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Abstract genomic sources on the web has increased to more than
500 [11, 39, 2].
This paper surveys the area of biological and genomicFurthermore, the need for effective integration of vari-
sources integration, which has recently become a magors bioinformatic sources is also justified by the charac-
focus of the data integration research field. The challengesstics of these sources. The main characteristicsdieclu
that an integration system for biological sources must face . .
are due to several factors such as the variety and amount the highly d|ver§e hature of the dgta stored,
of data available, the representational heterogeneityeof t * the representational heterogeneity of the data,
data in the differént sources, and the autonomy and differ- the autonomous and web-based character of the
. - ' sources and the way the data is published and made
ing capabilities of the sources. . "
) . - . available to the public,

This survey describes the main integration approacheg o yarious interfaces and querying capabilities of-
that_have be_en adopted._ They_lnclude war(_ahogse |r_1te- fered by the different sources.
gration, mediator-based integration, and navigational in
tegration. Then we look at the four major existing in- In fact, for these reasons bioinformatic sources are dif-
tegration systems that have been developed for the Higult — if not simply time-consuming — for biologists to
logical domain: SRS, BioKleisli, TAMBIS, and Discov-Use€ in combination with one another.
eryLink. After analyzing these systems and mentioning aThis paper is a survey that spans the main issues of
few others, we identify the pros and cons of the curreffte integration problematic in the context of biological
approaches and systems and discuss what an integraiai@ sources, and then discusses some of the current ap-
system for biologists ought to be. proaches and existing systems used to address the chal-
lenges raised. The paper is organized as follows. First the
characteristics mentioned above are explained in more de-
tail in Section 2. Then Section 3 lists the dimensions along
which bioinformatic integration systems can be measured
d thus differentiated. Next, Section 4 covers the main
Il$‘egration approaches that have been suggested by the re-
rch community. Following the approaches, Section 5

1 Introduction

The integration of biological data is just one phase of t
entire molecular biology research and genomic hypothe.
discovery process. Computer integration — as oppose(i
human mFegrann —Is not actuglly m_andatory in the P"Bescribes some of the major systems that were designed
cess: until recently molecular biologists managed to P&l

. . : the integration of biological data and relates each of
form their research without any type of non-manual 'nt‘t:ﬁem to the dimensions and approaches given in the pre-

gration. The integration of their repositories and other in.ou sections. Finally, Section 6 contains a few remarks
formation sources was then done when researchers nee%e(fiS . '

it, witho'ut specifically automating the.pfoces.s, there@foin?o;jrf ;tliJCS isr:(t)gg?;ﬁsoar.ne important open challenges in
consuming most of a molecular biologist’s typical work-

day. However, now that relevant data is widely distribut: < -
over the Internet and made available in different formarfs, Characteristicsand

manual integration has become practically infeasible. The Chal Ienges

amount of data stored in biological databases has indeed

grown exponentially over the past decade [15], while sihe challenges that must be overcome when integrating
multaneously the number of available biomolecular amgterogeneous bioinformatic sources are numerous and
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varied. Listed in this section are the major characteris- for maintenance or other purposes. Moreover, they
tics of those sources and hence the challenges that must may not always be aware of or concerned by other
be resolved when trying to integrate thém. sources referencing them or integration systems
accessing them. This instability and unpredictability

| i ¢ is further affected by the simple fact that nearly all
sources cover several biological and genomic re- g rces are web-based and are therefore dependent
search fields. _Typ|cal data that can be_stored includes on network traffic and overall availability. An impor-
gene expressions and sequences, disease character, consequence of the sources being autonomous
istics, molecular structures, microarray data, pro- s that the data is dynamic: new discoveries or
tein interactions, etc. Depending on how large or experiments will continually modify the source
domain-specific the sources are, they can store dif- . ntent to reflect the new hypotheses or findings.
ferent types of data. Furthermore, bioinformatic data | t4¢t the only way for an integration system to be

can be characterized by many relationships between e ain that it will return the latest data is to actually
objects and concepts, which are difficult to identify  ,~.ass theources at query time

formally (either because they are abstract concepts
or simply because they span across several resedbifiering querying capabilities: Individual
topics). Finally, not only can the quantity of data

