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Abstract
We describe a system (EST2Prot) that usesmultiple elemerts to map EST sequencesto their cor-
responding protein products. EST2Prot usesUniGene clusters, substring analysis, information about
protein coding regionsin existing DNA sequencesand protein database seardesto detect protein prod-
ucts related to a query EST sequence.Gene Ontology terms, Swiss-Prot keywords, and protein similarit y
data are usedto map the ESTs to functional descriptors. The system s part of the Biozon database and
is accessibleat http://biozon.org/tools/est/i ndex.htm| .

1 Intro duction

ExpressedSequenceTags (ESTs) are partial sequenceof cDNA sequenceghat represer expressedDNA
sequencegexpressedgenes). These short fragments are usually generated by sequencinga few hundred
nucleotides from either the 5' end (forward primer) or the 3' end (reverse primer) of a cDNA sequence.
Libraries of ESTs can be generatedrelativ ely fast and are inexpensive. Therefore, they often serve asa gene
discovery tool.

EST libraries are often usedto detect genesthat are linked with certain diseasesor genesspeci cally
expressedn certain tissues. For example, Vasmatziset al. [1] clustered ESTs using a rudimentary sequence
identit y metric to discover new genesspeci ¢ to the human prostate. More recertly, Bera et al. [2, 3] useda
similar procedureto identify MRP8 and MRP9, geneshighly expressedn breast cancer. EST libraries were
also usedto predict, for example, secretedproteins [4].

While EST libraries are potentially very informativ e, they are dicult to processand analyze. Since
ESTs are sequencedby scanningthe cDNA only once, they have relatively high error rates due to either
sequencingerrors (about one sequencingerror per 100 residues) or frameshift errors. Thus, nucleic acid
sequencealatabasesare o oded with short, redundant and inaccurate or contaminated sequencesMoreover,
ESTs are rarely annotated and the geneprotein product is usually unde ned. SinceESTSs are usually either
too short or too noisy for sequencealignment methods to be e ectiv e, mapping EST sequencego protein
products canbe adicult task without somepre-processing.The signalis often too weak, or the EST might
be outside of the translated region. Alternativ ely, the protein product might not exist in protein sequence
databases.

This posesa major problem for experimental molecular biologists who generate large EST libraries to
study speci ¢ biological systems. A careful investigation of genesis time consuming, therefore only a few
of the many EST sequencesare usually selectedfor detailed study. To maximize e ciency, the sequences
that are selectedare usually ESTs that can be mapped to well-studied genes.With the vast majority of the
original EST data ignored, potential advancesand new discoveriesare limited.

These problems can have a major impact on high-throughput studies. For example, microarrays are
commonly usedto study a wide variety of biological questions and the ability to correlate di erentially
expressedgeneswith a particular experimental manipulation can provide new insight into a given biological
problem. However, ESTs with no known function comprise 40-60%o0f the genesin the genomeand therefore
many of these di erentially expressedgenesare likely to be ESTs. Without any further insight into their
function, the role of these ESTs in a given biological problem cannot be inferred. Instead, much of the
emphasisin analyzing microarray data is devoted to grouping together geneswith known function into various



categories(e.g. transcription factors, secretedproteins, etc.). As a result, most microarray experiments
essetially act to assaiate known geneswith new biological paradigms, and ignore much of the data. Indeed,
in recognition of this fact, A ymetrix GeneChip arrays can be ordered that only cortain genesof known
function, and do not contain ESTs that cannot be annotated.

Similar problemscharacterize proteomic screensand the analysisof proteins that areinduced or repressed
under speci ¢ experimental conditions typically focusesonly on those with known function. In still another
example, genetic screensfor mutants will often identify genesthat previously had no known function. While
these ESTs can now be functionally de ned by their obsened phenotype, detecting similarity to other
proteins with known function can a ect the interpretation of the phenotype, as well as shape the design of
future experiments. In view of theseexamples,a tool that can assaiate ESTs with genesof known function
would be of great value to biologists looking to understand a given experimental problem.

