xie, 2000; Xu, 2007). Traditional methddsthe vector space model or the language
model (Ponte & Croft, 1998) treat a query as thiy sarrogate of an information need. In other
words, a document is directly compared againstginery. Recently, an information need has
come to be regarded as a multi-level constructisting of a long-term goal and many short-
term goals (Xie, 2000). Xu (2007) defined thentres general information need and subneeds,
and postulated that users adopt a divide-and-corgjtetegy in information retrieval. Based on
temporal stability, an information need can be as=li to be static or dynamic. A static
information need does not change over time anatiseiated to the past information needs of a
user. IR tests with a standard Text Retrieval Qamee (TREC, trec.nist.gov) dataset often
assume information needs are static. A dynamicrimftion need assumes that a user’s
information needs are related over time. Therefarater query is often a revision of an earlier
guery. Some popular query revision tactics inclodking morphological changes, broadening a
term, narrowing a term, and using a related teraid® 1979; Fidel, 1991). Finally, based on
users’ relevance judgment of documents, informati@eds can be conceptualized as uni-
dimensional or multidimensional.

2.1.2 Relevance

The notion of relevance judgment is closely relai@dhe notion of information need. If an
information need is the gap between an extrinsmate for information and a seeker’s intrinsic
stock of information, the relevance judgment ofa@uiment is the perceived degree of match
between the document content and the informaticednen other words,, how effectively a
document can fill the gap (Saracevic, 1975; Xu,20u & Chen, 2006). Because information
needs are often unobservable, users’ relevancementy of documents manifest their
information need. Besides being a subjective pdi@ep relevance is considered as
multidimensional and dynamic. The dimensions (cateria) employed in relevance judgments
reflect the dimensions of users’ information neAd. extensive literature review of relevance
can be found in (Borlund, 2003; Mizaro, 1997; Savac, 1975, 2007; Xu & Chen, 2006).

Of particular importance to this study is the ndittiensionality of relevance. Numerous
relevance criteria have been identified in extaatdture such as document availability, novelty,
currency, information quality, content topicalifresentation quality, and source characteristics
(Bateman, 1998; Schamber, 1994). It is theoretiaatinecessary and empirically infeasible to
incorporate all these criteria as dimensions @vahce judgment in the design of IR systems. To
reduce the dimensionality of relevance to a martalgesaze, Xu and Chen (2006) suggested that
Grice’s (1975) inferential communication theory kbiserve as a foundational theory to
summarize the relevance judgment criteria. In surgm&rice (1975) suggested that
communication is successful if the information deted is reliable, on-topic, novel,
understandable, and of appropriate scope. Empwadications of the five criteria in relevance
judgment (Xu & Chen, 2006) suggest that (1) moghefrelevance criteria proposed earlier can
statistically be grouped into the five criteriadaf®) topicality and novelty are the two major
criteria in predicting the relevance judgment afogument. Topicality is defined as the extent to
which a document addresses the topic of the infoomaneed, and novelty is defined as the
extent to which the content of a retrieved documemtew to the user and different from what
the user has known previously. Their finding is sistent with an earlier hypothesis made by
Boyce (1982), which postulated that users follotwa-stage retrieval process. In the first stage,
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documents are filtered by topicality. In the secosthge, documents are sorted by
‘informativeness’, a notion very close to novelfyherefore, this study focuses on topicality and
novelty as the two major dimensions of relevancguents.

Topicality and novelty differ in degree of subjedly and dynamics. Borlund (2003)
defines topicality as the appropriateness of a o@ru belonging to a subject area as indicated
by a user’s query. Different judges can often agupen whether the topical content of a
document is related to a query. Vakkari (2003) ssgtg that the topicality judgment of a
document does not change within one search sesSioerefore, for a given search task,
topicality is relatively objective and stable ovine. In contrast, novelty is more subjective and
volatile due to users’ different background knowjedBarry, 1994; Bateman, 1998). While
different users might collectively consider a doeminas on-topic, they might disagree on its
novelty due to varied prior knowledge. A novel do@nt can cause a significant change in
users’ cognition, which in turn affects their infostion need and their criteria for relevance
judgment for subsequent documents (Harter, 199Rgréfore, in a list of documents, a
document’s novelty is even affected by the ordesgumes (Zhang et al. 2002). Finally, learning
speed differs for different individuals and tasédepending on an individual’'s motivation and
task urgency. The volatility and subjectivity ofualty implies that an IR system constantly has
to monitor a user’s behavior to capture and incafsthe novelty aspect of a user’s information
need. Empirical studies (Xu & Liu, 2007) have camied that novelty is more volatile than
topicality in a search session.

2.1.3 Past Studies on the Dimensionality of Infornteon Need

In order to better represent users’ informationdpeaost studies focus on the algorithms for
qguery expansion, but a few directly target the wst@d@ding of users’ information need. The
extant research has found that (1) an informatieadn when it is not so simple as to be
expressed in one query, often contains a hieraotlgubneeds and subtopics (Xie, 2000; Xu,
2007); and (2) because of users’ multidimensiomd¢viance perceptions of documents, an
information need can be modeled as multidimensito@(Xu & Yin, 2008). Xu and Yin (2008)
further suggest that a user’s novelty judgmentrscted rather than undirected in the sense that
what was considered novel in the last query wotiltkse considered novel in the immediate
subsequent rounds. In contrast, undirected noveltyrs psychologically to users regarding
anything that has not been encountered before asl;nbence novelty contrasts with a
document’s redundancy in terms of documents ingpleict the past (Yang, Zhang, Carbonell &
Jin, 2002; Zhang, Callan, & Minka, 2002). Basedtloese hypotheses of user behavior, an IR
system could use separate data structures to nmgaleblity and novelty of users’ information
need (Xu & Yin, 2008). However, Xu and Yin (20083 dhot empirically demonstrate that a
multidimensional model of information need is bettean one that is uni-dimensional.