Variety of data: The data exported by the available

sources
provide their own user-access interface, all of which

available in a source be quite large, but also the size
of each datum or record can itself be extremely large
(e.g DNA sequences, 3-D protein structures, etc).
This differs from non-scientific (e.g. business data)

integration scenarios where there is usually no spe-

a user must learn in order to retrieve information
that is likely spread across several sources. Ad-
ditionally the sources often allow for only certain
types of queries to be asked, thereby protecting
and preventing direct access to their data. These

cific need to address the issue of very large entries.  intentional access restrictions force end-users and
external systems to adapt and limit their queries
to a certain form. Authors in [42] note about the
bioinformatic sources that on top of requiring of
biologists that they master many different interfaces,
some potentially useful information cannot actually
be retrieved because of query restrictions and poten-
tially pertinent queries cannot be asked even though
the data necessary to answer them is available in the
sources.

Representational heterogeneity: The collection of
bioinformatic sources has the property that similar
data can be contained in several sources but repre-
sented in a variety of ways depending on the source.
This representational heterogeneity encompasses
structural, naming, semantic, and content differences
[42]. In other words, not only are they very large but
they also each have their own schema complexity
(i.e. structural differences). Furthermore, each
source may refer to the same semantic concept

or field with its own term or identifier, which can3  Dimensions of Variation
lead to a semantic discrepancy between the many

sources (i.e. naming and semantic differences). THgg existing systems for integrating bioinformatic sosrce
opposite can also occur, as some sources may Ysg, glong several dimensions, and in this section we will

the same term to refer to different semantic objeCt§iscyss some of the important ones, and the spectrum of
Finally, the content differences involve sources thgt iation along those dimensions.

contain different data for the same semantic object,

or that simply have some missing data, thus creatipgm of integration: This refers to the overall goal of the
some possible inconsistencies between sources. This jntegration system. Some systems are “portal” ori-
representational heterogeneity leads to issues such as ented in that they aim to support an integrated brows-
entity identification across sources and data quality jng experience for the user (c.f. SRS [30], BioNav-
issue_s, as well as data consistency, redundancy, and jgator [5]). Others are more ambitious in that they
curation. take user queries and return results of running those
queries on the appropriate sources (c.f. TAMBIS [1],

Autonomous and web-based sources. Most of these DiscoveryLink [26]).

sources operate autonomously, which means that

they are free to modify their design a';‘dlor_sfheméata model: This refers to the design assumptions made
remove some data without any prior “public” noti-  y the integration system as to the syntactic nature
fication, or occasionally block access to the source ¢ the data being exported by the sources. Some
systems have text models of data (c.f. SRS [30],
BioNavigator [5]) while others have structured data

INote however that the source propetties listed here areausissar-
ily specific to the biological and genomic domain.



models. In case of structured models, systems diférl Warehouse integration

in terms of the specific model assumed — includin . . S .
arehouse integration consists in materializing the data

relational data, object-relational data (c.f. Discov- ol it local hodisend
eryLink [26]) and nested semi-structured data (e.gpm mutipie sources Into a focal warehotsed exe-

XML and CPL [14]). uting all queries on the data contained in the lwarehouse
rather than in the actual sources. Warehousing empha-
Sourcemodel: This refers to the assumptions made agizes data translation, as opposed to query translation in
the inter-relations between sources. Most systemgdiator-based integration [42]. In fact, warehousing re-
assume that sources they are integrating are “coquires that all the data loaded from the sources be con-
plementary” in that they export different parts of theerted through data mapping to a standard unique format
schema. Others also consider the possibility thagfore it is physically stored locally.
sources may be overlapping (c.f. [4]) in which case Relying less on the network to access the data obvi-
aggregatiorof information is required, as opposed tausly helps in eliminating various problems such as net-
pure integration of information. Integrating complework bottlenecks, low response times, and the occasional
mentary sources is often called “horizontal integramavailability of sources. Furthermore, using materéliz
tion” [42] while integrating the overlapping sourcesvarehouses allows for an improved efficiency of query
is called “vertical integration.” optimization as it can be performed locally [19, 12]. An-
User model: This refers to the type of users that the Syo_ther benefit in the Warehousg mtegra’qon approaph is that
N 21t allows the system/user to filter, validate, modify, and
tem is directed towards. The systems that primar- i
) X . annotate the data obtained from the sources [13, 23], and
ily support browsing need to assume very rud|meﬂi. . !
is has been noted as a very attractive property for bio-

tary expertise on the part of users. In contrast, S¥St matics.

tems that support user-queries need to assume SOI’T].FhiS approach however has an important and costly

level of expertise on the user’s part in formulating : o
: rawback in terms of result reliability and overall system
queries. Some of these systems (c.f. [14]) assume.

