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Abstract

Existing biological databasessupport a variety of queries such as keyword or de nition seard. How-
ever, they do not provide any measureof relevance for the instancesreported, and result setsare usually
sorted arbitrarily . We describe a system that builds upon the complex infrastructure of the Biozon
database and applies methods similar to those of Google to rank documents that match queries. We
explore di eren t prominence models and study the spectral properties of the corresponding data graphs.
We evaluate the information content in non-principal eigenspacesand test various scoring functions for
combining the contributions from multiple eigenspaces. We also test the e ect of similarity data and
other variations, which are unique to the biological knowledge domain, on the quality of the results. The
result setsare assessedising a probabilistic approach that measuresthe signi cance of coherencebetween
directly connectednodesin the data graph. This model allows us, for the rst time, to comparedi erent
prominence models quantitativ ely and e ectiv ely and to observe unique trends. Our study resulted in a
working ranking system of biological ertities that was integrated into Biozon at biozon.org .

1 Intro duction

There is vast amount of heterogeneoudiological data today that is warehousedn multiple databases.Among
these are databasesof protein sequencegBairoch & Apweiler 1999 Georgeet al. 1994, protein structures
[Westbrook et al. 2003, DNA sequencefBensonet al. 1999, protein-protein interactions [Bader et al. 2001,
Xenarios et al. 2001, cellular pathways [Goto et al. 1997 Karp et al. 2004, and many others. Thesedatabases
aretypically highly focusedand are usually limited to onedata type. However, biological ertities are strongly
related and mutually dependert on eac other, and to properly analyzethe function of an ertity one needs
to know its extended biological context and its relation to other ertities. For example, to de ne most ac-
curately the functional role of a speci ¢ geneit is necessaryto consideralso the interactions it is involved
in and the set of biochemical pathways it participates in. This mutual dependencyis especially important
when, for example, querying this wealth of data for diseaserelated genesor for interactions that mediate
signal transduction in a speci ¢ biological system. The integration of information from multiple resources
can either corroborate a certain aspect of a biological ertit y, validate a hypothesis,or sometimesgive initial
cluesto the function of a completely uncharacterized object.

Existing methods for querying biological data available on the web are mostly limited to the one data
type warehousedin the databasebeing queried. There are a few seners that allow one to query multiple
databasesat once,such asthe NCBI erntrez server (www.ncbi.nlm.nih. gov/g query ) and the EMBL sener
(www.ebi.ac.uk/ser vi ces/). Theseserwersalsomaintain links amongdi erent ertities stored within. How-
ever, they do not integrate the results or analyzethe relations betweenthe objects at query time!. Moreover,
the query results are ordered arbitrarily or by featuresirrelevant to the query (e.g. in alphabetical order).
This is clearly not ideal asone might needto scanthrough hundreds or thousandsof matchesbefore encoun-
tering the instance that is the most relevant, the most studied, or the most interconnected. Furthermore,
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1There also exist systems, lik e Biomediator [Mork et al. 2001], that distribute and query data housed in multiple independent
databases. However, Biomediator is not yet publicly available. Other systems, like Moby [Wilkinson & Link 2002], provide an
interface to query multiple resourcesbut do not integrate the result sets.



there are many instancesin biological databasesthat are partially annotated or completely uncharacterized.
Evenif biologically relevant to the seard term, theseobjects will be overlooked by traditional seard meth-
ods. However, the relations between these objects and other, better annotated objects may help identify
their functions. This may in turn imply that theseobjects are indeed relevant to the seard term.

There has been a substartial amourt of work directed towards developing methods and prominence
mo dels for e ectiv ely querying and ranking documerts on the World Wide Web. The underlying idea
behind many prominence models is that the link structure of the Internet can be usedto identify the web
pagesmost relevant to the user's query. A well-known example is Google's PageRank [Pageet al. 1999.
Another model, proposedin [Kleinberg 1999, identi es \h ubs" and \authorities," where authorities are web
pagesthat are linked to by prominent hubs and hubs are pagesthat link to prominent authorities. Both
models assignprominencevaluesto documerts using the eigenvectors of the data graph's adjacency matrix
(or a closevariant). Many studies have tested variants of these models; for a review the readeris referredto
[Borodin et al. 2001, Brandes & Cornelsen2003. A recert study has generalizedlink-based ranking tech-
nigues dewveloped for the Web to arbitrary relational databases[Geerts et al. 2004 by analyzing relations
induced by a setof querieg. Today's most advancedsystemsbelongto companiessudc as Google, Yahoo and
Microsoft. Unfortunately, thesecompaniesdo not disclosethe algorithmic details of their seard and ranking
engineswhich augmert the link analysiswith information retrieval (IR) techniques. Despite the signi cant
progressin ranking web documerts, no equivalent systemswere developed in the biological knowledge do-
main. The only exception is PubMed (www.ncbi.nim.nih.g ov/entr ez/query.f cgi?d b=PbMel) that uses
IR techniquesto identify documerts that are related to a given documert, basedon their similarity of word
frequency

This paper addressesthe problem of how to query heterogen@us biological data e ectively. We sort
query results basedon their biological signi cance by exploiting the relationships betweenbiological ertities.
Unlike a web query, when querying heterogeneousiological data, a user might be interested in all entities
(of one or more data types)that match the query and in the relationships amongthese ertities. We refer to
thesesetsof interconnectedinstancesthat sharea commontheme ashubs of knowledge . Detecting these
hubs is the main focus of this paper.

We proposea model which resenbles methods that are usedto seard and rank web documerts. Our
method builds on the extensive schema of the Biozon database, the heterogeneousdata stored in this
database,and its link structure that connectsdi erent biological ertities. This link structure is usedboth to
propagate information betweendocumerts and to rank matchesbasedon their broader biological context.
We explore seweral di erent approachesand prominence models, study the properties of these systems,and
develop meansto evaluate their e ectivenessand comparetheir performanceusing an objective probabilistic
model. We study the e ect of non-principal eigenspace®n the ranking and test seweral di erent functions
for combining their contributions. We alsotest variants that considerthe special properties of the biological
data network. Specically, in the Biozon setting, ead link carries a speci ¢ meaning with it, and certain
relations are deemedmore signi cant than others. Therefore, the models that are usedto rank web docu-
ments have to be modi ed to query biological data e ectiv ely. We test variants that accourt for similarity
relationships betweenertities and for their statistical signi cance, and we test other variants that consider
also the semartic signi cance of other relations.

This paper is organizedas follows. We start with a brief description of the Biozon database,the promi-
nence models we tested and the dierent seard strategies (section 2). Next we presern sewral example
gueries and their results followed by qualitativ e conclusions(section 3). We proceedto a rigorous perfor-
mance evaluation of the proposedprominence models and of the use of non-principal eigenspacegsection
4). A few variants are described next and are followed by discussion.

2This work ranks data instances through a spectral analysis of what they call a database graph, dened in terms of a
database D and a (nite) set of queries L. A vertex in the graph corresponds to a tuple of data. Two tuples are related by
an edge if there is a query in L that outputs one when using the other to specify the query's parameters. The Biozon data
graph (as analyzed in our work) can be generated as one of these Geerts et al [Geerts et al. 2004] database graphs by choosing
L appropriately . However, as the authors indicate, the rankings produced by this model are sensitive to the choice of query
language.



2 Metho ds

2.1 The Biozon database and data graph

Biozon is a systemthat consolidatesmultiple biological databasesconsisting of a variety of heterogeneous
data types (such as DNA sequencesproteins, interactions and cellular pathways) into a single extensive

schemathat is logically represened as a large data graph . Each node represeris somedatum, and an

edgebetweentwo nodesrepreserts a relationship betweenthem. Formally, = (D;R) whereD = fd;::dyg

is the set of all nodes(documerts) in the graphandR = fri:iirmg D D isthe setof all edges(relations)

in the graph. Much of the data in Biozon is gleanedfrom publicly available databasessuch as SwissProt,

PDB, GenBank, BIND, KEGG, and more. In addition, Biozon storesnovel computed data, such assimilarity

relationships and functional predictions. The data is warehousedocally sothe fundamental biological objects

represerted are non-redundant even though data within and betweentheir originating sourcesoverlap. The

Biozon resourceis available online at biozon.org .

In this study we considerthe following subsetof the Biozon data types: nucleic acid sequencesprotein
sequencesprotein structures, enzyme families, interactions, and pathways. We also consider all relations
amongthesetypes,including the relations ‘'menber of', ‘manifestsas’, ‘encales', “similar’, and “cortains' (for
more information on the Biozon data and relation types, seesection 6.1 of the 'Supplemertary Material').
This subgraph, at the instance level, is the subject of our analysis of prominence models.

2.2 Prominence models

All the prominence models we considerare basedon the idea that a node is prominent if it is connectedto
other prominent nodes. Given a query, our analysis starts by de ning the graph (or subgraph) of relevant
documerts and their adjacency matrix A. From the adjacencymatrix we derive a connectivit y matrix
B, using somefunction. The spectral properties of the connectivity matrix arethen analyzedby computing its
eigervectors. Each eigervector is consideredto be a possibleassignmen of prominencevaluesto documerts,
where node u is assigneda prominence value equal to the u™ componert of the eigervector. The highest
scoringnodesin the principal vector(s) are returned aspotential signi cant documerts that match the query.

The spectral methods we considerin this paper are basedon those usedto rank documerts on the World
Wide Web. There are, however, seweral important di erences betweenthe structure of the Internet and that
of the Biozon database. First, the hyperlink structure of the Internet de nes a clearly directed graph using
a single type of relation (the "links to" relation). In contrast, we generally view the Biozon data graph as
undirected, unlesswe impart a specic, biologically motivated direction assaiated with the various types
of relations (seesection 8.1). Second,the nodesof the Internet are generally viewed as a homogeneousset,
while Biozon's objects represen heterogeneoudiological ertities.

We test four main methods for assigning prominence valuesto nodes: Eigenvector Certralit y, Hubs &
Authorities, PageRankand Katz's Status. The methods di er in the way they characterize the connectivity
among the elemerns of the subgraph. First we make the distinction between sparse and dense models.
Eigenvector Centralit y, Hubs & Authorities and Katz's Status are sparse models in the sensethat they
analyze connectivity matrices that are derived directly from the adjacency matrices of sparsegraphs and
henceare of the sameorder of sparsity. PageRankon the other hand augmerts the adjacency matrix with
a complete matrix of prior probabilities, and hencepractically analyzesa new, completely connectedgraph.
Among sparsemodels, the di erences are subtle, but for undirected graphsthey are essetially reducedto
the paths that are consideredby the model. For example, Eigenvector Centralit y takes the connectivity
matrix to be simply the adjacencymatrix, while Hubs & Authorities de nes the connectivity matrix based
only on paths of length two between objects. Katz's Status combines information from all paths of length
one, two and three. The four models are described in more detail in 'Supplemertary Material’, section6.2.

2.3 Computing prominence vectors

In the prominence models we considered, prominence values are assa@iated with the eigenvectors of the
corresponding connectivity matrices. As sudh, any method for nding eigenvectors will suce. A special
caseis multidimensional eigenspacesWe takethe prominenceof an object i in an eigenspacavith cardinality



k > 1to be the projection of that object on the eigenspace:
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wherefe;;ey;::i;exg is an orthonormal basisof the eigenspace.For a more detailed discussionof computing
prominencevectors see'Supplemertary material’, section 6.3.