1.1 Related Studies

To increasethe e ectiv enessof EST sequencespne can use clustering procedures. These proceduresbuild
upon the high redundancy in theselibraries. The clusters often resolve sequencingerrors and are easierto
map to protein products than individual ESTs. Three popular databasesof EST clusters are UniGene [5, 6],
TIGR [7] and STACK [8].

Other studies developed models for direct gene prediction from EST data. ESTScan|[9] is a program
for detecting potential coding regionsin EST sequenceghat is basedon a hidden Markov model. Given a
nucleic acid sequence ESTScan usesthe Viterbi decaling algorithm to determine the most probable path
through the model and to infer the most likely coding region or identify multiple coding regions. The authors
report 95% detection rate of true coding regionsat about 18%rate of false positives. DIANA-EST [1Q] is a
program that analyzesESTs to determine coding regionsand frame-shift errors using three di erent Neural
Networks (trained to recognizestart codons, coding regions and frameshifts, respectively). The authors
report accuracy of about 90% at the nucleotide level. While these methods can be useful for prediction of
coding regions, they do not attempt to map the predicted genesto their protein products. That usually
ertails additional analysis, BLAST seardiesand post processingof the seardt results.

PipeOnline [11] was developed in responseto the needfor large-scaleEST analysis. Usersupload raw
sequencedata which is rst cleanedand assenbled into a non-redundart set of cortigs. PipeOnline then
usesBLAST to nd protein sequencesvhich are similar to the corntigs. ESTAnnotator [12] is another high-
throughput EST analysis utilit y which usesa seriesof BLAST seardesto cluster, assenble, and annotate
ESTs. The utility rst attempts to annotate the input sequencesy querying them against multiple nu-
cleotide databases. If this rst step is unsuccessful, ESTAnnotator clusters and assenbles the ESTs by
iterating applications of BLAST and CAP [13] and the resulting contigs are queried against nucleotide and
protein databases. A similar approac is employed in Prot4EST [14] that links together seweral EST pre-
diction algorithms. It feedsthe input sequenceshrough a pipeline of sequencecomparisonsagainst various
databasesstarting with rRNA databases(using BLASTN) followed by mito chondrial protein databases(us-
ing BLASTX) and other protein databases. If all these comparisonsfail to produce signi cant matches,
Prot4dEST useseESTScanor DECODER to annotate the sequence.Another EST analysis padkageis Parti-
Gene[15] which predicts possibleprotein products through clustering, sequencecomparisonand application
of other prediction algorithms such as Prot4EST, DECODER, and ESTScan. Also relevant is ESTIMA [16]
which is an application designedto assistwith EST data managemem and annotation. The ESTIMA web
interface allows usersto query their EST data. Userscan, for example, nd all ESTs assaiated with a partic-
ular GO term, run BLAST queriesagainst the sequencesn the database,view contigs and chromatograms,
and view BLAST derived annotation.

Current work is largely concernedwith identifying genestructure and alternativ e splicing variants. For
example, the latest versionof GeneSeqef17] predicts genestructure (i.e. placemer of exonsand introns) of
a genomicDNA sequenceby aligning cDNA and EST sequencedo the long DNA sequenceand using splice
site prediction methods. In addition to these programsthere are many other geneprediction programs that
are not necessarilygearedfor EST data and are usually applied to longer nucleic acid sequence®r complete
genomes(for a review, see[18, 19]).

As the discussionabove suggests,analysis of EST data is not a simple task. Most EST analysis tools



involve a lot of data processingthat cannot be donein real time and somerequire the userto have all the
requisite software locally available. This limits the usability of thesetools.

In this paper we describe a systemthat utilizes the Biozon infrastructure [20] and usesEST cluster data
together with other data sets, such as establishedrelations between DNA and proteins and similarity data
between proteins, to map ESTs to their protein products. Our method is very fast; it usespre-computed
data and doesnot require intense computations at the query stage. The systemcan alsoidentify the ESTs
whoseprotein products have speci ¢ functions (‘target proteins'). In the next sectionswe describe the main
elemeris of the Biozon's EST2Prot mapping tool and demonstrate its utilit y in predicting EST sequences
whoselikely protein products are involved in nerve regeneration.