) . . maintenance caused by the possibility of returning out-
user queries to be formulated in specific language, . X .
X . - . .~ ddted results. Warehouse integration must indeed regu-
while others (c.f. [1]) provide significant interactiv

support for users in formulating their query el'arly check throughout the underlying sources for new or
' updated data and then reflect those modifications on the
Level of transparency: This refers to the extent to whichlocal copy of the data [12].
the user has control over and/or is required to spec-
?fy the particular sources that are needed to be us&% M ediator-based integration
in answering her query. Some systems (e.g. [14]) re-
quire the user to select the appropriate sources toNMediator-based integration concentrates on query trans-
used. Others (e.g. [1]) circumvent this problem bigtion. A mediator in the information integration context
“hard-wiring” specific parts of the integrated schemig a system that is responsible for reformulating at run-
to specific sources. time a query given by a user on a single mediated schema
into a query on the local schema of the underlying data
sources. Unlike in the warehouse approach, none of the
data in a mediator-based integration system is converted
The integration approaches used in the existing systeto. a uhique formqt according tp a .data trgnsla’uon map-
. S ing. Instead a different mapping is required to capture
can be classified first in terms of the data model th e relationship between the source descriptions and the

use — text,. structured data or I"?ked re_cords. Eor SYRediator and thus allow queries on the mediator to be
tems that view sources as exporting mainly text, integr,

Panslated to queries on the data sources. Specifying this
tion involves supporting keyword/text search across tb q pecifying

! . 8rrespondence is a crucial step in creating a mediator, as
sources. When the sources are viewed as exporting mo.

Wil influen h how difficult th ry reformulation
structured data, there are two broad types of integrati uence both how difficult the query reformulatio

2hnd how easily new sources can be added to or removed
approaches, based on whether the data from the SOUrCeSIIS the integration system

warehoused” or accessed on demand from the sourcesl,he two main approaches for establishing the mapping

Finally, for systems that view sources as exporting "nk%%tween each source schema and the global schema are

sets of browsable records, integration involves suppgrtiy o\ o (GAV) and local-as-view (LAV) [19, 29]
effective navigation across sources. Since the majorityI Pthe GAV approach the mediator relations are (’Jlirec.tly

systems use the (semi-)structured orlinked record mOdg\ll?nten in terms of the source relations. In other words
in what follows we will discuss the integration approaches ' '

for these in more detail. 2The authors in [23] call it a Unifying Database.

4 Integration Approaches




each mediator relation is nothing but a query over the datadeling of the data and instead applies a model where
sources. The GAV approach greatly facilitates query resurces are defined as sets of pages with their interconnec-
formulation as it simply becomes a view unfolding praions and specific entry-points, as well as additional infor
cess; however handling the addition or removal of rmation such as content, path constraints, and optional or
source in a GAV mediator is much more difficult as imandatory input parameters [10, 29]. The authors in [20]
requires a modification of the mediator schema to takkim that this model effectively allows the representatio
into account the changes. In a LAV-based mediator esfcases where the page containing the desired informa-
ery source relation is defined over the relations and ttien is only reachable through a particular navigation path
schema of the mediator. It is therefore up to the indkcross other pages.
vidual sources to provide a description of their schemalacroix et al. [28] further explore the path-based ap-
in terms of the global schema, making it very simple toroach by analyzing paths between biological sources.
add or remove sources but also complicating the query Tdeir observation was that multiple physical paths can
formulation and processing role of the mediator. Clearlink two sources. Therefore their goal is to determine
both of these approaches have some positive and negasinaperties of links between sources and use these prop-
consequences, but LAV is considered to be much mameies to identify the best of several potential execution
appropriate for large scale ad-hoc integration becausepaths that can answer a given query.
the low impact changes to the information sources have
on the system maintenance, while GAV is preferred whg1 Existi ng Bioinfor matic
the set of sources being integrated is known and stable. .