2.4 Search strategies: global graph vs. focused subgraphs

Our ultimate goalis to provide a sensibleranking of results from queriesto the Biozon database. We consider
three generalstrategiesfor generatingand then ordering theseresult sets: The focused subgraph metho d
(referred to also as the 'local method") rst createsa subgraph of Biozon consisting of nodes that satisfy
the query and their immediate neighbors as described in Figure 1. Prominence values are then assignedto
the nodes of the subgraph using one of the above models, and nodes are ranked by descendingprominence.
The global metho d, on the other hand, rst usesone of the modelsto assignprominencevaluesto every
node in the Biozon graph. Then, for a given seard, nodessatisfying the query are extracted and ordered by
descendingprominence. The main advantage of the global method is its speedsincethe prominencevalues
can be pre-computed. Howewer, it is less sensitive than the local method which can report ertities that
do not match the query term but may still be relevant to the query (basedon their relations with ertities
that do match the query). The extended global method is a variation of the global method which utilizes
information in neighboring entities to bring forward uncharacterized ertities, thus combining the advantages
of both methods. For a detailed description of these procedures see section 6.4 of the 'Supplemertary
Material'.

Figure 1: Generating the focused subgraph . Supposewe are seaching protein de nitions for ubiquitin  in the above Biozon
subgraph. Each of the two circled nodes corresponds to an entity in which "ubiquitin” appears in its de nition eld. The set S
represents all nodes that will be included in the focused subgraph. These nodes are numbered accading to the stepsin which they
are added to the focusedsubgraph (see 'Supplementary Material’). Si is the set of all proteins that match the query term and their
neighbors, while S, is the set of all non-proteins that match the query term and their protein neighbors.

3 The spectral prop erties of the connectivit y matrices

3.1 Examples

To demonstrate the e ect of the di erent prominencemodels on the ranking of biological documerts we ran
seweral test queries. For ead query we generatedan undirected focused subgraph of the Biozon database
as described in Figure 9. From that subgraph we constructed four dierent connectivity matrices, one
for each prominence model, and computed the eigernvectors corresponding to the twenty largest-magnitude
eigervaluesfor eadh matrix. After translating each multidimensional eigenspaceo a single prominencevector
(as described in section 2.3), we examined the 50 highest scoring documernts in ead of these prominence
vectors.



In general,we obsenethat sparsemodels (Eigenvector Certralit y, Hubs & Authorities, and hybrid Katz's
Status) perform similarly in the sensethat they commonly emphasizethe samebiological ertities in ead of
their respective eigenspacesIf Eigenvector Centralit y ranks someobject in a particular eigenspacehighly,
then Hubs & Authorities and hybrid Katz's Status also rank that object highly in the corresponding or in
a nearby eigenspacé. PageRank,on the other hand, tends to consolidate the most signi cant information
from acrossthe other methods' eigenspacesnto its principal eigenspace.

For example,when searding for proteins with the de nition ubiquitin 4, Sparsemodelsrank the protein
family ubiquitin-protein ligase, ubiquitin-activating enzyme (docid: 5977355% asthe most prominent ertit'y
in the principal eigenspace. The family is followed by its members, such as Ubiquitin-ike ~ protein  SUMO-1
conjugating  enzyme (docid: 365280), Ubiquitin-protein ligase RsP5(docid: 1026628),and Ubiquitin-activating
enzyme(docid: 1054300). The most prominent ertity in the second eigenspacads the protein family ubiquitin
thiolesterase  (docid: 5975715).It is followed by its members Ubiquitin  carboxyl terminal hydrolase 15 (docid:
1066565), Ubiquitin  carboxyl terminal hydrolase 6 (docid: 911606),and Ubiquitin  carboxyl terminal hydrolase
14 (docid: 1025595). We obsene that the most prominent proteins in these two eigenspacesre generally
encaded by seweral DNA sequencesnd are involved in seweral interactions. Although these DNA sequences
and interactions are not among the most prominent elemens of these eigenspacesthey do cortribute to
the high ranking of the proteins. The third eigenspaceemphasizeshe protein skpip (docid: 446186)and its
interactions. This protein is involved in ubiquitin-mediated proteolysis and is part of a larger complex that
underlies many of the interactions assaiated with it. The fourth eigenspaceemphasizesprotein ORFYOL133W
(docid: 259185)and its interactions. Note that the main de nition of this protein doesnot corntain the query
term. However, interaction data suggestsubiquitin-related activity. The fth through sewenth eigenspaces
behave similarly to the third and fourth eigenspacesEach focuseson a protein and its interactions. The fth
eigenspacemphasizequV excision repair protein RAD23docid: 808559)and 26S protease regulatory  subunit 7
homolog (docid: 882149). Interestingly, the sixth eigenspaceemphasizesthese sametwo proteins, however,
while the fth eigenspacdavorsthe rst, the sixth eigenspacdavors the latter.

The most prominent ertities in PageRank'sprincipal eigenspaceare the two protein families mentioned
above and their member proteins, as well as the proteins emphasizedin the non-principal eigenspacef
the other methods. In general, PageRanktends to favor ertities with a high degree. For example, proteins
Ubiquitin  carboxyl terminal hydrolase 15 (docid: 1066565)and Ubiquitin-activating enzyme (docid: 1054300)
are amongthe 50 most highly ranked entities by PageRankand are members of the two families mertioned
above. Both of these proteins have many neighbors (including multiple protein-protein interactions). These
proteins are thus highly ranked on their own merit, and not just becausethey are members of a highly
ranked protein family.

We also obsene this phenomenonwhen using the query term cancer. For cancer,the most prominent
ertities in the principal eigenspace®f the sparsemodels are the tumor suppressor protein P53 (docid: 802537)
and its interactions. The secondeigenspaceemphasizesprotein breast cancer type 1 susceptibility protein
(docid: 1079763)and its interactions. The third eigenspaceemphasizesSDNArepair protein RADS51(docid:
811200) and its interactions. The fourth eigenspaceemphasizesprotein CRK-associated substrate (docid:
1036799),which is a breast cancer anti-estrogen resistanceprotein, and its encading DNA sequencesand
interactions. PageRank'sprincipal eigenspaceemphasizesall four of these proteins.

Similarly, for the query term autoimmune we obsene the following. The principal eigenspaceof the
sparsemodels emphasizesprotein Autoimmune regulator  (docid: 947655), protein Autoimmune regulator  (docid:
943600)and Ribonuclease P protein subunit RPP1(docid: 640274)along with the nucleic acid sequenceghat
encale these proteins. The secondeigenspaceemphasizestumor necrosis factor ligand (docid: 621283)Tumor
necrosis factor precursor (docid: 533673)and the DNA sequenceghat encade either of them. PageRank's
principal eigenspaceemphasizesall of the above proteins (besides533673)along with seweral DNA sequences
which encade for theseand similar proteins.

We compare these results with those generated by similar queriesto the NCBI or SwissProt seners.

3Corresponding Eigenvector Centralit y eigenspacesand Hubs & Authoritieseigenspaces emphasize the same biological enti-
ties. Hybrid Katz's Statuseigenspacesmay be o by one or so.

4Ubiquitin is a protein that is involved in protein degradation. It is attached to other proteins by an enzyme, thereby
marking them for degradation.

5We refer to entities using their unique and stable Biozon 'docid. To view an entry with docid x, folow the URL
biozon.org/Biozon/Profi le/ x.



For example, given the query ubiquitin , both serwers only return records that contain the query term.
The SwissProt set is ordered alphabetically basedon the protein ID, while the NCBI serwer orders the
records basedon the date the record was created. Both orderings are quite arbitrary and uninformativ e.
On the other hand, the examplesdescribed above demonstrate that the prominence models we tested are
indeed e ectiv e in identifying interesting instancesthat are highly connectedto other biological ertities,
thereby providing a broader biological context for functional analysis of these instances. Our obsenations
of independert queries suggestthat sparse models most readily identify Hubs of Knowledge as di erent
eigenspacesend to emphasizenearly disjoint setsof intrarelated biological ertities. Consequetly, no single
eigenspaceompletely characterizesthe set of mostimportant ertities in the focusedsubgraph. On the other
hand, PageRank'sprincipal eigenspaceloesappearto summarizethis set by singling out the highest scoring
ertities in ead of the other methods' top eigenspacesThus PageRankmaost readily provides a ranking for
query results PageRank'snon-principal eigenspacesppear lesscoherert than its principal eigenspaceand
are usually assaiated with signi cantly smaller eigervalues. Our qualitativ e conclusionsare supported by
more extensive tests and quartitativ e results that are reported in section 4.

3.2 Distributions of eigenvalues and prominence values

We study the distributions of the eigervalues of the di erent prominence models' connectivity matrices.
This analysiscan help determine how many di erent eigervectorsshould be usedwhen ranking instance sets
(seesection 4). In general, we obsene that the eigenvalues produced by sparsemodels all display similar
decay patterns acrossdi erent queries. PageRank,on the other hand, usually producesonerelatively large
eigervalue while the rest of the eigervaluesall have very similar smaller values. We obsene these patterns
for queriesin local and global mode. Our results are reported in section 7 of the Supplemenary Material.

We alsostudied the distribution of prominencevaluesin the principal eigervectorsproducedby the various
prominence models. We obsene that for a given prominence model, the properties of the distribution of
prominence values within an eigenvector are fairly consistert both acrossdi erent query terms and across
the di erent eigervectors of a particular matrix. In general,only a small fraction of prominence values are
actually relevant in ead eigenspace. However, a priori it is unclear which prominence values should be
consideredsigni cant, sinceevery eigervector spansthe whole query graph and all documerts are assigned
prominence valuesin eac eigenspace.To addressthis problem, we model the distribution of low-scoring
documerts and usethat distribution to estimate the signi cance of outliers. For details seesection 7 of the
Supplemenary Material.

3.3 Eigenspaces and connected comp onents

We examine the correlation between eigenspacesand connected componerts of the data graph. Previous
studies [Kleinberg 1999 Borodin et al. 2001 obsened that the samedocumerts might appear in multiple
eigenspacesOur experiments are in agreemen with theseobsenations. For example,the 1977 nodesin the
focused subgraph for the seard term cancer form 656 connected componerts (CC), the largest of which
cortains 264 nodes. The rest of the componerts are much smaller and the majority of the nodes(1374) are
in CC of size5 or less. The set of top scoring nodesin the rst, second, fth, eight and tenth eigenspaces
(computed with the Eigenvector Certralit y model) are drawn completely from the largest CC. Someof these
objects appear in more than one eigenspace.On the other hand, most of the other connectedcomponerts
in this graph are mapped to speci ¢ eigenspaces.For example, the secondCC corresponds exactly to the
group of top scoring nodesin the third eigenspace.Similarly, the third CC constitutes the the top scoring
nodesin the fourth eigenspace.Interestingly, even when overlap is obsened (as is the casefor the top CC),
most of the top scoring nodesin ead eigenspaceare unique.

