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Abstract

Inthis paper, we describe a system called XomatiQ to ad-
dress the problem of integration, querying and correlation
of biological data. XomatiQ is an integral part of the ge-
nomics Research Network Architecture (gRNA). The gRNA
provides the devel opment environment in which new appli-
cations can be quickly written, and the deployment environ-
ment in which they can systematically avail of computing
resources and integrate information from distributed bio-
logical data sources. Specifically, XomatiQ is build on top
of the Data Hounds component. The Data Hounds trans-
forms data from various sources to XML format and loads
theminto tuples of relational tables in a standard commer-
cial DBMS. The XomatiQ provides capability for querying
XML data using the underlying relational engine. XomatiQ
has been fully implemented using Java.

1 Introduction

The problem of integrating and querying heterogenous
bioinformatics resources is of immense importance. Most
bioinformatics research relies on a combination of a wide
set of related public and private databases [15]. These
databases contain annotated genomic sequence information
[1, 8], or theresults of new high-throughput techniquessuch
as microarray experiments [22], or curated databases con-
taining carefully scrutinized existing research, systemati-
cally compiled by domain experts [35]. It is useful [12]
to correlate these databases with those containing medical
records[33], information on disease [26], databases on ref-
erences to literature [7], databases containing information
on the properties of chemicalsand their molecular structure
[46]. Therefore, useful queries do span through a multitude
of databasesin the categories mentioned above.

However, integrating and correlating biological data
from disparate sources is a chalenging problem due to
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the nature of biological data. Most data pertaining to ge-
nomics and molecular biology is characterized by being
highly evolving and semi-structured [20]. Moreover, ge-
nomic data available from public and private repositories
is voluminous [36], highly heterogeneous, and not con-
sistently represented. The heterogeneity results from our
evolving understanding of complex biological systems; the
numerous disparities in modeling biological systems across
organisms, acrosstissue, in different environmentsand over
time; and disparities acrossthe scientific community in their
understanding of these systems. Moreover, there continues
to bealack of common standardsin the representation of bi-
ological data[4]. Infact, the extremely rapid pace of change
of the field - in terms of science, technology, and business
- discourages the development of stable standards for in-
teroperation and formation of commercial companies that
can deliver specialized software of reasonable prices [37].
This results in crippling incompatibilities among software
tools and databases. Scientists find it slow, cumbersome,
and |abor-intensiveto establish connections acrossinforma-
tion resourcesthat fuel scientific research.

Recognizing that integrating and correlating data across
disparate biological data sources is essential, researchers
and commercial companieshavetried various approachesto
allow interoperability of formerly incompatible resources.
These approaches can be broadly categorized into three
typesasindicated in [37]. Thefirst approach providesauni-
form Web interface to various databases and analysis tools
[25, 41, 42, 44]. These systems usualy use CGI scripts or
Java servlets to execute queries against databases, to call
analysis programs, or to search file-based data reposito-
ries. However, these systems permit little customization by
the user and are not designed to alow “plug and play” of
components. The second approach focuses on formulating
complex declarative queries that span multiple heteroge-
nous databases [14, 23, 24]. However, these systems re-
quire “on-the-fly” mappings from representationsin source
databases to a globa schema, or forces users to express



gueriesin the local schemas of source databases. The third
approach focuses on component integration and standard-
ization. The objectiveis to package heterogenous software
tools and databases as components adhering to standard,
well-defined interfaces, according to which information can
be exchanged [9, 29, 37]. This approach enablesinteropera-
tion and all ows componentsimplementing the same abstract
interface to be interchanged. However, its main stumbling
block is the standardization of interfaces.

1.1 Overview of our Approach

We take a warehousing approach. In this approach we
harness data from various sources and transform them to
an uniform model and store them locally. Queriesfor corre-
lating rel evant information from multiple databases are then
performed ontheselocally stored data. Apart from the obvi-
ous advantages of performance, flexibility, and availability,
warehousing biological data has a positive impact on the
privacy of the relevant information retrieval. Users inter-
ested in information from biological sourcesaretypically at
the mercy of web-sites and service providersthat offer pub-
lic query interfaces [49] to the data. Moreover, many ser-
vice providershave the rightsto monitor and inspect queries
formulated on their data repositories [45]. In the bicinfor-
matics domain, there is a pressing need to prevent service
providers from predicting the objective behind the formula-
tion of a set of meaningful queries by a user.