2.2 Single Vector Presentation of Information Need

Why is a single data structure, based on the agsumpf uni-dimensional information need,
ineffective to represent users’ information need&ditional IR systems, such as those using the
vector space model, have been criticized for fgilito capture the multidimensionality,
subjectivity and dynamics of users’ relevance judgm(Borlund, 2003; Cosijn & Ingwersen,
2000; Saracevic, 1975). Such criticisms may beiglgrtoverstated, as IR systems do offer
methods to capture subjectivity and dynamics -- ninest popular method being the use of
manual relevance feedback (Rocchio, 1971) wheraleysuread and indicate which documents
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are relevant for their queries and such evaluatavesused to augment their queries in the next
round. However, the criticism is correct in poigtiout the inability of most relevance feedback
systems to capture the multidimensionality of ratese judgment. Typically, a single vector is
used to represent a user’'s information need in lavaace feedback system. The user’s
information need starts with a query vector. Owemds of relevance feedback, the query vector
is updated by document vectors to produce a newhapdfully better description of the user’s
information need. This vector is termed tnger profilehere. This user profile, over time, can
capture the dynamics of user’s information neede kRy limitation of representing a user
profile with a single vector is that it biases te&rieval result towards those on-topic documents
without an adequate consideration for novelty. Tpaént is illustrated with the vector space
model in the following section.

Table 1: An example based on the vector space model

Documents Mobile | Phone| Threat
(relevance score)
Q 1 1 1
D; (1) 2 2 3
D, (0.5) 2 3 2
D3 (0.5) 2 3 2
User profile,P 5 6 6

For example, consider the following scenario: ar weants to find out if mobile phone
usage will affect his son’s health. Assume thatleady knows radiation emitted from mobile
phones may be a potential health threat, but m®tsure if this radiation poses severe health
risks to his son. Therefore, the topic is mobilem radiation and the novel information to
search for concerns the threat of radiation (&gw harmful it is, what is the harm caused by
radiation, how to protect oneself from such threats.). He goes to an online search engine and
submits a query Q, which consists of three termsobiile,” “phone,” and “threat.” Assume
documents Pand b are returned as shown in Table 1. In his queryni@bile” and “phone”
are necessary terms to ensure topicality (hendeaidy terms) whereas “threat” represents the
aspect of new knowledge to be retrieved (hence Ityoterm). Therefore, documents detailing
“threat” should be considered more novel. Assune tdrm frequency for Dand D are
distributed as in Table 1, ignoring inverse docunfesquency used in the vector space model
for simplicity, and that B and B produce the same cosine score with the queryowth D
seems to address the “threat” aspect in greatezil.dd@therefore, a novel document is not
necessarily rewarded in the vector space model.

Now, consider a retrieval system that supportsveglee feedback. Assume the user
assigns relevance scores to three document®Land B3 that are retrieved by the system as in
Table 1. O has a higher relevance score for its favorablm téistribution. The updated user
profile P is then formed by a simple weighted sBrs Q+1xD;+0.5xD,+0.5xD3. However, even
with the weights, the updated profile is still uleako differentiate between the importance of
“phone” and “threat” as both end up with the sag® e, although “threat” represents the actual
aspect of interest. The inability of such a profddjustment procedure to capture a user’s
information need seems contrived. However, thigasibn is common. First, users’ queries tend
to contain more general topicality terms than nigvedrms. This is because they do not know
how to pick the right term for the unknown informoat in query construction. Second, queries
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with general topicality terms tend to retrieve doeunts that match the general topic rather than
the desired yet-unknown subtopic. Because theremam® documents that match the general
topic among the retrieved documents than thosentaath the specific subtopic, in the long run,
the updating strategy outlined above makes theatipi terms stand out, but blunts the novelty
terms because they appear only in a small set otidents. Ultimately, the user profile
converges to the general topic rather than theetksispect which is novel to the user.

This occurs because topicality is more stable seach session, and is strengthened in
successive rounds of retrieval. Novelty, howevsrfluid and focused, and therefore is not
always strengthened. Users’ tendency to use getesrak to specify queries is another reason
that favors topicality more than novelty.

The above reasoning leads us to propose that relevieedback systems are biased
towards topicality. The hypothesis can be testedclgcking whether a relevance feedback
system and a topicality feedback system perfornilaiiy. A topicality feedback system is an IR
system that asks users to manually assign docuraesusre based on topicality judgment rather
than relevance judgment. Hence, our first hypothissi

H1: A relevance feedback system and a topicaliggiiack system are not significantly
different in performance.