We obsene similar behavior with the query term ubiquitin . The graph contains 6219 nodes, of which
1811 are in the largest CC. The secondlargest CC cortains only 41 nodes, and 2364 nodes are connected
only to one other object. Howewer, in this casethe top CC is so large that it completely dominates all
top ten eigenspaces. We also obsene overlap between these eigenspaces. For example, as was pointed
out in section 3.1, the fth and sixth eigenspacegank the sametwo proteins (UV excision repair protein
RAD23and 26S protease regulatory subunit 7 homolog) at the top, but in reverseorder. Interestingly, thesetwo
proteins are related by an interaction (docid: 60875934)which is ranked 3rd in the fth eigenspacebut



ranked 48th in the sixth eigenspace.Each of these proteins is assa@iated with many interactions, and the
immediate structures of the graphscertered at eadh of thesetwo proteins are somewhatsimilar with respect
to interactions. Howewer, the graph structures are di erent with respect to nucleic acid sequencesas uv
excision repair protein RAD23iS linked to a DNA sequencethat encades seweral other proteins, forming a
slightly dierent community from 26S protease regulatory subunit 7 homolog, whose related DNA sequences
do not encade other proteins.

Both examplesdemonstrate that eigenspacesan overlap. However, eat eigenspaceis certered on a
di erent subset of objects and the high scoring documerts in ead one form a di erent subgraph with a
di erent structure. We postulate that the top-scoring documerts in overlapping eigenspacesre indicativ e of
highly non-planar graphs. The prominence models we consideredare basedon eigenvector analysis and are
essetially linear projection methods. Thesemethods fail to faithfully embed complex non-planar subgraphs
within a single hyperplane, and therefore we obsene multiple non-isomorphic projections of these graphs
(for a discussionon embedding algorithms see[Qusit & Yona 2004). We conjecture that such graphs are
split between eigenspacesoughly along minimal cuts (i.e. partitions with minimal number of crossedges).

4 Ranking rankings and weighting schemes

4.1 Evaluating the qualit y of the results

While ead of the prominence modelsis designedto generateresult setsthat are sorted basedon relevance,
it is hard to quartitativ ely evaluate the quality of theseresults on a large scale. Clearly, one can provide
a few examplesdemonstrating the properties of a speci c system; however, it is di cult to infer general
conclusionsfrom a few carefully chosenexamples.

An independert measureof quality is especially important when comparing di erent weighting schemes
and evaluating the impact of non-principal eigenspacegas describedin section4.2.1). Ideally, such a measure
would re ect the utilit y of the results returned by the query. However, utilit y is a largely subjective matter,
especially when consideringthat Biozon is intended for a wide variety of userswith many di erent interests.
Thus, our attempt to de ne an absolute quality measureon the seard results can only be viewed as an
attempt to approximate a \consensus" point of view based on the objects themselhes. To that end we
choseto usethe textual information assaiated with the biological ertities, and we validate and assesghe
performance of a given method by measuring the coherenceamong the descriptions of instancesin the
result set and their linked objects. Our intuition is that \good" results are those that not only contain
the query term but are also connectedto many other objects that contain the query term. Speci cally,
for eadh instance v in the result set we examineits set of direct neighbors (denoted as the subgraph G,)
and count how many of them match the query term (referred to asconsisten t neigh bors). Denote by n,
the number of direct neighbors of v that have de nitions ® and by m, the number of consistert neighbors
of v. Given the result sets, one can compute the average number of consistert neighbors per query (as a
typical performance measure),or the total number of consistert neighbors among all queriestested (as an
ovenll performance measure). Howewer, a few instancesthat are connectedto many consistert neighbors
can dominate and bias these performance measures. Normalized measures,such as the relative measure
my=n,, are not optimal either. Many of the instancesare connectedto only one other, consistert object.
With a relative measureof 1 for these instances, the overall or typical performance will be biased as well
by diminishing the cortributions of strongly connectedinstancesin the result set. Instead, we proposea
probabilistic measure,and for ead instancewe estimate the signi cance of observingm, consistern neighbors
out of ny neighbors. Formally, given a query term Q we estimate the probability that a random object will
match the term by p= Ng=N whereNg is the total number of objects that match the query term, and N is
the total number of objects in the Biozon databas€’. The binomial distribution with parameter p can then
be usedto estimate the probability to obsene exactly m consistert neighbors out of n neighbors, employing

6This last condition is required since there are many objects that do not have explicit de nitions.

“A better estimate would consider just the objects connected to the documents of the query type that match the query. This
prior will result in lesssigni can t estimates. However, the di erences are marginal and due to its computational simplicit y we
chosethe latter. Another alternativ e method is to compute the background probabilit y to observe the sameterm in de nitions
of neighboring documents.



the simplifying assumption of independence
—_ n m n m.
Prol(m) = m p"(1 p :

The signi cance (pvalug of the subgraph G, is estimated by the total probability to obsene by chance
graphsthat are at least as consistert asthe obsened graph

X
pvalugG,) = Profm®>= m) = Prol(m9:
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This measureaccourts for both the consistencyand the subgraphsize. Given the completeresult setR, the

total pvalueis approximated by Y

pvalugR) = pvalugG,)
V2R

or with the monotonic log-transformation

X
Q(R) = log(pvalugG,))

V2R

This measure,however, is useful only when comparing di erent setsof results becauset doesnot accourt
for the ordering within the set of results. Our second performance measure evaluates di erent ranking
methods by accourting also for the ordering of objects within the result set. Our method is a variation over
the popular ROC measure[Hanley & McNeil 1983. However, unlike the typical setting for this measure
(which requires labeled data) we have quartitativ e data with a signi cance value assignedto ead sample.
We assumethat better model will report the more signi cant instances rst. Therefore, the cumulativ e area
under the curve corresponding to the sorted list of instances(from most signi cant to least signi cant) can
sene as an overall performance measure. Formally, we are given a set of N instances, sorted by ranking
function f. Denote by R (i) the set of i highest ranked documerts. The quality of f is estimated by the
functional UROC (unsupervised ROC) which we de ne as

XX X
UROC\ (R) = log(pvalugGi)) = Q(R(i))
i=1 j=1 i=1

This functional obtains its maximal value when the instancesare sorted in increasing order of signi cance
valuesand obtains its minimal value when instancesare sorted in decreasingorder of signi cance. Therefore,
a ranking function that correlates well with ordering by signi cance values will get a high UROC scoré.
Here we limit N to be 50, and compute UROCso, assumingthat it is not very likely that a user will scan
more than the top 50 results. We usethis measureto comparedi erent modelsand variations of prominence
models as described next.

4.2 Assessing the contribution of non-principal eigenspaces

All the models we tested return multiple potential prominencevectorsin the form of eigervectors or vector
projections of multidimensional eigenspaces. Each such prominence vector represents a dierent way of
distributing prominence values among the graph nodes. Hence, a given connectivity matrix can produce
seweral potential valuesfor eac object.

As the examplesin section 3.1 demonstrated, it is hard to assigna universal meaning to the dier-
ent eigenspaces.Moreover, not all eigenspacesare equally informativ e, and ertities highly relevant to the
qguery can be distributed acrossmultiple vectors. Furthermore, a documert might be included in dier-
ent groups of inter-related documerts and therefore might appear in multiple eigenspacesPrevious studies

8This functional induces a certain ordering on instances that we perceive as imp ortant, and the best ranking procedure
would be a one that is perfectly correlated with this functional. One might argue that instead of using the prominence models,
entities should be ranked directly based on these probabilit y-based measures. However, computing these values in real time for
an arbitrary query is time consuming and therefore we resort to precomputed indices.



([Kleinberg 1999 Borodin et al. 2001]) obsenedthat non-principal componerts may or may not corntain use-
ful information. However, no methodological solutions were proposedto handle non-principal eigenspaces.

Here we attempt to quartitativ ely assesshe importance of non-principal eigenspacesand to propose
methods for integrating information from multiple prominence vectors. Each method is assessedn terms
of its e ectiv enessin ranking documerts in focusedsubgraphs,using the measuresproposedin the previous
section. Our goal is to determine if the information stored in the rst eigenspaceis enoughto rank the
instancese ectiv ely.

4.2.1 Weighting functions

We explore seweral methods for weighting and combining prominence vectors in order to consolidate all
information available in the di erent prominence vectorsinto a single meaningful ranking system. Given a
set of eigervaluese;;::;; e, and assaiated prominence vectors e1;:::; e, (where the i" componert of eat
vector correspondsto the i™ documert), we de ne the following weighting functions:

Principal Eigenspace A documert's nal scoreisits componert in the prominencevector corresponding
to the principal eigenspaceThat is, the i™ documert's nal scoreis equalto the i"" componert of e;.
(this is the approach taken by previous studies on prominence models when ranking web documerts).

Max - A documert's nal scoreis the maximum prominencevalueit receivesin any of the eigenspaces.
M ax(i) = maxy=1::n (ex(i))

Weighted Max - A documert's nal scoreis its maximum prominence value weighted by the corre-
sponding eigervalue. W eightedM ax(i) = maxk=1 -n (& €x(i))

Weighted Sum - A documert's nal scoreis the sum of the prominencevaluesin ead vector weighted
by the corresponding eigervalues. WeightedSum(i) = 7_; (ex ex(i))

4.2.2 Comparison of weighting functions

We tested a total of 44 querieswith ead function. The queriesconsist of a combination of di erent target
data types, prominence models and query terms. Query terms were chosen purely based on biological
interest prior to performance evaluation. Becauseof the small size of the focused subgraphs (Table 5),
we could reliably generatea large number of eigervectors. The documerts in ead result set were ltered

for the proper data type (i.e. the query data type) and ranked using the four weighting functions over
the prominence vectors derived from the top 20 eigervalues/eigenspacegfor all querieswe considered,the
information contained in eigenspaceother than the top twenty seemto be marginal). The ordered set of
documerts was then evaluated using the UROC measuredescribed above, and the results are summarized
in Table 1a. While all four functions do well, it appearsthat the Principal Eigenspacemeasureproducesthe
best results on average,both in terms of averagerank and averageratio.

Analyzing the results by prominence methods revealsan interesting trend that supports our qualitativ e
results reported in section 3.1. Table 1b shows the results for the four di erent weighting functions when
considering only the PageRankmethod. Here, ranking documerts by the Principal Eigenspacedominates
performancein all aspects. This indicates that in general the non-principal eigenvectors produced using
the PageRankmethod are much lessinformativ e than the principal eigervector. On the other hand, when
considering only the Hubs & Authorities model (Table 1c) the Principal Eigenspacemethod does signi -
cartly worsethan the others, which indicates that useful information can be found in Hubs & Authorities's
non-principal eigervectors. The di erences are even more signi cant for Eigenvector Centralit y(results not
shown).