In this paper, we focus on our warehousing approach
of integrating and querying biological data from disparate
sources. Specifically, Data Hounds and XomatiQ was de-
signed and developed at HeliXense Pte Ltd, Singapore [3]
to achieve this goal. XomatiQ is build on top of the Data
Hounds component. In the Data Hounds component, we
first generate a relational schema. Second, we transform
data from various sourcesto XML format by creating valid
XML documentsof the correspondingdata. Third, we parse
XML documents created from the previous step and load
them into tuples of relational tables in a standard commer-
cial DBMS (in our case, Oracle 9i). The XomatiQ compo-
nent supportsavisua XML-based query interface. Through
the interface, DTD structures of stored XML documents
are displayed, and users can formulate queries by clicking
the relevant data elements and entering conditions. Such
queries are specified in a language similar to XQuery [11]
and are transformed into SQL queries over the correspond-
ing relational data. Theresultsare formatted as XML docu-
ments (if necessary) and returned back to the user or passed
to another application for further processing.

It is worth mentioning that recently there has been con-
siderable research effort made by the database commu-
nity on storing and querying XML documents using rela-
tional database systems. In this context, several techniques

proposed for storing XML data in relations and trandat-
ing XML queries into SQL queries over those relations
[21, 34, 40, 48]. This has definitely inspired us to take a
“XML-to-relationa” approach. To the best of our knowl-
edge, thisis the first attempt in the bioinformatics industry
to store and query biological datausing an “al-XML" sys-
tem. Observe that XomatiQ creates an illusion of a fully
XML-based data management system as the underlying re-
lationa system remains hidden from the users.

Note that XomatiQ and Data Hounds are an integral part
of the Genomics Research Network Architecture (QRNA)
[31] which was designed and developed at HeliXense Pte
Ltd, Singapore [3] to address the challenges for develop-
ing new bioinformatics applications. The gRNA providesa
devel opment environment and a deployment framework in
which to maintain distributed warehouses, and to model,
guery and integrate disparate sources of data. It availsof the
flexible data representation provided by XML along with
the established reliability and powerful data management
capabilities of an RDBMS. It aso provides the mechanism
to account for disparities in the nomenclature and repre-
sentation of data, as well as the semi-structured nature of
most types of data. In the same context, the architecture
strives to prevent the introduction or imposition of new bi-
ases. By providing useful domain-specific abstractions and
functionalities, and related visual interfaces, the gRNA ef-
fectively minimizes the time, cost and degree of human ex-
pertise typically required in the bioinformatics application-
development process. The reader may refer to [31] for de-
tailed discussion on the architecture and application of the
gRNA.

The rest of the paper is organized as follows: We dis-
cuss the Data Hounds component of the gRNA in Section 2.
Then, in Section 3 we present an XML-based query lan-
guage for querying the warehoused data (XomatiQ compo-
nent). We discuss related work in the area of integrating
and querying life sciences data in Section 4. Finaly, the
last section concludes the paper.

2 DataHounds

Although alarge amount of biological data can be down-
loaded from the Web, integration of them from heteroge-
neous sources and preprocessing of the integrated data for
posing useful queries are challenging tasks. In this sec-
tion, we discuss how heterogeneous biological data from
disparate sources are harnessed and stored locally. Typi-
cally, there are two important considerations when working
with biological databases:

1. Theconversion of awide variety of different databases
into one consistent format.

2. Theahility to download and integratethe | atest updates
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Figure 1. Data Hounds.

to any database without any information being |eft out
or added twice.

DataHounds are built with these two considerations in
mind. It enables us to efficiently warehouse data locally. It
containsthird-party programmable mechanismsto facilitate
the transport, wrapping and conversion of remotely located
relational tables and flat-files into local warehouses that are
conducive to semi-structured data management. Specifi-
cally, DataHounds are developed to provide a consistent
way of converting existing biological databases into XML
format. As XML is easily understood by applications, this
conversion will yield benefits in terms of application de-
velopment and implementation in the gRNA [31]. Figure 1
showsthe functional overview of the Data Hounds. We now
describe the functional components (XML-Transformer and
XML2Relational-Transformer) of the Data Hounds in turn.

2.1 XML-Transformer

Most of the publicly accessible databases of interest
are accessible through internet protocols such as FTP (File
Transfer Protocol) and HTTP (Hypertext Transfer Proto-
col). Typicaly, updates to these databases are also pro-
vided through pre-designated locations through the same
protocols. Data Hounds must select one of these desig-
nated modes for physically transporting data from its origi-
nal source.