Several of the bioinformatic integration systems were | Ntegration Systems
developed before the advent of the mediated systems, and
instead follow the federated database model. A feddis section covers a description of some well-known sys-
ated database integration system consists of underly{@gs that are currently available and tries to characterize
sources which are autonomous components but whR#ch system in terms of the dimensions (c.f. Section 3)
also cooperate to allow controlled access to their da@d the integration approaches used. The following four
The authors in [41] explain that federated integratictystems are discussed in more detail:
can be seen as a middle-ground between no integration o ) _ )
(where a user must query each source individually) and® SRS, which is a link-based integration system rely-
total integration (where a user can only query the sources ing on local index files,
through the integration system). In federated integration . - L
the schemas of the component sources are put together fo KZ/B|0}<_Ie|sI|, which is close to a federated database
form an integrated schema on which queries will be asked. Integration system,

Seen from this vantage point, mediated systems could bg TAMBIS, which is a mediator-based integration sys-
tseen as very loosely coupled versions of federated sys- o that uses a global ontology to formulate queries,
ems.
e and DiscoveryLink, which is a mediator-based and

4.3 Navigational integration wrapper-oriented middleware integration system.
The idea of navigational or link-based integratioffter the description of these four systems, other existing
emerged from the fact that an increasing number ipinformatic integration systems and projects are men-
sources on the web require of users that they manudigned. Table 1 provides an overview of the characteris-
browse through several web pages and data source§d of each system in terms of the dimensions mentioned
order to obtain the desired information [12]. In fact thi& Section 3.
major premise and motive justifying this type of integra-
tion is that some sources provide the users with pages ?a_f SRS
would not — or hardly — be accessible without point-and-
click navigation. The specific paths essentially consithe Sequence Retrieval System (SRS) is closer to a
tute workflows in which the output(s) of a source or todeyword-based retrieval system than an integration sys-
is(are) redirected to the input of the next source until them. Its approach to bioinformatic integration is to parse
requested information is reached [9]. In effect, queries dlat files or databanks that contain structured text with field
transformed into (possibly several) path expressions thaimes. It then creates and stores an index for each field
could each answer the query with different levels of satigad uses these local indexes at query-time to retrieve rel-
faction [34]. evant entries [30, 39]. Although extensive indexed entries

Pure navigational integration eliminates relationalre keptlocally to be used by the query processor at query



Aim of Data model Source model | User model | Level of Overall
integration transparency integration
approach
SRS Portal, Linked text| Mostly com-| No critical | Sources Navigational,
browsing- records plementary, expertise specified by| (with local
based some overlap user index)
K2/ Bio- | Query- Semi-structured, | Mostly com- | Expertise Sources Mediator-
Kleidi oriented object-oriented plementary in query | specified by| based
language user
TAMBIS Query- Structured, object! Mostly com- | Interactive Sources Mediator-
oriented relational plementary query formu-| hard-wired | based
lation by system
Discovery- | Query- Structured, object{ Mostly com-| Expertise Sources Mediator-
Link oriented relational plementary, in query | selected by| based
middleware some overlap | language system
BACIIS Query- Structured, object! Mostly com- | Interactive Sources Mediator-
oriented relational plementary, query formu-| selected by| based
some overlap | lation system
Bio- Portal, Text model Mostly com-| No critical | Sources Navigational
Navigator browsing- plementary expertise specified by
based user
GUS Query- Structured, Mostly com- | Expertise N/A3 Warehouse
oriented relational plementary in query
language
KIND Query- Semi-structured, | Mostly com- | Expertise Sources Mediator-
oriented object-oriented plementary in query | specified by| based
language user
Entrez Portal, Linked text | Mostly com-| No critical | Sources Navigational
browsing- records plementary, expertise specified by
based some overlap user

Table 1: Dimensions of variation (c.f. Section 3) for thestixig systems described in Section 5.