4.3 Comparison of prominence models

Practical considerationsmotivated us to look further into global methods (seesection 2.4), since computing
the focused subgraphsis a relatively slow process. Global methods provide us with precomputed scores
that can be usedto rank documerts returned by arbitrary querieson the y. However, global methods are
bounded by other computational issues,and generating more than just the principal eigenspacecan be very



Weighting Function Max Rank  Min Rank AverageRank Max Ratio  Min Ratio  Average Ratio
Part (a) Principal Eigenspace 1 4 2.14 1 0.20 0.90
Weighted Sum 1 4 2.64 1 0.30 0.86
Weighted Max 2 4 2.84 1 0.34 0.85
Max 1 4 2.37 1 0.32 0.84
Part (b) Principal Eigenspace 1 4 1.37 1 0.96 0.99
Weighted Sum 1 4 2.12 1 0.69 0.88
Weighted Max 3 4 3.37 0.99 0.56 0.84
Max 2 4 3.12 0.99 0.53 0.85
Part (c) Principal Eigenspace 1 4 2.8 1 0.20 0.81
Weighted Sum 2 4 2.9 1 0.37 0.83
Weighted Max 2 3 2.3 1 0.37 0.84
Max 1 4 2 1 0.49 0.83

Table 1: Part (a) Comparing weighting functions for com bining the contributions of multiple eigenspaces . To
evaluate each weighting function f we ran a total of 44 queries. Each query is a distinct combination of (search term, seach type,
ranking method), for example (ubiquitin, protein, PageRank). For each query we analyzed the focused subgraph and computed the
top 20 eigenvectas. The contributions of their derived prominence vectors were weighted using the function f by assigninga total
scae f (d) to each document d. The documents were sarted basedon their total scae, and the quality of top ft y documents was
assessedn terms of the URO C measure(seetext). The di erent weighting functions were then ranked basedon their performance on
eachquery. The minimum, maximum and averagerankings for eachweighting function over these queriesare listed. Furthermore, the
ratio of the given function's quality to the maximum quality achievedin that query is also computed and the minimum, maximum and
averageof this value are computed over the 44 queries. Part (b) Comparison of weighting functions with the PageRank
mo del . Resultsare reported basedon 8 distinct queriesin focusedsubgraphmode. With this model, the Principal Eigenspaceclealy
dominates performance. Part (c) Comparison of weighting functions with the Hubs & Authorities  mo del. Results
are reported basedon 10 distinct queriesin focused subgraph mode. Unlike PageRank, this model performs better when information
from non-principal eigenspacess included. The best weighting function is Max (see Section 4.2.1).

expensive. Encouragedby the relative successof the PageRank method with its principal eigenspacewe
ran a secondset of experiments to re-evaluate which prominencemethod is the most e ectiv e in glokal mode
when only the principal eigenspaces used. Detailed results are givenin Table 2, and exampleUROC graphs
are shawn in Figure 2. The results are consistert and suggestthat PageRankis the most successfulmethod
under this setup.

Q Scores of Top 50 Ranked Objects
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Figure 2: UROC curv es for PageRank and Hubs & Authorities . The result sets were produced from querying proteins
using the seach term ubiquitin , in global mode. The UROC scae is the area under the curve.

44 The eect of normalization

We conjecture that the obsened di erences in performance betweenthe prominence models is an artifact
of matrix normalization. The PageRankmalel usesa connectivity matrix in which every row is normalized
to sumto 1. This meansa node splits its rank evenly among its neighbors. The other three models do
not normalize their connectivity matrices. In these models, a node confersits whole rank upon ead of its
neighbors. For example, consider a graph containing (among other things) a large protein family with n
related proteins. Supposeead protein is only connectedto the family. With a normalized matrix, ead of the
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Query Query Prominence Average No.  Average Consistent  AverageRatio Q(R) UROC(R)
Term Type Model Neighbors Neighbors
Hubs & Authorities 4.38 0.6 0.13 167 4879
ubiquitin protein  Eigenvecta Centrality 4.38 0.6 0.13 167 4879
Katz's Status 3.82 0.48 0.12 135 3436
PageRank 12.18 3.56 0.27 977 26021
Hubs & Authorities 1.19 0.79 0.48 357 10086
stromelysin protein Eigenvecta Centrality 1.19 0.79 0.48 357 9912
Katz's Status 1.19 0.79 0.48 357 10061
PageRank 1.19 0.79 0.48 357 11593
Hubs & Authorities 5.22 1.08 0.25 317 6137
cancer protein  Eigenvecta Centrality 5.20 0.9 0.21 245 5346
Katz's Status 4.84 0.64 0.19 170 4915
PageRank 6.68 1.8 0.30 535 16082
Hubs & Authorities 1.26 0.5 0.46 166 4628
cancer nucleic  Eigenvecta Centrality 1.26 0.46 0.45 151 4635
Katz's Status 1.08 0.44 0.44 146 4529
PageRank 1.60 0.52 0.39 167 4633
Hubs & Authorities 11 0.67 0.58 223 4520
autoimmune  protein  Eigenvecta Centrality 11 0.67 0.58 223 4520
Katz's Status 11 0.67 0.58 223 4520
PageRank 1.1 0.67 0.58 223 4582
Hubs & Authorities 0.98 0.4 0.4 226 4559
autoimmune  nucleic  Eigenvecta Centrality 0.98 0.4 0.4 226 5430
Katz's Status 0.98 0.4 0.4 226 4401
PageRank 0.98 0.4 0.4 226 7659

Table 2: Comparison of prominence models on the global Biozon graph . Only the principal eigenspaceis used. For
each query consisting of (query term, query type, prominence model) we report the following results over the set R of the top 50
documents returned by that query: The average number of neighbors per document in that set, the average number of consistent
neighbors, the averageratio of these numbers, the quality of results set Q(R), and the most informative measureUROC(R).

proteins confersits whole rank to the family, but the family only confers1=n of its rank badk to the proteins.

Consequettly, although many proteins contribute to the family to give it a high rank, the family splits this

rank amongits proteins and so the individual proteins' ranks remain low. Thus PageRankemphasizeshe

family without emphasizingits members. On the other hand, with an unnormalized matrix, the protein

family confersits whole authority upon ead of its members. Thus if the protein family is highly ranked,

its members will also be highly ranked. Hencean unnormalized matrix method will tend to co-emphasize
protein families and their menmbers.

We tested the e ect of normalization on the performance of the prominence models. The results are
summarized in Table 3. As the table shows, normalization can have a drastic impact on the results, and
performancealmost always improveswith normalized connectivity matrices. However, note that PageRank
still performs better.

Query Query Prominence Average No.  Average Consistent  AverageRatio Q(R) UROC(R)
Term Type Model Neighbors Neighbors
Hubs & Authorities 4.38 0.6 0.13 167 4879
Hubs & Authorities(N) 7.64 2.58 0.52 705 23809
ubiquitin protein  Eigenvecta Centrality 4.38 0.6 0.13 167 4879
Eigenvecta Centrality(N) 1.04 0.9 0.88 307 7871
PageRank 12.18 3.56 0.27 977 26021
Hubs & Authorities 1.19 0.79 0.48 357 10086
Hubs & Authorities(N) 1.19 0.79 0.48 357 10112
stromelysin protein Eigenvecta Centrality 1.19 0.79 0.48 357 9912
Eigenvecta Centrality(N) 1.19 0.79 0.48 357 9057
PageRank 1.19 0.79 0.48 357 11593
Hubs & Authorities 5.22 1.08 0.25 317 6137
Hubs & Authorities(N) 3.62 1.2 0.67 372 11947
cancer protein Eigenvecta Centrality 5.2 0.9 0.21 245 5346
Eigenvecta Centrality(N) 1.24 0.98 0.86 321 8137
PageRank 6.68 1.8 0.30 535 16082
Hubs & Authorities 1.1 0.67 0.58 223 4520
Hubs & Authorities(H) 11 0.67 0.58 223 4345
autoimmune  protein  Eigenvecta Centrality 11 0.67 0.58 223 4520
Eigenvecta Centrality(H) 1.1 0.67 0.58 223 4830
PageRank 1.1 0.67 0.58 223 4582

Table 3: The eect of normalizaton  on the ranking . For each model we repeated the computations with the unnormalized
and the normalized (N) matrices. SeeTable 2 for details.
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4.5 Local vs. global metho ds

We compare the performance of the PageRank model using focused subgraph, global and extended global
modes (section 2.4). We obsene that the global mode sometimesoutperforms focusedsubgraph mode with
respect to the UROCsy measure(see Table 4). This is possibly due to \edges e ects": objects that are
excluded from the focusedgraph are consideredin global mode and can increasethe prominence values of
their neighbors which, in turn, increasethe prominence values of the objects relevant to the query term.
However the global mode is outperformed when it produceslessthan 50 results. The extended global mode
improves over the global mode and seemsto produce results that are comparable to the best mode for
ead query. Theseresults suggestthat the extended global mode is a good compromisebetween sensitivity
and speed. Interestingly, the top result returned for the stromelysin® query in extended global mode is,
in fact, a protein whosede nition doesnot cortain the seard term. This protein, Interstitial collagenase

precursor (docid 884427),is similar to seweral other stromelysin proteins and is encaded by a stromelysin
DNA gene. For comparison, we also provide the baseline performance. This was evaluated by picking 50
random documerts from the subgraph and computing UROC based on the random sampling order (the
procedurewas repeated 50 times and the results were averaged).

Query Query Graph Number of  AverageNo.  Average Consistent AverageRatio Q(R) UROC(R)

Term Type Results Neighbors Neighbors

ubiquitin protein Baseline 50 1.92 1.0 0.64 329 8278
Focused 50 11.72 2.9 0.20 771 18516
Global 50 12.18 3.56 0.27 977 26021
Global-ext 50 12.18 3.56 0.27 977 25967

stromelysin protein  Baseline 46 1.30 0.80 0.49 387 9038
Focused 46 1.30 0.80 0.49 387 13180
Global 43 1.19 0.79 0.48 357 11593
Global-ext 46 1.30 0.80 0.49 387 13045

cancer protein Baseline 50 2.01 1.03 0.73 323 8202
Focused 50 6.72 1.74 0.28 516 14901
Global 50 6.68 1.8 0.30 535 16082
Global-ext 50 6.72 1.8 0.30 534 16010

autoimmune  protein  Baseline 50 1.92 0.84 0.60 455 11512
Focused 50 2.33 1.02 0.73 530 14330
Global 30 1.1 0.67 0.58 223 4582
Global-ext 50 2.24 0.98 0.70 530 14054

Table 4: Performance evaluation: focused subgraph vs. global vs. extended global . All results were generated with
the PageRank prominence model, using the Principal Eigenspacescaing function. In the casesof autoimmune and stromelysin, the
global method returns lessthan 50 documents. The extended global mode reports more than 50 documents, which explainsthe larger
overall quality.

4.6 Variations

We tested several other variations of prominencemodels that exploit the structure of the Biozon graph and
the dierent data and relation types. Our rst experiment useddirected graphs where edgesare directed
towards a speci ¢ data type (forced directed graph). The main advantage of this method is that it produces
a clear and sensibledistinction betweenhubs and authorities, unlike undirected graphs. We also attempted
to incorporate the similarity relation into our graphsto help characterize new and unannotated objects.
We found that in somecasessimilarity data causedan immediate and signi cant improvemern in result set
quality. Unfortunately, theseimprovemerns werenot obsened consisterlly acrossmultiple queries,indicating
that the problems of redundancy and localization (as discussedin section8) needto be considered. Finally,
to accourt for possiblediscrepanciesn signi cance amongbiological relations, we weighted the ertries of the
adjacency matrices basedon the type of the relation. While in somecasesedgeweighting clearly improves
the results, in others it does not, and further study is necessaryto convergeto a stable and consisten
weighting scheme. Our experimerts are reported in more detail in section 8 of the Supplemenary Material.