As biological databases are rarely exactly the same in
the structure, converting each one requires a specia trans-
former. The XML-transformer module harnesses data (flat
files, relationa tables, XML data etc.) from disparate bio-
logical sources and then convertsit into XML form (if re-
quired). This involves specifying a set of DTDs for every

kind of data in the remote biological sources, and a map-
ping of the attributes in this data to elements and attributes
inthe DTDs. The justification of converting remote datato
XML format is asfollows:

e First, XML datais self-describing (describes the data
itself). Hence, it is possible for a program to interpret
thedata. Thismeansthat a program receiving an XML
document can interpret it in multiple ways, can filter
the document based upon its content, can restructureit
to suit the application’s need, and so forth.

e Second, increasingly, genomic data is being provided
in XML format. New bioinformatics applications also
increasingly take XML as input, making it essential
that existing non-XML data be easily converted to
XML. For instance, the SRS data integration platform
[25, 49] now includes an XML parser, allowing XML
datato be quickly incorporated into SRS. Severa pub-
lic domain and proprietary XML databanks such asthe
INTERPRO databank [5] are already in existence.

We now illustrate the XML-transformer module with an
example. ENzYME [2] is a repository of information re-
lated to the nomenclature of enzymes. It is provided by the
ExPASy (Expert Protein Analysis System) Molecular Biol-
ogy Server of SIB (Swiss Institute of Bioinformatics). It
is primarily based on the recommendations of the Nomen-
clature Committee of IUBMB (the International Union of
Biochemistry and Molecular Biology) and it describes each
type of characterized enzyme for which an EC (Enzyme
Commission) humber has been provided. Thisis arepos-
itory that is made available as flat file off its FTP site. It
is useful to anyone working with enzymes and helpsin the
development of computer programs involved with the ma-
nipulation of metabolic pathways. The ENzyME database
contains the following data for each type of characterized
enzymefor which an EC number has been provided: (1) EC
number (2) Recommended name (3) Alternative names (if
any) (4) Catalytic activity (5) Cofactors (if any) (6) Point-
ers to the SWISS-PROT entries (or entry) that correspond
to the enzyme (if any) and (7) Pointersto the disease (s) as-
sociated with a deficiency of the enzyme (if any). Figure 2
shows a sample entry from the ENzyME database. Each
entry in the database data file is composed of lines. Dif-
ferent types of lines, each with its own format, are used to
record the various types of data which make up the entry.
The genera structure of alineisgivenin Figure 3. Theline
types, along with their respective line codes, are listed in
Figure 4. Note that some entries do not contain al of the
line types, and some line types occur many timesin asingle
entry. Each entry must begin with an identification line (I1D)
and end with aterminator line (//).

Writing the XML-transformer module for the ENzYME
database involves specifying a DTD for the datain the flat-



ID 1.14.17.3
DE Peptidyl gl yci ne nbnooxygenase.
AN Peptidyl al pha-am dating enzyne.

Peptidyl gl ycine + ascorbate + Q(2) = peptidyl (2-hydroxyglyci ne) +

-!1- Peptidylglycines with a neutral am no acid residue in the
Penul ti mate position are the best substrates for the enzyne.

-1- The enzyne al so catal yzes the disnutatation of the product to
gl yoxyl ate and the correspondi ng desgl yci ne peptide ani de.

AN Peptidyl gl yci ne 2-hydroxyl ase.

CA

CA dehydroascorbate + H(2) O

CF  Copper.

cc

cc

cc

cc

PR PROSI TE; PDOC00080;

DR P10731, AMDBOVIN ; P19021, AMD.HUMAN ; P14925, AMDRAT ;
DR P08478, AMD1_XENLA; P12890, AMD2_XENLA;
/1

Figure 2. A Sample Entry in the ENzYME Database.

[ Characters | Content I

1to?2 Two character |ine code.
I ndi cates the type of
informati on contained in
the line

3tob5 Bl ank

6 up to 78 | Data

Figure 3. Structure of a line.