2.3 Incorporating Novelty in IR

If relevance is multidimensional, it seems reastm&brepresent a user’'s information need with
two separate vectors: one representing topicatitythe other representing novelty. Such vectors
are called thetopicality profile and the novelty profile The next question is: How to
operationalize a user’'s novelty profile with a vwcand how to integrate topicality-based and
novelty-based retrieval?

System-oriented studies propose that novelty shioelldefined as the amount of relevant
information in the current document that is notex@d by relevant documents previously read,
that is, novelty is the opposite idundancyBrants et al., 2003; Kumaran & Allan, 2004; Yang
et al., 2002, Zhang et al., 2002). The implicituasption is that users can completely assimilate
the information of a document they encounter, amahak have a planned direction for the next
subtopic. Hence, novelty seeking usdirected For example, if a user’s initial document is
“mobile phone threat”, in the next round, a docutmsontaining “mobile phone threat driving
accident” would be as novel as a document contgifrimobile phone threat radiation tumor”,
because after removing the redundant words theneve documents have an equal amount of
new information. However, the novel information time latter matches the information need
better than the former.

Following Xu and Yin (2008), this study contendsatthwhen looking for on-topic
documents, users often want to read more on therdusubtopic until sufficient information has
been collected. Also, because users cannot fukymélate the content of documents read
previously, documents of similar content can enbkaoaderstanding or reaffirm previous
understanding. Only when information for the cutrembtopic is sufficient would users switch
to a new subtopic. Therefore, it is more reasonablegard novelty seeking dgectedin the
short term To operationalize novelty, this study seeks nidy the novelty terms in documents
read in the last round. A novelty profile so bisltermed alirected novelty profile

When a directed novelty profile is built, documeints corpus can be evaluated based on
their similarity to the directed novelty profilené a directed novelty score can be calculated to
rank documents. How should the directed noveltyebladocument rank and topicality-based
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document rank be integrated to form a final ranRiAigvo options exist. In the first option, a
topicality score and a directed novelty score carddculated for each document and a weighted
sum could be obtained as an overall relevance {Ztia et al., 2003). In the second option, the
corpus can be ranked first by topicality. Then,yathle top few documents are regarded as on-
topic and are retained. The retained documentdeamanked by directed novelty (Zhang et al.,
2002). Essentially, the first option regards tofiigaand directed novelty as compensatory, while
the second option regards them as non-compensatatyare steps in the decision-making
process. This study regards the second approachoes reasonable based on the following
reasons. First, in past behavioral research owvaerte judgment, topicality has been considered
the first criterion before other factors. As Fraehl (1994, p.129) highlighted, “all relevance
judgmentsstart with topically relevant materials (which is an appriate first step of a system),
but then diverse criteria come into play.” In psyidyy, it has been observed that people first
screen documents based on topicality before thagt stading (Pirolli & Card, 1999). The
empirical study of Xu and Yin (2008) posits thastapwise decision process is more consistent
with users’ actual behavior than a compensatory one

Finally, this study considers directed novelty arstlundancy to be not mutually
exclusive. It is still desirable to avoid redundgnespecially in the longer term. When the search
for a subtopic or even the general topic is s&iisfretrieving more documents on the same topic
is meaningless. Therefore, it still helps to filert or reduce the weight of documents that are
similar to documents read in a distant past. Redneyl is considered as an undirected sub-
dimension of novelty in this study.

An IR system that maintains separate topicality a@mected novelty profiles in a
feedback process and integrates them in a stepvagas termed a directed novelty-augmented
system. If a redundancy profile is used to furé@inance the system, it is termed a redundancy-
augmented system. Because a multidimensional mafdakers’ information need allows for
differences in subjectivity and dynamics of topityaand novelty, it is hypothesized to be better
than a uni-dimensional model. The following hypstee are proposed:

H2. The performance of a directed novelty-augmersigstem is better than that of a
topicality feedback system.

H3: The performance of a redundancy-augmented mystdetter than that of a directed
novelty-augmented system.

3. Systems

To test the above hypotheses, four different systemare designed: the relevance feedback
system, the topicality feedback system, the diceatevelty augmented system, and the
redundancy augmented system. All were built on u@eetor space model. The four systems
differed in their assumptions of user behavior dwiv user profiles were constructed and
maintained. Table 2 summarizes the differences gniba four systems. These systems are
largely based on the algorithms reported in Xu afidl (2008). To make this study self-
contained, major features of those algorithms epeated here. A user study was then conducted
to compare the perceived performance of the foatesys in terms of the relevance, topicality
and novelty of documents retrieved as judged byesywusers. In the following sections, the
design of each system is explained. It is assurhatithese systems are used in an interactive
information retrieval context and documents commimds. In other words, a system retrieves a
batch of documents (e.g., 10) in each round, aexsauates them, and then the system retrieves
the next batch.