9Stromelysin is a metalloproteinase involved in breaking down the extracellular matrix.
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5 Discussion

In this paper we present a systemthat ranks biological ertities returned as results from querying heteroge-
neousbiological data. We view important or interesting instancesin the result setsasthosethat are linked
to many other important ertities. Sincetheseinstancesare assaiated with myriad of biological knowledge
(through their relations to other biological ertities) they can serwe as a useful entry point to researters
who would like to study similar systems. To identify theseinstanceswe analyzethe intricate link structure
of Biozon by applying spectral methods. We test seweral popular prominence models, variations of these
models, di erent query modes, and di erent scoring functions. To evaluate the quality and e ectiv enessof
these models we proposean objective probabilistic measure,UROC, that accourts for both the structure
of the Biozon graph and the textual information contained therein. This measurequanti es the thematic
unity within instance subgraphs,directed at detecting what we call \h ubs of knowledge".

We examine several issueswith prominence models that have not been quartitativ ely addressedso far.
We evaluate the utilit y of information contained in non-principal eigenspacesas well as di erent ways to
incorporate this information into our prominence models. Our tests indicated that with a certain family of
prominencemodels(including Eigenvector Certralit y, Hubs & Authorities and Katz's Status) the information
is distributed acrossmultiple eigenspacesind that the Max weighting function is the most e ectiv e approac
for ranking documerts with these models. On the other hand, non-principal eigenspaceseemto cortain
little information when using the PageRankmodel. For PageRank,the most e ectiv e ranking is produced
by relying solely on prominencevaluesin the principal eigenspace.The di erences betweenthe PageRank
model and the other three models are attributed to two factors. First, PageRankincludes a prior matrix
that essetially connectsall documerts. Therefore, PageRankanalyzesa completely connectedgraph while
all other models analyze sparsegraphs. Second,the rows of PageRank'sconnectivity matrix are normalized.
Indeed, the performanceof the other models improved when their connectivity matrices were normalized in
a similar manner. Furthermore, we obsene that the sparsemodels are most e ectiv e for producing hubs of
knowledgewhile PageRankis the most e ectiv e model for ranking query results.

We also comparedi erent seard strategies. While the local method can bring forward documerts that
do not match the query term (the function of thesedocumerts is inferred from their broader graph context,
through relations to other, better characterized objects), it is computationally prohibitiv e in real-time. In
comparison, global methods rely on pre-computed prominence values and no additional preprocessingis
required during query time execution. We also introduced the extended global method that combines the
bene ts of both the focused subgraph method and the global method, thus allowing fast propagation of
information to uncharacterized or unstudied objects.

Practical considerationspromoted the useof global methods for a real-time ranking system. However, due
to the sizeof the global connectivity matrix, this choiceprecludesus from computing many eigenspacesSince
PageRank's principal eigenspacetends to incorporate information from the other methods' non-principal
eigenspaceswe conclude that the PageRank model with the principal eigenspacescoring function is the
most feasible systemfor ranking Biozon query results. Indeed, our experiments have showvn that PageRank
producesthe bestresults giventheserestrictions. Moreover, PageRank'sperformanceunder theseconditions
is comparableto the best performance obsened from any combination of model and scoring function used
in local or global mode. The PageRankmodel has other interesting aspects. For example, the inclusion of
the matrix E allows oneto explore various typesof prior knowledge.

One advantage that Biozon has over the World Wide Web is that for the most part Biozon data is highly
reliable. While web seard enginessud as Google have to deal with dynamic data of questionablequality,
almost all relations in the Biozon databaseare well establishedrelations that are derived from high quality
obsenations and measuremets!?. Therefore, our modelsdo not have to addressdirectly issuessuch as noise

10The application of all prominence models we tested involves non-trivial issues, and further improvemernts to a real-time
database query system require additional study of the underlying data graph. In particular, it is desirable to precompute as
much data as possible to minimize the amount of processingrequired for eac individual query. Among the issuesthat one has
to consider is the overlap betweendi eren t eigenspacesand the meaning of di eren t eigenspaces. One possibilit y is to utilize the
causal structure and the connectivit y within the graph as analysis can be carried out separately on each connected component.
To this end, we have isolated the connected components of the Biozon data graph and are studying their prop erties.

1 There are some exceptions. For example, high-throughput interaction data that is generated using the yeast two-hybrid
system tends to contain many false positives. However, these relations constitute a small fraction of the Biozon data graph,
and our tests indicate that their presence does not change the ranking signican tly.
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and \dead links". Howewer, the heterogeneousdata setsreveal other interesting properties and challenges.
For example, upon testing the e ect of similarity data on performancewe obsened that similarity relations
can be useful, but they can also lead to mediocre performance becauseof problems of redundancy and
localization. Thus, similarity data should be consideredwith the proper normalization. It should be noted
that much of the similarity information already exists in another form. For instance, proteins are often
classi ed to families basedon similarity data and thus forms paths (of length two) betweensimilar proteins
in the Biozon data graph. Like our tests with similarity data, our tests with edgeweighting open another
direction that requires further analysis. Here, future work includes exploring more robust weighting and
normalization schemes. Another type of information that is currently ignored is the context (such as the
species). Variations that will focuson organism-speci ¢ subnetworks will be another topic of future researd,
aswell asthe integration of information retrieval techniques and other variations of prominence models. Of
special interest are non-linear projection methods that can handle large, non-planar graphs.

Finally, we should note that although the exampleswe usedin the paper are singleterm queries, Biozon
has the capability of ranking any query the user may execute. This includes multiple term queries and
gueriesinvolving relations among multiple data types. The current ranking system, basedon the PageRank
prominence model, was integrated into the Biozon databaseand is available online at biozon.org .
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Hubs of Kno wledge: Supplemen tary Material

6.1 The Biozon database and data graph

Biozon is a systemthat consolidatesmultiple biological databasesconsisting of a variety of heterogeneous
data types (such as DNA sequencesproteins, interactions and cellular pathways) into a single extensive

schemathat is logically represenied as a large data graph . Each node represeris somedatum, and an

edgebetweentwo nodesrepreserts a relationship betweenthem. Formally, = (D;R) whereD = fd;::dyg

is the set of all nodes(documerts) in the graphandR = fry:iirmg D D isthe setof all edges(relations)

in the graph. The data is warehousedlocally so the fundamental biological objects represeried are non-

redundant even though data within and betweentheir originating sourcesoverlap. The Biozon resourceis

available online at biozon.org .

Much of the data in Biozon is gleanedfrom publicly available databasessuch as SwissProt, PDB, Gen-
Bank, BIND, KEGG, and more (referred to as source data). These sourcesprovide the fundamertal
biological objects in Biozon, many of the relationships that exist between objects, and the annotation that
makesit possiblefor humansto understand this data. Biozon augmerts the sourcedata with deriv ed data .
Derived data encompassesny data produced as the result of a computation or operation over someset of
existing data in Biozon, and is unavailable elsewhere. Currently, derived data available in Biozon consists
of similarity relations between protein sequencesand protein structures, domain structure of proteins, and
more. Derived data is a substartial part of the Biozon database.

One main advantage of Biozon is that it allows usersto form complex queries. For example, one can
seard for all proteins which have solved structures and are members of enzymefamilies integral to a par-
ticular pathway (note this query spansfour dierent data types: protein sequencesprotein structures,
protein families, and pathways). Similarly, one can seard for all structures of proteins that are involved
in known interactions and soon. In addition to addressingthe problem of data integration and uni cation
from multiple resources,complex queriesenablesophisticated data manipulation. For more information see
[Birkland & Yona 2004.

Do cuments

Each biological entity (be it sourcedata or derived data) is represenied as a set of documerts. In general,
documerts are divided into a hierarchy of categories. At the top of the hierarchy we distinguish between
objects and descriptors . Objects are basic biological ertities. An object is either a physical entity (i.e.
protein sequenceprotein structure), or a group of physical ertities (i.e. interaction, protein family, pathway)
A Descriptor, asthe nameimplies, is any pieceof knowledgeassaiated with a physical ertit y, beit a narrativ e
description, a feature, or a measuremein (such as expressiondata). Each documert is represerted asa node
in the Biozon data graph'?.

Relations

Relations are the edgesthat connectthe documerts of the data graph. Relations consist of pointers to a
referring document and a referred documert. The typesof relations classi ed in the Biozon databaseinclude
‘menber of,' "manifestsas,’ "descrikes,' “encales,’ “similar,’ “cortains,' “expressesand ‘comprisedof.’ Each
relation implies a particular directional meaning,in particular specifying the typesof documerts related. For
example,the “descrikes'relation represerts the relation betweena referring descriptor and a referred object.
Likewise, the “encales' relation represerns the relation between a referring nucleic acid sequenceand the
referred amino acid sequencehat it encades. By de nition, the reverseedgesalso exist (e.g. “described by’
or “encaled by'), however only one of the edgesis physically stored in the database. The default direction
is chosento be the active voice name of the relation.

12For example, a SwissProt record will be mapped to a pair of documents: an object document that corresponds to the
physical amino acid sequenceand a SwissProt descriptor document that contains all the expert knowledge stored in SwissProt
asscciated with that protein. A relation is also de ned betweenthe two documents to indicate that the descriptor describes the
object. If the same protein exists in PIR [George et al. 1996], then the PIR entry will be mapped to the same object document.
A new descriptor, containing the knowledge stored in PIR, will be intro duced, and a relation between this new descriptor and
the object will be created.
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Figure 3: A subgraph of objects and descriptors . Objects, descriptars, and the relations between them form a typical subset
of the Biozon data graph. Seach results return sets of objects, from which the graph can be navigated to seethe object's context.

Directed vs. undirected graph

The edgesof the Biozon data graph correspond to the relations betweenthe di erent ertities in the graph.
We considertwo variations over this graph: the directed and the undirected. In the directed one, there is an
directed edgefrom object a to object bin the graph if and only if object a refersto object bin the appropriate
relationship in Biozon, as de ned by the active voice name of the relation. The undirected graph is simply
the directed subgraph after adding in the reverseedgesas well.

Although in some casesthe direction of the relationship might imply causality (e.g. DNA sequence
encalesfor a protein), most relationships are such that both directions are biologically valid and no particular
direction is more signi cant than the other. Moreover, for most practical purposesit is easierto work
with undirected matrices, sincethey are symmetric. Therefore our default setup throughout this paper is of
undirected graphs. We investigate the relationship betweenthe properties of directed and undirected graphs
in section8.1.

Data types

In this study we considerthe following data types: nucleic acid sequencesprotein sequencesprotein struc-

tures, enzymefamilies, interactions, and pathways aswell asthe relationships amongthesetypes(including

similarity relations). The global data graph and a partial overview of the Biozon schema are displayed in

Figure 4. This graph, at the instance level, is the subject of our analysis of prominence models. While the

descriptor documerts describe the biological ertities that are relevant to a particular query, they are not

consideredwhen analyzing the Biozon link structure and assigningprominenceto nodes. This is because
the information that is stored in biological databasesis often redundant, and many biological ertities are
reported in multiple databaseswith almost identical descriptors. In this work, the prominence of an object

is de ned basedon the set of other biological entities that are connectedto it.

