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ABSTRA CT
Search and Ranking in Semantically Ric h

Applications

Julia Stoyanovic h

This thesis proposesnovel search and ranking approaches for semantically rich application

domains.

The central role of Data Management in today's society may be comparedto the role of

Physicsin early 20th Century when it entered its Golden Age. Data is the raw matter of the

Universeof Information, and, in a processanalogousto nuclear fusion, data is transformed

progressively into information, and then into knowledge.

The advent of the World Wide Web as an information exchange platform and a social

medium, both on an unprecedented scale, raises the user's expectations with respect to

the availabilit y and easeof accessto relevant information. Web usersbuild persistent on-

line personas: they provide information about themselves in stored pro�les, register their

relationships with other users, and expresstheir preferenceswith respect to information

and products. As a result, rich semantic information about the user is readily available,

or can be derived, and can be used to improve the user's online experience,making him

more productive, more creative, and better entertained online. There is thus a need for

context-aware data management mechanisms that support a user-centric data exploration

experience,and do so e�cien tly on the large scale.

In a complementary trend, scienti�c domains, most notably the domain of life sciences,

are experiencingunprecedented growth. The ever-increasingamount of data and knowledge

requires the development of new semantically rich data management techniques that facili-

tate system-wideanalysisand scienti�c collaboration. Literature search is a central task in

scienti�c research. Controlled vocabulariesand ontologies that exist in this domain present

an opportunit y for improving the quality of ranking.

The Web is a multifaceted medium that givesusersaccessto a wide variety of datasets,



and satis�es diverseinformation needs. SomeWeb userslook for answers to speci�c ques-

tions, while others browse content and explore the richnessof possibilities. The notion of

relevance is intrinsically linked with preferenceand choice. Individual items and item col-

lections are characterized in part by the semantic relationships that hold among values of

their attributes. Exposing thesesemantic relationships helps the user gain a better under-

standing of the dataset, allowing him to make informed choices. This processis commonly

known asdata exploration, and hasapplications that rangefrom analyzing the performance

of the stock market, to identifying genetic diseasesusceptibility, to looking for a date.

In this thesis we proposenovel search and ranking techniques that improve the user

experienceand facilitate information discovery in several semantically rich application do-

mains. We show how the social context in social tagging sites can be used for user-centric

information discovery. We alsoproposenovel ontology-aware search and ranking techniques,

and apply them to scienti�c literature search. Finally, we addressdata exploration in ranked

structured datasets, and proposea rank-aware clustering algorithm that usessemantic rela-

tionships among item attributes to facilitate information discovery.
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Chapter 1

In tro duction

The central role of Data Management in today's society may be compared to the role of
Physicsin early 20th Century when it entered its Golden Age. Data is the raw matter of the
Universeof Information, and, in a processanalogousto nuclear fusion, data is transformed
progressively into information, and then into knowledge.

Information is, in fact, so important, that even philosophersare starting to get inter-
ested. An emergingdiscipline of Philosophyof Information [Floridi, 2009b] postulates that
\to be is to be an informational entit y" [Ess,2009]. According to this new doctrine, history
is synonymous with the information age,sinceprehistory is the agein human development
that precedesthe availabilit y of recording systems.

The information-based nature of our society has only recently becomeapparent, and
is clearly linked to the wide-spread adoption of the World Wide Web as a platform for
information dissemination and sharing. Nowadays the most advanced economieshighly
dependon information technologiesin their functioning and growth. It hasbeenarguedthat
the world's seven largeseconomies,formerly known as G7, qualify as information societies,
becauseat least 70% of their gross domestic product depends on intangible information-
related goods, not on material goods, which are the physical output of agricultural or
manufacturing processes[Floridi, 2009a].

The World Wide Web is, without a doubt, one of the greatest inventions of the 20th
century . The Web is a living and breathing organism that is interesting both as a phe-
nomenon unto itself, and becauseof the multitude of other phenomenathat it supports
and enables. The advent of the World Wide Web sparked the generation and exchange of
information on an unprecedented scale,presenting the data management communit y with
vital opportunities and interesting challenges.

A central data management challengethat arisesin the Internet ageis the transformation
of data into knowledge. A particular aspect of this challenge may be phrased as follows.
Provided that the burden of synthesizingknowledge from relevant information rests on the
user, how can the systempoint the user towards the information that is relevant? After all,
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the complexity of �nding a needlein a haystack increaseswith the sizeof the haystack.1

The young 21st century has already unveiled its �rst great discoveries, not last among
which is the popularization of online social networking and of social content sites. Of these
sites there is a great variety { from the versatile Facebook platform that supports many
types of content and various degreesof user involvement, to the minimalist Twitter, in
which userscommunicate by publishing laconic status updates, or tweets.

Social content sitesarebacked by the World Wide Web, and are responsiblefor enriching
or, as somewould say, polluting the global information spaceby orders of magnitude more
data. These sites bring about a shift in the traditional paradigm of information dissemi-
nation, in which there are far fewer producersof information than there are consumers.In
contrast to traditional media, and to Internet-basedpublishing of the pre-social era, users
of social content sites are both producersand raters of information, as well as information
consumers.The blurring of the line betweenproducersand consumersof content results in
democratization of information , providing a powerful participation incentiv e.

In a related trend, many scienti�c domains, most notably the domain of life sciences,
are experiencing unprecedented growth. The recent complete sequencingof the Human
Genome, and the tremendous advancesin experimental technology, are rapidly bringing
about new scienti�c knowledge. The ever-increasing amount of data and knowledge in
life sciencesin turn requires the development of new semantically rich data management
techniques that facilitate scienti�c research and collaboration.

An important challengeposedby the data management needsof the scienti�c communit y
may be phrased as follows. Provided that high-quality knowledge basesare available that
summarize the state of the art in a scienti�c �eld, how can the systemuse this knowledge
to identify relevant information, enabling further scienti�c advances?

The Web is a multifaceted medium that givesusersaccessto a wide variety of datasets,
and satis�es diverseinformation needs. SomeWeb userslook for answers to speci�c ques-
tions, while others browse content and explore the richnessof possibilities. The notion of
relevanceis intrinsically linked with preferenceand choice. Preferencesare known to change
basedon temporal aspects,oneof which is the changein availabilit y of items (be it physical
products of information entities), or in a user's belief about the availability of items [Hansson
and Gr•une-Yano�, 2006]. The processby which a user ascertainsthe availabilit y of items
is known as data exploration.

Individual items and item collections are characterized in part by the semantic rela-
tionships that hold among values of their attributes. These relationships may be known
a priori , e.g., all 10-story buildings in the US have an elevator. Alternativ ely, these rela-
tionships may need to be derived, using inferenceor statistical tools. Exposing semantic
relationships that hold among item attributes helps the user gain a better understanding

1Proof is left as an exercisefor the reader.
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of the dataset, allowing him to make informed choices. Data exploration is a commontask,
with application ranging from analyzing the performanceof the stock market, to identifying
genetic diseasesusceptibility, to looking for a date.

Successof data exploration depends critically on the availabilit y of e�ectiv e analysis
and presentation methods. An important data management question is then: Provided
that a user's preferences depend in part on the semantic relationships that hold among item
attributes, how can the systeme�ectively derive theserelationships and present them to the
user, facilitating data exploration?

This thesis proposesnovel search and ranking methods aimed at improving the user
experienceand facilitating information discovery in semantically rich applications. In the
remainder of this section, we give an overview of the state of the art in related data man-
agement areas,and outline our contributions.

1.1 Information Retriev al and Web Search

In Information Retrieval (IR), a user expresseshis information needwith a query q. An IR
system evaluates the query against a document corpus D, and identi�es a set of answers
A � D that are conjectured by the system to satisfy the user's information need. The
documents in A are said to match the query q. The languageused to expressthe query,
and the mechanism by which answers are identi�ed, depend on the retrieval model usedby
the IR system. We will describe several common retrieval models in Section 1.1.1.

In IR, documents are typically drawn from a large corpus, and relevant documents are
identi�ed. In real-world IR scenariossuch as Web search, or scienti�c literature search,
many more relevant documents are typically identi�ed than any one user is willing to read.
Further, not all documents that are identi�ed asanswerscarry equal relevanceto the user's
query. Therefore, the systemmust choosea portion of the result set to present to the user,
motivating the need for ranking. Results are commonly returned in the form of a ranked
list, with the goal of presenting to the user documents that are conjectured by the system
to have high relevanceto the user'squery. To this end, IR systemsde�ne a ranking function
R : D ! R that, for a �xed query, associates each document d 2 D with a real number. R
de�nes a natural ordering on the documents in the collection, and expressesthe extent to
which each document matches the query.

Information Retrieval methods were originally developed for searching document col-
lections to which we currently refer as Digital Libraries, such as the on-line version of the
Library of Congress(www.loc.gov ) or the PubMed Central repository of scienti�c articles
(www.pubmedcentral.nih.gov ). Thesecollectionsare curated and generally contain docu-
ments of high quality, in the sensethat a document that covers a particular topic is usually
authored by an expert on that topic. Further, the vocabulary used in a document is usu-
ally representativ e of the document's semantic content. This is to be contrasted with the
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document corpus that is the World Wide Web, in which there is a high degreeof variabilit y
with respect to the quality of information. Authors of Web content have a varying degree
of expertise on the subjects they cover. Additionally , the words used on a particular web
pagemay not truthfully re
ect the semantic content of the page,a phenomenonknown as
search engine spamming. Basedon these considerations,new IR methods were developed
that incorporate both a document's textual relatednessto a user'squery, and a document's
authority. We will give an overview of thesemethods in Section 1.1.2.

An important and di�cult question is how to properly evaluate the performanceof an
IR system. We discusssomeapproaches for evaluating the quality of retrieval and ranking
in Section 1.1.3, and give an overview of performance-relatedissuesin Section 1.1.4.

1.1.1 Information Retriev al Mo dels

The IR models of this section represent queriesand documents in a corpus as collections,
such assetsor vectors,of index terms. Index terms t 1; t2; : : : tn are elements of a vocabulary
T that typically corresponds to words in the natural languageof the collection.

The Boolean model is basedon set theory and Boolean algebra. In this model queries
are speci�ed as conjunctions (keyword AND ), disjunctions (keyword OR), or negations
(keyword NOT) of index terms. A query is an arbitrary Boolean expressionover the terms
from T , which is converted by the system to disjunctive normal form. Each document
d 2 D is in turn represented as a conjunction of the terms that occur in the document.

Supposethat a vocabulary is given that consistsof three terms; we represent the vo-
cabulary as a set T = f t1; t2; t3g 2. Supposealso that a query is given by the Boolean
expressionq = t1 ^ (t2 _ : t3). This query can be equivalently re-written in disjunctive
normal form asqD N F = (t1 ^ t2 ^ t3) _ (t1 ^ t2 ^ : t3) _ (t1 ^ : t2 ^ : t3). Document di = t1 ^ t2

will match the query, since it matches the secondconjunctive term in qD N F . On the other
hand, document dj = t1 ^ t3 will not match q.

For each document d 2 D, the Boolean model will predict that the document is either
relevant to a query q or that it is irrelevant.

The vector space model, which was �rst introduced in [Salton et al., 1975], relaxes the
assumption that a document is either relevant or irrelevant to a query. Unlike the Boolean
model, the vector spacemodel incorporates term weights, and supports partial matching.

In the vector spacemodel, the vocabulary of index terms T is represented by a vector,
with length equal to the size of the vocabulary. Queries and documents are represented
by vectors of non-binary weights, with each position corresponding to a term in T . The
weights are usedto compute the degreeof similarit y betweena query and a document. So,
for a query ~q and a document ~d, we compute similarit y as the cosineof the angle between

2This example is basedon the example in Section 2.5.2 of [Baeza-Yates and Rib eiro-Neto, 1999].
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thesetwo vectors in the spaceof T :

sim( ~d;~q) =
~d � ~q

j ~dj � j~qj
(1.1)

How well the model will match human intuition clearly dependson a meaningful choice
for the weights. A classic weighting scheme, known as tf-idf , weights a document term
accordingto how often the term appearsin the document. This portion of the weight, called
term frequency, or tf, modelsthe intuition that a term that is mentioned in a document more
often is more representativ e of the document's content than another term that is mentioned
lessoften. The tf weight is normalized by the total frequency of the term in the corpus.
This normalization, referred to as inverse document frequency, or idf, penalizesterms that
frequently occur in the corpus, becausesuch terms may be lessinformativ e.

Wedescribedtwo classicalretrieval modelsin IR. Many other successfulmodelsexist and
are usedtoday in IR systems.The probabilistic model attempts to estimate the probabilit y
that the user will �nd the document d relevant to a query q, given the representations of
d and q. A family of probabilistic IR models are the languagemodels that are basedon a
probabilistic mechanism for generatingtext. Given a query q and a document d, the system
computes the probabilit y that q was generatedby the languagemodel of d, and ranks the
retrieved documents on this probabilit y [Croft and La�ert y, 2003].

The fuzzy set model assumesthat each query term de�nes a fuzzy set, and that each
document hasa degreeof membership (usually lessthan 1) in this set. The extended Boolean
model allows for the weighting of Booleanterms. A variety of extensions,and of newmodels,
have been consideredin the literature. However, this thesis does not use any of the later
models, and so a complete review is beyond the scope of this work. We refer the reader
to [Baeza-Yates and Ribeiro-Neto, 1999; Manning et al., 2008] for a comprehensive review
of other approaches.

Most IR models lend themselves well to ranking, becausethey incorporate a notion of
non-binary similarit y between the query and the document. An exception is the Boolean
retrieval model, which producesbinary outcomes,and as such does not naturally support
ranking. In addition to relevance,modern IR systemsalso incorporate a notion of authority
into the ranking, and we discussthis topic next.

1.1.2 Link Analysis and Authorit y-Based Ranking

The World Wide Web becamea prominent medium for information discovery in the early
1990s. By that time IR was already a mature �eld that developed primarily based on
information discovery tasks over large curated document collections. The advent of the
Web prompted the �eld of IR to adapt, and to develop techniques appropriate both for
the ever-increasingsizeof this dynamic collection, and for the heterogeneity in information
quality.
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A crucial property of the Web that motivates someof the early advancesin Web-based
retrieval and ranking is that the Web has a natural graph structure. The Web is comprised
of pageswith hyperlinks to other pages. For example, a Web pageof a Computer Science
PhD student may contain a link pointing to her adviser's homepage:

<a href=''http://www.cs.colu mbia.ed u/~k ar'' >Homepage of Kenneth A. Ross</a>

A key observation made by Kleinberg in a seminal paper [Kleinberg, 1999] is that hy-
perlinks of this kind may be viewed as endorsements. A page that links to another page
implicitly endorsesthe target page,giving it prominence,commonly referredto asauthority.

At roughly the sametime Brin and Pagedeveloped the PageRankalgorithm [Brin and
Page,1998] that models the authorit y of a Web pagebasedon the probabilit y that it will
be visited by a random surfer who usesthe link structure of the Web. PageRankservesas
basis for the search algorithm employed by Google, a leading Web search engine. We now
give a brief description of thesetwo in
uen tial algorithms.

The Hyperlink-Induced Topic Search (HITS) algorithm, also known as Hubs and Au-
thorities, was proposedin [Kleinberg, 1999]. HITS usesthe link structure of the web graph
to identify , in a query-speci�c or topic-speci�c manner, a set of authoritativ e pages,and
a set of hub pagesthat join the authorities into the link structure. The Web is modeled
as a directed graph G = (V; E), where nodes V correspond to pages,and a directed edge
(p;q) 2 E indicates the presenceof a link from pagep to pageq.

The algorithm starts by constructing a relatively small subgraph of the Web, called the
root set, that contains a high number of query-relevant pages.The root set is then expanded
to include adjacent pages{ pagespointed to by the pagesin the root set, and pagespointing
to the pagesin the root set. The resulting sub-graph of the Web graph, referred to as G� ,
has a high chanceof containing someauthorities, and theseauthorities are identi�ed using
an iterativ e procedure.

Each web pagep among the nodesof G� is assignedtwo weights { an authority weight
xhpi and a hub weightyhpi . Both kinds of weights are initialized uniformly for all pages,and
are updated iterativ ely. The update procedurebuilds on the intuition that a page p that
points to many pagesshould receive a high hub weight (y), while a pagethat is pointed to
by many pagesshould receive a high authorit y weight (x). Given weights f x hpi g and f yhpi g,
two operations are applied in turn and update the weights as follows:

xhpi  � q:(q;p)2 E yhpi (1.2)

yhpi  � q:(q;p)2 E xhpi (1.3)

Weights are normalized after each iterativ e step. Eventually, the systemconvergesto a
solution and the iteration stops.
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The PageRank algorithm, introduced in [Brin and Page,1998], models the behavior of a
random surfer who starts with a random Web pageand visits other web pagesby following
outgoing hyperlinks. At somepoint the surfer may decideto start at another random page.
The probabilit y that a random surfer will visit a web pageis the PageRankof that page.

Unlike HITS, PageRank is a query-independent measureof pageauthorit y. PageRank
is computed iterativ ely over the entire Web graph, with the intuition that the authorit y of
a pagep dependson the number of incoming hyperlinks and on the authorit y of the pageq
from which the hyperlink to p originates. PageRankof a pagep is computed by iterativ ely
using the equation:

xhpi = (1 � d)� q:(q;p)2 E
xhqi

hq
+ d (1.4)

Here, hq is the outdegreeof pageq, and d 2 (0; 1) is a dumping factor that represents the
probabilit y that the random surfer will get bored of hyperlinked browsing, and will jump
to a random Web page. The computation eventually convergesto an equilibrium solution.

An authorit y scoreof a pagecan be combined, for example in a multiplicativ e manner,
with the query relevancescore,allowing the systemto rank resultsby a combination of query
relevance and query-independent (in the caseof PageRank) quality. The PageRank and
HITS authorit y propagation measureshave had extremely high impact, both academically
and commercially. The practical value of link-based authorit y measuresis best supported
by the tremendous commercial successof Google and its wide adoption by everyday Web
users. It may well be the casethat the sustainedgrowth of the Web is due, at least in part,
to the fact that Web content can be discovered e�ectiv ely using this generation of search
technology.

Recently, a new style of Web search has emergedin which semantic entities, such as
products or scholars, are returned by the systemin responseto a query. We will discussthe
emergenceof semantic Web technologiesand their new search and ranking requirements in
Section 1.2.1.

1.1.3 Evaluating the Qualit y of an Information Retriev al System

Evaluation of the e�ectiv enessof an IR system typically incorporates relevance judgments
that are issuedby usersagainst all, or some,documents in the corpus. Judgments rate the
relevanceof a document to a particular query on somescale,and may evaluate the textual
relevanceof a document to a query, the document's quality and trust worthiness,or both. In
the simplest case,a document may be consideredeither relevant or irrelevant to the query,
receiving a relevance scoreof 1 or 0, respectively. Sometimesmore �ne-grained relevance
scoresare used. For example, a document's relevancemay be judged on a scalefrom 0 to
3, where 3 denoteshigh relevance,and 0 denotesno relevance.
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1.1.3.1 Set-Based Measures

We now describe sometypical ways that relevance judgments may be usedto quantify the
performanceof an IR system. Theseand other methods are described in detail in [Baeza-
Yates and Ribeiro-Neto, 1999]. Given a query q, and a document collection D, we may use
relevance judgments to partition the collection into two mutually exclusive sets: set R of
relevant documents, and set I of irrelevant documents. To quantify the performanceof a
retrieval-only IR system(one that doesnot do any ranking), we may considerthe set of all
answers A conjectured by the system to be relevant to the query. We de�ne recall as the
fraction of the relevant documents that has beenretrieved:

Recall =
jR \ Aj

jRj
(1.5)

We may alsode�ne precision asthe fraction of the retrieved documents that are relevant:

Pr ecision =
jR \ Aj

jAj
(1.6)

A variety of measuresexist that combine precision and recall in various ways, such as
the F-measureand the E-measure[Baeza-Yates and Ribeiro-Neto, 1999].

In order to make precisionand recall appropriate for ranked retrieval, onecan considera
modi�cation of precision, recall and related measures,applying them at top-N , for various
valuesof N . Then only the documents in the highest N positions in the list are considered
when evaluating quality (we denote these documents by top(A ; N )), but these documents
are still treated as a set, and the relative ordering of documents in the set is ignored. For
example,precisionat top-N may be de�ned as the fraction of the top-N that is relevant to
the query:

Pr ecision@N =
jR \ top(A ; N )j

jtop(A ; N )j
(1.7)

Recall, precision and related measuresare basedon the assumption that the set of rel-
evant documents for a query is the samefor every user. However, di�eren t usersmay have
very di�eren t interpretations of relevance, and we will provide more background on this
intuition in Section 1.3. Several user-oriented quality measuresare in use in IR, includ-
ing coverage, novelty, expected search length, satisfaction and frustration [Baeza-Yates and
Ribeiro-Neto, 1999].

As before, for a given query, let R refer to the set of relevant documents in a collection,
and let A be the set of answers retrieved by the IR method. Also let U � R be the relevant
documents known to the user. For example,R may represent all movies directed by Milos
Forman, and U may represent the subset of Forman's movies that the user has seen. We
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de�ne coverageas the fraction of the documents known to the user to be relevant that has
beenretrieved:

Coverage =
jU \ Aj

jUj
(1.8)

Coverageis a user-oriented version of recall (seeEquation 1.5), and we usethis measure
in Section 2.2. Another proposedquality measureis novelty, de�ned as the fraction of the
relevant documents that were retrieved and were unknown to the user:

N ovelty =
jA n Uj

jAj
(1.9)

The novelty measure,while incorporating a user's point of view on relevance to some
extent, still makesan implicit assumption that the set of relevant documents R is the same
for all users,and that documents in this set simply have not beendiscovered, and judged,
by all users. There is, however, increasing evidencethat this assumption does not hold in
practice, and we elaborate on this point in Section 1.3.2.

1.1.3.2 List-Based Measures

A crucial shortcoming of quality measuresdescribed above is that they do not naturally
account for the order of items in the list. An intuitiv e argument can be madethat, because
a user is more likely to pay attention to the items that are returned higher in the list, i.e., at
lower ranks, a successfulIR method should return high-quality items closerto the top of the
list. In the remainderof this sectionwedescribeseveral techniquesproposedin [J•arvelin and
Kek•al•ainen, 2002] that incorporate this intuition. Thesetechniques,particularly Normalized
Discounted Cumulated Gain (NDCG), are usedextensively throughout this thesis, both to
assessthe quality of proposedsolutions, as in Chapters 2 and 4, and to develop new ranking
methods, as in Chapter 5.

Other techniques for comparing ranked lists are described in the literature (see for
example [Fagin et al., 2003a]), but we focus on the techniques of [J•arvelin and Kek•al•ainen,
2002] because,as we will show in subsequent chapters, they are e�cien t to compute and
are a natural �t for our application scenarios.

The measuresof [J•arvelin and Kek•al•ainen, 2002] evaluate the quality of a ranked list
with respect to information gain, or simply gain, that is cumulated by document rank. In
other words, the relevance scoreof each document in the list is used to compute a gained
value for its ranked position in the result, and the gain is then summedprogressively from
ranked position 1 to N . (Here, and in the remainder of this section, ranked lists are 1-based
for convenience.)

Let us assumethat relevancescoresof 0 to 3 are used,with 3 denoting high relevance,
and 0 denoting lack of relevance. A top-10 list of documents is represented as a gain vector
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G of 10 components, each having a value of 0, 1, 2, or 3. For example:

G = h3; 2; 3; 0; 0; 1; 2; 2; 3; 0i (1.10)

The cumulated gain at ranked position i is computed by summing from position 1 to i ,
where i rangesfrom 1 to 10. Cumulated gain is represented by a vector CG, and is de�ned
recursively as follows:

CG[i ] =

(
G[1] if i = 1
CG[i � 1] + G[i ] otherwise

(1.11)

For example, from the gain vector in Equation 1.10 we obtain the following cumulated
again vector:

CG = h3; 5; 8; 8; 8; 9; 11; 13; 16; 16i (1.12)

The gain and cumulated gain vectorsde�ned above incorporate the intuition that highly
relevant documents are more valuable than marginally relevant documents. The next mea-
sure, discounted cumulated gain, builds on the intuitiv e idea that, the greater the ranked
position of a relevant document, the less valuable the document is for the user. This is
becausethe user is less likely to examine the document due to time, e�ort, and accumu-
lated information from documents already seen.Discounted cumulated gain incorporates a
rank-baseddiscount factor.

The greater the rank, the smaller the share of the document in the cumulated gain
score. A discounting function that progressively reducesthe document's contribution to
the scoreas its rank increasesdivides the gain of the document by the log of its rank. This
discounting function is appropriate because,as argued in [J•arvelin and Kek•al•ainen, 2002],
it doesnot decreasethe contribution too steeply (as would, for example,division by rank),
allowing for user persistencein examining further documents. Selecting the base of the
logarithm, sharper or smoother discounts can be computed to model varying userbehavior.
Denoting the baseof the logarithm by b, we de�ne the discounted cumulated gain vector
DCG recursively as follows:

DCG[i ] =

(
CG[i ] if i < b

DCG[i � 1] + G[i ]
logbi if i � b

(1.13)

For example, for b = 2, we derive the following DCG vector from CG in Equation 1.12:

DCG = h3; 5; 6:89; 6:89; 6:89; 7:28; 7:99; 8:66; 9:61; 9:61i (1.14)

The gain and cumulated gain measures,while insightful on their own, are most useful
in our context becausethey allow us to compare the quality of two ranked lists. We now
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show how thesemeasurescan be extendedto allow a comparisonbetweena ranked list and
a theoretically best possiblelist, which we call ideal.

An ideal list is one in which entries are ordered by gain, in decreasingorder. More
formally, for a given query, let there be k, l , and m relevant documents at the relevance
levels 1, 2, and 3, respectively. In the gain vector GI that corresponds to the ideal list,
positions 1; : : : ; m are �lled by values 3, positions m + 1; : : : ; m + l are �lled by values 2,
positions m + l + 1; : : : ; m + l + k are �lled by values1, and the remaining positions are �lled
by values0. A sampleideal gain vector, along with the corresponding cumulated gain, and
discounted cumulated gain vectors, may contain the following values:

D I = h3; 3; 3; 2; 2; 2; 1; 1; 1; 1; 0; 0; : : :i (1.15)

CGI = h3; 6; 9; 11; 13; 15; 16; 17; 18; 19; 19; : : :i (1.16)

DCGI = h3; 6; 7:89; 8:89; 9:75; 10:52; 10:88; 11:21; 11:53; 11:83; 11:83; : : :i (1.17)

The CG and DCG vectorsmay now be normalized by dividing each position in the vec-
tors by the corresponding position in the ideal vectorsCD I and DCGI . This normalization
yields the following valuesfor the vectors in our running example:

N CG = h1; 0:83; 0:89; 0:73; 0:62; 0:6; 0:69; 0:76; 0:89; 0:84i (1.18)

N DCG = h1; 0:83; 0:87; 0:78; 0:71; 0:69; 0:73; 0:77; 0:83; 0:81i (1.19)

Finally, as noted in [J•arvelin and Kek•al•ainen, 2002], the area between the normalized
ideal vector and the normalized (discounted) cumulated gain vector represents the quality
of the IR technique. Normalized (D)CG vectors for two or more IR techniques also have a
normalized di�erence. The averageof an NCG vector, or of an NDCG vector (referred to
jointly as V), up to a given rank N summarizesthe performanceof the technique, and is
given by:

avg(V; N ) =
� i =1 :::N V[i ]

N
(1.20)

To summarize, the cumulated gain-basedtechniques of [J•arvelin and Kek•al•ainen, 2002]

evaluate the quality of a ranked list by considering the gain that is realized by the list,
typically up to position i . The normalized techniques in this family comparethe quality of
a ranked list to that of an ideal list. We usethesebasic ideasthroughout this thesis, though
not always in a setting where the quality of items in a ranked list can be estimated based
on user judgments. In situations where we depart from this typical setting, we specify an
application-dependent formulation for the gain, along with an appropriate ideal list.
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1.1.4 E�ciency of Pro cessing

As mentioned throughout this section, both classicand Web-basedInformation Retrieval
methods are usually applied to very large document collections, and are expected to yield
sub-secondresponsetimes in multi-user environments. Therefore IR methods must be built
with e�ciency considerationsin mind.

The seminal work of Brin and Page[Brin and Page,1998] in which the PageRankalgo-
rithm was�rst described alsodevotessigni�cant attention to the scalableimplementation of
the Googleprototype. This early paper outlines the challengesof large scaleWeb crawling,
indexing, and searching, and presents the distributed �le system construct fundamental to
Google's architecture called BigFiles, a precursor of the Google File System(GFS) [Ghe-
mawat et al., 2003]. Google subsequently implemented BigTable, a proprietary database
systembuilt on GFS that departs from the typical convention of a �xed number of columns
and is instead described by the authors as a sparse,distributed multi-dimensional sorted
map [Chang et al., 2006]. BigTablein turn supports the MapReduce framework, introduced
by Googlein [Deanand Ghemawat, 2006], which enablesdistributed computation over large
scaledatasets in a cluster environment.

The MapReduce framework supports two main operations: Map and Reduce. The Map
operation is executedby the master node, which partitions the problem into sub-problems
and assignsthe sub-problems to worker nodes. The Reduce step involves combining the
answers to sub-problems, and returning the combined solution as the �nal answer. The
MapReduce framework is proprietary to Google.

ApacheHadoop is an open-sourcesoftware framework that was inspired by MapReduce
and by the Google File System.

An inverted index, also known as an inverted �le , is a conceptual data structure used
by many search algorithms in IR and Web search. An inverted index stores a mapping
from content, such as vocabulary terms or phrases,to its location in a document, allowing
full-text search. In [Zobel et al., 1998] the performance of inverted �les was extensively
analyzed, demonstrating the scalability, spacee�ciency , and good update performanceof
this data structure.

Inverted �les have been used in a variety of applications including some in
uen tial
top-K processingalgorithms. A seminal paper [Fagin et al., 2003c] presents the threshold
algorithm (TA), which is provably optimal in terms of run-time performance,and is used
for aggregating scoresover inverted �le entries. Given a query q represented by a set of
index terms, and a collection of inverted �les, the TA algorithm determinesthe k items with
the highest over-all score. The algorithm builds on an intuition that high-scoring items will
appear closer to the top of all relevant inverted lists than would lower-scoring items.
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1.2 Adding a Semantic Dimension to the Web

1.2.1 Semantic Web

Information Retrieval and Web search techniquesoutlined in Section1.1 reasonover queries
and documents in a corpus by consideringthe terms that make up thesequeriesand docu-
ments. Thesetechniques manipulate terms as symbols, and do not considerthe semantics,
or meaning of the vocabulary.

The Semantic Web, or a Web with meaning, is an ambitious e�ort that aims to create
a Web-wide machine-processablerepresentation of real-world entities and of relationships
betweentheseentities. The World Wide Web Consortium (W3C) leadsthe Semantic Web
e�ort, and gives the following de�nition of the initiativ e 3 :

The Semantic Web provides a common framework that allows data to be shared and
reused acrossapplication, enterprise, and community boundaries.

According to the Wikip edia entry for Semantic Web (as of September 17, 2009): \A t its
core, the Semantic Web comprisesa set of designprinciples, collaborative working groups,
and a variety of enabling technologies. Someelements of the Semantic Web are expressedas
prospective future possibilities that are yet to be implemented or realized. Other elements
of the Semantic Web are expressedin formal speci�cations. Someof theseinclude Resource
Description Framework (RDF), a variety of data interchangeformats (e.g., RDF/XML, N3,
Turtle, N-Triples), and notations such as RDF Schema (RDFS) and the Web Ontology
Language (OWL), all of which are intended to provide a formal description of concepts,
terms, and relationships within a given knowledgedomain."

For the promise of Semantic Web to be realized on the full scaleof the Web, Web data
shouldbepublished in languagesspeci�cally designedfor semantic annotation such asRDF,
OWL and XML, soasto enablesemantic tagging of entities. For example,a Web pagethat
mentions the entit y Cat must usesemantic mark-up that may look like4 :

<item rdf:about=http://dbpedia.o rg/ reso urce /Cat>Cat</i tem>

Semantic annotations of this kind refer to entries in an ontology, a formal representation
of a set of conceptsthat de�nes the domain for each concept, and speci�es the relationship
between concepts. Ontologies provide a machine-processablerepresentation, and support
reasoningand inference.

While the goal of semantically annotating the whole Web remains elusive, due mostly
to the high cost of adoption of a common representation framework, and to the di�cult y
(or perhapsimpossibility) of schema designand maintenanceat Web scale,Semantic Web
technologieshave beensuccessfullyused in certain domains. We describe somechallenges

3De�nition from www.w3.org/2001/sw, downloaded on September 17, 2009.

4This example is from en.wikipedia.org/wiki/Semant ic_Web, downloaded on September 17, 2009.
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related to the creation and maintenanceof ontologies, and give examplesof successstories,
in the following section.

1.2.2 Ontologies

The building and maintenanceof an ontology is a top-down processthat requiresan exten-
sive amount of curation. Consider for example the processof creating and maintaining an
ontology in the domain of life sciences.An ontology represents a consensusamong domain
experts regarding the state of knowledgein a particular �eld. This consensusis particularly
di�cult to achieve in dynamic �elds whereknowledgeconstantly evolves. At the sametime,
ontologies are most valuable in such �elds, becausethey do not simply record the state of
the art for posterity, but rather are aimed at supporting communit y-wide collaboration and
the advancement of science.

In order to create an ontology, domain experts must �rst agree on the vocabulary.
If an ontology represents a consensusview of several sub-�elds within a �eld (e.g., an
ontology of geneproducts acrossspecies),reaching an agreement with respect to a common
vocabulary may be even more di�cult. Having agreedon a vocabulary, the experts must
next establish the hierarchical and semantic relationships that hold among entities in the
domain. Relationships among entities in a scienti�c domain may be circular, context-
sensitive, or otherwise complex, prompting di�cult trade-o�s between expressivenessand
complexity of the resulting data model.

An ontology that represents the state of knowledge in a dynamic �eld must be main-
tained to incorporate advancesin the �eld. This may require adding or retiring concepts,
and changing the previously establishedrelationships betweenconcepts.

Becauseontology creation is such an expensive process,ontology mining tools have
been developed. OntoMiner [Davulcu et al., 2004] and TaxaMiner [Kashyap et al., 2005]

automatically construct ontologies using bootstrapping, while Verity [Chung et al., 2002]

automatically constructs a domain-speci�c taxonomy using thematic mapping.

Despite the challengesthat may hinder the creation and maintenance of ontologies, a
number of ontologies have beencreated in the biomedical domain, and are being used by
a variety of applications such as scienti�c literature search, biomedical text mining, and
integration of experimental results. For example, the Gene Ontology (GO) 5 project is an
e�ort to standardize the representation of genesand geneproduct attributes acrossspecies
and datasets. GO annotations have been adopted by a variety of databases,and are the
de facto standard in the domain. Another successstory is the Medical Subject Headings
(MeSH) ontology, developed and maintained by the National Library of Medicine 6 . MeSH
is usedby Entrez, the Life SciencesSearch Engine, as part of the search functionalit y over

5www.geneontology.org

6www.nlm.nih.gov/mesh
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resourcessuch as PubMed.

1.2.3 Web 2.0

While someautomatic ontology mining tools exist that derive new ontologies, or enhance
existing ones, ontologies that are currently used successfully in scienti�c domains were
created primarily by human experts in a top-down fashion. An alternative to the Semantic
Web, in terms of both ontology creation and content annotation, is a trend commonly
referred to as Web 2.0.

The term Web 2.0 has no clear de�nition, but usually refers to the emergence of se-
mantics brought about by the operation of Web-basedcommunities. Examples of Web 2.0
applications include social networking sites, wikis, and blogs. In contrast to the Semantic
Web, where an annotation schema, such as an ontology, must be de�ned before it can be
usedto annotate content, social content sites in Web 2.0 give rise to so-calledfolksonomies
{ hierarchical vocabulariesof terms that are formed by collective useof the vocabulary.

The term folksonomy was coined by Thomas Vander Wal [Pink, 2005], and refers to a
system of classi�cation derived from the practice and method of collaboratively creating
and managing tags to annotate and categorizecontent 7. Folksonomiestypically arise in
the context of social tagging sites like Delicious (delicious.com ), in which usersbookmark
and tag URLs that they �nd interesting. The tagging activit y is social, in that URLs are
tagged by usersboth for their own consumption, and for the consumption of other users
of the site. The tagging vocabulary convergesinto a folksonomy particularly becauseof
the social nature of tagging, since userswant to enable others to locate their contributed
content with ease.

Folksonomiescontrast with taxonomies and traditional ontologies, which are typically
created and maintained top-down, in a centralized manner.

In philosophy, social epistemology is the study of the social dimension of knowledgeor
information [Goldman, 2001]. Social epistemologydates back as far as Plato who, in his
dialog Charmides, posesthe question of how a layperson can determine whether to trust
someonewho claims to be an expert [Goldman, 2001]. The term social epistemology is used
in two senses.The classicalsensedealsmostly with truth and belief, and is centered on the
individual. Conversely, the anti-classical approaches focus on the processby which society
as a whole synthesizesknowledge. This interpretation is directly applicable to the creation
of folksonomies,and generally to Web 2.0.

7De�nition from en.wikipedia.org/wiki/Folkson omy, downloaded on September 17, 2009.



16 CHAPTER 1. INTR ODUCTION

1.3 Social Web

1.3.1 Social Con ten t Sites

In Section 1.2.3 we discussedWeb 2.0, a set of technologiesthat support, and embody, the
social synthesis of knowledge. In this section we survey a particularly prominent part of
Web 2.0, namely, the social content sites.

Thesesitesbring about a shift in the traditional paradigm of information dissemination,
in which there are far fewer producersof information than there are consumers.In contrast
to traditional media, and to Internet-basedpublishing of the pre-social era, usersof social
content sitesareboth producersand raters of information, aswell asinformation consumers.
The wide-spreadadoption of the social paradigm on the Web led to tremendouspopularit y
and signi�cant commercial successof these sites, and signaled a shift in the relationship
betweenthe Web and a typical Web user.

Many social content sites are in operation today, and many others are increasingly
adding social features. Furthermore, many di�eren t kinds of social content sites exist, each
catering to a particular activit y or a set of activities, and to a particular user base.

For an exampleof successfulsocial content sitesconsiderFacebook (facebook.com) and
MySpace (myspace.com), two sites that enablea full range of social behavior on the Web.
Both sitessupport the posting and annotation of content, and the forming of social networks,
and provide a range of direct inter-user communication options like messagingand various
kinds of bulletin boards. In addition to direct communication, content is shared between
users by means of information feeds. An interesting research question that arises in the
context of thesefull-featured social content sites is how to best aggregatethe heterogeneous
data that comprisesan information feed, improving the user experienceon thesesites and
facilitating information discovery.

A recent successstory is Twitter (twitter.com ), a site aimed exclusively at inter-user
communication via status updates. Twitter canbeseenasthe antithesis of full-featured sites
like Facebook and MySpace, becauseof how limited an interaction it supports. Nonetheless,
simple status update functionalit y seemsto have hit a sweet spot in user needs,giving the
site tremendouspopularit y.

An important category of social content sites focuseson a speci�c aspect of on-line
social behavior, namely, the sharing and annotation of content. Prominent examplesof
such sitesare YouTube (youtube.com) for videos,Flickr (flickr.com ) for photos, Delicious
(delicious.com ) for URLs, and CiteULike (citeulike.org ) for academicpapers, to name
just a few. Thesesites all allow usersto annotate content with natural languagekeywords,
or tags, and we refer to them jointly as social tagging sites. We give a more extensive
description of social tagging sites, and particularly of Delicious, in Chapter 2.

Blogs and Wikis are yet another type of social content sites that gained tremendous
popularit y in recent years. Someprominent examplesinclude Wikipedia, \the free ency-
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clopedia that anyonecan edit" (en.wikipedia.org ), LiveJournal (livejournal.com ), and
TechCrunch (techcrunch.com ). Users of these sites contribute free-text content that ex-
pressesopinions, descriptions of events, or other materials such as graphics of video. The
term blogosphere, coinedby Brad L. Graham8, refersto the inter-connectivity amongblogs,
and implies that blogs exist together as a connectedcommunit y, or as a social network in
which everyday userscan publish their opinions. Bloggersoften publish newsand editorial
opinions on important local and national events, and this activit y can be viewed as a kind
of grass-roots journalism. Prominent blogging sites like TechCrunch are widely considered
to be as authoritativ e as traditional news media on the topics they cover. Realizing the
importance of blogging, many traditional media publishers such as CNN, BBC and others,
incorporated blog features into their Web sites.

The �nal type of a social content site that we mention here deals with opinion aggre-
gation. In sites like Digg (digg.com ) and StumbleUpon (stumbleupon.com) usersendorse
(with a star or a thumbs-up) sitesthat they found interesting. The number of endorsements
is aggregated,and a hotlist of the currently most popular sites is computed.

It is interesting to note that, while all social content sites are ultimately aimed at
information sharing in large social groups, each caters to a di�eren t self-selectedgroup of
individuals. Recent reports [Richmond, 2009] point to a socio-economicdivide between
Facebook and MySpace users, with Facebook usersmore likely to come from families with
higher levelsof education. Other sitesare alsoself-selecting.The prominenceof technology-
related content in Delicious draws technologically inclined users to that site, while the
thematic focusof Flickr makesthis site attractiv e to personswith an interest in photography.

The comedianJerry Seinfeldfamously said: \It's amazingthat the amount of newsthat
happensin the world every day always just exactly �ts the newspaper". This joke expresses
the intuition of why the social contribution of content has becomeso wide-spread. The
blurring of the line between producers and consumersof content brings about democrati-
zation of information . Usersare able to contribute news, commentary, and other types of
information that are of interest to them and to other members of their social surrounding.
An abilit y to tailor content to one'sneedsis an extremely powerful participation incentiv e,
and servesas basisof a true Information Society.

1.3.2 Social Information Disco very

A factor that hashigh impact on the userexperienceon the Social Web is the easeof access
to relevant content. This givesrise to a major di�cult y, namely, how do we de�ne relevant
content?

Our personality, including interestsand tastes,is shapedin largepart by our membership
in social groups. Throughout our lifetimes we belong to a variety of groups; our family,

8 Information according to en.wikipedia.org/wiki/Blogo sphere, downloaded on September 17, 2009.



18 CHAPTER 1. INTR ODUCTION

our high school class, the social climate of the country in which we are brought up, and
the circle of our professionalpeersall in
uence our opinions and preferences.Our taste in
food, our choice of which electronicsproducts to purchase,which books to read, and how
to dress,are all in
uenced by our social context.

The Social Weballows us to behavesocially on-line. However, the samemechanismsthat
govern our socially in
uenced choicesin the physical world still apply to this new context.
In many cases,users explicitly a�liate themselves with relevant and trusted sourcesof
information. So,a personwho considershimself a Lib eral Democrat will read lib eral media,
and may attend gatheringsof like-mindedpersonsin his area. Likewise,a bloggerinterested
in technology-related content may subscribe to Slashdotand TechCrunch updates through
an RSSaggregator9. A physical-world endorsement of a friend's taste in food may translate
to joining the friend's network of fans on Delicious, or following his status updates on
Twitter .