[[ Code [ Type | Description I
ID Identification Begi ns each
entry, 1 per
entry
DE Descri ption >=1 per entry
AN Al ternate nane(s) >=0 per entry
CA Catalytic activity >=0 per entry
CF Cof act or (s) >=0 per entry
CcC Conment s >=0 per entry
Di Di seases >=0 per entry
PR Cross-references to | >=0 per entry
PROSI TE
DR Cross-references to | >=0 per entry
SW SS- PROT
/1 Term nation |ine Ends each entry

Figure 4. Line types and their codes.

fileand amapping of attributesfrom the flat-file to elements
and attributes in the DTD. Figure 5 shows the DTD of the
ENzYME database generated based on the entries in the
database. Note that the root element hlz _enzyme consists
of adb_entry corresponding to each entry of the ENzYME
data (from ID to /). Each db_entry consists of:

e enzyme_id (mapped from ID.)

e enzyme_description (mapped from DE; at least one
occurrence.)

e alternate_name_list (mapped from AN; consists of

zero or more alternate_name’s.)

e catalytic_activity (mapped from CA; optional ele-
ment; can be more than one.)

e cofactor_list (mapped from CF; consists of zero or
more cofactor’s.)

e comment_list (mapped from CC; consists of zero or
more comment’s.)

e prositereference (mapped from PR; zero
or more;, each prositereference will have
prosite_accession_number asan attribute.)

e swissprot_reference_list (mapped from DR; con-
Sists or zero or more reference’'s, each ref-
erence will have two attributes - name and
swissprot_accession_number.)

e disease_list (mapped from DI; consists of zero or
more disease’'s. Each disease will have mim _sid (MIM
catalogue number of the disease) as an attribute.)

Once the DTD is generated the XML-Transformer reads
theinput flat file and produce a set of XML documents. The
rules for XML formation is defined by the DTD we have
developed and the line codes in the input flat file. The al-
gorithm looks for ID, DE, AN, CA, CF, CC, DI, PR, DR
respectively in the lines (keeping in mind that they may or
may not be present) and output to the XML file as per the
rules specified in the DTD. Sincein our DTD, we have de-
fined hiz_enzyme to consist of only oneelement db _entry,
our algorithm produces one XML file per entry in the sam-
ple data. Figure 6 shows the XML version of the sample
entry in Figure 2.

2.2 XML2R€eational-Transfor mer

The second component in Figure 1, i.e, the
XML2Relational-transformer parses XML data gener-
ated from the previous step and loads them into tuples of
relational tables in a standard commercial DBMS (in our



<?xm version="1.0" encodi ng="UTF-8"?>
<! ELEMENT hl x_enzynme (db_entry)>
<! ELEMENT db_entry (enzyne.id, enzyne_description+, alternate_nanme.list,
catal ytic_activity*, cofactor.list, coment_list, prosite.reference*,
swi ssprot _referencelist, diseaselist)>
<! ELEMENT enzyne.i d (#PCDATA) >
<! ELEMENT enzyne_descri pti on (#PCDATA) >
<! ELEMENT al ternate-nnanelist (alternate.nane*)>
<! ELEMENT al t er nat e_nane( #PCDATA) >
<! ELEMENT catal yticactivity (#PCDATA) >
<! ELEMENT cofactor.list (cofactor*)>
<! ELEMENT cof act or (#PCDATA) >
<! ELEMENT conment i st (conmment*)>
<! ELEMENT comment (#PCDATA) >
<! ELEMENT prositereference (#PCDATA) >
<I ATTLI ST prosite._reference
prosite_accessi on.nunber NMIOKEN #REQUI RED>
<! ELEMENT swi ssprot reference.list (reference*)>
<! ELEMENT r ef erence (#PCDATA) >
<I ATTLI ST reference nane CDATA #REQUI RED
Swi sspr ot _accessi on_number NMIOKEN #REQUI RED
>
<! ELEMENT di sease.list (disease*)>

<! ELEMENT di sease (#PCDATA) >
<I ATTLI ST di sease

m mi d CDATA #REQUI RED
>

Figure 5. DTD of the ENzyME Database.

case, Oracle 9i). For example, the XML data generated
from the ENzYME database is transformed to relational
tuples and stored in the RDBMS. Our database is designed
based on consideration of the following issues:

e Generic schema: The XML documents are modeled
in our system by a generic relational schema, whichis
independent of any particular instance of XML data.

e Preservation of document order: As XML data is
ordered and commercial RDBMS are optimized for
unordered relational model, we have implemented a
mechanism so that document order is captured in the
RDBMS. We achieve this by treating order as a data
value. Note that thisis particularly important for re-
construction of the XML documents from the tuples
aswell asfor evaluation of order-based functionalities
of XQuery (such as BEFORE and AFTER operators,
range predicates, and numeric literals).

e Sequence and non-sequence data: Researchers typi-
caly look into sequences to find patterns or motifs
within that may be of biological significance. Non-
sequence data is usually annotations that may result
from computational analysis of sequences, expert an-
notation describing the function and location, com-
ments, authors, known and predicted interactions with
other componentsetc. Types of queries posed on DNA
or protein sequences are generally different from those
posed on non-sequence data. Hence, we differentiate

between the sequence and non-sequence data in our
database.

e String and numeric data: It is aso necessary to distin-
guish between string and numeric datain XML data.
Note that all these data appear as strings in the bio-
logical sources. For example, several databases store
annotationsthat are of numeric type such as the length
of asequence, it location in a chromosome, homol ogy
scores, coordinates of an atom, etc.. Common queries
often require to compare these numeric types across
large datasets in order to establish the relationships of
the biological entities.

e Keyword-based search: Finaly, our design supports
efficient keyword-based searches in the relationa
database system.