6.2 Prominence models

All the prominence models we considerare basedon the idea that a node is prominent if it is connectedto
other prominent nodes. We study four main methods for assigningprominencevaluesto nodes, as described
next. Given a query, the analysis starts by de ning the graph (or subgraph) of relevant documerts and
their adjacency matrix A. Each method dierently characterizesthe connectivity within the data graph
to derive a connectivit y matrix B from the adjacencymatrix. The spectral properties of the connectivity
matrix are then analyzed by computing its eigervectors. Each eigernvector is consideredto be a possible
assignmen of prominence valuesto documerts, where node u is assigneda prominence value equal to the
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Figure 4. The Biozon schema and datagraph . Left: partial high level description of the actual physical schema (see
[Birkland & Yona 2004] for a detailed description of the schema). Right: the set of main objects in Biozon and their relations (some
entities are omitted for clarity).

u™ componert of the eigervector. The highest scoring nodes in the principal vector(s) are returned as
potential signi cant matches.

We start with four popular methods and apply them to the Biozon data graph (section 3.1). In sections
4 and 4.6 we explore seweral variations of these methods that test the e ect of non-principal eigenspace®n
the ranking, di erent weighting functions, and inclusion of similarity data in the adjacency matrix.

Eigenvector Centralit y

The Eigenvector Centralit y model focuseson direct edgesbetween nodes (see Figure 5) and de nes the
prominence of a node to be proportional to the sum of the prominence values of all nodes connectedto it.
Let p be a vector of prominencesand denote the prominence of node v by p(v), then

X
p(v) p(u)

(uv)2R

Let A be the graph's adjacencymatrix and A° be the transposeof A. Then p should satisfy p A% and
the solutions of this equation are the eigernvectors of A°% Thus we de ne the connectivity matrix B to be
AC For undirected graphs A°= A and the connectivity matrix B is equalto to the adjacency matrix.

ORrRrROR
PR ORR
oOOoORrR RO

cor oo
000

Figure 5: A sampledata graph and the corresponding connectivity matrix B with the Eigenvecta Centrality model. The connectivity
matrix is derived directly from the adjacency matrix of the graph.

Hubs and Authorities

Hubs & Authorities [Kleinberg 1999 extendsEigenvector Centralit y by di erentiating nodesthat haveuseful
information (authorities ) from nodesthat link to nodeswith usefulinformation (hubs). A node'sauthority
score is proportional to the sum of the hub scoresof nodes that link to it, and a node's hub scoreis
proportional to the sum of the authority scoresof the nodesit links to.
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Let a be a vector of authority scoresand h be the corresponding vector of hub scores. Thena A%
andh Aa. Hence,a ACa andh AA %. Thus,in the Hubs & Authorities model, two connectivity
matrices are de ned and analyzed: B; = A% and B, = AA % where the eigervectors of B; correspond
to authority scoresand the eigervectors of B, correspond to hub scores. Since A°A and AA © are always
symmetric and positive semi-de nite, hubs and authorities vectors are always well-de ned in the sensethat
the power iteration method (see section 6.3) always converges. Note that for an undirected graph A is
symmetric and therefore A°A = AA °= A2, Thusin the undirected case,hub scoresand authority scores
collapseinto a single score. Note alsothat A Z2(i; j) is the number of paths of length two linking nodesi and
j - Therefore undirected Hubs & Authorities is equivalent to Eigenvector Certralit y applied to a new graph
in which i and j are consideredadjacert if they are connectedby a path of length two in the original graph,
and the (i; j ) edgein the new graph is weighted by the number of length two paths connectingi and j in the
original graph (seeFigure 6). In the directed case,the weight of edge(i; j ) in AA °(the \coupling" matrix in
bibliographics) is the number of nodesthat are \co-cited" by both i andj. The weight of edge(i; j) in A A
(the \co-citation" matrix in bibliographics) is the number of nodesthat \co-cite" both i andj. Howewer, in
both casegof directed and undirected graphs) length one paths in the original graph are not explicitly used,
thus possibly eliminating useful information. In this view, we suggesta new model that explicitly utilizes
information provided by length one, two, and three paths (see'Hybrid Katz's Status' below).

PR NDWR
oOrRr ANBR
PNR RPN

PR ORR
>0

Figure 6. Given the data graph from Figure 5, Hubs & Authorities analyzesthe connectivity matrix B where the (i; j) entry
corresponds to the number of length 2 paths betweennodesi and j, as depicted in the graph on the left. Note that with undirected
graphs the diagonal elements (i; i) of B correspond to the number of edgesoccurring at node i in the original data graph.

PageRank

PageRank[Pageet al. 1999 usesa probabilistic model to assignprominencevaluesto nodes. With proba-
bility , the prominence of node v is transferred to a node u that v points to, where u is chosenuniformly

at random from the nodesthat v points to. With probability 1 the prominenceof node v is transferred
to a node u in the graph, chosenrandomly with probability E (u) where E is a prior probability distribution

over the nodesof the graph. The prior can beinterpreted asa random walk through the graph (by a random
\graph surfer"), where the probability of a random restart is 1 alpha, and prominence valuesre ect the
probability that a given node will be visited on such a walk. Thus, PageRank correspondsto Eigenvector
Centralit y applied to the connectivity matrix B = A%+ (1 ) E 1°whereA is the graph's adjacency
matrix with rows normalized to sumto 1, and 1 is a vector of 1's. Note that due to the intro duction of the
prior matrix, B is always dense(in the sensethat every node contributes to the prominencevalue of every
other node) and PageRank practically analyzesa completely connectedgraph (seeFigure 7). In contrast,

all other models analyze sparsegraphs where only adjacert or nearly adjacert nodesdirectly cortribute to
the prominence value of a given object.
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Figure 7: PageRanknormalizes the adjacency matrix and adds a prior matrix (top), to producesthe connectivity matrix (bottom).
Dashed edges(top graph) correspond to a random walk through the document space. Although the original data graph (Figure 5) is
undirected, the edge weights in the PageRanlconnectivity matrix can di er, depending on the direction, due to normalization.

Hybrid Katz's Status

A simple measure of prominence that was suggestedin [Gar eld 1977 is to assigna node's prominence
value in proportion to the node's in-degree. However, this measurehas some disadvantages compared to
those already discussed. Kleinberg [Kleinberg 1999 discusseghe shortcomings of in-degreebasedranking;
speci cally, such rankings tend to emphasizeuniversally popular ertities which lack thematic unity. Our
Katz's Status model is basedon the early work by Katz [Katz 1953, modeling status in social networks. We
generalizethe prominence by in-degreeidea by assigninga node's prominencein proportion to the number
of paths of arbitrary length ending at the node, where long paths are penalized by a decay factor. Note
that for adjacency matrix A (directed or undirected), AX(i;j) is the number of i | | paths of length k.
For undirected A, we have described spectral methods corresponding to k = 1 (Eigenvector Centralit y) and
k = 2 (Hubs & Authorities). More generally, we can de ne the prominence of node v, p(v) as follows:

X X X
p(v) wing(u;v)p(u) +  wana(u;v)p(u) +  wang(u; v)p(u) + i

where ni (u; v) is the number of paths of length k betweenu and v and wy is the weight of a path of length
k. Thus, Katz's Status essetially builds a connectivity matrix B whereB (i; j) is a scorebasedon all paths
from i to j. Fixing the maximal path length k and letting

X .
B = WiAI
i=1
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we can represent this schemeas matrix multiplication p  Bp which correspondsto Eigenvector Certralit y
applied to B. Here we setk = 3, sincein the Biozon data graph (seeFigure 4b) most data typescan reach
any other data type by a path of length 3 at most'3. We de ne w; = 1, wp, = 1=16, and w3 = 1=64

6.3 Computing prominence vectors

In the prominence models we considered, prominence values are assaiated with the eigervectors of the
corresponding connectivity matrices. As sud, any method for nding eigervectorswill su ce. In the partic-
ular caseof Hubs & Authorities, we use singular value decomposition [Presset al. 1993 to simultaneously
generatethe eigernvaluesand eigervectors of both ACA and AA °. This technique producesan orthonormal
basis of eacth eigenspacewithout explicitly computing AA ®or ACA .

Onecanalsousethe fast poweriteration method [Heath 2004 to computethe principal eigervalue/eigernvector
pair of the connectivity matrix B by repeatedly multiplying B to some starting vector until convergence
(seeFigure 8). Due to computational constraints, the power iteration is the only feasible method to com-
pute eigervectors of large, densematrices. However, the power iteration most readily computes a matrix's
principal eigervector and a more elaborate manipulation is required to compute non-principal eigernvectors.

- 0 1
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Figure 8: Computing  prominence vectors with the power iteration metho d. Starting from a uniform set of values,
the prominence vector is iteratively rede ned by multiplying it by the adjacency matrix.

The computation of prominencevectorsis complicated by multidimensional eigenspacesFor eigenvalues
with multiplicit y greater than 1, the eigervectors returned by standard linear algebra padkagesmay be
arbitrary and ambiguous. The power iteration will also generate suboptimal results in this setting: if all
eigervaluesare positive, it will convergeto an arbitrary vector dependert on the starting vector, and if the
eigervalues are of opposite signs( ), it will bounce back and forth betweentwo vectors. Note that by

13To avoid situations in which cycles undesirably increase the prominence of a node we focus just on simple paths. A simple
i1 ] path is a path that does not visit the same vertex twice. Computing the number of simple paths of length > 3 is
intractable in general, but is relativ ely easy for paths of length 3.
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de nition, any vector in a multidimensional eigenspaceis a prominence vector. Therefore, the selection of
any single vector of prominence values from the spacewill be completely arbitrary . Moreover, much of the
information about a multidimensional eigenspaces lost when only onevector is selected. Therefore, we take
the prominenceof an object i in an eigenspacewith cardinality k > 1 to be the projection of that object on
the eigenspace: v
N
e(i) = & (i)?
j=1

where feq; ep; ;s exg is an orthonormal basis for the eigenspace. l.e. this is the total prominence value
assignedby that eigenspace. Note &(i) is equal to the maximal projection over all vectors within the
eigenspace We therefore e ectiv ely assignead node's prominenceto be equalto the maximum prominence
assignedto that node in any vector in the eigenspace.

It should alsobe noted that all existing methods for ranking nodesin large data graphs (such asthe web)
focus on just the principal eigenspacevhen assigningprominencevalues. However, the connection between
prominence assignmetts and the spectra of appropriate matrices suggeststhat non-principal eigervectors
may also convey useful notions of prominence. For example, Kleinberg [Kleinberg 1999 noticesthat di erent
eigervectors emphasizewebpageswith di erent interpretations of the query term. We explore methods for
combining the information from multiple eigenspacesnd evaluate their usefulnessin ranking documerts in
section 4.

6.4 Search strategies: global graph vs. focused subgraphs

We investigate the performance of the prominence models described above. Our ultimate goal is to provide
a sensibleranking of results from queriesto the Biozon database. We considertwo general strategies for
generating and then ordering these result sets: The focused subgraph metho d (referred to also as the
'local method’) rst creates a subgraph of Biozon consisting of nodes that satisfy the query and their
immediate neighbors (the exact procedureis described next). Prominence values are then assignedto the
nodesof the subgraph using one of the above models, and nodesare ranked by descendingprominence. The
global metho d, on the other hand, rst usesone of the modelsto assignprominencevaluesto every node
in the Biozon graph. Then, for a given seard, nodessatisfying the query are extracted and then ordered by
descendingprominence.