time, SRS is not actually a warehouse system as the latks for any additional entry that is related in some way
tual data is neither modified nor stored locally. The oth&s the query. All such links are then made available to the
main feature of SRS is that it keeps track of the crossser and grouped by source or by the type of data they
references between sources. In order to parse the flat fidesit to. In other words, the results of a query in this
and capture all this information, the system has its owggstem are essentially composed of a set of tuples or en-

parsing component, ICARUS, which is designed to recoigies directly retrieved from the initially selected soes¢

nize the presence of links and index all source records agsd a set of paths across other sources which lead to in-
ing a keyword-based indexing approach. Therefore, whitemation that is related to the query. In fact, a user can
parsing and indexing is performed, the system can iddmewse through a set of sources in a point-and-click type
tify links that exist between entries in different sourcesf navigation [12] even after having submitted a very sim-
These links are then used to suggest more results to a péequery, and find perhaps more relevant or complemen-

after a query has been processed.

tary results in the suggested links.

The user query interface is straightforward in SRS [40]. _ o
A user first selects which of the many available sourcbs?2 K 2/BioKleidli

should be queried depending on the type of data expec
and then asks a keyword or gene sequence query on t
sources. After the query is processed, the relevant do
ments in terms of the query keywords are displayed. Ad-3sthe GuUs warehouse is only composed of one local database so

ditionally, SRS will search in its local index of parsethere is no actual transparency issue.

%’gleisli is primarily a loosely-coupled federated
agabase system. The mediator on top of the underlying




sources relies mainly on a high-level query language thatderlying sources.
is more expressive than SQL and that provides the abilityThe planning and optimization subsystem in TAMBIS
to query across several sources: the Collection Programiy performs reordering of query components; it does
ming Language, or CPL [8, 14]. CPL requires sourgeot store source statistics or analyze source capahilities
specific wrappers to map sub-queries to specific heteReordering is based on the cost of individual query com-
geneous sources, which are accessed through predeffi@tents, where the cost combines the predicted time nec-
atomic query-functions. The data model used in Biokessary to evaluate a component as well as the expected
leisli is an object-oriented type system that is more eRumber of results it will return, i.e. objects or tuples @ot
pressive than the relational model since it includes bagsat results are not necessarily tuples since not all seurce
lists, variants, nested sets and nested records. BioKleisk of relational nature). This optimization thereforesloe
does not use any global molecular biology schema or atet include any evaluation of sources in terms of content
tology that the user could use to formulate queries. Thiserlap or source availability. In fact, a given concept and
approach therefore requires of the users not only a stratscorresponding CPL function are always linked to a pre-
competency in CPL [13] but also a perfect knowledge determined source, which means that even though several
the schema and structure of the bioinformatic sources Beurces may contain the same information about a con-
ing integrated. cept, the same source will always be accessed for that par-
The BioKleisli project is mainly aimed at performing dicular concept. In short, plans are determined in terms of
horizontal integration. In fact, a query attribute is uspalordering concepts rather than ordering sources.
bound to an attribute in a single predetermined sourcejt is important to notice that, unlike in many other
there is essentially no integration of sources with contgnijects that use ontologies, the ontology defined by
overlap. Furthermore, no optimization based on sourt&MBIS is not primarily used for schema mapping be-
characteristics or source content is performed. The omlyeen the underlying bioinformatic sources; instead the
query optimization that takes place is the reordering ofitology is a dictionary and classification of biological
projections, selections, and joins. In fact, the proceldutmncepts representing subsumption relationships between
nature of CPL makes the query optimization process diencepts. The mapping of ontology concepts to source-
ficult. dependent CPL functions is done by another subsystem
K2 is the newer version of the BioKleisli system [13]called the Source Model which simply captures which
K2 abandons CPL and replaces it by OQL, a more wideBPL function is related to which ontology concept. Hence
used query language. This change does not modify the TAMBIS domain ontology mainly serves the purpose
overall flow of the system. Queries are still decomposedfl easing the user’s task of formulating the query. Over-
into subqueries and sent to the underlying sources usaily the TAMBIS project greatly improves the interface
data drivers, while the query optimizer remains a rul&éarough which a user can pose queries without having to
based optimizer. write complex queries nor worry about navigating through
sources.