Users who do not explicitly a�liate themselves with sourcesof relevant information,
either via subscriptions or via the social networks mechanism, may still be able to discover
information in a social manner. Namely, the system may deduce the user's preferences
basedon his content contributions. An important family of techniques that usesthis idea
is basedon Collaborative Filtering (CF). The underlying assumption of CF is that people
who agreedin the past tend to agreeagain in the future. Several CF approacheshave been
described in the literature, and we summarize one classic approach, referred to as item-
based CF, here. In item-basedCF, which was popularized by Amazon.com and is known as
\p eoplewho bought x also bought y", the system �rst computesa matrix of item-to-item
similarit y. For example, similarit y between items a and b may be computed as the angle
betweenvectors~a and ~b, where i th vector position is set to 1 if user i purchasedthe item,
and to 0 otherwise. (Of course,weights may also be usedinstead of binary values.) Having
constructed the item-to-item similarit y matrix, the algorithm generatesa prediction for a
given user u. In an alternative approach, known as user-based CF, a user-to-usersimilarit y
matrix is built in the spaceof items.

An issue that arises in the context of content recommendation that is based on user
behavior is privacy. Privacy is an active area or research, both as it relates speci�cally to
Collaborative Filtering [Polat and Du, 2003; Canny, 2002], and in the broader context of
privacy preserving data mining [Vaidya et al., 2006].

While the personalization of content described here allows for accessto highly relevant
information, it comeswith a signi�cant drawback. Our brains have a natural tendency,
based on the conservation of energy, to prefer recognition to discovery. This tendency
leadsus to trust familiar sources,and to becomeindoctrinated in familiar ideas. Receiving
all information from a set of familiar sourcesmay limit a person's horizons and prevent

9RSSstands for \Really Simple Syndication" and is a family of web feedformats usedto publish frequently
updated content. RSS feedsare read using aggregator software.
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true information discovery. This pitfall, which exists both in the physical world and on the
Social Web, can be avoided by social information processingsystems,by diversifying o�ered
content. We discussthis point further in Section 2.3.1.

Much of the information with which we come in contact every day is time-sensitive.
Political newsand commentary, party invitations, and restaurant openingsare all examples
of information that is relevant only when it is fresh. The assumption that information
is time-sensitive underlies the design of most information presentation mechanism on the
Social Web. For example, status updates on Twitter , RSS feedsof blog data, and status
updates on Facebook all present data in time order. An interesting research question that
arisesin this context is how to determine whether or not a particular pieceof information
is time-sensitive, and how to present a combination of time-sensitive and time-invariant
results to the user in an intuitiv e manner.

1.4 Result Presentation for Information Disco very

1.4.1 Shortcomings of Ranking

In Section 1.1 we argued that many more high-quality documents are typically identi�ed
by IR and Web search in real-life scenariosthan any one user is willing to read, motivating
the need for ranking. Ranking is intuitiv e, and is the predominant method or prioritizing
results of potentially higher relevanceover those of lower relevancein IR and search appli-
cations. The usefulnessof ranking is widely recognized,and it has been applied in other
domains, such as for improving the user experiencein relational databaseapplications; see
for example [Ilyas, 2009].

Despite its wide-spreaduse, ranking has certain drawbacks. In particular, it is limited
in its scope to information discovery tasks in which the user is well-aware of his information
need, and is able to expressthat need with a query. Finding the phone number of the
Computer ScienceDepartment at Columbia University, the date of birth of Alb ert Einstein,
and a list of citations on the useof ranking in DatabaseSystemsareall information discovery
tasks with a preciselyphrasedinformation need,and ranking is helpful for such tasks.

However, becauseonly a limited portion of the result set is easily accessiblein a ranked
list (e.g., the top-10 or top-20 results), ranking is fundamentally inappropriate for data
exploration. In data exploration a user is iterativ ely re�ning his understanding of the
available data, and at the sametime gradually re-de�ning his information need. An example
of a task of this kind is deciding which Computer Sciencecourseto take during the current
semester,or what style of shoesto buy this Fall. The commonality betweentheseseemingly
unrelated tasks (other than the referenceto the Fall season)is that a query like \CS courses
Fall 2009" or \F all shoes" does not specify any properties of a desirable answer that can
be used for relevance ranking. That is, according to the queries,all CS courseso�ered in
the Fall of 2009and all Fall shoesare equally relevant. The user may in fact have a rough
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idea about the kinds of classesand shoes that he prefers, but he wishes to formulate his
preferencein a more informed manner, based on the available items.

In situations such as these the system must help the user formulate his information
need,through an e�ectiv e information presentation method appropriate for data exploration.
Allowing the userto �nd relevant items is particularly important whenthe useris interacting
with a large dataset.

1.4.2 Faceted Search

A popular presentation method appropriate for information discovery is faceted search, also
calledfaceted navigation or faceted browsing. This method allows the userto accessthe items
in a collection by facets,de�ned as mutually exclusive, and collectively exhaustive aspects,
properties or characteristics [Wynar, 1992]. Faceted search is commonly used by on-line
stores, like Amazon.com and Best Buy, for the representation of their product catalogs.

In faceted search systems navigation is typically limited to a single facet at a time.
For example, the user may �rst choose to look at the \Automobiles" category, then at
\F errari", then at \Red cars", and will �nally arrive at the automobile that he wishesto
buy. A summary statistic, such as the number of items that are classi�ed under the current
facet, is usually provided alongsidethe facet description.

Faceted search remains an active area of research, and many extensionsof the basic
model have beenproposed,including a faceted query language [Rossand Janevski, 2004],
an extension of the presentation to include statistics other than item counts [Ben-Yitzhak
et al., 2008], and dynamically suggesting which facet to explore next with the goal of
minimizing navigation time [Roy et al., 2008].

1.4.3 Clustering

Clustering has long beenrecognizedas a valuable data exploration tool. Many generaland
domain-speci�c clustering algorithms exist and have beenapplied to the grouping together
of similar Web documents, DNA samples,userpreferences,etc. While an extensivesurvey of
clustering is beyond the scope of this thesis, we brie
y survey several application scenarios
where clustering has been used for data exploration, and refer the reader to reviews of
clustering [Jain et al., 1999; Berkhin, 2002].

Clustering of text documents has been explored extensively in Information Retrieval,
and we give a few exampleshere. It has long beenrecognizedthat partitioning large setsof
results into coherent groups, and generatingdescriptions for thesegroups,greatly improves
a user's abilit y to understand vast datasets. This intuition was supported experimentally
in [Leuski, 2001] for collections of text documents. More recently, approaches have been
explored[Bonchi et al., 2008] that usesearch query logsto cluster search results into coherent
well-separatedsets for presentation purposes. In [Dakka and Gravano, 2007] the authors
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combine an o�ine document clustering method and an online method to generatemulti-
document summariesof clustered newsarticles.

Subspaceclustering is a feature selection technique that aims to uncover structure in
high-dimensional datasets. Subspaceclustering has beenusedextensively in data mining,
following the introduction of CLIQUE [Agrawal et al., 1998], an Apriori-st yle algorithm.
Many extensionsof CLIQUE, as well as a variety of new subspaceclustering algorithms,
have beenproposedand are surveyed in [Parsonset al., 2004; Kriegel et al., 2008]. Subspace
clustering algorithms can generally be classi�ed as bottom-up and top-down. Most bottom-
up algorithms, including CLIQUE, generatepotentially overlapping clusters. In contrast,
top-down subspaceclustering algorithms usually assignan item to at most 1 cluster.

Clustering and data visualization have been used extensively for the analysis of bio-
logical data [Azuaje and Dopazo, 2005]. Clustering is used for tasks such as analysis of
DNA microarrays, identi�cation of biological networks and pathways, and validation of
computational predictions.

Another wide-spreadapplication of clustering relates to the understanding of complex
networks such as the Web graph, a biological pathway, or a network of usersof a collabo-
rativ e tagging site. Graph clustering is aimed at �nding setsof related vertices in a graph,
where relatednessis application-dependent; see[Schae�er, 2007] for a review.

1.5 Summary of Con tributions and Thesis Outline

This thesis explores applied aspects of data management, aimed in particular at improv-
ing the user experience in on-line environments, with the goal of facilitating information
discovery and furthering collaboration. We believe it essential to develop and validate our
methods on real, rather than synthetic, datasets.

Becauseof the information-based nature of our society, information and knowledgeare
often a �nancial asset. Companiessuch as AT&T, Google, IBM, Microsoft, and Yahoo!
achieved signi�cant commercial successdue in part to the multitude of valuable datasets
that they own and support. All companieson this list, and many others, realize the value
of academicresearch both for their own growth and for the development of the society at
large, and invest signi�cant resourcesto support research. Much of the work in this thesis
is basedon commercialdatasetsowned by Yahoo! We thank Yahoo! for giving us accessto
the Delicious and Yahoo! Personalsdatasetsthat serve as basisfor our work in Chapters 2
and 5, respectively.

The World Wide Web is based on the idea of open information exchange. The Web
itself, and many of its important subsets,are publicly available, and can be used as basis
for scienti�c research. This thesis usesseveral datasets that fall into this category. The
PubMed document corpus and the Medical Subject Headings ontology, both supported by
the National Center for Biotechnology Information and the National Library of Medicine,
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are usedin Chapter 3. The English-languageWikipedia and an ontology of conceptscalled
YAGO are used in Chapter 4.

We now brie
y outline the technical contributions of this thesis.

In Chapter 2 we build on the intuition that ranking on the Social Web should take into
account a user's social context. We start with a description of the goalsand challengesof
context-aware ranking, and present Delicious, a representativ e social tagging dataset that
motivates our algorithmic work. We go on to analyze the typesof social behavior in which
Delicious users engage,and explore the potential of using this behavior for personalized
content recommendation. Finally, we present the main algorithmic contribution of Chap-
ter 2, a novel search paradigm referred to asnetwork-aware search. We exploreperformance
considerationsof our approach, and proposeoptimizations that make network-aware search
practical on the large scale.

In Chapter 3 wetackle the challengeof enhancingrelevanceranking in scienti�c literature
search. We describe PubMed, the largest bibliographic sourcein the domain of life sciences,
and considerhow a large high-quality ontology of Medical Subject Headings(MeSH) can be
usedto relate a user'squery to the annotations of a document. We develop several relevance
measuresappropriate for ranking in this domain, and proposee�cien t evaluation algorithms
for computing relevance on the scale of PubMed and MeSH. We also present results of
a preliminary user study that evaluates the e�ectiv enessof our techniques. In a �nal
development, we go beyond list-based ranking, and present a two-dimensionalvisualization
of query results that facilitates data exploration.

In Chapter 4 we build on the idea of using an ontology for relevanceranking, and present
EntityA uthority , a framework for semantically enriched graph-basedauthorit y propagation.
EntityA uthority operates over graphs that combine Web pagesand semantic entities, and
producesranked lists of pagesand entities as a result. We evaluate the e�ectiv enessof our
method on a graph that combines Wikipedia pageswith entities from an automatically-
derived ontology YAGO, and demonstrate an improvement in the quality of ranking.

In Chapter 5 we present BARA C, an algorithm for rank-aware clustering of structured
datasets. We outline the challengesof data exploration in large multi-dimensional datasets
in the presenceof ranking, and proposeto useclustering. We develop a family of clustering
quality measuresappropriate for this domain, and adapt an existing clustering algorithm
to our scenario. We present an extensive experimental evaluation of the scalability of our
techniques on Yahoo! Personalsdatasets. Finally, we discussand experimentally validate
the e�ectiv enessof our methods.

Chapter 6 summarizeswork that is not directly related to the main theme of this thesis,
but that was carried out as part of doctoral research. In Section 6.1 we describe several
approaches that addressdata modeling challengesin complex domains. In Section 6.2 we
discusshow classi�cation ensembles from Machine Learning may be used for Parametric
Query Optimization in a Relational DatabaseEngine. In Section 6.3 we describe MutaGe-
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neSys, a systemfor estimating individual diseasesusceptibility basedon genome-wideSNP
arrays.

Chapter 7 concludesthis thesis, summarizing our technical contributions and outlining
directions for future work.

The contributions of this thesis are centered around adding a semantic dimension to
search and ranking in a variety of application scenarios.The overarching goal of this work is
to improve the userexperiencein richly structured data-intensive environments, facilitating
information discovery. The datasetsthat motivate our work comefrom a variety of domains,
but have two commonfeatures: they are large and richly structured. Theseproperties lead
us to develop techniques that utilize the rich semantic structure of the data, and that can
be usede�cien tly on the large scale.

Our work is motivated by the intuition that ranking doesnot always have to mask the
semantic richnessof the data by mapping results onto a global one-dimensionalline. In
Chapter 2 we explore ways to partition the user base,and to customize ranking basedon
the semantics of a user'ssocial behavior. In Chapters 3 and 4 weenrich the ranking function
using ontological knowledgebases.In Chapter 5 we make the semantics of the relationship
between the data and the ranking function explicit, and use this relationship to partition
the dataset with respect to the ranking function.

Today's userslive in a global society, and use data in ways that crossapplication and
domain boundaries. In order to addressthe needsof users adequately, researchers must
bridge the gap between areasthat have historically beendisjoint. The work of this thesis
usesand extends techniques from a variety of research areas, such as database systems,
information retrieval, data mining, and machine learning.
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Chapter 2

Search and Ranking in
Collab orativ e Tagging Sites

This chapter is based on joint work with Sihem Amer-Yahia, Michael Benedikt, Alban
Galland, Cameron Marlow, Laks V.S. Lakshmanan, and Cong Yu. This work appeared
in [Stoyanovich et al., 2008a; Amer-Yahia et al., 2008b; Amer-Yahia et al., 2008a].

2.1 In tro duction

2.1.1 Search and Ranking in the Social Con text

As we argued in Chapter 1, the advent of the World Wide Web and the emergenceof
the Social Web brought about a paradigm shift in the relationship betweenusersand con-
tent. The new breed of Social Web usershave a more direct relationship with the content
than do anonymous Web searchers modeled in traditional Information Retrieval. Usersof
the Social Web portals build persistent online personas: they provide information about
themselvesin stored pro�les, register their relationships with other users,and expresstheir
preferenceswith respect to content. As a result, rich semantic information about the user
is readily available, and can be used to improve the user's online experience,making him
more productive, more creative, and better entertained online. Social Web users in fact
have an expectation with respect to the quality of served content, and rely on the system
to customizetheir online experiencebasedon their social and informational context.

Collaborative tagging sites are a particular kind of social content site. In these sites,
users form social networks, and produce content by tagging items with natural language
keywords [Golder and Huberman, 2006]. What kinds of items are being tagged depends
on the focus of the speci�c site; however, the types of social interaction and the ways of
reaching content are consistent acrosssites. Someexamplesof collaborative tagging sites
are CiteULike, which maintains a library of academic papers, Delicious, in which users
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bookmark and tag web pages,Flickr and Snap�sh, which focus on photos, and YouTube,
which specializesin videos. The currently predominant ways of reaching content in these
sites are:

� Browsing the most popular items;

� Browsing items by tag;

� Browsing by network.

For example, in Delicious userscan view hotlists, which are lists of the currently most-
popular sites. Users can also browse the most popular URLs by tag. Finally, users can
befriend other usersand subscribe to their friends' feeds,which list the latest bookmarked
and tagged URLs.

As collaborative tagging sites grow in size, browsing-basedinformation discovery be-
comesless e�ectiv e. So, as the size of user's friendship network increases,managing the
multitude of information feedsbecomesmore di�cult. As more items are tagged by the
userbase,the 10 or somost popular items that comprisethe hostlist becomea lessand less
representativ e tip of the iceberg. As the communit y grows and includes userswith varied
interests, choosing tags by which to browsebecomeschallenging.

As the sizeof the data set increases,it is important to assistthe user in �nding relevant
and interesting content. Further, the abilit y to de�ne explicit social ties with other users
raisesusers' expectations with respect to the quality of served content. In the remainder
of this chapter we proposeto leveragethe user's social ties and tagging behavior for more
e�ectiv e data exploration. We will present two data exploration scenariosin which o�ered
content is customizedon a per-userbasis, in accordancewith the user's social and tagging
contexts. The �rst scenario deals with customized content recommendation, while the
secondfocuseson network-aware keyword search.

The models and algorithms in this chapter are supported by an experimental evalua-
tion on datasets from Delicious, a representativ e collaborating tagging site. We start by
describing the Delicious systemand identifying the di�eren t typesof behavior taken on by
its users.

2.1.2 Delicious: a Collab orativ e Tagging Site

Delicious, formerly known as del.icio.us , is a social bookmarking and tagging service
for storing, sharing, and discovering websites. Delicious is owned by Yahoo! and has more
than �v e million usersand 150 million bookmarked URLs1.

1The statistics are as of August 18, 2009, according to en.wikipedia.org .
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Figure 2.1: Popular bookmarks in Delicious.

Delicious usersbookmark URLs, and optionally assignfree-text index terms, called tags.
Userscan browsetheir own bookmarks, as well as bookmarks that were assignedby other
usersof the system.

Figure 2.1 presents a portion of a hotlist: a list of the currently most popular URLs,
together with their popularit y score (134 for the �rst URL), and a list of tags that were
assignedto the URL by the user base2.

In addition to browsing the most popular URLs, userscan also browsecontent by tag.
Figure 2.2 presents a tag cloud, a graphical representation of the most popular tags, with
font sizeand color corresponding to the popularit y of the tag in the system. (Tagsthat are
popular in the system,and that arealsopart of the user'stagging vocabulary arehighlighted
in blue.)

Hotlists and tag clouds are both important means of information discovery in Deli-
cious that rely on the system-wide, or global, popularit y of URLs and tags, respectively.
Additionally , to facilitate the social sharing of bookmarks among pairs of users, Delicious
supports the creation of networks. A network is a directed graph in which usersbecome
fans of other users,and are then able to browsethe recently bookmarked and taggedURLs

2All screenshotsin this section were generated on August 16, 2009.
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Figure 2.2: The Delicious tag cloud.

contributed by the individual members of their network.3 We will sometimesrefer to the
explicit network of fans in Delicious as the friendship network for convenience. Figure 2.3
shows a list of recent bookmarks created by user Cameron. URLs are displayed in chrono-
logical order, and include a global popularit y score(7 for the �rst URL in the list), and a
list of tags that were assignedto the URL by all members of the user base.

In the remainder of this chapter we will develop a formalism for network-aware search
and content recommendation. In order to present our approach, we now formally describe
the data model. Our model is basedon Delicious, but is applicable to other collaborative
tagging systemsthat have a similar structure.

2.1.3 Data Mo del

We assumethat three setsare given: a set of usersU, a set of items I , and a set of tags T .
In Delicious, U includesall registeredusers,I corresponds to the set of URLs, and T is the

3 It is also possible to browse bookmarks of users who are not in one's network. However, browsing a
network member's URLs is easier becauseof more convenient navigation.
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Figure 2.3: Browsing bookmarks of a network member.

set of all tags that wereassignedby usersto the URLs in the processof tagging. Tagging is
the primary way in which userscontribute content to the system. We will usethe following
notation to represent tagging.

� Tagged(u; i; t) represents tagging actions: a user u tags an item i with a tag t.

� Tags(u) � T is the set of tags that were usedby user u.

� Tags(u; i ) � T is the set of tags that were usedby user u to tag item i .

� Items (u) � I is the set items that were tagged by user u.

� Items (u; t) � I is the set items that were tagged by user u with tag t.

� Taggers(i ) � U is the set of taggersof item i .

� Taggers(i; t) � U is the set of taggersof item i with tag t.
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An additional activit y that is complementary to tagging is the users' participation in
social networks. A social network is a directed graph, in which nodesare users,and edges
correspond to social ties between users. These ties may be explicit, such as friendship,
similar age group, or geographicproximit y. An example of an explicit tie in Delicious is
when a user becomesa fan of another user. Social ties may also be implicit, and may be
derived through data analysis. An example of an implicit tie is shared interest in a topic,
and we will describe the semantics of sharedinterest in the following sections.

We usethe following notation to represent a social network.

� Link (u; v) represents a directional relationship between two usersu; v 2 U, and de-
notes that there is an edgefrom u to v. For example, in Delicious such an edgemay
denote that u is a fan of v.

� Network(u) � U is the set of neighbors of u that is, Network(u) = f v j Link (u; v)g.

2.1.4 Description of the Exp erimen tal Dataset

The methods described in this chapter were evaluated over a sampleof Delicious to which
we were given accessby the Delicious team. The dataset includes tagging actions during
a one-month period in 2006. In addition to tagging actions, our dataset also includes a
snapshotof the social network for the corresponding time period.

The dataset of tagging actions is very sparseand follows a long tail distribution [Kipp
and Campbell, 2006; Golder and Huberman,2006]: most URLs are taggedby only a handful
of users,and many tags are only usedby a few users. Sparsedatasetsare di�cult to process
e�cien tly, and we applied the following procedureto reduce the sizeof the dataset. First,
we removed all URLs that were tagged by fewer than 10 distinct users. Additionally , we
removed tagging actions that include uncommon tags: only tags usedby at least 4 distinct
usersare included in our dataset. This cleaning procedure resulted in cutting the tail of
URLs and tags. As a result, the dataset wasreducedto 27%of its original size. Our cleaned
dataset contains 116,177distinct userswho tagged175,691distinct URLs using 903distinct
tags, for a total of 2,322,458tagging actions.

Reduction of the dataset size was done primarily to allow us to store and accessthe
data more e�cien tly in a relational framework. However, while the sizeof the dataset was
reduced dramatically by our cleaning procedure, the e�ect of this reduction on keyword
search and content recommendation is limited. This is becauseonly the URLs that were
\unp opular" over all tags and all users were removed. Each of the removed tags was
used by only a handful of Delicious users, and such tags have limited utilit y for content
recommendationand search. More often than not such uncommontags form part of a user's
private vocabulary, and are not intended for social sharing of information. Someexamples
of such idiosyncratic tags are \Mic hael G's birthday party" and \bug #1293".
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In the remainderof this chapter, wewill focuson taggedURLs, and will neither explicitly
represent nor useURLs that are bookmarked but not tagged. Additionally , becausewe will
considera user'stagging to verify the e�ectiv enessof content recommendation,and, in some
cases,to derive a social network, we focusour attention on taggers{ userswho contributed
at least one tagging action to the cleaneddataset.

2.1.5 Chapter Outline

In the �rst part of this chapter (Section 2.2), we study the e�ectiv enessof several hotlist
generation strategies that take into account the user's tagging behavior, social ties, and
interests. Weconcludethat leveragingcontext information signi�cantly improvesthe quality
of content recommendation.

In the secondpart of this chapter (Sections2.3 through 2.6), wedevelopa novel paradigm
of network-aware search, in which keyword search and ranking are executedover the content
that is recommendedby the user's network.

We review related work in Section 2.7 and concludein Section 2.8.

2.2 Leveraging Semantic Con text to Mo del User In terests

2.2.1 In tro duction

In this sectionwe study how the social context of a usercan be usedto improve the quality
of content recommendations. In Section 2.1.2 we described the basic typesof context that
arise in collaborative tagging sites. In thesesitesuserscontribute content by tagging items,
forming social networks, and consuming content, primarily by browsing. An important
information discovery tool in collaborative tagging sites is a hotlist.

Hotlists are a meansto exposevital content which has global popularit y in the system.
An example of a hotlist is presented in Figure 2.1. However, while globally popular items
usually represent the consensusof many users,we experimentally observe in Section 2.2.3
that such items only account for a small fraction of any individual user's interests. We thus
look for ways to account for user preferencesduring hotlist computation.

We �rst represent the interests of a user by the vocabulary he employs to tag URLs.
The intuition is that if a signi�cant portion of the user's tagging includes the tag \sp orts",
the user is likely interested in sports-related content. This simple observation allows us to
replacea single global hotlist by per-tag lists, and to suggestpotentially interesting URLs
by drawing from one or more per-tag lists in accordancewith the user'spreferences.As we
demonstratein Section2.2.4, tag-driven customization signi�cantly improveshotlist quality,
but its successis still limited by the global aspect.

In the secondapproach, we proposeto model interest using social ties. These ties are
either explicitly stated or derived. An exampleof an explicit social tie is a network of fans.
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We explorethe utilit y of this network in hotlist generationin Section2.2.5, and demonstrate
that such ties can indeed be leveragedto generatehigher quality hotlists.

Collaborative Filtering is a popular method that usesmachine learning to determine
interest overlap betweenusersbasedon their behavior such as common ratings of items, or
commonpurchasingand browsing patterns. We adopt an approach similar to Collaborative
Filtering and construct a common interest network that links two usersif the setsof URLs
they tagged overlap signi�cantly. We demonstrate in Section 2.2.6 how such networks can
be usedto construct personalizedhotlists of very high quality.

One factor that limits the e�ectiv enessof common interest networks in Collaborative
Filtering is sparsity: there are often many more items than any oneuseris able to rate. This
issueis further aggravated in the context of a collaborative tagging site such as Delicious,
where the set of items corresponds to a potentially in�nite set of Internet sites. Sparsity is
one of the main reasonswhy using overlap in items to derive common interest networks is
only e�ectiv e for a subsetof Delicious usersin our experiments. Another important reason
is that peoplerarely agreeon everything: you may agreewith your mother on cooking, and
with your adviseron research, but your adviser'sopinion on food is hardly relevant. We use
this idea in Section 2.2.7 and demonstrate how tag and item overlap can be combined to
construct per-tag common interest networks. Such networks have wider applicabilit y than
item-only networks, and can be usedto construct hotlists of very high quality.

2.2.2 Formalism

We usethe following terminology to describe a hotlist generation method M :

� The scope of M refers to the portion of the user baseUscope � U to which the method
can be applied. The larger the scope of a hotlist generation method, the more users
can potentially bene�t from it.

� The seed of M is the set of usersUseed � U who are usedto generatehotlists for u 2
Uscope. In order to producehigh-quality hotlists the seedhasto be both representative
of a user's interests, and focused on his interests.

Given a set of items I , and the seedset Useed, we de�ne the scoreof an item i 2 I as
the number of usersin Useed who tagged item i :

score (i; Useed) = jTaggers(i ) \ Useedj (2.1)

The goalof a method M is to producea hotlist of items HList . Without lossof generality,
we assumethat we generatetop-10 hotlists, jHList j = 10 for all methods.

We quantify the performance of M in terms of coverage, a normalized metric that
represents the overlap between the hotlist and the items tagged by the user during the
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speci�ed time period.

coverage(HList ; u) =
jHList \ Items (u)j

M I N (jItems (u)j; 10)
(2.2)

Coverageof a method M is the averageof per-usercoverageover all usersin Uscope.

coverage(M ) = AV Gu2Uscope coverage(H List; u) (2.3)

2.2.3 Using Global Popularit y

We �rst considerthe quality of hotlists that are basedon global popularit y of a URL (this is
what is referred to asa \hotlist" by most systems). For this method, which we call global ,
the seedand the scope are the entire user base,while the scoreof an item i is simply the
number of userswho tagged that item.

Useed = Uscope = U

score(i ) = jTaggers(i )j

The top-10 best URLs computed using this method constitute the hotlist, and this
hotlist is global, i.e. it is not customizedper-user. The left hand-sideof Figure 2.4 presents
a hypothetical list of 10 most popular URLs, along with the number of userswho tagged
these URLs. The global method recommendsthe URLs in this list to each user in the
system. Note that the popularit y of each URL, recordedin the Votescolumn in Figure 2.4,
re
ects the total number of tagging actions that referencethe URL, irrespective of the tag.

The averagecoverageof global over all 116,177usersin our experiments is 2.7%. This
amount, while quite small, indicatesthat there is somecorrelation betweenthe users'tagging
behavior and globally popular URLs. It alsoarguesfor improving the method of producing
hotlists by accounting for usersinterests.

2.2.4 Com bining Global Popularit y with Tags

We now model the interests of a user in terms of the user's tags, and de�ne the interest of
a user u for tag t as the fraction of u's tagging actions that include t.

interest (u; t) =
jItems (u; t)j
jItems (u)j

(2.4)

Considerthe tagging actionsof four hypothetical userspresented in Figure 2.5. Ann tags
with \news" and \m usic" with equal frequency, and she usesno other tags. We compute
interest (Ann; \m usic") = interest (Ann; \news") = 1

2 . Dawn also usestwo tags, \w ork"
and \pla y", but she tags with \w ork" more frequently: interest (Dawn; \w ork") = 7

8 ,
while interest (Dawn;\pla y") = 1

8 .
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Figure 2.4: Hypothetical top-10 hotlists.

We compute separate top-10 URL lists for each tag t 2 T . Figure 2.4 presents four
hypothetical tag-speci�c hotlists for tags \news", \m usic", \ja va", and \w ork". The pop-
ularit y of a particular URL in the Votes column re
ects the number of tagging actions
where the URL was tagged with the particular tag, and is typically lower than the global
tag-unaware popularit y. So, the popularit y of cnn.com in the top-10 list for \news" is 610,
which is lower than the popularit y of this URL in the global top-10 list. This is because
cnn.com was likely tagged with tags other than \news", such as \cnn", \toread", etc.

Observe that the popularit y of items in the top-10 list for \w ork" is signi�cantly lower
than item popularit y in other tag-speci�c lists. This is becausethe tag \w ork" is fairly
broad and rarely describesthe content of the URL it annotates. Tags like \w ork", \to do",
\toread", and \nota bene" are rarely used to assignsemantic meaning to a URL. Rather,
thesetags are part of the user'sprivate vocabulary, and are likely not intended for sharing.

With the tag-speci�c hotlists at our disposal, we experiment with two di�eren t ways
of using these lists for user-speci�c hotlist generation. In the �rst approach, which we
call best tag , we identify , for each user u, a single tag from among Tags(u) for which
interest (u; t) has the highest value, and use the global top-10 URLs for that tag as the
user's hotlist. Ties are broken arbitrarily . More formally, for a given t 2 T ,
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Figure 2.5: URLs tagged by four hypothetical Delicious users.

Uscope = f u 2 Uj 8t0 2 Tags(u); interest (u; t) � interest (u; t0)g

Useed = f u 2 Uj t 2 Tags(u)g

So, for Ann in Figure 2.5, either \news" or \m usic" may be usedfor best tag . The tag
\m usic" is the best tag for Ben, \ja va" is the best tag for Chris, and \w ork" is the best tag
for Dawn.

The method best tag can be used for all taggers u 2 U, and we report the average
coverageover all users(116,177)for this experiment. Focusingon the singlebest tag brings
coverageto 8.6%,a signi�cant improvement over global . A deeper study of the data reveals
that best tag is most e�ectiv e for userswith comparatively higher valuesof interest (u; t)
for their best tag.

We draw two conclusionsfrom our observation: �rst, that accounting for tagging behav-
ior when computing hotlists does improve hotlist quality, and second,that a more general
method for hotlist selectionis needed,particularly for caseswhere no tag can be identi�ed
that clearly dominates a user's interests.

We thus proposeanother method, dominant tags , where we identify taggerswho have
a strong interest in one or several tags, and then combine the best URLs from the per-tag
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# dominant tags jUscopej coverage

1 36,736 10.4%

2 16,452 14.4%

3 6,466 17.8%

Table 2.1: E�ect of the number of dominant tags on the performanceof dominant tags .

top-10 lists into a single custom top-10 hotlist. For a given tag t 2 T , and a threshold � ,

Uscope = f u 2 Uj t 2 Tags(u) ^ interest (u; t) > � g

Useed = f u 2 Uj t 2 Tags(u)g

In the current set of experiments, we say that a user u has a strong interest in a tag
t if interest (u; t) > 0:3. This threshold was determined empirically, and needsfurther
validation in a future study. With an interest threshold set to 0.3, a user can have at most
3 dominant tags. If more than one tag passesthe threshold, we draw an equal number of
items from the top-10 lists that correspond to each dominant tag. If two tags t 1 and t2

both passthe interest threshold for user u 2 Uscope, the �nal list HList consistsof the top-5
entries from HList 1 and the top-5 entries from HList 2. For userswith 3 dominant tags, we
choosethe top-3 URLs from each HList 1, HList 2, and HList 3 and build a top-9 hotlist.

So, for usersAnn and Ben in Figure 2.5, the hotlist is a combination of the top-5 URLs
for \news" with the top-5 URLs for \m usic" (seeFigure 2.4). Chris and Dawn both have a
single dominant tag, and the top-10 list for theseusersis generatedthe sameway as in the
caseof best tag .

Table 2.1 presents the partitioning of the users in our dataset by the number of tags
for which they have strong interest, and presents performanceof dominant tags for these
users. Note that dominant tags has less than perfect scope: the total number of users
partitioned in this way is smaller than the entire userbase;49%of usersin our dataset have
no dominant tags.

The �rst row of Table 2.1 reports coverageasan averageover the 36,736userswho have
onedominant tag. For thoseusers,the generatedhotlist constitutes 10%of all URLs tagged
by each user, on average. This number increaseswhen usershave 2 and 3 dominant tags.
Clearly, the more dominant tags there are for a user, the better the coverage. However, a
higher number of dominant tags corresponds to a more limited scope of applicabilit y.

We now turn our attention to the relationship betweenthe strength of a user's interest
in a tag, and the coverageof the dominant tags method. We do this for userswith a single
dominant tag (row 1 in Table 2.1). Table 2.2 summarizesour �ndings: as expected, the
stronger the user'sa�nit y for a tag, the better the coverage,but the more limited the scope.

Basedon the data in Table 2.2 we observe that, while coverageincreaseswith increasing
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interest jUscopej coverage

30% 36,736 10%

40% 31,391 11%

50% 25,703 13%

60% 23,927 13%

70% 20,943 14%

80% 19,704 14%

90% 19,392 14%

100% 19,347 14%

Table 2.2: E�ect of interest on the performanceof dominant tags .

a�nit y for a tag, a plateau is reached as interest reaches 60%. Hotlists generated by
dominant tags take into account a user's interests, as derived from his linguistic choices.
However, items in the tag-speci�c top-10 lists still represent consensusof a very large group
of users: jUseedj is as large as 29,712 for the most popular tag in our experiments, i.e.
29,712distinct users in our sample used this tag. For users with two or three dominant
tags, multiple top-10 lists are combined, further increasingthe sizeof Useed.

Conceptually, it is not the sheer size of the seed set, but rather the subjective use
of vocabulary that limits the e�ectiv enessof tag-based hotlist generation methods. This
happensbecausevocabulary alone, in this casein the form of simple tags, cannot precisely
capture meaning. Considerfor examplethe setsof items that Ann and Ben tag with \m usic"
in Figure 2.5. Under the assumption of tag-basedhotlist generation methods, both users
are interested in music. However, Ann and Ben are interested in di�eren t kids of music:
Ann prefersalternative rock and heavy metal, while Ben likesbands that may be described
as post-punk or alternative jazz.

Using tags to describe interests maps to the philosophical concept of meaning by inten-
tion (connotation), where the meaning is de�ned or described. For example, a user may
state that he is interested in music or in sports. Such a description may not be able to
precisely de�ne meaning becauseof implicit ambiguity. This is contrasted with meaning
by extension (denotation), where the meaning of a concept is expressedby pointing out
examplesof the concept. We will develop a hotlist generation approach that usesmeaning
by extensionin Section2.2.6, and will combine connotation and denotation in Section2.2.7.

For reasonsoutlined above, the opinions and interests of individual usersare approxi-
mated in large heterogeneousseedsets. The larger and the more heterogeneousthe seed,
the coarserthe approximation. We call this e�ect dilution . To minimize dilution, given a
user u 2 Uscope, a hotlist generation strategy needsto identify the seedset Useed that is
both representativ e of the interests of the user u, and focusedon the user's interests.

In the remainder of this section, we seekto reducedilution by consideringexplicit and
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implicit social ties betweenusersduring hotlist generation.

2.2.5 Computing Hotlists Using the Friendship Net work

The goal of this experiment is to explore the utilit y of the explicit friendship network in
Delicious for hotlist generation. Of 116,177taggers in our experiments, 36,248(31%) also
have a social network, and we term such users friendly taggers. Choosing the friendship
network as Useed is justi�ed by the fact that Delicious userstend to pay attention to their
friends tagging actions, which in
uence their own. In particular, users can subscribe to
feedsand get noti�ed whenever one of the usersin their network tags a new URL.

For each friendly tagger, we generatea customized hotlist by drawing 10 URLs with
highest popularit y from among URLs tagged by the members of his network. We refer to
this hotlist generation method as friends . The scope of friends is the set of friendly
taggers,and the seedis de�ned, for a �xed user u, as the network of u.

Uscope = f u 2 U j 9v 2 U : v 2 Network(u)g

Useed = Network(u)

Consider again the hypothetical usersin Figure 2.5, and supposethat Chris is a fan of
Ann and Ben, that is, Network(Chr is) = f Ann; B eng. Then the hotlist for Chris would
combine Items (Ann ) and Items (B en). In this list, bbc.co.uk and pbs.org would be
ranked higher than the other URLs, since these items each have two votes, while other
items each have one vote. Note that the coverageof the resulting hotlist with respect to
Items (Chr is) is 0, signifying that, while Ann and Ben may be friends with Chris in real life,
Chris's interestsdivergefrom thoseof his friends. Supposenow that Chris is a fan of Dawn,
that is, Network(Chr is) = f Dawng. In this casethe hotlist for Chris is Items (Dawn),
which attains a perfect coverage of 1. This example illustrates that explicitly declared
networks, such as a network of fans, may or may not be indicativ e of the users' interests,
and we now demonstrate this experimentally.

We focus on a random subset of friendly taggers, 4,644 in all, for our experiments
in this section, and �nd the coverageof friends to be 42.9%, a signi�cant improvement
over global , which was 3.3% for the sample of friendly taggers in our experiments. Note
that AV G(jUseedj) = 4 for our sample,multiple orders of magnitude lessthan for previous
methods.

We now explore how tagging can be used to deduceinterest overlap among users,and
how such overlap can be used to generate hotlists of very high quality. We report two
experiments: in the �rst, two usersare said to have a social tie if the sets of URLs they
tag overlap signi�cantly; in the second,we enrich the set of derived ties by considering
tag-speci�c overlap in URLs.
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URL agreement jUscopej AV G(jUseedj) coverage

30% 1,382 169.4 61.47%

50% 913 136.9 72.82%

Table 2.3: E�ect of the agreement threshold on the e�ectiv enessof url interest .

2.2.6 In terest as Overlap in URLs

In this experiment we compute a URL-inter est network by consideringthe overlap in tagged
URLs betweenusers. We quantify URL-agreement betweenusersu and v as the fraction of
URLs tagged by u that were also tagged by v.

url agreement(u; v) =
jItems (u) \ Items (v)j

jItems (u)j
(2.5)

When computing URL-based agreement between u and v we do not account for the
tags that wereassignedto the URLs in Items (u) and Items (v). So, u may have tagged the
homepageof the Republican National Convention www.gop.comwith the tag \good", while
v may have tagged the sameURL with \evil". Nonetheless,we assumethat both u and v
expressedan interest in www.gop.comby tagging that URL, irrespective of their sentiment.

Note that agreement is directional. If url agreement(u; v) is above a certain agreement
threshold � , we will use URLs tagged by v to derive the hotlist for u. We refer to this
method as url interest . More formally, we �rst de�ne the scope of the hotlist generation
method as the set of userswhoseagreement with at least one other user in U is above the
agreement threshold � :

Uscope = f u 2 U j 9v 2 U : url agreement(u; v) > � g

We next de�ne the seedfor a �xed user u 2 Uscope:

Useed = f v 2 U : url agreement(u; v) > � g

Consider again four hypothetical userswhosetagging actions are summarized in Fig-
ure 2.5. URL-agreement of Chris with Dawn equals1, re
ecting that URLs in Items (Dawn)
may be of interest to Chris. On the other hand, url agreement(Dawn; Chr is) = 1

2 .
Table 2.3 summarizesthe e�ectiv enessof url interest in terms of scope and coverage.

We observe that, while the method achieves very good coverage, it is very limited in its
scope: only 1,382userscan bene�t from customizedhotlists if 30% agreement is required.
The scope is further limited to 913 usersfor a minimum agreement of 50%. Note also that
AV G(jUseedj) is lower for the 50% threshold. We believe this to be a caseof lower dilution
(fewer usersin the Useed) leading to higher coverage.
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The limited scope of url interest is due to the fact that strong agreement of the kind
required by this method is uncommon. To include an edgebetweentwo usersin the interest
network, we require that they agreeon at least30%of the taggedURLs over-all. We observe
that, while agreement of this kind over all interests may be rare, people more commonly
agreewith others on only a part of their interests. We explore this idea in the next set of
experiments.

2.2.7 In terest as Overlap in URLs and in Tags

We now proposeto combine interest in a tag, as explored in dominant tags , with agree-
ment based on URL overlap, as in the previous section, to construct a tag-URL-interest
network. We usetag interest to generatea global partitioning of tagging actions, and then
search for URL-agreement within thesepartitions. We call this method tag url interest ,
and propose to use it for the taggers who show strong interest in one or more tags (see
Equation 2.4). Thus, we de�ne the scope of tag url interest as the set of taggers with
strong interest in a tag, and with URL agreement, for that tag, with at least oneother user.
We �rst de�ne a tag-speci�c version of agreement as:

tag url agreement(u; v; t) =
jItems (u; t) \ Items (v; t)j

jItems (u; t)j
(2.6)

The scope of tag url interest is then, for a �xed tag t 2 T :

Uscope = f u 2 U j t 2 Tags(u) ^ interest (u; t) > � inter est

^ 9v 2 U : tag url agreement(u; v; t) > � agr eement g

We next de�ne the seedfor a �xed u 2 Uscope, and for a �xed tag t 2 T as the set of
userswho are in tag-url-agreement with u, and who have usedt:

Useed = f v 2 Ujt 2 Tags(v) ^ v 2 tag url agreement(u; v; t) > � agr eement g

Consider users Ann and Ben in Figure 2.5. Ben is in perfect agreement with Ann
on \news", and Ann's news-relatedURLs should therefore be included into Ben's hotlist.
However, while both Ann and Ben tag with \m usic", their connotational agreement for this
tag is 0; seeSection 2.2.4 for a discussion. The tag url interest method recognizesthis
and will not recommendany of Ann's music-related items to Ben.

We evaluated the e�ectiv enessof tag url interest on a subsetof usersin our exper-
iments: we chooseuserswith strong interest in exactly 2 tags. Out of 16,452userswith
strong interest in 2 tags, 1,235were in the scope of tag url interest . We note that, while
the scopeof the current method is still limited, it greatly exceedsthe scopeof url interest :
only 205 usersin the scope of tag url interest where also in the scope of url interest .
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method jUscopej AV G(jUseedj) coverage

dominant tags 1,235 26,855.5 17.2%

tag url interest 1,235 227.4 81.7%

url interest 205 202.9 84.5%

Table 2.4: Relative performanceof dominant tags , tag url interest , and url interest .

Table 2.4 summarizesthe relative performance of dominant tags , url interest and
tag url interest for the users in Uscope of tag url interest . The �rst line summa-
rizes performance of dominant tags for users in tag url interest . BecauseUscope of
tag url interest is a proper subset of Uscope of dominant tags , we report performance
of dominant tags for all users in tag url interest . In this table, we use 30% as the
threshold for both interest and URL agreement, wherever appropriate.

We note that tag url interest signi�cantly outperforms dominant tags in terms of
coverage. However, for userswho are in both tag url interest and url interest , the
latter does better. This represents 205 users for whom tag url resource achieves an
81.7% coveragewhile url resource achieves an 84.5% coverage. This reinforces the idea
that accounting for agreement over all URLs is stronger than agreement on one tag at
a time. This result also supports our dilution hypothesis: AV G(jUseedj) is smallest for
url interest , followed by tag url interest .