3.1 Relevance Feedback System

The first system is the relevance feedback sysRRE]. It is based on the traditional Rocchio
feedback system (Rocchio, 1971). In the relevaaedlfack system, a user profile is represented
with a term vector. The user’s profile starts witie initial query and is subsequently adjusted
according to the user’s relevance evaluation ofidwnts encountered. This profile is called the
relevance profildP~c-,

The relevance profile updating strategy is alsetias Rocchio’s relevance feedback. In
a retrieval session consisting of a number of reufdthe user evaluates and assigns relevance
scores to a set of documents returned in each rahadiocument vectors and relevance scores
are used to update the initial profile. Only pasitteedback is used in our system. Therefore:

P =R+ 2 S dREL

| |d‘DP‘

wheret denotes the feedback round @8F" is the relevance profile at roundR; is the set of
documents examined at round|R| is the number of documents in the sktjs a document
vector based on TFIDF term weighting aRE&L is the subjective relevance score assigned by
the user to documentAll documents, except the initial query, conttdequally to the updated
profile if the size ofR is fixed. The differential contribution of a docant to the profile is
determined by the product of its term weights dreluser’s relevance perceptiBiLi.

Relevance evaluation of an unseen documedmy the system is calculated using the
similarity between the relevance profile and theudoent vector. It can be expressed as:

Reld;) = sim(d;, P"FH

Cosine similarity function is used in all our systeas it is one of the most effective
measures.

3.2 Topicality Feedback System

The second system is the topicality feedback sysf€RS). It is similar to the relevance
feedback system except that in updating the uggcatity profile P'), instead of using the
relevance score assigned by users, the topicaldsess used. The topicality profile also starts
with the initial query and is subsequently updateg the documents encountered. The
comparison of RFS and TFS allows us to test tisé lfiypothesis.

3.3 Directed Novelty-Augmented System
In a directed novelty-augmented system (DNAS), er’'ssprofile consists of two sub-profiles:
the topicality profile and the directed novelty film Different from the topicality profile, a
novelty profile does not start with the user’sialiquery because what the user is pursuing as a
subtopic is at that point not yet evident. Ratkiee,novelty profile is built on the user’s feedback
of the first round of retrieved documents. When tloeuments in the first round have been
assigned novelty scores, simplistically speakihg,document vectors can be weight-averaged to
produce a vector in a way similar to the case lelvence feedback. However, the main thrust of
directed novelty perception is that users are @stexd in a particular subtopic of a more general
search task. Therefore, there is a need to diffatensubtopics embedded in the retrieved
document set. The documents with high novelty scstould be identified, and the terms that
are representative of the novelty aspect, rather the more general topicality terms, should be
identified and included in the directed noveltyfieo

The probabilistic F4 measure proposed by Rober@od Spark-Jones (1976) was
adopted. The F4 measure of a tdyns the ratio of the odds that a relevant docuncentains
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the term and the odds that an irrelevant documemntiams it. Because F4 assigns a weight to a
term based on its relative probability in relevand irrelevant documents, the F4 measure can be
regarded as a local classification measure. Tha a@fean F4 measure could be adapted to
differentiate novel and non-novel documents. Thelteof t;, which indicates how effectively
the term can differentiate novel and non-novel doents, is:

_ P(t; | N) P(t, IN) r/(R-r;)
W, =log—————-1lo — =log
' 1-P(t; N) 1-P(t; |N) (n; =r))I(S—n; =R+r;)
whereP(t; | N) is the probability of novel documents containing(t, |N) is the probability of

non-novel documents containiggr; is the count of novel documents containing tgrR is the
count of all novel documents; is the count of all documents containifjgandS is the total
number of documents in the set.

The original F4 measure assumes binary documessifiation. An adaption is needed
to cater to partially novel documents. The adapt®mo allow a partially novel document to
contribute to both the novel and the non-novel aeterding to its novelty score. For example, if
the maximum possible novelty score is 7, a documhta novelty score of 6 would contribute
6/7 of a document to the novel document set andfl&document to the non-novel document
set. This adaption makesthe sum of novelty ‘fractions’ of documents contag termt;, R the
sum of novelty scores for all documents regardtE#sthe terms containedy the number of
documents containing tertp andSthe total number of documents in the set.

One disadvantage of using the F4 measure is tidgntifies only novel terms regardless
of whether they are on- or off-topic. In an IR €8t novelty is meaningful only if topicality is
ensured first, or is at least partially present & Chen, 2006). Therefore, the F4 term weight is
multiplied with the corresponding weight of thentein the topicality:

— 4 P’
W, =W, XW,
J J J

Because off-topic terms are now discounted dueh&ir tow weights in a topicality
profile, the new term weight can be regarded aprality-conditioned directed novelty weight.

Based on the novelty terms identified and weighadandt, a set of terms with directed
novelty weights forms thical directed novelty profil®"g; based on a document sBt)( This
local profile is then used to build and updatglabal directed novelty profil®" using the
following formula:

R" =@-B)RL + e

wherel3 is an updating parametdis arbitrarily set to 0.8, which means that theeity profile
is largely based on the last round of feedback.I®\drbitrary, as reported by Xu and Yin (2008),
the system performance is not sensitive to thenpeter in the range of approximately 0.8. The
global directed novelty profile is the operatiomation of thedirected novelty profileWith a
global directed novelty profile, the novelty of ees documents can be calculated with the
simple cosine score between the document vectothenglrofile.

Finally, topicality and novelty evaluations of acdment in a corpus need to be
integrated. As we argued previously, a stepwisegmation makes more sense from the user
behavior perspective. Thus, the relevance evaluati@ document is defined as:

Reld )= 0, if sim(d,, P") < s*
' |sim(d., PN, if sim(d,, PT) > s*



wheres* is a topicality cutoff values* is set as the topicality level of the 20th documérat is,

the top 20 documents are considered as on-topiainAgO0 is an arbitrary number. Spink et al.
(2000) observed that most users only browse tls¢ 20 returned documents. Documents are
then re-ranked by novelty.