Note that details of the relational schema are proprietary
and therefore beyond the scope of this paper.

Since an XML document is an example of semistruc-
tured data, an obvious question is —why not use semistruc-
tured database to store thisdatain lieu of relational DBMS.
While this approach will clearly work, we transform the
XML datato relational tuplesfor the following reasons:

e First, though there has been increasing research in
XML data management, development of afull-fledged
commercial XML data management system for man-
aging very large volumes of XML data is till in its



<hl x_enzyme>
<dbentry>

<al ternatennane.ist >
</ al ternate.name.list>
<catalytic.activity>
</catalyticactivity>
<cofactor.ist>

</ cofactor.ist>

<coment |ist>
<conmment >

</ coment >
<comment >

</ coment >
</ comment i st >

<swi ssprot _reference.list>

</ swi ssprot referencelist>
<di sease.list/>
</ db_entry>
</ hl x_enzynme>

<?xm version="1.0" encodi ng="UTF-8"?>
<enzyne. d>1.14.17. 3</ enzyne.i d>
<enzyne._descri pti on>Pepti dyl gl yci ne nonooxygenase. </ enzynme_descri pti on>|
<al ternat e_.name>Pepti dyl al pha-ani dating enzyne</al t er nat e_name>
<al t er nat e_.name>Pepti dyl gl yci ne 2- hydr oxyl ase</ al t er nat ecnane>
Pepti dyl gl yci ne + ascorbate + Q(2) = peptidyl (2-hydroxyglycine) +
<catalytic.activity> dehydroascorbate + H(2)O </catalytic.activity>

<cof act or >Copper </ cof act or >

Pepti dyl glycines with a neutral am no acid residue in the
Penul tinate position are the best substrates for the enzyne.

The enzyme al so catal yzes the disnutatation of the product to
gl yoxyl ate and the correspondi ng desgl yci ne peptide am de.

<prosite.reference prosite.accessi on.nunber="PDOC00080"/ >

<reference nane="AMDBOVI N' swi ssprot_accessi on_nunber =" P10731"/ >
<reference nane="AMD.HUMAN' swi ssprot _accessi on_.nunber="P19021"/ >
<reference nane=" AMD_RAT" sw ssprot _accessi on_nunber ="P14925"/ >
<reference nane="AMDL_XENLA" swi ssprot _accessi on_nunber ="P08478"/ >
<reference nane="AMD2_XENLA" swi ssprot_accessi on_nunber ="P12890"/ >

Figure 6. XML Data of Figure 2.

infancy. On the other hand, twenty years of work in-
vested in relational database technology has made it
commercially very successful and ensured ssimplicity,
stability and expressiveness. As relational databases
are prevalent in most commercial companies, no ad-
ditional costs are incurred. Furthermore, RDBMSs
are capable of storing and processing large volumes
of data (up to terabytes) efficiently.

Second, state-of-the-art query optimization and query
processing algorithms still rely on relational model.
However, algorithms for equivalent efficiency and
ease-of -use, but designed for XML, are more difficult
to find [34]. In fact, special-purpose XML query pro-
cessors are not mature enough to process large vol-
umes of data[34].

Third, recent research [21, 32, 34, 40, 48] demon-
strates that it is indeed possible to use standard com-
mercial relational database systemsto store, index and
evaluate powerful queries over XML documents. It is
possible to take XML queries, data sets, and schemas

and process them in relational systems without any
manual intervention. This means that al of the power
of relational database systems can be brought to bear
upon solving the XML-query problem.

e Finaly, by using a standard commercia relational
database systems, we can exploit the concurrency ac-
cess and crash recovery features of an RDBMS.

Data Hounds aso have the capability to update the
data in the warehouse based on the changes to the remote
sources. Once the changes have been committed to the lo-
cal warehouse, the DataHounds sends out triggersto related
applications, indicating changes to the warehouse.