2.2.8 Discussion

As we demonstratedin this section,a user'stagging and social ties serve asa good indicator
of his interests. Clearly, hotlists generatedby observing explicit social ties, or by deriving
social ties basedon tagging, are of higher relevance than those produced by global hotlist
generation strategies. In the remainder of this chapter we will expand on this intuition,
and will develop network-aware search { a novel search paradigm where search results are
computed with respect to a user's social network.

However, beforewe move on to network-aware search, we would like to make someob-
servations regarding information discovery in collaborative tagging sites.

Social Information Disco very as a Participation Incen tiv e

Delicious was originally conceived as an on-line bookmarking platform that allowed
users to make their bookmarks portable. Bookmarking was initially viewed as a private
activit y, and tagging, particularly social tagging, gainedprominenceover time. While some
usersstill view Delicious primarily as a private bookmarking platform, many enjoy the full
range of social features of the site. This is evidencedby the extensive use of the network
feature, and, perhapsmost interestingly, by the fact that the tagging vocabulary in Delicious



42 CHAPTER 2. SEARCH AND RANKING IN COLLABORA TIVE TAGGING SITES

converged to form a folksonomy. A folksonomy is a vocabulary, along with a classi�cation
system, that emergesin a bottom-up manner from the collaborative tagging practices of a
social group. Userswho tag socially tend to usefolksonomy terms in their tagging, enabling
other usersto identify their content more easily.

In our work with the Delicious dataset we observed that participation in a network of
fans and social tagging are complementary activities: userswho form social networks are
more likely to tag and vice versa4.

As wejust discussed,many Delicious userscontribute content in a socially awaremanner.
Therefore, an important technical question, and one that may in
uence the very survival
of social tagging sites like Delicious, is how to support social information discovery. In
this section we described how a user's social behavior may be leveragedto generatehigh-
quality hotlists, and we will present an algorithmic framework for network-aware search in
the remaining sectionsof this chapter. However, the scope of applicabilit y of our methods
is limited to those users who choose to interact with the collaborative tagging platform
in a collaborative, social manner. We believe that supporting socially aware information
discovery will enrich the user experience,serving as a powerful incentiv e for continued user
participation. This will, in turn, increasethe scope of applicabilit y of our methods.

Finally, we remark that the distinction between private tagging that involves idiosyn-
cratic vocabulary, and public tagging that draws upon a folksonomy of terms, calls for the
study of privacy in the context of collaborative tagging sites.

External Factors that In
uence In terest

There are di�eren t reasonswhy a user would bookmark a URL and usespeci�c tags to
label it. Our evaluation of hotlist recommendation strategies shows that a user's interest
in a URL is in
uenced by his social ties, many or all of which may be external: formed in
real life, in another social content site, etc. Another external in
uence over a user's interest
in a URL or in a tag is the generalpopularit y of that URL or tag. Bursts in interest have
been observed and studied in the past [Cohen and McCallum, 2003]. Indeed, some tags
appear at certain periods of time and indicate a trend in the general public or among a
communit y of users(e.g., peopletend to visit travel sites more often during holiday time).
Wars, health, and newsalso tend to follow similar trends, while other tags, such as cooking
or professionalphotography, have a steadier popularit y.

Persistence of In terest and Agreemen t

Collaborative Filtering is based on a strong underlying assumption that people who

4We do not provide actual �gures here so as not to discloseYahoo!'s sensitive statistics.
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agreed in the past tend to agreeagain in the future, and conversely that items that are
similar will continue to be similarly liked or disliked by a given user. Consequently, existing
systemsdo little to detect or predict changesin user preferences.During our experimental
evaluation we found that the assumption of persistenceof interest and agreement doesnot
always hold in Delicious. Derivedsocial ties, particularly thosebasedon resourceagreement,
were rarely conserved from one time period to the next. We identi�ed the short lifespan of
URLs as the main reason: many URLs are only tagged actively for a period of 1-2 weeks.
A promising direction for future work is incorporating time into the analysisof interest and
agreement. Another direction is to derive interest networks based on clusters of similar
URLs, rather than on individual URLs. A similar approach is taken in [Wu et al., 2006b],
in which the authors study the relationship between items, tags, and users in scope of a
uni�ed probabilistic generative model.

2.3 Net work-Aw are Search

2.3.1 In tro duction

In Section 2.1 we described collaborative tagging sites. Thesesites are gaining popularit y,
and while browsing is still the predominant way of reaching content, ranked keyword-based
search will becomemore important as the size of networks and tagged content expand.
An important question that we addressin the remainder of this chapter is how to support
network-aware search { a mechanism that will return the top-ranked answers to a query
consisting of a set of tags, given a user with a particular network. Such a mechanism is
important not only for supporting search within these sites, but also for incorporating a
user's network and tagging behavior in generalweb search [Heymann et al., 2008].

Information Retrieval generally assumescontent to be relatively static, while user in-
terests are dynamic, expressedvia keyword queries [Baeza-Yates and Ribeiro-Neto, 1999].
On the other hand, the Publish/Subscribe model assumesstatic publisher needsand dy-
namic streaming content [Wu et al., 2006a]. In collaborative tagging sites, both content
and interest are dynamic. Users tag new photos on Flickr and new videos on YouTube
every day and develop interest in new topics. In the remainder of this chapter we model
collaborative tagging sites as follows: usersin the system can be either taggersor seekers.
Taggersannotate items with one or more tags. A query is composedof a set of tags and
is asked by a seeker. A linking relation connectsseekers and taggers, thereby forming the
network associated with each seeker. In practice the set of seekers and the set of taggers
may overlap, and our model and algorithms will not preclude this possibility.

Given a seeker, a network of taggers,and a query in the form of a set of tags, we wish
to return a ranked list of most relevant items. In Section2.2 we demonstrated that a user's
social context, expressedby his network and tagging, can be usedto improve the quality of
content recommendationin collaborative tagging sites. In the remainder of this chapter, we
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go on to formalize network-aware search in thesesites, and de�ne the problem of e�cien tly
processingtop-k queriesin the presenceof dynamic scores.

In this work we do not answer the orthogonal question of when search and ranking
should be made network-aware, and when globally popular items should be returned as
answers instead. Indeed, network-awarenessmay in some caseshinder true information
discovery. A Lib eral Democrat who wants to educate himself about the Republican view
on health care reform is unlikely to �nd informativ e resourcesfrom among those taggedby
his friends, also Lib eral Democrats. Likewise,a Western physician looking to expand his
horizons and learn about treatment protocols o�ered by the Eastern medicine must look
beyond his immediate circle of colleaguesfor information. In such cases,the search system
must realize that the user's information need cannot be satis�ed when tapping the user's
network alone, and must fall back on the content contributed by the user baseat large for
results.

Nonetheless,casesabound wherenetwork-aware search is the right choice. We discussed
in Section 2.2.8 that usersof collaborative tagging sites like Delicious already contribute
content in a social manner. Therefore, allowing socially aware consumption of content
is not only natural, but also makes socially aware tagging worth-while. As the size of
the users' networks increases,so does the need for network-aware content aggregation. A
programmer who adds several Java experts to his network expects to �nd Java-related
content contributed by thoseexperts with ease.A group of fans of a music band who live in
closegeographicproximit y to each other expect to be noti�ed of band-related news,parties,
and performancesthat other fans endorse.Family members who live on several continents
and in a variety of time zonesexpect to have easyaccessto photos from family gatherings.

In the following sectionsweintroducea generalclassof scoringfunctions that re
ects this
intuition. This class includes ranking functions that are appropriate in many application
scenarios,such as hotlist generation, popularit y among friends, and popularit y among a
network of peersin the sameagegroup or geographiclocation. Our core question is then
how to achievee�cient top-k processingof network-aware search queries.

We considerwhat sort of storagestructures are neededto support such queries. In the
network-unaware setting, one would useper-tag inverted lists, listing items ranked by their
score. A naive extension of this is to generatesimilar lists for each (tag,seeker) pair since
items have a di�eren t score per seeker's network. Items would then be sorted according
to their network-aware scorein each inverted list. The well-known top-k algorithms [Fa-
gin, 2002] could then be directly applied to aggregateover tags in a query. We refer to
this storagestrategy as Exact , since it requires storing exact scoresfor each item for each
(tag,seeker) pair. This strategy can clearly bene�t from the e�ciency of traditional top-
k algorithms. However, materializing each of these lists would be prohibitiv e in terms of
space,sincethere are potentially as many lists per tag as there are seekers. Consequently,
we explore dynamic computation of scores,given a seeker's network and a tag, as a way of
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achieving a balance between processingtime and storage space. Note that while traditional
top-k algorithms aggregatescoreson di�eren t keywords at query time, they assumethe
inverted lists are ordered by exact scores,even if exact scoresof list entries are not avail-
able. The most straightforward dynamic approach materializes only per-tag inverted lists.
Theseinverted lists are seeker-independent, so their entries cannot contain exact per-seeker
scoresbut only upper-bounds for each item, i.e., its max scoreover all seekers. We refer
to this strategy as Global Upper-Bound. We develop generalizationsof top-k processing
algorithms to incorporate network-aware search. In particular, we modify the classicNRA
(No Random Access)and TA(Threshold Algorithm) to account for scoreupper-boundsand
dynamic computation of exact scores(Section 2.4).

The Exact and Global Upper-Bound strategies represent two extremes in the space-
time trade-o�. While Global Upper-Bound will o�er considerablesavings in space, we
expect query processingto take much longer, since the upper-bounds may be very coarse.
The �ner the upper-bounds, the closer they are to exact scoresfor a given seeker, which
a�ects the order of entries in the inverted lists. We explore two re�nements in Section 2.5.

Our �rst re�nement identi�es groupsof seekers whose\net work-aware" scoresare close.
The score upper-bound computed for such a group will then be tighter than the global
upper-bound. These groups represent seekers who exhibit similar networking behavior.
We refer to this strategy as Cluster-Seekers . This strategy leadsto one inverted list per
(tag,cluster) pair. At query time, we �nd the (tag,cluster) inverted lists associated with that
seeker and aggregateover them. We will seethat the Cluster-Seekers strategy performs
faster than Global Upper-Bound and consumeslessspacethan Exact .

The performanceof Cluster-Seekers dependson �nding good clusterings. We explore
quality metrics that measurehow well the order of entries in a per-cluster inverted list
re
ects their order in a seeker-speci�c inverted list, for seekers who belong to that cluster.

Next, we explore Cluster-Taggers , a strategy that aims to group taggers in networks
based on similarity in their tagging behavior. Each tagger cluster is associated with an
inverted list, where items are ranked by their upper-bound within the cluster of taggers. At
query time, we determine the tagger clusters associated with a given seeker and compute
scoresby aggregatingover the inverted lists associated with these tagger clusters. Taggers
in a seeker's network may belong to di�eren t clusters, and so multiple inverted lists per tag
may be relevant for a given seeker. We thus may have to aggregateover a larger number
of inverted lists, albeit with tighter upper-bounds per list. In our experiments, which we
present in Section 2.6, we found that Cluster-Taggers imposeslittle spacepenalty com-
pared to Global Upper-Bound, and outperforms Cluster-Seekers in both spaceoverhead
and query time. However, not every seeker will bene�t from this approach.
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Figure 2.6: Seekers, networks and tagging actions.

2.3.2 Formalism

The data model usesas its starting point the formalism de�ned in Section2.1.3, expanding
it slightly to make notation more convenient. Here again, we assumethat three sets are
given: usersU, items I , and tagsT . As before,werepresents relationshipsbetweenelements
in thesesetswith two relations: Tagged(u; i; t) and Link (u; v).

Often we will be interested in iterating over all usersin one of the projections of Link
or Tagged. The projection on the �rst component of Link is the Seekers set; we will be
interested in queries from these users. The projection on the �rst component of Tagged
represents the Taggers set. We want the tags assignedby theseusersto in
uence the way
answers to queriesare scored. It is convenient to usethe following notation.

Recall from Section2.1.3that, for a useru 2 Seekers, Network(u) is the setof neighbors
of u, i.e., Network(u) = f v j Link (u; v)g. Recall also that we denote by Items (u; t) = f i j
Tagged(u; i; t)g the set of items tagged with t by tagger u 2 Taggers.

We elaborate on a few natural implicit ties that may exist between users in G. Let
Items (v) be the set of items taggedby userv with any tag. Then we could de�ne Link (u; v)
to meanthat of the items taggedby u, a large fraction are alsotaggedby v, i.e., jItems (u) \
Items (v)j=jItems (u)j > � , where� is a given threshold. This typeof a social tie wasexplored
in Section 2.2.6, and we referred to is as the URL-inter est network.

Alternativ ely, we could de�ne Link (u; v) if and only if v tags a su�cien t fraction of the
items taggedby u with the sametag asu, i.e., jf i j 9t : Tagged(u; i; t) ^ Tagged(v; i; t)gj=jf i j
9t : Tagged(u; i; t)gj > � . We presented a similar relation as the tag-URL-interest network
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in Section 2.2.7.
The techniques of this chapter do not assumeany particular semantics of how the

networks are obtained. Nonetheless,experimental results, which will be presented in Sec-
tion 2.6, may be sensitive to the properties of the network, and performancetrade-o�s will
needto be re-evaluated if semantics of the network change.

Figure 2.6 shows our running example of seekers, their networks, and their tagging
actions. The network of seeker Jane overlaps with Leia's and Amanda's. This is re
ected
in Tagged, where taggerscommon to Jane and Leia tag various items.

Seekers issuequeriesin the form of a set of keywords. In order to focus on aggregation
rather than the orthogonal text matching issues,we treat keywords and tags alike, and our
scoring method is basedon exact string matching. More speci�cally , given a seeker u and
a query Q = t1; :::; tn , we de�ne the scoreof an item i for u with respect to a tag t j as a
monotone function f of the number of taggersin u's network who tagged i with tag t j :

score t j (i; u) = f (jNetwork(u) \ f v j Tagged(v; i; t j )gj) (2.7)

We de�ne the overall query scoreof an item i for a seeker u 2 Seekers as a monotone
aggregationg of the scoresfor the individual keywords in the query:

score (i; u) = g(f score t1 (i; u); :::; score tn (i; u)g) (2.8)

While the framework is generalenough to permit arbitrary monotone functions f and
g, we will set f to be the identit y function, and g = sum, for easeof exposition. As we
demonstrated in Section 2.2, when content is recommendedbased on implicit common-
interest networks, the resulting lists are good predictors of relevance to the seeker. Hence
we usecommon-interest networks in our experiments.

2.3.3 Problem Statemen t

Given a query Q = t1; :::; tn , issued by user u, and a number k, we want to e�cien tly
determine the top k items, i.e., the k items with the highest overall score.

In the next section, we addressthe following questions: given the input data modeled
using the logical relations Link and Tagged, what information should we pre-compute in
order that well-known top-k algorithms can be leveraged,and how should we adapt these
algorithms to work correctly and e�cien tly in our setting?

2.4 In verted Lists and Top-K Pro cessing

We wish to compute the top-k items that have beentaggedby peoplein a seeker's network
with query relevant tags. As is typically done in top-k processing,we organize items in
inverted lists and study the applicabilit y of typical top-k algorithms in our setting.
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Figure 2.7: Inverted lists for Global Upper-Bound and Exact , for the tag music.

2.4.1 Computing Exact Scores

Typically, in Information Retrieval, one inverted list is created for each keyword [Baeza-
Yates and Ribeiro-Neto, 1999]. Each entry in the list contains the identi�er of a document
alongwith its scorefor that keyword. Storing scoresallows oneto sort entries in the inverted
list, enabling top-k pruning [Fagin et al., 2003c]. While in classic IR each document has
a unique score for a keyword (typically, tf-idf [Baeza-Yates and Ribeiro-Neto, 1999] or
probabilistic [Fuhr and R•olleke, 1997]), one characteristic of our problem is that the score
of an item for a tag dependson who is asking the query, i.e., on the seeker's network. One
straightforward adaptation is to have one inverted list per (tag,seeker) pair and sort items
in each list according to their score for the tag and seeker. Therefore, each item will be
replicated along with its scorein each relevant (tag,seeker) inverted list. We refer to this
solution as Exact , and illustrate it on the right-hand side of Figure 2.7.

For each tag, Exact storesas many inverted lists as there are seekers. We will demon-
strate in Section 2.6 that this approach leadsto very high spaceoverhead.

We now review top-k processingin the context of Exact .

2.4.2 Top-K Pro cessing with Exact Scores

Existing top-k algorithms are directly applicable to Exact . Rather than describe them
in detail, we give a brief overview of NRA(No Random Access)and TA (Threshold Algo-
rithm) [Fagin et al., 2003c], two representativ e algorithms.

In NRA, the inverted list for each query keyword is assumedto be sorted on the exact
scoreof items. In the �rst phase,the algorithm maintains a heapwhich contains the current
candidate entries for the top-k (there could be many more than k of these). The inverted
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lists are scannedsequentially in parallel. When a new entry is found, it is addedto the heap
along with its partial (exact) score. If the item was seenbefore, its scorein the heap entry
is updated. For every heap entry, a worst-casescoreand a best-casescore is maintained.
The worst-casescore is basedon the assumption that the item does not appear in those
lists where it is so far unseen. The best-casescoreassumesthat the item's scorein a list
where it is unseenequalsthe bottom scoreof the heap (for that list). Items in the heapare
sorted on their worst-casescore, with ties broken using best-casescores,and subsequent
ties broken arbitrarily . The algorithm stops when none of the entries outside of the top-k
items examinedsofar hasa best-casescorehigher than the worst-casescoreof the kth item
in the bu�er. The output of NRAconsistsof the set of top-k items in the bu�er, for which
we have only partial scoreand henceno rank information. Subsequent work (e.g., [Ilyas et
al., 2002]) has adapted NRAso as to obtain exact rank information.

NRAcan be directly applied in the context of Exact by picking the lists which correspond
to the current seeker and query keywords and aggregatingover them as described above.

In TA, the inverted lists are sorted on scoreas for NRA, but random accessis assumedin
addition to sequential access.The algorithm accessesitems in the various lists sequentially ,
and the lists are processedin parallel. TAmaintains a heap, where items are kept sorted on
their completescore. When a new entry is seenin any list under sequential access,its scores
from other lists are obtained by random access.If its overall scoreis more than the scoreof
the kth entry in the heap,the items are swapped. Otherwise this new entry is discarded. At
any stage, the bottom score(seenunder sequential access)is maintained for every list and
is usedto compute a threshold. No unseenitem can have a scorehigher than the threshold,
so if the scoreof the kth highest heap entry is greater than or equal to the threshold, then
the algorithm stops. The output consists of the top-k list in the bu�er, including items
and their scores(and hencetheir ranks). Unlike in NRA, a far smaller portion of the lists
needsto be explored, and the heap never needsto contain more than k items. However,
this comesat the price of potentially many more random accesses.

TAcan be applied directly in the context of Exact .
Wenow turn to describingour space-saving strategy and how top-k processingis adapted

to �t it.

2.4.3 Computing Score Upp er-Bounds

In order to save spacein storing inverted lists, we factor out the seeker from each per-tag
list and maintain entries of the form (item,taggers) wheretaggersare all taggerswho tagged
the item with the tag. In this case,every item is stored at most oncein the inverted list for
a given tag, as opposedto being replicated potentially once for each seeker. The question
now is which score to store with each entry. The answer to this question will determine
how the lists are ordered. Since scoresare used for top-k pruning, it is safe to store, in
each per-tag inverted list, the maximum scorethat an item could have for the tag acrossall
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possibleseekers. We refer to such maximum scoreas the score upper-bound. Given a query
keyword t j , the scoreupper-bound of an item i for t j can be expressedas:

ub(i; t j ) = M AX u2 Seekers jf v j Tagged(v; i; t j )g ^ v 2 Network(u)j

In other words, the scoreupper-bound is the highest scorean item could have for a tag.
We refer to an inverted list organization basedon theseideasas the Global Upper-Bound
strategy. We will assumethat the inverted lists are supplemented by the Link relation
indexed by the seeker and the Taggedrelation indexed by tag and item; thesewill support
our equivalent of random access.They also support e�cien t computation of exact scores,
given a seeker and an item.

Figure 2.7 shows the inverted list for tag music according to the Global Upper-Bound
strategy and its counter-part in Exact . Notice that Exact may store one item multiple
times acrosslists (e.g., item i19 is stored with seekersJane, Amanda, and Leia). In the case
of Global Upper-Bound, an item is stored only oncewith its highest score(e.g., the score
of item i19 in Global Upper-Boundis higher than its scorein the lists of Leia and Amanda
since it corresponds to its scorefor Jane). While the per-seeker inverted lists in Exact are
shorter than in Global Upper-Bound, the overall spaceconsumption of Exact is expected
to be much higher. However, the relative ordering of items in the inverted list for Global
Upper-Bound does not necessarilyre
ect that of any per-seeker order in Exact (e.g., i19
is scoredlower than i5 in Leia's list while it is scoredhigher in the Global Upper-Bound
list). This may causeGlobal Upper-Bound to scanmany more entries in the inverted lists
than Exact , thereby increasingquery processingtime. We next describe adaptations of NRA
and TAthat usescorebounds; their application to the bounds in Global Upper-Boundwill
serve as another baseline(for processingtime) in our experiments.

2.4.4 Top-k Pro cessing with Score Upp er-Bounds

We assumea function that does a \lo cal aggregation", taking a seeker and a pair (item,
taggers) from an inverted list and calculating the number of taggersthat are friends of the
seeker. We also assumea function computeExactScore(i; u; t j ) that computesthe value of
Equation 2.8 by both retrieving the taggersof item i (for tag t j ) and counting the number
of friends of u who taggedwith t j . Such a function can be implemented asa SQL aggregate
query over the join of Link and Tagged.

2.4.4.1 NRA Generalization

Algorithm 1 shows the pseudo-code of gNRA. For any query, the inverted lists (IL t ) corre-
sponding to each query keyword t are identi�ed and are accessedsequentially in parallel,
using a criterion such as round-robin. When an item is encountered in a list, we: (i) record
the upper-bound of the item and (ii) compute the exact scoreof the item for that tag using
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the taggerscomponent of the IL entry . If the item has not beenpreviously encountered, it
is added to the heap along with its score. If it is already in the heap, the scoreis updated.
Thus scoresof items in the heap are partial exact scoresand correspond to the notion of
worst-casescoreof classicNRA. The set of bottom (i.e., last seen)boundsof the lists is used
to compute best-casescoresof items: for any item, its best-casescore is the sum of its
partial exact scoreand the bottom bounds of all lists where the item has not beenseen.If
an item is unseenanywhere, its partial exact scoreis 0 and its best-casescoreis the sum
of bottom bounds over all lists. The heap is kept sorted on the worst-casescore,with ties
broken using best-casescore,and then arbitrarily . The stopping condition is similar to that
for classicNRA: none of the items outside the top-k of the heap has a best-casescorethat
is more than the kth item's worst-casescore. However, for classicNRA, it is su�cien t to
compare the kth item's worst-casescorein the heap with the largest best-casescoreof an
item in the heapoutside of the top-k items. In our case,this would not be sound, sincethe
lists are only sorted on bounds, not necessarilyon scores.Thus, a completely unseenitem
can have a best-casescorehigher than the largest best-casescore in the heap. Thus, we
compare the maximum of the largest best-casescoreoutside of top-k in the heap and the
sum of all bottom bounds with the worst-casescoreof the kth item in the heap, stopping
when the latter is higher.

Algorithm 1: Bounds-BasedNRAAlgorithm (gNRA)

Require: seeker u, Query Q;
1: Open inverted lists IL t for each keyword t 2 Q;
2: while worstcase(kth heap item) � maxf BestcaseUnseen; maxf bestcase(j ) j j 2 heap� top-kgg

do
3: Get next list IL t using round-robin;
4: Get entry e = (i; ub; taggers) in IL t ;
5: Update the bottom bound of IL t ;
6: Compute partial exact scoreof i for t using itemTaggers;
7: If i is not in heap add it, otherwise update its partial exact score;
8: Update best-casescoresof items in heap, and re-order heap;
9: BestcaseUnseen= sum of bottom bounds over all lists;

10: end while

11: Return top-k set of items from heap.

At this point, we are guaranteed that the set of items in the top-k of the heap belong
to the �nal top-k list. If the exact score(and rank) is of interest, we need to compute the
exact scoreof items in the heap on those lists where they are not seen. We can do this
by computing exact scores(our analog of Random Access)for the remaining terms of the
top-k heap items. 5

5Thus, gNRAin our setting is really \generalized Not many Random Accesses".
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Note that during exact score computation when a cursor is moved we get the entry
e = (i; ub; itemTaggers) in memory without a search, and can thus get the exact score
using a local exact scorecomputation. We will reusethe term \sequential access"(and the
abbreviation SA) to refer to the combination of advancement of a cursor and local exact
score computation. In our algorithm, these two always occur in tandem. We will reuse
the term \random access"(RA) to refer to the calls to computeExactScore, which in this
algorithm occur only in phase2. The abilit y to quickly get the scoresto be aggregatedin
memory allows sequential accessto be much more e�cien t than random access,as in the
classicalcase.We discussthis further in Section 2.6.

Several optimizations are possible to the basic algorithm above. Clearly, we have no
need to update scoresof items in the heap whosebest-caseis below the worst-caseof the
kth highest heap item, nor do we need to re-order theseas the lower bounds are updated.
It is also possibleto check whether an element is a candidate for entry into the top-k prior
to performing an exact scorecomputation, by checking its new upper bound against the
worst-casescoreof the current k th item; this optimization can be easily incorporated into
the algorithm above.

2.4.4.2 TA Generalization

Algorithm 2: Bounds-BasedTAAlgorithm (gTA)

Require: seeker u, Query Q
1: Open inverted lists IL t for each keyword t 2 Q;
2: while score(kth heap item) � sum of bottom bounds over all lists do
3: get next list IL t using round-robin;
4: Let e = (i; ub; itemTaggers) be the next entry in IL t ;
5: Update the bottom bound of IL t ;
6: if i not in current top-k then
7: Use local aggregationto get exact scoreof i in IL t using itemTaggers;
8: Use computeExactScore to get exact scoreof i in other lists;
9: if i 's overall score> kth scorein heap then

10: Swap kth item with i ; keeptop-k heap sorted;
11: end if
12: end if
13: end while

14: Output the heap as is.

We now present gTA{ our adaptation of TA that works with scoreupper-bounds. Al-
gorithm 2 shows the pseudo-code. Given a query Q from a seeker u, all relevant inverted
lists are identi�ed. We accessthem sequentially in parallel. When an entry is seenfor the
�rst time under sequential accessin a list, we compute its exact scorein that list (as part
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of SA) and perform exact scorecomputations on the other lists (a set of RAs). Thus, we
always have complete exact scoresfor the items in the bu�er. For each list, we remember
the bottom bound seen.The threshold is the sum of the bottom bounds over all lists. The
algorithm stops whenever the scoreof the kth item in the heap, which is kept sorted on
score,is no lessthan the threshold. At this stage,we can output the top-k items together
with their scoresand hencerank them.

As with gNRA, there are slight modi�cations that can save accesses:when we �nd a new
item i we could iterativ ely retrieve scoresin other lists, curtailing the iteration if we �nd
that the best-caseof i is below the exact scoreof the kth item in the heap.

To summarize,both variants of Global Upper-Bound(gNRAand gTA) di�er from Exact
in that the former needsto compute the exact score of an item for a tag and seeker at
query time. Using a simple variation of the argument in [Fagin et al., 2003c], we can show
that both Global Upper-Bound variants are instance optimal over all algorithms that use
the sameupper-bound basedstorage. In the caseof gTA, this meansthat gTAbasedon a
round-robin choice of cursorsusesno more sequential accessesthan any other \reasonable"
algorithm, up to a linear factor. Reasonablehere meansthat the algorithms cannot make
a call to computeExactScore for an item until the item has beenreached under sequential
access.This is the analogof the \no wild guesses"restriction of [Fagin et al., 2003c]. Similar
statements canbemadefor gNRA: Algorithm 1 is optimal, up to a constant factor, in number
of sequential accessesmade, over algorithms that perform only sequential accesses.If we
considerthe optimization whereexact scorecomputations are doneonly for items that have
a best-casescoreabove the current kth highest-score,we �nd that it is optimal in terms of
the number of exact scorecomputations.

However, any of theseoptimalit y statements only justify the useof thesequery process-
ing algorithms oncea storagestructure is �xed; they do not justify the storage structures
themselves. The accuracyof upper-boundsin the inverted list is clearly the key factor in the
e�ciency of top-k pruning. The �ner the upper-bound, the closer it is to the item's exact
scoreand the faster an item can be pruned. Therefore, we needto explore further optimiza-
tions of our inverted list storagestrategies. The clustering-basedapproaches intro duced in
the next section work by identifying upper-bound basedinverted lists for a (query,seeker)
pair and then applying either gNRAor gTA. They will di�er on which lists are identi�ed and
on how the clusters are formed.

2.5 Clustering and Query Pro cessing

As discussedin Section 2.4, the greater the di�erence between the scoreupper-bound and
the exact scoreof an item for a tag, the more processingmay be required to return the top k
results for a given (seeker,query)pair. The aim of this section is to describe methods which
reduce the di�er ence between exact scores and upper-boundsby re�ning upper-bounds. The
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coreidea is to cluster usersinto groupsand compute scoreupper-boundswithin each group.
The intuition is that by making a cluster contain userswhosebehavior is similar, the exact
scoresof usersin the cluster will be very closeto their upper-bound score. The remaining
question is thus: which usersshould the clustering algorithm group together to achievethat
goal.

2.5.1 Clustering Seekers

For a given seeker, the scoreof an item dependson the seeker's network of taggers. There-
fore, a natural approach is to cluster the seekers basedon similarit y in item scores.Given
any clustering of seekers, we form an inverted list IL t;C for every tag t and cluster C, con-
taining all items tagged with t by a tagger in

S
u2 C Network(u), with the scoreof an item

being the maximum score over all seekers in the cluster. That is, an item i in the list
gets scoremaxu2 C score t (i; u). Query processingfor Q = t1 : : : tn and seeker u proceedsby
�nding the cluster C(u) containing u and then performing aggregation (using one of the
algorithms in Section 2.4) over the collection of inverted lists IL t i ;C (u) .

Figure 2.8: An example of Cluster-Seekers .

Global Upper-Bound is a special caseof Cluster-Seekers where all seekers fall into
the samecluster and the samecluster is used for all tags. That is not the casein general
with Cluster-Seekers as illustrated in Figure 2.8, where Jane and Leia fall into the same
cluster C1 for the tag music, but into di�eren t clusters for the tag news. Clustering seekers
independently for each tag allows for tighter upper-bounds,and thus for a better clustering
outcome. This is because,while Jane and Leia may have highly overlapping networks of
friends for music, resulting in a high overlap in the items and item scores,their networks
for the tag newsmay be dissimilar.

Upper-boundswithin each list arecomputedfor membersof the associated cluster, which
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makes the bounds necessarilytighter. For example, item i7 has a tighter upper-bound in
cluster C2 for tag music than in Global Upper-Bound in Figure 2.7. It is necessaryto
compute seekers' clusters on a per-tag basis in order to re
ect (i) the overlap in networks
amongdi�eren t seekersand (ii) the overlap in tagging actions of taggersin clusters. Indeed,
if we generateda set of clusters which are agnostic to the tags, we could end up creating a
cluster containing Jane, Leia and Amanda(sincethey sharesometaggersin their networks).
The scoreupper-bounds for such a cluster would be coarser(e.g., i19 would have a score
upper-bound equal to 65 for tag newswhile it is equal to 30 in C2!).

One can easily show that, for singlekeyword queries,aswe re�ne the clustering, the up-
per boundscan only get tighter, and hencethe processingtime of the generalizedthreshold
algorithms of the previous section can only go down, regardlessof the seeker. In partic-
ular, Exact is optimal over all algorithms that use Cluster-Seekers , for any clustering,
assumingsingle-keyword queries.

For multi-k eyword queries,clustering, while resulting in tighter upper-bounds,may not
always improve processingtime. Consider a seeker u and a top-1 query Q = t 1; t2. Assume
that, for this seeker, the lists of scoresfor the two keywords are I L t1 ;u = (x:10; i 1:3; i 2:2; : : :),
where the : : : is a long tail of scoresbelow 2; I L t2 ;u = (i 0

1:20; i 0
2:19; : : : ; i 0

1000:19; : : : ; x:15).
Supposea clustering puts this seeker in her own cluster, thus making the bounds exact
for her! Under gNRA, we would have to keepmaking sequential accessesuntil we reach the
entry x:15 in the secondlist. However, it is possible that in Global Upper-Bound (the
coarsestpossible clustering), the global inverted lists for the two keywords are: I L t1 =
(x:10; i 1:3; i 2:2; : : :); I L t2 = (x:22; i 0

1:20; i 0
2:19; : : : ; i 0

1000:19). The entry x might have a much
coarser(i.e., higher) bound in Global Upper-Bound and hencemay bubble to the top of
the secondlist. Now, gNRA, after one round-robin, gets the full exact scoreof x (still 25 for
u). After this the algorithm will stop, sincethis scoreis higher than the sum of all bottom
scores.This exampleshows that an ideal clustering would take into account both the scores
and the ordering.

How do we cluster seekers? Ideally, we would �nd clusters that are optimal for the
running time of one of our algorithms in Section 2.4. However, as we show in [Amer-Yahia
et al., 2008a], �nding a clustering that would minimize the worst-caserunning time over all
usersis NP-hard. We also show that �nding a clustering that minimizes the average-case
running time is NP-hard.

Given these complexity results, we must rely on heuristic methods to �nd clusters of
seekers. One natural approach is basedon overlap of the seekers' networks. The intuition
is that, given two seekers u and u0, the higher the number of common taggers in their
networks, the higher the chance that the score of an item for those networks be similar.
However, two taggersmay have di�eren t tagging behavior for di�eren t tags. Therefore, we
proposeto compute per-tag network overlap betweenseekers.

Given the setof all seekers in Seekers and a tag t, we canconstruct a graph wherenodes
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areseekersand an edgebetweentwo seekersu and u0 is createdif and only if jNetwork(u; t) \
Network(u0; t)j � � , where Network(u; t) is the set of users in Network(u) who tagged at
least one item with tag t. The threshold � is application-dependent. Once the graph is
instantiated, we apply o�-the-shelf graph clustering algorithms in Section 2.6 to generate
clusters. We report the space/time performanceof Cluster-Seekers in Section 2.6.4.

2.5.2 Evaluating and Tuning Clusters

The Cluster-Seekers approach dependson �nding good clusterings,which in turn depends
on beingable to predict the performanceof a clustering. Clearly, we cannot test a clustering
on all keyword combinations for all users,and for all valuesof k. We begin with a measure
comparing the orderingsproducedby the clustering with the exact orderingsfor a particular
user; we will averagethis over users. Although many metrics that can be usedto compare
lists are consideredin the literature (see for example [Fagin et al., 2003a]), we need one
that is both correlated with the performance of our algorithms and simple to compute.
We discusshere one such measure,a variant of Normalized Discounted Cumulativ e Gain
(NDCG). This measurewasintroducedin [J•arvelin and Kek•al•ainen, 2002]), and is described
in detail in Section 1.1.3.2.

Recall that NDCG comparesthe order of items in a ranked list to the order of items in
an ideal list. For a tag t and a seeker u, let the ideal list L ideal represent the list of items
for u and t ranked by exact scores. Let L approx represent the list of items in a cluster,
ranked by scoreupper-bounds. Consider for example the inverted lists for the tag \m usic"
presented in Figure 2.7. In order to quantify how well the Global Upper-Bound approach
will perform for seeker Jane, we take Jane's exact list as L ideal, and compare it to the
Global Upper-Bound list as L approx.

Note that Lapprox is not simply a reordering of L ideal. Rather, the underlying domain
of Lapprox is the superset of the domain of L ideal. This is becauseL approx lists items
that are relevant to any seeker in the cluster, not just to the particular seeker u. So, the
global upper-bound list in Figure 2.7 includes the item i9 which is not present in Jane's
list.

Let D be a vector of length equal to the length of L ideal, where, for each i , D (i ) records
the maximum over j � i of the position of the j th item in L ideal within Lapprox. (All
vectors are 1-based for convenience.) D will have the following values for Jane in our
example: f 1; 2; 3; 6; 7; 8; 10; 10; : : :g. D (i ) represents the delay in getting to the top i items
of L ideal. We useD to assignvaluesto the gain vector (seeSection 1.1.3.2), with low gain
corresponding to high delay and vice versa:

G(i ) =
i

D (i )
(2.9)

The delay for reaching item i is at least i , as was the casefor the �rst three items for
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Jane, and we set the corresponding value in the gain vector to 1 in such cases.If item i is
reached after consideringmore than i items in L approx, the gain will have a value between
0 and 1. Note that the delay vector for the ideal list is always f 1; 2; 3; 4; : : :g, and so the
ideal gain vector has 1 in each position.

Intuitiv ely, G(i ) represents the quality of the clustered list if we are looking for the
seeker's top i items. For top-k multi-k eyword queries, the highest scoring item may be
signi�cantly further down on an individual list than k. We will thus sum the quantit y G(i )
over i , discounting higher valuesof i , since it is lesslikely that the tail of the seeker's list
will be visited.

We usethe gain vector described above to compute the Normalized Discounted Cumu-
lated Gain (NDCG) as per Section 1.1.3.2, using a discount factor b = 2. NDCG measures
the quality of a clustered list for a given seeker and keyword. A value of 1 is the optimum,
which is realized by the ideal list, while values close to 0 indicate a list that is far from
ideal. The quality over all seekers can be estimated by averaging over a randomly selected
collection of seekers.

We will seein Section 2.6 that the performance of both NRA and TA variants for a
clustering is correlated with a function of NDCG. Speci�cally , for a multi-k eyword query Q,
the performanceof Q of the \aggregate NDCG of Q", where the aggregateaveragesover a
sampleof seekers and maximizes over the keywords in Q.

The NDCG can be used to compare two clusterings { for example, those done via
di�eren t clustering algorithms, or di�eren t parameterswithin a clustering algorithm. It can
also be used to decide whether increasing the number of clusters will signi�cantly impact
performance. Sincethe NDCG is a per-keyword quantit y, it can be calculated o�ine.

2.5.3 Clustering Taggers

Another clustering alternative is to organize taggers into di�eren t groups which re
ect
overlap in their tagging behavior. We refer to this strategy as Cluster-Taggers . That
is, for each tag t we partition the taggers into clusters. We again form inverted lists on a
per-cluster, per-tag basis, where an item i in the inverted list for cluster C and tag t gets
the score:

MAX u2 Seekers jNetwork(u) \ C \ f v j Tagged(v; i; t)gj;

i.e., the maximum number of taggers in cluster C who are linked to u and tagged item i
with tag t, over all of the seekers u. To processa query Q = t 1 : : : tn for seeker u, we �nd
the set of clusters of the taggersin Network (u), and then perform an aggregationover the
inverted lists associated with all (tag,cluster) pairs. Membersof a seeker's network may fall
into multiple clusters for the sametag, thereby requiring us to processmore lists for each
tag (as opposedto one list per tag in the caseof clustering seekers).
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How do we cluster taggers? For sometag t, we instantiate an undirected graph where
nodes are taggers and there exists an edge between two nodes v and v0 if and only if:
jItems (v; t) \ Items (v0; t)j � � where t. Again, threshold � dependson the application.

We now summarizethe di�erences betweenclustering seekers basedon network overlap
(Cluster-Seekers ) and clustering taggersbasedon overlap in tagging behavior (Cluster-
Taggers). At query time, Cluster-Seekers identi�es one inverted list per (tag,seeker)
pair since a seeker always falls into a single cluster for a tag. In Cluster-Taggers there
are potentially multiple inverted lists per (tag,seeker) pair, given that a seeker will generally
have multiple taggers in his network which may fall into di�eren t clusters.

Unlike Cluster-Seekers , Cluster-Taggers does not replicate tagging actions over
multiple inverted lists. In fact, we will show that there is no signi�cant penalty in spaceof
Cluster-Taggers over Global Upper-Bound. Spaceconsumption of clustering is explored
in Section 2.6.

As for processingtime, while Cluster-Seekers bene�ts all seekers, Cluster-Taggers
doesnot. Indeed,we �nd that Cluster-Taggers canhinder seekersthat areassociated with
many tagger clustersand hencemany inverted lists. Still, we show that there is a signi�cant
percentage of seekers that can bene�t from Cluster-Taggers and that this population
can be identi�ed in advance. Cluster-Taggers also has advantagesfor maintenanceunder
updates; while Cluster-Seekers requires multiple exact scorecomputations and updates
to maintain as new tagging events occur, Cluster-Taggers requires only a single exact
scorecomputation and a single update per tag, assumingto re-clustering. This is because
in Cluster-Taggers , items are not replicated acrossclusters.

2.6 Exp erimen tal Evaluation

2.6.1 Implemen tation

We implement the gNRAand gTA algorithms in Java on top of an Oracle 10g relational
database.Our experiments areexecutedon a MacBook Pro with a 2.16GHzIntel Core2 Duo
CPU and 1GB of RAM, running MacOSX v10.4. The databaseserver is running on a 64-bit
dual processorIntel Xeon 2.13GHz CPU with 4GB or RAM, running RedHat Enterprise
Linux AS4. This platform, while not necessarilyrepresentativ e of production deployment,
was su�cien t for the purposesof our experimental evaluation which was conducted in a
platform-independent manner (seeSection 2.6.2).

Our schema consistsof the following relations:

� TaggingActions(itemId,tag gerI d,ta g) storesraw tagging actions.

� Link(tag,seekerId,taggerI d) encodes the Link relation betweenseekers and tag-
gers, on a per-tag basis. The network of a seeker is a union of all taggersassociated
to it.
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� InvertedList(tag,clusterI d,it emId,ub ) storesinverted lists of items per tag, per
cluster. A tree index is built on (tag; ub) to support ordered access.This table also
storesper-tag inverted lists for Global Upper-Bound.

� SeekerClusterMap(seekerId ,clu ster Id, tag) stores the assignment of seekers to
clusters.

� TaggerClusterMap(taggerId ,clu ster Id, tag) storesthe result of clustering Taggers.

Given a seeker u, and a tag t, an SA is implemented as moving a cursor over the result
of the query:

Select IL.itemId, IL.ub, count(*) as ``score''
From InvertedList IL, TaggingAction T, Link L
Where L.seekerId = :u And T.tag = :t
And L.taggerId = T.taggerId And T.tag = L.tag
And T.tag = IL.tag And T.itemId = IL.itemId
Group by IL.itemId, IL.ub
Order by IL.ub descending

Appropriate indexesarebuilt on the selectionand join columnsto ensuree�cien t access.
The role of aggregationin this query is to compute partial exact scoresof items with respect
to the current \in verted list". An RA, i.e., a calculation of computeExactScore on a single
item i , is given as follows:

Select count(*) as ``score''
From TaggingAction T, Link L
Where L.seekerId= :u And T.tag= :t And T.itemId= :i
And L.taggerId = T.taggerId And L.tag = T.tag

Both queriesare for Global Upper-Bound, and are augmented by a join with
SeekerClusterMap for Cluster-Seekers , and with TaggerClusterMap for Cluster-Taggers .

We usea SQL-basedimplementation for convenienceonly. The exact di�erence in cost
betweenSAs and RAs, and hencethe overall performancetime of the algorithms, may vary
signi�cantly from a native implementation of the algorithms using inverted lists. In order
to make the performanceanalysis implementation-independent, we will quantify the query
execution time of all algorithms using the number of SAs and RAs. This will allow us to
draw conclusionsregarding the relative performance of our algorithms in comparison to
Exact and in comparisonto each other.