Generating instance sets - the query subgraph

The local method starts by generating a speci ¢ set of relevant instances,and then ranks the instancesby
exploring the spectral properties of the corresponding connectivity matrix. Given a query term Q (such
as ubiquitin ) over a data type T (e.g. protein sequenceswe run the following procedureto generatethe
query instance set

1. Initialize the instance set S; to be all instancesof type T containing the text Q in their de nition
eld ¥4,

2. Add to S; any object (of any data type T9) that is directly related to an object in S; (note that in the
caseof proteins, the similarity relation can bring in other proteins directly related to those already in
S1).

3. Initialize S; to include any object of data type T°6 T that cortains the text Q in its de nition eld.

4. Add to S; all objects of type T which are not in S; but are directly related to objects (of any data
type) in the set S,.

5. Merge S; and S; to form the complete instance set S.

141n this study we focused on the de nition eld, but the search can be extended to other elds.
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This procedure resenbles the procedure introduced in [Kleinberg 1999. Howewer it has been modi ed to
accourt for heterogeneoudlata types. Speci cally, step 4 servesto extend the instance setto other possibly
relevant instancesof the query data type. On the other hand, extensionswith regard to other data types
are more restricted to avoid shift of biological cortext (steps 2,3). In some caseswe introduce additional
constraints. For example, when querying for proteins we only considersequenceghat are at least 20 amino
acidslong. This is to exclude very short peptidesthat are linked to many DNA sequencesut have limited
biological signi cance.

Figure 9: Generating the focused subgraph . Supposewe are seaching protein de nitions for ubiquitin  in the above Biozon
subgraph. Each of the two circled nodes corresponds to an entity in which "ubiquitin" appears in its de nition eld. The set S
represents all nodes that will be included in the focused subgraph. These nodes are numbered accading to the stepsin which they
are added to the focused subgraph in the above description. Nodes are not included in the subgraph for the following reasons: (a)
A protein whose de nition does not contain the seach term is included only if it has a neighbor whose de nition does contain the
seach term. (b) A non-protein whosede nition does not contain the seach term is included only if it has a protein neighbor whose
de nition does contain the seach term.

The resulting subgraph of the Biozon data graph is called the query subgraph . The nodes of the
guery subgraph are the objects in the query instance set. The edgesof the query subgraph are obtained by
projecting the complete Biozon data graph onto the instancesetS. The composition of the focusedsubgraph
for selectedqueriesis givenin Table 5.

Query Query Proteins  Nucleic Acid Protein  Structures  Interactions  Pathways Total  Connected

Term Type Sequences Families

autoimmune  protein 58 324 1 0 4 0 387 111
nucleic 58 369 0 0 0 0 427 150

cancer protein 830 37023 7 5 109 0 37974 1977
nucleic 829 37300 0 1 1 0 38131 1920

stromelysin protein 46 566 3 2 0 0 617 76

ubiquitin protein 2372 28820 9 25 720 1 31947 6219

Table 5: Mak eup of the focused subgraphs for selected queries . For each query we list the number of instancesof each
Biozon data type included in the corresponding focused subgraph. The query types we experimented with are protein sequenceand
nucleic sequence.One might be surprised by the fact that a structure is included in the focusedsubgraph for the stromelysin-nucleic
seach since protein structures are not directly related to nucleic acid sequences.Such nodes are included by de nition sincethey have
the seach term; however, they are ignored (along with all other nodesthat do not have neighbors) in the subsequenteigencalculations
and are assignedprominence values of 0. The “Total' column indicates the number of nodesincluded in the focused subgraph, while
the last column ("Connected') lists the number of nodes of the focused subgraph with at least one neighbor in the subgraph. Only
nodes which have neighbors are included in our computations.

The extended global metho d

The naive implementation of the global method appearsto be too restrictive when comparedto the local
method. The local method is not limited to ertities de ned by the query term; it may return an entity
related to another entity which is de ned by the query term. This allows the local method to propagate
information to uncharacterized objects and potentially increasethe number of valuable results. However, the
global method hasa better responsetimes sinceit relies on precomputed prominencevalues. To compensate
for the loss of information inherent in the global method without reducing responsiveness,we introduce a
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third strategy for generating results. The extended global method is a variation of the global method
which utilizes information in neighboring ertities to bring forward uncharacterized entities as follows:

As with the global method, a prominence model is applied to the Biozon data graph onceand for all to
assignprominencevaluesto all documerts. Given a query term Q over data type T

1. Seard for all documerts that match the query term Q. Denote that setby Sp.

2. Collect the top-scoring documerts of Sy until encountering at least N objects of data type T or until
exhausting Sp (in our experiments, N is setto 50). The resulting set, S;, contains documerts of all

types.
. SeparateS; into S, (documerts of type T) and S; (documerts of type 6 T).

. Initialize Sto S,.

. Add to S all objects of type T related to any object in Ss.

(<2 ¢ 2 B - N OV ]

. The set S cortains only objects of type T, someof which match the query term. Reorderthe elemeris
of S basedon their global prominencevalue.

7 The distributions of eigenvalues and prominence values

We study the distributions of the eigervalues of the di erent prominence models' connectivity matrices.
This analysiscan help determine how many di erent eigervectorsshould be usedwhen ranking instance sets
(seesection 4). In general, we obsene that the eigenvalues produced by sparsemodels all display similar
decay patterns acrossdi erent queries(Figure 10aand Figure 10b). PageRank,on the other hand, usually
producesone relatively large eigervalue while the rest of the eigernvaluesall have very similar smaller values
(Figure 10c).

(a) Top 10 eigenvalues for focused subgraph with Katz status ~ (c) Top 10 eigenvalues for focused subgraph with Hubs & Authoroties (b) Top 10 eigenvalues for focused subgraph with PageRank
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Figure 10: Top 10 eigenvalues of dieren t connectivit y matrices . (a) Hybrid Katz's Status (b) Hubs & Authorities
(c) PageRank. The eigenvalueswere computed for matrices that were generated from focused subgraphs with the protein query
ubiquitin . Similar results were observedfor other queries.

We examinedthe prominencevectorsproducedby the di erent prominencemodelson focusedsubgraphs,
and studied the distribution of valueswithin thesevectors. We obsene that for a given prominence model,
the properties of the distribution of prominence values within an eigervector are fairly consistert both
acrossdi erent query terms and acrossthe di erent eigervectors of a particular matrix. However, these
distributions do di er betweendierent models. We found that the distributions of prominence values of
sparse models are all nearly identical. Often, there is one documert that gets a very high prominence
value, while the vast majorit y of nodesreceiwe very small values. Betweenthesetwo extremeswe generally
obsene a signi cant number of nodeswhich are often clusteredaround intermediate valuesbut are sometimes
evenly distributed in a small range (seeFigure 11a). With the PageRankmethod, the distributions of the
prominence values display similar characteristics. Most notably, the vast majority of documerts receive
relatively small prominence values. However, PageRankseemsto collect into its principal eigenspaceall the
top scoringdocumerts which the other modelsreport in separateeigenspacesConsequetly, the distribution
of higher valued documerts is much smoother, and the number of documerts at a given value appearsto be
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inversely proportional to that value (Figure 11b). These obsenations meshwith our previous obsenations
in section 3.1.

(a) Distribution of scores in the first eigenvector (Hubs & Authoroties) (b) Distribution of scores in the first eigenvector (PageRank)
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Figure 11: Distribution of prominence values in eigen vectors . (a) Hubs & Authorities (b) PageRank. The prominence
valueswere derived from the principal eigenvecta of the connectivity matrix that was generatedfrom focusedsubgraphwith the protein
query ubiquitin . Sparse models assign high value to the protein family ubiquitin-protein ligase, ubiquitin-activating
enzyme(docid: 5977355), and medium valuesto its 131 members. All other nodes are given valueslessthan 0.02. Similar patterns of
prominence valuesare observedin other eigenspacesand for other queries. On the other hand, PageRankconsolidatesthe top-scoring
documents from multiple eigenspacesof the other methods, resulting in a smoother distribution of prominence values.

We also studied the distribution of prominence values in the principal eigervectors produced by the
various prominence models when consideringthe glokal graph. As one would expect, since only the relative
size of the graph has changed, the generalshape of thesedistributions is basically the sameas those for the
smaller focused subgraphs. However, for Hubs & Authorities there is not a single high-valued node in the
principal component. There is, though, a cluster of about 9000items assignedvalues of about 0.004. These
mostly correspond to the menbers of the largest protein family in Biozon (Cyto chrome C oxidase), which
has about that many members.

It shouldbe noted that only a small fraction of prominencevaluesare actually relevant in ead eigenspace.
However, a priori it is unclear which prominence values should be consideredsigni cant, since every eigen-
vector spansthe whole query graph and all documerts are assignedprominence valuesin ead eigenspace.
The majority of the documerts are assignedvery small prominence values (close to zero), but in some
eigenspacevaluesof 0.05can be consideredsigni cant while in others they are not. To addressthis problem
we model the distribution of low-scoring documerts (seeFigure 12) and usethat distribution to estimate
the signi cance of outliers?®.

8 Variations on prominence models

This sectionfocuseson prominencemodelsthat are tailored speci cally to the biological knowledgedomain.
We proposeand test seweral variations that usethe structure of the Biozon graph and the di erent data and
relation typesto improve the ranking.

8.1 Forced directed graphs

In the Biozon data graph certain relations have a clear causalinterpretation. For example,a DNA sequence
encalesfor a protein sequenceand a protein sequencemanifestsitself asa structure. In general,although all
relations in Biozon are undirected, ead relation can be assaiated with a default direction (de ned by the

15For all practical purp osesthis distribution can be approximated by a normal distribution. To estimate the parameters of
the normal distribution automatically we apply a simple iterativ e procedure. In the rst iteration all data points are used to
estimate parameters. The initial estimate is used to assign probabilities to all documents and documents that are more than
3 standard deviations apart from the mean are eliminated. The procedure is repeated until convergence (no documents are
eliminated) or until a maximal number of 10 iterations is reached.
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(a) Distribution of prominence values (first eigenspace) (b) Distribution of prominence values (second eigenspace) (c) Distribution of prominence values (third eigenspace)
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Figure 12: Signicance of prominence values. Prominence valueswere assignedby the Eigenvecta Centrality model applied

to the focused subgraph with the protein query cancer. Distributions are shown for the rst, secondand third eigenspaces. The

distributions of low-scaring nodes are modeled by normal distributions. Of the 1977 nodes in the focused subgraph, exactly 264 are

more than 5 standard deviations apart from the mean of the normal distribution, in the rst and secondeigenspaces,and 44 in the

third eigenspace.Note that these numbers correspond to the size of the connected components that are mapped to these eigenspaces
(seesection 3.3). The top scaing nodesin both the rst and secondeigenspacesare drawn from the largest CC, but di erent groups

of documents are assignedthe most signi cant valuesin each eigenspace.

active voice name of the relation). However, adhering to the default directionality is arbitrary and disregards
the equally informativ e reverserelations. Therefore, the undirected graph was chosenearly on asthe default
setup in this study. Undirected graphs are also preferred becausethey have symmetric adjacency matrices
and thus real eigervalues. Nevertheless,there are certain settings in which directed graphs are useful.