53 TAMBIS _ _
_ - . 5.4 DiscoveryLink
TAMBIS (Transparent Access to Multiple Bioinformatics

Information Sources) is a mediator-based and ontolodM’s DiscoveryLink [25, 26] is a wrapper-oriented
driven integration system [1, 38, 39]. Queries in TAMbioinformatic integration system. It serves as an interme-
BIS are formulated through a graphical interface whered@ry for applications that need to access data from sev-
user needs to browse through concepts defined in a glodyall biological sources. Applications typically connext t
schema and select the ones that are of interest for BiscoveryLink and submit a query in SQL on the global
particular query. The system first expresses the graptthema, not necessarily aware of the underlying sources.
cal query in GRAIL, a declarative source-independent deiscoveryLink is essentially an integration layer built on
scription logic. The source-independent GRAIL query the Garlic project technology. It serves as a middleware
then translated into a query internal form (QIF), whichetween the applications and a set of wrappers. The
is in turn translated into a source-dependent query exesatrce-specific wrappers must register their data source
tion plan in CPL. The choice of CPL was based first on its order for it to be integrated.

handling of complex data types well adapted to biological The Garlic technology is mainly a federated database
concepts, and second because CPL has a list of availajlery processor that communicates with source-specific
function libraries that are specific to bioinformatic sasc wrappers to determine the optimal plan for a given query
and that provide a function-based view of all the underlgnd executes the query over possibly several sources [24].
ing sources. Because TAMBIS needs external wrappeDs)e role for the wrappers is to translate the source data
it uses wrappers from the BioKleisli system to access thdels and describe the data available in the underlying



sources. The data model used by DiscoveryLink is the plex relationships between classes, thereby form-
object-relational model. Additionally the wrappers pro- ing a network structure between clagse¥he KB
vide source-specific information about query capabilities also keeps the data source schema which maps the
that will help the optimizer determine which parts of a  schema of individual sources to the domain ontol-
guery can be submitted to each source. ogy. One of the goals of this project is also to derive
Using the information provided by the wrappers, the extraction rules automatically and store them in the
guery processor breaks the query into portions that can be source wrappers.
handled by different sources. It is then up to the wrapper
to produce a plan that the underlying source is capables BjoNavigator (part of Biosift's Radia [6]) is a com-
of executing, and evaluate the execution cost of that plan. mercia”y available integration solution which lets
The overall cost of all plans is calculated by the Optimizer. users define their preferred execution path for a
Several factors are taken into account by the optimizer query. The aim is to allow users to reuse those paths
when computing the cost, such as the local execution cost |ater (similar to macros) for queries of the same type
on each source, network-related costs, selectivity ofipred  [5 17]. BioNavigator claims to be capable of in-
cates, and the cost of any remaining operations that cannot tegrating heterogeneous sources with a proprietary
be performed by the data sources and that would need to technology.
be performed by the DiscoveryLink engine.

After the wrappers have produced their plans and the, g (Genomics Unified Schema) [13, 22] is a sys-
optimizer decided on the best plan to adopt, the execu- o that follows the approach of data warehousing.
tion engine in will send out individual plans to be exe- Maintaining a warehouse allows users of GUS to fil-
cuted by the wrappers. The nature and complexity of the o1 he data and add annotations that a user may want

plan a wrapper has to execgrg may vary depending on the 4 associate to some retrieved data.
query as well as the capabilities of the source. Once the

wrappers have performed their plan, the processed data
flows from the data sources into the DiscoveryLink en- *
gine, which in turn performs any operations that could not
be handled by the sources and returns the data to the client
application.