We found that, as is the casewith traditional top-k algorithms, RAs in our implementa-
tion are signi�cantly more expensive than SAs. The relative cost varies slightly depending
on the tag, but a single RA is about 10 times more expensive than a single SA.
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We useGraclus [Dhillon et al., 2007], an e�cien t clustering implementation over undi-
rected weighted graphs. Graclus provides two clustering methods. Ratio Association (ASC)
maximizes edgedensity within each cluster, while Normalized Cut (NCT) minimizes the
sum of weights on edgesbetween clusters [Dhillon et al., 2007]. More formally, given two
setsof nodesVi and Vj , we denote by l ink s(Vi ; Vj ) the sum of edgeweights betweennodes
in Vi and nodes in Vj . We denote by degr ee(V) the sum of weights on edgesincident on
the nodesin V. The objective of ASC is:

maximize
nX

i =1

jl ink s(Vi ; Vi )j
jVi j

The objective of NCT is:

minimize
nX

i =1

jl ink s(Vi ; V n Vi )j
degr ee(Vi )

2.6.2 Data and Evaluation Metho ds

We use a sample of Delicious for our experimental evaluation. Properties of the dataset
are described in Section 2.1.4, and we recall here that the dataset contains 116,177distinct
users who tagged 175,691distinct URLs using 903 distinct tags, for a total of 2,322,458
tagging actions.

We choose 4 tags (software, programming, tutorial , and reference) from the 20 most
popular. Popularit y of a tag is measuredby the total number of tagging actions involving
it: the most popular tag has beenusedabout 100,000times, while the 20th most popular
was usedabout 34,000times. We evaluate the performanceof our methods over 6 queries
of varying lengths, to which we refer by the �rst letters of each tag. The querieswere SP
for software programming, TR for tutorial reference, PR for programming reference, SPT
for software programming tutorial , SPR for software programming reference, and SPTR
for software programming tutorial reference. We chose these four tags becausethey are
thematically related and may be meaningfully combined in a query.

As we described in Section 2.1.2, Delicious has an explicit notion of friendship. How-
ever, users may have various semantics for it. Since we are interested in networks that
re
ect a�nities in item preference,in our experiments we use a network derived from the
tagging data via common interest. This choice is supported by our experimental results
in Section 2.2, where we �nd that a common-interest network re
ects the user's interests
more closely than does the explicit friendship network. In the network that was used for
the purposesof our experimental evaluation, there is a link betweena seeker and a tagger
if they tagged at least two items in common with the sametag.

Due to the choice of the network, only seekers who are also taggers are included in
the experimental evaluation. However, as mentioned in Section 2.3.2, the techniques of
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tag jNetworkj AV GjNetworkj(v) j MAX jNetworkj(v) j

Software 25545 8 607

Programming 21853 21 983

Tutorial 16895 23 1068

Reference 24697 34 1098

Table 2.5: Characteristics of Network for four tags.

Figure 2.9: Performanceof gNRAand gTAas k varies.

this chapter do not commit to any particular network semantics. This particular common-
interest network is usedfor the purposesof our experimental evaluation only.

Table 2.5 lists the number of users per tag (jN etworkj), as well as the average and
maximum cardinalities of Link , i.e., the size of a seeker's network. These numbers were
computed with respect to our sampleof Delicious.

We usethe following sampling methodology to selectusersfor our performanceevalua-
tion. For each tag and for each seeker we compute the total number of tagging actions that
are relevant to that seeker (i.e., the total number of tagging actions by all taggers linked
to the seeker), and rank seekers on this value. We notice that the top 25% of the seekers
together correspond to 75%-80%of all tagging actions for the four tags in our experiments.
For each query we identify three mutually exclusive groupsof seekers: Seekers-25are in the
top 25% of ranks for each query keyword, Seekers-50are in the top 50% of ranks for each
query keyword, but not in the top 25%, Seekers-100are the rest. For each query we draw
10 seekers uniformly at random from each group, for a total of 30 seekers per query. This
methodology allows us to capture the variation in performancefor di�eren t typesof seekers:
popular tags correspond to many more items for Seekers-25 than for Seekers-100.

We evaluate the performanceof our algorithms with respect to two metrics.

� Space overhead is quanti�ed by the number of entries in the inverted lists.
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Seekers-25 Seekers-50 Seekers-100
query GUB Exact GUB Exact GUB Exact

SP 1674 52 12920 134 18036 61

PR 479 13 3923 87 12982 61

TR 1262 14 4813 92 18476 121

SPT 938 78 4107 112 17985 195

SPR 1495 67 8972 194 14976 131

SPTR 907 119 2229 119 10986 189

Table 2.6: Performanceof gNRAfor Global Upper-Bound and Exact .

� Execution time is expressedby the number of sequential and random accesses(SAs
and RAs). The raw number of accessesvariessigni�cantly betweenseekerseven when
the query is �xed. Hence, we focus on relative improvement obtained by gNRAand
gTAcompared to Global Upper-Bound. Unlessotherwise stated, we report average
percent improvement over the baselinefor 30 seekersper query, with separateaverages
given for Seekers-25, Seekers-50and Seekers-100. In order to reduce sensitivity to
outliers, we usetruncated mean, removing the minimum and maximum valuesbefore
computing the average.

2.6.3 Performance of Global Upp er-Bound

We start with somegeneral comments about how the number of SAs and RAs increases
with k, for both gNRAand gTA. The qualitativ e behavior depends on the characteristics
of the seeker's network. Consider the query software programming for 3 selectedusers in
Figure 2.9. For a �xed user, gNRAand gTAexhibit the sametrend in both SAs and RAs.
How the number of accessesincreaseswith k is a function of the distribution of exact scores.
For example, the number of SAs for gNRAfor seeker u2 increasesdramatically for k = 40.
When looking at the distribution of exact scoresfor this seeker we notice that the items
can be classi�ed into 3 categorieswith respect to their score: the �rst 36 items scorehigher
than 3, followed by 60 items with a scoreof 2. The remaining 405items (79%), have a score
of 1, and constitute the tail of the distribution of scoresfor seeker u2. The spike in accesses
occurs when k becomeshigh enoughthat it becomesnecessaryto explore the long tail.

Space overhead. The spaceoverheadof Global Upper-Boundis presented in Figure 2.10,
displayed as a horizontal line marked GUB, and corresponds to 74,181inverted list entries.
We seethat Global Upper-Bound achieves savings of about two orders of magnitude over
Exact (a horizontal line marked EXACTthat corresponds to 4,284,854inverted list entries).
However, as argued in Section 2.4, the Global Upper-Bound strategy, while optimal with
respect to spaceoverhead,may su�er from high query execution time.



CHAPTER 2. SEARCH AND RANKING IN COLLABORA TIVE TAGGING SITES 63

Execution time. Table2.6comparesthe number of SAsfor gNRAunder Global Upper-Bound
to the number of SAs for Exact . The numbersrepresent averagesper query, per categoryof
seekers. We observe that Global Upper-Bound under-performs Exact by up to two orders
of magnitude, and that users in Seekers-100are at a particular disadvantage. gTAunder
Global Upper-Bound shows a similar trend.

2.6.4 Clustering Seekers

We experiment with 3 clustering algorithms: ASC, NCT (seeSection 2.6.1) and a random
clustering for reference,RND, which assignsseekers to random clusters. We cluster over
the common-interest network of seekers: there is an edge between two nodes u and v if
these users tagged at least one item in common. This graph is undirected, and edgesare
weighted by the number of items tagged in common.

Figure 2.10: Spaceoverheadof Cluster-Seekers .

Space Ov erhead. Figure 2.10 summarizesthe spaceoverheadof clustering seekers as the
cluster budget varies from 10 to 500 clusters. Global Upper-Bound has lowest overhead,
with 74,181total inverted list entries, while Exact has 62,973,876entries.

Space overhead of NCT ranges between 533,346 rows for 10 clusters and 4,284,854
rows for 500 clusters; ASC stores between 472,401and 6,794,890rows; while RND stores
between643,994and 14,543,547rows. ASC and NCT both achieve an order of magnitude
improvement in spaceoverheadover Exact . At this stage,we discard RND due to relatively
poor spaceutilization, �x the number of clustersat 200,and continue our experiments with
ASC (4,448,717rows) and NCT (2,984,377rows).

Execution Time. Tables 2.7 and 2.8 quantify the performance of gNRAand gTA with
Cluster-Seekers when NCT and ASC are used for clustering. We list improvement in
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NCT (% impro vement over GUB) ASC (% impro vement over GUB)
Seekers-25 Seekers-50 Seekers-100 Seekers-25 Seekers-50 Seekers-100

query SA Total SA Total SA Total SA Total SA Total SA Total

SP 35 34 76 75 78 77 83 79 85 84 89 89
TR 54 53 78 77 78 80 80 72 76 75 85 84
PR 37 35 75 74 70 70 63 59 82 81 82 82
SPT 31 28 41 38 73 71 74 66 80 76 85 83
SPR 52 46 58 55 73 71 73 67 81 78 89 87
SPTR 40 34 49 45 64 60 68 56 78 70 82 77

Av erage 42 38 63 61 73 72 74 67 80 77 85 84

Table 2.7: Performanceof gNRAfor Cluster-Seekers with 200 clusters.

NCT (% impro vement over GUB) ASC (% impro vement over GUB)
Seekers-25 Seekers-50 Seekers-100 Seekers-25 Seekers-50 Seekers-100

query SA Total SA Total SA Total SA Total SA Total SA Total

SP 36 34 66 65 73 73 80 80 82 81 87 87
TR 54 54 72 72 76 75 72 72 77 77 82 82
PR 38 37 74 74 68 67 64 64 81 81 79 78
SPT 34 35 46 45 74 73 72 73 81 80 84 84
SPR 53 52 57 56 67 66 74 74 78 77 85 85
SPTR 41 42 50 49 63 61 68 67 77 78 82 81

Av erage 43 42 61 60 70 69 72 72 79 79 83 83

Table 2.8: Performanceof gTAfor Cluster-Seekers with 200 clusters.

the number of sequential accesses(# SA) and in the total number of accesses,which
is simply # SA + # RA. We observe that both gNRAand gTA with Cluster-Seekers
signi�cantly outperform Global Upper-Bound with both typesof clustering. Consider the
averageimprovement in the total number of accessesachieved by gNRAin Table 2.7. With
NCT, gNRAmakes38-72%fewer total accessescomparedto Global Upper-Bound, and with
ASC the total number of accessesis improvedby 67-87%.Weobservea similar trend for gTA:
NCT improvesaveragetotal accessesby 42-69%,while ASC improvesby 72-83%. Further,
we observe that ASC outperforms NCT on both sequential and total accessesin all cases
for gTA(Table 2.8), and in all casesexcept one in gNRA, query TR for Seekers-50, where
NCT is better by 2%. Finally, note that in most casespercent-improvement over Global
Upper-Bound is highest for Seekers-100, followed by Seekers-50. However, this trend needs
to be related to the �ndings in Table 2.6: for Seekers-100Global Upper-Bound performs
worst comparedto Exact , and so there is signi�cant room for improvement. Also note that
improvement in # SA is similar to improvement in the total number of accesses.This is
becauseperformanceof gNRAis heavily dominated by sequential accesses,while in gTA, #
RA is bounded by SA � (n � 1) for a query of length n.
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Figure 2.11: Correlation betweenNDCG and sequential accessesfor Seekers-25.

2.6.5 E�ectiv eness of the Clustering Qualit y Metric

In Section 2.5.2 we described a clustering quality metric that usesNormalized Discounted
Cumulativ e Gain (NDCG) (see Section 1.1.3.2) to quantify the run-time degradation of
a cluster compared to Exact . We now demonstrate that our clustering quality metric
correlateswith the run-time performanceof gNRA.

For gNRA, sequential accesses(SA) dominate the run time by a large margin, and we use
SA to quantify run times in this experiment. Recall that Exact achievesbest performance
becauseinverted lists are ordered by exact score. Using the terminology of Section 2.5.2,
Exact usesL ideal lists. In contrast, Global Upper-Bound and Cluster-Seekers use in-
verted lists in which the order of items approximates the order in L ideal, and we refer to
such lists asLapprox. In the remainder of this sectionwe will study the correlation between
our variant of NDCG and the percent degradation in run time performance,compared to
Exact , as measuredby the number of sequential accesses.

Figure 2.11 presents the relationship between NDCG and run time performance for
Seekers-25, for all clustering methods and all queries. We make the following observations
basedon these results. NDCG and percent degradation over Exact appear to be strongly
correlated. As expected, a lower value of NDCG leadsto a higher degradation over Exact ,
and vice versa. Using Spearman Rank Correlation, a non-parametric test appropriate for
nonlinear correlations of the kind that is observed, we ascertain that the correlation is
statistically signi�cant. The two-sided p-value was less than 1:14 � 10� 6 for individual
queries,and lessthan 1:65 � 10� 39 for the dataset as a whole. Similar results hold for the
other groups of usersin our experiments, Seekers-50and Seekers-100.

Tables 2.9, 2.11, and 2.12 lists average NDCG, and average percent degradation over
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Seekers-25
NDCG % degr. over Exact

query GUB NCT ASC GUB NCT ASC

SP 0.0575 0.0841 0.2232 2594 1128 306
TR 0.1155 0.1653 0.2602 796 382 180
PR 0.0796 0.1215 0.1745 2034 737 354
SPT 0.0936 0.1366 0.2963 963 569 123
SPR 0.0737 0.1283 0.2170 1571 626 286
SPTR 0.1098 0.1674 0.2883 739 362 135

Table 2.9: Using NDCG to predict performanceof Cluster-Seekers for Seekers-25.

Cluster-Seekers Cluster-Taggers
query # SA Total # SA Total

SP 82 82 97 97

TR 78 78 94 94

PR 82 82 97 96

SPT 83 83 97 97

SPR 86 86 95 95

SPTR 83 83 96 96

Table 2.10: Percent-improvement of Cluster-Seekers and Cluster-Taggers , compared
to Global Upper-Bound.

Exact , with averagescomputed for each query and each clustering method. These results
are in line with the performancenumbers in Tables2.6 and 2.7. Here, again, higher values
of NDCG correlate with lower values of percent degradation compared to Exact . Global
Upper-Bound has consistently lower NDCG, leading to poor query-execution times, while
ASC hashighest valuesof NDCG, and best run-time performancecomparedto other meth-
ods. A similar trend holds for gTA. The sametrends hold when the total number of accesses
rather than the number of SAs is usedto measurerun-time. Recall that NCT outperformed
ASC for Seekers-50for query TR (seeTable 2.8). NDCG captures this, assigningthe high-
est value to NCT for this query and user sample. NDCG does mis-predict the relative
performanceof ASC and NCT in a single case,for the query TR on Seekers-100.

We establishedthat our proposedclustering quality metric correlateswith run time per-
formance. This metric may beusedin practice to tune clustering, or to trigger a re-clustering
onceNDCG drops below a certain threshold, which may be determined empirically. While
the correlation betweenNDCG and run time performanceis nonlinear, we can still conclude
with con�dence that higher valuesof NDCG correspond to better performance.



CHAPTER 2. SEARCH AND RANKING IN COLLABORA TIVE TAGGING SITES 67

Seekers-50
NDCG % degr. over Exact

query GUB NCT ASC GUB NCT ASC

SP 0.0270 0.0735 0.1088 8605 1893 1229

TR 0.0435 0.1206 0.1084 3935 728 813

PR 0.0391 0.0894 0.1093 4268 945 753

SPT 0.0459 0.0766 0.1436 3221 1735 537

SPR 0.0381 0.0846 0.1319 4039 1407 487

SPTR 0.0670 0.1099 0.1847 1684 766 154

Table 2.11: Using NDCG to predict performancefor Seekers-50.

Seekers-100
NDCG % degr. over Exact

query GUB NCT ASC GUB NCT ASC

SP 0.0100 0.0802 0.1080 26238 5388 2707

TR 0.0176 0.0728 0.0895 31835 4198 3609

PR 0.0183 0.0933 0.0430 19179 5051 3562

SPT 0.0261 0.0857 0.1023 7597 1664 977

SPR 0.0277 0.0833 0.1034 9293 1927 892

SPTR 0.0421 0.0914 0.1236 4103 1376 606

Table 2.12: Using NDCG to predict performancefor Seekers-100.

2.6.6 Clustering Taggers

We cluster taggers using a variation of the underlying link relation in our experimental
network: there is an edgebetweentwo taggers if they tagged at least one item in common
with a given tag. Edgesare weighted by the number of items tagged in common.

Space Ov erhead. Figure 2.12 presents the spaceoverhead of Cluster-Taggers on a
logarithmic scale. As expected, spaceoverhead of this method is signi�cantly lower than
that of Exact and of Cluster-Seekers . Spaceoverheadof NCT rangesfrom 115,168rows
for 10 clusters to 167,141rows for 500 clusters; the overhead of ASC is between 100,922
and 180,881rows; RND consumesbetween 160,432and 259,216rows. These numbers are
all comparable to the optimal spaceconsumption of Global Upper-Bound: 74,181entries,
which is explained by the lack of duplication of entries in the lists.

Execution Time. In the best case,given a keyword, all taggers relevant to a seeker will
reside in a single cluster; then, only one inverted list will be processedat query time for
that keyword. In the worst case,all taggers in the seeker's network will reside in separate
clusters. For 200 clusters and tag Reference, there are 34 taggers per seeker, on average
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Figure 2.12: Spaceoverheadof Cluster-Taggers .

(Table 2.5).

Cluster-Taggers has low spaceoverhead; here, query execution time is the aspect of
performance where we wish to realize an improvement. Since we found ASC to perform
well in terms of time in other contexts (e.g., seeSection 2.6.4), we now focusour attention
on ASC with 200 clusters.

Even under the most e�ectiv e clustering, a seeker may still be mapped to many clusters.
An extreme casein our dataset is a seeker who mapped to 80 clusters for the two-keyword
query SP (this seeker has 323 taggers). As a result, the number of SAs of gNRAincreased
26 times compared to Global Upper-Bound, clearly an unacceptable performance. We
observed empirically that gNRAwith Cluster-Taggers outperforms Global Upper-Bound
when at most 3� queryLength clustersare identi�ed for the seeker. Thereforewe proposeto
useCluster-Taggers for a subsetof the seekers{ thosewho map to at most 3� queryLength
clusters. In our dataset between46-68%of seekersmap to at most 3 clustersper tag. Using
Cluster-Taggers for a subsetof the seekers meansthat the outcomesof both clusterings,
Cluster-Seekers and Cluster-Taggers , must be stored, bringing additional spaceover-
head. However, storing Cluster-Taggers induces relatively low spaceoverhead, and may
result in superior processingtimes, which we demonstrate next.

Table2.10comparesthe run-time performanceof Cluster-Taggers and Cluster-Seekers
to Global Upper-Bound. We usedASC with 200 clusters for both Cluster-Taggers and
Cluster-Seekers . We used a di�eren t sampling methodology for this experiment. For
each query, we identi�ed the set of seekers who map to at most 3 clusters for each keyword
and sampled10 seekers uniformly at random from that set. Cluster-Taggers outperforms
Cluster-Seekers for all queriesin our experiments, and achieves94-97%improvement over
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Global Upper-Boundfor this classof seekers. This is becausetagging actionsof a particular
taggerarenot replicated acrossclustersin the Cluster-Taggers clustering scheme. As a re-
sult, per-cluster inverted lists in Cluster-Taggers are typically shorter, and upper-bounds
are much closer to exact scoresof the items.

2.7 Related Work

Top- k Pro cessing: Top-k algorithms aim to reduce the amount of processingrequired
to compute the top-ranked answers, and have been used in the relational [Carey and
Kossmann, 1997], XML [Marian et al., 2005], and other settings. The core ideas of these
algorithms are overviewed in [Fagin et al., 2003c; Fagin, 2002]. A common assumption is
that scoresare used to maintain dynamic thresholds during query processing,in order to
e�cien tly prune low-scoring answers.

Even in work where the underlying query model is distributed [Michel et al., 2005], or
where the aggregation computation is expensive [Hwang and Chang, 2007], this assump-
tion of pre-computation remains in place. In our work, we extend Fagin-style algorithms
to processscore upper-bounds { since pre-computed scoresfor each individual seeker are
too expensive to store (given that they depend on a seeker's network) { and we explore
clustering as a way to re�ne upper-bounds and reducethe sizeof the inverted lists.

Clustering: Graph clustering algorithms are plentiful and generally work on graphs with
(possiblyweighted) edges.Most of the work on clustering hasfocusedon minimizing cluster-
ing time and consideringadditional constraints such asproducing same-sizeclusters. In our
experiments, we useGraclus, an open-sourcegraph clustering software that is basedon two
variants of the popular k-meansalgorithms: normalized cut and ratio association [Dhillon
et al., 2007].

Socially In
uenced Search: Although the potential of using social ties to improve
search has been recognizedfor some time, this is still subject of ongoing work. Current
research has focusedon judging the impact of various notions of user a�nit y and socially-
in
uenced scoring functions on search quality [Mislove et al., 2006; Zhou et al., 2008;
Li et al., 2008]. In contrast, our work develops indexing and query evaluation methods
which apply to a wide classof scoring functions and networks.

User Exp erience in Collab orativ e Tagging Sites: The idea of motivating partici-
pation by displaying the value of contribution is characteristic of collaborative reviewing
sites [Rashid et al., 2006] but has received little attention in the study of collaborative tag-
ging sites. Impact of reviewshas beenstudied extensively in the e-commercearena, and it
has beenshown that reviews impact sales[Chen et al., 2007; Chevalier and Mayzlin, 2006;
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Ghose and Ipeirotis, 2006]. Most of the current scienti�c literature dealing with user-
contributed reviews concernstext analysis to distill reviews [Popescuand Etzioni, 2005],
sentiment detection [Pang and Lee, 2004; Pang and Lee, 2005], and the impact of reviews
on product sales[Bickart and Schindler, 2001; Ghoseand Ipeirotis, 2007; Kim et al., 2006;
Lio et al., 2007]. In contrast, very little has been done to extract value in collaborative
tagging systemsand provide participation incentiv es to users.

Deriving Semantics from Social Tagging: Wu et al. [Wu et al., 2006b] present a
probabilistic generative model that usestagging to obtain the emergent semantics in so-
cial annotations. The authors study the relationship betweenresources,tags, and usersby
meansof co-occurenceanalysis, and map theseelements to a multi-dimensional conceptual
space, where each dimension represents a category of knowledge. The authors demonstrate
how thesedistributions may be learned and subsequently used to derive tag ambiguity in-
formation. They go on to show how their probabilistic model may be used for semantic
search and discovery in social tagging sites like Delicious.

Collab orativ e Filtering: Collaborative Filtering (CF) is a popular method which is based
on using machine learning to derive and compareuserpro�les in order to determine overlap
of interest betweenusers. A user pro�le is built from explicit or implicit data. The system
can explicitly ask users to rate an item on a numerical scale, or to rank a collection of
items from most to least favorite. The systemcan also record items that a user browsedor
purchased,and analyze item viewing times. CF comparesdata collected from the user to
similar data collected from others and calculatesa list of recommendeditems for the user.
Several methods have beendeveloped to addressdata sparsity. Most of them (item-based
and user-based)rely on statistical approximation [Bell et al., 2007; Park and Pennock,
2007].

Our method di�ers from CF in that we expressa user's interest qualitativ ely rather
than quantitativ ely, using tags and derived ties. In [Agichtein et al., 2006], it is shown
that ranking in Web search can be improved by incorporating user behavior. Similarly,
we show that incorporating tagging behavior improves ranking in producing hotlists. This
motivates the need to better understand the principles behind designing a recommender
tagging system, as was brie
y discussedin [Golder and Huberman, 2006]. According to
a study of del.icio.us tagging practices described in [Kipp and Campbell, 2006], tagging
exhibits self-organizingpatterns. In our work we explore how userscan be classi�ed into
groups basedon their tagging behavior, and how such groups can be used to improve the
quality of recommendedhotlists.
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2.8 Conclusion

In this chapter wepresented the typesof semantic context that exist in collaborative tagging
sites,and showedhow such context canbeusedto improve the quality of search and ranking.
We �rst explored how a user's social behavior and tagging can be used to produce high-
quality hotlists. We then presented network-aware search, a �rst attempt to incorporate
social behavior into searching in collaborative tagging sites.

We de�ned a model in which item scoresare based on popularit y among a network
of related users, and formalized top-k processingin this context. We demonstrated how
traditional algorithms can be extended to compute the best answers in a network-aware
manner, and proposedclustering seekersand taggersasa way to balancebetweenprocessing
time and spaceconsumption.

Incorporating a user's social context into search and ranking is central to supporting
personalizedsocial consumption of information, and provides a valuable participation in-
centiv e in collaborative tagging sites and beyond. A user who is able to accessrelevant
information with easein a social manner is likely to engagethe systemmore actively, both
by contributing content and creating social ties, and by consuming content provided by
other users. Socially-in
uenced search usesthe semanticsof social connections, and has as
oneof its goalsinformation discovery and the formation of knowledge. In the following chap-
ter we will consider a di�eren t but related aspect of information discovery. There, search
and ranking are likewise aimed at information discovery, and are based on the semantic
knowledge in domain ontologies.
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Chapter 3

Semantic Ranking for Life Sciences
Publications

This chapter is basedon joint work with Kenneth A. Rossand William Meeand will appear
in [Stoyanovich et al., 2010].

3.1 In tro duction

Many scienti�c domains,most notably the domain of life sciences,are experiencingunprece-
dented growth. The recent completesequencingof the Human Genome,and the tremendous
advancesin experimental technology are rapidly bringing about new scienti�c knowledge.
The ever-increasing amount of data and semantic knowledge in life sciencesrequires the
development of new semantically rich data management techniques that facilitate scienti�c
research and collaboration.

Literature search is a central task in scienti�c research. In their search usersmay pursue
di�eren t goals. For example, a user may need an overview of a broad area of research
that is outside his main �eld of expertise, or he may need to �nd new publications in an
area in which he is an expert. PubMed (www.pubmed.gov) is perhaps the most signi�cant
bibliographic sourcein the domain of life sciences,with over 18 million articles at the time
of this writing. Indexed articles go back to 1865,and the number of articles grows daily, and
increasessteadily from year to year. PubMed articles are manually annotated with terms
from the Medical Subject Headings(MeSH) controlled vocabulary. MeSH organizesterm
descriptors into a hierarchical structure, allowing searching at various levels of speci�cit y.
The 2008version of MeSH contains 24,767term descriptors that refer to generalconcepts
like Anatomy and Mental Disorders, as well as to speci�c concepts like Antiphospholipid
Syndrome and Cholesterol.
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Figure 3.1: A portion of the MeSH polyhierarchy.

3.1.1 Overview of MeSH

MeSH terms are classi�ed into an is-a polyhierarchy: the hierarchy de�nes is-a relationships
among terms, and each term has one or more parent terms [Kaiser, 1911]. Figure 3.1
presents the portion of MeSH that describes autoimmune diseasesand connective tissue
diseases.The hierarchy is represented by a tree of nodes, with oneor several nodesmapping
to a singleterm label. For example,the term Rheumatic Diseasesis represented by the node
C17:300:775:099.

Interestingly, the MeSHhierarchy is scoped: two tree nodesthat map to the sameterm la-
bel may not always induce isomorphic subtrees. The term RheumatoidArthritis (RA) maps
to two nodesin Figure 3.1, and inducessubtreesof di�eren t sizes.Node C20:111:199 repre-
sents the autoimmune aspect of RA and inducesa subtree of size5, while C17:300:775:099
refers to RA as a rheumatic disease,and inducesa subtree of size7. (Subtree size is noted
next to the name of the node.) Scoping is an important technique for modeling complex
polyhierarchies. Placing a concept in several parts of the hierarchy modelsdi�eren t aspects
of the concept, while accommodating di�eren t context in di�eren t parts of the hierarchy
adds to the expressive power and reducesredundancy.

In MeSH it is almost always the casethat if one term is a descendant of another in one
part of the hierarchy, it will not be an ancestorof that sameterm in a di�eren t part of the
hierarchy.1

PubMed and other NCBI-managed repositories can be searched with Entrez, the Life

1There is a single exception: Ethics is the parent of Morals in the Humanities branch of the hierarchy,
while Morals is the parent of Ethics in the Behavior and Behavioral Mechanisms branch.
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SciencesSearch Engine2. Entrez implements sophisticated query processing,allowing the
user to specify conjunctive or disjunctive boolean semantics for the search query, and to
relate the search terms to one or several parts of the document: title, MeSH annotations,
text of the document, etc. In order to improve recall, Entrez automatically expandsquery
terms that are related to MeSH annotations with synonymous or near-synonymous terms.
For example,the simple query mosquitowill be transformed by Entrez to \culicidae"[MeSH
Terms] OR \culicidae"[A ll Fields] OR \mosquito"[A ll Fields]. Entrez also expands the
query with descendants of any MeSH terms. For example, the query \blood cells"[MeSH
Terms] will match articles that are annotated with \blood cells" or with \erythr ocytes",
\leukocytes", \hemocytes", etc.

3.1.2 Challenges of Bibliographic Search

The need to improve recall di�eren tiates bibliographic search from general web search.
In web search it is often assumedthat many documents equivalently satisfy the user's
information need, and so high recall is lessimportant than high precision among the top-
ranked documents. Conversely, in bibliographic search the assumption(or at least the hope)
is that every scienti�c article contributes something novel to the state of the art, and so
no two documents are interchangeablewhen it comesto satisfying the user's information
need. In this scenariothe boolean retrieval model, such as that usedby Entrez, guarantees
perfect recall and is the right choice.

However, there is an important common characteristic of bibliographic and general
web search: many queries return hundreds, or even thousands, of relevant results. Query
expansiontechniques that maximize recall exacerbatethis problem by producing yet more
results. For example,the fairly speci�c query Antiphospholipid AntibodiesAND Thrombosis,
which looks for information about a particular clinical manifestation of antiphospholipid
syndrome, returned 2455matches using the default query translation in January 2009. A
more general query that looks for articles about connective tissue diseasesthat are also
autoimmune returns closeto 120,000results.

Becauseso many results are returned per query, the system needs to help the user
explore the result set. Entrez currently allows the results to be sorted by several metadata
�elds: publication date, �rst author, last author, journal, and title. This may help the
user look up an article with which he is already familiar (i.e., knows someof the associated
metadata), but doesnot support true information discovery.

A useful and well-known way to order results in web information retrieval is by query
relevance. Retrieval modelssuch asthe Vector SpaceModel [Baeza-Yatesand Ribeiro-Neto,
1999] have the query relevancemetric built in, while the boolean retrieval model doesnot.
In this chapter we proposeto measurethe relevanceof a document to the query with respect

2www.ncbi.nlm.nih.gov/sites/g query
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to the MeSH vocabulary. We illustrate somesemantic considerationsand challengeswith
an example.

Example 3.1.1 Consider the Entrez query \Connective Tissue Diseases"[MeSH Terms]
AND \Autoimm une Diseases"[MeSH Terms], evaluated against PubMed. Figure 3.1 rep-
resentsthesequery terms in the context of the MeSH hierarchy. The query wil l match all
documents that are annotated with at least one term from the induced subtrees of the query
terms.

One of the results, a document with pmid = 17825677, is a reviewarticle that discusses
the impact of autoimmune disorders on adversepregnancy outcome. It is annotated with
the query terms \Autoimm une Diseases"and \Connective Tissue Diseases", and also with
several terms from the induced subtrees of the query terms: \Arthritis, Rheumatoid", \Lu-
pus Erythematosus, Systemic", \Scleroderma, Systemic", and \Sj•ogren's Syndrome". The
article is also annotated with general terms that are not related to the query terms via the
hierarchy: \Pregnancy" , \Pregnancy Complications", \F emale", and \Humans" .

Another result, an article with pmid = 19107995, describesneuroimagingadvancesin the
measurement of brain injury in SystemicLupus. This article matchesthe query becauseit is
annotated with \Lupus Erythematosus, Systemic", which is both a connective tissue disease
and an autoimmune disease. The article is also annotated with broader terms \Brain" ,
\Brain Injuries" , \Diagnostic Imaging", and \Humans" .

Based on this example, we observe that, while both articles are valid matches for the
query, they certainly do not carry equal query relevance. The �rst article covers the fairly
general query terms, as well as several speci�c disorders classi�ed below the query terms
in MeSH. In contrast, the secondarticle answers a limited portion of the query, since it
focuseson only one particular disorder. In this work we proposeseveral ways to measure
semantic relevanceof a document to a query, and demonstrate how our semantic relevance
can be computed e�cien tly on the scaleof PubMed and MeSH.

An important dimensionin data exploration, particularly in a high-pacedscienti�c �eld,
is time. An article that contributes to the state of the art at the time of publication may
quickly become obsolete as new results are published. Semantic relevance measuresof
this chapter can be used to retrieve ranked lists of results, or they can be combined with
data visualization techniques that give an at-a-glanceoverview of thousandsof results. We
develop a two-dimensional skyline visualization that plots relevance against publication
date, and show how such skylines can be computed e�cien tly on the large scale.

Ranking that takesinto account hierarchical structure of the domain hasbeenconsidered
in the literature [Rada and Bicknell, 1989; Lin, 1998; Ganesanet al., 2003]. Such ranking
typically relates two terms via a common ancestor;seeSection 3.6 for a discussionof these
methods. When terms appear in the hierarchy in multiple places, with subtly di�eren t
meanings, it is unclear how such distance-basedmeasuresshould be generalized. Instead,
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in this chapter we develop new families of ranking measuresthat are aimed speci�cally at
ranking with scopedpolyhierarchieslikeMeSH,whereterms may occur in multiple (partially
replicated) parts of the hierarchy. We argue that the semantics of a term is best captured
by its set of descendants acrossthe whole hierarchy, and develop measuresof relatedness
that depend on the nature of the overlap betweenthesesetsof descendants.

Computing similarit y basedon setsof descendants is algorithmically more complex than
simpler graph distance measures.We pay particular attention to e�ciency , and provide an
extensive experimental evaluation of our methods with the complete PubMed dataset and
the full MeSH polyhierarchy, demonstrating that interactive responsetimes are achievable.

3.1.3 Chapter Outline

The remainder of this chapter is organized as follows. We formalize semantics of query
relevance for scoped polyhierarchies in Section 3.2. We present the data structures and
algorithms that implement the query relevancemeasureson the large scalein Section 3.3.
Section 3.4 describesan evaluation of e�ciency , and Section 3.5 presents a user study. We
present related work in Section 3.6, and concludein Section 3.7.

3.2 Semantics of Query Relev ance

We now formalize the data model, and de�ne the semantics of several similarit y measures,
using the polyhierarchy in Figure 3.2 for demonstration. Term labelsare denotedby letters
A; B ; C; : : :, and nodesare denotedby numerical ids 1; 2; 3; : : :. Term > represents the root
of the hierarchy, and maps to node 0.

3.2.1 Motiv ation

We wish to assigna scoreto documents whoseMeSH terms overlap with the query terms.
Our notion of \overlap" includes caseswhere a document term represents a sub-conceptof
a query term. If a query is f A; B g in Figure 3.2, and the document contains MeSH terms
C and D, then both C and D contribute to the overlap becausethey are sub-conceptsof A
and B . C is actually a subconcept of both A and B .

Our �rst similarit y measure, which we formalize in Section 3.2.3, simply counts the
number of elements in common between the descendants of the MeSH terms in the query
and those in the document. According to this measure,conceptssuch as C that appear in
multiple parts of the hierarchy count once. However, we might want to count C more than
oncebecauseit contributes to the matching of both query terms.

The alternative of simply counting every occurrenceof a term label can be naive. Sup-
posethat the query is f Cg and that the document mentions term G but not C or H . One
could argue that double-counting G is inappropriate, sincethe only reasonwe have two G
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Figure 3.2: A samplescoped polyhierarchy.

instances is becauseC appears in multiple parts of the hierarchy. Within the context of
the concept C, G really only appearsonce. This motivates us to re�ne the measureto only
double-count when the ancestorconcept in the query is di�eren t. We develop a similarit y
measurethat models this intuition in Section 3.2.4.

The measuresmentioned so far are sensitive to the size of the hierarchy. BecauseA
has more descendants than B , an intermediate-level match in the A subtree may give a
much larger score than a high-level match in the B subtree. The e�ect of this bias in
scoreswould be that highly di�eren tiated conceptsin the hierarchy would be consistently
given more weight than lessdi�eren tiated concepts. To overcomethis bias, we consideran
additional scoring measurein Section 3.2.5 that weights matches in such a way that each
term in the query contributes equally to the overall score.

3.2.2 Terminology

De�nition 3.2.1 A scoped polyhierarchy is a tuple H = fT ; N ; I SA; Lg, where T is a set
of term labels, N is a set of nodes, I SA : N ! N is a many-to-onerelation that encodesthe
generalization hierarchy of nodes, and L : N ! T associates a term with each node. When
I SA(n; n0) holds, we say n0 is a parent of n, and n is a child of n0. Every node except the
root hasexactly one parent node. n0 is an ancestorof n if (n; n0) is in the re
exive transitive
closure of I SA. (Thus a node is its own ancestor and its own descendant.)

We will usethe following notation for convenience.For a term t 2 T , we denoteby N (t)
the set of nodesn with label t (i.e., having L(n) = t). For a set of terms T � T , we denote
by N (T) the set of nodes in

S
t2 T N (t). Likewise,for a set of nodesM � N , we denote by

L(M ) the set of labels of nodes in M .
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De�nition 3.2.2 The node-scope of a term t 2 T , denoted by N � (t), is the set of nodes
that havean ancestor with the label t: N � (t) = f nj9n0; t = L (n0) ^ ancestor(n0; n)g.

The node-scope of a set of terms T � T , denoted by N � (T), is the set of nodes that
havean ancestor with the label in T: N � (T) =

S
t2 T N � (t).

In Figure 3.2, the node-scope of the term C is N � (C) = f 3; 8; 9; 6; 11g, the sameas the
node scope of a set f C; G; H g.

De�nition 3.2.3 The term-scope of a term t 2 T , denoted by L � (t), is the set of term
labels that appear among the nodes in N � (t): L � (t) =

S
n2 N � (t ) L(n).

We de�ne the term-scope of a set of terms T � T analogously,and denoteit by L � (T) =
S

t2 T L � (t).

The term-scope of the term C in Figure 3.2 is L � (C) = f C; G; H g, while L � (f B ; Cg) =
f B ; C; G; H ; F g.

We use node-scope and term-scope to compare two sets of terms D and Q, where D is
the set of terms that annotate a PubMed document, and Q is the set of query terms.

3.2.3 Set-Based Similarit y

Our �rst measure,term similarity , treats the sets D and Q symmetrically, and quanti�es
how closely the two setsare related by consideringthe intersection of their term-scopes:

TermSim (D ; Q) = jL � (D ) \ L � (Q)j (3.1)

Term similarity may be usedon its own, or it may be normalized by another quantit y,
changing the semantics of the score. For example, normalizing term similarit y by the size
of the term-scope of the query expressesthe extent to which the query is answered by the
document. We refer to this quantit y as term coverage. Dividing the term similarit y by the
term-scope of the document expresseshow speci�c the document is to the query. We refer
to this quantit y as term speci�city . Finally, we may divide term coverageby the sizeof the
union of the two term scopes,deriving Jaccard similarity .

TermCoverage(D ; Q) =
jL � (D ) \ L � (Q)j

jL � (Q)j
(3.2)

TermSpecif icity (D ; Q) =
jL � (D ) \ L � (Q)j

jL � (D )j
(3.3)

TermsJ accard(D ; Q) =
jL � (D ) \ L � (Q)j
jL � (D ) [ L � (Q)j

(3.4)
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3.2.4 Conditional Similarit y

Set-basedsimilarit y treats the query and the document symmetrically, and may prioritize
one set over the other in the �nal step, as is done in term coverage and term speci�city .
Conditional similarity prioritizes the query over the document from the start, by placing
the term-scope of the document within the context of the term-scope of the query.

As we argued in Section 3.2.1, simply counting the paths between two terms can be
naive, as we may be double-counting due to structural redundancy in the hierarchy. We
thus de�ne conditional term-scope by usingancestor-descendant pairs of terms, not full term
paths. In the following de�nition, q is a query term and d is a document term.

De�nition 3.2.4 Let d and q be terms, and let Pd;q be the set of node pairs (nd; nq) satis-
fying the following conditions:

� nd 2 N � (d), i.e., nd has an ancestor with label d;

� nq 2 N � (q), i.e., nq has an ancestor with label q;

� nq is an ancestor of nd.

Conditional term-scope of d givenq, denoted by L � (djq), is the setof label pairs (L (n1); L (n2)) ,
where (n1; n2) 2 Pd;q.

Conditional term-scope of a set D given a set Q, denoted L � (D jQ), is the union of
conditional term-scopes of all d 2 D given all q 2 Q: L � (D jQ) =

S
d2 D ;q2 Q L � (djq).

For example,L � (GjC) = f (C; G); (G; G)g, while L � (Gjf A; B g) = f (A; G); (B ; G); (C; G);
(C; G); (G; G)g. Note that L � (qjq) enumerates all pairs of terms (s; t), where s; t 2 L � (q)
such that there is a term-path from a node labeled with t to a node labeled with s. So,
L (CjC) = f (C; G); (C; H ); (C; C); (G; G); (H ; H )g.

We de�ne conditional similarity as:

CondSim (D ; Q) = jL � (D jQ)j (3.5)

3.2.5 Balanced Similarit y

Balanced similarity is a re�nement of conditional similarity that balancesthe contributions
of query terms to the score. Balancedsimilarit y is given by the formula:

B alancedSim (D ; Q) =
1

jQj

X

q2 Q

CondSim (D ; q)
CondSim (q; q)

(3.6)

The relative contribution of each query term q to the scoreis normalized by the number
of terms in the query, jQj. For each term q, we compute the conditional similarit y between
the document D and the term q (as per Equation 3.5), and normalize this value by the
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maximum possibleconditional similarit y that any document may achieve for q, which is
CondSim (q; q).

3.3 E�cien t Computation of Query Relev ance

In this section we describe the data structures and algorithms that support computing
similarit y measuresof Section 3.2 at the scaleof PubMed and MeSH. We do all processing
in main memory to achieve interactive responsetime, and must control the sizeof our data
structures so as to not exceedreasonableRAM size. Our data structures are at most linear
in the sizeof PubMed, and at most quadratic in the sizeof MeSH.

We maintain annotations and publication date of PubMed articles in a hash table
Ar ticl es, indexed by pmid. The version of PubMed to which we were given accessby
NCBI consists of about 17 million articles, published up to September 2007, and we are
able to store publication date and annotations of all these articles in RAM. There are
between1 and 96 annotations per article, 9.7 on average.

In this work we focus on queries that are conjunctions or disjunctions of MeSH terms,
and rely on the query processingprovided by Entrez to retrieve query matches. We do
not discriminate between AND and OR queries for the purposesof ranking. This is an
item for future work. A query is represented in our system by a set of MeSH terms:
Query : f t1; : : : ; tm g.

3.3.1 Exact Computation

We maintain the following data structures that allow us to compute valuesfor the relevance
metrics in Section3.2. There are 24,767terms and 48,442nodesin MeSH 2008,the version
of MeSH that we use in this work. For each term t 2 T , we precompute and maintain the
following information in one or several hash tables, indexed on the term label.

� N (t), the set of nodes that have t as its label. An averageterm labels 2 nodes. 50%
of the terms label only a single node. The term WAGR Syndrome labels 19 nodes,
the most of any term in MeSH.