2 Metho ds

The Biozon's EST2Prot system builds upon the infrastructure of Biozon. It usesmultiple data sets, all
integrated into a single, tightly connected schema that enablesgreat exibilit y in querying for complex
relations between ertities. Speci cally, we utilize the many paths that exist betweenentities in the Biozon
data graph to map ESTs to protein products.
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Figure 1: Left: Partial overview of the Biozon schema . Biozon currently stores extensive information about more than
50,000,000 objects (integrating sequence, structure, protein-protein interactions, pathways, expression data and more) totaling to
about 100 million documents from more than 20 di erent databasesas well as from in-house computations, and 6.5 billion relations
between documents (including explicit relations between objects, and derived relations basedon di erent similarity indices). Similarity
relations are depicted with dashedlines. The databasewill be gradually extendedto span both new source data types as well well as
new computed data. Righ t: a subgraph of the Biozon data graph .
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2.1 Biozon

The Biozon database (biozon.org ) is a system that unies multiple biological databasesconsisting of a
variety of heterogeneoudlata types (such as DNA sequencesproteins, interactions, cellular pathways and
more) into a single schema. Logically, the databaseis viewed as a large graph where biological ertities corre-
spond to nodesand edgescorrespond to relations, as is depicted schematically in Figure 1. The underlying
assumption of Biozon is that any biological entity or processcan be assaiated with a physical object or a
set of physical objects. Therefore, physical objects form the badkbone of the databaseand their physical
properties serwve as the actual identi ers. For example, a protein is uniquely identied by its amino acid
sequenceand a DNA by its sequenceof nucleotides. An interaction betweentwo proteins or a protein and a
DNA is represerted as a set of physical objects (the interacting partners), a protein family is a set of protein
sequencesa metabolic pathway is a set of reactions (each one assa@iated with a protein (enzyme) family)
and soon. Each type of object is also assaiated with an identity operator that is usedto compare ertities
and determine whether they are identical (for example, for sequencedhe string match operator is used, for
setswe usethe set-idertit y operator and for arbitrary subgraphsgraph isomorphismis used).



The reliance on physical entities and setsof physical ertities asour backboneis especially useful for data
integration sinceit allows unambiguous uni cation of many ertities from di erent databasesbasedon their
physical properties. For example,a protein sequenceahat existsin Swiss-Prot[21], PIR [22] and RefSeq[23]
will be mappedto the samesequencenbject (node) in the data graph and the information that is available in
thesesourcesabout this protein will be accessibldrom a singleentry point in Biozon. Unlike identi ers such
asaccessiomumbersand cross-referencethat are potentially unstable or inconsisten (as ead databaseuses
its own set of identi ers), relationships that are establishedbasedon physical non-redundart Biozon objects
are highly reliable and are materialized explicitly in the data graph. This has a great benet in linking
ertities from disparate sources.For example, paths are formed between protein domains from InterPro [24]
and interactions from BIND [25] or betweenprotein structures from PDB [26] and metabolic pathways from
KEGG [27]. Relations betweenobjectsin Biozon can have di erent meanings,depending on the ertities they
connect. For example, ‘'menber of' is a relation that connectsa protein to a protein family or an EST to
a EST cluster. The relation "manifests’' relates a protein sequenceo its structure, “encales' relates a DNA
sequencdo protein sequence(s), similar' relates two similar protein sequencesnd so on.

The large-scaledata integration results in a highly connectedgraph structure that allows oneto seeeadc
ertity in its broader context with all its related ertities; a context that cannot be determined from any one
source. Utilizing its graph structure, Biozon allows complex and fuzzy seardeson the data graph that span
multiple data types and specify desired interrelationships betweenthem. For more details on the Biozon
schemaand its various componerts see[20].

2.2 Mapping ESTs To Proteins

The EST2Prot system exploits a subsetof the Biozon schema, including DNA sequencesproteins and EST
clusters and the “encales’, ‘substring' and “similar' relations. We explore v e di erent direct paths in the
Biozon data graph, and say that EST s is directly mapped to protein p if:

1. s encadesp

2. sis a substring of DNA s® near an encading region of s® which encadesfor p (seesection 2.2.2).
3. s is a member of a UniGene cluster to which NCBI assignsp

4. s is a member of a UniGene cluster containing s° and s° encadesp

5

. s is a member of a UniGene cluster containing s® and s is a substring of s°°near an encading region
of s®which encadesfor p

We say an EST s mapsto protein p if s directly mapsto p or if s directly mapsto p® and p°is similar to p
asdescribed in section2.2.2. An overview of our systemis given in Figure 2.