3 Querying Biological Data

Since data from remote biological sources arefirst trans-
formed into XML documents, it should be possibleto query
the contents of these documents. One should be able to is-
sue queriesover aset of XML documentsto extract, synthe-
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Figure 7. Querying ENzYME database.

size, correlate, and analyze their contents. However, when
XML datais stored in relational systems, it makes it diffi-
cult to formulate query by looking at the relational schema
astheorigina structure of the XML documentsare not well
reflected by the relational schema. In fact, the XML struc-
ture of the underlying data makes it conducive to using an
XML query language. Furthermore, the possibility of using
a standard XML query langauge has a commercial advan-
tage. Using an XML-based query language at the interface
level in our system allows us to hide the proprietary rela
tional schemathat we do not want to disclose.

The XomatiQ component provides an XML query lan-
guage to facilitate the querying of one or more distributed
or local warehouses managed within the gRNA. The syntax
for the query languageis based on the W3C X Query specifi-
cation [11]. The XQuery languageis still work in progress,
and our query language is valid with respect to the syntax
and semantics defined as of June 2001. Advancesin stan-
dardization process may dlightly change the semantics of
the language. Specifically, we use the FLWR expressions
(for-let-where-return) of XQuery in XomatiQ. The for-let
clause makes variables iterate over the result of an expres-
sion or binds variables to arbitrary expressions, the where
clause allows specifying conditions on the variables, and
the return clause can construct new XML element as output
of the query.

Due to the pressing need in bioinformatics, the Xoma-
tiQ extends the syntax of the XQuery specification by mak-
ing provisionsfor simple keyword-based queries, similar to

those found in web-based search engines. The extension
simply allows the user to specify keywords that are implic-
itly meant to be located close to one another in the same
XML document. We have implemented a subset of the fea-
tures of XQuery whichwe believeis sufficient to provideall
the functionalities and componentsrequired by biologiststo
analyze their data in a meaningful way [38]. We now dis-
cuss the main steps of a query scenario in XomatiQ.

3.1 Query Formulation

There are two ways of posing a query in XomatiQ. Ex-
pert usersthat are familiar with the syntax and semantics of
the query language can formulate the query in text form,
while novice users can use an user-friendly visual query
interface which can guide the user to formulate queries.
We believe the GUI-based query formulation technique has
greater importancein bioinformaticsaswe do not expect the
biologists to be well-versed with the syntax and semantics
of the query language.

Figure 7(a) depicts the screen dump of the visua inter-
face of XomatiQ. It consists of two panels. The left panel
displays the DTD structure of the XML documents to be
queried. Theright panel isfor users to specify the target at-
tributes to be retrieved and the conditions to be satisfied by
the retrieved data elements. User can click on the elements
in the DTD portion to select them and enter the conditions
at theright hand panel. Once the user compl etes the formu-
lation of the query, it can be transformed to the text form by
clicking on the “Translate Query” button.



FOR $a IN
$b IN
VWHERE

RETURN  {

docunent ("hl x_enbl . i nv")/hl x_n_sequence,
docunent ("hl x_sprot.all")/hl xnh_sequence
contains ($a,
AND contai ns ($b,

"cdc6", any)
"cdc6", any)

$b/ / sprot _accessi on_nunber,
$a/ / enbl _accessi on_nunber

}
Figure 8. Keyword-based XomatiQ Query.

FOR $a IN
VHERE
RETURN  {

$a// enzymed d,

docunent (" hl x_enzyme. DEFAULT") / hl x_enzyne
contains($a//catalyticactivity, "ketone")

$a// enzyme_descri ption

Figure 9. Sub-tree Query.

Specifically, XomatiQ provides the user the following
three modes to formulate queries visually:

o Keyword-based search mode: Thisis used to perform
simple keyword searches in the selected database(s).
This kind of search can be used to help users to
“browse” the relevant databases, or as a filter for for-
mulating more structured queries. For example, we
may specify a query to search for the cell division cy-
cleprotein“cdc6” through all entriesin the EMBL and
Swiss-Prot databases and return the accession numbers
of the relevant documentsin these databases. The cor-
responding text format of this query is shown in Fig-
ure 8.