� L � (t), the set of term labels in the term-scope of t (seeDe�nition 3.2.3). An average
MeSH term has 6.4 terms in its term-scope. The term Amino Acids, Peptides, and
Proteins has the most terms in its term-scope: 2902. Recall that t 2 L � (t); 67% of
the terms have only their own label in their term-scope.

� N � (t), the set of nodes in the node-scope of t (see De�nition 3.2.2). On average
jN � (t)j = 9:6. At least 1 and at most 6458nodesare in the node-scope of any term
in MeSH. The term Amino Acids, Peptides, and Proteins has the largest node-scope.

� jL � (t jt)j, the sizeof conditional term scope of t, an integer value (seeDe�nition 3.2.4).
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For each node n 2 N , we maintain its term label L (n), and the path from the top of
the hierarchy to n.

� L (n), the term label of n.

� The node-path from the top of the hierarchy to n. The average length of a node-
path is 5, the longest path has length 12. (While one could traversethe hierarchy to
construct this path as needed,it saves time to have all paths precomputed, and the
spaceinvestment is modest.)

Algorithm 3: ProcedureTermSim

Require: Q = f q1 : : : qng, R = f pmid1 : : : pmidm g
1: Compute L � (Q) =

S
i L � (qi )

2: for pmid 2 R do
3: Retrieve D = f d1 : : : dm g from Ar ticl es
4: Compute L � (D ) =

S
i L � (di )

5: termSim (D ; Q) = jL � (D ) \ L � (Q)j
6: end for

Algorithm 3 describeshow term similarity (Eq. 3.1) is computed for a query Q and a set
of documents R. To compute the term-scope of a term t (lines 1 and 4), we retrieve L � (t)
with a hash table lookup. Each lookup returns a set of terms, and the sizeof each such set
is linear in the size of the hierarchy. In practice, for terms that denote general concepts,
L � (t) may contain hundreds, or even thousandsof term labels, while for terms that denote
very speci�c concepts,L � (t) will contain only a handful of labels. Next, we take a union of
the term-scopesof individual terms, which requirestime linear in the sizeof the input data
structures in our implementation. This computation happensonceper query, and oncefor
every document. Finally, having computed the term-scope of the document, we determine
the intersection L � (D ) \ L � (Q) (line 5). This operation takes time linear in the sizeof the
data structures, and is executedonceper document.

Algorithm 4 computesconditional similarity (Eq. 3.5) for a query Q and a document D .
Term-scope and node-scope of Q are computed on lines 1 and 2. Then, for each document,
we compute DQ , the set of its terms that are in the term-scope of the query, and retrieve
the node-scope of DQ (lines 5 and 6). We then �nd all pairs of nodes n0 2 N � (Q) and
n 2 N � (DQ) such that there is a path from n0 to n. Each document is processedin time
proportional to jN � (Q)j � jN � (DQ )j, which can be high for queriesand documents with large
node-scopes.

Algorithm 5 computes balanced similarity (Eq. 3.6) by considering each query term q
separately, and invokingCondSim for each document. Computing conditional similarit y one
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Algorithm 4: ProcedureCondSim

Require: Q = f q1 : : : qng, R = f pmid1 : : : pmidm g
1: Compute L � (Q) =

S
i L � (qi )

2: Compute N � (Q) =
S

i N � (qi )
3: for pmid 2 R do
4: Retrieve D = f d1 : : : dm g from Ar ticl es
5: Compute DQ = D \ L � (Q)
6: Compute N � (DQ)
7: S = ;
8: for n0 2 N � (Q) do
9: for n 2 N � (DQ) do

10: if ancestor(n0; n) then
11: S = S [ (L (n0); L (n))
12: end if
13: end for
14: end for
15: condSim (D ; Q) = jSj
16: end for

query term at a time has lower processingcost than the corresponding computation for the
query asa whole, as is done in CondSim, aswe will seeduring our experimental evaluation.

3.3.2 Computation with Score Upp er-Bounds

In the previous sectionwe saw that evaluating similarit y of a set of documents with respect
to a query can be expensive, particularly for queries and documents that are annotated
with general MeSH terms. We now show how scoreupper-bounds can be computed more
e�cien tly than exact scores.

Score upper-bounds can be used to limit the number of exact score computations in
ranked retrieval, where only k best entries are to be retrieved from among N documents,
and k � N . If scoreupper-bounds are cheaper to compute than actual scores,then we
can compute scoreupper-boundsfor all documents, order documents in decreasingorder of
scoreupper-bounds,and compute exact scorevaluesas needed,until the k best documents
have beenretrieved. Processing,and thus exact scorecomputation, can stop when the score
upper-bound of the document being consideredis lower than the actual scoreof the current
kth best document. In addition to computing scoreupper-bounds for all documents, and
evaluating exact scoresfor M documents, where k � M � N , the algorithm must perform
a certain number of sorts, to determine the current k th scoreat every round.

Consider again the computation of term similarity in Algorithm 3, which computesthe
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Algorithm 5: ProcedureBalancedSim

Require: Q = f q1 : : : qng, R = f pmid1 : : : pmidm g
1: Compute weight i = jQj � L � (t jt) for each qi 2 Q
2: for pmid 2 R do
3: score = 0
4: for qi 2 Q do
5: score = score+ weight i � CondSim (qi ; pmid)
6: end for
7: balancedSim (D ; Q) = score
8: end for

value of the expressionin Equation 3.1. We can transform this equation using distributivit y
of set intersection over set union, and observe that a natural upper-bound holds over the
value of term similarity :

TermSim (D ; Q) = j(
[

d

L � (d)) \ (
[

q

L � (q)) j =

j
[

d;q

L � (d) \ L � (q)j �
X

d;q

jL � (d) \ L � (q)j

The value of TermSim (D ; Q) cannot be higher than the sum of the sizesof pair-wise
intersectionsof term-scopesof terms from D with terms from Q. To enablefast computation
of this upper bound, weprecomputejL � (s)\ L � (t)j for all pairs of terms s and t. The number
of entries in this data structure, which we call PairwiseTermSim, is quadratic in the sizeof
MeSH. In practice, we only needto record an entry for the terms s and t if L � (s) \ L � (t) 6= ; .
There are over 613million possiblepairs of MeSH terms, but only 158,583pairs have a non-
empty intersection of their term-scopes.

For a query of size jQj and a document of size jD j, we needto look up jQj � jD j entries
in PairwiseTermSim, and compute a sum of the retrieved values. The di�erence between
the sizeof a set of terms, and the sizeof the term-scope of that set can be quite dramatic,
and so computing upper-bounds is often much cheaper than computing actual scores.We
will demonstrate this experimentally in Section 3.4.

Let us now considerhow scoreupper-boundscan be computed for conditional similarity
(Eq. 3.5), which counts the number of pairs of terms q 2 L � (Q) and d 2 L � (D ) such that
there is a node-path from q ! d. This quantit y is bounded by the sum of sizesof L � (djq)
for all pair of terms d and q.

CondSim (D ; Q) = j
[

d;q

L � (djq)j �
X

d;q

jL � (djq)j
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To facilitate the computation of this upper-bound, we store the value of L � (sjt) for
all pairs of terms s and t with intersecting term-scopes. We call this data structure
Pair wiseCondSim . This data structure has the samenumber of entries as PairwiseTerm-
Sim.

Finally, for balanced similarity , we observe that:

B alSim (D ; Q) =
1

jQj

X

q

L � (D jq)j
L � (qjq)

=
1

jQj

X

q;d

L � (djq)
L � (qjq)

We re-use the PairwiseCondSim data structure for the computation of score-upper
bounds for balanced similarity . We evaluate the performance improvements achieved by
using scoreupper-bounds for ranked retrieval in Section 3.4.

3.3.3 Adaptiv e Skyline Computation with Upp er-Bounds

As we arguedin the Introduction, it is sometimesimportant to present more than a handful
of query results. We proposeto use a two-dimensional skyline visualization [B•orzs•onyi et
al., 2001] that is basedon the familiar conceptof dominance. A point in multi-dimensional
spaceis said to belongto the skyline if it is not dominated by any other point, i.e., if no other
point is as good or better in all dimensions,and strictly better in at least one dimension.

A skyline contour is de�ned inductiv ely as follows:

� A point belongsto the �rst skyline contour if and only if it belongsto the skyline of
the whole data set.

� A point belongsto the kth contour if and only if it belongsto the skyline of the data
set obtained by removing points from the �rst through k � 1st contours.

Skyline contours are useful for highlighting points that are close to the skyline, and that
might be of interest to the user.

Publication date is a natural attribute in which to considerbibliography matches, and
we useit as the x-axis of our visualization. The y-axis corresponds to one of the similarit y
measuresdescribed in Section 3.2. Figure 3.3 shows a skyline of results for the query G-
Protein-Coupled receptors, for term speci�city with 5 skyline contours. Points of highest
quality are closeto the origin on the x-axis and away from the origin on the y-axis. Points
on the �rst contour are marked in white, points on the secondcontour are beige,and point
on the last contour are red. When points are selectedusing the mouse,a window showing
the full citation is displayed.

Our prototype implementation is running outsideof the NCBI infrastructure, and we are
using the Entrez query API, eUtils , to evaluate queries,and receive back ids of PubMed
articles that match the query. The eUtils API can be asked to return query results in
order of publication date. NCBI requeststhat large result sets be retrieved in batches, so
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Figure 3.3: Two-dimensional skyline representation of results for the query G-Protein-
Coupled receptors.

as not to overload their system. In the remainder of this section we describe a progressive
algorithm that computesa two-dimensionalskyline of results using scoreupper-bounds.

We implemented a divide-and-conqueralgorithm basedon the techniques in [Bentley,
1980]. Our algorithm processesresults one batch at a time, with batches arriving in order
of article publication date, from more to less recent. Articles within each batch are also
sorted on publication date, and we usethis sort order as basis for the divide-and-conquer.

The algorithm receives as input a sorted list of documents R = f pmid 1 : : : pmidN g,
the query Q = f q1 : : : qng, an integer k that denotesthe number of skyline contours to be
computed, a similarit y measureSim , and Skyl ineSoFar : a list of documents, sorted on
publication date, that were identi�ed as belonging to the skyline when processingprevious
batches,along with contour number k. Note that a result that was assignedto the skyline
during a previous batch will remain on the skyline, with the samecontour number, for the
remainder of the processing. This is becausedocuments are processedin sorted order on
the x-axis.
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The divide-and-conqueralgorithm processesthe batch by recursively dividing the points
along the medianon the x-axis. When all points within an x-interval sharethe samex value,
the algorithm sorts the points on the y coordinate, identi�es contour points as the k best
points in the interval, and assignsto each of the top-k points a contour number. Let us
refer to this sub-routine asAssignLinearDominance. Contour number assignments are then
mergedacrossintervals, from left to right, and contour numbers of points on the right are
adjusted. The Skyl ineSoFar data structure is supplied to the left-most interval when a
batch is processed.

The algorithm assumesthat the valuesof the x and the y coordinatesarereadily available
for each document. However, as we discussedin Section 3.3, the similarit y score of the
document may be expensive to compute, while the scoreupper-bound may be computed
more e�cien tly. We therefore modify the AssignLinearDominance subroutine to usescore
upper-bounds as in Section 3.3.2. Exact scoresare still computed, but the number of
these computations is reduced. Using scoreupper-bounds allows us to compute the two-
dimensional skyline more e�cien tly, as we demonstrate next.

3.4 Exp erimen tal Evaluation

In this section we present our experimental results that quantify the cost of exact score
computation, and demonstrate the improvement achieved by using scoreupper-bounds in
the computation. Techniques for this processingwere described in Sections3.3.2and 3.3.3.
Experiments in this section consider the run-time performance of three measures: term
similarity , conditional similarity , and balanced similarity .

In the �rst set of our experiments, we study the advantage of using scoreupper-bounds
for ranked list retrieval, for the various values of K. In the secondset of experiments, we
consider the performanceimprovement that is achieved when scoreupper-boundsare used
for skyline computation, for various settings of the number of contours.

3.4.1 Exp erimen tal Platform

We evaluated the performanceof our methods on a Java prototype. Figure 3.4 describes
the systemarchitecture and the data 
o w. Processingis coordinated by the Query Manager
that receives a query from the user and communicates with PubMed via the eUtils API
(arrow 1). Results are returned in batches, sorted in decreasingorder of publication date
(arrow 2). Query Manager receives results one batch at a time and communicates with
the In-Memory DB, which implements the data structures and algorithms of Section 3.3.
In-Memory DB and Query Manager communicate via Java RMI (arrows 3, 4). In-Memory
DB runs on a 32-bit machine with a dual-core 2.4GHz Intel CPU and 4GB of RAM, with
RedHat EL 5.1. Given a query and a list of PubMed ids, In-Memory DB can compute
scoreupper-boundsor actual scoresfor each document, or it can compute the set of skyline
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Figure 3.4: Systemarchitecture.

contours. Results are read by Query Manager (arrow 4), which can optionally passthem
to the visualization component.

For the purposesof our evaluation all processingwasdoneby In-Memory DB, to reduce
communication cost. When a systemlike ours is deployed, someof the processing,e.g. sky-
line computation, can be moved to the client to reduceserver load. All performanceresults
are basedon measuringprocessingtimes inside In-Memory DB. We report performancein
terms of wall-clock time. All results are averagesof three executions.

3.4.2 Workload

Our performance experiments are based on a workload of 150 queries. We were unable
to get a real PubMed query workload from NCBI due to privacy regulations, and so we
generatedthe workload basedon pairwise co-occurrenceof terms in annotations of PubMed
articles. The rationale is that, if two or more terms are commonly used to annotate the
samedocument, then these terms are semantically related and may be used together in a
query. We generatedthe query workload as follows.

We took the set of all PubMed documents that were published during the month of
January 2007, 124,413documents in all, and computed pair-wise co-occurrence of terms
in those documents. 20,848 out of a total of 24,767 MeSH terms are used to annotate
documents in this sample. For all pairs of terms t 1 and t2, we recorded the number of
documents that are annotated with both t1 and t2, and compared this to the number of
documents annotated with t1 alone, and with t2 alone. We refer to the sizesof thesethree
document setsas D(t1 ^ t2), D(t1), and D(t2), respectively.

Over 2.5 million pairs of terms were used together to annotate at least one document
in our set. From amongthose, we selectedpairs that contained terms that wereneither too
common not too uncommon. We removed terms that annotate more than 100 documents
and fewer than 3 documents in the sample. Extremely common terms, such as Human
and Female are likely too general to be used in a query. Very uncommon terms may be
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# queries 150
size of L � (Q) 2 to 454, avg 43, med 22
# results 1,024to 179,450,avg 28,079,med 9,562

Table 3.1: Characteristics of the query workload.

Term Similarit y(sec)
med avg min max

Score 0.412 1.342 0.013 13.238
UB 0.062 0.177 0.005 1.242

top-1 0.228 0.557 0.009 5.127
top-10 0.228 0.566 0.009 5.128
top-20 0.226 0.567 0.009 6.565
top-50 0.228 0.578 0.010 5.080
top-100 0.228 0.568 0.010 5.092

Table 3.2: Ranked retrieval: processingtimes of Term similarity for 150 queries.

informativ e, and could be usedas part of a query. However, sincethe objective of our work
is to assist the user in exploring large result sets, and sinceachieving good performanceis
more challenging for larger result sets, we decided to bias our experimental evaluation in
that direction.

Further, to ensure that combining the terms is semantically meaningful, we selected
pairs of terms that occur together at least 10% of the time that either of the terms occurs
on its own. This is the casewhen jD (t1^ t2 )j

jD (t1 )j � 0:1 and jD (t1^ t2 )j
jD (t2 )j � 0:1. After this step we

were left with 7958pairs of terms.

From among 7958 pairs of terms (call this P), 487 were pairs with a common subtree
in MeSH (call this PO , for overlapping). These pairs are interesting becausethey can be
meaningfully combined into an OR query. We thus chose50 pairs of terms from P n PO

to create AND queries, 50 pairs from PO for AND queries, and 50 pairs from PO for OR
queries.

Table 3.1 summarizesthe properties of 150 queries in our workload. The number of
results is calculated with respect to the entire PubMed corpus on which we run our perfor-
manceexperiments.

3.4.3 Rank ed Retriev al with Score Upp er-Bounds

Tables 3.2, 3.3, and 3.4 summarize the performance of 150 queries in our workload with
term similarity , conditional similarity , and balanced similarity , respectively. We compare
the execution time of computing exact scoresfor all results (Score) against the time of
computing scoreupper-bounds for all results (UB ). We then report the run-time of com-
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Conditional Similarit y(sec)
med avg min max

Score 0.387 4.408 0.004 274.230
UB 0.060 0.195 0.005 2.210

top-1 0.273 2.016 0.010 83.063
top-10 0.273 2.010 0.010 84.063
top-20 0.272 1.989 0.010 83.061
top-50 0.273 2.001 0.014 83.132
top-100 0.273 2.001 0.014 83.132

Table 3.3: Ranked retrieval: processingtimes of Conditional similarity for 150 queries.

Balanced Similarit y(sec)
med avg min max

Score 0.372 3.760 0.006 195.420
UB 0.059 0.177 0.005 1.236

top-1 0.246 1.558 0.009 55.365
top-10 0.245 1.550 0.010 55.441
top-20 0.248 1.560 0.010 55.460
top-50 0.245 1.582 0.010 55.457
top-100 0.246 1.566 0.012 55.444

Table 3.4: Ranked retrieval: processingtimes of Balanced similarity for 150 queries.
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Figure 3.5: Total runtime of ranked retrieval.

puting the top-1, top-10, top-20, top-50, and top-100 results, in which upper bounds are
computed for all items, and exact scoresare computed for only the promising items. We
observe that execution time of Score can be high, particularly for the conditional and bal-
ancedsimilarit y metrics. In contrast, scoreupper-boundscan be computed about an order
of magnitude faster, in interactive time even in the worst case. This behavior is expected,
since, as we discussedin Section 3.3.2, the time to compute upper bounds is proportional
to jD j � jQj, while computing the score is a function of the size of the term-scope of the
query and of the document, which is typically much higher. According to our �ndings score
upper-bounds can be computed about an order of magnitude faster than scores.

Figure 3.5 comparesthe total run-time of Score, UB , and ranked retrieval with k =
1; 10; 20; 50; 100, for all queries. Observe that term similarity computes fastest, while con-
ditional similarity is slowest. It takes approximately the sameamount of time to compute
the top-k for di�eren t valuesof k.

Figures 3.6, 3.7 and 3.8 present run-time improvement of using scoreupper-boundsfor
top-k computation vs. computing exact scores,for three similarit y measures.Performance
of the vast majorit y of queries is improved due to using upper-bounds, for all similarit y
measures. The actual run-time improvement was up to 9.1 sec for term similarity , and
between0.7 and 0.8 secon averagefor di�eren t valuesof k. For conditional similarity , the
improvement was up to a dramatic 191 sec,and the average improvement was about 2.4
sec. For balanced similarity , using scoreupper-boundsimproved run-time by up to 140sec,
and between2.0 and 2.2 secon average,for di�eren t valuesof k.

While performanceimproved for most queries, it degradedfor somequeriesdue to the
overheadof sorting. This overheadwas noticeable only in short-running queries,and abso-
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Figure 3.6: Term similarity : percent improvement in runtime of top-k when scoreupper-
bounds are used.

lute degradation was insigni�can t: at most 0.081secfor TermSim, 0.254secfor CondSim
and 0.213secfor BalancedSim.

3.4.4 Skyline Computation with Upp er-Bounds

In this section we considerthe performanceimpact of using scoreupper-boundsfor skyline
computation, described in Section 3.3.3. We computed the skyline with 1, 2, 5, and 10
contours for 150 queries in our workload. Tables 3.5, 3.6, and 3.7 present the median,
average,minimum, and maximum execution time for three similarit y measures. For each
number of contours, and for each similarit y measure,we list two setsof numbers. The Exact
line lists the performanceof computing the skyline without the upper-boundsoptimization,
and the UB line lists the performancewith the optimization. Recall that, whether we �rst
compute exact scoresfor all documents (as in Exact ), or �rst compute scoreupper-bounds
for all documents, and then compute exact scoresonly for promising documents (as in UB ),
the result will be the samecorrect set of skyline points. So, the di�erence we are studying
is with respect to performanceonly.

We observe that the Exact skyline performs in interactive time for the majorit y of
queries, for all similarit y measures. Median results are sub-secondin all cases. We also
observe that UB skyline outperforms Exact skyline. Note that these results are for the
total execution of each query. Long-running queries typically executein multiple batches,
and The user is presented with the initial set of results as soon as the skyline of the �rst
batch is computed, and doesnot have to wait for entire processingto complete.

In our experiments, we are able to predict whether a query will be long-running based
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Figure 3.7: Conditional similarity : percent improvement in runtime of top-k when score
upper-bounds are used.

on the number of results that the query returns. In fact, exact skyline computation for all
queriesthat return fewer than 20,000results completesin under 2 seconds.The information
about the size of the result set is provided to us at the start of the execution by the
eUtils API, and we can usethis information to decidewhether to apply the upper-bounds
optimization. 45 out of 150queriesin our workload return over 20,000results, and we refer
to theseas the large queriesin the remainder of this section.

Figure 3.9(a) summarizesthe total cumulativ e run-time of Exact and UB skylines for
all queriesin our experiments (exact all and UB all entries), and for the large queries(exact
large and UB large), for the term similarity measure. We note that over 75% of the total
time is spent processing30% of the workload. We also observe that the time to compute
the exact skyline stays approximately the sameas the number of contours changes,both
for the entire workload and for the large queries,while the time to compute the UB skyline
increaseswith increasing number of contours. Finally, observe that UB skylines compute
faster in total than their exact counterpart. The sametrends hold for conditional similarity
(Figure 3.10(a)) and balanced similarity (Figure 3.11(a)).

Figures 3.9(b), 3.10(b), and 3.11(b) plot the percent-improvement of UB skyline over
Exact against the percentage of the large queriesfor which this improvement was realized.
Query execution time was improved for the vast majorit y of large queries.
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Figure 3.8: Balanced similarity : percent improvement in runtime of top-k whenscoreupper-
bounds are used.

3.5 Evaluation of E�ectiv eness

We now present a qualitativ e comparison between our similarit y measures,and evaluate
them against two baselines.

3.5.1 Baselines

As before, we refer to the the set of MeSH terms derived from the query as Q, and to the
set of MeSH terms that annotate a document as D .

Our �rst baselineis a distance-based measure, designedexplicitly for MeSH, that com-
parestwo setsof terms basedon the meanpath-length betweenthe individual terms [Rada
and Bicknell, 1989]. For terms d and q, dist (d;q) is the minimal number of edgesin a path
from any node in N � (d) to and node in N � (q). Consider nodes C and F in Figure 3.2.
There are two paths betweenthesenodes: C ! A ! E ! F of length 3, and C ! B ! F
of length 2, and so dist (C; F ) = 2. We de�ne path-length as:

M eanPathLen (D ; Q) =
1

jD jjQj

X

d2 D

X

q2 Q

dist (d;q) (3.7)

This measurecapturesthe distancebetweendocument D and query Q, and we transform
it into a similarit y:

M eanPathSim (D ; Q) =
1

1 + M eanPathLen (D ; Q)
(3.8)
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(a) Total run-time. (b) % improvement with UB for large queries.

Figure 3.9: Run-time performanceof skyline computation for term similarity.

K
Term Similarit y(sec)

med avg min max

Exact 1 .4295 1.356 .016 13.225
UB 1 .299 .684 .014 5.687

Exact 2 .43 1.355 .016 13.202
UB 2 .3705 .825 .018 6.771

Exact 5 .4285 1.356 .016 13.209
UB 5 .448 1.036 .022 8.263

Exact 10 .4295 1.358 .016 13.222
UB 10 .4835 1.265 .022 9.647

Table 3.5: Skyline computation: processingtimes for TermSimfor 150 queries.

A known limitation of distance-basedmeasuresis an implicit assumption that edges
in the taxonomy represent uniform conceptual distances, which does not always hold in
practice. In Figure 3.2, the path distance between G and A is 2, the sameas between G
and B . However, one can argue that G is more closely related to B than to A becauseB
has a smaller subtree, and so G represents a larger portion of the meaning of B than of
A. Several information-theoretic measureshave beenproposedto overcomethis limitation,
and we use the one proposedby Lin [Lin, 1998] to derive our secondbaseline. Lin [Lin,
1998] demonstrated that his measurehas a high degreeof correlation with several other
related measures[Resnik, 1995; Miller, 1990; Wu and Palmer, 1994].

For two taxonomy nodess and t, we denote the lowest common ancestorby LC A(s; t).
The information content of a node s, denotedby P(s), is the sizeof the subtree induced by
s. Lin [Lin, 1998] de�nes similarit y betweennodess and t as: sim(s; t) = 2� logP (LC A(s;t ))

logP (s)+ logP (t) .
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(a) Total run-time. (b) % improvement with UB for large queries.

Figure 3.10: Run-time performanceof skyline computation for conditional similarity.

K
Conditional Similarit y(sec)
med avg min max

Exact 1 .4305 4.471 .009 274.301
UB 1 .343 2.377 .017 107.673

Exact 2 .424 4.471 .008 274.296
UB 2 .4055 2.796 .019 136.881

Exact 5 .4285 4.473 .009 274.311
UB 5 .4855 3.351 .019 167.917

Exact 10 .4275 4.472 .008 274.305
UB 10 .546 3.859 .019 197.304

Table 3.6: Skyline computation: processingtimes for CondSimfor 150 queries.

To use this similarit y for MeSH, we need to apply it to a polyhierarchy, with multiple
nodesper term. Wetakea similar approach asin M eanPathSim , and say that the similarit y
between terms d and q is the highest similarit y between any two nodes s and t, where
s 2 N � (d) and t 2 N � (q). To handle multiple terms per query and per document, we
de�ne:

M eanI nf oSim (D ; Q) =
1

jD jjQj

X

d2 D

X

q2 Q

sim(d;q) (3.9)
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(a) Total run-time. (b) % improvement with UB for large queries.

Figure 3.11: Run-time performanceof skyline computation for balanced similarity.

K
Balanced Similarit y(sec)
med avg min max

Exact 1 .4275 3.861 .01 199.521
UB 1 .3345 1.925 .018 72.955

Exact 2 .433 3.833 .01 195.194
UB 2 .389 2.345 .019 95.654

Exact 5 .4365 3.803 .01 195.13
UB 5 .4785 2.841 .02 116.974

Exact 10 .4365 3.806 .01 195.163
UB 10 .506 3.17 .019 132.334

Table 3.7: Skyline computation: processingtimes for BalancedSim for 150 queries.

3.5.2 User Study

3.5.2.1 Metho dology

We recruited 8 researchers, all holding advanceddegreesin medicine,biology, and bioinfor-
matics. All are experiencedPubMed users,with usagebetween several times a week and
several times a day. Userswere asked to comeup with one query in their �eld of expertise,
and to subsequently rate results returned by our system.

Rather than rating articles in the result, we asked our usersto rate annotation sets: sets
of MeSHterms that occur together asannotations of thesearticles. Weopted for this kind of
evaluation for several reasons.First, MeSH annotations of somearticles are imprecise,that
is, more generalor more speci�c than the content of the article warrants. Second,abstracts
of articles are often unavailable, making it di�cult to judge the quality of content. Third,
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presenting sets of MeSH terms for evaluation adds coverage and statistical power to our
results, becausewe are deriving a judgment about a common classof annotations, which
itself maps to a set of articles.

For a �xed query, and for a �xed similarit y, all articles that are annotated with the same
set of terms receive the samescore. Additionally , several di�eren t annotation setsmay map
to the samescore,and so ties are common. Scoresare incomparable acrossmeasures,and
we useranks for our comparison.

Furthermore, term similarity typically assignsfewer distinct scoresthan other measures,
and so its ranking is more discrete,while baselinesgeneratemore continuous ranks than do
our measures.In order to meaningfully accommodate ties, and to make ranks comparable
acrossmeasures,we assignranks in the following way. To each result in a set of 1 or more
ties, we assignthe rank as the averagerow number of the ties. For example, if annotation
sets s1, s2 and s3 tie for the highest score,followed by setss4 through s10 that tie for the
secondhighest score,then s1, s2 and s3 are assigneda rank of 6

3 = 2, and the following 7
setsare assigneda rank of 49

7 = 7.

Many queries return thousands of results, and we cannot expect that the users will
evaluate the quality of results exhaustively. We focus on a sub-set of results that is most
informativ e about either the performanceof a particular similarit y measure,or about the
relative performance of a pair of measures. Results are ranked according to TermSim ,
CondSim , B alancedSim , M eanPathSim , and M eanI nf oSim . For a pair of measures
M 1 and M 2, we choose10 results from each of the following categories:

� topM 1: in top 10% of ranks for M 1 but not for M 2

� topM 2: in top 10% of ranks for M 2 but not for M 1

� botM 1: in bottom 10% of ranks for M 1 but not for M 2

� botM 2: in bottom 10% of ranks for M 2 but not for M 1

Resultsare chosento maximize rank distances. So,a result that is at rank 1 for M 1 and
at rank 100 for M 2 will be chosenbefore another result that is at rank 10 for M 1 and at
rank 100 for M 2. Finally, we generatepairs of results to be comparedto each other by the
user. We never compare topM 1 to topM 2, and bottomM 1 to bottomM 2. Comparing top
against bottom for the samemethod helps us validate that method on its own. Comparing
top of onemethod against bottom of another allows us to comparea pair of methods against
each other.

Figure 3.12 shows our evaluation interface. The user is presented with two annotation
sets, Matc h 1 and Matc h 2, and rates each set on a three-point scale. Clicking on a
term name opens its de�nition in MeSH. Clicking on examplearticle link shows the title
and abstract (when available) of an article where the annotation set is used. The user also
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Figure 3.12: User study interface.

comparesthe matches with respect to how well they answer the query, on a three-point
scale. Both scalesinclude a \not sure" option, so as not to force a judgment when the user
is not comfortable making one.

3.5.2.2 Results

Results in this sectionare basedon 8 queries,each evaluated by a singleuser. We collected
670 individual judgments, and 335 pairwise judgments. In this section, we analyze the
performanceof each of our similarit y measuresindividually , and then describe the relative
performanceof our measures,and compare them to the baselines. For results r 1 and r 2,
user U issuesa pair-wise relevance judgment U : r 1 = r2 if he considersresults to be of
equal quality, U : r 1 > r2 if r1 is better, or U : r 1 < r2 if r2 is better. (We excludethe cases
wherethe userwasunable to comparethe results.) Likewise,a similarit y measureM issues
a judgment with respect to the relative quality of r 1 and r 2 by assigningranks. Because
usersonly judge a pair of results that are far apart in the ranking, the caseM : r 1 = r2

never occurs.

A similarit y measuremay agreewith the user'sassessment, or it may disagree,in oneof
two ways: by reversing the rank order of r 1 and r 2, or by ranking r 1 and r 2 di�eren tly while
the user considersthem a tie. For easeof exposition, we incorporate all three outcomes:
agreement (A), tie (T) and rank reversalerror (E), into a single agreement score, de�ned
as: agr eement(U; M ; Q) = A+0 :5�T

A+ T + E . Worst possiblescoreis 0, best possibleis 1. Table 3.8
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TermSim CondSim Balm y MeanP ath MeanInfo

Q1 0.56 0.51 0.51 0.71 0.65
Q2 0.49 0.50 0.50 0.52 0.49
Q3 0.67 0.63 0.63 0.39 0.48
Q4 0.66 0.66 0.66 0.40 0.48
Q5 0.42 0.43 0.43 0.33 0.67
Q6 0.48 0.51 0.60 0.48 0.50
Q7 0.43 0.45 0.45 0.63 0.44
Q8 0.47 0.47 0.47 0.31 0.57

Avg 0.52 0.52 0.53 0.47 0.54

Table 3.8: Agreement betweensimilarit y measuresand user judgments.

presents the agreement betweenthe user and each similarit y measure,for each query.

Due to the scaleof our study we are unable to draw statistically signi�cant conclusions
about the relative performanceof the measures.However, we point out sometrends that
emergebasedon the data in Table3.8, and which weplan to investigatefurther in the future,
seeSection3.5.3 for a discussion.None of the measuresseemto agreewith user's judgment
for queriesQ2 and Q8. Thesequeriesdo not exhibit polyhierarchy features: each term maps
to a single node in MeSH. Our measuresappear to outperform the baselinesfor queries
Q3; Q4, and Q6. All these queries include at least one term that exhibits polyhierarchy
features: either the term itself maps to two or more nodesand induces subtrees of di�er ent
shape, or its descendant terms do. Baselinesappear to outperform our measuresfor queries
Q1, Q5, and Q7. Query Q1 exhibits no polyhierarchy features. For a two-term query
Q8, each term maps to two nodes in MeSH, but the subtreesare isomorphic, i.e., there is
structural redundancy in this part of the hierarchy. Query Q5 exhibits true polyhierarchy
features, yet the information theoretic baseline seemsto be more in-line with the user's
judgment for this query.

Table 3.9 presents the relative performanceof our measuresagainst the baselines. We
present averagesacrossqueries,but note that performancefor individual queries is in line
with the trends in Table 3.8. Here, we are using judgments about a pairs of results such
that one of the results has a high rank with respect to one method and a low rank with
respect to another. We present the averagepercentage of user judgments that were in-line
with the judgment madeby the similarit y measure.For example, in the entry for TermSim
and MeanPath the user agreedwith TermSim 46% of the time, and with MeanPath 28% of
the time, and consideredthe remaining 26% of the casesas ties.

We also comparedthe relative performanceof our measuresfor queries,for which there
wasa di�erence in performance. For Q6, BalancedSim outperformsCondSim, which in turn
outperforms TermSim. For Q3, TermSim outperforms other measures.These �ndings are
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Me anPath Me anInfo

TermSim 46% / 28% 31% / 36%
CondSim 41% / 31% 36% / 36%
BalSim 42% / 29% 36% / 35%

Table 3.9: Term similarity , Conditional similarity and Balanced similarity compared to
baselines.

in line with results in Table 3.8.

3.5.3 Assessment of Results

Several issuesmake ranking di�cult in our context. First, all results are already matches,
i.e., all are in somesense\good". So, ranking by ontology is a second-orderranking among
documents that may not be all that di�eren t from each other in terms of real relevance.
However, as we demonstrate in Section 3.5.2.2, ontology-related score is correlated with
quality asjudged by the usersin somecases.This occurswhen terms appear in multiple tree
locations and induce subtreesof di�eren t shape, a distinguishing feature in MeSH. Second,
our userstudy is small, and sowe cannot expect to demonstratestatistical signi�cance. We
plan to deploy the systemand obtain more information by studying user feedback.

A user's perception of quality is informed by many aspects. Our work is motivated
by the hypothesis that one of these aspects is captured by ontological relationships. This
was supported by observations made by several usersthat they appreciated the presenceof
both generalconcepts,e.g., Neurodegenerative Disease, and related conceptsthat are more
speci�c, e.g., Alzheimer and Parkinson.

Nonetheless,other aspectsof user'squality perception may require a more sophisticated
ontology than MeSH. Even when the ontology is helpful in principle, usersmay disagree
with the classi�cation, as observed by one user in our study. Semantic relationships, e.g., a
connectionbetweena protein and a disease,may be known to experts but are not present in
MeSH, and are therefore unavailable for scoring. In future work, we plan to combine MeSH
with other information sourcesthat provide additional information about relationships be-
tweenconcepts. We also plan to incorporate weighting of terms, perhapson a user-by-user
basis,basedon external information.

Due to the scaleof our study, we do not establish which ranking is best for which kind
of query, and when a query is amenable to ontology-aware ranking. We will investigate
this in the future. For somequeriesour methods appear to do better, while for others the
competing methodsappear to do better. While no method dominatesanother for all queries,
our methods seemto outperform the path-basedoverall, while performing comparably with
the information theoretic measure.
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3.6 Related Work

Ranking in Hierarc hical Domains: Ranking that takesinto account hierarchical struc-
ture of the domain has been consideredin the literature. Ganesanet al. [Ganesanet al.,
2003] develop several families of similarit y measuresthat relate sets or multisets of hier-
archically classi�ed items, such as two customerswho buy one or several instancesof the
sameproduct, or who buy several products in the samehierarchy. This work assumesthat
items in the sets are con�ned to being leaves of the hierarchy, and that the hierarchy is a
strict tree. In our work we are comparing sets of terms in a scoped polyhierarchy, and we
do not restrict the terms to being leaves.

Rada and Bicknell [Rada and Bicknell, 1989] considerthe problem of ranking MEDLINE
documents using the MeSH polyhierarchy, the sameproblem as we consider in our work.
The authors propose to model the distance between the query and the document as the
mean path-length between all pairs of document and query terms. This measureis one of
several distance-basedmeasuresthat have beenproposedin the literature, seealso [Leeand
Myoung Ho Kim, 1993]. A known limitation of thesemeasuresis an assumption that links
in the taxonomy represent uniform conceptual distances.

In an alternative approach, several information-theoretic measureshave beenproposed
that can be usedto measuresemantic relatednessbetweenconceptsin hierarchical domains,
seefor example[Lin, 1998; Resnik, 1995]. Thesemeasuresare similar to the distance-based
methods in that they typically relate two conceptsvia a commonancestor. However, rather
than simply counting the length of the path to the ancestor, the information content of
the ancestor (the size of its subtree) is factored into the measure. The intuition is that a
common ancestor that is very general is not as informativ e as one that is more speci�c.

In our work we proposeseveral alternative ways to relate a document to a query, by
measuring the overlap among common descendants (rather than ancestors) of all nodes
labeled with two concepts. To the best of our knowledge,our work is the �rst to explicitly
model semantic relatednessin a scoped polyhierarchy in which a term may appear in many
parts of the hierarchy with subtly di�eren t meaningsin each context. The question of how
contributions of di�eren t terms, or di�eren t meaningsof the sameterm, are reconciledin the
�nal scoreis central to our approach. We explicitly model and explorealternative semantics
of combining the contributions of individual pairs of terms to the over-all similarit y score.
Despite the extra computation neededfor measuresbasedon setsof descendants rather than
ancestors,we demonstrate experimentally that interactive responsetimes are still possible
even when processingtens of thousandsof documents.

W eigh ted Set Similarit y: A number of e�cien t algorithms have beendeveloped for
the computation of similarit y betweenweighted sets [Arasu et al., 2006; Chaudhuri et al.,
2006; Sarawagi and Kirpal, 2004; Hadjieleftheriou et al., 2008]. In [Sarawagi and Kirpal,
2004], inverted list indexesare constructed, and a variant of the Threshold Algorithm [Fagin
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et al., 2003c] is used to allow for early termination of processing. In a recent work, Had-
jieleftheriou et al. [Hadjieleftheriou et al., 2008] develop indexing structures and processing
algorithms for computing the similarit y of weighted sets in order to evaluate set similarit y
selection queries. A query Q and a document D are compared based on corpus-derived
weights of substrings of length q, termed q-grams, of which Q and D are comprised. The
similarit y betweena query and a document is computed basedon the combined weight of
the q-grams that are common to D and Q, normalized by the weights of D and Q. This
approach is conceptually similar to ours in that we also considerthe set of elements, in our
caseMeSH terms, that are common to D and Q. However, unlike in [Hadjieleftheriou et
al., 2008], the elements we considercomefrom a hierarchy, and incorporating the structure
of the hierarchy into the similarit y scoreis central to our approach.

Techniques of [Sarawagi and Kirpal, 2004; Hadjieleftheriou et al., 2008], and of other
approaches that use inverted lists for processing,would require high spaceoverheadin our
setting. This is becausean inverted index for a term must include not only the documents
indexed with that term, but also the documents indexed with the term's descendants in
MeSH. Processingwith inverted lists is a term-at-a-time (TAAT) [Turtle and Flood, 1995]

technique, in which query terms are processedone by one and partial document scoresare
accumulated. In our system we usedocument-at-a-time (DAAT) [Turtle and Flood, 1995]

techniques, in which the documents are processedoneby oneand completedocument scores
are computed. DAAT strategies are known to be more appropriate for context-sensitive
queries, in which scorecontributions from individual terms cannot beviewed independently,
and scoreaggregationis crucial [Turtle and Flood, 1995], as is the casein our scenario.

On tology Matc hing: Ontology matching usesa wide range of similarit y measuresto
compare two or more ontologies. Ontology matching techniques in which comparison is
based on taxonomic structure, bear some similarit y to our approach. A particular class
of similarit y measuresrepresents ontologies as labeled graphs and comparesnodesin these
graphs using lexical and structural features [David and Euzenat, 2008]. Pairwise node
similarities are then aggregatedinto collection-wide measures. In our work we focus on
structural similarit y between sets of ontology terms, and consider them in the context of
scoped polyhierarchies that do not naturally lend themselves to a graph-basedrepresenta-
tion.

On tology Languages: The OWL Web Ontology Languagewas developed as part of
the W3C Semantic Web Initiativ e3, with the goal of assigningexplicit semantic meaning to
the information, and of presenting the semantics in machine-processableform. Hierarchies
are modeled in OWL by meansof the rdfs:subClassOffeature, and multiple inheritance is
allowed. However, scoped polyhierarchies like MeSH cannot be expresseddirectly in OWL.
Such hierarchies can be simulated with constructs rdf:Property and rdfs:rdfssubPropertyOf

3http://www.w3.org/TR/owl- guide
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which are typically usedto model relationships in OWL, and by restricting the scope of the
inheritance relationship with rdfs:domain.

Skylines: E�cien t computation of skyline results has been receiving signi�cant at-
tention of the database communit y. We build on the classic divide-and-conquer algo-
rithm [Bentley, 1980], and adapt it to our application scenario and performance needs
by incorporating processingwith scoreupper-bounds. Tan et al. [Tan et al., 2001] develop
progressive skyline computation methods, while Jin et al. [Jin et al., 2004] proposean ef-
�cien t algorithm for the mining of thick skylines in large databases. In our work we also
compute skylinesprogressively, by relying on a sort order in which results are supplied, and
we are able to compute multi-contour skylines e�cien tly on the large scale. Our scenario
di�ers from prior work in that coordinates of skyline points may be costly to compute,
motivating us to usescoreupper-bounds.

Bibliographic Search in Life Science: A variety of web-basedsystemsfor biblio-
graphic search in life scienceshave beendeveloped, see[Kim and Rebholz-Schuhmann, 2008]

for a review. The systemthat is closestto our approach, GoPubMed [Doms and Schroeder,
2005], usesthree ontologies - the GeneOntology, MeSH and Uniprot, to organizePubMed
query results. Results are presented in a faceted hierarchy that includes ontology terms,
authors, journals, and publication dates. When multiple MeSH terms appear in the query
or annotate query results, the system allows the user to navigate by each of these terms.
Unlike in our work, no attempt is made to reconcile the contributions of multiple MeSH
terms into a single score.

3.7 Conclusions

MeSH is a sophisticated, curated real-world ontology with about 25,000terms. It has the
interesting property that terms can appear in multiple parts of the hierarchy. Each time a
term appears, its meaning is scoped, i.e., the meaning of the term dependson its position
in the hierarchy. This observation challengesmost past work which has been developed
assumingthat a term has a unique node in the generalization hierarchy.

We have attempted to capture the semantics of a term by looking at all of the term's
descendants, acrossthe whole hierarchy. We developed three similarit y measuresthat relate
setsof terms basedon the degreeof overlap betweenthe setsof their descendants. We have
demonstrated that each of these measurescan be computed in interactive time for the
completeMeSH ontology, at the scaleof the completePubMed corpus. We have alsoshown
how computing scoreupper-bounds can be used to reducethe cost of identifying the best-
matching documents, or of computing the skyline of the dataset with respect to scoreand
publication date.