It should be noted that while UniGene relies just on BLAST seardes with respect to eight model
organisms, Biozon usesall these paths at onceto create a more comprehensiv mapping between ESTs
and proteins. It is the tightly connected schema of Biozon that enablesimmediate information ow and
deduction of paths between ertities, without having to resort to external resourcesoutside the database
or expensive computations. Most notably, the materialization of similarity data brings forward instantly
an unprecedened amournt of information that otherwise would requite millions of BLAST seardes. This
is especially important since often proteins with unknown properties can be characterized based on their
similarity with better studied homologousproteins.

2.2.1 Data sets

DNA sequences are gleanedfrom GenBank records. As of Septenber 2005 (release 2.2), Biozon con-
tains 42,686,711uniqgue DNA sequences.Proteins are extracted from seweral databases(including Swiss-
Prot/T rEMBL, Genpept, PDB, PIR, BIND and other sources)and unied into a non-redundart set based
on their physical sequenceof amino acids (rather than basedon cross-links). All together, Biozon contains
2,062,061unique protein sequencesn release2.2.



Mapping ESTs to proteins with Biozon
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Figure 2. The Biozon's EST2Prot system . An EST is mapped to a protein using one of ve possiblepaths. To enrich the
set of functional descriptars assciated with each EST we also utilize similarity relations between proteins.

EST clusters: In responseto the growing chaosof EST data, NCBI developed UniGene [6], a gene-orieried
clustering of transcribed nucleic acid sequencesUniGene includes only protein-coding geneswhich have at
least 100 high quality non-repetitiv e basepairs. It also requiresthat its clusters be 3' anchored. Clusters
not shawing evidenceof reaching the 3' terminus are eliminated (these are usually singleton clusters). Each
UniGene cluster represerts a geneand its alternativ e splice forms. Asscciated with ead cluster are the
gene'spossible protein products. These proteins are chosenby comparing the cluster sequenceswith the
available proteomesof eight model organisms'. For eady model organism, the cluster is assignedthe protein
most similar to a represenativ e sequencewith respect to somesimilarity threshold (BLAST evalue lessthan
le-6). If no sequencean a cluster hasa signi cant BLAST match, then that cluster is left unassigned.In fact,
UniGene do not assignproteins to 42% of its clusters. UniGene clusters for 54 organismswere integrated
into the Biozon sthema and in release2.2 this dataset contains 807,175clusters with a total of 19,471,927
EST sequences.

2.2.2 Relations

To determine possiblelinks betweenEST sequencesnd proteins we explore several paths, asis depicted in
Figure 2. These paths are basedon the following relations.
The “encodes' relation. This relation ties nucleic acid sequencesand proteins. The relations are not

1The eight organisms are Homo sapiens (human), Mus musculus (mouse), Rattus norvegicus (rat), Drosophila melanogaster
(fruit y), Caenorhabditis elegans (nematode), Saccharomyces cerevisiae (baker's yeast), Escherichia coli, and Arabidopsis
thaliana (mouse-ear cress).



established based on cross links, but rather based on physical properties. Each encades relation (d;p)
indicates that the DNA sequenced contains a coding region that can be translated completely to the protein
sequencep.

The “UniGene encodes' relation. This relation is established between UniGene clusters and proteins.
The relations are establishedby the UniGene team as described above.