e Sub-tree search mode: This is used to perform sim-
ple text searches in the selected sub-tree(s) in the
database(s). Note that this mode is useful if the user
wants to limit the search to selected sub-trees within
the data source(s) instead of the entire data source(s).
For example, Figure 7(a) specifies asearch for the key-
word “ketone” contained in the catalytic activity el-
ement of the ENzyME database. We wish to return
the enzyme id and the description of those enzymes
which match this query. The corresponding text for-
mat of the query is shown in Figure 9. The results of
the query executed against a partially warehoused EN-
ZYME database is shown in Figure 7(b). Clicking on
each enzymeid (left panel) displaysthe corresponding
XML document in the right panel. Note that Xoma-
tiQ allows the user to specify complex conjunctiveand
disunctive constraints in the where clause using logi-
cal operators.

e Join query mode: This mode allows us to correlate or
join multiple databases. Let usillustrate this with an
example. Consider the warehoused ENzYME database
as introduced in Section 2. Suppose we have also
warehoused datafrom EMBL. Suppose the user wants

to specify aquery that findsall the EMBL entriesfrom
the division invertebrates that have a direct link to en-
zymes characterized in the ENzYME database. In ef-
fect the query performs a join operation between the
database references. The query checks if the attribute
quali fier type has the value “EC number” and if so
compares the value of the element quali fier with the
enzyme_id from the ENzYME database. The query
results must return the EMBL accession humbers and
descriptions that satisfies the query. The screen shot
of the query is depicted in Figure 10. Observe that
the left and rightmost panels display the DTDs of the
EMBL and ENzYME databases. The join condition is
specified in the middle panel by specifying the joining
elements. The corresponding text format of the query
isshownin Figure 11.

3.2 XQ2SQL-Transformer

Once a user formulates a query using XomatiQ, it is
fed to the XQ2SQL-transformer module which rewrites the
query to corresponding one or more SQL queries over the
relational generic schema. These queries are evaluated
against the database where the datais stored in relational ta-
bles. Note that the design and implementation of thisstepis
inspired by the recent research donein [32, 34, 40, 48]. As
the relational schema of our system is proprietary, discus-
sion related to the transformation to SQL queriesis beyond
the scope of this paper.

We have created a set of indexes by meticulous analy-
sis of the query plans generated by the Oracle’s query op-
timizer. Our experience shows that majority of XomatiQ
gueries which are important in bioinformatics domain can
be evaluated efficiently over relational database systems.
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Figure 10. Screen shot of the join query.

FOR $a IN
$b IN
VHERE
RETURN  {
}

docunent (" hl x_enbl . i nv")/hl x_-n_sequence/ db_entry,
docunent (" hl x_.enzyme. DEFAULT")/ hl x_enzyne/ db_entry
$a//qualifier[@ualifier_type = "EC nunber"] =$b/enzyne.id

$Accessi on_Nunber = $a//enbl _accessi on_nunber,
$Accessi on_Descri ption = $a//description

Figure 11. Text version of the join query.
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Figure 12. Results of the join query.

3.3 Rdation2XML-Transfor mer

Upon successful execution of the SQL queries, instead
of producing as result an XML document they produce the
equivalent instance of the generic relational schema. The
resultant tuples are either displayed in a simple table for-
mat or treated by a tagger module, that structure them into
the desired XML format of the result and presented to the
user. Note that the tagger module is inspired by the recent

work done in [39]. Observe that we provide an option to
display the resultsin XML format or a simple table format
because in bioinformatics the user may not always wish to
view theresultsinan XML format. Notethat reconstruction
of entire large XML document from the tuplesis expensive
compared to the query processing time in the RDBMS.

Figures 7(b) and 12 depict the screen dumps of the vi-
sual interface of XomatiQ query results. It consists of two
panels. Theleft panel displaysthe resultsin atable or XML
structure format. The right panel displays the tree structure
view of the documents satisfying the query. User can click
on the elements in the left panel to view the corresponding
document in the right panel.

Results returned by XomatiQ can be fed into a variety
of applications designed to further process the data with
predictive techniques or they can be used to construct con-
textual reports with several levels of information that can,
for example give an integrated view of the annotationsto a
genome stored in distinct databasesin a graphical interface.
Applications under the gRNA framework [31] leverage on
the ability of XomatiQ to fetch data dispersed in severd
databases (different formats, different types of biological
information).