Enabling e�cien t and e�ectiv e search and ranking that accounts for semantic knowl-
edge is valuable for information discovery, particularly in domains in which high-quality
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ontologies are available. Ontologies represent consensusof the scienti�c communit y with
respect to the state of the knowledgein a particular domain. Wide-spreaduseof ontology-
aware information discovery techniques is valuable not only for the end user, but also for
the evolution of the ontologies: a communit y of usersthat seesa bene�t in ontology-aware
querying and ranking will keepthe ontology up-to-date.

In this chapter wesaw how a manually constructedontology may beusedfor information
discovery in an annotated document corpus, under the assumption that all documents in
the corpus are of high quality. In the following chapter we will considerhow ontologies can
be used for search and ranking over the Wikip edia corpus, where there is a variation in
both quality and relevance.
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Chapter 4

Semantically Enric hed Authorit y
Propagation

This chapter is basedon joint work with Srikanta Bedathur, Klaus Berberich, and Gerhard
Weikum, which appearedin [Stoyanovich et al., 2007].

4.1 In tro duction

In Chapter 3 we presented a semantic framework that usesontology annotations of scienti�c
publications to rank query results. In the present chapter, we build on the idea of using an
ontology for relevanceranking, and present EntityA uthority : a framework for semantically
enriched authorit y propagation on graphsthat combine documents, entities, and ontological
concepts,in order to improve the ranking of keyword query results.

We apply the techniquesof this chapter to Wikip edia, a communit y-curated encyclope-
dia corpus. Wikip edia may be consideredas the middle ground betweencentrally-curated
digital libraries like PubMed, in which documents are of high quality, and the World Wide
Web, in which there is signi�cant variation in document quality. Like the World Wide Web,
Wikip edia gives rise to a natural link structure, and it is therefore appropriate to apply
link analysis methods in this setting. Like PubMed documents, Wikip edia pagesmay be
annotated with terms from a ontology, and it is thereforeappropriate to useontology-aware
query processingand raking techniques.

4.1.1 Semantically Enric hed Ranking

The classiclink analysismethods, such asPageRank[Brin and Page,1998] and HITS [Klein-
berg, 1999], use the page-level Web graph for authorit y propagation. These approaches
have been extremely in
uen tial. They are, however, fundamentally inappropriate for the
emerging style of semantic Web search that aims to provide users with entities (e.g.,
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products or scholars) and semantic attributes rather than pages [Cafarella et al., 2007;
Chakrabarti, 2004; Doan et al., 2006a; Chu-Carroll et al., 2006; Hearst, 2006; Madha-
van et al., 2007; Nie et al., 2007]. Recently, techniques have been proposed for analyz-
ing link structure, and for computing rankings of objects in relational databasesor in
entit y-relationship graphs [Anyanwu et al., 2005; Balmin et al., 2004; Chakrabarti, 2007;
Cheng and Chang, 2007]. However, these methods do not consider Web data or do not
connect the object ranking back to the Web pageswhere the objects appear. In contrast,
we jointly consider both the page-level and entit y-level linkagestructures and utilize their
mutual reinforcement for ranking the results of keyword queries against Web data. We
focus on keyword search as this is by far the most common information discovery method
for most users. In our framework we considertwo kinds of results: queriescan return either
pagesor entities.

We utilize information-extraction techniques [Agichtein and Sarawagi, 2006; Cohen et
al., 2003; Cunningham, 2005; Doan et al., 2006b] to identify semantic entities embeddedin
the text of Web pages,and to transform the page-level graph into a generalized data graph,
with typed nodesthat represent pagesor entities, and with typed and weighted edges.We
keep the entit y part of this graph as noise-freeas possibleby mapping entities to nodes
in a richly structured high-quality ontology that describes entities, concepts, and seman-
tic relationships. More speci�cally , we use the popular open sourceGATE/ANNIE toolkit
(http://gate.ac.uk/ ) for named-entit y recognition, and various heuristics for entit y dis-
ambiguation. According to a recent study that evaluatesentit y extraction systems[Marrero
et al., 2009], ANNIE supports 12 entit y types, and achieves precision and recall in excess
of 70%. While the study �nds ANNIE to be inferior to several other systemsbecauseit
producesa higher number of false positives, and is sensitive to orthographic features likes
capitalization, this toolkit represented the state of the art at the time when this work was
conducted, and is still among the highest-performing open sourcesystemstoday.

For the ontology part of our generalizeddata graph we employ the YAGO knowledge
base,which combines information from the Wikip edia category system and the WordNet
thesaurusinto a rigorously structured and highly accurateontology [Suchanek et al., 2007].

Weassumeand aim to exploit that there is mutual reinforcement betweenthe authorities
of pages and entities: pagesbecomemore valuable if they contain highly authoritativ e
entities, and entities becomemore important if they are mentioned by highly authoritativ e
pages.This resembles the HITS method [Kleinberg, 1999] for Web-graph link analysisand
the ObjectRank method [Balmin et al., 2004], but our approach operateson a generalized
data graph that givesus a much richer substrate for ranking.

Consider for example the query \NBA team". When issued against a leading search
engineon March 31st, 2007, this query returned links to the o�cial homepageof the Na-
tional Basketball Association, to the NBA-related area of ESPN.com, and to several team
directories. The results werehighly relevant but not speci�c to the user's information need:
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it was not apparent from the top-10 results which teams play in the NBA, and there were
no links to any of the teams' homepages. We observe that super-authorities dominated
the query result, and team homepagesdid not start appearing until rank 38. (Results
were very similar for the re-phrasedquery \National Basketball Association team".) We
consider this and similar queriesin our experimental evaluation and demonstrate how our
Entit yAuthorit y ranking methods can bene�t such situations.

The results of such queriescan be either entities or pages.The former may be preferred
by a skilled user who has the proper context to interpret a conciselist of entries such as
\Miami Heat", \Dallas Mavericks", and \Chicago Bulls". The latter is appropriate for a
non-expert user who wants to seean entire textual page,with relevant entities highlighted,
providing him with at-a-glancecontextual information. We will show that Entit yAuthorit y
ranking is bene�cial for this type of Web-pageranking becauseit exploits the semantic
connectionsand mutual authorit y propagation among pages,entities, and concepts.

4.1.2 Chapter Outline

In the remainderof this chapter we introduceEntityA uthority , and demonstrateits e�ectiv e-
nesson Wikip edia datasets. Section4.2 presents the generalized data graph: a semantically-
enriched model of the web graph that maintains information about web pages,and about
the semantic entities that are contained in the pages. In Section 4.3 we describe several
novel authorit y propagation measuresthat utilize the structure of the enriched web graph
to a di�eren t extent. Section 4.4 details our prototype implementation, and Section 4.5
presents results of our experimental evaluation that demonstrate the e�ectiv enessof our
methods.

4.2 Data Mo del

In this work, we operateon a directed graph data model that integratesstandard Web pages
and their link structure with the entities extracted from these pagesand with semantic
relationships among entities. Figure 4.1 illustrates the key components in our data model
using an examplebasedon Web pagesrelated to databaseresearch. The data model, which
we call the Generalized Data Graph, or GDGfor short, consistsof three parts:

� the Enriched Web Graph that is derived using the underlying Web data collection

� the Onto Graph, which represents a richly structured ontological resource

� the Onto Map, a semantic layer that connectsthe Enriched Web Graph with the Onto
Graph.

We now describe the GeneralizedData Graph and its components in greater detail.
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Figure 4.1: Example of a Generalized Data Graph.

4.2.1 Enric hed Web Graph

Formally, Enriched Web Graph, or EWGfor short, is a directed, labeled,and weighted graph
GD = (VD ; ED ; L v) whereVD is a setof nodes,ED � VD � VD is a setof edgesbetweennodes,
and L v is a set of node annotations. Each node v 2 VD is assigneda label lv 2 L v . These
labels can simply be Page, InfoUnit, or richer concept namessuch as Person, Organization,
etc., that can be obtained through a sophisticated information extraction software. Each
edgee = (v1; v2) also carries a weight whosevalue dependson the type of nodesv1 and v2.

EWGis the outcome of enriching the standard page-level content and link structure with
entities that can be extracted from each page individually . Thus each node in the EWG
corresponds to either a Web page or an information unit (an InfoUnit for short). An
InfoUnit is a (short) textual snippet that is annotated as an instance of an entit y by an
information extraction tool such as GATE/ANNIE. This should be contrasted with the
notion of an ontological entit y/concept, which is the outcome of corpus-widereconciliation
of InfoUnits.

To make this distinction clear, consider two pagesP1 and P2 that mention \UW" and
\Univ ersity of Washington" respectively. During the initial stageof information extraction,
these text snippets are identi�ed as potential entities and are thus marked as InfoUnits.
Note that no e�ort at this stage is made to determine whether these two snippets refer to



CHAPTER 4. SEMANTICALL Y ENRICHED AUTHORITY PROPAGATION 111

the sameentit y or not.

4.2.2 Onto Graph

Wemodel the underlying ontological resourceasa directed, weighted graph GO = (VO ; EO ; L e)
on a set of nodesVO which correspond to entities/concepts and EO is a multi-set of edges
betweentheseentities. Note that we make no distinction betweeninstancesand conceptsin
this work. Each edgein EO is annotated with a label from the set of labels,L e that indicates
the relationship betweenentities connectedby the edge. For example,bornIn, locatedIn, and
instanceOfare someof the labels available in YAGO { the precompiled ontology that we
use. Each of theseedgesis assigneda weight representing the ontology's con�dence in the
relationship.

4.2.3 Onto Map

The next component in our model, Onto Map, forms the layer connecting the InfoUnits
extracted from the corpuswith entit y and conceptnodesin the ontology. Onto Map models
a collection-wideentit y reconciliation processthat mapsInfoUnits onto entities and concepts
of the Onto Graph. This is represented in Figure 4.1 with solid edgesfrom InfoUnits to
Onto Graph layer. In order to support inherent ambiguities in the entit y reconciliation
process,our model allows for mapping of a single InfoUnit to more than one concept or
entit y. For example, the InfoUnit \UW" is mapped to both \Univ ersity of Wisconsin" and
\Univ ersity of Washington".

4.2.4 Structure of the Generalized Data Graph

The GeneralizedData Graph (GDG) that we obtain from extracting entities from pages,
mapping them to the ontology, and connecting entities and conceptsby semantic relation-
ships, provides us with a rich cross-referencestructure that re
ects the authorit y of both
pagesand entities. This graph consistsof the following kinds of typed and weighted, di-
rected edges,where all weights are normalized so that the weights of a node's outgoing
edgessum up to one:

� Hyperlinks betweenpagesnormalized by the sourcepage'sout-degree(as in standard
PageRank);

� Edgesfrom a page to each entit y or concept that has beenextracted from the page,
weighted by the con�dence in the extraction and mapping to the corresponding on-
tology node;

� Edgesfrom entities to the conceptsto which they belong,weighted with the ontology's
con�dence in the relationship and typed as an isa edge;
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� Edgesfrom an entit y to each of the pageswhere it appears (i.e., backward pointers
of the information extraction and mapping process),weighted by the extraction and
mapping con�dence.

Note that the weights on the edgesfrom entities to pagesare not necessarilythe same
as those from pagesto entities, becauseof the normalization step: a pagemay contain only
a few entities, but theseentities may appear in many pages.

We do not currently include semantic relationship edgesbetweenentities and concepts,
e.g.,bornIn , locatedIn, childOf, etc.

4.2.5 Query Result Graph

In Section 4.3 we will describe how the GeneralizedData Graph may be used to compute
authorit y of various graph nodes. At the high level, authorit y can re
ect either a global
query-independent importance, or it can be made query-dependent. A query-dependent
ranking may be achieved by, for example, �rst applying a content-only retrieval procedure,
and then ranking over the query-relevant subsetof the data.

We now describe a heuristic procedurethat constructs a Query Result Graph: a query-
relevant subsetof the GeneralizedData Graph.

Supposethat we �rst evaluate a keyword query against both pagesand ontology nodes,
and compile a list of qualifying items. We consideran item as qualifying if it contains the
query words or hasa compact neighborhood in the data graph that contains them. We will
describe how such a compact neighborhood may be identi�ed in Section 4.4.2.

The resulting items { pages, entities, and concepts, may already carry their initial
relevance scores that re
ect frequenciesor other kinds of prominence information. We
can now construct a Query Result Graph (QRGfor short) from these results, incorporating
relevancescoresinto node weights.

The QRGconsists of all initial results whose relevance score is above some prede�ned
threshold. This threshold may be set to 0, capturing all qualifying items. Next, for each
item we determine all its predecessorsand all its successorsin the GDG(theseare nodesthat
point or are pointed to by the initial results), and we add thesenodesto the QRG. We may
then look up all successorsof predecessorsand all predecessorsof successorsand add them,
too. How many setsof successorsand predecessorswill be addedcan be tuned heuristically.

Having identi�ed a subsetof GDGnodesthat will be included into the GRG, we now add all
edgesfrom the GDGthat connect two QRGnodes. This query-dependent graph construction
is similar to the procedureproposedin the original HITS method [Kleinberg, 1999].

Edge weights can optionally be re-scaledby multiplying the weight of an edgex ! y
with the relevancescoreof the target node y, or with someminimum value � if y was not
among the initial query results. This is similar to a biased random-walk model in which
a hypothesizedWeb surfer prefers target nodes whosecontents has high relevance scores.
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Regardlessof whether this re-scalingis applied or not, edgeweights needto bere-normalized
becausenot all outgoing edgesof a GDGnode needbe present in the QRG.

4.3 Authorit y Measures

We now present di�eren t models for computing page and entit y authorit y values. The
measuresof this section can be applied to the complete GeneralizedData Graph, or they
can be applied to the Query Result Graph { a query-speci�c subsetof the GDG.

One immediate candidate for computing a notion of importance on the graph would
be to apply PageRank,or strictly speaking a weighted-edgesvariant of PageRank [Bharat
and Henzinger, 1998; Borodin et al., 2005] as if all nodesof the graph were pages.But we
will seebelow that we can apply mathematically related but semantically more meaningful
computations on this richer graph.

The following authorit y measurescan be computed on either the GDGor the QRG. These
measuresutilize the rich structure of the graph to a di�eren t extent. The �rst measure
usesonly the pagenodesof the graphs and then propagatespageauthorit y to entities and
concepts; it is thus called Page-Inherited Authority (PIA) . The secondmeasure,which is
much more elaborate and one of this chapter's main contributions, usesthe full graph and
is coined Entity-deriV ed Authority (EVA) .

4.3.1 Page-Inherited Authorit y

For PIA we consideronly the pagesin the GDGor the QRGand their incident page-to-page
edges.For each page,we compute either the edge-weighted PageRankor the pageauthorit y
according to HITS. Let A P (p) denote the authorit y of pagep, and let P(x) denote the set
of pagesthat point to ontology node x in the GDG(i.e., the pagesfrom which x has been
extracted). Further, let w(x ! y) denote the weight of the edgefrom x to y. We de�ne the
page-inherited authorit y of x as:

A P (x) =
X

p2 P (x)

A P (p) � w(p ! x)

According to PIA , an entit y or concept is important if it appears in important pages,
while the importance of a pageis pre-determined by a page-links-only authorit y model.

4.3.2 Entit y-Deriv ed Authorit y

One can argue that importance of a page does not depend solely on the link structure of
the web graph. So, a page may be viewed as important if it mentions important entities
or concepts. This consideration leads to a mutual reinforcement model betweenpagesand
entities. For example, a Web page such as www.cs.stanford.edu is important because
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it mentions authorities like Je�r ey Ul lman and Hector Garcia-Molina, and that these are
in turn authorities becausethey are referencedby many important Web pages such as
Citeseer-top-authors , DBLP-top-authors , and www.sigmod.acm.org.

To expressthis intuition we proposean alternative authorit y propagation model, which
wecall Entity deriVed Authority , or EVA. EVA is de�ned by the following mutually-recursive
equationsthat de�ne A P { the page-level authorit y score,and A O { the entit y-level author-
it y score:

A P (p) =
X

x2 O (p)

A O(x) � w(x ! p) +
X

q2 P (p)

A P (q) � w(q ! p)

A O(x) =
X

p2 P (x)

A P (p) � w(p ! x) +
X

y2 O (x)

A O(y) � w(y ! x)

Here, p and q are pages,x and y are entities or concepts,P(z) denotesthe set of pages
to which a page, entit y, or concept points, and O(z) denotesthe set of ontology nodes to
which a page,entit y, or concept points.

This model is mathematically related to HITS, where there is mutual reinforcement
between hubs and authorities, but the semantic interpretation of EVA is very di�eren t
from HITS. The richer heterogeneousgraph structure that we use in EVA also makes the
computation itself more demanding.

The authorities of pagesand ontology nodesA P and A O can be iterativ ely computed by
the Orthogonal Iteration method [Kempe and McSherry, 2004]. In linear algebra notation,
the two equations for A P and A O can be rewritten as follows. Let ~P be a vector of the
pages'A P valuesand ~X be a vector of the ontology nodes' A O values. Supposethere are
m pagesand n ontology nodesin the underlying graph. Now let PP be an m � m matrix,
PX an m � n matrix, X P an n � m matrix, and X X and n � n matrix with the following
entries:

PPij = w(i ! j ) for pagesi; j with i 6= j

= 0 for i = j

PX ij = w(i ! j ) for pagei and ontology node j

X Pij = w(i ! j ) for ontology node i and pagej

X X ij = w(i ! j ) for ontology nodesi; j with i 6= j

= 0 for i = j

Then the equations for A P and A O given above can be phrasedin vector form as:

~P = X P � ~X + PP � ~P (4.1)
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~X = PX � ~P + X X � ~X (4.2)

The computation is initialized by choosing arbitrary start vectors for P and X that are
not linearly dependent on the eigenvectors of the matrices in Equations 4.1 and 4.2. It is
not di�cult to satisfy this start condition; for example, it is satis�ed by choosing uniform
start valuesin all but degeneratesituations. Then we evaluate each of the two equationsby
substituting the current values of the two vectors in their right-hand side; the new values
for the left-hand side then becomethe values for the right-hand side of the next iteration.
Iteration repeatsuntil the changesof the two vectors, as re
ected either by their L1 norms,
or by the relative ranking of their top-100 elements, drop below somethreshold and become
negligible. After each iteration step, the two vectors are re-scaled(i.e., multiplied by a
normalization factor) so that their L1 norms becomeequal to one. This �nal step ensures
convergenceand result uniquenessfor the Orthogonal Iteration method.

4.3.3 Un typ ed Authorit y

The PIA model computes a global authorit y scoreof an entit y basedon global authorit y
of the page(s) from which the entit y was extracted. In contrast, EVA models mutual
reinforcement betweenpagesand entities on the graph.

For completenesswe also present a third ranking method, which we call Un-Typed Au-
thority , or UTA. UTA servesas the middle-ground betweenPIA and EVA. Like EVA, UTA
will operate over all nodes and edgesof the GDG, or over the query speci�c QRG. However,
unlike EVA, UTA simply runs an edge-weighted version of a standard ranking algorithm
(e.g. PageRankor HITS) on this graph, ignoring node types.

We will comparethe e�ectiv enessof PIA , UTA, and EVA in Section 4.5.

4.4 System Implemen tation

This section describes the system architecture of our prototype implementation. Our pro-
totype was evaluated on a part of the English-languageWikip edia.

4.4.1 Building the Generalized Data Graph

We useseveral existing tools to build the GeneralizedData Graph, and while information
annotation and extraction is not a major contribution of this work, we gainedsomeinsight
into performing these tasks on a fairly large scale. We used the GATE/ANNIE toolkit to
identify entities of types Location, Person and Organization in the corpus, and were able
to automatically extract over 1.2 million annotations as InfoUnits. Entit y annotation was
time-consuming,forcing us to limit our experimental evaluation to a relatively small corpus.
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However, while extraction may be a bottleneck in an academicsetting, this processcan be
parallelized, and can be done on a large scaleif enoughhardware is available.

As the next step we group together InfoUnits that refer to the samereal-life entit y. For
example, we would unify two occurrencesof the samestring (e.g. \Mic hael Jordan") into
a single entit y. We also attempt to identify InfoUnits that do not match literally , but are
nonethelesslikely to refer to the same real-life entit y, e.g. \Mic hael Jordan" and \Mik e
Jordan". We rely on a combination of heuristics to identify groups of InfoUnits with high
degreeof string similarit y. We considerstrings that are at least 4 characters in length, and
that match according to the SecondString[Cohen et al., 2003] JaroWinkler-TFIDF metric,
with a similarit y of at least 0.95 out of 1.0. Additionally , we usethe highly-accurate means
relationship in YAGO [Suchaneket al., 2007] to identify pairs of synonymous strings. Using
thesesimple and e�cien t heuristics we map 1.2 million InfoUnits to 240 thousand entities.

Finally, we use the samestring-basedheuristics to map discovered entities to nodes in
YAGO. If an entit y maps to one or several nodes in the ontology, we add the appropriate
mapping edgesto the GDG(these are the solid arrows from InfoUnits to ontology nodes in
Figure 4.1). If no node in the Onto Graph is identi�ed as a target for mapping, we add
discovered entities to the OntoGraph, placing them directly under Person, Organization or
Location.

During the initial stagesof this project, we consideredmore sophisticated (and less
restrictiv e) ways of grouping together similar InfoUnits and of mapping such groups to on-
tology nodes. We eventually found that thesetechniques introduceda considerableamount
of noise,causing topic drift. We concludethat more sophisticated context-aware tools are
required to reliably match strings that do not passthe 0.95similarit y threshold. Using such
tools (once they becomeavailable and are e�cien t enough to operate on the large scale)
would bene�t our method.

4.4.2 Query Pro cessing

Our systemprocesseskeyword queries,and returns both pagesand entities asquery results.
In this work we focus primarily on the construction of the data graph and on ranking,
not on query processing,and we use a simple query processingmethod in our prototype
implementation.

We store the GeneralizedData Graph in an Oracle 10g RDBMS, and useOracle Text
to identify relevant pagesand entities at query time. Matches are identi�ed using a tf-
idf-basedalgorithm that incorporatesstemming and word proximit y information. Relevant
entries receive a non-zero relevance scorefrom Oracle, and we normalize this scoreto the
(0; 1] range.

A page is consideredrelevant to a query if its body contains all words present in the
query. The �nal scoreof a pageis the product of its authorit y and relevancescores.
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We identify entities that are relevant to a query using the OntoGraph built from YAGO.
An entit y is consideredrelevant to a query if at least oneof the following conditions is met:

� The entit y matches the query by name;

� The entit y hasstrong string similarit y with an ontology node that matchesthe query;

� The thematic neighborhood of the entit y matchesthe query. Thematic neighborhoods
are formed by combining all parents of an entit y or concept, i.e. by following is-a and
instance-of ontology edges.

Consider for example the Serbian basketball player Vlade Divac. YAGO assignsVlade
to several categories,including Serbian basketball players, LA Lakers players, and Olympic
competitors for Yugoslavia. Vlade's thematic neighborhood includes all these category
names. For this reason the entit y Vlade Divac will be returned as a match for queries
like "Serbian LA Lakers players" and "Olympic basketball competitors". Relevant entities
are ranked according to their authorit y scores;the relevancescoreof the query with respect
to the thematic neighborhood is discarded.

The identi�ed relevant pagesand entities are added to the Query Result Graph. The
graph is then expandedby including predecessorsand successors.The entire QRGis used
for ranking, but only the relevant pagesand entities are returned as the query result.

4.5 Exp erimen tal Evaluation

4.5.1 Exp erimen tal Setup

We evaluate the performanceof our systemon a subsetof the English-languageWikip edia;
we focuson two thematic slices: Serbiaand basketball. Pageswere included into the respec-
tiv e slice basedon whether they contain the words \Serbia" and \basketball". The slices
are comparablein size,and together include about 7800Wikip edia articles.

We selected20 keyword queries, 10 queriesper slice, for our experimental evaluation.
Queries ranged between 1 and 6 words in length. Some examples of queries are lake,
politician , physics, living writer prize winner on the Serbia slice, and NBA venue, college
basketball, Afric an American basketball player Olympic competitor on the basketball slice.
Queries were selectedso as to have non-trivial recall in the ontology with respect to the
slice: query terms had to match thematic neighborhoods of at least a few ontology nodes
relevant to the slice. We allowed for signi�cant variation in ontology recall: for somequeries,
hundredsof ontology nodesmatched, while for others there wereonly a handful of matches.
In the most extreme case,only one ontology node matched the query.

We comparefour ranking methods in our experiments: onequery-independent and three
that re-rank results at query time. Theseare query-independent PageRank(PR) for pages,
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and the corresponding Page-Inherited Authorit y (PIA) for entities. Query-time re-ranking
methods include Un-Typed Authorit y with PageRank (UTA-PR) and with HITS (UTA-
HITS), and Entit y-Derived Authorit y (EVA). We considertop-20 pagesand top-20 entities
returned by each ranking method in our evaluation.

For a given query, top-ranking results werecollectedand pooled. The quality of each re-
sult wasthen evaluated by two of the co-authorsof this work. Evaluators had no knowledge
either of the method that retrieved the result, or of the result's rank. We used a simple
goodnessmetric, a value between 0 and 2, in our evaluation, and averaged the goodness
scoresif there wasdisagreement. Goodnessscoreswereassignedas follows: 0 for irrelevant,
1 for somewhat relevant or relevant but not very important, and 2 for very relevant. To
judge goodnessof an entit y, the evaluator was asked to identify a Wikip edia pagethat was
most relevant to the entit y, and use the contents of the page to guide the evaluation. We
alsoconsideredusing a combination of metrics, such ascoverageand speci�cit y, to evaluate
the results. However, thesemetrics were designedwith documents (or parts of documents)
in mind, and it was not clear how to apply them to entities and concepts.

We use four metrics to assessthe performance of the ranking methods: discounted
cumulated gain (DCG) [J•arvelin and Kek•al•ainen, 2002], normalized discounted cumulated
gain (NDCG) [J•arvelin and Kek•al•ainen,2002], precision,and recall. All metrics wereapplied
at top-20. DCG and NDCG are described in detail in Section 1.1.3.2. Recall that DCG is
a cumulativ e metric that weighsgoodnessscoresby rank, penalizing entries that appear at
later ranks. NDCG is an averagemetric that normalizeseach entry in the DCG vector by
the corresponding value in the ideal vector. We report DCG in addition to NDCG because
it incorporates recall (a low-recall method may have a perfect NDCG score,but it will not
have a perfect DCG score). As suggestedin [J•arvelin and Kek•al•ainen, 2002], we useb = 2
as the discount factor. For recall, we consideran entry to be relevant to a query if at least
one of the two evaluators consideredthe entry relevant (goodnessscore� 0:5). Precision
is calculated with respect to the ideal: we pool together the relevant entries retrieved by
all methods, order them by descendinggoodness scores,and calculate recall at top-20.
Precision of a ranking method is then calculated as r ecall method =recall ideal .

4.5.2 Results and Discussion

Results of our experimental evaluation are summarizedin Tables4.1 and 4.2. All methods
that involve query-time re-ranking operate on the Query Result Graph: a query-dependent
subsetof the GeneralizedData Graph. Each entry represents an averageamong 20 queries
in our experiments. We view results obtained by query-independent PageRank(PR entry
in Table 4.2) as the base-linefor our experiments. Note that NDCG, precision, and recall
are normalized, and that perfect DCG is 15.63in our setting.

We make the following observations from theseresults.



CHAPTER 4. SEMANTICALL Y ENRICHED AUTHORITY PROPAGATION 119

Metho d DCG NDCG Recall Precision

PIA 12.73 0.91 0.88 0.97
UT A-PR 12.67 0.91 0.88 0.96
UT A-HITS 11.17 0.78 0.82 0.91
EV A 11.95 0.86 0.90 0.99

Table 4.1: Ranking on entities.

Metho d DCG NDCG Recall Precision

PR 4.14 0.34 0.42 0.59
UT A-PR 2.90 0.26 0.35 0.53
UT A-HITS 2.62 0.24 0.30 0.47
EV A 7.61 0.60 0.67 0.89

Table 4.2: Ranking on pages.

� For the chosenqueries,the set of highly ranked entities consistently and signi�cantly
outperforms highly ranked pages,according to all usedmetrics.

� EVA signi�cantly outperforms other methods according to all metrics with respect to
highly ranked pages.

� No conclusioncan be drawn about the relative performanceof ranking methods with
respect to entities. All methods produce high-quality results.

Wikip edia contains a signi�cant number of hubs (list pagesthat link to pagesrelevant
to a topic) and super-authorities (e.g. country and major city pages). Such pagesattain
high query-independent PageRank scores,and appear in very high ranks in response to
most queries. So, for the query basketball on the Serbia slice, query-independent PageRank
returns the following pagesin the top-20: \1977", \1990s", \Greece", and \Belgrade". Re-
ranking on the combined page-entit y graph with UTA leadsto pagematchesthat still have
high global authorit y, but are more focusedon the query: \List of athletes by nickname",
\August 2004 in sports", and even a high-quality match \Basketball at the 2004Summer
Olympics (team squads)". Re-ranking with EVA returns pagesthat are very speci�c both
to the query and to the slice: \Basketball in Yugoslavia", \Vlade Divac", \Basketball
World Championship" and \National pastime". Entit y matchesareeven better, and include
\Mic haelJordan", \LA Lakers", \NBA", \Madison SquareGarden", \Belgrade Arena", and
\Predrag Danilovic". The name \Vlade Divac" was not recognizedby GATE, and we miss
out on an entit y that corresponds to this Serbian national hero in the top-20.

Our novel ranking technique, EVA, is not realizing its full potential when ranking on
entities, most importantly becauseour current extraction and mapping techniques do not
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allow us to include inter-entit y edgesinto the QRG, limiting the 
o w of authorit y, particularly
for entities.

The choice of relatively small thematic slicesfor our experiments makes the sizeof the
GeneralizedWeb Graph more manageable,but con�nes us to working with only a small
subset of the ontology, limiting the recall of entit y-based methods in some cases. For
example, the query \ortho dox monastery" on the Serbia slice was able to identify a single
entit y asa match { the monasteryHilandar. This happenedbecausethe ontology contained
a limited amount of information relevant both to the query and to the thematic slice. The
situation was further aggravated by the fact that the GATE/ANNIE Toolkit was not very
successfulwhen mining foreign-languagenames, and so many InfoUnits that could have
beenmatched to relevant Onto Graph nodeswent unnoticed.

4.6 Related Work

Link Analysis: Link analysis has come a long way since the seminal articles by Klein-
berg [Kleinberg, 1999] and Page et al. [Page et al., 1998] were published. These early
approaches and their extensions, overviews of which are given in [Borodin et al., 2005;
Langville and Meyer, 2004], are basedon a simple directed graph model. More sophisti-
cated (e.g., weighted, multi-t ype, and labeled) graph models were considered in [Bhalo-
tia et al., 2002; Chitrapura and Kashyap, 2004; Geerts et al., 2004; Guo et al., 2003;
Xi et al., 2004]. More recently, the paradigm of link analysishasbeencarried over to graphs
other than the Web graph, namely, relational databaseswith records and foreign-key re-
lationships constituting the nodes and edgesof the graph, and entit y-relationship graphs
that capture, for example,bibliographic data such asDBLP or Citeseer. Such settings have
led to new forms of ObjectRank, PopRank, or Entit yRank measures[Anyanwu et al., 2005;
Balmin et al., 2004; Chakrabarti, 2007; Cheng and Chang, 2007; Nie et al., 2005]. Objec-
tRank [Balmin et al., 2004] resemblesour approach becauseit is also inspired by HITS, but
it does not addressWeb data at all. Entit yRank [Cheng and Chang, 2007] addressesthe
ranking of entities extracted from Web pages,but its focus is on frequency-basedcontent
strength and it doesnot considerthe graph structure of the Web and its embeddedentities.
PopRank [Nie et al., 2005] is closest to our framework; it usesa \random object �nder"
model on an object-relationship graph and combines this with a prior popularit y derived
from pages'PageRankvalues (the latter is similar to our PIA method). Our approach is
more powerful becausewe treat both pagesand entities as �rst-class citizens in ranking,
and becausewe alsoconsiderontological relationships and con�dence valuesfrom extraction
and disambiguation.

En tit y Search: Searching the Web at the �ner and semantically more expressive
granularit y of entities (Web objects) and their relationships, instead of the coarser page
granularit y prevalent today, has been pursued in di�eren t variants like faceted search,
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vertical search, object search, and entit y-relationship search (e.g., [Chakrabarti, 2004;
Chang, 2006; Doan et al., 2006a; Hearst, 2006; Madhavan et al., 2007; Nie et al., 2005].
The approaches most closely related to our work are the Libra system [Nie et al., 2007;
Nie et al., 2005], the Entit ySearch engine [Chengand Chang, 2007], and the ExDB system
[Cafarella et al., 2007]. All three systems extract entities and relations from Web data
and provide ranked retrieval. Libra usesa variety of techniques for ranking, including the
PopRank model mentioned above and a record-level statistical languagemodel; the Enti-
tySearch engine mostly relies on occurrence-frequencystatistics; ExDB factors extraction
con�dence valuesinto its ranking but doesnot considerany link information. Noneof these
ranking modelsconsidersthe mutual authorit y propagation betweenentities and pagesthat
we exploit in our GeneralizedData Graph.

4.7 Conclusions

In this chapter we developed an entit y-aware ranking framework, and presented a novel
ranking algorithm, Entit yAuthorit y, that models the mutual reinforcement between pages
and entities. We demonstrated how an ontology can be used for query processingand
ranking in this setting. We presented a prototype implementation of our system, and
experimentally demonstrated the improvement in query result quality.

Entit yAuthorit y is an example of a search and ranking framework that can be used in
a heterogeneoussetting, where relevance and quality of a result is determined based on
ontological relationships, link structure of pagegraph, etc. Techniques of this chapter may
be combined with the similarit y measuresof Chapter 3, making the ontology-basedportion
of the ranking more sophisticated in presenceof a scoped polyhierarchy. For example, an
iterativ e authorit y propagation mechanism may be developed for PubMed, in which scores
of documents would be initialized with similarit y scoresof Chapter 3, and documents and
MeSH terms would then be re-ranked with Entit yAuthorit y. Such re-ranking would operate
over a linked graph of documents, with semantics of the links capturing the semantics of
quality, or authorit y. For example, links between documents may be establishedbasedon
co-authorship, citations, publication venues,or authors' a�liations.
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Chapter 5

Rank-Aw are Clustering of
Structured Datasets

This chapter presents joint work with Sihem Amer-Yahia [Stoyanovich and Amer-Yahia,
2009]. We would like to thank Duncan Watts and Jake Hofman for their help and valuable
discussions.

5.1 In tro duction

In Chapter 2 we explored how semanticsof social connections may be usedfor information
discovery. In Chapters 3 and 4 we consideredhow semanticsof an ontology may be usedfor
search and ranking. In the present chapter we explore how semantic relationships among
item attributes may be usedfor rank-aware information discovery.

In online applications that involve large structured datasets, such as Yahoo! Personals
and Trulia.com, there are often thousands of high-quality items, in this case,personsand
apartments, that satisfy a user's information need. Users typically specify a structured
target pro�le in the form of attribute-v alue pairs, and this pro�le is then used by the
systemto �lter items. On dating sites, a target pro�le may specify the age,height, income,
education, political a�liation, and religion of a potential match. In real estateapplications,
a pro�le describes a user's dream home by its location, size, and number of bedrooms.
The number of matches to a speci�c pro�le is often very high, making data exploration an
interesting challenge.

Typically usersalsospecify ranking criteria that are usedto rank matches. For example,
in Yahoo! Personals, potential matches can be ranked by decreasingincome or increasing
age,while in Trulia.com, available housesmay be ranked by increasingprice or decreasing
size. Ranking helps usersnavigate the set of results by limiting the number of items that
they seeat any one time, and by making sure that the items users see�rst are of high
quality (according to the ranking criteria). However, ranking also brings the disadvantage
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of match homogeneity: the user is often required to go through a large number of similar
items before �nding the next di�eren t item. This is illustrated in the following �ctional
example inspired by Yahoo! Personals.

Example 5.1.1 User Mike is looking for a date. Mike speci�es that he is interested in
women who are 20 to 30 years old and who havesomecollege education, and requeststhat
results be sorted on income in descending order. When inspecting the results, Mike notices
that the top ranks are dominated by women in their late-twenties with a Master's degree. It
takesMike a while to scroll down to the next set of matches that are di�er ent from the top-
ranking ones. In doing so, he skipsover someunexpected casessuchas youngerwomenwith
higher education and income levels,or womenwith high income who did not graduate from
college. After additional data exploration, Mike realizes that there is a correlation between
age,education (�ltering), and income (ranking). Suchcorrelations would havebeen obvious
if data were presented in labeled groups such as [20-24] year-olds with a bachelor's
degree, [25-30] year-olds who make more than 75K, etc.

A key point that arises from this example is that a user who is browsing a result set
sequentially , item by item, is only able to infer sometrends and correlations in the data after
seeinga signi�cant number of items. Sequential presentation is not very helpful if the user
is trying to understand general properties of a dataset, i.e., explore the data, particularly
if the dataset is large.

The complexity of manual data exploration increaseswith more sophisticated ranking.
For example,Mike's pro�le could provide a custom scoring function that computesa score
which is inverselyproportional to the distance from his geographiclocation to the location
of his match, and directly proportional to the match's income. Helping the users better
understand the results, which enableseasiernavigation and pro�le re�nement, is even more
important in this case, given that correlations between item attributes and the ranking
function are lessobvious.

5.1.1 Motiv ating User Study

In order to better understand the challengesof ranked data exploration, we interviewed
six potential users. All userswere male, and they were all members of Yahoo! Research.
Userswere asked to specify a realistic Yahoo! Personalspro�le, and to discusstheir data
exploration experiencewith us during the courseof the interview. We conducted free-form
interviews and did not usea questionnaireso as not to in
uence the users' statements by a
limited menu of options. Userswere allowed to selectamong a pre-speci�ed set of ranking
attributes.

User pro�les were evaluated by our prototype implementation, against the Yahoo! Per-
sonalsdataset. Pro�le matcheswerepresented in two ways: ranked list and clustered items.
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Three users were shown the ranked list �rst, followed by clustered items; the order was
reversedfor the other three users.

As the userswere interacting with the ranked list interface, they noted that results are
homogeneous: there was little variation in attribute values among top-ranked items. As a
result, item attributes were ignored by most users,and the decision of whether to further
explore a particular pro�le was basedsolely on the photo. All six usersexplicitly stated
result homogeneity as a concern. The other key observation was that ranking is opaque.
Indeed, item ordering was not consideredhelpful in data exploration and was not well-
understood by some users. Even for single-attribute ranking, some users wanted to see
items with a variety of values for the ranking attribute. Two users explicitly stated this
limitation.

During their interaction with the clustered items interface usersnoted that diverse re-
sults were more easily accessible, and that clustered items helped them re�ne their search
preferences. Three out of six usersdecidedto re�ne their query moments after seeingclus-
ters of results. Two of the three explicitly commented that the presentation enabledthem
to quickly understand the result set and to re�ne their query more e�ectiv ely.

5.1.2 Limitations of Clustering Algorithms

Clustering is an e�ectiv edata exploration method that is applicableto structured, semistruc-
tured, and unstructured data alike. Clustering algorithms assignN items to K � N groups,
where K is either known in advanceor discovered by the algorithm. To be useful for data
exploration, the algorithm must produce meaningful descriptions for the clusters. There
are many families of clustering algorithms that can be usedfor this task. Somealgorithms
partition the dataset, while others assigneach point to zero, one, or several clusters. Some
algorithms operate over all item attributes, while others attempt dimensionality reduction
techniques. In domains like Yahoo! Personals, where datasets are large and all items are
described by a large number of attributes, it is intuitiv e to usesubspace clustering.

Subspaceclustering is an extension of traditional clustering that seeksto �nd clusters
in di�eren t subspacesof a dataset [Parsonset al., 2004]. Clusters of items are high-quality
regions identi�ed in multiple, possibly overlapping, subspaces.Many subspaceclustering
algorithms usethe density of a region asa quality measure.In the simplest case,density is a
percentage of data points that fall within a particular region, and the algorithm aims to �nd
all regionsthat have density higher than a pre-de�ned threshold. We give an overview of one
of the �rst subspaceclustering algorithms, CLIQUE [Agrawal et al., 1998], in Section5.3.1,
and we illustrate it here with an example.

Example 5.1.2 Consider a �ctional real estate example in Table 5.1: a database of 300
rental apartments, listing the number of bedrooms, number of bathrooms, sizein f t 2, monthly
rental price, and the number of such apartments currently on the market. Mary is looking
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# beds # baths size ( f t2) price ($) # apts

1 1 600 1800 5
1.5 700 2100 55
1 750 2900 25

2 1.5 700 2200 30
1 800 2400 60
2 800 2850 10
2 950 3500 100

3 1.5 950 2900 5
2 1000 3200 10

Table 5.1: A �ctional real estate database.

for an apartment that is at least 600-f t2 in sizeand hasat least one bedroom, and shewants
the matchessorted on price in increasing order. All apartments in Table5.1 match Mary 's
pro�le.

Assume a density threshold � = 0:1. A typical density-based subspaceclustering al-
gorithm starts by dividing the range of values along each dimension (attribute) into cells,
and by computing the density in each cell. For example, each distinct value of #beds,
size , and #baths may correspond to a cell, and price may be broken down into intervals
(1500; 2000], (2000; 2500], (2500; 3000],and (3000; 3500]. Cells that do not passthe density
threshold are pruned at this stage. The algorithm immediately prunes 600-f t 2 apartments
( 5

300 < � ), 750-f t2 apartments ( 25
300 < � ), 1000-f t2 apartments ( 10

300 < � ), and apartments in
the (1500; 2000] price range ( 5

300 < � ). Given Mary's interest in cheaper apartments (price
is her ranking condition), it is problematic that the cheapest apartments in the dataset, the
600-f t2 apartments that cost $1800,are pruned.

Next, the algorithm progressively exploresclustersin higher dimensionsby joining lower-
dimensional ones. For example, the 1-dimensionalcluster of 800-f t 2 apartments (70 items)
can be joined with the 1-dimensionalcluster of apartments in the (2000; 2500] price range
(145 items). The result of this join is a region with 60 800-f t 2 2-bedrooms at $2400per
month, which quali�es as a cluster since it passesthe density threshold. However, the
region that results from joining the 950-f t 2 apartments (105 items) with apartments in the
(2500; 3000]price range(40 items) doesnot qualify asa cluster (it contains only 5 items) and
is pruned, losing the potentially interesting 3-bedrooms for a relatively low price ($2900).
Density decreasesin higher dimensions and the algorithm stops when there are no more
clusters to explore.
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5.1.3 Challenges of Rank-Aw are Clustering

A lower density threshold would evidently guarantee that someof the regionspruned using
a higher threshold would be preserved. However, if the threshold is set too low, the al-
gorithm would keepmerging neighboring cells, ultimately identifying much larger clusters,
and possibly onecluster containing the entire dataset. Moreover, not all regionsthat passa
typical clustering quality metric, e.g.,density or entropy, are equally interesting to the user.
Indeed, given a scoring function, someitems, and hencesomeclusters, are more desirable
than others (e.g., Mary has little interest in the 2-bedroom apartments that cost $3500,but
would like to seethe 1-bedrooms that cost $1800). Even when the density of a region is
high, as is the casewith 2-bedroom apartments for $3500,Mary would probably have less
interest in them than in cheaper apartments. Therefore, we proposeto explore rank-aware
clustering quality measures which account for item scoresand ranks in assessingcluster
quality.