Unlike TAMBIS, DiscoveryLink is not a user-end prod- . i ) o
uct. A user interface is required to operate on top of Dis-® Entréz [18] is a web-based link-driven federation in
coveryLink to elicit queries that are processed and sentto Which sources are interconnected so that any entry
the underlying sources; while in TAMBIS the emphasis is returned from_one of the integrated sources will also
on the source-independent ontology of bioinformatic con- have related links to the other sources.
cepts which enables end-users to formulate their queries
easily. Furthermore, TAMBIS and DiscoveryLink also e BioHavasu [4] is a project which is much closer to an
differ in that they do not equally address the optimization —aggregation system as it concentrates on integrating
of query execution plans in an integration context. In fact sources which may potentially all contain the desired
TAMBIS concentrates less on query optimization and pro-  information rather than complementary information.
cessing over multiple heterogeneous data sources, which The process of selecting between sources is based on
is precisely what DiscoveryLink tries to achieve through the approach used by the online bibliography medi-
the use of its wrappers. ator BibFinder [3], which mines and uses coverage

and overlap statistics of the data sources [37].

KIND (Knowledge-based Integration of Neuro-
science Data) [21, 31], attempts to combine the use
of formal ontologies and conceptual models with
source-specific wrappers.

55 Other existing systems e Eckman et al. [16] suggest using source capabilities

Several other existing bioinformatic integration systems and capability-based rewriting (CBR) to efficiently

or projects are described in this section. integrate biological data sources. Source capabilities
especially include input/output relationships which
e BACIIS (Biological and Chemical Information Inte- exactly describe how a source behaves. Their ap-

gration System) [33] is an end-user product which proach also consists in characterizing in the form of
was developed following a mediator-based approach metadata source properties such as access costs and
combined with extensive use of a knowledge base content information.

(KB). The KB contains a domain ontology which

serves as a global schema for the system and whichias gpposed to the more common subsumption relationship ontolo-
captures object classes, attributes, and multiple cogies which have a tree structure.




6 Discussion that most biologists or researchers value data even though
it may be only partially complete and/or potentially in-
6.1 Theideal system correct. Any data can indeed be relevant to a scientific

_ _ ) ) researcher. Thus we cannot wily nilly delete or ignore in-
The first discussion point that should be brought up aggmpiete datasources.

that should be addressed by all who plan to build a bioin-
formatic integration system relates to what the biologists . ) ) )
and other researchers actually want as a system. The @2 Discussion on integration approaches

mary use of such systems is to enable the scientists,to . .

. AS Section 4.1 pointed out, the warehouse approach can
acquire some knowledge from large amounts of data, tPovide two clear advantages. First, it simplifies quer
then formulate hypotheses from the knowledge acquired ges. ! P query

! . imization and processing by storing the data locally
and finally perhaps to validate these hypotheses. Tgﬁé::ording to a single global schema. Second, it enables

amount of work necessary without an integration SySteurgers to add their own annotations to some stored data and

's prohibitive, which is why the main goal of these sys: ecify some filtering conditions to clean the data as it is
tems should be to automate a maximum number of tasﬁg

Although nothing truly indicates which query interfac% ored locally. Although this would indeed be a defini-

e e improvement for the user of the system, it is still
users prefer (e.g through concept navigation, keyword- . . .
. ) unclear how this process could be achieved efficiently,
based, query-by-example, expressive declarative queries . .
X S 2 o and more specifically how the data could effectively be
link navigation, etc.), it is clear that it is up to the sys-_ o : g )
validated or modified without requiring costly and time-

tem to ensure that users will find what they were Iookiné:b . . . .
. S . : : .consuming human intervention, as well as extensive do-
for in a minimum amount of time and interactions. It is

also interesting to note that C. Goble (from the TamBIS 2N expertise. .The data retrieved and integrated in the
warehouse will indeed eventually have to be converted

project) admitted that TAMBIS did not actually provide o
. N . intq a warehouse-specific format. Furthermore, as men-
a purely "transparent” access to sources, as it appe

re - L ;
) . . oned earlier, data warehousing in general must still face
in their experiments that users usually wanted to haveaﬁ]I K ging

S . . & vast problem of handling updates in the data sources,
possibility of choosing which sources were accessed anﬁ.
which here would be an even greater challenge as the data

knowing what query plan was to be executed [7]. This . . i
contained in the warehouse may be modified and anno-
tends to show that the system must also be able to pfo- . :
i . . tated, and therefore always different from the data in the
vide enough flexibility to the user as well as display the . . . .
underlying sources. It is however interesting to note that

provenance of the data.