4 Related Work

SRS: SRS (Sequence Retrieval System) [25, 49] isafast,
popular and effective data retrieval system for indexed flat-
file text data sources that also provides simple filtering and



linking capability. It was designed to retrieve data directly
from formatted text files, a widely used format in biolog-
ical databases such as EMBL [1] and Swiss-Prot [10]. In
the SRS approach, formatted text files are indexed to de-
fine classes using its own scripting language called Icarus
which are then queried through a web based interface. Its
datamodel is structured text, i.e., tag/value pairs, and there-
foreits query languageis limited to index lookups and fol-
lowing predefined links between data sources. Recently,
and recogni zing the advantages of the self-descriptive XML
format, the SRS indexes XML files into the same meta-
representation as the one used to index the flat files. How-
ever, SRS was developed almost ten years ago, when the
overal requirements were considerably less. Moreover, it
does not manipulate and query data using the power of
a database management system. Compared to an XML
query language (such as XQuery [11]), Icarus is less ex-
pressive in querying XML data. Searches are only per-
mitted on pre-defined indexed attributes whereas Xoma-
tiQ permits searches on attributes at any level, and joins
may be performed as needed between two or more data
sources.Finally, unlike the Data Hounds, SRS does not au-
tomatically update the local data with respect to the source
regularly, that can be particularly painful with large and fre-
quently updated data sources such as Genbank.

Kleidi: The Kleidi [16, 19, 23] system transforms
and integrates heterogeneous data sources using a complex
object data model and CPL, a powerful query language
inspired by work in functional programming languages.
Kleidli provides connectivity to various data sources in
bioinformatics and genomics. In Kleidli databases are
queried by constructing functions that access the databases
in their native format; in gRNA, component databases
are warehoused, transformed to a consistent format, and
gueried using an XML -based query language. Furthermore,
the CPL is a functional language that is relatively uncom-
mon and difficult to learn as far as either biologists or pro-
grammers are concerned.

Discovery Link: IBM’s Discovery Link [27, 28] is
an SQL-based heterogeneous database integration sys-
tem based on the Garlic research prototype [17] and the
DB2/UDB Dataloiner [6] federated database management
system for relational databases. Our approach is different
in the sense that we take a warehousing approach. Further-
more, we use the power of XML query language to pose
complex meaningful queries. Note that such queries often
requires more sophisticated conditions than the SQL query
langauge can express, for example, regular expression pat-
tern matching.

Merck & Co. Approach: Merc & Co. [47] have created
aset of applicationsusing Perl and Javain combinationwith
XML technology to install biological sequence databases
into an Oracle RDBMS. An user-friendly interface using
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Java has been created for database query. Unlike XomatiQ,
they do not exploit the power of an XML query language.
Queriesare based on simple conditionsand does not support
pattern matching, joins etc..

TINet: Target Informatics Net (TINet) [24] isadatain-
tegration system developed at GlaxoSmithKline, based on
the Object-Protocol Model (OPM) [18] multidatabase mid-
dleware system of Gene Logic Inc. TINet follows primar-
ily the federated model supplemented by limited use of the
warehousing approach. In this approach data sources are
not transformed or loaded into a single storage format, but
are accessed in their native formats as required. It uses a
Multidatabase Query System (MQS) to query and explore
multiple heterogeneous data sources that have OPM views.
Queries against the MQS are expressed in the OPM multi-
database query language (OPM-M QL) and the query results
arereturned as OPM data structures. TINet permitsthe out-
put of a query to be returned in XML format. However, it
does not take the advantage of an XML-based query lan-
guage. Hence, it is much more difficult to impose complex
gueries using TINet. Furthermore, it does not have a user-
friendly GUI to pose complex queries which makes query
formulation a difficult task for biologists.

TAMBIS: The Tambis system (Transparent Access to
Multiple Biological Information Sources) provides a view
of heterogeneous biological data sources by means of the
TaO (TAMBIS Ontology), an ontology of biological termi-
nology based on a description logic. Semantic knowledge-
representation is the main focus of TAMBIS, rather than the
syntactic integration which is the primary focus of the Xo-
matiQ and the other systems surveyed.

5 Conclusions

We have demonstrated how the Data Hounds and Xo-
matiQ provides an efficient and systematic mechanism for
warehousing and querying biological data. They aso rep-
resents a successful strategy for consistently using XML
for representing and querying biological data. Specifically,
the Data Hounds component transforms data from various
sources to XML format and load them into tuples of rela-
tiona tables in a standard commercial DBMS. The Xoma-
tiQ component provides the capability for querying XML
data using the underlying relational engine. Our system has
been fully implemented using Java. We use Oracle 9i asthe
underlying RDBMS.

By providing practical ways of dealing with the hetero-
geneity and semistructured nature of biological data, the
gRNA provides a practical backbone and an engineering
approach to guide the development of genomics centric
tools. We see the gRNA (supported by Data Hounds and
XomatiQ) as an efficient way to integrate heterogeneous,
semistructured, distributed biological data.
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