5.1.4 Chapter Outline

In the remainder of this chapter we present BARA C: a B ottom-up A lgorithm for Rank-
A ware Clustering of structured datasets. We start by formalizing new clustering quality
measuresfor rank-aware data exploration in Section 5.2, and develop an adaptation of a
bottom-up APRIORI-st yle subspaceclustering algorithm for this setting in Section 5.3. In
Section5.4wepresent an extensive evaluation of the e�ciency of BARA C on datasetsfrom
Yahoo! Personals, and show that our algorithm is e�cien t and scalable. We experimentally
validate the e�ectiv enessof our approach in Section 5.5, using both qualitativ e analysis,
and results of a large-scaleuser study with a subsetof Yahoo! Personalsusers.

5.2 Formalism

In this sectionweformalize rank-awaredata exploration for structured datasets. Westart by
introducing the notion of a clustering quality measure,and then give the problem statement.

5.2.1 Regions and Clusters

We are given a dataset D where items are described by attribute-v alue pairs, including a
special attribute id which uniquely identi�es each item. Attributes belong to a set A .

De�nition 5.2.1 (Regions) A region G is a set of items labeled with a conjunction of
predicates over attributes in A , which, if evaluated on the datasetD, results in all items in
the region. The dimensionality of a region is simply the number of predicates that describe
that region.
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A predicate speci�es a value, or a range of values,for an attributes. Note that a region
may be described by the predicate P = > , in which caseit evaluates to the entire dataset.

The predicatesthat describea region are the region description. We will often useregion
and region description interchangeably. The following conjunction of predicatesspeci�es a
two-dimensional region:

G : age 2 [25; 30]^ education = B achelor0s

Any subsetof predicatesthat de�ne a region G is a sub-region of G (G is a super-region
of its sub-regions.) A cluster is a region that satis�es a clustering quality measure.

De�nition 5.2.2 (Clustering Qualit y Measure) A clustering quality measure Q is a
predicate over the distribution of items in a region G that makesG interesting to a user for
the purposeof data exploration.

In this chapter we consider clustering quality measuresthat compare some statistic
associated with the region to a threshold � . Let us now give someexamplesof measures
that were developed in data mining. Given a region G = P1 ^ : : : ^ Pn , we denote by p(Pi )
the proportion of items satisfying Pi with respect to the entire dataset D, i.e. jPi j=jD j.

A clustering quality measuremay be stated with respect to the number of items in the
region, as is the casewith the density measure in CLIQUE [Agrawal et al., 1998], e.g., \a
cluster is a region that contains at least � % of the total number of items":

QD E N SE : p(G) � � (5.1)

A clustering quality measuremay encodeattribute correlation,1 i.e., higher-than-expected
density of points, wherethe fraction of the observednumber of items to the expectednumber
is comparedto a threshold � .

QCORR :
p(P1 ^ : : : ^ Pn )

p(P1) � : : : � p(Pn )
� � (5.2)

A clustering quality measuremay specify entropy, with the intuition that regionswith
lower entropy have higher density and higher attribute correlation, as was shown in EN-
CLUS [Cheng et al., 1999]:

QE N T : H (G) = H (P1; : : : Pn ) � � (5.3)

Given a datasetD, a clustering algorithm returns a setof regionsthat satisfy a clustering
quality measure.

1Here and in the remainder of this chapter we use \correlation" loosely, in the senseof \departure from
independence" (http://en.wikipedia.org/wiki/Co rrel atio n); we do not account for the direction of the
relationship between random variables.
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5.2.2 Rank-Aw are Clusters

In an on-line data exploration scenario,a user speci�es a pro�le composedof �ltering and
ranking criteria. We assumethat the user's �ltering conditions result in a dataset D (and
can thus take users out of the notation since we are interested in one user at a time).
Ranking is expressedby a scoring function S that assignsa score i:score to each item
i 2 D. We denote by S(D) the set of all items from D augmented with i:score. Typically,
items are presented to the user as a single ranked list sorted by score.

We �rst argue that rank-unaware clustering measures(seeSection 5.2.1) are inappro-
priate when usersare interested in exploring ranked datasets.

Example 5.2.1 Consider user Mary from Example 5.1.2. Mary is interested in seeing
apartments ranked by price in increasing order. Ann, another user who sharesMary 's �lter-
ing conditions, may be interested in seeing the sameapartments sorted by size in decreasing
order. Which clusters are best for which user depends on the user's ranking preferences.
One reasonableoption is to cluster apartments based on the scoring attribute. In particular,
Ann may appreciate seeing the 950-f t2 apartments which cost $2900 in the same cluster
as the same-sizeapartments for $3500, while Mary may prefer to see 950-f t 2 apartments
grouped together with the same-priced 750-f t 2 apartments. A subspace clustering measure
that does not account for item scores would not distinguish between these two users, and
would therefore be inappropriate for rank-aware data exploration.

The scoreof each item can be treated as an additional attribute and can thus be used
for clustering. Items can be clustered using a quality measureof the kind described in
Section5.2.1. However, as we argue in the following example,using scoresas an additional
clustering dimension still fails to e�ectiv ely addressdata exploration for ranked datasets.

Example 5.2.2 Consider again Example 5.1.2, where Mary wants to sort apartments by
price. If item price is used as a clustering dimension, in the sameway as other attributes,
then Mary may see a high number of clusters, not all of which are of potential interest to
her: e.g. a cluster of expensive 2-bedroom apartments may appear alongsidea cluster of
cheap 2-bedrooms. If many clusters are discovered by the algorithm, the potentially more
interesting onesmay go unnoticed. Worse yet, the algorithm may decide to merge together
intervals that are of high interest to Mary with thoseof low interest, resulting in a potentially
large heterogeneous cluster with homogeneous results dominating the top ranks.

Hence, we explore new clustering quality measuresthat use item scoresand ranks to
assessregion quality.

De�nition 5.2.3 (Rank-Aw are Clustering Qualit y) A rank-aware clustering quality
measure is a predicate over S(G) for a region G and a scoring function S.
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Here, S(G) denotes the set of all items from G augmented with i:score. We explore
di�eren t types of rank-aware quality measures,building on the assumption that usersare
more interested in clusters that contain items with high scores,and that they will only
explore the best items in those clusters. We use S(G; N ) to denote N highest scoring
items in S(G). N is a parameter in our formalism that models the user's attention span {
the number of items the user is likely to explore sequentially [Manber et al., 2000]. This
parameter can be customized per user, or it can be set to re
ect the preferencesof an
averageuser.

The �rst measure, QtopN , states that a multi-dimensional region G is a cluster if it
contains enoughitems that are in the top-N of each of its one-dimensionalsub-regions.

QtopN :
jS(G; N ) \ S(P1; N ) \ : : : \ S(Pm ; N )j

jN j
� � (5.4)

QtopN aimsto discover attribute correlationsamongthe high-scoringitems in the dataset.
We illustrate how this measurecomparesto density using Example 5.1.2. Recall that user
Mary speci�ed price as the ranking condition.

The join of the 700-f t2 cluster with the (2000; 2500] price range cluster preserves the
lower-priced 1-bedrooms, since the top-N items in the join correspond to the high-scoring
items in the (2000; 2500] cluster (one of the sub-regions) and to the high-scoring items
in the 700-f t2 cluster (its other sub-region). On the other hand, the join of 2-bathroom
apartments with 950-f t2 apartments would not contain any of the cheapest 2-bathroom
apartments in its top-N and would thus not qualify as a cluster.

QtopN is a generalization of density from CLIQUE [Agrawal et al., 1998], where N is
substituted by jD j, making the numerator equal to jS(G)j, or simply jGj.

The next measure,QSCORE , statesthat a region is interesting if it contains high-scoring
items in its top-N . Gwill have the highest-scoringitems in its top-N if the samehigh-scoring
items are present in the top-N lists of all of its one-dimensionalsub-regionsP1 : : : Pk . In
the best case,the top-N of the intersection of theseregionswill coincide with the top-N of
their union, which gives rise to the formula:

QSCORE :
� i 2S (G;N ) i:score

� i 2S ([ k Pk ;N ) i:score
� � (5.5)

QSCORE can be usedto compareregionswith a di�eren t number of items in their top-
N lists: a region with few high-scoring items in the top-N may be of equal interest to
the user as one with many lower-scoring items. Supposethat Mary's scoring function is
SM ar y : i:score = 3500� i:pr ice

3500� 1800 . Then, under QSCORE , the region formed by the �v e 600-f t2

1-bedrooms has a quality scoreof �v e and is more interesting than the region formed by
the ten 1000-f t2 3-bedrooms with a scoreof 1.76.

Finally, we present a measurethat models the relationship between item scoresand
ranks. The intuition is that a region with exceptionally high-scoring items in high ranks



CHAPTER 5. RANK-A WARE CLUSTERING OF STRUCTURED DATASETS 131

may be just as interesting to the user as a region in which items have intermediate scores.
We de�ne this measureusing NDCG (Normalized Discounted Cumulated Gain) [J•arvelin
and Kek•al•ainen, 2002], with S([ kPk ; N ) as the ideal vector. NDCG is described in detail
in Section 1.1.3.2.

QSCORE & RAN K : AV Gr � N N DCG(S(G; N ); S([ kPk ; N ))[r ] (5.6)

ConsideragainExample 5.1.2and Mary's scoringfunction SM ar y , and let us take N = 5.
Let us compute the NDCG for the 1.5-bathroom apartments with the sizeof 950-f t 2. The
ideal gain vector consistsof scoresof the 5 best items that either have 1.5 bathrooms or
are 950-f t2 in size, namely, the 1.5-bath 700-f t2 apartments that cost $2100 per month
(i:score = 0:82). With b = 2 we derive: DCGI deal = [0:82 1:64 1:55 1:64 1:77].

Let us now compute the NDCG for the 950-f t2 1.5-bath apartments. The top-5 list
of this region consists of �v e 3-bedroom apartments at $2900 (i:score = 0:35). We de-
rive DCG = [0:35 0:7 0:66 0:7 0:75]. We now normalize each position in DCG by the
corresponding position in DCGI deal, averagethe values,and arrive at N DCG = 0:43.

5.2.3 Problem Statemen t

De�nition 5.2.4 (Rank-Aw are Clustering) Given a dataset D, a scoring function S,
a rank-aware clustering quality measure Q and an integer N , �nd all clusters in D, i.e.,
regions of any dimensionality that satisfy Q.

5.3 Rank-Aw are Subspace Clustering

In this section, we give a brief overview of subspaceclustering, formalize properties of our
rank-aware subspaceclustering algorithm, and �nally present the algorithm.

5.3.1 Overview of Subspace Clusterings

We now give a general description of density-based bottom-up subspaceclustering algo-
rithms. The readeris referredto [Parsonset al., 2004; Kriegel et al., 2008] for comprehensive
surveys.

Subspaceclustering is a feature selection technique that aims to uncover structure in
high-dimensional datasets [Parsons et al., 2004]. Unlike Principal Component Analysis
(PCA), where the goal is to identify the single best subsetof features in which the dataset
is then clustered, subspaceclustering looks for multiple, possibly overlapping, subsetsof
features that are usedto cluster di�eren t portions of the dataset.

Subspaceclustering algorithms use several related quality measures,also referred to
as clustering objectives, to guide the search. CLIQUE [Agrawal et al., 1998], one of the
�rst algorithms in this family, relies on a global notion of density, which is simply the
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percentage of the overall dataset that falls within a particular region. A later algorithm,
ENCLUS [Cheng et al., 1999], usesinformation entropy as the clustering objective.

CLIQUE operatesin three stepsto which we refer as BuildGrid , Merge and Join .

1. BuildGrid builds a histogram in each dimension,counting the number of points that
fall within each bucket. For example, if the dimension is age, the outcome of this
phase is a set of non-overlapping age intervals and the number of matches in each
interval.

2. Merge neighboring histogram buckets (within the same dimension) that pass the
density threshold; discard buckets that do not passthe threshold.

3. Join dimensionsAPRIORI-st yle. This stepcomputesclustersin higher dimensionsby
joining lower-dimensionalclusters (e.g., age 2 [25� 30] with income 2 [50K � 80K ]),
and only keeping higher-dimensional clusters that pass the density threshold. This
step relieson the downward closure property of the clustering quality metric to prune
the search space.

Several extensions of the original algorithm were developed: MAFIA [Nagesh, 1999]

creates an adaptive grid that takes into account the data distribution, CLTree [Liu et
al., 2000] usesa decision-treeapproach to identify high-density regions, while Cell-Based
Clustering (CBF) [Chang and Jin, 2002] improvesscalability by partitioning the data so as
to produce fewer clusters.

5.3.2 Algorithm Prop erties

The Merge phaseof our algorithm is di�eren t from the corresponding phaseof density-
basedalgorithms, and it relieson the notion of interval dominancewith respect to a scoring
function.

De�nition 5.3.1 (In terv al Dominance) Given a scoring function S, an integer N , an
attribute ai , and any two consecutive value intervals I 1 and I 2 in the set of values from
domain(ai ), wesaythat I 1 dominatesI 2 with respect to S at top-N if and only if S(I 1; N ) =
S(I 1 + I 2; N ). We denote this as I 1 � S;N I 2.

Here, + is simply the concatenation of two consecutive intervals. The intuition is that
the top-N items from the dominating interval are strictly better, with respect to the scoring
function S, than the items in the the top-N of the dominated interval. For example, if S
ranks items in increasingorder of age,then I 1 : age 2 [25; 29] dominates I 2 : age 2 [30; 34].

We re�ne this de�nition further. We say that I 1 dominatesI 2 up-to a factor � 2 (0:5; 1],
with respect to S at top-N if and only if

jS(I 1; N ) \ S(I 1 + I 2; N )j
N

� �
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We denote this by I 1 � S;N ;� I 2.

Consider again the intervals I 1 : age 2 [25; 29] and I 2 : age 2 [30; 34], and a scoring
function that orders items on a combination of incomeand education: S = 0:25� income+
0:75 � education (higher values of attributes income and education correspond to higher
income and education levels, respectively). Becauseage positively correlates with income
and with education, it is likely that I 1 � S;N =10 ;� =0 :75 I 2.

We are interested in bottom-up clustering algorithms which build clusters in higher
dimensions from lower-dimensional clusters. Such algorithms rely on the downward clo-
sure property, which allows for pruning of the search space, resulting in better runtime
performance.

De�nition 5.3.2 (Do wn ward Closure) We say that downward closureholds for a clus-
tering quality metric Q if and only if, for any region G, if Q holdsover G, then it also holds
over every sub-region of G.

The fact that downward closure holds for Q topN follows directly from the de�nition of
QtopN and from set properties, namely, that jA \ B j � min (jAj; jB j). For a one-dimensional
group Pk with N or more items, QtopN = 1. As dimensionality of the group increases,new
setsare added to the intersection in the numerator of the expression.Thus the value of Q
is strictly non-increasingwith increasingdimensionality.

Downward closureholds for QSCORE and QSCORE & RAN K . This is becausethe top-N of
any region S(G; N ) consistsof items that are either in the top-N of all its one-dimensional
sub-regions(i 2 \ kS(Pk ; N )), or of items that have lower scores(j 2 \ k(S(Pk ) nS(Pk ; N ))).
The portion of \ kS(Pk ; N ) in S(G; N ) doesnot increaseasmore one-dimensionalgroupsare
addedto the intersection. Thus, the value of the numerator of the QSCORE expression,and
the DCG values in QSCORE & RAN K are non-increasingin dimensionality of the group. At
the sametime, the denominator of QSCORE , and the valuesof DCGI deal for QSCORE & RAN K

arenon-decreasingin the sizeof the union. Thus the valuesof QSCORE and QSCORE & RAN K

are strictly non-increasingwith increasingdimensionality.

5.3.3 Our Approac h

Our proposedalgorithm BARA C, B ottom-up A lgorithm for Rank-A ware Clustering, is
an APRIORI-st yle algorithm with a 
o w that is similar to CLIQUE (Algorithm 6).

The procedure BuildGrid (Algorithm 7) starts by computing a score for each item
i 2 D, and then sorts the items in decreasingorder of score. As the dataset is scanned,all
distinct valuesfor each attribute ai 2 A are recordedasdomain(ai ). Next, we considereach
attribute ai with a corresponding domain(ai ), and compute a gr id data structure that is an
array of one-dimensionalhistograms. If ai is a categoricalattribute with no natural ordering
on its values (e.g. religion), a histogram bucket is created for each value vj 2 domain(ai ).
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Algorithm 6: BARA C: B ottom-up A lgorithm for Rank-A ware Clustering

Require: dataset D, scoring function S, N , � Q , � dom , maxB uckets
1: gr id = BuildGrid (S; D; N ; maxB uckets);
2: mergedGrid = Merge (gr id; N ; S; � dom );
3: clusters = Join (mergedGrid; N ; S; � Q );
4: return clusters

If ai is numerical (e.g., age) or ordinal categorical (e.g., body type), domain(ai ) is broken
down into at most maxB uckets intervals of consecutive values. Bucket j for attribute i is
denoted by gr id[i ][j ]. Having establishedinterval boundaries for attribute ai (lines 3-12),
we assignto each interval the best N items in S(D) from among those that fall within the
range of the interval (lines 13-15).

Algorithm 7: ProcedureBuildGrid

Require: S(D); S;N ; maxB uckets
1: compute a list of items S(D), sorted by i.score;
2: init gr id, a matrix with one row per attribute ai 2 A ;
3: for ai 2 A , where jdomain(ai )j > 1 do
4: if ai is an unordered categorical attribute then
5: for val j 2 domain(ai ) do
6: f allocate 1 column in gr id[i ] per value val j g
7: gr id[i ][j ]:r ange = [val j ; val j ];
8: end for
9: else

10: divide domain(ai ) into at most maxB uckets consecutive intervals;
11: set gr id[i ][j ]:r ange per interval;
12: end if
13: for each interval j do
14: gr id[i ][j ]:items = S(� gr id [i ][j ]:r ange(D ); N );
15: end for
16: end for
17: return gr id

Merge runs multiple passesof the procedureOneP assMerge (Algorithm 8). OneP ass-
Merge takes the gr id as input and expandsthe search spaceof the algorithm by consider-
ing, and possiblymerging, runs of neighboring histogram buckets along the samedimension.
Once the �rst run of OneP assMerge is done, it is invoked again on the output grid, and
exploresmerging additional intervals.
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The idea is that, for an attribute ai , if neither of the two neighboring one-dimensional
intervals gr id[i ][j ] and gr id[i ][k] dominates the other (De�nition 5.3.1), then it may be
bene�cial to consider their concatenation in the subsequent Join phase, in addition to
consideringboth of them separately. This is becausethe top-N items of the concatenated
interval are su�cien tly di�eren t from the top-N items of the individual intervals, presenting
additional clustering opportunities. If, however, one of the intervals dominates the other,
then, by de�nition, the set of top-N items of the concatenated interval is very similar
(or exactly the same) as the top-N items of the dominating interval, and so adding the
concatenatedinterval to the search spaceis not helpful. We make two observations about
Merge . First, the output grid is typically much larger than the original grid sinceall input
intervals are also preserved in the result. Second,the lower the threshold � dom , the fewer
intervals are generated. We explore the impact of � dom on e�ciency in Section 5.4.

Algorithm 8: ProcedureOneP assMerge

Require: gr id; N ; S, � dom

1: mergedGrid = cloneGrid(gr id);
2: for ai 2 A do
3: for j = 1 to gr id[i ]:length � 1 do
4: f Check dominanceamong consecutive intervals.g
5: k = j + 1;
6: if not (gr id[i ][j ] � S;N ;� dom gr id[i ][k]) ^ not (gr id[i ][k] � S;N ;� dom gr id[i ][j ]) then
7: f + denotesinterval concatenation.g
8: gr id[i ][j + k]:items = S(gr id[i ][j ]:items [ gr id[i ][k]:items; N );
9: addToGrid(mergedGrid[i ]; gr id[i ][j + k];

10: end if
11: end for
12: end for
13: return mergedGrid

The procedure Merge returns the mergedGrid, which contains all one-dimensional
clusters. The procedureJoin , which is invoked next, computesclustersin higher dimensions
by progressively joining together lower-dimensionalclusters. This procedureis the sameas
the corresponding procedurein CLIQUE [Agrawal et al., 1998], and we describe it here for
completenessusing our terminology.

Join repeatedly invokesthe sub-routine doJoin and terminates when no more clusters
are identi�ed. Procedure doJoin , presented in Algorithm 9, takes (k � 1)-dimensional
clusters and a quality threshold as input, and returns a set of k-dimensional clusters. This
is done by �rst identifying a candidate set of k-dimensional regions (lines 2-8), and then
pruning the set by removing all regions that do not passthe quality threshold � Q (line 9).
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Algorithm 9: ProceduredoJoin

Require: ClustersK � 1, � Q

1: RegionsK = ; ;
2: for C1 2 ClustersK � 1 do
3: for C2 2 ClustersK � 1 do
4: if compatible(C1; C2) then
5: append(RegionsK ; j oinC lusters(C1; C2));
6: end if
7: end for
8: end for
9: ClustersK = prune(RegionsK ; � Q );

10: return ClustersK ;

We omit pseudo-code for someof the subroutines, but describe them verbally below.

Assume that the relation < represents a lexicographic ordering on attribute names.
Assumealsothat a cluster Cis represented by a set of intervals, with the number of intervals
in the set corresponding to the dimensionality of the cluster. Each interval records the
attribute name (e.g., age or income), and the low and high values that specify the range.
So, an interval age 2 [25; 29] has attr ibute = age, low = 25, and high = 29. Two intervals
are consideredequal if they referencethe sameattribute nameand the samerangeof values.

Two (k � 1)-dimensionalclustersC1 and C2 are said to be compatible if they contain k � 2
equal intervals, and if the (k � 1)st interval of C1 is lexicographically lower than the (k � 1)st

interval of C2. The result of joinClusters (C1; C2) is a k-dimensional region described by
the union of the intervals of C1 and C2.

The quality measure Q can be any one of the measuresde�ned in De�nition 5.2.3.
During the Join step, all measuresare applied to S(G; N ), the top-N items of each region
G. We compute the top-N lists for each grid interval in line 14 of Algorithm 7. As intervals
are merged, and as clusters are joined to produce higher-dimensional clusters, top-N lists
are re-computed (line 9 of Algorithm 8).

In the worst caseJoin will explore all combinations of dimensions. However, this worst
caseis very coarse.Actual run-time performanceis highly data-dependent, asweshow in the
next section. Join terminates when there are no more pairs of compatible clusters which
satisfy the quality threshold. This is guaranteed by the downward closure property (see
De�nition 5.3.2). The lower the value of � Q , the higher the number of clusters generated
by our algorithm. We explore the impact of di�eren t threshold values on the run time
performancein the next section.
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5.4 Exp erimen tal Evaluation of Performance

We implemented BARA C with our three clustering quality measures(Section 5.2.2.)
Since QSCORE behaved similarly to QtopN , we only report results with the latter and
QSCORE & RAN K . Our prototype is implemented in Java and operateson memory-resident
data. All experiments were executed on a 64-bit machine with two Intel Xeon 2.13GHz
processorsand 4GB of RAM, running RedHat EL AS 4.

5.4.1 The Yahoo! Personals Dataset

Dataset. We evaluated the performance of BARA C on a dataset from a leading on-
line dating servicewith millions of registered users. Usersof the servicecreate a personal
pro�le in which they describe themselves using 30 structured attributes, e.g., age, height,
occupation, education, income,etc. Usersalsocommonly store oneor several target pro�les,
expressedin terms of the samestructured attributes. When specifying that pro�le, users
designate attributes as required and desirable. Required attributes are used as �ltering
conditions for exact matching against personalpro�les, while desirableattributes are used
for ranking exact matches.

For the purpose of our experiments we focus on computing matches for male users,
as there are at least one order of magnitude more males searching for females. We store
a snapshot of target pro�les of male userswhom we call seekers, and of personal pro�les
of female users. The snapshot is as of a recent month in 2008, and contains all pro�les
that were registered with the dating service up to and including that month. We use
19 of the total 30 attributes, becausethere was no meaningful correlation between the
ignored attributes (e.g. astrological sign) and other attributes, making them lesssuitable
for clustering. Two of the 19 attributes, hasphotoand gender, have only two distinct values,
and we use them for �ltering, but not for clustering. So, there are 19 �ltering attributes
and 17 clustering attributes in our dataset. Therefore, for any given query, the number of
clustering dimensionsis at most 17.

User Sampling. We evaluated the performance for 100 target pro�les. We chose
a representativ e sample of pro�les that cover a range of �ltering and ranking attributes,
as well as di�eren t number of matches. The chosentarget pro�les specify between 3 and
15 �ltering attributes (median 5), and between 1 and 6 ranking attributes (median 3).
Becausedata exploration is most meaningful for large datasets,we selectedpro�les with at
least 1,000matches for our evaluation. Our prototype operates on memory-resident data,
and doesall processingin memory. Due to a limitation in available RAM, we restrict our
attention to users whose target pro�les match up to 500,000pro�les. The chosen target
pro�les generatedbetween1,107and 489,090matches(median 102,492). Note that the size
of the result set will often be reduced in practice by applying additional �ltering criteria
such as geographicdistance between the seeker and the match, the freshnessof the pro�le
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�ltering numerical: age,height.
ordinal categorical: body type, education level,
income, religious services(attendance frequency).
categorical: gender,sexual orientation, ethnicity,
eye color, hair color, smoking, drinking,
marital status, have kids, want more kids,
employment status, profession,personality type,
religion, political views.

ranking age,height, body type, education level, income,
religious services.

ignored location, living situation, social personality,
TV watching habits, languages,senseof humor,
interests, love style, astrological sign.

Table 5.2: Structured attributes in the dating dataset.

of the match etc.

Ranking. The ranking functions we consider use 6 attributes: age, height, body type,
education, income, and religious services (the frequency with which the user attends reli-
gious services). We chose these attributes becausethey are either continuous or ordinal
categorical, thus inducing a natural order on their values. Which of the 6 attributes are
included in the scoring function dependson which attributes are marked as desirablein the
target pro�le.

The �rst scoring function we used,attribute-rank, assignsequal weights to each ranking
attribute, and computesthe scoreof an item as the sum of distancesbetweenthe item and
the ideal item alongeach attribute dimension. Here,an ideal item hasthe bestpossiblevalue
for each ranking attribute from among items in the �ltered dataset. Distancesalong each
dimension are normalized by the di�erence between extreme values for the corresponding
attribute found in the �ltered dataset. Note that this function is personalized in two ways.
First, the user speci�es which attributes are included in the scoring function. Second,the
value of each ranking attribute contributes to the scorebasedon how it comparesto the
best and worst valuesfor that attribute, from amongitems that passthe �ltering conditions
of the target pro�le.

The secondfunction, geo-rank, scalesthe value returned by attribute-rank by the geo-
graphic distance betweenthe seeker and his match.

geo r ank =
attr ibute r ank

1 + (geo distance=100)
(5.7)

We will discussin detail in Section 5.5.2 that, becausethe clustering outcome depends
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Execution time(ms)
med avg min max

BuildGrid 1756 2317 336 7814
Merge 13 23 6 119
Join 862 2912 258 37442

Total 3102 5499 600 40015

Table 5.3: Median, average, max and min processingtimes for Q topN for 100 users,with
� dom = � Q = 0:5.

on the combination of a user's �ltering condition and the distribution of scoresimposed
by a particular scoring function, it is not always possibleto �nd a meaningful clustering.
The intuition is that rank-aware clustering doesnot apply if ranking doesnot discriminate
well between high-quality and low-quality results, that is, if all, or most, of the items in
the result set are tied for the samescore. For example,selectinguserswith income = 50K,
and then ranking on income, is not helpful, sinceall userswill sharethe samescore. Users
whosescoring function assignedthe top score to more than 30% of their pro�le matches
were excluded from our evaluation.

5.4.2 Scalabilit y

In the �rst part of our experiments, we study the behavior of BARA C with the Q topN

quality measure,and the attribute-rank scoring function. We analyzeperformancein terms
of three distinct stages:BuildGrid , Merge , and Join . SeeSection 5.3.3 for a description
of thesestages.

BARA C takes several parameters as input. The parameter N models the user's at-
tention span { the number of items the user is likely to explore sequentially [Manber et al.,
2000]. We usedN = 100 for all experiments in this section. maxB uckets, usedby the pro-
cedureBuildGrid (seeAlgorithm 7), speci�es an upper bound on the number of intervals
per dimension. We set it to 5. This value is chosenaccording to age, the attribute with
highest cardinality, and is set so that the values falling into a particular age interval are
perceived assimilar by a typical user. For most other dimensions,the domain cardinality is
lower than 5, and so the upper bound is never reached, and the actual domain cardinality
is used instead. We study the scalability of BARA C as a function of the dominanceand
quality thresholds � dom and � Q. There are no additional parameters in our formalism.

In the �rst experiment, we ran BARA C for 100 usersin the full spaceof 19 �ltering
attributes and 17clustering attributes. Valuesof the dominanceand quality thresholdswere
�xed at � dom = � Q = 0:5 for this experiment. Table 5.3 summarizesthe median, average,
minimum, and maximum run times of BARA C, with all times listed in milliseconds.
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Figure 5.1: Performanceof BARA C aspercentage of casesthat completedunder a certain
time limit.

According to Table 5.3, the median run time of BARA C is 3.1 seconds,and the average
run time is 5.5 seconds. The run time of BARA C is dominated by BuildGrid and
Join , while the execution time of Merge is negligible even in the worst case. While the
maximum value for Join is quite high, motivating future performanceoptimizations, the
run time reported in Table 5.3 may be unrealistically high. This is because,as discussedin
Section 5.4.1, the actual clustering dimensionality is far lower than 17 for speci�c queries.

Figure 5.1 presents the run time of BARA C as the percentage of casesthat completed
under a certain time limit. BARA C completes in under 5 secondsin most cases,and
takes longer than 10 secondsin only a handful of cases. In the remainder of this section
we analyze the factors that contribute to the performance of BuildGrid and Join , and
explore scalability as we vary the sizeof the dataset and the clustering dimensionality.

5.4.2.1 Varying Dataset Size

Figure 5.2 shows the performanceof BuildGrid for 100 usersas a function of dataset size
{ the number of items that pass the �ltering conditions of the target pro�le. The data
presented in this �gure is the sameas was used in Table 5.3 and Figure 5.1. Each data
point corresponds to a particular target pro�le, and thus to a particular dataset size. All
time measurements are in milliseconds. As before, the dominance and quality thresholds
� dom and � Q were both set to 0:5.

During BuildGrid , the seeker's �ltering conditions areapplied to memory-resident data
in a single linear scanof the data, matchesare identi�ed, and a scoreis computed for every
match. Items are then sorted on scorein decreasingorder. Finally, a data grid of matches
is computed. We determined experimentally that scorecomputation is the dominant factor
in the execution time of BuildGrid . As Figure 5.2 demonstrates, the execution time of
this stageincreaseslinearly with the number of matches.
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Figure 5.2: Execution time of BuildGrid as a function of dataset size.

5.4.2.2 Varying Clustering Dimensionalit y

We now explore the impact of dimensionality on the performanceof Join . For this experi-
ment, we �x � dom = � Q = 0:5 and vary the dimensionality of the clustering spacefrom 3 to
17. The �rst 3 clustering attributes are selected,and attributes are added one at a time in
subsequent rounds. Attributes are added in the sameorder for all users,but this order was
chosenrandomly. We have attempted several orders of adding attributes, and noticed no
di�erence with respect to the performancetrends of Join . We thus report our results with
one particular order of adding attributes. Note that the �ltering criteria and the scoring
function are speci�ed by the user's target pro�le, and are applied as before.

Figure 5.3 presents the execution time of Join as a function of clustering dimension-
ality. Each point is an average of execution times for the �xed dimensionality acrossall
users. We observe that the averageexecution time of Join increasesas the dimensionality
increases,but that it increasesmore signi�cantly in somecasesthan in others. The general
trend, with the exception of attributes 12, 13, and 17, which we discussbelow, seemsto
be that the execution time on Join increasesapproximately quadratically with increasing
dimensionality.

Adding a clustering dimension to the set of dimensions for a particular user may or
may not have an e�ect on the run time of the algorithm. For example, if we are adding the
dimension drinking, but the user's �ltering conditions are specifying a single value for this
attribute, drinking = no, the attribute will not be added to the data grid, and soclustering
will proceedas it did before the dimension was added. Attributes 12, 13 and 17 happen to
be marital status, wants more kids, and drinking. Theseare all low-cardinality attributes,
which userscommonly restrict to a single value in their �ltering conditions.
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Figure 5.3: Execution time of Join as a function of clustering dimensionality.

Figure 5.4: Execution time of Join as a function of � dom.

5.4.2.3 Varying Parameters of the Algorithm

Let us now seehow the dominanceand quality thresholdsimpact runtime performance. The
dominance threshold � dom is used in Merge ; the lower the threshold, the fewer intervals
will Merge produce, and passalong to Join . Consequently, the run time of Join should
increaseas � dom increases. Figure 5.4 demonstrates that this trend holds for datasets of
di�eren t dimensionality. Here, we �x � Q = 0:5, and report the averagerun time of Join for
each value of � dom , and for most dimensionality settings.

Varying the quality threshold � Q hasthe opposite e�ect on the run time of Join . This is
becausethe higher the threshold, the fewer clusters are generatedby Join , and the sooner
it terminates. This intuition is supported by our experimental �ndings in Figure 5.5. Here,
we set � dom = 0:5 and present the averagerun time of Join for each value of � Q , and for
most dimensionality settings.

In fact, for higher valuesof the quality thresholdsit is often the casethat no clustersat all
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Figure 5.5: Execution time of Join as a function of � Q .

Figure 5.6: Percentage of usersfor whom BARA C identi�ed clusters, as a function of � Q .

exist of su�cien tly high quality. When this happens,Join terminates after its initial round
of processing,in which it attempts to join 1D intervals into 2D clusters. In Figure 5.6 we
plot the percentage of usersfor whom clusters were identi�ed, as a function of the quality
threshold � Q. We plot the same data here as in Figure 5.5, with the same dominance
threshold setting, � dom = 0:5.

All experiments sofar dealt with the attribute-rank scoringfunction, and clustereditems
according to QtopN . In the following section, we explore the interplay between the quality
thresholds, the distribution of scoresinduced by the ranking function, and the choice of a
clustering quality measure.
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5.5 E�ectiv eness of Rank-Aw are Clustering: A Qualitativ e
Analysis

5.5.1 Clustering Qualit y

We now give a qualitativ e intuition of the kinds of clusters that are discoveredby BARA C.
We usethe QtopN quality metric, and the attribute-rank ranking function for the purposeof
this evaluation. We focus our attention on the following set of �ltering conditions that are
in-line with our motivating examplein Section5.1: age2 [25,35], height 2 [160cm, 175cm],
education � Bachelor's, ethnicity = Caucasian, body type 2 f slim, slender,average,athletic,
�t g.

This set of �ltering conditions returns over 30,000matches. We rank the matches on
a combination of income and education, both from higher to lower. There are about 100
top-matches: womenwith post-graduateeducation who make more than $150K. About two
thirds of the top matchesare over 29 yearsold, and soyoungermatcheswould not be easily
accessibleif results were returned as a ranked list.

Let usnow cluster the resultsof BARA C, using the QtopN quality metric. The following
aresomeof the clustersthat are returned and that dealdirectly with the correlation between
income and age,and income and education:

� age 2 [25; 27]^ income 2 [$35K ; $75K ]

� age 2 [28; 33]^ income 2 [$75K ; $150K ]

� age 2 [28; 33]^ income � $150K

� age 2 [31; 35]^ income � $75K

� age 2 [28; 33]^ education = post gr aduate

� age 2 [31; 35]^ education = post gr aduate

Note that two clusters are returned that contain di�eren t sets of matches with age
between 28 and 33. Note also that the younger matches, aged between 25 and 27, are
returned as a cluster with relatively lower income. These matches would not have been
easily accessiblein a single ranked list. BARA C also returned several clusters that are
not directly related to the ranking conditions, but for which a correlation was detected
among attributes at top ranks. So, there was a cluster of matcheswho are politically very
conservative or conservative and who attend religious servicesmore than once a week or
weekly. Another cluster consisted of matches who are politically middle of the road or
liberal and who attend religious servicesno more often than monthly.

Recall that BARA C doesnot partition the dataset. That is, an item may bereturned as
part of oneor several clusters. This is a feature of our approach that bearssomesimilarit y to
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facetednavigation [Wynar, 1992], a popular browsing and information discovery paradigm.
In rank-aware clustering and in faceted navigation alike, the user may encounter the same
item through di�eren t paths, with each path describinga particular aspect of the item that
the user may �nd interesting.

As we illustrated, the clustering outcome depends on the ranking attributes, and how
they correlate with other attributes in the data. We now explore the e�ect of di�eren t
quality measureson the clustering outcome.

5.5.2 Cho osing a Clustering Qualit y Metric

We now demonstrate the qualitativ e di�erence between two proposed quality measures,
QtopN and QSCORE & RAN K . We usethe pro�le of one particular user, whom we call user1,
as an example in this section. user1 is a representativ e user with about 60,000 pro�le
matches.

As we discussedin Section 5.2, Q topN favors regions that contain many items that are
in the top-N lists of their sub-regions,irrespective of the scoresand ranks of those items in
top-N lists of the sub-regions. Conversely, QSCORE & RAN K assignsa higher quality score
to a region in which top-N lists of the sub-regionsintersect at top ranks, particularly if
top-ranked items have signi�cantly higher scores.

Ideally, a rank-aware clustering quality measureshould be rich enough to capture the
distribution of scoresimposedby the scoringfunction. Q topN treats all items with N highest
scoresequally, and is thus appropriate for scoring functions where the best N items have
higher scoresthan the rest of the items, but wherethere is no signi�c ant variability in scores
among the top-N . The scoring function attribute-rank is one such function.

Conversely, QSCORE & RAN K is most meaningful if there is a signi�cant variabilit y in
scoresamong items in the top-N . For example, for N = 100 it should hold that the �rst
10 items have much higher average scoresthan the following 10 items etc. The scoring
function geo-rank is one such function. We plot the distribution of the top-100 scoresof
user1's items for the two ranking function in Figure 5.7.

We now demonstrate that QSCORE & RAN K is more appropriate to use in conjunction
with the geo-rank scoring function for user1. We �x � dom = 0:5 and � Q = 0:7, and compare
the sets of clusters that were identi�ed by Q topN and QSCORE & RAN K . QtopN identi�ed
11 clusters, while QSCORE & RAN K identi�ed 33 clusters. One of the clusters returned by
QtopN was not returned by QSCORE & RAN K , we call it GtopN . QSCORE & RAN K found 23
clusters that were not found by Q topN . We refer to the highest- and lowest-quality clusters
from this set as G+

SCORE & RAN K and G�
SCORE & RAN K . We summarize some properties of

GtopN , G+
SCORE & RAN K and G�

SCORE & RAN K in Table 5.4, where we compare the top-N list
of each cluster to the ideal top-N list in terms of ranks and scores.The value in the column
\score lossat 10" contains the di�erence betweenthe total scoresof the top-10 items from
the ideal (the union of top-N items of the individual predicatesforming each cluster), and
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Figure 5.7: Top-100scoresfor attribute-rank and geo-rank for user1.

Figure 5.8: Top-100scoresfor geo-rank for three users.

the top-10 items for the cluster.

GtopN is a two-dimensional cluster on attributes height and income. The top-N list of
GtopN contains items that were in ranks 1 through 47 in the top-N list on height (median
rank 27), but in ranks 8 through 100on income(median rank 70). So,while the intersection
happensat the top of the top-N on height, it is closerto the bottom of the top-N on income.
This cluster seemslessvaluable than the other two clusters in the table, basedon both the
lower scoreloss,and the lower (worse) median rank.

QSCORE & RAN K is sensitive to the distribution of scores.The samescoringfunction, e.g.
geo-rank, may not generatea distribution of scoresthat is appropriate for QSCORE & RAN K

for all usersbecausetheir �ltering conditions may di�er. For userswho live in sparsely-
populated areasthis function may produce very few high-scoring items. Consider the dis-
tribution of top 100scoresfor three usersin Figure 5.8. Usersuser1 and user2 have similar
distributions, while user3 only has four high-scoring items in his top-100, followed by 96
items with similar low scores. user3 is not a good candidate for QSCORE & RAN K , and a
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best worst median score
rank rank rank loss at 10

GtopN 8 100 70 1.77
G+

SCORE & RAN K 1 98 40 5.61
G�

SCORE & RAN K 1 99 40 5.42

Table 5.4: Characteristics of somegroups identi�ed by Q topN and QSCORE & RAN K .

score-insensitive quality measurelike Q topN should be used instead.

5.6 Related Work

Clustering W eb Do cumen ts : The motivation for this work is similar to ours, namely,
that grouping results and generating descriptions for these groups greatly improves the
user's abilit y to understand vast datasets. Clustering of text documents has beenexplored
extensively in Information Retrieval [Leuski, 2001; Dakka and Gravano, 2007; Bonchi et
al., 2008]. Leuski [Leuski, 2001] experimentally demonstrates that presenting clusters of
documents can be signi�cantly more e�ectiv e than presenting a ranked list. He also shows
that clustering can be as e�ectiv e as the interactive relevance feedback approach basedon
query expansion. In [Dakka and Gravano, 2007] the authors combine an o�ine (query-
independent) document clustering method and an online (query-dependent) method to
generate multi-do cument summaries of clustered news articles. Bonchi et al [Bonchi et
al., 2008] usesearch query logs to cluster search results into coherent well-separatedsetsfor
presentation purposes. In contrast, our work focuseson the interaction betweenstructure
and ranking in clustering.

Clustering Relational Data : Li et al. [Li et al., 2007] argue for native support of
clustering and ranking operators in relational databases. The authors demonstrate how
clustering can be implemented by meansof a bitmap index over a summary grid. In their
framework, the grouping (clustering) and ordering attributes, as well as the number of
clusters, are speci�ed by the user, and the focus of the work is on e�ciency . The focus
of our work is, in addition to e�ciency , on automatically determining which clustering
attributes are meaningful given a scoring function.

Faceted Na vigation: This methodsfacilitates information discovery over largedatasets.
Faceted classi�cation de�nes items using mutually exclusive, collectively exhaustive prop-
erties [Wynar, 1992], and has been used in faceted navigation, where items are classi�ed
simultaneously along multiple facets, and item counts are presented per facet. A strong
limitation is that a facet is a single attribute, and no attribute correlations are captured.
Several extensionsof the faceted data model were proposed. Rossand Janevski [Rossand
Janevski, 2004] developed entity algebra, a facetedquery languagethat supports operators
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such as selection and semi-join. Ben-Yitzhak et al. [Ben-Yitzhak et al., 2008] extended
faceted navigation to include quantitativ e summary information other than item counts,
such as averageprice and rating, and developed methods for e�cien t computation of such
statistics over correlated facets.

Roy et al. [Roy et al., 2008] proposed techniques that dynamically suggestfacets for
database exploration, with the goal of minimizing navigation time. At every step, the
systemasksthe usera set of questionsabout his information need,and dynamically fetches
the next most promising set of facets. In [Dash et al., 2008], the authors extend Solr, a
popular search engine, with dynamic faceted search for exploring data with both textual
content and structured attributes. Given a keyword query, the systemselectsa small set of
interesting attributes, where interestingnessmeasuresthe di�erence betweenexpected and
actual attribute values.