3.4 Redundancy Augmented System

It is possible to further enhance a directed ngvaligmented system with redundancy avoidance,
leading to the redundancy augmented system (RASY, B redundancy profilB®° needs to be
established. The idea of the maximum marginal eelee (MMR) model as proposed by
Carbonell and Goldstein (1998) is adapted for stusly. In this model, the redundancy profile is
defined as a collection of previously read documeNewly evaluated documents are added to
the profile at each round. A “novel” document idided as one that is dissimilar to those in the
redundancy profile. Mathematically, I& be the set of documents seen befakehe a new
document to be evaluated, the redundancy scalg RHdi|R) is defined as:

RAdi|R) = maxjr sim(d;, d;).

Similar to directed novelty, the redundancy caltataformula suggests that redundancy
is not applicable to the first round of retrievadiem no documents have been read. It is only after
the first round of retrieval that we can place thad documents into a redundancy profile to
evaluate the subsequent round. However, if prelyoesd documents are used to evaluate the
redundancy of the round that immediately follows,na@any previous studies did (Carbonell &
Goldstein, 1998; Zhai et al., 2003), this practoaflicts with the directed novelty assumption.
To give sufficient time for a subtopic to be saédf at a specific round of retrieval, document
redundancy is evaluated based on the redundan@iegrailt k (k>1) rounds ago. Because there
IS no prior study suggesting how larkishould bek is arbitrarily set at 2 in this study. In other
words, before round 3, no redundancy checking acddowever, in round 3, documents read in
round 1 will be used to evaluate the redundancyesd documents to be retrieved. For new
documents in round 4, documents read in round 12amidl be used for redundancy checking.

Following that, redundancy evaluation needs tonbegrated with topicality and directed
novelty evaluations. Similar to the directed noyediugmented system, documents are first
ranked by topicality. The top* (i.e., 20) documents are then ranked by a combsuede of
directed novelty and redundancy rankings. The baa is to penalize those with a high
redundancy score. The redundancy score is suldréicisn the directed novelty score, so that
those documents that are similar to well-studidatapics receive a low evaluation. However, as
directed novelty and redundancy are calculated wditferent formulas; direct subtraction of
scores could be misleading. Therefore, it is nergs® normalize the redundancy score and
novelty score. Particularly, for a documeint one round,

R =R R N =Ny
: Rdmax - Rdﬂin : Nmax - Nmin
whereRdj is the normalized redundancy scdre is the raw redundancy scofghx andRdnin
are maximum and minimum redundancy scores in shalocuments. SimilarIyN*,- is the
normalized novelty scordy; is the raw novelty score, afdyax and Nyin are maximum and
minimum directed novelty scores in teedocuments. The final relevance score of a document
is:

0, if sim(d,, P") < s*

Rel(d,) = N' —Rd . if si T .
; —Rd;, if sim(d;, P') > s
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4. User Study

4.1 Search Task and Search Procedure

A user study was conducted with the above systeesting with a standard TREC dataset was
not adequate for our purposes because our systemsedvelibjective topicality, novelty, and
relevance judgment by users. The same study desiga ahd Yin (2008), including search task
and corpus, was followed. Again, for the sake of setit@mioment, the study design is repeated
here.

University students were recruited as participantsdbder systems. The search topic for
participants was “mobile phone radiation and healthich was relevant to the local population
with a 97.8% mobile phone service subscription ralte Jearch task was described as follows:

Assume you are taking a health education class. fifllaé examination, which
accounts for 50% of the total grade, issearch for and study online documents on

“mobile phone radiation and health” The relevance of a document depends on how

much it addresses the following issues:

1. Does the use of a mobile phone pose radiation thire#te user’s health?

2. Why is there such/or no such radiation threat to health
3. What is the proper way to use a mobile phone to prgtur health from radiation?

You need to search for documents with the search empyovided. After a list of
documents @0 documents in six pagégsis returned by the search engine, please read
each document in order, and evaluate each documeeatms of whether it isn-topic,
novel (provides new knowledge)o you, and of aoverall usefulnessYou also will be
asked to take a short online examination on the top of “mobile phone radiation
and health” after the search.

When participants came to our research laboratory, Wexe first introduced to the
search task. Participants were then asked to evalwateknowledge of the search topic on a
printed survey form with three subjective questions osewen-point scale (e.g., “I consider
myself an expert in this topic area,” 1=strongly diegg 7=strongly agree). Next, they were
given the definitions of topicality, novelty and redexe, which were also stated in the
instructions:

A document ison-topic if it talks about something related to your informatio
need. However, an on-topic document can have as éttlas much content related to
your information need. A documentnsvelif it provides knowledge that isew to you.

A document isoverall useful if it makes a major contribution to your informationede
you expect it to contribute substantially to youizggrade, and you try to memorize its
content.