The “substring' relation. This relation exists between strings of the samedata type (e.g. nucleic acid
sequences) A substring relation (d;d% indicates that the DNA sequenced is a fragment of the longer DNA
sequenced®. Of special interest are substring relations that place a fragmert d near a coding region of d°. If
d is no more than 50 basepairs away from overlapping a coding region of d° that encadesfor protein p, then
we say that d is linked to p (the strict threshold of 50 basepairs was chosento ensurehigh quality, however,
as Figure 3 shaws, more permissive thresholds can be usedto extend the set of links formed between DNA
and protein sequences).
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Figure 3: Mapping ESTs to proteins through the substring relation. Often, a nucleic acid sequenceis a fragment of
a longer DNA sequencethat contains a coding region. We compared all mouse nucleic acid sequencesto each other and studied the
distribution of (minimal) distancesfrom coding regions. The vast majority of fragments (250,000) are located at the beginning of a
caoding region of a longer DNA sequence. In addition, there is a substantial number of ESTs that are located in the proximity of a
coding region.

The ‘similarit y' relation. The similarity relation is one of the most fundamertal relations in biology,
frequertly usedfor functional inference. Biozon computesand storessimilarit y relationships betweenproteins
basedon sequencestructure or expressionpro les. The integration of similarit y data enablesthe propagation
of information from well-studied entries to uncharacterized ones.

Biozon contains pairwise similarities for about 2,000,000sequenceswhich were computed using BLAST
[28], resulting in a total of about 6.5 billion signi cant pairwise similarities (with evalue < 0:1). These
similarity relations are used to extend the mappings from ESTs to proteins, thus increasing the set of
functional descriptorsthat canbe assaiated with an EST. The great advantage of the similarit y relations of
Biozon is the scalability and accessibility. SinceEST analysisrequires expensive databaseseartiesto searth
for possibleprotein products, it is di cult to scaleexisting methods for EST analysisto large libraries. By
materializing similarit y data, knowledgepropagation in Biozon becomesmmediate, thus facilitating the task
of function assignmen.

2.3 Target Proteins

A biologist might be interested only in ESTs that are linked to a speci ¢ biological system. To address
this need,the EST2Prot system can be queried with respect to speci ¢ biological descriptors. The system
collects a set of target proteins with relevant functions and reports the ESTs which map to at least one
target protein. We de ne our target proteins by target descriptors, which are based on GO terms [29]
and SwissProt keywords [21]. SwissProt keywords are descriptors that are assaiated with proteins based
on manual curation. These keywords have beenusedin many studies to automatically annotate proteins
or assesghe biological function of protein clusters (e.g. [30, 31]). The Gene Ontology (GO) functional



descriptors are obtained from the GO database[29]. GO terms are organizedin an a-cyclic tree-like graph
where a node's parent represens a property that is more generalthan the node's property. However, unlike
a tree form of a graph, in the GO graph it is possibleto have more than one path leading from the root
to a node. Also, a protein may be assignedmore than one GO term, eat one on a di erent branch of the
graph (the di erent branchesrepresen dierent groups of properties). GO terms in Biozon were collected
from multiple sources,downloaded from the GO consortium website and extracted from databasessuc as
UniProt. A total of 1,111,272proteins in Biozon can be assaiated with GO terms in release2.2?

2.4 User interface

Given an EST (a GenBank or RefSeqgaccessiomumber) EST2Prot exploresall possiblepaths leading from
that sequenceo protein products in the Biozon data graph. The useris preseried with multiple pagesthat
summarizethe information and rank the proteins basedon our con dence in the assaiation (depending on
the type of the path). The rst pageprovidesthe entry point to the Biozon data graph for the query EST
and eadt pageis linked to other pageswith increasingly detailed information on the mapped proteins. For
more information on the websener see'App endix'.

3 Results

3.1 Statistics

We analyzedin detail 185,543UniGene clusters of Mouse and Human that were available as of April 2004
(105,680 human clusters and 79,863 mouse clusters). These clusters contain a total of 7,602,768nucleic
acid sequencespf which 125,235are encaling sequencegi.e. sequenceshat cortain a coding sequencehat
can be completely and directly mapped to an amino acid sequence).These encaling ESTs can be mapped
directly to proteins using type | paths in Biozon. A total of 37,509 UniGene clusters cortain at least one
encaling DNA sequence.