Furthermore. because of the span and dvnamic natdespite those negative aspects, authors in [23] have re-

urther » Decaus Ne spar ynam gé%tly suggested that a large curated warehouse was the
of biological data, it is also imperative that source re%'nly effective approach, given the pervasive data incon-
resentation and source capabilities be automatically '

tracted. As of today, most source descriptions are o%(s tency across sources.

! : Y, . P Although Section 4.2 explained the GAV and LAV ap-
tained through a manual analysis of the source schema or . : T X
) i X . roaches for mediator-based integration, it is intergstin
interface by both a domain expert and an integration €x- ; X . )

. L . 10 note that none are truly implemented in the biologi-
pert, which usually are two distinct people. Automatin

. : | integration systems mentioned in this survey. A rea-
the process will reduce the cost and time necessary to g%- N y y

. . n may simply be that biologists started working on bio-
velop full-scale integration systems that can keep up with_. o
. - X . ogical databases and repositories long before web-based
the pace at which biological data is generated.

In addition to the automated extraction of Source dd:’;\ta integration became a research field in Computer Sci-
rinti nll it is im rtj nt for nxint Ir tion ut m &nce. In fact, most systems used initially were either
Scriptions, 1t 1S Important for a cgration syste t\%arehouses or federated databases, which have survived

gighier; S%%f?hzt%t\ztr';ﬁ ;En%rt(ij:r:zilci)t rzf:wn de tgre}oqrume;zcﬁ)al d evolved since. Only relatively recently has the field
P y P _f ad to wrapper-oriented or navigational approaches.

the system even as the sources evolve (cf. [36, 3 The concept of navigational integration has in fact not
Among the essential statistics that should be learned are . . .
el established itself as a true alternative to the otheremo

the coverage of individual sources, the overlap betwegn . . .
E?mmon integration approaches. In fact, the authors in

sources, the average response time, query-dependent re- . . : S :

sponse time, and v%riouquuality statigtics);ucrﬁ) as fre 5] even doubt that link-driven integration is pertinent t

ness of the data and density of each résult loinformatic integration because it does not offer enough
y guerying functionality and secondly because it is not well

. _F|nally, one should noFe that the |ntegr§1t|on Of. Sclen apted to the extent of the data available and to the ever-
tific data must also take into account the interesting f% anging sources. However, one cannot overlook this

5densityrefers to the degree of completeness of each of the ansi¥P€ Of i_megration:_ as path-ba_sed_optimization of queries
records returned by a source (c.f. [35]). seems like a promising new direction.




Much like TAMBIS and K2, most of the currentlymaximum number of tasks is the ultimate goal systems
widely used integration systems only address the haghould aim at in order to integrate data at the same pace
zontal dimension of data integration. In integrating onlgs the field is moving. A discussion on current approaches
sources that have complementary data, an integration syas then presented. The lack of aggregation systems,
tem does not take into account the potential overlappimgpich integrate sources containing semantically similar
aspect of sources or the probable incompleteness of safata, also known as vertical integration, was pointed out.
sources. Restricting the integration process to sim@y restricting themselves to the integration of sources
combining data from sources that contain different typ#sat contain complementary data, or horizontal integra-
of information for the same semantic entity limits the cdion, current systems cannot compensate for the possible
pability of a system, especially in terms of reliability andbsence of data in a source, contradictory data, low re-
completeness. Moreover, it prevents one from optimizisgonse times and other important factors that would im-
the system to: prove query optimization and execution time.

o deal with absence of data or contradictory data,
¢ identify bad-quality data,

* Useresponse times to improve query execution,  ris work is supported by the ASU E¥-Initiative grant
e and select sources that have a higher chance ofé%R AB01. We wish to thank Louiga Raschid for her
turning better or more results. comments on the initial version of this survey. We also

A purely horizontal integration system cannot addre#nk all participants of the ET:initiative at Arizona
these issues of effectiveness and efficiency. In fact, agjate University as well as researchers at TGen who at-
gregation of information and sources is also necessdgpded discussions related to this work.

Considering the possibility of having several candidate

sources for the same mediator relgtlon woulq essenti eferences

allow a system to address these issues. DiscoveryLin
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although the overlap and coverage point of view of opti-  Sixth International Conference on Intelligent Systems for
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