The term *“usefulness” was used instead of “relevancefabse participants were
unlikely to be aware of the academic definition of ralese and the notion of relevance is often
known as “usefulness” by users in a search task @fiatg) & Galloway, 2001). Terms like
“usefulness,” “contribution to quiz” and “try to memze its content” are also consistent with
the situational and action-oriented nature of relevgpxae & Chen, 2006). Regardless of the
system they were assigned to, participants were agkeelvaluate topicality, novelty and
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usefulness based on an eight-point scale (O=totaflyopic, totally non-novel, or useless, 7=
very on-topic, very novel, or very useful) as suggestquhst literature (Xu & Chen, 2006).

Participants were randomly assigned to a system &isgsdéms had identical interfaces.
Then, after some hands-on experience with the assigystdm based on an irrelevant search
task, the search process started. However, for the spanchss, the search query was pre-
specified in the query input box and the participavese told that they did not need to revise the
search query (the input box was not editable). Theckeguery was “mobile phone health.” The
initial query was kept the same in order to reduceesygerformance variance arising from
different initial queries, so that the impact of searngorthms on system performance was not
confounded by query differences. The participants wadethat their task was only to evaluate
the documents returned in terms of topicality, novedtyd usefulness. They were asked to
evaluate 60 documents in 6 rounds.

When the initial query was submitted, the top 1Gh&f most relevant documents were
returned and listed in one page showing only thestiind three evaluation boxes for the three
factors (i.e., topicality, novelty, and relevance). iegrants were asked to read and evaluate all
10 documents in terms of the three factors. The evahsatvere recorded by the server. Using
document evaluations, the four systems updated pgeatits’ user profiles based on different
profile-updating strategies which are consistent wite #ssumptions of users’ relevance
judgment behavior. Finally, the systems returned learol0 documents with no repetition of
previously used documents.

After the search, participants took a quiz of 10 mudtiphoice questions on the search
task. They were also asked to evaluate their knayelesh the subject again with the same set of
guestions used in the pre-search survey. The searchsprtasted for 1.5-2 hours. Participants
were paid for their participation. Moreover, the one Wite best score in the after-search quiz
won a prize of S$50. The use of the quiz and incentivas to encourage participants to become
more involved in the search so that their judgment®picality, novelty, and relevance were
more reliable. Since the quiz was of no theoretigaliicance to the study, it will not be further
discussed.

4.2 Testing Corpus

The corpus for the search task was collected from Gaogie.using queries like “mobile phone
health”, “mobile phone radiation”, “mobile phone dgfé and “mobile phone safety
precautions.” Web pages linked from the first 20 resudiges were downloaded and examined;
duplicates and navigational pages were removecdrend, 295 documents were kept for our
experiment. Furthermore, these documents were assumieel safficient in satisfying users’
information needs on the topic. These documents vikere pre-processed: All HTML tags and
irrelevant information such as headers, menus, footeradwertisements were removed. Only
the main text of the document was left intact.

5. Results

There were 85 participants in our experiment -- 35 femaels50 males. Their average age was
20 and they were experienced users of search engirtbsawi average of 5.43 years of
experience. The number of participants for RFS, TFS, DA RAS was 19, 24, 22 and 20
respectively. The slight imbalance in group sizes egsto the randomization when assigning a
participant to a system. Participants also were expazt mobile phone users, with an average
usage of 3.9 years. Learning about the search togigreel during the experiment along the
seven-point scale; participants began with an avesazgee of 3.34 for their self-evaluated
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knowledge level and this score rose to 5.1 after theemxent, which was statistically
significant (p<.001). The improvement in knowledgeuasd us that novelty played a role in the
information retrieval process.

To compare the performance of systems, each partisppetception of topicality,
novelty, and relevance of documents in each roundavasaged over documents. Then, each
evaluation was averaged over all participants forséesy.

<<Insert Figure 1 about here>>
Figure 1. Performance of the four systems

Figure 1 illustrates the average relevance, topicality novelty perceptions of the four
systems over six rounds. First, there was a minor differanthe round 1 evaluation. It is to be
noted that because the initial query was the samallfsystems, and feedback came in only after
the first round, the documents returned in the first rosimoluld not differ. Theoretically, the
evaluation of the first round of documents should bg elrse across all the systems. The minor
difference across the systems during the first round wasetbult of randomness. However, if
the difference was random in nature, it should nosigaificant. To confirm that, an ANOVA
test was conducted with each participant as the ohitinalysis. Topicality, novelty, and
relevance were the dependent variables; and systemsndependent variable (three dummy
variables were used to represent the four systems). Thésrasdicate the difference was
insignificant for relevanceR;g;=0.48, p=0.69), topicality F3g;=0.19, p=0.90) and novelty
(F38:=0.95,p=0.42). Therefore, the initial difference was insignifica

Each hypothesis compared the performance of the tatersg on topicality, novelty and
overall relevance perceptions. For the two systemsetodmpared, a multivariate analysis of
covariance (MANCOVA) was conducted for each performancesureaMANCOVA was used
because it is capable of handling correlated multiigleendent variables. In our experiment, for
example, users’ evaluations of systems in rounds 2f wompared. Evaluations of these
rounds were correlated. If the performances of all four deuwere averaged, the detailed
performance difference in each round would become losith®n advantage of MANCOVA is
that it allows the round 1 evaluation to be used asvariate. It is to be noted that because there
was no system difference in round 1, the round 1 evahsteflected a user’s idiosyncratic
properties, such as background knowledge and lenien@yving a score. Treating round 1
evaluations as a covariate could statistically adjusir impacts on the later rounds (Kirk, 1995).