Of the 185,543UniGeneclusters, 77,501are assa@iated with proteins by the UniGeneteam (type 3 paths).
These clusters account for 7,196,9980f the 7,602,767EST sequenceq94.6%). By considering also direct
relationships that are formed by coding sequencegtype 4 paths), Biozon maps 79,760clusters to proteins.
Including alsotype 5 paths (using substring relations) results in 79,823mapped clusters. It should be noted
that the contributions of the Biozon-basedpaths of type 4 and 5 are substartial in and for themsehes. For
example, 37,658 clusters can be mapped basedon class4 paths alone and 13,370clusters can be mapped
basedon type 5 paths alone. The later is the result of 249,393substring relations that we detected in the
Mouse genome(involving 111,816unique substring ESTs). These substring-superstring relations establish
169,480relations between ESTs and proteins®.

The additional paths that Biozon exploresnaturally increasethe number of ESTs that can be mapped to
proteins. Moreover, these mappings are of high quality asthey do not rely on cross-linksby identi ers but
rather on computationally validated transformation and relations. The most substartial di erence between
UniGene and the EST2Prot system lies in the number of paths formed and the number of proteins that
can be mapped to EST clusters. When using only UniGene, there are 248,367relations between UniGene
clusters and protein sequences.With Biozon, the number of relations increasesby 36% to 338,775(even
before considering similarity relationships) thus enriching the protein information signi cantly.

Interestingly, the 248,367 proteins that are mapped to 77,501 clusters by UniGene (type 3 paths) are
reducedto only 49,412unique protein sequenceglessthan 20%of the original set). Moreover, 38,534proteins
are mapped to at leasttwo clusters. The most extreme caseis of PIR protein S12207(Biozon DocID 44431)

2Since protein databases contain many similar and almost identical proteins, the number of functionally dieren t proteins
with Go terms is obviously smaller.

3|f the EST is inside the coding region of a longer superstring, then the distance from the coding region is de ned as zero.
Sometimes, there might be multiple coding regions in the same DNA sequencecontaining that EST sequence. In these cases,
the EST will be mapped to multiple proteins. Also, the EST will be mapped to multiple proteins if it is a substring of multiple
DNA sequences,near coding regions.

4We refer to entities using their unique and stable Biozon “DocID'. To view an entry with DocID x, follow the URL
biozon.org/Biozon/Profi le/ x.



that is mappedto no lessthan 1624 clusters. Similarly, Genpept protein GI:3355742(Biozon DocID 69611)
is mapped to 185 UniGene clusters. These numbers suggestvery high redundancy and overlap between
UniGene clusters, that is surprising given that clusters are expectedto correlate with di erent genes.

SinceBiozon adoptsthe UniGeneclustersasis, the redundancyis alsoinherent to our mappings. However,
the redundancy level is much lower and the 341,560proteins that are mapped using paths of type 3, 4 and
5 are reducedto 136,635unique proteins (more than 40%, comparedto 20% with UniGene).

It should be noted that in somecasesUniGene clusters \ph ysically" overlap, asis the casefor UniGene
clusters Mm.334174and Mm.247762. A total of 127 human clusters overlap with other human clusters, and
111 mouseclusters overlap with other mouseclusters. This can happen when multiple ESTs with dierent
accessiomumbersare actually identical. SinceBiozon employs a non-redundart object model, theseidentical
sequencesare mapped to the samenucleic acid sequenceobject in Biozon. It is unclear why these ESTs
are clustered in UniGene to di erent clusters, whether the ESTs have di erent locations (i.e. the clusters
correspond to paralogs), and if the UniGene clustering algorithm considersthe location when grouping ESTs
into clusters.

3.2 Examples

As part of a study of pathways in the mouseolfactory systemwe were interestedin identifying Mouse ESTs
whose protein products have brain-related functions from approximately 50,000 mouse ESTs provided by
NIA and BMAP [32]. As target keywords we chosethose cortaining the text \brain," \nerv," or \neuro"
anywhere in the keyword's description. We also eliminate by hand keywords describing irrelevant diseases.
Our target proteins are simply those described by the target GO terms and keywords (the complete list is
available at http://biozon.or o/ ftp /d at a/p apers /e st /ta rget. ht ml).