Our work is complementary to facetednavigation. While we focus on attribute correla-
tions, our analysis can be usedto proposeto the user which, among many attributes, may
be more interesting to explore in a particular dataset.

The Man y-Answ ers Problem: In [Chaudhuri et al., 2004] the authors state the
Many-AnswersProblemand show how correlations among attribute values in a structured
datasets can be used to automatically derive a suitable ranking function. To this end,
the authors develop a comprehensive probabilistic information retrieval ranking model and
present e�cien t processingtechniques. A related Empty-Answers Problem is discussed
in [Agrawal et al., 2003]. Here, the authors present an adaptation of inverse document
frequency(IDF) that is usedfor automatic ranking of results. The authors also proposeto
incorporate workload information into the ranking.

Rank Aggregation: Fagin et al. [Fagin et al., 2003b] propose rank aggregation, in
which ranked exploration of large high dimensionaldatasetsis viewed asa similarit y search
problem. Given a ranking function on d attributes, the algorithm considersd ranked lists,
and aggregatesthese lists using a variant of the threshold algorithm [Fagin et al., 2003c].
An approximation basedon dimensionality reduction is alsoproposed,in which projections
along random lines in the d-dimensional spaceare taken, and the computation is carried
out on the projection.

Our work di�ers from [Fagin et al., 2003b] in that we consider non-ranking attributes
in addition to the ranking attributes. Rather than computing a global aggregaterank or
similarit y score, we consider the correlations that hold among attributes of the data in
various projections of the space,and identify items, or groups of items, that are best from
among comparable,given the ranking function.

Skyline Op erator: A alternative result presentation method in presenceof multi-
dimensional ranking functions is the skyline [B•orzs•onyi et al., 2001]. A point in multi-
dimensional spaceis said to belong to the skyline if it is not dominated by any other point,
i.e., if no other point is as good or better in all dimensions,and strictly better in at least



CHAPTER 5. RANK-A WARE CLUSTERING OF STRUCTURED DATASETS 149

one dimension. In Chapter 3 we presented a skyline visualization of ranked results in a
two-dimensionalspace.Skylines are a valuable data visualization tool, however, the results
of this visualization are di�cult to interpret for datasetsof high dimensionality. The notion
of dominancemay be applicable to other aspectsof our work, such as cluster selection,and
we plan to consider this direction in the future.

In tegrating Ranking with Clustering: Sun et al. [Sun et al., 2009] recently pre-
sented RankClus, a framework that integrates ranking with clustering in a heterogeneous
information network such asDBLP. RankClus is basedon a mixture model that usesmutual
reinforcement between clustering and ranking. Our high-level motivation is also to treat
clustering and ranking as parts of a uni�ed framework. However, our application domain
(structured datasetswith user-de�ned ranking functions) and technical approach are very
di�eren t.

5.7 Conclusion

In this chapter we introduced rank-aware clustering, a novel result presentation method
for large structured datasets. We developed rank-aware clustering quality measures,and
proposed BARA C: a Bottom-up Algorithm for Rank-Aware Clustering, an Apriori-st yle
algorithm gearedspeci�cally at such quality measures. We presented an extensive exper-
imental evaluation of scalability, and gave an intuition of the e�ectiv enessof BARA C on
Yahoo! Personalsdatasets. A large-scaleuser study is currently underway in scope of the
Yahoo! Research Sandbox project. The goal of the study is to ascertain the e�ect of our
result presentation method on the user experience. We look forward to reporting these
results in a subsequent study. In the future we will consider performance optimizations,
and will explore the applicabilit y of our methods to other large structured datasets. We
will also explore user interface designissuessuch as cluster selection.
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Chapter 6

Other Con tributions

This chapter summarizessomework that is not directly related to the main theme of this
thesis, but that was carried out as part of the doctoral research.

6.1 Data Mo deling in Complex Domains

6.1.1 Schema Polynomials and Applications

This section is based on joint work with Kenneth A. Ross and appeared in [Ross and
Stoyanovich, 2008].

Conceptual complexity is emergingas a new bottleneck as databasedevelopers, appli-
cation developers, and databaseadministrators struggle to design and comprehendlarge,
complex schemas. Applications in domainsasdiverseasmedicine,archaeology, and astron-
omy often rest on databaseschemaswith hundreds of relations and thousandsof columns.
The schema designand maintenance,as well as application development, are all extremely
challenging for schemasof this size.

The concisenessof a schema depends critically on the idioms available to expressthe
schema. As an analogy, consider the class of boolean expressionswith conjunction and
disjunction. It is well known that there are formulas that are compact in onerepresentation
(say disjunctive normal form) but exponentially bigger in another (say conjunctive normal
form), and vice versa.

Three well-known formalisms for writing schemasare the relational, the object-oriented,
and the faceted approaches. Each of these is very good at expressingcertain classesof
schema, but poor at expressingcertain other classesof schema. Object-oriented schemas
allow the factorization of commonattributes into an inheritance hierarchy. Facetedschemas
allow the orthogonal composition of many independent attributes; in an e-commerceappli-
cation, for example, a product may be independently classi�ed by size, by brand, and by
color. Traditionally , one has been limited to just one of these designmethodologieswhen
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creating schemas. However, even if part of the schema is compactly represented using that
methodology, other parts may not be.

We de�ne a higher-level conceptualdata representation languagethat allows the schema
to be manipulated in ways that expose the strengths of each of these data modeling ap-
proaches. If a schemahasparts that arecompactwhenexpressedaccordingto oneapproach,
then that part of the schema should be expressedusing that approach, even if other parts
of the schema use a di�eren t approach. We propose a formal language for representing
schemas, and derive a set of properties that allow one to manipulate schema expressions
while preserving the set of representable tuples. We proposethat standard designmethod-
ologiessuch as entit y-relationship modeling [Ramakrishnan and Gehrke, 2003], modeling
in UML [Booch et al., 2005], faceted modeling [Wynar, 1992], and relational normaliza-
tion [Ramakrishnan and Gehrke, 2003], produce outputs in this framework rather than
going directly to a physical relational schema, with the following advantages:

� One can explore a variety of physical representations obtained using di�eren t equiva-
lent expressionsfor a schema.

� One can derive an unambiguous logical representation that allows transformations,
such as attribute factorization and subtraction, that are not straightforward for sets
of physical tables.

� Di�eren t users can orient the schema to their own points of view. One user may
imposean inheritance hierarchy (e.g., factoring out the location of manufacture) while
another may imposean alternative hierarchy (e.g., factoring out the product-type).
Theseconceptual views are compatible, and can be automatically translated into the
chosenphysical representation.

� Userscan project out parts of the schemathat they are not interestedin. The remain-
ing portion can be simpli�ed using various equivalences,leading to a description that
is much easierto understand than a schema with hundreds of tables and thousands
of columns.

Our novel schema modeling framework, which we call schemapolynomials, reasonsover
schema expressions.The basic notion in describing schemasis the attribute: a label, along
with a data type, that represents an aspect of a concept. Examplesof attributes are \age",
\height", \company-name", etc. We useattributes to de�ne tuple-descriptors:

De�nition 6.1.1 A tuple-descriptor T is de�ned recursively with the context free grammar:

T ::= 0 j 1 j A j B j C j : : : j TT j T + T j T � T

We wil l describe the concatenation TT as multiplication . A, B , C, : : : are the attribute
names, 1 is a special symbol denoting an empty product (i.e., the empty set of attributes),
and 0 is a special symbol denoting an empty sum. �
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In [Rossand Stoyanovich, 2008] we demonstrate how tuple-descriptors may be used to
concisely represent schemas, and we illustrate this here with an example. Consider the
following schema expression.

AB CD + AB G + AC D + AG + B CH (6.1)

When we write AB CD in Expression6.1 we mean that tuples with attribute namesA,
B , C, and D are valid for this schema. When we write S1 + S2 we meanthat a tuple is valid
for either S1 or S2. Our schemacould bemappedto a collection of �v estored tablesABCD ,
ABG , A CD , A G, and BCH . We usebold script to describe physical level structures such
as tables, and math script for conceptual level expressions.We could alternatively factorize
the schema into the representation:

A(B + 1)(CD + G) + B CH (6.2)

This representation has fewer syntactic elements than Expression6.1. Common occur-
rencesof someattributes have been factored out. The B + 1 subexpressionallows tuples
having either a valid or a null value for attribute B . Expression6.2 doesnot have a direct
relational interpretation, since there is no relational construct to expressCD + G. Never-
theless,one can map this expressionto a set of tables for storage as follows: Add a new
unique identi�er column (say I ) to represent the link betweenthe A(B + 1) subexpression
and the (CD + G) subexpression,to yield tables ABI , ICD , IG and BCH , where B can
be null in ABI . This transformation is correct only with constraints on the new attribute
I . The constraint for I in ABI says that the value of I must appear in exactly one of ICD
and IG . There must alsobe foreign key constraints on I into ABI from both ICD and IG .

An alternative rewriting of Expression6.2 is:

A(B + 1)[(CD + 1)(G + 1) � CDG � 1] + B CH (6.3)

The subtractions in Expression6.3 can be interpreted as constraints stating that (a) C,
D , and G cannot all benon-null, and (b) C, D , and G cannot all benull. This expressioncan
be mapped to a physical schema ABCDG , BCH , where ABCDG has various null/not-
null constraints on B , C, D , and G. If one cared only about attributes A, B , and C in
this schema, one could project out the other attributes to obtain from Expresssion6.1 the
simpler expressionAB C + AB + AC + A + B C, which could again be factorized in various
ways. Yet another factorization of Expression6.1 is:

C(AB D + AD + B H ) + AB G + AG (6.4)

This would bea natural factorization in a hierarchical or object-oriented view in which C
is the primary dimensionof classi�cation and is inherited from a higher-level entit y. Unlike
traditional object-oriented data modeling that imposesa single hierarchical structure, our
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approach allows di�eren t userswith di�eren t points of view to \orien t" the schemaaccording
to the dimensions they are most interested in. In such a case,the measureof simplicit y
for a user might give added weight to the absenceof redundancy for the C attribute in
Expression6.4, sincethe user caresmore about C than the other attributes.

In [Rossand Stoyanovich, 2008] we present rewrite rules that generatee�cien t physical
representations of schema expressions.We develop several schema factorization heuristics,
and present an experimental evaluation on a large real-life relational schema,demonstrating
a signi�cant improvement in schema compactness.Finally, we introduce an application of
schema polynomials to the representation of relationships with constraints.

6.1.2 Symmetric Relationships and Cardinalit y-Bounded Multisets

This section is based on joint work with Kenneth A. Ross and appeared in [Ross and
Stoyanovich, 2004].

Complex application domainsoften require the modeling of relationships, someof which
are symmetric. In a binary symmetric relationship, A is related to B if and only if B is
related to A. Symmetric relationships betweenk participating entities also arise naturally
in real-world applications, and can be represented as multisets of cardinality k. For exam-
ple, in a law-enforcement databaserecording meetings between pairs of individuals under
investigation, the \meets" relationship is symmetric. This relationship can be generalized
to allow meetingsof up to k people. The k-ary meeting relationship would be symmetric in
the sensethat if P = (p1; : : : ; pk ) is in the relationship, then so is any column-permutation
of P.

As another exampleconsidera databaserecording what television channel various view-
ers watch most during the 24 hourly time-slots of the day. For performancereasons,the
databaseusesa table V (id; date;C1; : : : ; C24) to record the viewer (identi�ed by id), the
date, and the twenty-four channels most watched, one channel for each hour of the day.
(A conventional representation as a set of slots would require a 24-way join to reconstruct
V .) This table V is not symmetric, becauseCi is not interchangeablewith Cj : Ci re
ects
what the viewer was watching at time-slot number i . Nevertheless, there are interesting
queriesthat could be posedfor which this semantic di�erence is unimportant. An example
might be \Find viewers who have watched channels2 and 4, but not channel 5." For these
queries,it could be bene�cial to treat V as a symmetric relation in order to have accessto
query plans that are specializedto symmetric relations.

Setsand multisets have a wide range of usesfor representing information in databases.
Bounded cardinality multisets would be useful for applications in which there is a natural
limit to the size of multisets. This limit could be implicit in the application (e.g., the
number of players in a baseballteam), or de�ned asa conservative bound (e.g., the number
of children belonging to a parent).

Storing a symmetric relation in a conventional databasesystemcan bedonein a number
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of possible ways. Storing the full symmetric relation induces some redundancy in the
database: more spaceis required (up to a factor of k! for k-ary relationships), and integrity
constraints needto be enforcedto ensureconsistencyof updates. Updatesneedto be aware
of the symmetry of the table, and to add the various column permutations to all insertions
and deletions. Queries need to perform I/O for tuples and their permutations, increasing
the time neededfor query processing.

Alternativ ely, a databaseschema designercould recognizethat the relation was sym-
metric and code databaseproceduresto store only one representativ e tuple for each group
of permuted tuples. A view can then be de�ned to present the symmetric closure of the
stored relation for query processing.The update problem remains,becauseupdatesthrough
this view would be ambiguous. Updates to the underlying table would needto be aware of
the symmetry, to avoid storing multiple permutations of a tuple, and to perform a deletion
correctly. For symmetric relations over k columns, just de�ning the view using standard
SQL requires a query of length proportional to k(k!).

For both of the above proposals,indexedaccessto an underlying symmetric relationship
would require multiple index lookups, one for each symmetric column.

A third alternative is to model a symmetric relation as a set [Date, 2003] or multiset.
Instead of recording both R(a;b;c;d;e) and R(b;a; c;d;e), one could record R0(q; c;d;e),
S(a;q), and S(b;q), whereq is a new surrogate identi�er, and R0 and S are new tables. The
intuition hereis that q represents a multiset, of which a and baremembersaccordingto table
S. Distinct membersof the multiset can be substituted for the �rst two arguments of R. To
represent tuples that are their own symmetric complement, such asR(a;a; c;d;e), oneinserts
S(a;q) twice. This representation usesslightly morespacethan the previousproposal,while
not resolving the issue of keeping the representation consistent under updates. Further,
reconstructing the original symmetric relation requires joins.

In [Rossand Stoyanovich, 2004] we argue that none of thesesolutions is ideal, and that
the databasesystemshould be responsiblefor providing a symmetric table type. We propose
techniques to enablesuch a table type, and provide:

� An underlying abstract data type to store the kernel of a symmetric relation, i.e.,
a particular non-redundant subset of the relation. We show how updates on this
data type would be handled by the database system. We describe how relational
normalization techniquesshould take account of symmetric relations during database
design. Both normalization and the proposedrepresentation of symmetric relations
aim to remove redundancy, so combining thesetwo approachesshould be bene�cial.

� An extensionof the relational algebrawith a symmetric closureoperator 
 . We show
how to translate a query over a symmetric relation into a query involving 
 applied to
the kernel of the relation. We provide algebraic equivalencesthat allow the rewriting
of queriesso that work can be saved by applying 
 as late as possible.
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� A method for inferring when a view is guaranteed to be symmetric. By using this
method, the databasesystemhas the 
exibilit y to store a materialized view using the
more compact representation.

� A syntactic extensionto SQL that allows the succinct expressionof queriesover sym-
metric relations.

6.1.3 A Faceted Query Engine Applied to Arc haeology

This sectionis basedon joint work with Kenneth A. Rossand Angel Janevski,and appeared
in [Rosset al., 2005; Rosset al., 2007].

A number of application domainsrequire the modeling of complex entities within classi-
�cation hierarchies. For many of thesedomains, the hierarchy and the entit y structure are
the main sourcesof complexity, while other features of the domain, such as relationships
between entities, are relatively simple. In such domains it is natural to make the set of
entities the basic conceptual structure.

Faceted classi�cation was introduced by an Indian librarian and classi�cationist S.R.
Ranganathan,and was�rst usedin his Colon Classi�cation in the early 1930s.Facetedclas-
si�cation treats entities or groupsof entities ascollectionsof clearly de�ned, mutually exclu-
sive, and collectively exhaustive aspects,properties or characteristics, called facets [Wynar,
1992]. For example, in an archaeology domain, we may classify artifacts along multiple
orthogonal dimensions: by time period, by culture, by material, or by geographiclocation.

Recent work, seefor example flamenco.berkeley.edu and facetmap.com, proposes
search facilities for hierarchical data using faceted hierarchies. Ross and Janevski [Ross
and Janevski, 2004] developed a faceteddata model, and proposeda query language,called
Entity Algebra, that is appropriate for faceteddomains. The primary goal of their work was
to createa data model and a query languagethat is understandableto non-technical users,
while still allowing one to composecomplex queriesfrom simple pieces.

Building on the work of [Rossand Janevski, 2004] we developed the Faceted Query En-
gine. Our work was part of an inter-disciplinary project that aims to apply computational
tools from Robotics, Virtual Environments, and Databasesto modeling, visualizing, and
analyzing historical and archaeologicalsites (seewww.learn.columbia.edu/n sf ). We col-
laborated with archaeologiststo createa collection of orthogonal hierarchical classi�cations
of �nds from two archaeologicalexcavations: a large-scaledig of ancient artifacts in Mem-
phis, Egypt [Giddy, 1999], and a medium-scaledig of iron-age �nds from Thulamela, South
Africa. Our systemprovides a web-baseduser interface, and allows one to query thousands
of objects from the two locations with respect to any of the facets, and to perform spa-
tial and temporal analysis of the data. Users of our system can accesstext, images,and
multimedia data related to the �nds.

Figure 6.1providesa screenshotof our systemwith data from the Thulamelaexcavation.
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Figure 6.1: A screenshotof the Faceted Query Engine.

Our systemimplements the full Entit y Algebra [Rossand Janevski, 2004] and supports the
following operators: selection,union, intersection, set di�erence, and semi-join.

6.2 ReoptSMAR T: a Learning Query Plan Cache

This sectionis basedon joint work with Kenneth A. Ross,Jun Rao, Wei Fan, Volker Markl,
and Guy Lohman. It appearedin [Stoyanovich et al., 2008b].

6.2.1 In tro duction

Query optimization is central to the e�cien t operation of a modern relational database
system. The query optimizer is typically invoked every time a new query enters the system.
The optimizer identi�es an e�cien t executionplan for the query, basedon available database
statistics and cost functions for the databaseoperators. In commercial systems,great care
has been taken to reduce the overhead of query optimization. However, the task of the
optimizer is complex,and the join ordering problem alonehascomplexity that is exponential
in the number of tables [Ioannidis et al., 1997]. As a result, the cost of optimization may
represent a signi�cant fraction of the elapsedtime between query submissionand answer
generation.
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If identical queriesaresubmitted, the databasesystemcancache the optimizer's plan the
�rst time, and avoid re-optimization for subsequent query invocations. The query processor
merely has to check for syntactic identit y of the query with the cached query. This idea can
be generalizedto querieswith parameters. Constants in the query are replacedwith \bind
variables" to generatea query template, in which the bind variables are parameters. The
query processorcan then cache a plan for a query template rather than for a query. As
a result, frequently-submitted queries that di�er only in the constants can avoid the cost
of query optimization. Oracle provides such a facilit y, as do IBM DB2 and Microsoft SQL
Server.

There is a potential problem with this approach. A singleplan is chosenfor all instances
of a query template. This plan, while optimal in a particular region of the parameter space,
may besub-optimal in another region. Savings achieved by not invoking the query optimizer
may be nulli�ed by the choice of a sub-optimal execution plan. In fact often the di�erence
in cost betweenthe optimizer's plan and the cached plan exceedsthe optimization time.

Modern transaction processingsystemsare often required to handle thousandsof trans-
actions per second.Considerfor examplea web-basedOLTP application, such asan on-line
book store described by the TPCW benchmark (www.tpc.org/tpcw ). The systemexecutes
canned queries that share a small number of pre-de�ned templates, such as queries gen-
erated by the sameHTML form, but di�er in parameter values. An interactive system is
expected to complete query processingand return results to the user in a short amount of
time, often lessthan a second.A single user's queriesmay exhibit locality in the valuesof
the submitted parameters,in which casea singlequery executionplan may be good enough.
However, this locality is lost when many usersinteract with the system at any given time.
Therefore, to ensure that an optimal plan is chosen for every query invocation, every in-
stanceof the query must be optimized anew. Many of thesequeriesinvolve joins of several
database tables and are thus non-trivial to optimize. In this setting, query optimization
may add signi�cant overhead to the overall execution time.

Parametric query optimization (PQO) models the distribution of plans chosenin di�er-
ent regionsof the parameter spaceof a query template [Hulgeri and Sudarshan,2003], or of
a set of templates [Ghosh et al., 2002]. A PQO systemis trained o�-line using a number of
invocations of the query optimizer on instancesof the query template. The result of such
training is a function that, given an instanceof the query parameters,identi�es a plan that
is likely to be the optimizer's choice. To be useful, this function must executequickly, much
faster than the optimizer itself. The function must also have a compact representation, so
that a collection of such functions can be managedin memory by the databasesystem.

In [Stoyanovich et al., 2008b] we present ReoptSMART, a parametric query optimization
framework that usesmachine learning techniquesto analyzethe training set, and to generate
a set of classi�ers that map parameter instancesto plans.

Compared with earlier geometric approaches [Hulgeri and Sudarshan, 2003], machine
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Select i_title, a_lname, i_publisher
From Author, Item
Where a_id = i_a_id And i_stock < :b1 And i_page < :b2

Figure 6.2: The query template for TPCW-1.

learning techniquesthat weusehave the advantage of beinge�ectiv e with much lesstraining
data, and of automatically handling non-linear boundariesin plan space.Due to the com-
pactnessof the models, our classi�ers have modest spacerequirements linear in the number
of classes,and typically on the order of 10 KB per class. Our techniques apply for both
quali�ed and categorical attributes of any data type. We demonstrate experimentally that
our methods accurately predict plans for uniform as well as for skewed data distributions.
We demonstrate that the testing functions (i.e., identifying a plan given parameter values)
can be performed in lessthan a millisecond per query. This is typically much cheaper than
the cost of query optimization.

We apply two state-of-the-art ensemble methods, AdaBoost [Freund and Schapire, 1999]

and Random Decision Trees [Fan et al., 2005], to the problem of Parameteric Query Opti-
mization, and we review each of thesein turn.

6.2.2 AdaBo ost

Boosting is a general and provably e�ectiv e method for improving the accuracy of any
learning algorithm. AdaBoost [Freund and Schapire, 1999] is a widely acceptedboosting
algorithm that can improve the accuracyof a collection of \w eak" learnersand producean
arbitrarily accurate \strong" learner. The weak learners are only required to be slightly
better than random guessing,i.e., more than 50% accurate in the caseof binary classi�ca-
tion.

AdaBoost is a binary classi�er, while PQO is a multi-class problem. Rather than opting
for the \one-vs-all" approach, which doesnot provide a measureof classi�cation con�dence,
we useAdaBoost in scope of error-correcting output codes [Dietterich and Bakiri, 1995].

A critical modeling question that must be answered in order to apply AdaBoost to a
particular application domain, in this casePQO, is what is the right choice for a weak
learner. Our choice of a weak learner was guided by the observation that the selectivity of
a single parameter can be usedto discriminate betweenan optimal and a sub-optimal plan
for a query in a particular selectivity region.

Consider the query in Figure 6.2 basedon the TPCW benchmark. The plan spacefor
this query according to the DB2 Universal Databaseversion 8.2 optimizer is represented in
Figure 6.3. In this example the optimizer choosesthe optimal plan basedon the product
of the selectivities of the two parameters. Plan 1 executesa nested loops join with the
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Figure 6.3: Optimal plan spacefor query TPCW-1.

relation Item as the outer, and is chosenby the optimizer when the product of selectivities
of b1 and b2 is very low. This happens when one or both of the selectivities are closeto
0, and their product does not exceed0.01. Plan 2 performs a hash join with Item as the
build input. This plan is chosenfor intermediate valuesof the two selectivities, with their
product between0.01 and 0.13. Plan 3 utilizes a hash join betweenthe two relations with
Author as the build input. This plan is optimal when both selectivities are higher than 0.2
and their product is above 0.13.

For querieswith d parameters, the optimizer choosesa query execution plan basedon
individual selectivities and/or on products of any subsetof the d selectivities. Products of
selectivities naturally correspond to estimates of the relative size of intermediate or �nal
results during plan execution. Explicit enumeration of all possible products (i.e. of all
possiblesubsetsof parameters) is exponential. We design our weak learners to avoid the
exponential explosion and consider the selectivity of one parameter at a time. For Plan 1
we observe that the product of the selectivities is low if either one of the selectivities is less
than 0.004, in which casethe selectivity of the other parameter is immaterial, or if both
selectivity (b1)� [0; 0:06] and selectivity (b2)� [0; 0:05].

The designof our weak learnersis basedon the above observation. Each weak learner is
a discrete vector of weighted probabilities. The probabilities represent the likelihood that
a particular plan is chosenby the optimizer when the selectivity falls within each bucket.
The weights are adjusted over time by the AdaBoost meta-learner. A weak learner of this
kind is de�ned for each parameter, and for each plan.



CHAPTER 6. OTHER CONTRIBUTIONS 161

6.2.3 Random Decision Trees

A decision tree is a classi�er with a hierarchy of decisionsmade at each node of the tree.
One traversesthe tree from root to leaf, choosingthe appropriate child basedon the decision
criterion coded into each node. For example,a node might have children for di�eren t ranges
of the selectivity of the �rst predicate of a query template.

The Random DecisionTree(RDT) method constructs multiple decisiontrees randomly.
The construction selects a feature (in our casea predicate selectivity) at random from
among those features not yet used in higher levels of the tree. A partitioning value for
that feature is also selectedat random from somedistribution. Training data points from
the node are then distributed to the node's children. Construction stops when the depth
reaches a certain limit, when the number of data points in a node is su�cien tly small, or
when all points in a node have the samelabel (pure node).

During the on-line phase,each tree is traversedusing the actual query selectivities, to
arrive at a leaf node L containing a number of plans. A posterior probabilit y is calculated
for each plan P. This probabilit y is simply the proportion of the training points in L that
are labeled with P. The posterior probabilities are averagedacrossall trees, and the plan
with the highest averageis output. RDT has beenshown to reliably estimate probabilities,
closelyapproximate non-linear boundaries,and reducevariancewhenthe number of training
examplesis small [Fan et al., 2005].

To adapt RDT for query plan prediction, we make one important improvement based
on our knowledge about the behavior of the optimizer. While predicates are still chosen
at random, the decision threshold is no longer chosenat random. Instead, for a randomly
chosenpredicate, wecomputea threshold with the highest information gain [Mitc hell, 1997].
This way we are more likely to generatepure nodes,which leadsto smaller trees.

6.2.4 Results

Figures 6.4 and 6.5 present the decisionboundary learned by AdaBoost and RDT, respec-
tiv ely, for query TPCW-1. The color of a region indicates the learned plan for that region.

In [Stoyanovich et al., 2008b] we present an experimental evaluation of ReoptSMART on
the DB2 UniversalOptimizer over selected queriesfrom two workloads: the TPCW and the
Dutch DMV. Our results demonstrate a new win over the baselinemethods, and indicate
that Random Decision Treesoutperform AdaBoost in our framework.

6.3 Estimating Individual Disease Susceptibilit y Based on
Genome-Wide SNP Arra ys

This section presents MutaGeneSys, and is basedon joint work with Itsik Pe'er that ap-
pearedin [Stoyanovich and Pe'er, 2007].
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Figure 6.4: AdaBoost decisionboundary for TPCW-1.
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Figure 6.5: RDT decisionboundary for TPCW-1.

6.3.1 In tro duction

Availabilit y of genetic information continuesto revolutionize the way we perceive medicine,
with an ever stronger trend towards personalizeddiagnostics and treatment of heritable
conditions. One challenge towards this goal is per-patient evaluation of susceptibility to
diseaseand potential to gain from treatment based on single nucleotide polymorphisms
(SNPs) { DNA sequencevariations occurring when a single nucleotide in the genomedif-
fers between individuals. Signi�cant attention of the research communit y is devoted to
determining direct causal association betweenthe genotype and the phenotype, and many
interesting associations have already been reported. The Online Mendelian Inheritance
in Man (OMIM) database(www.ncbi.nlm.nih.gov/omim ) is currently the most complete
sourceof such associations. A text search of OMIM yields, for example, a correlation be-
tweena C/T SNP (rs908832)in exon 14 of the ABCA2 geneand Alzheimer diseaseand a
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connection betweena SNP in the IFIH1 gene,rs1990760,and type-I diabetes.
Much individual genetic data is now being collected in the context of association stud-

ies, typing thousands of individuals for millions of variants. Yet, fully exploiting genetic
information for diseaseprediction is di�cult for two reasons.First and foremost, genetic in-
formation remainsexpensive to collect, and it is currently economicallyprohibitiv e to make
a complete set of an individual's genotypes of SNPs available for analysis. Cost-e�ective
methods such as SNP arrays currently exist, and are used for collecting genetic data from
1-5% of all 11 million human SNPs. This calls for the development of techniques that can
e�ectiv ely utilize partial genetic information for diseaseprediction. The secondreasonthat
makespersonalizeddiseaseprediction di�cult is the limited amount of cross-referencingbe-
tweenOMIM and other NCBI databases.This motivates the development of an integrated
framework gearedtowards personalizedgenome-widediseaseprediction. In this section we
describe MutaGeneSys, a systemthat can be seenas a �rst step towards such a framework.

Several studies, culminating with the International HapMap project [HapMap, 2005],
report on a signi�cant amount of correlation among markers in the genome[Pe'er et al.,
2006]. This genomic redundancy enablesone to experimentally type an incomplete set of
SNPs, and to expand this set by including correlated proxies. Indir ect association between
proxy genotype and phenotype thus facilitates e�ectiv e and e�cien t association analysis.

In the simplest case,SNPsare correlated pairwise, and oneof them may be predicted by
the other; such correlations are referred to as single-marker predictors. Many two-marker
and three-marker predictors are also known. Correlations between causal SNPs and their
proxies are associated with a coe�cien t of determination (squared Pearson's correlation
coe�cien t) r 2� [0; 1]. Marker correlation is population-dependent [deBakker et al., 2006]; the
typed SNPs, and hence,the allowed predictors also depend on the genotyping technology.
For example, according to our marker correlation dataset [Pe'er et al., 2006], we can best
predict the minor alleleT of rs1205on chromosome1 basedon the the A�ymetrix GeneChip
500K genotyping technology, and the prediction accuracy is r 2 = 0:733 (in the Japanese
and Chinese population). OMIM links the predicted SNP rs1205 with Systemic Lupus
Erythematosus (SLE) and antinuclear antib ody production.

Genome-widecorrelation can be used to augment an individual's genetic information,
greatly enhancingits diagnostic value. In the example above, if rs1205was not typed, but
rs12076827and rs1572970were,probabilities for the presenceof the SLE-associated variant
may be estimated. Our project is the �rst step in this direction. Our goal is to stream-line
the processof correlating SNP information with heritable disorders,and to enablereal-time
retrieval of diseasesusceptibility hypotheseson genome-widescale.

6.3.2 Metho ds

We integrate three datasets: the International HapMap project [HapMap, 2005], Online
Mendelian Inheritance in Man (www.ncbi.nlm.nih.gov/omim ), and a dataset of marker
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correlations [Pe'er et al., 2006]. We use HapMap { a comprehensive repository of SNP
genotypes,to compilepopulation-speci�c lists of SNP allelesand frequencies.Our prediction
dataset consistsof single-marker and two-marker correlations; consequently, these are the
typesof correlation that our systemsupports.

Both HapMap and marker correlation datasetsare clean, non-redundant, and available
in machine-processableform. The challenge with these datasets is the sheer volume of
data. However, while there is a lot of information regarding correlations along the genome
(the marker correlation dataset is large), relatively little is still known about correlations
betweenSNPs and heritable disorders. We observe that our system can take advantage of
marker correlations only if they ultimately lead to a hypothesis of diseasesusceptibility,
and so we use available marker-to-disorder data as the limiting factor. In other words, a
correlation betweenSN P1 and SN P2 is only useful in our processingif at least oneof these
SNPs is associated with a heritable disorder.

We currently use OMIM, a repository of publications about human genesand genetic
disorders, as our data source for marker to disorder associations. Associations between
SNPs and diseasesare not readily available in machine-processableform, and we resort to
parsing this information from the text. We processOMIM record by record, looking for
occurrencesof rs numbers (cross-referencesfrom OMIM to dbSNP). We then assumethat
the mentioned SNP is associated with the heritable trait to which the current OMIM record
pertains.

6.3.3 Results

Our databasecontains a signi�cant amount of SNP and marker correlation data, but only a
limited number of SNP to OMIM associations. Acrossall populations and platforms westore
over 10 million SNPs,closeto 50 million singlecorrelations, and over 20 million two-marker
correlations. OMIM contains about 18,000scienti�c articles, many of which are not relevant
to association studies. However, we still identify 187 articles that mention associations
between heritable disorders and SNPs, with 133 unique participating SNPs. Combining
OMIM with marker correlation data, we are able to estimate diseasesusceptibility for
additional 328 unique single-marker pairs, and 396 double-marker sets. The dataset is
enriched with a total of 1,312population-speci�c correlations. The number of susceptibility
hypotheseswill grow as more information about direct associations between SNPs and
heritable disordersbecomesavailable.

For an exampleof the e�ectiv enessof MutaGeneSys,considerage-relatedmacular degen-
eration (ARMD). According to OMIM, two SNPsare implicated in this disorder: rs3793784
in the ERCC6 geneand rs380390in the CFH gene. MutaGeneSysassociates 72 additional
SNPs with ARMD. As another example, Systemic Lupus Erythematosus (SLE) is associ-
ated with two CRP polymorphisms in OMIM; MutaGeneSysuses15 additional SNPs to
indicate potential susceptibility to SLE.
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Figure 6.6: Results of MutaGeneSysin scope of the HapMap genomebrowser.

The completeversionof our systemis available at maget.c2b2.columbia.edu/ mutagenesys.
The web interfaceacceptsgenotype queriesspeci�c to an individual, and estimatespotential
diseasesusceptibility by looking for population-speci�c diseaseassociations that also meet
the speci�ed correlation coe�cien t cut-o�. The systemreasonswith both single-marker and
two-marker correlations. Results include the causal and the proxy SNPs, the correlation
coe�cien t, and provide a link to the relevant OMIM recordand to the portion of the genome
in HapMap GBrowse. The systemgeneratesHTML and XML output.

Our �ndings have alsobeenincorporated directly into the HapMap genomebrowserand
into JamesWatson's personalgenomesequencebrowser, as the OMIM disease association
track. These sites only usesingle-maker correlations, and display links to potentially rele-
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vant OMIM records irrespective of the population and of the coe�cien t of determination.
Figure 6.6 presents a view of our �ndings for a particular region on Chromosome1, as part
of the HapMap genomebrowser.

6.3.4 Discussion

MutaGeneSyscannot yet beconsidereda sourceof diagnosticpredictions, becauseof a num-
ber of uncertainties involved in going from a speci�c marker to disease.Given the available
data, we made our best e�ort to control for population and correlation-speci�c e�ects:
marker associations are computed separately for di�eren t populations, and susceptibility
results include correlation parameters. For lack of information, we make two assumptions
about OMIM markers: that they are causal, and that they correspond to the minor allele.
(We incorporate allele frequenciesfrom HapMap to determine which allele to consider as
minor in a particular population.) Another sourceof uncertainty is that speci�c markers
may have di�eren t levels of penetrance, and therefore have di�eren t value as diagnostic
predictors. Becauseof these factors we are currently only able to estimate, not diagnose,
individual diseasesusceptibility.
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Chapter 7

Conclusion

In this thesis we proposednovel search and ranking techniques that improve the user expe-
rienceand facilitate information discovery in several semantically rich application domains.
We showed how the social context in social tagging sites can be used for user-centric in-
formation discovery. We proposed novel ontology-aware search and ranking techniques,
and applied them to scienti�c literature search and to ranking in Wikipedia. We addressed
data exploration in ranked structured datasets, and proposeda rank-aware clustering algo-
rithm that usessemantic relationships among attributes of high-quality items to facilitate
information discovery.

7.1 Summary of Con tributions

We now elaborate on our technical contributions and outline somepromising future direc-
tions.

In Chapter 2 we described the goals and challengesof context-aware ranking on the
Social Web. We showed how a user's social behavior in a collaborative tagging site can
be used to improve the quality of content recommendation. We presented network-aware
search, a novel search paradigm where the scoreof an item is computed basedon a user's
social network. We showed how the standard top-K processingalgorithms can be usedfor
network-aware search, and presented performanceoptimizations that explore the trade-o�
betweenquery processingtime and spaceoverhead. We provided an extensive experimental
evaluation of our techniques on a dataset from Delicious, a leading social tagging site.

Our techniques improve the current state of the art in search and ranking on the So-
cial Web, but also reach beyond social tagging sites, and towards incorporating the social
dimension into generalWeb search.

In Chapter 3 we tackled the challenge of enhancing relevance ranking in scienti�c lit-
erature search. We describe PubMed, the largest bibliographic source in the domain of
life sciences,and consider how a large high-quality ontology of Medical Subject Headings
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(MeSH) can be used to relate a user's query to the annotations of a document. We ob-
served that the MeSH hierarchy is scoped, i.e., terms may appear in multiple placesin the
hierarchy, and the meaning of a term dependson its position. This observation challenges
most past work which has beendeveloped assumingthat a term has a unique node in the
generalization hierarchy.

We developed several relevancemeasuresappropriate for ranking in the domain at hand,
and proposede�cien t evaluation algorithms for computing relevanceon the scaleof PubMed
and MeSH. We have demonstrated that our measurescan be computed in interactive time
using scoreupper-bounds. We presented a two-dimensional Skyline visualization of query
results that facilitates data exploration, and demonstrated that it, too, can be computed
e�cien tly on the scaleof PubMed and MeSH.

We also presented results of a preliminary user study that evaluates the e�ectiv eness
of our techniques. The small scaleof our study and the complexity of evaluation do not
allow us to draw statistically signi�cant conclusionsabout the relative performanceof our
methods and baselines.In the future we plan to make our software available to the scienti�c
communit y. This will increasethe practical impact of our research and will allow usto gather
more information about the e�ectiv enessof our methods.

In Chapter 4 we developed an entit y-aware ranking framework, and presented a novel
ranking algorithm, Entit yAuthorit y, that models the mutual reinforcement between pages
and entities. We demonstratedhow an ontology can beusedfor query processingin this set-
ting. We presented a prototype implementation of our system,and experimentally demon-
strated the improvement in query result quality.

In Chapter 5 we introduced rank-aware clustering, a novel result presentation method
for large structured datasets. We developed rank-aware clustering quality measures,and
proposeda Bottom-up Algorithm for Rank-Aware Clustering (BARA C), an Apriori-st yle
algorithm gearedspeci�cally at such quality measures. We presented an extensive exper-
imental evaluation of scalability, and gave an intuition of the e�ectiv enessof BARA C on
Yahoo! Personalsdatasets.

A large-scaleuserstudy is currently underway in scope of the Yahoo! Research Sandbox
project. The goal of the study is to ascertain the e�ect of our result presentation method
on the user experience. In the future we will considerperformanceoptimizations, and will
explore the applicabilit y of our methods to other large structured datasets. We will also
explore user interface designissuessuch as cluster selection.

7.2 Future Research Directions

7.2.1 Com bining Di�eren t T yp es of Semantic Con text

Using semantic context for search and ranking has potential for high impact, both in terms
of scienti�c advancesin Data Management and by enabling end-users.An important ques-
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tion that I will address in the future is how to combine various types of context into a
single model, achieving higher expressive power, and ultimately supporting a better user
experience.

The techniquesdescribed in this thesiscan beextendedand applied to the domain of life
sciences,with the goal of facilitating customizedcontent recommendationand scienti�c col-
laboration. In a hypothetical systemcalled PubMed Social, a scientist's pro�le may include
ontology terms that describe his research interests. The scientist may establish a network
of collaborators, and may chooseto customizehis search and information discovery experi-
enceby incorporating his semantic (ontology-based) or social (network-based) context. In
addition to consuming available content, the scientist may use the system to disseminate
his �ndings. He will do so by annotating results, and by sharing them with other members
of his network. Depending on the stage of the project, the scientist may choose to share
results with a small group of collaborators, or with the scienti�c communit y at large.

In certain situations, the quality of ranking in search and in content recommendation
may be improved by incorporating the user's mental context, or intent, into the model.
This is basedon the observation that the information needmay be di�eren t for the same
user in di�eren t situations: I may ask my mother's advise on cooking, and my academic
adviser's opinion on research. Likewise,a user of PubMed Social who participates in inter-
disciplinary research, or who is active in multiple research areas,may need help from the
system when choosing and aggregating information from multiple sources. To this end, I
will explore how structured contextual information about the user, about a particular task,
and about the nature of the user's relationship with the content, can be used to better
organizeinformation feeds.

The paradigm of an information feed, or channel, has emergedas the de-facto stan-
dard for information aggregationand sharing in syndicatedand collaborative environments.
Someexamplesinclude the useof RSSfor blog aggregation,Facebook's newsfeedfunction-
ality, and status updateson Twitter. Feedsare typically usedto aggregateand serve recent
information, and are well-suited for accessinginformation in order of publication time, from
more to lessrecent. However, important information that was published outside the most
recent visible time window may be missed. Further, while organizing information solely
by time is appropriate for time-centered tasks in information discovery, such as follow-
ing breaking news, upcoming events, and status updates, it is less appropriate for more
semantically-centered tasks. In my future work I plan to build on and extend the ideasof
this thesis to combine the time dimension with context-aware semantic relevance.

Using context, and particularly intent, in data management applications, brings about
new challengeswith respect to privacy. I will considerthe privacy implications of explicitly
modeling intent, and will explore the privacy vs. expressivenesstrade-o�s in this setting.
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7.2.2 Semantics of Pro venance

An important type of context that arisesin biological data management is the provenance of
schemaand data. In addition to recording the history of data and operations that led to the
creation of a particular data product, provenanceoften contains semantic annotations that
are either automatically derived or assignedby a user. Beyond data provenance,we may
think about schemaprovenance, i.e. a record of schema creation and evolution. Both data
and schema provenancecan give important insights into the phenomenonbeing modeled,
and hencecan be used to improve queries on data and schema as well as the ranking of
results.

A particular kind of schema that is widely used in scienti�c applications is a work
ow
schema. A work
o w is a procedural schemathat describesboth the data that it admits and
the order of operations over that data. Scienti�c work
o ws are complex, and it is therefore
essential to enablesharing and re-useof existing work
o ws in collaborative environments. I
plan to build on the insights of Chapters 3 and 4 and explorehow semantic annotations that
are part of data and schema provenancecan be used to improve the quality of similarit y
search in this domain. A PubMed Social user may, for instance, have a �le that contains
a set of typed single nucleotide polymorphisms (SNPs), which he needsto transform into
hypothesesof susceptibility to a particular family of genetic disorders. A novice user may
not know which processingmodules to invoke, and in which order, and how to format the
input data. The user may have an easiertime searching for an existing work
o w that was
designedfor similar types of input and output data, and had similar goals. Whether an
existing work
o w is a likely match can be determined basedon the semantic annotations
of the match, and on other provenanceinformation, such as its sourceand recencyof use.

Provenanceinformation can also be used to compare work
o ws, and to summarize a
single work
o w, or a work
o w repository, using a hierarchical view. In Section 6.1.1 we
show how complex relational, object-oriented and faceted schemascan be summarized in
multiple alternative ways, making the schemasmore conciseand easierto understand, while
also re
ecting the user's perspective regarding which elements of the schema are central,
and which are subsidiary. In the future I plan to explore an application of this work to the
summarization of work
o ws.
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