<<Insert Table 3 about here>>

Table 3a records the comparison between relevance fdedlyastem (RFS) and the
topicality feedback system (TFS). Table 3b recordsrtaeginal means of each round for the two
systems. The results indicate that round 1 evaludi@oha significant effect on the evaluations of
the later rounds, which was expected. However, fothadle performance measures, there was
no significant difference between the two systemsdiated by the p-values in the “TFS or
RFS” column. Although Figure 1 indicates that theicality feedback system performs
marginally better than the relevance feedback syst#er, adjusting for the round 1 evaluation,
the difference was insignificant, in support of Hypotbds

Also following the MANCOVA procedure, the directed nliyeaugmented system
(DNAS) and the topicality feedback system (TFS) werepamed. Table 4a records the results.
It indicates that the directed novelty augmentedesyshad a significant effect on both relevance
(Fs,3+2.54,p=0.05) and noveltyRs 3+~7.88,p<0.01), but not on topicality.

<<Insert Table 4 about here>>
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Table 4b illustrates the marginal mean performancearh eound. It shows that the
improvement in relevance and novelty mainly came froomds 3 and 4. For the other rounds,
although DNAS generally performed better, the differewas not significant. The generally
insignificant improvement in topicality and the siigant improvement in novelty suggest that
the improved relevance perception was more likely tallee to the improved novelty when a
directed novelty profile was used to augment the &ipycprofile. Therefore, Hypothesis 2 was
supported.

While they were not hypothesized, it is also meainiiny conduct a post hoc comparison
of DNAS and RFS. The result was similar to the congoaribetween DNAS and TFS: DNAS
significantly outperformed RFS on relevandes {~=2.54, p=0.05) and novelty Ks 3~7.88,
p<0.01), but not on topicality. Together with the ca@ngon between TFS and RFS, the result
indicates that a multidimensional model of users’ infation need is better than one that is uni-
dimensional based on either general relevance ordiifgievaluations.

Table 5 records the results for Hypothesis 3. To comiparéirected novelty augmented
system (DNAS) and redundancy augmented system (R#8)round 2 evaluation also was
added as a covariate, because the documents retartredfirst two rounds were the same.

<<Insert Table 5 about here>>

The result indicates that there was no significant diffee in the performance of the two
systems regarding all three performance measures. Therkffigpethesis 3 was not supported;
further enhancing that a directed novelty augmentesywith redundancy seemed to produce
no improvement. However, it should be noted that dwmits read two rounds previously were
regarded as redundant and placed in the redundancyepriils arbitrary aging speed could be
too tight in the experimental setting, and may heaesed the redundancy profile to show no
improvement. Further testing is needed to see if thenaahcy profile helps in a longer retrieval
session or in multi-session retrievals. Finally, rounevaluations turned out to be insignificant
while round 2 evaluations were significant. That watduse round 2 was a more recent
behavior to predict a user’s future behavior.

6. Discussion and Conclusion

With an aim to design an IR system that can betipture users’ information need, this
study proposes that a multidimensional model of udafsirmation need is better than a uni-
dimensional model based on relevance or topicadiégdiback. Furthermore, a users’ information
need can be modeled with a topicality profile, a dedcnovelty profile, and a redundancy
profile. The user study indicates that there is noifsagmt difference between a traditional
relevance feedback system and a topicality feedbgstlers, suggesting that relevance feedback
in IR is indeed biased towards topicality. In supmdritHypothesis 2, the user study indicates that
adding a directed novelty profile makes a significdifterence; therefore a multidimensional
model of users’ information need is better than oneithahi-dimensional.. This is because the
directed novelty profile captures what is interestmghte user at the right moment, even though
the user might not be able to fully specify it ineges. Finally, further adding a redundancy
profile does not improve the performance of a directeceiip\aaugmented system, thus lending
no support to Hypothesis 3.

However, the results of this study should be interpretdin its limitations. First, the
sample size in the experiment is not large. Itesible to further test these systems with a
larger sample. Second, the use of a small corpus amihgle search task limits the
generalizability of findings. Third, because the pugoo$ this study is to empirically test the
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modeling of users’ information need rather than prompan efficient algorithm, (although the
speed of the four systems were similar in a small-desléng environment), there is a need to
further improve the directed novelty augmented systeruture research in order to deliver a
more effective system for actual use. Fourth, the usesbiort retrieval session (i.e., six rounds
of document evaluation) might lead to the ineffeste®s of redundancy in further boosting
system performance. Fifth, this study considered oanpjictlity and novelty of relevance
judgment. Other dimensions of relevance, namely rditigbunderstandability and scope (Xu &
Chen, 2006), are not tested. Future research shdsddfiad ways to capture these aspects.
Finally, while a few systems are proposed, none ssgded to handle multiple search tasks. In
actual situations, users often conduct multiple tasks$ multi-topic searches.. How to capture
and identify the nuances among multiple informatieeds is an interesting question for future
research.