Of the 50,795sequencesn BMAP, 34,579can be mapped to 30,463proteins using UniGene alone. With
the EST2Prot system, Biozon maps 35,185ESTs to 56,848proteins (87% increase). As many as 8,834ESTs
(17.39%) can be mapped to target proteins. When similarity data is consideredthe number of ESTs that
can be mapped to target proteins more than doublesto 23,358(45.98%).

To demonstratethe utilit y of the Biozon EST analysistool, we usedit to determine the potential function
of ESTsidenti ed in a microarray-basedscreen. This screenwas designedto identify genesinvolvedin axon
path nding and target recognition in the mouseolfactory system. In our preliminary studies we identi ed
thirteen genesthat could potentially play key rolesin this process.However, eight of thesewere ESTs with
no known function or annotation. Biozon wasableto nd matchesfor four of the eight ESTs. Interestingly,
one EST (Al843903) that is classi ed to a UniGene cluster of unknown function (as of October 2005) was
predicted in Biozon to have similarity to protocadherins. Protocadherins are members of the cadherin
superfamily, and are thought to play key rolesin axon guidance,target recognition, and synaptogenesig33).
Our preliminary results suggestthat this EST is indeed a menber of the cadherin superfamily, and may
therefore be involved in mediating target recognition within the olfactory system. Without such annotation,
this EST would likely have beenignored, and a valuable potential guidancecue may not have beenrecognized.
Other ESTs (such as CX243176)that belongto the sameUniGene cluster as Al843903 are also linked with
protocadherinsin Biozon, through similar paths.

4 Discussion

To allow biologists to exploit EST libraries more e cien tly and focustheir seard more e ectiv ely we devel-
oped an EST mapping systemthat identies for eady EST its most likely protein products. Our analysis
relies heavily on NCBI's UniGene clustering, the Biozon's infrastructure and the massiwe protein similarity
data contained within. Our tool can help experimental biologists to Iter a large collection of nucleic acid
sequencesnd predict which sequencesre germaneto a given biological system.

As an extensive and establishedEST analysistool, UniGene is our main sourceof information. Biozon
augmerts this data with other datasetsthat are extracted from multiple databases.For example, UniGene
usesonly 8 model organismsto map EST clusters to proteins, while Biozon usesprotein sequencedrom
thousands of fully or partly sequencedgenomes,in addition to myriad of other biological information on
relationships between biological ertities to establish multiple paths between EST sequencesand protein



sequencesBiozon also analyzessequencesn the NCBI EST database (dbEST) that are excludedfrom the
gene-orierted UniGene, such asrRNA and mito chondiral sequences.

The retrieval of this information is done in real-time by traversing paths in the data graph. This is
made possiblebecauseof the graph-sdhemaof Biozon that was designedto handle large-scaleintegration of
dynamically changing biological data, where all datasetsare compiled into a single tightly-connected graph.
Sincethe data in Biozon relies on physical properties (e.g. the actual sequence®r setsthereof) rather than
just basedon databasecrosslinks, the graph-link structure is of high quality. Moreover, the Biozon database
was designedto sustain frequernt updates of its sources,and as sudch it ensuresthat the mapping utilizes
newly sequencedDNA and protein sequences.

Biozon also strivesfor completenessand the similarity data makesup for missing and inconsistert data.
This hasa major impact for example,when compiling the functional descriptorsfrom the GO database. Since
GO data is partial, and sinceit is derived from multiple sources,it is not necessarilycoheren. Consequetly,
in many casesproteins that are very similar basedon sequenceare not necessarilyassaiated with the same
set of GO terms, and this can greatly reducethe e ectiv enessof the mapping. By incorporating similarity
relations Biozon extends and enrich the set of functional descriptors that can be assaiated with a given
EST.

The EST2Prot system is available at http://biozon.o  rg/ tools /e st/in dex.h tml, where users can
upload their sequencesand obtain the mapping in real-time. Information on the web tools is available
in the Supplemenary Material.
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5 App endix - The EST2Prot webserver

The EST mapping system consistsof 5 pages:the upload page,the summary page,the EST map page, the
descriptor page, and the path page. The user starts with the upload page, which allows the userto submit
ESTs for analysis. The useris then taken to the summary page, which summarizesead uploaded EST by
displaying descriptors of proteins assaiated with it, and other pageswith detailed information about the
mapping. An overview of the websener is givenin Figure 4.