If the default directions of edgesin Biozon wereusedto construct a directed adjacencymatrix for the Hubs
& Authorities model, then certain typeswould be naturally viewed as hubs and other typesas authorities,
regardlessof the target query type. For example, DNA sequencesvould be candidate hubs with respect to
protein sequencesand protein sequencesvould be candidate hubs for structures. This information can be
useful when sorting out the contributions of di erent entities to the ranking of others and when tracking
prominence propagation. However, with the default directionality, certain object typescan never contribute
to authority scoresof other object types. For example, structures will not contribute any information to
the authority scoresof protein sequencesincethe default direction of edgesis from sequenceso structures.
Yet, ead relation can be reversed, and this is basis for the forced directed graph. In this setting, all
edgesare directed toward a particular data type.

Supposewe areinterestedin assigningprominenceto nodesof aspeci ¢ datatypeT in afocusedsubgraph.
To confer asmuch authority on that data type as possible,we re-organizethe graph. Every edge(u;v) suc
that u is of data type T and v is of data type T°6 T is replacedwith its reversededge(v;u). Thus, in the
resulting graph an edgeinvolving a node of type T will point towards the documert of type T. All edges
(u; v) such that both u and v are not of data type T are replacedwith two directed edges. In this setup,
when querying for proteins, structures will contribute to protein authority scores®.

Our experiments with forced focused subgraphsdid not indicate a signi cant increasein overall per-
formance comparedto undirected graphs. However, the forced focused subgraph method is advantageous
becauseit producesa clear and sensibledistinction between hubs and authorities, where authorities are
elemers of the query data type and hubs are elemers of other data typesthat contribute to authority
scores. For example, in Table 6 we list the top hubs and authorities for the query ubiquitin  in forced
subgraph mode. The top hubs for the ubiquitin and ubiquitin-lik e proteins are either protein families or in-
teractions with other ubiquitin related proteins that are interconnectedto many other ertities. Interestingly,
the ranking brings forward a ubiquitin protein that interacts with the tumor suppressorprotein p53 which
is connectedto many other ertities.

161n the global setting we do not know ahead of time what data type the user will query. Therefore, we build a forcing
adjacency matrix for each data type and assign prominence according to a node's authorit y score in its corresponding data
type's forcing adjacency matrix. Other ideas for combining forcing adjacency matrices for dieren t data typesstill needto be
investigated.
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Scae De nition Docid
Authorit  y: 0.119 (A) Ubiquitin-lik e protein SUMO-1 365280
Hubs: 0.98 (H) Protein family, ubiquitin-p rotein ligase 5977355
0.01 (H) Interaction with p53 60851937
0.01 (H) Interaction with ubiquitin-lik e protein SMT3C 60845291
Authorit  y: 0.117 (A) Ubiquitin-p rotein ligase RSP5 1026628
Hubs: 0.98 (H) Protein family, ubiquitin-p rotein ligase 5977355
0.01 (H) Interaction with ubiquitin-conjugating enzyme MMS2 60849549
0.01 (H) Interaction with ubiquitination pathway protein BULL 60889006

Table 6: Top hubs & authorities objects in the principal eigenspace of a forced subgraph . Resultsare reported for
the Hubs & Authorities model using the query ubiquitin ~ with ‘proteins' as the target data type. The top two ranked documents
are shown, along with their authority scares. Below eachis a list of the three neighbors with the highest hub scaes (those neighbors
that contribute most to the authority scae of the original object). All interactions were contributed by DIP [Xenarios et al. 2001]
but are available to the public only from the DIP website.

8.2 The eect of similarit y data

Similarity information plays a fundamental role in the analysis of biological ertities and especially macro-
molecules. For example, analysis of a new genealmost always starts with a database seard followed by a
careful examination of closehomologs. Depending on the degreeand the extent of the similarit y, properties of
the new genecan often be inferred from its homologs. Similarly, experimentally determined protein-protein
interactions in one organism can be extrapolated to other organismsif homologousproteins can be found.

Biozon integratessimilarit y relationshipsinto its internal schema, thus allowing usto exploit an enormous
amount of knowledgein an unprecederied way. The total number of signi cant similarities in Biozon, based
on both protein sequencesnd structures, exceed=2.5billion. In most casesghesesimilarity relations indicate
strong homology and similar functions.

So far our study has ignored these relations becausethey increasethe complexity of the analysis by
orders of magnitude. However, this information can be extremely useful in characterizing new objects since
many functional descriptors can propagate betweensimilar entities. We tested the e ect of similarity data
on focusedsubgraphsfor a subsetof our queries. We repeated the processof generating focusedsubgraphs,
this time considering also similarity relations betweenertities’. We then applied the Hubs & Authorities
prominence model, and the results were evaluated as before using the UROC measure. Our results indicate
that similarity data can be useful for prominence calculations; however, the results are not consistet. Two
opposing examplesare given in Table 7. For one query (stromelysin ) similarity data clearly improves
the ranking, while for the other (autoimmuné the opposite e ect is obsened. This behavior is most likely
the result of two factors: redundancy and localization (or lack thereof). Protein sequencedatabasesare
highly redundant, and some proteins are related to hundreds or thousands of other very similar proteins.
While overall useful, these relations can overwhelmingly dominate other types of relations when analyzing
prominence. Moreover, the de nitions of proteins similar to a particular protein can be quite diverse,
intro ducing a high level of noise. For nodeswith extremely high in-degrees(due to many similar proteins),
this often resultsin lesscoherent subgraphs. The secondproblem is even more substartial. Similarity data is
localized (i.e. two sequencesisually sharea similar subsguen®). In other words, similarity data should be
usedcarefully when extrapolating the properties of one entit y to another, and only the functional descriptors
that are assaiated with these subsequencegan be reliably propagated betweenthe sequences.However,
functional descriptorsthat are available in sequencedatabasesare almost never localized, and therefore it
is dicult to discern which descriptors should be propagated and which should not. When the coherence
among related ertities is weak one might suspect that localization is to blame.

8.3 The biological signicance of functional links

Not all links between ertities in Biozon carry the samefunctional weight. Moreover, biological databases
can be heavily biasedor redundant. As a result, the functional links in Biozon are not equally meaningful

17Sequencesimilarities are assaciated with statistical signi cance values or evalues. The evalue of a speci ¢ similarit y score
is the number of times we expect to observe a chance similarit y with the same similarit y score, or higher, in a database searc.
The lower it is, the more signican t is the similarit y. Here we consider all similarities with evalue 10 0. Increasing the
threshold (i.e. including less signi can t similarities) resulted in many more similarit y relations to the point that we were not
able to build the subgraphs.
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Query Query Prominence Focused AverageNo. Average Consistent AverageRatio Q(R) UROC(R)

Term Type Model Subgraph Neighbors Neighbors

autoimmune  protein  Hubs & Authorities | With Sim 1413.76 1.98 0 439 11773
No Sim 69.8 4.64 0.13 2062 57865

stromelysin protein  Hubs & Authorities | With Sim 338.52 27.98 0.083 10348 263293
No Sim 214.91 19.3 0.22 6690 181282

Table 7: The eect of similarit y data. These quality results were calculated for the stromelysin and autoimmune focused
subgraphswhen seaching for proteins. The Hubs & Authorities valueswere computed using the Max scaing method. To compare
theseresultsto our previousresults we recomputed all performance measuresfor the focusedsubgraphsthat include similarity relations,
but using the ranking that was produced without consideringthese relations. Interestingly, when using similarity data, the top scaing
entity for the 'stromelysin' query is a protein (docid 986092) that does not contain the query term in its de nition, nor do the DNA
sequences,the UniGene clusters, and the enzyme family that are related to this protein. However, this protein, membranetype 5
matrix metalloproteinase , is signi cantly similar to many stromelysin proteins.

or biologically signi cant. For example, a protein may be linked to a long DNA sequencethat encales for
many genes.The relevant information that the DNA sequencecarrieswith respect to that particular protein
is limited, and the longer the DNA (and the more genesit encades), the lessspeci ¢ is the information. On
the other hand, the sameprotein might be linked to an interaction that is essetial for a specic biological
process. This relation clearly carries more weight than that with the DNA sequencewhen characterizing
the biological context of the protein. These factors should be taken into accourt when analyzing the link
structure of the Biozon data graph. A possiblesolution is to take a knowledge-basedapproac and weight
the relations basedon their biological signi cance.

To tailor the prominence models to the specic domain of biological data, we test a variation where
di erent typesof edgesare weighted di erently. Instead of a 1/0 adjacencymatrix we assaiate weights that
we believe re ect the importance of assaiation, and generate appropriate connectivity matrices basedon
the weighted adjacencymatrix. For example, edgesincident to a particular DNA sequencehat encalesfor
multiple proteins are weighted such that the weight of each edge(DN A; Protein) is 1=n wheren is the total
number of proteins encaded by that DNA sequence.Howewer, the reverseedgesare still assigneda weight
of 1, thus breaking the symmetry that wasinherent to the original Biozon data graph. Similarly, if multiple
protein structures are mapped to the same protein sequence(this is quite often the case, as the protein
structure can be studied under di erent experimental conditions), then ead edge (Str uctur e;Protein) is
assigneda weight 1=n where n is the total number of structures assaiated with the protein sequence.The
reverse edges,on the other hand, are assigneda weight of 1. The connectivity of a node does not always
decreasethe weights of its outgoing edges.For example, a protein family object can point to many proteins,
and eadh edgeis assigneda weight of 1. This is to indicate that the information summarizedin the de nition
of a protein family is highly reliable comparedto the de nitions of the individual proteins. On the other hand
proteins that are assaiated with a protein family are usually very similar and the information contained
in their records can be highly redundant. Therefore, with our weighting schema the sum of the weights
assciated with family membersis one, and their collective corntribution to the family's prominencevalue is
equal to the averageprominencevalue amongthem. Similarly, we weight the cortributions of all similarity
relations that incident to a protein sequencesuch that their collective weight is 1. (If a protein is linkedto n
other proteins through similarity relations then ead one is weighted 1=n. Alternativ ely, the weight can be
divided basedon the pvalue of the similarity that is derived from the evalue of the similarity scoreby the
transformation pvalue= 1 exp( evalue) asin [Karlin & Altschul 1990Q.)

This simple schema can be extended to include also descriptor documerts that we have ignored so far.
With the samereasoning,descriptors should have di erent weights than objects pointing to another object
becausedescriptors are redundant. On the other hand they reinforce ead other. A possiblesolution is to
set the weights of descriptors such that they sumsto 1.

As with similarity data, here too we obsene inconsistert trends (results not shown). While in some
casesedge weighting clearly improves the results, in others it worsenstheir quality, and further study is
necessaryto corvergeto a stable and consistert weighting scheme. Nevertheless,these results suggestthat
the biological knowledgedomain requiresmore ne tuning than the WWW, basedon the di erent functional
meaningsof the nodesand the relations betweenthem.
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