Despite these limitations, this study offers importantplications towards our
understanding of information needs. It lays a systereébampirical foundation for studies on
multidimensionality of relevance by showing that altdimensional model of information need
is better than one that is uni-dimensional. . Witls foundation, prior studies on topicality and
novelty relationship (Xu & Yin, 2008) can be firmlysjified. Moreover, it reconfirms Xu and
Yin's (2008) study by showing that topicality and nlbyeare two important aspects of users’
tacit information needs and they can be effectivelggrated to boost system performance.
Together with the prior study by Xu and Yin (2008), thisdy lays a theoretical foundation for
future IR system designs to better capture the tapiaahd novelty aspects of users’ information
needs.
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Figure 1. Performance of the four systems
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Table 2. Comparison of the Four Systems

Relevance
feedback system

Topicality
feedback
system

Directed
novelty
augmented
system

Redundancy
augmented
system

Information
need
dimensionality

uni-dimensional

uni-dimensional multidimensional

multidimensional

Dimensions of overall relevance topicality topicality, topicality,
information directed novelty directed novelty,
need redundancy
Dynamics dynamic dynamic dynamic dynamic
User profile one vector one vector one vector one vector
representing the  representing representing representing
overall relevance topicality of topicality, the topicality, one
information other representing
need representing directed novelty,
directed novelty and one
representing
redundancy
Profile manual relevance manual manual topicality manual topicality
updating feedback topicality feedback and F4 feedback, F4 for
strategy feedback for novelty novelty, and
MMR for
redundancy
Relevance relevance relevance stepwise stepwise
judgment judgment based on judgment based judgment with  judgment with
a monolithic on topicality topicality and topicality,
overall relevance evaluation directed novelty directed novelty
evaluation in a short term,
and redundancy
avoidance in a
long term
Ranking of documents ranked documents documents documents ranked
documents by their match to  ranked by their ranked by by topicality first,
accordingto  the relevance match to the topicality first, the top a few
the above profile topicality profile the top a few documents are

assumptions

documents are
then ranked by
directed novelty

then ranked by
directed novelty
adjusted for
redundancy
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Table 3.MANCOVA for Hypothesis 1
a) Significance test.

Intercept Round 1 TFS or RFS
H1 Fs.36 Fs,36 Fs.36
Relevance 2.77 6.59 056 0.73
Topicality 3.93 11.48 0.40 0.85
Novelty  6.09 18.50' 052 0.76

2p<0.05,° p<0.01.

b) Topicality, novelty and relevance over rounds

Round Systems Topicality Novelty Relevance
Mean SD Mean SD Mean SD
2 TFS 494 0.25 4.14 0.21 453 0.25
RFS 514 0.22 4.42 0.19 451 0.23
3 TFS 3.54 0.28 258 0.26 2.83 0.27
RFS 3.81 0.25 3.05 0.23 3.10 0.24
4 TFS 3.87 0.30 295 0.33 3.10 0.32
RFS 427 0.27 3.21 0.29 3.58 0.28
5 TFS 422 0.28 3.57 0.33 3.58 0.32
RFS 474 0.25 4.02 0.30 4.07 0.28
6 TFS 437 0.31 3.57 0.33 3.64 0.33
RFS 483 0.27 3.82 0.29 4.07 0.30
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Table 4. MANCOVA for Hypothesis 2
a) Significance test.

Intercept Round 1 DNAS or TFS
H2 Fs.34 Fs.34 Fssa P
Relevance 1.92 7.0% 254 0.05
Topicality 3.17 6.08 1.57  0.20
Novelty 1.44 10.63 7.88 0.00

2p<0.05,° p<0.01.

b) Topicality, novelty and relevance over rounds

Round Systems Topicality Novelty Relevance
Mean SD Mean SD Mean SD
2 TFS 497 0.30 435 0.24 474 0.30
DNAS 5.26 0.28 415 0.22 492 0.28
3 TFS 3.57 0.32 275 0.27 297 0.33
DNAS 426 0.30 3.656 0.25 4,08 0.31
4 TFS 3.89 0.38 3.12 0.33 3.26 0.37
DNAS 488 0.35 3.96 0.31 453 0.35
5 TFS 426 0.35 3.74 0.32 3.76 0.34
DNAS 490 0.32 3.99 0.30 458 0.32
6 TFS 440 0.30 3.75 0.28 3.78 031
DNAS 449 0.28 3.45 0.26 4.14  0.29
4 p<0.05.
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Table 5. MANCOVA for Hypothesis 3

Intercept Round 1l Round?2 DNAS or RAS
H3 Fs.35 Fs.35 Fs.35 Fsss P
Relevance 0.92 191 1255 1.27 0.30
Topicality ~ 1.04 0.98 9.21 1.87 0.14
Novelty 0.95 1.46 2.93 0.19 0.94
2p<0.05,° p<0.01.
b) Topicality, novelty and relevance over rounds
Round Systems Topicality Novelty Relevance
Mean SD Mean SD Mean SD
3 RAS 4.39 0.25 475 0.25 4.07 0.29
DNAS 4.17 0.24 436 0.24 3.97 0.28
4 RAS 4.29 0.24 4.45 0.26 4.34 0.27
DNAS 4.64 0.23 498 0.25 430 0.26
5 RAS 4.02 0.26 457 0.27 413 0.29
DNAS 4.67 0.25 498 0.26 4.33 0.27
6 RAS 4.05 0.24 435 0.26 3.77 0.27
DNAS 4.23 0.23 456 0.24 3.76  0.26
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