Upload Summary EST map Descriptors
. EST1 proteinl
EST1 ID JE—— EST1 summary . definitionl  source
EST2 ID of functional proteinl  definitions  path definition2  source
descriptors protein2  definitions  path
protein3  definitions  path Path

EST2 summary
of functional
descriptors

’ paths between

protein10 definitions  path EST1 and proteinl

Figure 4: The Biozon EST2Prot webserv er.

5.1 The Upload Page

The upload page (Figure 5) allows the userto upload a list of ESTs for analysis. This is done by specifying
either the Genbank accessionnumber or Gerbank GI number of eadh EST. The user may upload a le of
identi ers or type their identi ers into a text box.

Figure 5: The Upload Page.
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5.2 The Summary Page

The summary page summarizesthe possible functions of eath uploaded EST (Figure 6). This page has
four columns. The rst column displays the Gerbank identi er of the uploaded EST. If the identier was
found in Biozon's local copy of Genbank, the user may click on the identi er to view Biozon's record of the
corresponding nucleic acid sequence.

The secondcolumn displays de nitions of proteins which are mapped to eadh EST. At most ten non-
redundant de nitions appear, and the number in parenthesisfollowing ead de nition is the number of times
that de nition was obsened. To facilitate the preseration of this information, we align the descriptions
using a variation on a dynamic programming algorithm that considersthe sertence structure as well as
the actual descriptions when aligning descriptions (Yona & Leung, unpublished). Descriptions are then
grouped basedon their similarity scores.If \ (sim)" follows a de nition, then similarity data wasusedin the
corresponding map.

The third column displays GO terms and Swiss-Prot keywords assaiated with the proteins mapped to
ea EST. Again, if \ (sim)" follows a descriptor, then similarity data was usedin the corresponding map.

In both the secondand third columns, descriptorsare displayedin order of map type. That is, descriptors
of proteins mapped by type 1 paths appear rst, type 2 paths appear second,and so on. Descriptors
corresponding to similarity maps appear after direct maps and are also ordered by type.

The fourth column displays \y es" if the corresponding EST mapsto a protein which is involved in an
interaction and displays \no" otherwise. Similarly, if the proteins are on the list of target proteins then the
corresponding column is marked.

5.3 The EST Map page

The EST map pagedisplays more detailed information on eact of the proteins mapped to a particular EST
(Figure 7). This pagehassix columns. The rst column displays the mapped protein's NR identi er. The
usermay click on the identi er to view Biozon's record of that protein, containing information on the broader
biological cortext of the protein (such asthe DNA sequenceghat encale the protein, the interactions it is
involved with, the structures it is linked to and the other ertities it is similar to).

The secondcolumn displays the protein's primary de nition and the third column displays the protein's
descriptors. Clicking the \see more" link in either of these columns takes the user to the descriptor page
where the user nds a comprehensie list of the protein's de nitions, GO terms, and Swiss-Prot keywords.

The fourth column indicates whether or not the protein is involved in an interaction. The fth column
displays the type of the corresponding map, and the sixth column contains a link to the path pagewherethe
user nds the details of the corresponding map betweenthe EST and the protein.

5.4 The Descriptor Page

The descriptor page displays all the de nitions, GO terms, and Swiss-Prot keywords assaiated with a
particular proteins (Figure 8). For eac de nition, the descriptor pagedisplays the sourcedatabaseof that
de nition. The user may click on any of the displayed GO terms to view Biozon's record of the term and
the corresponding graph. The descriptor pageonly displays GO terms actually assignedto the protein (not
all ancestorsof these GO terms). However, the parent GO terms can be viewed through the Biozon pro le
pageof each GO term.

5.5 The Map Page

The map pagedisplays the details of every map from the chosenEST to the chosenprotein (Figure 9). The
maps are displayed in order of their type, with type 1 maps appearing rst, type 2 maps appearing second,
and soon. Maps which usesimilarity data appear after direct maps and are also ordered by type.
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Figure 6: The Summary Page.
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Figure 7: The Map Page.
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Figure 8: The Descriptor Page.
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Figure 9: The Path Page.
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